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Time series forecasting is essential in many real-world applications, yet developing models that generalize
well to unseen and related domains—such as forecasting web traffic on new web sites/platforms or predicting
e-commerce demand in new regions—remains a big challenge. Prior work addressing this problem, known as
domain generalization, focuses on identifying common patterns but often overlooks the complex characteristics
of time series data and fails to use the available information from test samples of unseen domains.

We propose a novel approach, adaptive latent decomposition (ALD) for domain generalization in
time series forecasting, which consists of a decomposed variational autoencoder (VAE) and an adaptive
inference mechanism to improve predictive performance in unseen domains. The decomposed VAE involves a
learnable kernel-selection mechanism that learns latent variables of decomposed components of time series,
i.e., trend-cyclical and seasonal components. These latent variables capture hidden temporal dependencies in
time series data, allowing forecasting models to learn general patterns from various seen domains. The adaptive
inference mechanism bridges the gap between seen and unseen domains with a sample-wise optimization
strategy specifically designed for time series forecasting. ALD builds a latent variable-aware pre-trained model
and tailors it for each test sample, improving the generalization on unseen test domains. We validate ALD
across six real-world datasets, from online behavior to complex temporal systems, demonstrating its superior
generalization performance compared to state-of-the-art methods.
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1 Introduction

Time series forecasting is a critical task across various practical fields, including web traffic analysis
[9], e-commerce [7], financial markets [45], and energy usage [15]. It focuses on estimating future
movements based on past observations, making accurate forecasting vital for informed decision-
making and resource allocation. Effective forecasting can lead to significant benefits, such as
optimized web sites, improved supply chain management, enhanced user experiences, and better
public health responses [63].

A major challenge in time series forecasting is domain distribution shift [20, 25], which stems
from variations in data sources, platforms, or interaction contexts. This is critical in time-sensitive
applications such as allocating server resources for new web sites, forecasting demand for new
products, analyzing user behavior across demographics, or predicting disease spread in new regions.

Addressing Distribution Shifts. To address distribution shifts, there are two classes of methods,
domain adaptation (DA) [24, 54] and domain generalization (DG) [25, 79]. As illustrated in
Figure 1(a), DA requires target domain data during training, which is not always available in real
applications, e.g., in retail demand forecasting for a newly opened store with no historical records.
In contrast, we focus on DG, which (Figure 1(b)) does not assume available target data during
training. In time series forecasting, prior studies (i) primarily use feature alignment/matching [20,
21, 89] to capture common features for DG across different sources (i.e., distribution shifts over
data sources), (ii) develop time-sensitive networks [5, 59] or learn invariant representations across
inferred pseudo-environments [49] to achieve generalization over time domains (i.e., distribution
shifts over time) [25]. These methods often treat time series as a single undifferentiated sequence,
overlooking their underlying latent factors, which correspond to distinct components such as
seasonality, trend, and residual variations that compose a time series. In multi-domain time series,
these components often manifest as shared temporal patterns (e.g., common seasonality) and
domain-specific elements (e.g., a unique local trend), as shown in Figure 2. These patterns are
not easily apparent when data is noisy or the number of domains is large. Consequently, failing
to disentangle these factors hinders knowledge transfer between domains and ultimately limits
a model’s generalization capabilities. Moreover, a key challenge in DG is the distribution gap
between training and unseen test domains, which makes existing methods unreliable when applied
to new scenarios, especially in time series forecasting, where dynamic patterns in samples further
complicate generalization.

Research Question. Based on the above challenges, this work seeks to answer the following main
research question: How can a time series forecasting model leverage latent temporal factors and
test-time information to generalize to unseen domains?

Research Objectives. To answer this research question, this work pursues two primary objectives.
First, we aim to enhance a model’s generalization to unseen domains by exploring the potential of
latent variables that correspond to distinct temporal patterns. Second, to bridge the distribution gap
between training and unseen test domains, we seek to integrate information from test samples into
the trained model, enabling an adaptive inference capability for unseen scenarios. To achieve our
goals, we need to address several challenges: (i) Temporal dependencies are inherently complicated
to quantify and explicitly model (i.e., how previous timesteps affect future ones). This difficulty
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Fig. 1. Learning frameworks for addressing domain shifts in time series forecasting. (a) DA uses both training
(source) and limited test (target) domain data (i.e., both input and output sequences) during training. (b)
DG requires no access to target domain samples during training while lacking test domain information for
predictions. (c) Our test-time adaptive inference performs optimization on each target-free test sample (i.e.,
using only the input sequences) during inference, improving generalization by leveraging test-time informa-
tion. Red boxes indicate data used for adaptation. © denotes model parameters. DA, domain adaptation; DG,
domain generalization.
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Fig. 2. Motivating examples showing multi-domain time series where decomposition reveals either similar or
distinct components (trend vs. seasonality), each associated with different underlying probability distributions.

arises from information loss caused by windowing processes and, more importantly, the complex
nature of underlying time series components like trends and seasonality. (ii) Acquiring knowledge
from test domains to enhance generalization is hindered by the lack of ground truth data from
unseen domain samples, making it difficult to effectively adjust a pre-trained model. This challenge
is further compounded when test samples exhibit diverse characteristics.

Proposed Framework. To address the challenges listed above, we propose adaptive latent de-
composition (ALD), a framework for DG in time series forecasting. ALD models decomposed
temporal dependencies in latent spaces to enhance generalization and further improve forecast-
ing precision on unseen domains with a test-time adaptive inference mechanism. To do so, ALD
introduces a decomposed variational autoencoder (VAE) that estimates latent representations
from the decomposed components of the input time series (i.e., trend-cyclical and seasonal). The
latent representations are trained to capture different aspects of underlying temporal dependencies,
modeling key and general knowledge of the input time series dynamics from training domains to
improve generalization for forecasting. Based on the decomposed VAE, we propose a sample-specific
adaptive inference strategy at test time, which performs a single-step test-time optimization with a
self-synthetic sample constructed using only the single test input sequence as shown in Figure 1(c).
The strategy yields tailored model parameters of each test sample, effectively narrowing the domain
gaps between the source-trained model and the unseen test data. The approach incorporates test
domain information without requiring resource- or compute-intensive adaptation and re-training,
ensuring both effectiveness and efficiency.

Contributions. In summary, we make the following key contributions:
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—We propose ALD, a framework for DG in time series forecasting that captures decomposed
temporal information and enables adaptive inference on unseen data.

—We introduce an ALD framework with a learnable kernel-selection mechanism that learns
latent variables modeling key components of time series data. The latent variables capture the
essential underlying data dynamics, improving forecasting performance on unseen domains.

—We develop an efficient test-time adaptive inference strategy that performs sample-specific
optimization with a self-synthetic sample generation method, which tailors model parameters
for each test sample, yielding adaptive and robust forecasting.

We conduct extensive experiments on six real-world datasets from diverse application domains.
The results show that our proposed method outperforms other baselines, achieving state-of-the-art
performance in DG for time series forecasting.

2 Related Work
2.1 Time Series Forecasting

Over the past few decades, many efforts have been made to develop time series forecasting models.
Classical approaches, like seasonal naive (SN), autoregressive (AR) [75], ARIMA [10], and
exponential smoothing [28], mainly model linear patterns in time series data. To capture non-linear
dependencies, machine learning approaches such as regression [75] and tree-based models [40]
have been explored. In recent years, deep learning methods have gained significant attention for
their ability to capture more complex patterns, including recurrent neural networks (RNN’s)
[17, 35], temporal convolutional networks [6, 61], attention-based models [4, 60, 77], transformer-
based models such as Transformer [47], Informer [93], Autoformer [83], Fedformer [95], and latent
representation based model LaST [81] for time series forecasting. A body of work addresses non-
stationary time series forecasting by handling temporal distribution shifts, such as RevIN [42],
DishTS [23], and FAN [86]. Nowadays, the success of large language models (LLMs) [65, 91]
has boosted time-series forecasting models based on pre-trained LLMs, leading to state-of-the-art
models like GPT4TS [96], TimeLLM [38], and UniTime [53]. Different perspectives have been
published about the actual effectiveness of LLMs in time series tasks [74]. Recently, large-scale time
series foundation models with LLM backbones, such as MOIRAI [82], Chronos [2], and TimesFM
[19], have demonstrated strong performance across diverse tasks. This work explores lightweight
models for DG of time series forecasting.

2.2 Out-of-Distribution (OOD) Generalization in Time Series

OOD generalization, which addresses distribution shifts between training and test domains, has
been studied extensively in static computer vision tasks [50, 79]. Recently, OOD generalization has
gained increasing attention in time series applications [25, 39, 52]. Such efforts can be categorized
into three areas.

