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To tackle the prevalent challenges of missing values and data scarcity in time series analysis, this paper intro-
duces a Transformer-based transfer learning algorithm (TTL-TS), which can simultaneously address both the
two challenges. It involves a Transformer-based Representation Learning module (TRL) and a Transfer Learning
module (TLM). TRL tackles the missing data distribution problem by designing a joint-optimization technique.
To preserve critical temporal dynamics, this technique evaluates reconstruction performance at both the holistic

data level and the finer trend-season level. TLM addresses the data scarcity bottleneck by designing a flexible
transfer learning framework. It facilitates knowledge transfer through useful features selection and intermediate
domains construction. Effectiveness of this proposed algorithm is underpinned by extensive experiments in our

paper.

1. Introduction

Due to all kinds of reasons, such as equipment failures or unexpected
malfunctions (Pratama et al., 2016), time series issues with missing val-
ues are particularly prevalent in scientific and industrial fields (Li et al.,
2020c; Ruan et al., 2016). These missing values hamper the interpre-
tation of time series and pose challenge to machine learning models
that require fully-observed data. To address this challenge, several sig-
nificant studies have been proposed, which can be broadly categorized
into traditional deep learning-based methods, diffusion-based methods,
and attention-mechanism-based methods. In the realm of deep learning-
based approaches, Che et al. (2018) first introduced the concept of time
decay and handled missing values by using RNN architecture. Other
RNN-based approaches, such as MRNN (Yoon et al., 2018) and BRITS
(Cao et al., 2018), have also been widely employed for missing time
series issues. Due to the superior performance of diffusion technique,
diffusion models have shown success in time series imputation and fore-
casting task (Feng et al., 2024b; Tashiro et al., 2021). Recently, atten-
tion mechanisms have also been applied to missing input time series (Du
et al., 2023; Nayak et al., 2024). Most of these approaches design an en-
coding of time and use self-attention to capture temporal and feature
relations within the data (Du et al., 2023).

Because of data privacy or data missing reasons, data scarcity is also
a common problem that hinders time series analysis. Transfer learning
offers a popular solution to this problem by leveraging useful knowledge
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from a known source domain to target domain (He et al., 2023; Iman
et al., 2023).

In this work, to tackle the mentioned two challenges in time se-
ries analysis, i.e. missing values and data scarcity, we propose a
Transformer-based transfer learning algorithm (TTL-TS) for time se-
ries imputation and forecasting. It comprises two main modules: the
Transformer-based Representation Learning module (TRL) and the
Transfer Learning module (TLM). TRL is designed to estimate the dis-
tribution of time series with missing values. TLM constructs a transfer
learning framework to overcome the further challenge of data scarcity.

Specifically, inspired by the superior performance of the self-
attention mechanism, TRL adopts the Transformer encoder structure
as its base architecture and further explores the intrinsic characteris-
tics of time series by integrating a seasonal-trend decomposition mech-
anism. A joint-optimization technique is proposed for model training,
which involves three learning tasks: observed values reconstruction,
missing values reconstruction and seasonal-trend characteristics recon-
struction. The first two tasks consider the reconstruction performance on
the whole data, while the third task provides a more refined learning ob-
jective by emphasizing seasonal and trend components, which enables
the model to notice some potential characteristics of time series. These
leaning tasks work in synergy to enhance the imputation and forecasting
performance of the model.

TLM aims to address the challenge of data scarcity. It adopts the idea
of transfer learning, which entails transferring knowledge from a related
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\begin {equation}L_\alpha =\sum \nolimits _l\sum \nolimits _c\textit {w}_c^l\dot {\left \lVert {\left (f_S^l\right )}_c-{\left (f_T^l\right )}_c\right \rVert }^2 \label {Xeqn8-19}\end {equation}


\begin {equation}L_{\alpha \_inter}=\sum \nolimits _lw_S^l\cdot {\left \lVert f_S^l-f_{inter}^l\right \rVert }^2+w_T^l\cdot {\left \lVert f_T^l-f_{inter}^l\right \rVert }^2 \label {Xeqn10-23}\end {equation}


$\textbf {\textit {X}}=\{\textbf {\textit {x}}_1,\textbf {\textit {x}}_2,\ldots ,\textbf {\textit {x}}_T\} \in R^{T\times D}$


$\textbf {\textit {x}}_t=\{x_t^0,x_t^1,\ldots ,x_t^{D-1}\} \in R^D$
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\begin {equation}e=Embed_{\theta _{emb}}(concat(\textbf {\textit {X}},\textbf {\textit {M}})) \label {1}\end {equation}
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\begin {align}& \left \{\begin {array}{l} PE(pos,2i)=\sin \left ( \frac {\textit {pos}}{10000^{\frac {2i}{d_{model}}}} \right )\\ PE(pos,2i+1)=\cos \left ( \frac {\textit {pos}}{10000^{\frac {2i}{d_{model}}}} \right )\\ \end {array}\right .\\ & e^\prime =e+PE\end {align}
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\begin {align}\label {eq:4} & FFN(\textit {x})=ReLU \left (\textbf {\textit {W}}_1x+b_1\right )\textbf {\textit {W}}_2+b_2\\\label {eq:5} & \textbf {z}={\Bigg \{FFN \left (MultiHeadAttention(e^{'})\right )\Bigg \}}^L\\\label {eq:6} & \tilde {\textbf {z}}=F_z\left (\textbf {z}\right )=\textbf {\textit {W}}_z\textbf {z}+b_z\\\label {eq:7} & \widehat {\textbf {\textit {X}}}=F_{\tilde {\textbf {z}}}\left (\tilde {\textbf {z}}\right )=\textbf {\textit {X}}\odot \textbf {\textit {M}}+\left (1-\textbf {\textit {M}}\right )\odot \tilde {\textbf {z}}\end {align}
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\begin {equation}L\left (\textbf {\textit {X}},\widehat {\textbf {\textit {X}}},\textbf {\textit {M}}\right )=L_{OVRT}+L_{AMRT}+L_{STRT} \label {Xeqn6-17}\end {equation}


\begin {align}& \textbf {\textit {X}}^{trend}= Avgpool\left (conv(x,2^i)\right ),i=1,2,\ldots K\\ & \textbf {\textit {X}}^{season}=\textbf {\textit {X}}-\textbf {\textit {X}}^{trend}\end {align}


$K$


$\textbf {\textit {X}}^{trend}$


$\textbf {\textit {X}}^{season}$


$\textit {\textbf {X}}$


$\widehat {\textbf {\textit {X}}}^{season}$


$\widehat {\textbf {\textit {X}}}^{trend}$


$\tilde {z}$


$\textbf {\textit {X}}^{trend},\textbf {\textit {X}}^{season}$


\begin {equation}L_{OVRT}=MAE\left (\textbf {\textit {X}},\widehat {\textbf {\textit {X}}},\textit {M}\right )=\frac {\sum _{t=1}^{\textit {T}}\sum _{d=1}^{\textit {D}}\left |\left (\textit {x}_t^d-\widehat {x}_t^d\right )\odot \textit {\textbf {M}}_t^d\right |}{\sum _{t=1}^{\textit {T}}\sum _{d=1}^{\textit {D}}\textit {\textbf {M}}_t^d} \label {Xeqn2-10}\end {equation}