DA focuses on transferring knowledge learned from source domains to different but related
target domains, often assuming limited or unlabeled target domain data are available during training.
DA can be categorized into supervised [57] and unsupervised [54] methods, depending on whether
labels of target domain data are used. In the context of time series, prior work has mainly focused on
techniques such as adversarial training [64], pattern alignment [13, 33, 52, 84], and self-supervision
methods [39]. These methods heavily rely on target domain data during the training phase. Our
work addresses DG.

DG aims to develop models that perform well on unseen domains without access to data from
those domains during training. DG in time series can be divided into generalization across time
domains or source domains, depending on whether the shifts occur over time or across data sources.
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In time DG, research has explored time-sensitive networks [5, 14] and gradient-based methods [59]
to adapt evolving behaviors. Other approaches identify domains with different distributions and
learn common patterns using distribution matching [21], adversarial learning [56], or invariant
learning [49]. For source DG, most studies focus on classification tasks, leveraging label information
through distribution matching [89], data augmentation [89], and contrastive learning [36, 66]. A
recent study proposed Cedar [20], which addresses DG in time series forecasting using domain
discrepancy regularization with domain difficulty. In a more general setting than the time series
domain, Shi et al. [70] proposed IDGM, which aligns gradients across domains to achieve DG.
Invariant learning approaches are also widely used for DG. For example, GroupDRO [68] is a robust
optimization method that minimizes the worst-case group loss, and DANN [26] is an adversarial
domain alignment framework that learns domain-invariant representations. In contrast, we focus on
the time series forecasting task by learning latent variables of decomposed time series components
and developing an effective test-time adaptive inference strategy to enhance the generalization
abilities of forecasting models in new domains.

Test-time adaptation (TTA) achieves adaptation on target data during inference, with a training
stage identical to DG, and can be an effective tool for DG [22]. Unlike traditional DA, which requires
access to target-domain data (both input and output sequences) during training, TTA adapts the
model at test time using only test input sequences of unseen domains. TTA has recently emerged
as a novel learning paradigm [48, 85], offering the advantage of computational efficiency. Existing
methods can be categorized based on the aspect of adaptation they target, including model [67, 72,
73, 78], inference [90], normalization [30], sample [27], and prompt [1] adaptations. Most studies
focus on applications in classification tasks in computer vision [27, 73, 78], but there has also been
notable work in reinforcement learning [51] and natural language processing [8]. Recent works
explore TTA in time series forecasting with partially observed ground truth at test time [41] or
introducing specialized layers during training [16], which are not suitable for our DG setting. Our
approach is a fully TTA strategy that relies solely on self-synthesized samples and does not impact
the training process.

3 Problem Formulation

This study focuses on DG in univariate time series forecasting [20, 25]. We provide a detailed
introduction as follows. Our key mathematical notation is listed in Table 1.

Time Series Forecasting. A univariate time series dataset D = {(Xj, Yl-)}fi , consists of N samples.
X; = (x;,a;) represents the input features, including the observed historical time series x; € RITX1
and possible external factors a; € RT*% (e.g., time-related features with dimension d,). T is the
length of the historical window. The output Y; can be written as y; € R"¥! representing the future
values to be predicted, where h > 1 is the forecasting horizon. For simplicity, we omit subscripts in
the following discussion. In this work, we focus on probabilistic forecasting [2, 20, 69, 82], which
estimates the probability distribution of future time series given the input features P(Y|X;©).
Here, © = (p, o) represents the location and scale parameters of a Normal distribution. It captures
uncertainty and provides more insight into predicting real data.

DG. Let D = {D',D?,..., DX} represent the set of K domains, where the jth domain consists of
a time series dataset D/. We have access to M training domains Dyyain = {D’ }?/i | Where M < K. The
goal is to learn a time series forecaster that performs well to unseen test domains Dyest = {DJ }§.<: Ml

Distribution Shifts. We focus on covariate shifts [88]. Covariate shifts occur when marginal
probability distributions of X differ across training and test domains, Pirain (X) # Prest(X), while
conditional probability distributions generally remain constant across domains, Pain(Y|X) =
P test ( Y |X ) .
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Table 1. Key Notations

Notation  Description

T, h Historical and forecasting window sizes
N,K,.M Number of samples, total domains, and training domains
€] Learnable model parameters

x; € RT™*1 Input historical time series

a; € RT*4«  Exogenous attributes (d,: dimension)
yi € R Output time series

Drrains Drest  Training and test domains

Ny Number of candidate kernels for decomposition

Xs, X Seasonal and trend-cyclical components

Xs, Xy Reconstructed components from decomposed VAE

Zs, Zt, Z Latents of seasonal, trend-cyclical, and their combination
Do, Do, Parameters of seasonal/trend VAE decoders

Q¢s> 94, Parameters of seasonal/trend VAE encoders

Data Assumptions. We consider the common underlying patterns assumption [20], which posits
that the existence of shared patterns across domains supports the relevance of generalization tasks.
This is natural, and we experiment with domains pertinent to specific fields, such as the various
country domains of a web site.!

4 Methodology

We propose a novel approach for DG in time series forecasting, named ALD, illustrated in Figure 3.
The key novelty of ALD lies in its “adaptive” design, which enables automatic kernel selection
for series decomposition and facilitates the learning of latent decomposed representations across
domains, as well as in its TTA strategy, which further dynamically adjusts the model to unseen
scenarios during inference. Our approach consists of two key parts that work complementarily: a
decomposed VAE and test-time adaptive inference.

—The decomposed VAE adaptively separates each input series into trend-cyclical and seasonal
components through an automatic kernel selection mechanism and encodes them via a VAE
trained across multiple source domains. This process captures latent factors that are general
and shared across domains while filtering out domain-specific noise, thereby improving
generalization to unseen domains.

—The test-time adaptive inference further refines the model for each test sample using self-
synthetic sample generation and adaptation. This helps the latent representations to align
with the target distribution without requiring additional labeled data, mitigating distribution
shifts at inference time.

Together, they ensure that the forecaster leverages stable, transferable latent representations while
remaining flexible to domain-specific variations, leading to robust forecasting performance on
unseen domains. Below, we illustrate each part of our approach in detail.

1We do not emphasize the no abrupt distribution shifts assumption in prior work [20] as it is difficult to quantify in real-world
cases. We alleviate this effect using a reversible instance norm [42] and also ensure the recency of training domains’ data.
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Fig. 3. The proposed framework, ALD, consists of two parts: (a) Decomposed VAE, which learns decomposed
latent variables that capture general underlying temporal dependencies of different aspects of the data,
assisting the forecasting decoder in improving generalization to new domains; and (b) Test-time adaptive
inference, which uses target-free test samples to optimize the pre-trained model during inference.

4.1 Decomposed VAE

To achieve DG, prior work has focused on capturing common patterns across domains through
temporal feature distribution alignment [20, 21, 89] or learning evolving model parameters [5, 14] to
dynamically model unseen domain patterns over time. However, relying solely on domain-shared
features can lead to over-generalization [94], reducing forecasting accuracy for time series, and
parameter generation methods result in over-parameterization, increasing model complexity and
thus hindering generalization ability. To address these limitations, we propose a decomposed VAE
that captures the underlying factors of complex time series data and uses this information to
enhance generalization in unseen domains. The decomposed VAE is a VAE framework built upon a
time series decomposition component.

4.1.1 Adaptive Series Decomposition. Time series decomposition is a powerful technique for
disentangling components like trend, seasonality, and noise [32]. However, existing methods [18,
32, 83, 95] typically rely on static parameters (e.g., fixed kernel size), which are ill-suited for datasets
where seasonal patterns may vary across domains (see Figure 2(b)). We address this limitation with
a novel, adaptive series decomposition block that formulates kernel selection as a differentiable,
learnable process conditioned on the input, enabling adaptation to domain-specific temporal
structures. By modifying the decomposition from Autoformer [83], our method dynamically selects
the optimal moving average kernel size for a given input series x, thereby decoupling it into its
trend-cyclical x; and seasonal x; components.

While classical adaptive moving averages (AMAs) (e.g., Kaufman’s AMA) exist, they rely on
non-differentiable heuristic rules (based on volatility or trend) to adjust the smoothing factor. This
makes them incompatible with end-to-end deep learning optimization. Crucially, these methods
only adjust the smoothing factor but fail to select the optimal temporal kernel size needed for
complex seasonal patterns. Our approach is novel and overcomes these limitations by making the
kernel selection a differentiable learning process.

Our method first employs a prediction network, fi(-) to generate logits for a set of Ni candidate
kernels K = {ky, ks, ..., kn,} by learning the input sequence, ie, 1 = [l;,L,...,In] = fr(x).

To ensure a smooth, differentiable training signal for the prediction network, we convert these
1;
et
Sk eli
represents the model’s learned importance weight for kernel k;. The trend-cyclical component is

logits into a probability distribution w using a softmax function, where each weight w; =
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computed as a weighted sum of the moving average outputs from all candidate kernels:

Nk
X, = Z wi - MA(k; x). (1)
i=1

Here, MA(k;, ) denotes a moving average operation with kernel size k; and appropriate padding to
preserve the sequence length. The seasonal component is then obtained as the residual:

Xs = X — X;. )

This adaptive series decomposition separates the time series into trend-cyclical x; and seasonal x;
components, while dynamically adapting to varying seasonalities, thereby enhancing the model’s
DG capabilities.

4.1.2 VAE. We model each decomposed component, i.e., trend-cyclical and seasonal, inde-
pendently using a VAE to obtain latent variables z; and z,, which capture key information of
trend-cyclical and seasonal patterns, respectively. The VAE follows an encoder—decoder structure,
as detailed below.

Encoder. Two encoders learn to approximate the posterior distributions gy, (z:|%;), g¢, (zs|xs) of
the latent variables z;, z; given the decomposed trend-cyclical and seasonal components x;, X;:

zr ~ q¢, (z¢|x), and z; ~ gy (2s[xs). 3)

Decoder. Two decoders reconstruct the trend-cyclical and seasonal components, respectively,
using latent variables and the domain identifier. The domain identifier embeds domain-aware
information during VAE training to enhance accurate sequence reconstruction and thus to help
effective latent variable learning:

% = po, (X¢|z¢, DomID) and %, = pg, (x5|zs, DomID), (4)

where X = X; + X; is the final reconstructed sequence. DomID is the identifier of a training domain,
implemented as a one-hot encoded binary vector. This design allows domain-agnostic testing, as
only the encoder is required to generate the latent variables.

4.1.3  Objective Function. We train the decomposed VAE by minimizing the negative evidence
lower bound for both trend-cyclical and seasonal components. The total objective combines the
reconstruction loss between the original input x and its reconstructed estimate X, together with
the Kullback-Leibler (KL) divergence regularization for the latent posteriors:

Liatent = Bx[lI% = xII’] + B (KL (qg, (z:1x:) | p(20)) + KL (gg, (z1%5) [l p(25))) )

where p(z,), p(z;s) are Gaussian distributions N (0, I) and I is the identity matrix.” We introduce a
weighting hyperparameter f, to regulate the capacity of the latent space in our model [34]. Larger
values of f (e.g., f > 1) restrict the capacity of the latent vector, encouraging each dimension of
the latent vector to capture distinct, conditionally independent factors from the input sequence.
By reconstructing x through latent variables z, and z; with VAEs, the encoders are trained to
capture general temporal information of the decomposed patterns across domains for new domain
prediction. Our VAE model differs from LaST [81] in that LaST learns to separate seasonal-trend
latent representations in a standard single-domain setting and does not aim to learn representations
that generalize across domains.

2We analyze and demonstrate that an identical prior distribution does not lead to similar learned latent variables for the
two components (Section 5.4.2).
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Algorithm 1: Test-Time Adaptive Inference

Input: Test domain data Diest and pre-trained model ©.
1 for each Xiest = (Xiest, atest) in Diest do

2 > Generate a self-synthetic sample.
’ ’ ’

3 (Xtest’ atest’ Ytest) — Augment(xtest, atest)

4 > Perform optimization.

5 Lito(Xtest) = — log pe (y;est | Xéest’ aéest)
6 @Xtest =0-Vg (Ltto (X‘[eSt))
7 > Perform inference.

test _
8 yrest = PeXest (Ytest | Xtest, Atest)

Output: All predictions on test domain samples.

4.14  Forecasting Decoder. We incorporate the learned decomposed latent variables into a flexible
forecasting decoder (i.e., the backbone) to enhance its generalization in time series forecasting. We
first construct a gated latent representation by linearly combining the trend-cyclical and seasonal
components:

z=o0(a) z:+ (1-0(a)) -z, (6)

where «a is a learned gating scalar constrained to the range (0, 1) with the Sigmoid function o.
While we use a scalar gate, more flexible options, such as dimension-wise or input-dependent
gating, could also be applied. The fused latent vector z is then concatenated with the original input
x and passed through a linear transformation with residual connection:

X =x+ [z]x] Wy + by, (7)

where W, € R(@=+T)xT b e RT are learnable parameters and || denotes concatenation. We com-
pute a for potential external features using the same method as in Equation (7). The enhanced inputs
X, a are fed into a time series forecasting model for downstream calculations. In the probabilistic
forecasting setting, we optimize the forecasting decoder by minimizing the negative log-likelihood:

Lt = —Exy [logpe (y [ %,3)]. (®)

4.1.5 Training. We propose a two-stage training approach to effectively learn latent variables,
enabling the forecasting decoder to fully use them for optimizing the forecasting objective.

Stage 1: Learning Decomposed Latent Variables. We minimize Ljaen: (Equation (5)), ensuring the
latent spaces capture meaningful information through training the decomposed VAE framework.

Stage 2: Forecasting Optimization with Latent Integration. We minimize the forecasting loss L.
(Equation (8)). Decomposed VAE encoders are fine-tuned for the forecasting task. The transformation
of latent vectors is jointly trained (Equation (7)) to enable the forecasting model to fully use latent
information, thereby enhancing forecasting accuracy.

4.2 Test-Time Adaptive Inference (TTA)

Adaptive Inference through Test-Time Optimization. Our decomposed VAE models general temporal
dependencies at both trend and seasonal levels, enhancing robust predictions across diverse domains.
Nevertheless, domain shifts still introduce adaptation gaps between the trained model and the data
in the test domain [22]. To bridge this gap, we introduce an adaptive inference mechanism that
performs a single gradient update on each individual test sample before inference. This updates the
model parameters to better align with the test sample, reducing the domain gap and yielding more
robust predictions.
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Specifically, the pre-trained model parameters © are updated for each test sample Xiest =
(xtest, atest) to create sample—speciﬁc parameters ©Fest;

@Xtest =0 — f]ﬁaV@ (Ltto (Xtest))s (9)

where Ly, represents the objective function for test-time optimization. ny, is the test-time adapta-
tion learning rate.

By updating the model parameters for each test sample, the model parameters become adaptive
and tailored to the test sample, such as aligning the seasonality and means. This reduces the domain
gaps between model parameters and the test sample, yielding more robust predictions in unseen
scenarios. The entire process is performed on a per-sample basis, fully adhering to the DG setting
of not using external target data. The single optimization step also ensures minimal computational
overhead.

Self-Synthetic Test-Time Optimization. As the target sequences of test samples are unavailable
at inference, the optimization in Equation (9) requires an unsupervised objective function Ly.
We address this by proposing a novel and flexible self-supervision strategy where a test sample is
augmented to generate a pseudo-target for optimization. Our approach operates fully in the DG
setting and differs from existing studies that rely on delayed or partially observed test targets [41].

Self-Synthetic Sample Generation. The augmentation process is simple yet effective. The main
strategy (illustrated in Figure 3(b)) is to prepend a segment of length h from the beginning of the
input sequence X to create an augmented sequence xf;% € RT*MX1 We add Gaussian noise to
the prepended segment to provide a regularizing signal. We avoided more complex time series
augmentations to prevent distortion of trend and seasonal patterns and leave further exploration to
future work. This augmented sequence naturally yields the pseudo-input and pseudo-target for our
self-supervised task. Specifically, the last h steps of xi:sgt serve as the pseudo-target y/.., € R,
while the preceding portion is treated as the pseudo-input x|, € RT*!. Alternatively, simpler
methods, such as zero-padding or mean-padding, can be used.® For any additional features, we ob-
tain ay,, by repeating categorical features or extending temporal features by inferring the previous
time features based on the sequence rules (e.g., by day or hour).

Objective Function in TTA. The objective function for test-time optimization is defined as:

Ltto (Xtest) == log P@ (y;est | X;est’ aiest)' (10)

Our self-synthetic test-time optimization strategy fully uses the information available in each test
sample, facilitating target-free optimization during inference. Moreover, the sample-wise synthetic
optimization closely aligns with the actual prediction procedure in time series forecasting, such
as streaming inference. The test-time optimized parameters are applied directly during predic-
tion, ensuring consistency and more robust forecasting on test domains. Importantly, while our
method prepends a past segment (similar to standard padding), its key contribution is using this
synthetic input for sample-wise gradient-based adaptation, allowing the model to adjust latent
representations for each test sample. The procedures are summarized in Algorithm 1.