\begin {equation}L_{AMRT}=MAE\left (\textbf {\textit {X}},\widehat {\textbf {\textit {X}}},\widetilde {\textbf {\textit {M}}}\right )=\frac {\sum _{t=1}^{\textit {T}}\sum _{d=1}^{\textit {D}}\left |\left (\textit {x}_t^d-\widehat {x}_t^d\right )\odot \widetilde {\textit {\textbf {M}}}_t^d\right |}{\sum _{t=1}^{\textit {T}}\sum _{d=1}^{\textit {D}}\widetilde {\textit {\textbf {M}}}_t^d} \label {Xeqn3-11}\end {equation}
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\begin {equation}\rho \left (\textbf {\textit {X}},\kappa \right )=\sum \nolimits _{t_i+\kappa <\max {(T_I)}}\left (\textbf {\textit {X}}_{t_i}-\overline {\textbf {\textit {X}}}\right )\left (\textbf {\textit {X}}_{S(t_i+\kappa )}-\overline {\textbf {\textit {X}}}\right ) \label {Xeqn4-12}\end {equation}
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\begin {align}\label {eq:13} L_{seasonal}&=\sum \nolimits _{\kappa \in [0,\max {\left (T_I\right )}^{}-\min {\left (T_I\right )}]}\left \lVert \rho \left (\textbf {\textit {X}}^{season},\kappa \right )\right .\nonumber \\ &\quad -\left .\rho \left (\widehat {\textbf {\textit {X}}}^{season},\kappa \right )\right \rVert \end {align}
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\begin {align}\label {eq:14} & \varrho \left (\textbf {\textit {X}},\widehat {\textbf {\textit {X}}}\right )=\frac {\sum \nolimits _{t_i\in T_I}\left (\textbf {\textit {X}}_{t_i}-\textbf {\textit {X}}_{S^\prime (t_i)}\right )\left (\widehat {\textbf {\textit {X}}}_{t_i}-\widehat {\textbf {\textit {X}}}_{S^\prime (t_i)}\right )}{\sqrt {\sum \nolimits _{t_i\in T_I}\left (\textbf {\textit {X}}_{t_i}-\textbf {\textit {X}}_{S^\prime (t_i)}\right )}\sqrt {\sum \nolimits _{t_i\in T_I}\left (\widehat {\textbf {\textit {X}}}_{t_i}-\widehat {\textbf {\textit {X}}}_{S^\prime (t_i)}\right )}}\\ & L_{trend}=\varrho \left (\textbf {\textit {X}}^{trend},\widehat {\textbf {\textit {X}}}^{trend}\right )\end {align}
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\begin {equation}L_{STRT}=L_{seasonal}+\lambda L_{trend} \label {Xeqn5-16}\end {equation}
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$f_S^l=G_S^l(x),f_T^l=G_T^l(x),f_S^l,f_T^l\in R^{d_{model}\times c}$


$l$


\begin {equation}L_\alpha =\sum \nolimits _l\left \|f_S^l-f_T^l\right \| \label {Xeqn7-18}\end {equation}
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\begin {equation}w_c^l=F_\theta \left (f_S^l\right )=softmax\left (FC\left (AvgPool\left (f_S^l\right )\right )\right ) \label {Xeqn9-20}\end {equation}


$\theta $


$w_c^l$


$\sum \nolimits _c\textit {w}_c^l=1$


$\left [w_S,w_T\right ]$


$F_{\theta _{\text {inter}}}^{\text {inter}}$


$f_{\text {ave}\_S}^{l}$


$f_{\text {ave}\_T}^{l}$


$\left (f_S^l,f_T^l\right )$


$1\times c$


$\left (f_{ave\_S}^l,f_{ave\_T}^l\right )$


$f_S^l,f_T^l$


$f_{ave\_S}^l$


$f_{ave\_T}^l$
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and data-rich source domain to the data-insufficient target domain. It in-
volves two major steps: constructing the source domain and model, and
extracting useful knowledge from the source domain. Existing TL tasks
usually assume that the related source domain is known and available.
This may be hard to achieve in many practical scenes. In TLM, we first
construct a related source domain only based on limited target samples.
The resulting source model is then leveraged to support robust training
of the target model for downstream tasks. This approach allows leverag-
ing external temporal patterns for the target task. Specifically, TLM ac-
complishes knowledge transfer through two primary mechanisms: use-
ful features selection and intermediate domains construction.

Considering the difference between source and target tasks, not all
source information is beneficial to the target task. Therefore, in the
first mechanism, we assign varying weights to different source features
according to their effects on the target task. Valid source features are
prioritized, while useless ones are disregarded. As demonstrated in Dai
et al. (2024), intermediate domains existing along the path connecting
source and target domains can reveal some inter-domain correlations.
In the second mechanism, we hypothesize that these intermediate do-
mains contain additional valuable information. We aim to explore the
valid knowledge to enhance the training of target model.

It is worth noting that TTL-TS does not fully align with the standard
transfer learning setting, where a naturally available external source
domain is assumed. But it still satisfies the broad definition of transfer
learning (Pan & Yang, 2009) and can be categorized as a subclass of
transfer learning where no natural source domain is available, which is
well-supported by the following works. For instance, Du et al. (2024)
explicitly construct a pseudo-source domain from target samples to en-
able transfer without accessing source data. Ding et al. (2022) further
prove that the source domain need not be accessible. It can be effec-
tively instantiated as a synthetic proxy derived from target-side infor-
mation constrained by source priors. Thus, TTL-TS is still characterized
as a transfer learning method.

Although TTL-TS constructs the source domain from limited target
data, it is distinct from two superficially similar approaches: synthetic-
data augmentation and self-distillation. In synthetic-data augmentation,
the augmented samples are usually directly fed into the training set, with
no independent source model and no cross-domain alignment loss. This
is different from TTL-TS. TTL-TS constructs a source domain and then
trains a source model on it, which distills higher-level feature patterns
rather than directly augmenting the training data.

Self-distillation usually involves a teacher model trained on the tar-
get data, which aims to produce soft labels to supervise a student model.
The knowledge transfer path is different from that in TTL-TS. In TTL-TS,
the source model is trained on the constructed source domain. Then the
TLM module uses useful features selection and intermediate domains
construction to accomplish feature-level alignment. There is no soft-
label supervision between teacher and student, and the entire align-
ment is implemented through cross-domain loss terms (as shown in
Egs. (19)—(23)), which satisfies the mechanism of transfer learning. We
provide empirical comparisons with Gaussian-noise augmentation and
distillation baselines in Section 4.5.3 to further demonstrate the effec-
tiveness of the transfer learning mechanisms employed by TTL-TS.

Fig. 1 depicts the key components of the proposed TTL-TS.

Our main contributions can be summarized as follows:

e To alleviate the challenges of missing values and data scarcity in
time series analysis, we design a Transformer-based transfer learn-
ing algorithm for imputation and forecasting task. Though recently
corresponding methods have been proposed to tackle these two chal-
lenges individually, there has been little research considering both
of these two challenges.

e To better estimate the distribution of missing values, a joint-
optimization technique composed of three learning tasks is designed.
It evaluates reconstruction performance from both a holistic data
perspective and a finer seasonal-trend perspective.
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e To mitigate the plight of target data scarcity, a transfer learning
framework is designed. It creates a source domain based on the lim-
ited target data and extracts useful source knowledge in two ways:
automatically selecting effective source features and learning addi-
tional information from the intermediate domains. This TL frame-
work is flexible to different networks.

2. Related work

In this section, we respectively review the prior work of time series
imputation and time series forecasting.

2.1. Time series imputation

Various imputation techniques have been developed to address miss-
ing values in time series analysis. We categorize these imputation meth-
ods into three main approaches: Traditional deep learning-based meth-
ods, Diffusion-based methods, and Attention-mechanism-based meth-
ods.

Traditional deep learning-based methods: Che et al. (2018) pro-
pose a Gated Recurrent Unit (GRU) based model to alleviate data miss-
ing challenge in time series classification tasks. It firstly introduces the
concept of time decay, which is widely used in subsequent researches.
In Yoon et al. (2018), to alleviate the data missing problem in medical
fields, a new RNN-based method that simultaneously trains an interpola-
tion block and an imputation block is proposed. Cao et al. (2018) design
an RNN-based method for time series imputation. It treats imputed val-
ues as variables of RNN graph and considers the feature correlations.
In Shukla and Marlin (2021b), authors design a variational autoencoder
(VAE) architecture with a time attention mechanism to learn temporal
relationships in irregularly sampled time series.

Diffusion-based methods: Tashiro et al. (2021) propose a condi-
tional score-based diffusion technique for time series imputation. It
learns useful correlations from observed values and employs a self-
supervised method to train the diffusion model. Alcaraz and Strodthoff
(2022) design a novel time series imputation model by tactfully com-
bining state-space models with diffusion models.

Attention-mechanism-based methods: The first application of self-
attention mechanisms to multivariate time series imputation is pre-
sented by Ma et al. (2019). It jointly captures the self-attention across
different dimensions with high efficiency. Shukla and Marlin (2021a)
propose an attention-based approach including a temporal VAE ar-
chitecture with a heteroscedastic layer,which is utilized to interpo-
late the irregularly sampled time series. Du et al. (2023) design a
self-attention-based method with two diagonally-masked self-attention
blocks. It explicitly explores the temporal and feature relations of time
series.