5 Experiments
5.1 Experimental Setup

5.1.1 Datasets. We evaluate the time series DG task in six real-world datasets from diverse
fields: Web-traffic, Stock-volume, Favorita-cat, Favorita-store, Power-cons, and Exchange [46]. We
use the provided data and code to load and process the data for Stock-volume, Favorita-cat, and

3We did not apply techniques to ensure continuity between the prepended segment and Xies. In practice, this does not
noticeably affect adaptation loss or performance. Exploration of boundary-smoothing techniques is left for future work.
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Table 2. Summary of Real-World Datasets Used in This Article

Dataset Domains #Time Granularity (T,h) |a] ADF DTW
Web-traffic 9 projects 803 Day (90,30) 4 -213 218
Stock-volume 12 stocks 516 Day (60,14) 2 -3.44 130
Favorita-store 45 stores 306 Day (60,14) 2 —4.10 99
Favorita-cat 26 categories 306 Day (60,14) 2 —6.86 53
Power-cons 3 zones 244 Hour (120,24) 4 —4.82 1,073
Exchange 8 countries 7,587 Day (120,30) 4 —-1.96 1,528

Favorita-store, which were introduced by prior work [20]. We provide a detailed description of the
data processing for the newly introduced dataset below.

— Web-traffic contains daily traffic of different Wikipedia projects (e.g., en.wikipedia.org and
fr.wikipedia.org).* We use data from 1 July 2015 to 15 April 2016 for training, 15 April 2016 to 1
July 2016 for validation, and the remainder until 10 September 2017 for testing. Missing values
are filled with 0, and a simple pre-processing step scales the data by dividing all values by 1e7.

— Power-cons contains hourly power consumption data from three different distribution net-
works in Tetouan City, located in northern Morocco.” The training data span from 1 May 2017
to 1 August 2017, the validation data extend until 30 September 2017, and the remaining data
up to 30 December 2017 are used for testing. No missing values were observed. We scale the
values by dividing all data points by 1le4.

— Exchange [46] contains daily exchange rates for eight countries: Australia, Britain, Canada,
Switzerland, China, Japan, New Zealand, and Singapore, spanning 1990-2016. We use data
from 1 January 1990 to 31 December 2001 for training, extend the validation set until 31 De-
cember 2003, and assign the remaining data until 10 October 2010 as the test set. No missing
values were reported, and no additional data processing was applied.

A dataset summary is provided in Table 2, where #Time denotes the total number of timestamps,
(T, h) denotes the historical window T and the predicted sequence length h. |a| is the dimension of
external features. To better quantify the challenges for DG, we include two additional attributes:
stationarity and domain similarity. We quantify stationarity using the augmented Dickey-Fuller
(ADF) test [55, 58], regardless of domain labels, where lower ADF values indicate higher stationarity.
Domain similarity is quantified using dynamic time warping (DTW) [11] for all domain pairs,
where lower DTW values denote higher similarity across domains. Accordingly, we consider
datasets with both higher ADF and DTW values, such as Exchange, to be more challenging for DG.

Overall, these datasets cover a diverse set of domains (from 3 to 45), each with distinct temporal
characteristics. They exhibit cross-domain variability, including differences in seasonality, trends,
and dynamics, as reflected by the ADF and DTW statistics, making them well-suited for evaluating
DG.

5.1.2  Evaluation Metrics. We use standard evaluation metrics to assess probabilistic forecasting
performance, including both range and point accuracy [20, 69, 71].
For range accuracy, we use the normalized quantile loss including Q(0.5) and Q(mean) [20, 69]:

B ZtT:Th+1 2|(Yt - Y?) : UY,sY? - q)i
Q(q) - T+h >

t=T+1 |Yt|

*https://www.kaggle.com/competitions/web-traffic-time-series-forecasting/data.
Shttps://archive.ics.uci.edu/dataset/849/power+consumption+of+tetouan+city.
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where Y? € RN* is the prediction for quantile ¢. 1 is the indicator function. We use results
when g = 0.5, denoted as Q(0.5), and the mean quantile performance across nine quantiles g =
{0.1,0.2,...,0.9}, to which we refer as Q(mean).

For point accuracy, we report the normalized root mean squared error (NRMSE) and sym-
metric mean absolute percentage error (sMAPE) [3]:

~ T+h $
1 Ith 2|Yt - Ytl \/% [:+T+1(Yt - Yt)z
SMAPE = — —————, NRMSE=——1n
h +=T+1 |Yt| + |Yt| +e€ T Lar=T+1 |Yt| te€

where Y, Y € RN*" are the matrices of the actual and predicted forecasting sequences for N samples,
and t is the forecasting step. The prediction Y is obtained as the median forecast, i.e., the prediction
at quantile g = 0.5, from the probabilistic output. € = 10~° prevents possible division by zero.

All evaluation scores are computed and averaged on all training/test domains, with lower scores
indicating better performance.

5.1.3 Comparison Methods. We introduce all methods compared in our main experiments.

Backbones. Our proposed ALD is a model-agnostic framework. We select three different types of
time series forecasting models as the backbone (i.e., the forecasting decoder). In this work, we focus
on probabilistic forecasting and evaluate all backbones under a probabilistic forecasting setting.
Following prior work [20, 71] and prioritizing both efficiency and performance in probabilistic
forecasting, we use the RNN-based DeepAR [69], CNN-based WaveNet [61], and Multilayer
Perceptron (MLP)-based DLinear [87].

Baselines. We comprehensively compare our method ALD with the following model-agnostic dis-
tribution shift methods applicable in time series forecasting:

— Invariant Learning Approaches. GroupDRO [68], a robust optimization method that minimizes
worst-case group loss. DANN [26], an adversarial domain alignment framework.

— Gradient-Based DG Method. IDGM [70], which aligns gradients across domains to improve
generalization.

— Cross-Domain Regularization. Cedar [20], a difficulty-aware cross-domain regularization
method for DG in time series forecasting.

— Temporal Distribution Shift Methods. RevIN [42], a reversible instance normalization for re-
ducing distribution shift. DishTS [23], an input- and output-space distribution disentangled
normalization for handling non-stationarities. FAN [86], a frequency-domain adaptive nor-
malization for non-stationary time series forecasting.®

We additionally include the following time series forecasting models as baselines:

— Traditional Model. SN that repeats the value from the same season in the last period.

— Long-Term Forecasting Model. Autoformer [83] that uses auto-correlation to capture periodic
patterns and decomposition to model trend and seasonality.

— VAE-Based Decomposition Model. LaST [81] that learns to separate seasonal-trend latent factors
via mutual information-regularized VAE.

— LLM-Based Time Series Models. GPT4TS [96] that fine-tunes later layers of GPT-2 on time
series; TimeLLM [38] that uses frozen LLM with trainable prompts and “reprograms” time

®We do not apply Cedar and DANN to DLinear because its single-layer linear architecture lacks intermediate hidden features
required for domain alignment and classification.
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series for forecasting; and UniTime [53] that unifies multiple time series tasks with a shared
temporal representation.7

— Pre-Trained Time Series Foundation Models. MOIRAI [82], a masked encoder-based universal
time series forecasting transformer using patch-based tokenization, trained on a large-scale
open time series archive. Chronos [2], a pre-trained probabilistic time series models that
tokenizes time series values using scaling and quantization into a fixed vocabulary.®

5.1.4 Implementation Details. We implemented all models using Pytorch [62] 2.4.0 with CUDA
12.1 on NVIDIA TITAN Xp and RTX A6000. We use a simple data normalization block, reversible
instance norm, to ensure stable training across domains with varying scales [42]. We use Glorot
initialization [29] to initialize parameters and the Adam [43] optimizer. Batch size is 64, and dropout
rate is 0.3. Except for LLM-based time series models, which are inherently for point forecasting, we
perform probabilistic forecasting, where the output layers predict the location and scale parameters
of a Normal distribution.

Structure of Decomposed VAEs. We used a simple 1D convolutional layer with average pooling as
the kernel prediction network fi () for the adaptive series decomposition. For VAE components,
we employ an MLP layer followed by two linear readouts to estimate the mean and covariance of
the latent distribution. Our experiments show that the MLP is more effective than an RNN-based
structure [92]. We employ a decoder network that consists of a single linear layer.

Hyperparameter Settings. To balance efficiency and performance, we set the number of hidden
layers for DeepAR and the kernel size for WaveNet according to established guidelines [71].
The hidden size is the same for all hidden layers. We perform a random search with 40 trials,
tuning the learning rate from {0.0001, 0.0005,0.001}, the dimension of hidden states from the
set {32, 64}, the value of f from {1,5,10}. The moving average kernel candidates for adaptive
series decomposition are {5,9, 13, 17}, chosen to capture patterns at multiple temporal scales while
maintaining computational efficiency. The same search strategy also applies to other baselines. For
GPTA4TS, we search the number of layers of GPT2-backbone from {3, 6}. For TimeLLM, we use
LLaMA-7B as the LLM backbone. For time series foundation models, we utilize the pre-trained
models, Chronos-T5-mini and MOIRAI-base.

The TTA learning rate ny, is generally set to 0.1X the optimal training learning rate determined
during hyperparameter tuning. A lower rate of 0.01x was used for the Favorita-cat and Favorita-
store datasets, given their high domain similarity. As shown in the dataset summary (Table 2), these
datasets have the lowest DTW values, indicating relatively small differences between domains,
including between training and test domains. This observation can serve as a practical guideline
for selecting TTA learning rates in future studies on datasets with similar characteristics. We
avoid tuning the adaptation learning rate on the validation set, because it already serves for
hyperparameter selection, which can lead to overfitting and overly small adaptation learning rates.

Model Selection. We strictly follow the standard DG settings from the benchmark paper by
Gagnon-Audet et al. [25], where training and test domains are explicitly disjoint. To ensure robust-
ness, we randomly shuffle training/test domain splits with a ratio of 8:2 and report average results,
similar to a cross-validation strategy over domains [20]. To select the best-trained model for DG
tasks, we use the training-domain validation method [25, 31].

7LLM-based models (GPT4TS, TimeLLM, and UniTime) are inherently for point forecasting, we use MSE as the forecasting
loss and only report their point accuracy results.

8We test foundation models without fine-tuning, as we believe it is unnecessary and could risk overfitting given moderate
sizes of our datasets. We omit TimesFM [19] from comparisons since we are unable to set up the required environments.
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Table 3. Forecasting Performance in Q(0.5) and Q(Mean) on Six Real-World Datasets

Web-traffic Stock-volume Favorita-store Favorita-cat Power-cons Exchange

0Q(0.5) Q(mean) Q(0.5) Q(mean) Q(0.5) Q(mean) Q(0.5) Q(mean) Q(0.5) Q(mean) Q(0.5) Q(mean)
SN 0.1420 0.1420 0.2568 0.2568 0.0211 0.0211 0.1107 0.1107 0.4815 0.4815 0.0193 0.0193
Autoformer 0.1950 0.1579 0.2963 0.2257 0.1548 0.2443 0.3396 0.2988 0.3245 0.2428 0.0509 0.0429
LaST n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a
GPT4TS n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a
TimeLLM n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a
UniTime n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a
MOIRAT* 0.7098 0.6532 0.2248 0.1847 0.0331 0.0264 0.1481 0.1216 0.3613 0.2868 0.3724 0.3710
Chronos® 0.1028 0.0813 0.1967 0.1599 0.0265 0.0206 0.1179 0.0922 0.0718 0.0600 0.0157 0.0125
DeepAR 0.1821 0.1374 0.2251 0.1763 0.0198 0.0160 0.0927 0.0750 0.3142 0.2276 0.0754 0.0699
+ DANN 0.2393 0.1885 0.2546 0.1982 0.0200 0.0162 0.1023 0.0854 0.1286 0.1041 0.0945 0.0837
+ GroupDRO  0.1937 0.1516 0.2482 0.1931 0.0196 0.0156 0.0950 0.0784 0.1343 0.1074 0.0754 0.0699
+ IDGM 0.1665 0.1323 0.2551 0.2043 0.0214 0.0174 0.0966 0.0797 0.2277 0.1861 0.0342 0.0270
+ Cedar 0.1821 0.1374  0.2089 0.1657  0.0196 0.0158 0.0918 0.0748 0.3142 0.2274 0.0695 0.0638
+ RevIN 0.1717 0.1348 0.2405 0.1899 0.0204 0.0162  0.0814 0.0722 0.1275 0.1029 0.0211 0.0174
+ DishTS 0.1505 0.1184 0.2270 0.1801 0.0200 0.0156 0.0872  0.0720  0.1290 0.0995 0.1446 0.0205
+ FAN 0.1399 0.1115 0.2183 0.1765 0.0321 0.1010 0.1093 0.1304 0.2103 0.1764 0.0321 0.1010
+ ALD 0.1285 0.1040  0.2352 0.1878  0.0158 0.0154  0.0833 0.0822  0.0963 0.0764 0.0162 0.0131
WaveNet 0.1388 0.1140 0.2870 0.2239 0.0165 0.0132 0.0874  0.0728  0.2757 0.2237 0.0226 0.0182
+ DANN 0.1974 0.1508 0.2481 0.1907 0.0193 0.0153 0.0941 0.0773 0.1594 0.1268 0.0266 0.0214
+ GroupDRO  0.1683 0.1337 0.2384 0.1869 0.0169 0.0134 0.0895 0.0749 0.2047 0.1614 0.0224 0.0182
+IDGM 0.1886 0.1514 0.2447 0.1903 0.0208 0.0166 0.0940 0.0774 0.2911 0.2523 0.0231 0.0199
+ Cedar 0.3340 0.2743 0.2373 0.1833 0.0160 0.0129 0.0875 0.0740 0.2946 0.2232 0.0234 0.0194
+ RevIN 0.1600 0.1263 0.2397 0.1884 0.0153 0.0125  0.0848 0.0780 0.1236 0.1091 0.0215 0.0182
+ DishTS 0.1661 0.1403 0.2395 0.1866 0.0157 0.0126 0.0876 0.0735 0.1164 0.0975 0.0222 0.0182
+ FAN 0.1333 0.1062 0.2190 0.1759 0.0293 0.0942 0.1047 0.1084 0.2085 0.1803 0.0211 0.0174
+ ALD 0.1210 0.0977 0.2113 0.1674  0.0155 0.0132  0.0837 0.0778 0.0866 0.0691 0.0159 0.0132
DLinear 0.1703 0.1536 0.2156 0.1731 0.0156 0.0127 0.0875 0.0749 0.1650 0.1344 0.0163 0.0133
+ GroupDRO  0.1701 0.1535 0.2154 0.1731 0.0156 0.0127 0.0876 0.0750 0.1650 0.1344 0.0163 0.0133
+ IDGM 0.1427 0.1336 0.2163 0.1737 0.0152 0.0125 0.0878 0.0790 0.1907 0.1639 0.0156 0.0135
+ RevIN 0.1344 0.3013 0.2078 0.1732 0.0583 0.2963 0.1016 0.1838 0.1506 0.1613 0.0152 0.0145
+ DishTS 0.1425 0.1808 0.2199 0.1777  0.0146 0.0118 0.0845 0.0725  0.1904 0.1470 0.0158 0.0133
+ FAN 0.1441 0.1579 0.2414 0.1930 0.0266 0.1037 0.0994 0.1289 0.1742 0.1464 0.0171 0.0149
+ ALD 0.1153 0.1199 0.2012 0.1629 0.0146 0.0134 0.0856 0.0907 0.0716 0.0599 0.0151 0.0124

The best and second results per model are bolded and underlined. Overall best is highlighted in blue. Point forecasting
models with no reported results are indicated by n/a.
2Denotes pre-trained large models.

5.2 Main Results

Tables 3 and 4 present the range accuracy (Q(0.5) and Q(mean)) and point accuracy (SMAPE,
NRMSE) results across six real-world datasets, comparing our proposed method, ALD, applied to
DeepAR, WaveNet, and DLinear, against other generalization techniques and time series forecasting
models. LaST separates latent representations of trend and seasonality, using these representations
to contribute individually to parts of the prediction. However, its ability to generalize to unseen
domains is limited. This can be due to its mechanism (i.e., learning seasonal-trend representations
within one domain) that does not effectively extract common structure shared across domains,
limiting its ability to generalize to new domains. Our method ALD consistently improves back-
bones, especially in challenging scenarios, such as Web-traffic, Power-cons, and Exchange datasets,
characterized by high instability and high cross-domain variance. ALD demonstrates superior
performance over other methods, particularly when combined with DLinear, where it achieves the
best overall results. This highlights that DLinear+ALD is a lightweight yet robust solution for DG
in time series forecasting.
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Table 4. Forecasting Performance in sMAPE and NRMSE on Six Real-World Datasets