2.2. Transfer learning and meta-learning for time series imputation

To address the challenge of data scarcity, time series imputation al-
gorithms based on transfer learning and meta-learning have been pro-
posed recently. For example, a transfer learning-based algorithm that
imputes long-interval consecutive missing values is proposed (Ma et al.,
2020). It employs transfer learning to leverage patterns from the most
similar complete sequence to the target sequence with missing values.
Liang et al. (2025) redefine the imputation under variable subset fore-
casting problem as a cross-domain knowledge transfer problem, where
invariant patterns from complete source data are adapted to target data
with missing values. Zhang et al. (2025) propose a novel framework
to tackle cross-domain imputation, which can complete the imputation
task under high missing rates and domain shifts.

Zhu and Zhao (2025) design a bidirectional meta-learning approach,
which can be applied to time series imputation tasks. Almeida et al.
(2025) propose a meta-learning-based framework for univariate time
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Fig. 1. Key components of the proposed TTL-TS. (a) The overall TRL module; (b) The training procedure of TRL. It contains three learning tasks, which are introduced
in Section 3.1. (c) The overall TLM module. It cotains two parts: (d) Intermediate domains construction of TLM and (e) Useful features selection of TLM.

series imputation. It introduces a novel HybridLSTM neural network ar-
chitecture to recommend the most suitable imputation technique within
a given time series.

2.3. Transfer learning optimization

As an important branch of machine learning, transfer learning
has made significant progress. However, in practical applications, the
optimization of transfer learning faces multiple challenges. To address
these challenges, many novel transfer learning methods have been pro-
posed.

Zhuang et al. (2020) provide a survey on transfer learning, which
systematically reviews existing transfer learning research from data and
model perspectives. To address the "reckless loss" of discarding task-
specific layers during fine-tuning, You et al. (2020) propose a two-step
transfer learning framework. With the rise of pre-trained models, trans-
fer learning methods tailored for large language models, i.e., Parameter-
Efficient Fine-Tuning (PEFT) algorithms have been developed in recent
years. Liao et al. (2023) introduce a novel adapter technique that is
applied directly to pre-trained parameters instead of hidden represen-
tations. To address the challenge of large data distribution differences,
Feng et al. (2024a) present a framework including an adaptive layer
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selection strategy and a collaborative loss function to enhance the
model’s adaptability to the target task.

In data-driven evolutionary transfer optimization filed, many high-
quality studies have been proposed. In DETO (Li et al., 2023), a data-
driven evolutionary transfer optimization framework is designed for ex-
pensive problems in dynamic environments. This framework employs
hierarchical multi-output Gaussian processes and adaptive source-task
selection to warm-start optimization upon environmental changes. For
expensive multi-objective settings, Li and Chen (2022) develop batched
data-driven evolutionary multi-objective optimization based on mani-
fold interpolation, exploiting Karush-Kuhn-Tucker structure to explore
diversified solutions along the approximated Pareto set. Chen and Li
(2023) further address disconnected Pareto fronts via multiple-gradient
descent on surrogate landscapes. Complementary lines include trans-
fer Bayesian optimization for expensive black-box problems in dynamic
environments (Chen & Li, 2021) and surrogate-assisted evolutionary al-
gorithms with transfer learning for dynamic expensive multi-objective
optimization (Fan et al., 2020).

Recent efforts also aim to operationalize transfer optimization in
software platforms. Mao and Li (2024) present OpenTOS, an open-
source system for transfer-learning Bayesian optimization that supports
modular design, benchmarking, and application of transfer-learning
Bayesian optimization (TLBO) algorithms.

Transfer optimization has also been studied in bilevel programming
and software engineering. Chen et al. (2021) propose a novel bilevel
optimization framework integrating Parallel Computing and Transfer
Learning. In cross-project defect prediction (CPDP), limited target-
project data motivate transferring models from historical projects. BiLO-
CPDP (Li et al., 2020a) formulates automated CPDP model discovery
as bilevel programming with combinatorial upper-level pipeline selec-
tion and lower-level hyperparameter tuning; MBL-CPDP (Chen et al.,
2025) extends this paradigm to multi-objective bilevel optimization for
pipeline and hyperparameter co-optimization. Li et al. (2020b) empiri-
cally study how automated parameter optimization interacts with trans-
fer learning in CPDP.

2.4. Time series forecasting

Time series forecasting has been a popular topic in many fields (Ca-
solaro et al., 2023; Chen et al., 2023; Liu et al., 2024a). An RNN-based
methodology is proposed for probabilistic forecasting (Salinas et al.,
2020). It offers forecasts for items with little or even no historical data.
NBeats model (Oreshkin et al., 2020) designs an interpretable deep neu-
ral architecture and is flexible enough to solve a wide range of fore-
casting tasks. In Zhou et al. (2022), a frequency enhanced decomposed
Transformer mechanism combing seasonal-trend decomposition is used
to extract valuable information from both global profile and detailed
structures. iTransformer (Liu et al., 2024a) design an inverted version of
the Transformer architecture for time series forecasting. This approach
alleviates the dilemma of traditional Transformer in time series analysis
and allows for a better capture of multivariate correlations.

2.5. Time series foundation models

Inspired by the success of large models, time series foundation mod-
els based on large-scale pre-training have emerged as the prominent re-
search focus in the time series field. Zhou et al. (2023) propose a novel
framework for time series analysis based on the pre-trained language
model. It freezes the pre-trained block and handles different time se-
ries tasks through fine-tuning. Goswami et al. (2024) propose a family
of open-source foundation models for general-purpose time series anal-
ysis. It curates the Time Series Pile and pre-train the model based on
transformer architectures on this corpus. Timer (Liu et al., 2024b) is a
large-scale time series model grounded in a generative Transformer ar-
chitecture. It is pre-trained on a unified dataset (UTSD) and can be fine-
tuned for different downstream time series tasks. TimerXL (Liu et al.,
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2025) is a decoder-only transformer for unified time series forecasting.
A novel mechanism based on causal self-attention is designed to improve
the model’s capability.

3. Proposed algorithm

We begin by presenting a structural overview of the proposed model.
Each major module will be introduced in the following sections. As pre-
sented in Fig. 1, TTL-TS consists of two major modules: the Transformer-
based Representation Learning module (TRL) and the Transfer Learning
module (TLM). TRL aims to handle data imputation and forecasting for
time series with missing values. TLM aspires to be suited to more com-
plex and general scenarios, where data imputation and forecasting are
performed with limited time series data.

3.1. Transformer-based representation learning module (TRL)

TRL aims to derive a model that performs imputation and forecast-
ing for time series bearing missing values. Specifically, the proposed
TRL is built on the Transformer encoder architecture, and incorporates
a seasonal-trend decomposition mechanism to help further exploit the
overall characteristics of time series. Formally, we consider a time series
dataset X = {x|,X,,...,xp} € R"™*P, where x, = {x%,x},...,xP~1} € RP
represents the rth step observation with D dimensions. Each x? is as-
sociated with a missing mask M;J , where Mf =1if x4 is observed and
Mtd = 0 otherwise. Time series imputation aims to predict the missing
values by using the observed values in X. Time series forecasting is the
task of predicting future values based on past observations. It can be
seen as a particular case of imputation, where the imputation region
spans across the last H time steps of each series. For example, X, ., g
means the set of H observations from time step t + 1 to  + H in X. We
additionally mask X, .., 5 and predict the values of X,_,.,, ; based on
Xl e

Notably, in forecasting tasks, the entire pipeline strictly adheres to
causal constraints, and no future information is used. Specifically, in
the input masking phase, the future values X, ;.,, i of each sample are
additionally masked (i.e., M, .,, y = 0). During the training phase, the
input-visible set only contains x! where M¢ = 1. Seasonal-trend decom-
position and the associated reconstruction loss are computed exclusively
on the input sequence X .,, without any future values. Source domain
construction and normalization statistics are derived from the training
set. No future test values are used. At inference time, only observed val-
ues are fed into the trained model. No future information leaks into the
prediction.

Model Architecture: Inspired by the superior performance of Trans-
former in time series fields, TRL leverages the Transformer encoder
architecture to learn meaningful representations for downstream tasks
with missing values. Akin to standard Transformer encoder, TRL starts
by embedding original time series to a d,,,,.,-dimensional vector space:

e= Embedgemh(concat(X, M) (@D)]

where the original time series X and its missing mask M are concate-
nated as the input. The Embed,  is given by a linear transformation
with parameter 0,,,. Sinusoidal position encoding is used to capture
the sequential order of time series:

PE(pos, 2i) = sin <$2,)
dmo el
10000 “model 2)
PE(pos,2i+ 1) = cos <Lszl>
10000 Zmodel

e =e+ PE 3

where pos, i respectively represent the time step position and the dimen-
sion, ¢’ is the final embedding including position information. Then,
similar to Du et al. (2023), the ¢’ is passed through a stack of layers that
include multi-head self-attention and layer normalization to attain the
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corresponding encoding. A feed-forward network made up of two linear
transformations with ReLU activate function is utilized to learn the final
encoding z:

FFN(x) = ReLU (W x + b )W, + b, @)
L

7= {FFN(MultiHeadAttemion(e/)) } 5)

Z=F,(z)=W,z+b, (6)

X=F@=XoM+(1-Moz )

In Eq. (4), W, € RImoder*diin W, € R /n*@model | b, € Rémodel, In
Eq. (5), L is the number of stacking layers. In Eq. (6), encoding z is fed
to a linear output layer with parameters W, € R%mode*P and b, € RP to
obtain the learned representation z. In Eq. (7), we generate the com-
pleted imputation b'¢ by retaining the observed values of original X and
replacing the missing part in X with z.

To better exploit the complex temporal patterns of time series, we
leverage the idea of seasonal-trend decomposition used in Wu et al.
(2022) to assist the training of TRL. Since in real-world scenes, trend
component is usually coupled with complex periodic patterns, it may
be hard to be captured by fixed window average pooling.

To ameliorate this limitation, we utilize a mixture of auto-regressive
experts to explore the underlying trend signal (Woo et al., 2022). It con-

sists of K auto-regressive experts, where K = [log, (%)J Each expert

is implemented as a 1D convolution. To capture multi-scale temporal
patterns, the kernel sizes of K experts are different. Specifically, the
ith expert employs a convolution kernel of size 2'. Then the final trend
representation is generated through average-pooling of all experts’ out-
puts. Convolution weights of all experts are trained end-to-end with the
TRL module (i.e., minimizing the combined loss function in Eq. (17)).
Formally, we have:

Xx'erd = Avgpool (conv(x,2")),i=1,2,... K ®)
Xseason — x _ Xtrend (9)

where K is the number of auto-regressive experts, X" X*¢%" denote
the trend and seasonal part of original time series X. Ideally, the seasonal

aseason stren

and trend components X X ¢ extracted from the final learned rep-
resentation Z should be close to X", X*¢45o" Detailed training proce-
dure are introduced in the following subsection.

Training Procedure: To well train the imputation and forecasting
model on time series with missing values, we design three learning
tasks: the Observed Values Reconstruction Task (OVRT), the Artificially
Masked Values Reconstruction Task (AMRT) and the Seasonal-Trend
Representation Reconstruction Task (STRT).

The OVRT puts emphasis on the reconstruction of observed values.
It forces the model to well simulate the distribution of observed data.
Inspired by the idea in Du et al. (2023), we use Mean Absolute Error
(MAE) to evaluate the reconstruction loss between the observed values
and the reconstructions:

T <D d d
2imt Za=i ‘(x;i -%) oM, ‘
T <D apd
2imt Za= M
One disadvantage of OVRT is that it only focuses on the observed
values while ignores the missing points. To alleviate this problem, AMRT
is designed to strengthen the prediction capability of missing values.
AMRT artificially masks a proportion of observed points and forces the
model to make accurate predictions on these extra masked values. This
urges the model to attend to contextual information in time series, and

encourages the model to learn inner-dependencies between variables.
Formally, AMRT loss is defined as follows:

Loyrr = MAE(X,)?,M) = (10)

S X0 | -5 o ]

— 11
L 3D M

Lyyrr = MAE(X,)?,)VI) =
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where M is the artificially missing mask. 1\71? =1 if x4 is artificially
masked and fl;l = 0 otherwise.

Both OVRT and AMRT consider the reconstruction performance from
the perspective of holistic time series. STRT is designed to optimize the
reconstruction loss more finely from the standpoint of seasonal-trend
components. Inspired by the idea in Wang et al. (2022), we respectively
use autocorrelation and temporal correlation to measure the seasonal
and trend characteristics similarity between actual and reconstructed
series. Since standard autocorrelation and temporal correlation estima-
tors are only directly applicable to regularly sampled time series, we
make some changes to reorient them to the scene with irregularly sam-
pling (i.e. with missing values). Formally, the autocorrelation is defined
as follows:

PXO=F, (%, —X) (X500 - X) a2)

where X is the mean of time series values, T; is the set of time steps
where the values X7, are not missing. max (7;) (min (7;)) is the maximal
(minimal) time step in T;. k € [0, max (T;) — min (T})] is a generalized
lag value. The main difference between Eq. (12) and standard autocor-
relation is the selective function S(z; + k). It projects an arbitrary time
step f; + k to the closest time step ¢ where X, is not missing. For ex-
ample, there is an irregular time series x = [0.13,0,0,0.31,0.35,0,0.41],
where values are missing at time steps 1, 2 and 5. When calculating
the lag x = 2 autocorrelation at position #; = 0, the conventional auto-
correlation measuring method requires comparing x, and x,, while x,
is missing. For this situation, S(f; + ) finds the nearest time step ' =3
where x5 is not missing. Then the autocorrelation calculation uses the
observed value at ¢ = 3 for the lag x = 2 at position #; = 0, enabling au-
tocorrelation computation on irregular data.
Based on Eq. (12), the autocorrelation loss is defined as follows:

_ season
Lseuwnul = ZKE[O,maX (Ty ) —min ()] [In( ,K)

aseason
E)

Eq. (13) reflects the autocorrelation similarity of seasonal patterns
between actual and reconstructed time series. A smaller L, e indi-
cates a greater similarity in the seasonal characteristic between the ac-
tual and reconstructed series.

To further depict the property in trend patterns, temporal correla-
tion is defined to measure the simultaneity of rising or falling tendency
between actual and reconstructed trend:

ZrieT, (Xr, _XS’(r,)>(Xt, _XS’(t,-))

13

p(x,fr) = (14)
\/ZI,ET, (Xt,- _XS’()‘,‘)>\/Z”€T, (Xti _XS’(t,-))
~ d
Ltrend — 0<Xtrend’Xfren ) (15)

In Eq. (14), T, has the same definition as that in Eq. (12). To accommo-
date the situation of time series with missing values, a selective function
S’ is defined. It projects time step f; to the closest time step t,f, where
1} <t;,t, €Ty, and Xy is observed. The STRT loss is defined as follows:

LSTRT = Lseasana/ + j'erend (16)

As shown in Eq. (16), autocorrelation similarity (i.e., Eq. (13)) aims
to measure how well X***”" reproduces the periodic regularity of X*¢3o,
This ensures the accurate reconstruction of cyclic characteristics in im-
putation task. Temporal correlation (i.e., Eq. (14)) aims to quantify
the simultaneity of rising/falling tendencies between £ and xtrend,
which preserves the underlying long-term trajectory between imputed
data and original data.

The imputation and forecasting model is trained by optimizing the
final loss:

L(X’XM) = Loyrr + Layrr + Lstrr a7
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In summary, these three learning tasks operate complementarily to
enhance the model’s ability of temporal feature extraction. The OVRT
loss focuses on reconstructing actual observed values, providing a strong
foundational fit to the available information. The AMRT loss prioritizes
the reconstruction of artificially masked values, enabling the model to
learn robust representations for missing observations. Both OVRT and
AMRT losses address the reconstruction at the global time-series level,
this holistic perspective lacks explicit constraints for capturing the in-
herent patterns underlying temporal data. To alleviate this limitation,
the STRT loss disentangles the series into seasonal and trend representa-
tions, guiding the model to capture interpretable and physics-informed
(i.e., periodic variations and trend evolution) representations.

The main difference of the training procedure between our model
and other existing imputation models is the incorporation of seasonal-
trend reconstruction. It finely considers the reconstruction performance
from seasonal and trend perspective, and assists the model to take note
of the inherent seasonal-trend characteristics in time series. Effective-
ness of this reconstruction loss is demonstrated in the Experiments.