Web-traffic Stock-volume Favorita-store Favorita-cat Power-cons Exchange

SMAPE NRMSE sMAPE NRMSE sMAPE NRMSE sMAPE NRMSE sMAPE NRMSE sMAPE NRMSE
SN 0.1523  0.2059  0.2429  0.6310  0.0210  0.0280  0.2554  0.1709  0.5032  0.5486  0.0195 0.0256
Autoformer 0.2508  0.2861  0.4344  0.6381  0.1656  0.1845  0.3508  0.4966 ~ 0.5042  0.3996  0.0544  0.0792
LaST 0.1872  0.2394  0.5707  0.5250  0.0790  0.0982  0.2426  0.1948  0.4777  0.5000  0.1204  0.1214
GPT4TS 0.1780  0.3799  0.2027  0.5102  0.0185  0.0241 0.1905  0.1253  0.2676  0.3225 0.0142  0.0248
TimeLLM 0.1573  0.2303  0.1977  0.1173  0.0250  0.4888  0.1903  0.0310  0.2207  0.1285  0.0164  0.2685
UniTime 0.1450  0.2254  0.2134  0.5241 0.0292  0.0361 0.1967  0.1386  0.2932  0.3445 0.0166  0.0272
MOIRAT* 0.6476  0.8931  0.2183  0.7937  0.0651  0.0782  0.3682  0.2520  0.3774  0.4530  0.3737  0.3706
Chronos® 0.1094  0.1620  0.1973  0.4742  0.0264 0.0328 02723  0.1794  0.0827 0.1146  0.0141 0.0254
DeepAR 0.2412  0.2506  0.4139  0.4965  0.0197  0.0258  0.1978  0.1338  0.3327  0.3627  0.3431  0.0937
+ DANN 0.2990 03086  0.4840  0.5179  0.0200  0.0259  0.1983  0.1471 0.1469  0.1640  0.3686  0.1116
+ GroupDRO  0.1979  0.2642  0.3904  0.5265 0.0196  0.0254  0.1975  0.1390  0.1519  0.1694  0.3431 0.0937
+IDGM 0.1737 ~ 0.2358  0.4812  0.5544  0.0213  0.0277  0.1955  0.1379  0.2522  0.2995  0.0478  0.0448
+ Cedar 0.2411 0.2505  0.2575 0.4812 0.0196  0.0251 0.1966 ~ 0.1332 03326  0.3623  0.3035 0.0863
+ RevIN 0.1705  0.2490  0.2728  0.5113  0.0203  0.0259 0.1875 0.1204 0.1420 0.1620  0.0190  0.0316
+ DishTS 0.1560  0.2151  0.2147 0.4978  0.0200  0.0254  0.1923  0.1299  0.1446  0.1631 0.1446  0.0356
+ FAN 0.1529  0.1962  0.3685  0.4933  0.0319  0.0397  0.2051  0.1519  0.2174  0.2768  0.0319  0.0397
+ ALD 0.1421 0.1876 0.2715  0.5046  0.0157 0.0219 0.1889  0.1245 0.1084 0.1362 0.0147 0.0253
WaveNet 0.1679  0.1924  0.6101 0.5775  0.0165  0.0224  0.1931 0.1301 0.3265 0.3489  0.0221 0.0333
+ DANN 0.2062  0.2616  0.4389  0.5074  0.0193  0.0253  0.1955 0.1385  0.1849  0.2036  0.0321 0.0362
+ GroupDRO  0.1975  0.2344  0.3004  0.5118 0.0169  0.0226  0.1932  0.1316  0.2497  0.2571 0.0208  0.0335
+IDGM 0.1920  0.2700  0.3738  0.5134  0.0207  0.0271  0.2011  0.1357  0.3871  0.4088  0.0214  0.0341
+ Cedar 0.3894  0.4501 0.4785  0.4991 0.0160  0.0218  0.1946  0.1300  0.3741 0.3661 0.0227  0.0346
+ RevIN 0.1613  0.2312  0.2685  0.5064 0.0153 0.0210 0.1917  0.1252  0.1440  0.1609  0.0195  0.0324
+ DishTS 0.1757  0.2355 0.2153  0.5243  0.0157  0.0213  0.1911 0.1274  0.1322  0.1530  0.0217  0.0327
+ FAN 0.1418  0.1905 0.3619  0.4833  0.0294  0.0374  0.2038  0.1440  0.2647 02772  0.0304  0.0284
+ ALD 0.1321 0.1809 0.2222  0.4739 0.0155 0.0211 0.1900 0.1243 0.0997 0.1199 0.0143 0.0250
DLinear 0.1726  0.2434  0.2981 0.4953  0.0156  0.0211 0.1938  0.1267  0.1691 0.2212  0.0151 0.0255
+ GroupDRO  0.1725  0.2432  0.2985  0.4956  0.0156  0.0212  0.1938  0.1268  0.1691 0.2212  0.0151 0.0255
+IDGM 0.1490  0.2004  0.4810  0.4780  0.0151 0.0207 0.1926  0.1265 0.1970  0.2593  0.0143  0.0247
+ RevIN 0.1441  0.1896  0.2480  0.4855  0.0593  0.1064  0.2120  0.1463  0.1526  0.2128  0.0139  0.0244
+ DishTS 0.1464  0.2052  0.2613  0.4900 0.0146 0.0202 0.1940 0.1241 0.2060  0.2329  0.0146  0.0252
+ FAN 0.1470  0.2373  0.3437  0.5393  0.0265  0.0334  0.2078  0.1375  0.1892  0.2213  0.0183  0.0254
+ ALD 0.1252 0.1794 0.2225 0.4673 0.0145 0.0203  0.1959  0.1267 0.0823 0.0997 0.0135 0.0242

The best and second results per model are bolded and underlined. Overall best is highlighted in blue.
2Denotes pre-trained large models.

For LLM-based methods, which are inherently designed for point forecasting, we report only
their point accuracy results. As shown in Table 4, GPT4TS and TimeLLM perform well on the
Stock-volume, Favorita-cat, and Exchange datasets but fail to outperform ALD. They also incur
high time and space complexity. The time series foundation model, Chronos, has strong results
on several datasets, likely benefits from much larger training data, whereas ALD strictly follows
DG using no target domain data. The pre-trained model MOIRALI, instead, is limited on specific
domain distributions without adaptation. This further motivates our work on effective DG and
TTA techniques to handle diverse samples in unseen domains.

5.3 Ablation Results

We conduct ablation studies to evaluate different aspects of ALD. Unless stated otherwise, we
use DeepAR and DLinear as backbones and focus on Web-traffic and Power-cons, which exhibit
moderate stationarity (ADF) and domain similarity (DTW) (see Table 2).

5.3.1 Ablation of Decomposed VAE. To evaluate the effectiveness of our proposed decomposed
VAE, we conducted an ablation study on three components: (i) replacing our adaptive series
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Fig. 4. Ablation study on the decomposed VAE using DeepAR. Datasets are grouped for better visualization.

decomposition with a static moving average method [83] (w/o AdaDec), (ii) removing the series
decomposition entirely (w/o Dec), and (iii) excluding the domain identifier from the VAE decoder
(w/0 Dom). The results, presented in Figure 4, demonstrate that all three components positively
contribute to the model’s ability to forecast time series from unseen domains. Notably, the series
decomposition (w/o Dec) leads to a more significant performance degradation than excluding the
conditional domain information (w/o Dom). This suggests that the decomposition mechanism is
critical for learning effective and informative latent variables. Additionally, our adaptive series
decomposition method outperforms the static decomposition on four of the six datasets, confirming
its effectiveness.

One exception is the Exchange dataset, where removing the series decomposition entirely (w/o
Dec) achieves slightly better performance. This may be due to its unique domain characteristics; e.g.,
a high DTW indicates low domain similarity, making it difficult to learn seasonal and trend-cyclical
components that generalize across domains. A similar observation holds for Power-cons, which
also has high DTW and where adding the decomposition provides limited gains. This observation
provides insights into dataset properties and potential ALD model adjustments. Nevertheless, the
performance differences are marginal, and the full model still outperforms all baseline methods as
shown in Tables 3 and 4. Overall, these results confirm the effectiveness of the decomposed VAE.

5.3.2 Ablation of Test-Time Adaptive Inference. We assess the effectiveness of our adaptive
inference on different adapted parameters, adaptation strategies, and synthetic sample strategies.

In Table 5, we report the results of three settings of parameter adaptation: (i) the base setting,
where all parameters are fine-tuned; (ii) decoder only, where only the forecasting decoder is
trainable; and (iii) none, without TTA. The results indicate that fine-tuning all parameters yields
more stable and improved performance. This explains the model’s ability to capture domain shifts
at both low and high levels. In addition, the significant gap between adaptation (i and ii) and no
adaptation (iii) highlights the effectiveness of incorporating sample-specific knowledge for unseen
domain samples.

Table 6 shows the results of different adaptation strategies: (i) sample-based method (base setting),
which updates the model on individual samples; (ii) online-based method, which follows the sample-
based approach but continuously maintains the updated model; (iii) domain-based method, which
aggregates samples from the same domain and updates the model based on domain-wise average
performance, assuming domain labels are available in the test set; and (iv) random-based method,
which updates the model using randomly sampled batches of size 64, irrespective of domain labels.
In most cases, the sample- or online-based approaches achieve better performance. This can be
attributed to the varying characteristics of time series samples, even within a single domain. Thus,
updating the model with a batch of samples may introduce additional bias and noise, which might
hinder accurate predictions.
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Table 5. Ablation Study Results in Q(0.5) and sMAPE on Adapted Parameters
during Test-Time Adaptive Inference

Web-traffic Power-cons
Parameters 0(0.5) sMAPE 0Q(0.5) sMAPE
All 0.1285 9025 0.1338 9031 0.0963 9007 0.1084 ¢.007
DeepAR  Decoder only  0.1360 23 0.1412 032 0.1244 (021 0.1368 ¢.921
None 0.1503 ¢.024 0.1553 ¢.038 0.2940 (068 0.3138 974
All 0.1153 9008  0.1252 0026 0.0716 9002 0.0823 0,002
DLinear Decoder only 0.1255 0.004 0.1331 0.024 0.0702 0.001 0.0813 0.001
None 0.1418 0.019 0.1412 0-032 0.1142 0.010 0.1220 0.009

Best performances are bolded.