3.2. Transfer learning module (TLM)

As mentioned above, the TRL module focuses on time series imputa-
tion and forecasting in the presence of missing values. Here we consider
a more challenging scenario, where the imputation and forecasting tasks
are implemented with limited and missing time series data. The TLM is
designed to cope with the dilemma where only limited time series data
are available. Specifically, we first construct a related source domain
to help train the source model. Then, a transfer learning framework is
designed to explore useful knowledge from the trained source model,
aiding in the training of the target model. The detailed procedure is
explained below.

Source domain and source model construction: Different from
existing TL tasks that the related source domain is known and available,
TLM needs to construct a source dataset which is connected to the tar-
get domain based on limited target time series. Specifically, according
to TRL module, we use the model trained with L,y gy and L, pr as
the data construction model. Then we randomly mask several values
and add Gaussian noise to the actual target data. The obtained noisy
data is fed to the data construction model and the output is regarded
as the source domain. Since the source data is constructed based on the
target dataset, if the construction model performs exceptionally well on
the target dataset, the samples it generates may be too similar to the ex-
isting target data, potentially limiting the acquisition of additional use-
ful knowledge. Thus we simply train the construction model only with
Loy grr and L 4,y Although the constructed source domain is related
to the target domain and may have additional effective knowledge, there
is no guarantee that the two domains are closely associated at the data
level. Hence, we use the source domain to train a source model and ex-
tract useful information through this source model rather than directly
from the source data. The source model is constructed on the source
domain according to the complete training procedure in TRL module.

Notably, though the source domain is constructed based on the lim-
ited target domain, it is not a simple corruption of the sparse target data.
We minimize the risk of circularity and overfitting from the following
aspects: 1) The construction model is deliberately restricted in training
process with only OVRT loss and AMRT loss, which limits the model’s
capacity to memorize the target data. This restriction can to some extent
prevent overfitting to sparse target samples; 2) Target data is perturbed
with random masking and Gaussian noise. Novel patterns that are not
present in the original target data can be provided, ensuring the gen-
erated source data diverges from the target data; 3) Critically, the gen-
erated source data are not directly used for feature extraction. Instead,
we train a source model on them. This source model acts as a "filter " to
distill useful patterns from the source domain. This operation provides
higher-level insights that are more generalizable than raw source data,
mitigating the chance of overfitting.
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Transfer learning framework: As introduced above, though the
generated source data is associated with the target domain, there is no
assurance that the source and target domains are closely related. Di-
rectly aligning the target domain against the source domain may be
counterproductive. Thus, here we provide a different perspective of the
target data by feeding them to the trained source model. The output
feature space should have useful knowledge for the target task and we
regard it as the newly source domain. TLM aims to promote the target
model’s performance by aligning the newly source domain and the tar-
get domain. We implement the alignment in two ways: useful features
selection and intermediate domains construction. The former one aims
to encourage the learning of valid source features. The latter one offers
a different alignment perspective by using the constructed intermediate
domains. Detailed introductions are exhibited as follows.

Useful features selection: Since the newly source domain offers a
different viewpoint of target data, the source feature spaces may include
valid knowledge for the target task. Mimicking the source features might
be helpful for the training of target model. Formally, we denote the
trained source model mentioned above as G . Model trained on target
domain is denoted as Gy. [ = GL(x), f}. = GL.(x), f§, [} € Rimoder¢ re-
spectively represent source and target hidden features of the /th stacking
layer. The original feature alignment task can be formulated as follows:

Lo=Y, |- 74| as)

However, as a result of the difference between source and target
tasks, not all the source features are favorable to the training of target
model. A weighting strategy is designed to select useful features auto-
matically. Different weights are assigned to different features according
to their effects on the target task. Eq. (19) shows the modified feature
alignment task:

=23 w|(rh), - (7).

where (f é)c (1 ), respectively represent the cth channel of source and
target features in the /th layer, w! is the corresponding weight. Since
different source features show different importance for target task, we
predict the weight by using a simple network F, which takes source
features as the input. This network consists of an average pooling layer,
a fully-connected (FC) layer and a softmax normalization layer:

w! = Fy(fL) = softmax(FC(AvgPool (f1))) (20)
!

¢

2
(19)

where 6 represents the parameters of the network, w'! is the learned
feature weight, and Y, w'/ = 1.

Intermediate domains construction: As demonstrated in Dai et al.
(2024), if the target domain is not closely related to the source domain,
directly transferring knowledge between these two domains can be dif-
ficult. There exists a special path that potentially connects the source
and target domains. Intermediate domains existing along this path can
reflect some inter-domain connection characterizations. Therefore, we
aim to minimize the discrepancy between source and target data by
virtue of intermediate domains. Inspired by the idea of Dai et al. (2024),
we construct intermediate domains by linearly mixing the source and
target features with adaptively updated weighting coefficients [w e wT] .
As a primary component of Intermediate domains construction, how to
attain appropriate weighting coefficients is considerable.

Here we predict the weighting coefficients by using a designed net-
work F;::t:: with input of source and target features. It contains an aver-
age pooling layer, a FC layer, a Multi-Layer Perceptron (MLP) layer and
a softmax normalization layer. Specifically, we respectively feed f éve_s
and f éve  into the FC layer. Summation of the outputs are then fed into
the MLP layer. The output is finally transformed as probabilistic impor-
tance scores through the softmax normalization layer.

Specifically, in each batch, n source features and n target features
are paired at random to form n source-target pairs. For each feature pair
(r é f;), an average pooling operation is added to transform each fea-

ture into a 1 X ¢ dimensional vector, which is denoted as ( f ;Ue s/ ; ve T).
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Here f g f} have the same meanings as that mentioned above. Then we
respectively feed f ; e s and fiue  into a fully-connected layer FC. Sum-
mation of the outputs are then fed into a multi-layer perception (MLP)
to predict the weighting coefficients:

o) = (73, 51)

inter

= softmax(MLP(FC<féugis) + FC(f;Ug7T>))
=y 1y 1 @

where 6,,,,, represents the parameters of the designed sub-network,
[, w!] € R?, wl, + wh. = 1. w, i, respectively denote the weighting
coefficient assigned to source and target features of the /th layer. In
Eq. (22), fi’n . TEPresents the intermediate domain, which is obtained by
linearly mixing the source and target features. wg (wr) controls the rel-
evance between the intermediate domain and source (target) domain.
The source-target alignment task is then reformulated to proportion-
ally minimizing distances between the intermediate domains and source

(target) domain:

- Lo, I _ rl
La,inter - ZI wS ”fS inter

In Eq. (23), if f],,, is closer to f% than fI, more penalization is

allocated to the distance between f! and f é G.e., wg > w’T).

To effectively transfer knowledge from the source task to the target
task, Useful features selection and Intermediate domains construction
are employed. The former one pays attention on the importance of each
source feature. The latter one concerns about the knowledge embedded
in the intermediate domains along the path connecting the source and
target domains. The final loss used to train the target model is given as
follows:

(21

1

2 / ! 2
+ wT : ”fT = Jinter (23)

Ltaral = Lori + La + La_imer (24)

Lori = w’lr . Ltgt + (1 - w;) : Limer (25)

T T
L,g,=L(X XM
Lo = L(XT,)?’"'”,M) (26)
ainter
X = Fi (Fz(fiﬁter))

inter

In Eq. (24), L,,; is the original imputation loss. L is the reconstruction
T
loss defined in Eq. (17). XT,X respectively represent the actual and re-

constructed target domains. X" is the intermediate domain obtained
by feeding /% to the layers defined in Egs. (6)-(7). The weighting co-
efficients are also used to measure the intermediate domain’s impact on
the target task. L, and L, ;,,, optimize the alignment task, which is
utilized to assist the training of target model with limited target data.
Detailed training procedure is exhibited below.

In summary, the "Useful features selection" strategy is theoretically
grounded in representation learning. It treats the source features as a
complementary perspective of the target data that may be underrepre-
sented in the sparse target samples. Selecting the complementary source
features via Eq. (19) can enhance the target model’s ability of capturing
temporal patterns.

The "Intermediate domains construction" strategy is built on the fol-
lowing theoretical foundation: When the source and target domains are
not closely related, direct knowledge transfer often suffers from neg-
ative transfer. To alleviate this problem, this strategy constructs an
intermediate space that bridges the two domains. It can help capture
characteristics critical to target task and mitigate negative transfer.

Training procedure: The primary objective of the target model is
to achieve high performance on imputation and forecasting task with
missing and limited target data. To alleviate the target data scarcity chal-
lenge, L, and L, ;,,,, are used to encourage the learning of useful source
knowledge. The training procedure needs to learn three networks’ pa-
rameters: the parameter ¢ of the target model, the parameter ¢ of the
sub-network F, (defined in Eq. (20)), and the parameter 6,,,, of the
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sub-network Féf”"’ (defined in Eq. (21)). Borrowing the idea proposed
inter

in Jang et al. (2019), we update the parameters by using the following

scheme:

1) Update ¢ to minimize L, and L, ;,,,, for P times;
2) Update ¢ to minimize L,,; once;
3) Given parameter ¢ of the target model, then update 6 and 6,,,,, to

minimize L.

As shown above, the target model and two sub-networks are trained
jointly by alternatively updating the parameters ¢ and 6, 6, ,,,,. First, the
target model’s parameter ¢ is updated by minimizing L,,,,. Next, with
the parameter ¢ fixed, the parameters of sub-networks are updated by
minimizing L. Specifically, in the first step, ¢ is learned based on the
alignment task. It promotes the learning of useful source knowledge.
In the second step, the reconstruction loss is used to further train the
parameter ¢ for the imputation and forecasting task. In the third step,
given the target model parameter ¢, the sub-networks parameters F,
and Fe”':’i: are updated by minimizing L ;. Detailed process of our pro-
posed method is exhibited in Algorithm 1.

4. Experimental results

In this section, we evaluate the effectiveness of the proposed TTL-TS
for time series imputation and forecasting task under the challenges of
missing values and data scarcity.

4.1. Evaluation metric

To evaluate the practicability of the proposed method in imputation
and forecasting tasks, we utilize the Mean Absolute Error (MAE) metric,
Root Mean Square Error (RMSE) metric and Mean Relative Error (MRE)
metric to assess the performance of the model. Following the setting
in Du et al. (2023), the imputation errors are computed on the values
indicated by mask:

EL 3L -%) oM

MAE(x,%. M) @7
Tia T M
d
R ZdD=1 ZIT=1 |(x -%) GM),
MRE(x,%,M) = T — y (28)
D=1 Li=y 1% O M
d
20 I ((x-2) o m)?)
RMSE(x,%,M) = : (29)

D T axd
Lzt Zomt M;

where M is the missing mask, X, x respectively denote the predicted and
actual data.

4.2. Experimental settings

In the experiment, the model architecture (i.e., TRL module, TLM
module) and training loss functions are identical for both forecasting
and imputation tasks. The key differences between them lie in two as-
pects: 1) Input masking strategy: The method for constructing artificial
masks is the same for forecasting and imputation tasks. But for fore-
casting task, we additionally mask the last H time steps (the target to
predict) in the input sequence; 2) Evaluation difference: For imputation
task, metrics (MAE, RMSE, MRE) are calculated between the full recon-
structed sequence and the ground truth. For forecasting task, metrics
are computed only on the last H time steps.

In the imputation task, the window sizes for Physio2012, Air-Quality,
Electricity, ILI and Exchange are respectively set as 48, 24, 100, 48 and
48 in TTL-TS. In the forecasting task, the window sizes for Physio2012,
ILI, Exchange and Wind are respectively set as 48, 48, 48 and 100. Dur-
ing training process, TTL-TS uses the same batch size 64 for both fore-
casting and imputation tasks.
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Algorithm 1 TTL-TS algorithm.

Input: Limited target time series X7 with missing values;
Output: Results of target time series imputation or forecasting.
1: Define missing mask M of X”;
2: procedure TRL:
3: for epoch =1 — epochy g, do
4: Feed XT and M to the target model G and obtain the recon-

N
structed data X according to Eqgs. (1)-(7);

5: Train target model Gy by optimizing Eq. (17).
6: end for
7: end procedure TRL
8: procedure TLM:
9: Construct source domain and source model G;
10: for epoch = 1 — epochy g, do
11: Useful features selection:
12: Predict the weighting coefficients of source features ac-
cording to Eq. (20);
13: Construct the corresponding alignment objective accord-
ing to Eq. (19);
14: Intermediate domains construction:
15: Predict weighting coefficients for the construction of in-
termediate domains according to Eq. (21);
16: Construct intermediate features according to Eq. (22);
17: Construct the source (target)-intermediate features
alignment objective according to Eq. (23);
18: Update target model parameters ¢ and two sub-networks pa-

rameters 0, 0,,,,, according to the training scheme
introduced above.
19: end for
20: end procedure TLM
21: Return: Feed target data to the trained target model to obtain the

imputation or forecasting results.

4.3. Time series imputation

Datasets: We run imputation experiments on five datasets. The
first one is PhysioNet2012 Mortality Prediction Challenge (Physio2012)
dataset! (Goldberger et al., 2020). It consists of clinical multivariate
time series extracted from intensive care unit records. According to dif-
ferent patients, there are up to 37 variables. We process the dataset
following the procedure in Che et al. (2018), each sample is processed
to hourly time series with 48 time steps. The processed dataset is very
sparse and has 80% missing values. Similar to Du et al. (2023), we ran-
domly divide the dataset into 80% training set and 20% test set. Then
20% samples randomly selected from the training set are regarded as
the validation set. To simulate the data scarcity situation, we randomly
select 10% samples from the training set to form the training set in prac-
tice. To measure the imputation performance, we randomly mask 10%
observed values of the validation set and the test set and regard them
as ground truth for validation and test.

The second one is Air-Quality dataset® (Zhang et al., 2017). It records
the hourly sampled air pollutants from 12 stations in Beijing. Following
Du et al. (2023), data from 2013/03/01 to 2017/02/28 are selected as
the whole data. There are 132 features in total by aggregating all the
variables of 12 stations. In the original dataset, there are 1.6% missing
values. To increase difficulty, we artificially add 60% extra missing val-
ues. Similar to Du et al. (2023), data from 2014/01-2014/10 are selected
as the validation set. Data from 2013/03-2013/12 are used as the test
set. Data from 2014/11-2017/02 are used as the original training set.
Analogous to Physio2012, to simulate the situation of data scarcity, we

1 https://www.physionet.org/content/challenge-2012
2 https://archive.ics.uci.edu/ml/datasets/Beijing + Multi-Site +
Air-Quality + Data
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randomly select 10% samples from the training set to form the practical
training set. We respectively mask 10% observed values in the valida-
tion and test sets and use them as the ground truth for evaluation.

The third dataset is the Electricity dataset® (Dua & Graff, 2017). It
records the electricity consumption of 370 clients. We use the data from
2011/11 to 2012/08 as the validation set and use the data from 2011/01
to 2011/10 as the test set. Data from 2012/09 to 2014/12 are used as
the original training set. Since there are no missing values in original
electricity dataset, we artificially eliminate 60% observed values in the
dataset. Similar to the first two datasets, we randomly select 10% sam-
ples from the original training set to form the practical training set. The
artificially added missing values in the test set are used for imputation
performance evaluation.

The fourth dataset is the Influenza-like illness (ILI) dataset.* It col-
lects the weekly proportion of patients with influenza-like symptoms
from the Centers for Disease Control and Prevention. We firstly prepro-
cess ILI following the method in Challu et al. (2022). Similar to Electric-
ity dataset, ILI has no missing values. We artificially mask 60% observed
values. According to Challu et al. (2022), we randomly split the dataset
into original training/validation/test sets according to 70%, 10%, 20%.
Since the number of samples in original training set is quite small, we
randomly select 50% samples from it to construct the practical training
set. The artificially masked values in test data are used for evaluation.

The fifth dataset is the Exchange dataset.® It contains the records of
daily exchange rates of eight currencies from 1990 to 2016. We arti-
ficially mask 60% observed values of the data. Then we use the same
method in Physio2012 dataset to construct the original training/vali-
dation/test sets. For the same reason as mentioned in ILI dataset, we
randomly select 50% samples from the original training set to construct
the practical training set.

In summary, we use five datasets for imputation experiments. Phy-
sioNet2012 has 80% naturally missing data and no artificially masked
data. Air-Quality has 1.6% naturally missing data and 60% artificially
masked data in the training set. Electricity, ILI and Exchange contain
no naturally missing data and we artificially mask 60% data in their
training sets. We simulate data scarcity by constructing reduced training
subsets. For PhysioNet2012, Air-Quality, and Electricity, 10% samples
are randomly selected from their original training sets. To account for
the limited scale of ILI and Exchange, we randomly retain 50% samples
from the original training sets.