Table 6. Ablation Study Results in Q(0.5) and sMAPE on Adaptation
Methods during Test-Time Adaptive Inference

Web-traffic Power-cons
Adaptation 0(0.5) sMAPE 0(0.5) sMAPE
Sample 0.1285 0.025 0.1338 0.031 0.0963 0.007 0.1084 0.007
Online 0.1285 025 0.1339 ¢.031 0.0961 ¢ 997 0.1081 0.006
DeepAR .
Domain 0.1484 0.022 0.1532 0.036 0.2351 0.069 0.2476 0.064
Random 0.1496 ¢.022 0.1544 (937 0.2340 ¢.069 0.2466 (064
Sample 0.1153 0.008 0.1252 0.026 0.0716 0.002 0.0823 0.002
DLinear Online 0.1134 0.008 0.1241 0.029 0.0714 0.002 0.0821 0.002
Domain 0.1297 0.008 0.1355 0.026 0.0824 0.003 0.0958 0.004
Random 0.1327 0.010 0.1382 0.025 0.0828 0.003 0.0962 0.004

Best performances are bolded.

Table 7. Ablation Study Results in Q(0.5) and sMAPE on Sample
Synthetic Strategies (i.e., Padding) during Test-Time Adaptive Inference

Web-traffic Power-cons
Padding 0(0.5) SMAPE 0(0.5) SMAPE
Repeat 0.1285 0.025 0.1338 0.031 0.0963 0.007 0.1084 0.007
DeepAR Zero 0.1292 0.022 0.1321 0.029 0.0872 0.004 0.0968 0.004
Mean 0.1311 0.023 0.1346 0.029 0.0991 0.005 0.1146 0.005
Repeat 0.1153 0.008 0.1252 0.026 0.0716 0.002 0.0823 0.002
DLinear Zero 0.1168 0.008 0.1258 0.025 0.0811 0.004 0.0951 0.007
Mean 0.1172 0.008 0.1272 0.026 0.0823 0.004 0.0967 0.008

Best performances are bolded.

Table 7 presents the results of different self-synthetic sample generation methods, i.e., the default
padding strategy (repeat), zero padding, and mean padding. The results show that repeat padding
yields the best overall performance, though zero and mean padding also produce favorable outcomes.
This suggests that using target-free test samples can be highly effective in helping the model capture
the characteristics of new domain samples for forecasting. The flexibility to choose between these
strategies allows for adaptation to different applications.

ACM Transactions on Knowledge Discovery from Data, Vol. 20, No. 7, Article 109. Publication date: August 2026.



109:18 S. Deng et al.

[ Two stage |
0.251 [ End to end 0.022
=3 Two stage (DO) 0.0204
0.204
5 0.0184
S
& 0.1514 0.016 4
0.014 4
0.10
0.0124
0. - - 0.010 -
Web-traffic Stock-volume  Favorita-cat Power-cons Favorita-store Exchange

(a) Training strategy

Fig. 5. Model analysis of training time. Datasets are grouped for better visualization.

5.3.3 Ablation of Training Strategies. To evaluate our two-stage training strategy, we compare it
against two alternatives: (i) a two-stage approach where only the forecasting decoder is trained in
the second stage, denoted as Two-stage (DO) and (ii) a single-stage, end-to-end training procedure.
The results, obtained using DeepAR and shown in Figure 5, demonstrate that our two-stage strategy
outperforms both alternatives. This emphasizes the importance of a well-trained latent space,
which has a positive impact on final forecasting results. The end-to-end approach’s favorable
performance relative to Two-stage (DO) further suggests that fixing latent variables during the
decoder optimization stage can impede generalization.

5.4 Decomposed VAE Analysis

5.4.1 Domain Latent Space Analysis. We analyze the learned latent space across domains of ALD
on the Favorita-store and Favorita-cat datasets, given their relatively higher number of domains,
favorable for visualization. We use DLinear as the backbone. Figure 6 visualizes the latent variables
of test domains with t-SNE [76], obtained from Equation (6), as well as the latent vectors from
a variant model without time series decomposition. We observe that the latent variables with
decomposition (b, d) show noticeable overlap in their distributions across domains, whereas those
without decomposition are more separable (a, c). This shows that the decomposed VAE helps capture
general characteristics across domains, e.g., similar trends or seasonality following Equation (6),
thus enhancing DG.

5.4.2 Decomposed Latent Variables Analysis. ALD learns latent variables for the decomposed
input sequence, i.e., trend-cyclical and seasonal components, using the standard Gaussian prior
N (0, I) in the decomposed VAE. This choice is consistent with prior structured VAE work [34, 37,
44, 92], where separation arises from architectural inductive biases rather than different priors.
In our case, the two encoders operate on different frequency components of the input (a smoothed
low-frequency trend-cyclical part and a high-frequency seasonal part), and the reconstruction loss
pushes the latent variables to specialize accordingly. The KL divergence regularization constrains
each posterior from memorizing the input (i.e., overfitting the reconstruction), and together with
the distinct inputs and reconstruction objectives, this encourages the two latent spaces to diverge
[37].

Our experiments also show that the resulting latent variables enhance the generalization accuracy
of time series forecasting models. Moreover, the learned latent variables are both meaningful and
separable across components, without posterior collapse [80]. Figure 7 plots the learned latent
variables in four test domains on the Favorita-store dataset. The t-SNE plots reveal distinct clusters,
confirming that the latent representations effectively capture the unique characteristics of each
component.
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(c) w/o Decomposition (d) w/Decomposition

Fig. 6. t-SNE visualization of latent spaces of the test domains in the Favorita-store (a, b) and Favorita-cat (c,
d) datasets. Different colors represent different domains.
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Fig. 7. t-SNE visualization of decomposed latent variables in individual test domains in the Favorita-store
dataset.

5.4.3 VAE-Based Decomposition and Spectral Validation. Our decomposed VAE learns latent
variables that represent the seasonal and trend-cyclical (hereafter referred to as “trend” for brevity)
components of sequence data. We assess whether these reconstructed components preserve their
intended frequency characteristics, as this reflects the quality of the latent space. Figure 8 visualizes
representative reconstructions for training samples: X; exhibits a smooth periodic structure, while
X; captures slower dynamics with residual cyclical fluctuations.

To quantify frequency separation, we compute leakage, defined as the proportion of energy in the
“opposite” band (low-frequency energy in X; and high-frequency energy in X;) using one-sided FFT
power spectra. On the Web-traffic dataset with the DLinear backbone, the mean seasonal leakage
is 0.0937, indicating that the seasonal branch captures predominantly high-frequency content
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Fig. 9. Seasonal and trend leakage distributions for all training samples in the Web-traffic dataset. The right
one is a combined view in a boxplot.

with minimal low-frequency contamination. The mean trend leakage is 0.5337, which is higher
but consistent with our design choice for the trend branch to retain both low-frequency trends
and slower cyclical variations. We show the leakage portion of seasonal and trend components in
Figure 9. This design supports our gating mechanism (Equation (6)) by allowing the forecaster to
balance long- and mid/high-frequency information underlying latent variables.

5.5 TTA Analysis

5.5.1 Sensitivity of Test-Time Adaptive Inference. We investigate the impact of number of gradient
steps and batch size on our proposed TTA method’s performance. The number of gradient steps
and the batch size were both increased from one. Adaptation was performed without access to
test domain labels. We conducted experiments on three datasets: Web-traffic, Stock-volume, and
Favorita-cat datasets. The first two are more challenging, as detailed in Table 2. For the Web-
traffic dataset (Figure 10(a)), a single gradient step with a batch size of one already yields strong
performance. However, increasing both the batch size and the number of gradient steps together
can further improve generalization. For the Stock-volume dataset (Figure 10(b)), slightly increasing
the number of gradient steps can lead to improved performance. In contrast, on the Favorita-cat
dataset (Figure 10(c)), larger batch sizes and an increased number of updates do not yield a stable
gain in generalization performance. This instability likely arises because larger batches introduce
conflicting patterns or noise, which hinders effective adaptation.

TTA in classification tasks is typically beneficial with larger batches because they provide a
richer set of categorical information. In our time series regression setting, each sample is more
self-contained due to the high variance of the sequence data, so larger batches may introduce
conflicting patterns or noise, which hinders effective adaptation.

5.5.2  Standalone Effectiveness of TTA. Our test-time adaptive inference is model-agnostic and can
be seamlessly applied to any forecasting backbone. To assess its standalone effectiveness, we apply
TTA directly to forecasting backbones and present the results in Table 8. TTA alone substantially

ACM Transactions on Knowledge Discovery from Data, Vol. 20, No. 7, Article 109. Publication date: August 2026.