Experimental Results: In this part, we evaluate the imputation per-
formance of the proposed method. To make a comprehensive compari-
son, we adopt several outstanding imputation methods, including BRITS
(Cao et al., 2018), MRNN (Yoon et al., 2018), SAITS (Du et al., 2023),
CSDI (Tashiro et al., 2021), SpectraNet (Challu et al., 2022) as bench-
marks. We implement the compared approaches via the codes provided
by authors.

Tables 1-3 respectively exhibit the MAE, RMSE and MRE results
of different methods on five datasets. All results are averaged over 3
independent runs with different random seeds. The proportions of miss-
ing values and selected training samples in the original training data are
introduced in Datasets part. From Tables 1-3 we can find that the pro-
posed TTL-TS outperforms all other baselines on MAE and MRE. The
RMSE metric of SAITS is better than that of TTL-TS on dataset Air-
Quality. While on other datasets, RMSE values of TTL-TS are also the
best. By analyzing the ablations of TTL-TS, we can easily find that TRL
with the trend-season reconstruction part behaves better than that with-
out this part. On some datasets, e.g., Electricity, ILI, Exchange, perfor-
mance of TRL with fine-tune is worse than that of TRL. That may be
because the source model differs considerably from target model. But
the TTL-TS also has satisfactory performance. Thus, we can roughly con-
clude that both the trend-season reconstruction part and the designed

3 https://archive.ics.uci.edu/ml/datasets/ElectricityLoadDiagrams20112014
4 https://gis.cdc.gov/grasp/fluview/fluportaldashboard.html
5 https://github.com/laiguokun/multivariate-time-series-data
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Table 1
Imputation MAE results of different methods on five datasets.
Physio2012 Air-Quality Electricity ILI Exchange
BRITS 0.2824+0.0013 0.2962+0.0041 1.1917 +0.0058 0.9361 +0.0029 0.0504+0.0023
MRNN 0.5338+0.0004 0.3126+0.0029 1.2974+0.0110 1.0268 +£0.0030 0.1403+0.0009
SAITS 0.2608 +0.0017 0.2470+0.0047 1.0104+0.0094 0.7395+0.0043 0.0499+0.0010
CSDI 0.3199+0.0008 0.2607 =0.0015 1.0118+0.0101 1.0317+0.0027 0.1246+0.0024
SpectraNet 0.3192+0.0015 0.2727 +0.0023 1.3462+0.0089 0.9730+0.0037 0.0569+0.0018
TRL/wo trend-season® 0.2499=0.0010 0.2719+0.0020 1.0024 +0.0064 0.7176 £0.0026 0.0447 +0.0012
TRL? 0.2469+0.0011 (A: —1.20%) 0.2614+0.0008 (A: —3.86%) 0.9821+0.0075 (A: —2.03%) 0.6717+0.0032 (A: —6.39%) 0.0441+0.0014 (A: —1.34%)
TRL + finetune® 0.2353+0.0007 0.2472+0.0017 0.9907 +£0.0072 0.7463+0.0025 0.0449+0.0008
TTL-TS 0.2312+0.0005 0.2460+0.0014 0.9669 +0.0086 0.6451 +0.0027 0.0402+0.0004

2 Ablations of TTL-TS. TRL: model trained without TLM module; A: the relative performance improvement ratio of TRL over TRL/wo trend-season; TRL/wo
trend-season: The variant of TRL where only L,y gy and L,z are used (i.e., Lgypr is removed); TRL+ finetune: Replace TLM module with the fine-tune

technique.
Table 2
Imputation RMSE results of different methods on five datasets.
Physio2012 Air-Quality Electricity ILI Exchange
BRITS 0.5594 +0.0016 0.6043+0.0039 1.7604+0.0115 1.3354+0.0118 0.0758 +£0.0030
MRNN 0.7752+0.0007 0.5847 +0.0020 1.9064+0.0133 1.4498+0.0120 0.1713+0.0007
SAITS 0.5014+0.0012 0.5182+0.0031 1.6842+0.0083 1.0794+0.0127 0.0621 +0.0009
CSDI 0.6654 +0.0009 0.8735+0.0010 8.1830+0.0140 1.5521+£0.0115 0.1608+0.0018
SpectraNet 0.5306 +0.0016 0.5702+0.0026 1.9740+0.0139 1.3765+0.0088 0.0714+0.0011
TRL/wo trend-season 0.4976+0.0011 0.5464 +0.0023 1.6300+0.0117 1.0623+0.0124 0.0552+0.0014
TRL 0.4942+0.0012 (A: —0.68%) 0.5348+0.0006 (A: —2.12%) 1.5744+0.0127 (A: —3.41%) 1.0300+0.0132 (A: —3.04%) 0.0544+0.0010 (A: —1.45%)
TRL + finetune 0.4680+0.0003 0.5326+0.0018 1.6345+0.0119 1.1258+0.0129 0.0559+0.0009
TTL-TS 0.4657 =0.0001 0.5320+0.0016 1.5477 £0.0121 1.0137 £0.0138 0.0503+0.0013
Table 3
Imputation MRE results of different methods on five datasets.
Physio2012 Air-Quality Electricity ILI Exchange
BRITS 40.99% +0.0023 41.85% +0.0021 63.82%+0.0111 52.93%+0.0100 6.08% +0.0029
MRNN 77.48% +0.0002 44.17%+0.0017 69.48% +0.0125 58.06% +0.0018 16.92%+0.0010
SAITS 37.86% +0.0011 34.91%+0.0022 54.11%+0.0117 41.82%+0.0113 6.01%+0.0013
CSDI 46.44% +0.0006 36.84%+0.0010 54.19%+0.0120 58.34%+0.0019 15.03% =+ 0.0021
SpectraNet 46.18% +0.0020 38.54%+0.0019 72.09% +0.0128 55.02%+0.0017 6.86% +0.0022
TRL/wo trend-season 36.28% =+0.0012 38.42%+0.0011 53.68%+0.0123 40.58% +0.0008 5.40%+0.0016
TRL 35.84%+0.0014 (A: -1.21%) 36.93% +0.0005 (A: —3.88%) 52.60% +0.0115 (A: —2.01%) 37.98%*0.0013 (A: —6.40%) 5.32% +0.0010 (A: —1.48%)
TRL + finetune 34.15%+0.0009 34.94% +0.0021 53.05% +0.0098 42.20% +0.0018 5.42% +0.0008
TTL-TS 33.56% +0.0007 34.76% +0.0019 51.78%+0.0104 36.48% +0.0015 4.85% +0.0017

transfer learning framework (i.e. TLM module) are beneficial to the im-
putation task under the challenge of data scarcity (i.e., only limited
training data are available).

Figs. 2-3 describe the imputation performances of the proposed
method intuitively. Due to space limitations, here we only present some
of the visualization results.

Figs. 2 and 3 respectively exhibit a section of the results obtained by
TTL-TS and each baseline on ILI dataset with dimension 7 and Exchange
dataset with dimension 4. As shown in Fig. 2, compared to all the base-
lines, TTL-TS has a better fitting effect on the real data. In Fig. 3, we can
also find that TTL-TS also lead to superior result. Fitting performance
of TTL-TS is obviously better than all other baselines. By analyzing
Tables 1-3 and Figs. 2-3, we can roughly conclude that the proposed
TTL-TS excels at the time series imputation task under the challenges of
data scarcity and missing values.

4.4. Time series forecasting

As mentioned in Section 3, Time series forecasting can be regarded
as a particular case of imputation, where the imputation region spans
across the last H time steps of each series. Thus, in the forecasting task,
for each series, we additionally mask the last H time steps.

Datasets: We run forecasting experiments on four datasets:
Physio2012 dataset, Exchange dataset, ILI dataset and Wind dataset®

6 https://www.kaggle.com/sohier/

(Dane, 2015). The first three datasets are the same as that mentioned
in Section 4.2. The Wind dataset is commonly utilized in time series
forecasting task. It contains 28 countries’ wind energy which is daily
estimated from 1986 to 2015. We preprocess Wind dataset according
to Moreno-Pino et al. (2023). Since ILI, Exchange and Wind datasets
have no missing values, we artificially mask 60% observed values. Then
rolling window strategy, which is widely applied in time series forecast-
ing task, is utilized to construct forecasting samples. The proportions of
original training/validation/test sets of Physio2012, Exchange and ILI
datasets are the same as that used in the imputation task. To simulate
the data scarcity situation, the practical training set is made up of 10%
samples selected from the original training set. For Wind dataset, we
randomly divide the dataset into 80% original training set and 20% test
set. Then we randomly select 20% samples from the original training
set to construct the validation set. 10% samples are selected from the
rest original training set to form the practical training set. Forecasting
horizons of Physio2012, ILI, Exchange and Wind are respectively 5, 24,
24, 24.