Adaptive Latent Decomposition for Domain Generalization 109:21

0.0860

1 | | | |°-13° - || I0.203 h
g 4- &4 [0202_ g4 [ -0.0858 5
@ -0.120@ a 0 2 gl : b
g s s gl s £ g
S g | |
E e o115° E 6. 0.201 Sl W 0.0857

2 Io.uo 32- . 0.200 32- -0.0856

— 64 ] I 64- l
sl -. .- . - .- 0.0855
12 3 4 5 7 10 15 20 30 50 12 3 4 5 12 3 4 5
Number of gradient steps Number of gradient steps Number of gradient steps
(a) Web-traffic (b) Stock-volume (c) Favorita-cat

Fig. 10. Sensitivity of test-time adaptive inference. Darker blue indicates more accurate predictions.

Table 8. Forecasting Performance in Q(0.5) and sMAPE on Six Real-World Datasets for Backbones with
TTA-Only and ALD

Web-traffic Stock-volume Favorita-store Favorita-cat Power-cons Exchange
0(05) SMAPE Q(05) sMAPE 0(05) sMAPE Q(05) sMAPE Q(0.5) sMAPE Q(0.5) sMAPE

DeepAR  0.1821 0.2412 0.2251 0.4139 0.0198 0.0197 0.0927 0.1978 0.3142 0.3327 0.0754  0.3431
+ TTA 0.1284  0.1428 0.2437 03924 0.0226  0.0225 0.1031  0.2040 0.0998 0.1130  0.0343  0.0376
+ ALD 0.1285 0.1421 0.2352 0.2715 0.0158 0.0157 0.0833 0.1889 0.0963 0.1084 0.0162 0.0147

WaveNet 0.1388 0.1679  0.2870  0.6101  0.0165 0.0165 0.0874 0.1931 0.2757 03265 0.0226  0.0221
+TTA 0.1175  0.1342  0.2372  0.2368  0.0224  0.0224  0.1007 0.1996  0.0886  0.1006  0.0224 0.0214
+ ALD 0.1210 0.1321 0.2113 0.2222 0.0155 0.0155 0.0837 0.1900 0.0866 0.0997 0.0159 0.0143

DLinear  0.1703  0.1726  0.2156  0.2981 0.0156  0.0156  0.0875 0.1938  0.1650  0.1691 0.0163  0.0151
+ TTA 0.1177  0.1314  0.2360  0.2239  0.0150  0.0150 0.0873 0.1937 0.0889 0.1009 0.0169  0.0157
+ ALD 0.1153 0.1252 0.2012 0.2225 0.0146 0.0145 0.0856 0.1959 0.0716 0.0823 0.0151 0.0135

The best results per model are bolded.

improves the generalization of base models in unseen domains, especially when their original
performance is limited (e.g., DeepAR and WaveNet), and the overall results remain competitive
with other generalization methods (Tables 3 and 4). Nevertheless, our full model—combining TTA
with latent variable learning on decomposed components—consistently delivers the overall best
results, highlighting the strength of our overall design.

5.6 Computational Analysis

5.6.1 Training Efficiency. We evaluate the training efficiency of ALD on the Web-traffic dataset
in which we use relatively long input sequences. We measure the average training time per epoch
for different DG methods based on DeepAR. We vary the model size (i.e., hidden size), as larger
models are often preferred for handling more complex datasets. The runtime for both training and
pre-training is shown in Figure 11. The training (Stage 2) of ALD consistently requires less total
training time than Cedar, and in some cases, it takes less time than the backbone. Compared to
the gradient matching baseline IDGM, which pre-trains the full DeepAR model via empirical risk
minimization, the equivalent pre-training of ALD (Stage 1, which trains the lightweight decomposed
VAEs) significantly reduces pre-training time. As the hidden size increases, the pre-training time
for ALD scales linearly, while it increases more rapidly for IDGM. This indicates that it adds a
limited total computational load to the backbone.

5.6.2 Inference Efficiency. In this section, we evaluate the test-time efficiency and inference
latency introduced by TTA on the Web-traffic dataset. Figure 12(a) illustrates the effect of TTA
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batch size on per-sample inference time when applying a single gradient update. As expected,
sample-wise adaptation (batch size =1) incurs the highest additional latency compared with No
TTA (red square). Increasing the batch size for TTA largely reduces the per-sample inference time,
approaching the No TTA baseline. Notably, even at small batch sizes, the per-sample inference
time remains on the order of 1e™2 seconds, indicating that TTA does not substantially increase
test-time cost; this effect becomes negligible in streaming test scenarios.

Building on our previous analysis (Section 5.5.1), which shows that increasing both the batch
size and the number of gradient steps in TTA improve the generalization ability of ALD (Figure
10(a)), we further examine inference latency for larger batch sizes (16, 32, 64) under multiple TTA
gradient steps. As shown in Figure 12(b), a batch size of 64 is relatively efficient, and increasing
the number of gradient steps moderately raises the per-sample inference time. This highlights a
tradeoff between improved generalization and additional inference cost.
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Fig. 14. Probabilistic forecasting visualizations for a test domain sample from the Web-traffic dataset, using
DLinear enhanced with different generalization/normalization methods.
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Fig. 15. Probabilistic forecasting visualizations for a test domain sample from the Power-cons dataset, using
DLinear enhanced with different generalization/normalization methods.

5.7 Additional Model Analysis

5.7.1 Probabilistic Forecasting Visualization. Figures 14 and 15 show the probabilistic forecasting
sequences of various methods based on DLinear on the Web-traffic and Power-cons datasets, respec-
tively. The shaded areas represent different quantiles, ranging from 0.1 to 0.9. ALD demonstrates
more accurate trend and seasonality estimates than other strong baselines on unseen data, even
without adaptation (Figures 14(e) and 15(e)).

We test different adaptation strategies used in Table 6. Sample-based adaptation (Figures 14(f)
and 15(f)) introduces a bit more uncertainty, as shown by the wider shaded areas across the
quantiles. This outcome is reasonable, as forecasting for new, unseen samples is inherently chal-
lenging. This increased uncertainty may also stem from the noise introduced by self-synthetic
samples or from overfitting to individual samples. However, this higher tolerance in probabilistic
forecasting can be beneficial in real-world applications. Domain-based adaptation (Figures 14(g)
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and 15(g)) and random-based adaptation (Figures 14(h) and 15(h)) also improve prediction accu-
racy, but their probabilistic forecasts are less precise and reliable compared to the sample-based
approach.

5.7.2  Effect of B. In the decomposed VAE, we use f to regulate the learning of latent variables,
encouraging each dimension of the latent vector to capture more distinct factors [12, 34]. To assess
its impact, we analyze the forecasting performance of ALD using the DLinear model on the Web-
traffic, Stock-volume, and Power-con datasets, presented in Figure 13. All other datasets have similar
patterns. We observe that a smaller value of  generally yields robust forecasting performance.
When f becomes large (e.g., f > 5), the performance mostly degrades, due to over-regularization
hindering input sequence reconstruction, causing the latent vector to fail in capturing essential
sequence information.

6 Conclusion

We propose a novel ALD framework for DG in time series forecasting. ALD consists of a decom-
posed VAE that adaptively mines decomposed latent variables of various series components to
improve DG of time series forecasting models. It further enhances unseen domain predictions
by leveraging the unique characteristics of individual test samples through an effective test-time
adaptive inference strategy. Extensive experiments and analyses on real data validate the effective-
ness of ALD. Importantly, ALD also offers the potential to enhance generalizability in spatial and
spatiotemporal forecasting.

As for limitations, the inherent noise and complexity of real-world time series can impact
the quality of learned representations, potentially affecting the model’s ability to generalize to
new domains. ALD may be less effective for highly irregular series or when trend and seasonal
components are not well separated, as the decomposed VAE relies on this structure to learn
informative latent variables. For instance, in the Exchange and Power-cons datasets, which exhibit
high DTW values indicating low domain similarity, the decomposition provides limited gains (see
Figure 4), suggesting that the model may struggle when domain differences are large or component
patterns are difficult to disentangle. Additionally, the TTA may converge to local minima due to its
reliance on partially true self-synthesized samples.

As for future work, we plan to evaluate ALD on chaotic or highly irregular time series, including
scenarios with abrupt distribution shifts, to test its effectiveness on more challenging data. We
will also explore alternative optimization strategies and advanced synthetic sample generation to
improve the robustness of TTA. In addition, since ALD is model-agnostic and independent of the
forecasting backbone, we plan to integrate it with sophisticated transformer-based architectures to
assess its effectiveness under more computationally heavier models. Finally, we will study channel
dependencies in multivariate time series and extend our approach to diverse data modalities to
further enhance DG.
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The code and data used to produce the results in this article are available at https://github.com/
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