In forecasting experiments, PhysioNet2012, ILI and Exchange adopt
the same natural missing ratio and artificial masking ratio as those
used in the imputation experiments. Wind has no naturally missingness
and we artificially mask 60% data in the training set. To simulate data
scarcity situation, the training set size is reduced to 10% of the original
for all datasets.

Experimental Results: In this part, we evaluate the forecasting per-
formance of the proposed method. To make a comprehensive com-
parison, we use several state-of-the-art forecasting methods as bench-
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Fig. 2. Results of TTL-TS and each baseline vs. true data on ILI dataset with dimension 7.
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Fig. 3. Results of TTL-TS and each baseline vs. true data on exchange dataset with dimension 4.

marks, including DeepAR (Salinas et al., 2020), NBeats (Oreshkin et al., We implement the compared approaches via the codes provided by
2020), FEDFormer (Zhou et al., 2022), SAITS (Du et al., 2023), and authors.

SpectraNet (Challu et al., 2022). The first three are widely recognized Tables 4-6 present the forecasting accuracy of different methods on
for their effectiveness in time series forecasting, while SpectraNet and four datasets. We find that the proposed TTL-TS achieves satisfactory
SAITS stand out for their versatility, handling both time series im- performances on all the datasets. It’s evident that imputation meth-
putation and forecasting tasks (Challu et al., 2022; Du et al., 2023). ods, such as SpectraNet and SAITS, significantly outperform traditional

10
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Table 4
Forecasting MAE results of different methods on four datasets.
Physio2012 (h-5)" ILI (h-24)° Exchange (h-24)" Wind (h-24)"

DeepAR 0.5563+0.0025 1.5889+0.0020 0.3736+0.0013 0.6777 =0.0009
NBeats 0.5182+0.0007 1.5533+0.0023 0.4102+0.0031 0.6724+0.0010
FEDFormer 0.5582+0.0015 1.8360=+0.0009 0.2926+0.0038 0.7941+0.0010
SpectraNet 0.4343+0.0008 1.4919+0.0016 0.0665+0.0012 0.6062+0.0021
SAITS 0.4274+0.0010 1.3388+0.0033 0.0436+0.0015 0.5939+0.0022

TRL/wo trend-season®
TRL?

TRL + finetune®
TTL-TS

0.4257+£0.0011
0.4112+0.0005 (A: —3.41%)
0.4109+0.0003
0.4018£0.0006

1.3350£0.0003
1.3010+0.0007 (A: —2.55%)
1.3352+0.0009
1.2698 +0.0013

0.0492+0.0028
0.0532+0.0011 (A: 8.13%)
0.0587+0.0010
0.0411 £0.0005

0.6202+0.0004
0.5660+0.0015 (A: —8.74%)
0.5673 £0.0012

0.5604 +£0.0016

2 Ablations of TTL-TS.

b Forecasting horizons: e.g. ‘h-5’ means that the forecasting horizon is 5

Table 5

Forecasting RMSE results of different methods on four datasets.

Physio2012 (h-5)

ILI (h-24)

Exchange (h-24)

Wind (h-24)

DeepAR

NBeats

FEDFormer
SpectraNet

SAITS

TRL/wo trend-season
TRL

0.7852+0.0033
0.7342+0.0016
0.7712+0.0020
0.6737+£0.0019
0.6530+0.0021
0.6491 +£0.0019
0.6412+0.0014 (A: —1.22%)

2.3301+0.0025
2.2795+0.0038
2.4546+0.0019
2.1710%0.0026
2.0622+0.0035
2.0263+0.0013
1.9724+0.0018 (A: —2.66%)

0.3918+0.0020
0.4732+0.0031
0.3758 +£0.0043
0.0847 +0.0017
0.0527 +0.0028
0.0635+0.0042
0.0636 +0.0026 (A: 0.16%)

0.8100+0.0012
0.8027 +£0.0015
0.9667 +0.0018
0.7655+0.0014
0.7571 +0.0040
0.7811+0.0022
0.7290+0.0016 (A: —6.67%)

TRL + finetune 0.6459+0.0010 2.0081+0.0021 0.0715%+0.0015 0.7334+0.0020
TTL-TS 0.6315+0.0015 1.9569+0.0020 0.0515+0.0010 0.7229+0.0013
Table 6
Forecasting MRE results of different methods on four datasets.
Physio2012 (h-5) ILI (h-24) Exchange (h-24) Wind (h-24)

DeepAR

NBeats

FEDFormer
SpectraNet

SAITS

TRL/wo trend-season
TRL

TRL+ finetune

80.40%+0.0019
74.91%+0.0015
123.61%*0.0022
61.96%+0.0012
61.71%+0.0018
61.46%+0.0019
59.37%=0.0007 (A: —3.40%)
59.32%=+0.0009

84.25%+0.0031
82.36%+0.0029
174.77%=*0.0015

79.47% *0.0025
71.14%+0.0022
70.94%+0.0016
69.13%+0.0019 (A: —2.55%)
70.95% +0.0018

45.19% +0.0022
49.63%+0.0018
44.38%+0.0052

8.05% +0.0022
5.28%+0.0037

5.94% +0.0033

6.43% +0.0025 (A: 8.25%)
7.10%+0.0023

77.54%+0.0010
76.93%+0.0011
189.03%*0.0046

69.36% +0.0028
67.95%+0.0037

70.96% *0.0035

64.76% % 0.0024 (A: —8.74%)
64.91%+0.0020

TTL-TS 58.01%+0.0011

67.47% +0.0034

4.97% +0.0017 64.12% +0.0022

forecasting methods like DeepAR, NBeats and FEDFormer. That may
be because traditional forecasting approaches rely heavily on sufficient
training data. Missing values and data scarcity vastly diminish their fore-
casting capability.

By analyzing the ablations of TTL-TS, we find that TRL with the
trend-season reconstruction part performs better than that without this
part on most of the datasets. Incorporation of the TLM module also has
obviously positive impact on the forecasting task, which is particularly
obvious on Exchange dataset. On this dataset, though the forecasting
performance of TRL is inferior to that of SAITS and TRL/wo trend-
season, the incorporation of TLM significantly increases the forecasting
accuracy.

Fig. 4 intuitively describes the forecasting performances of the pro-
posed TTL-TS and several effective baselines. Due to space limitations,
here we only present some of the visualization results.

The picture above displays the results for the 6th dimension of the
56th sample in Exchange dataset. The picture below displays the results
for 4th dimension of the 5th sample in Exchange dataset. We can find
that the forecasting result of TTL-TS consistently meets or exceeds the
performances of other methods. TRL/wo trend-season and SAITS also
have satisfactory forecasting results. While compared to these methods,
TRL and SpectraNet perform slightly worse. This conclusion is coinci-
dent with that in Tables 4-6.

As shown above, on most of the datasets, the TLM module and trend-
season reconstruction part are beneficial to the imputation/forecasting
performance of TTL-TS. Above results demonstrate the effectiveness of
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the proposed TTL-TS method in time series imputation and forecasting
tasks with limitations of missing values and data scarcity.

4.5. Additional experiments

4.5.1. Comparison with time series foundation models

To further evaluate the performance of the proposed method for time
series forecasting and imputation tasks under data-missing and data-
scarce conditions, we expand the comparative analysis by incorporating
several state-of-the-art time series foundation models. These models are
pre-trained on extensive datasets and demonstrate strong transferability
to few-shot/zero-shot scenarios.

For the forecasting task, Timer (Liu et al., 2024b),” MOMENT
(Goswami et al., 2024),8 and TimerXL (Liu et al., 2025)° are selected
as benchmark methods. For the imputation task, Timer, MOMENT and
GPT4TS (Zhou et al., 2023)0 are used as benchmark methods. (Since
TimerXL lacks explicit support for imputation tasks, here we substituted
it with GPT4TS).

Specifically, according to the instructions provided in the papers of
these foundation models, we fine-tune the pre-trained base models (of-
ficial checkpoints provided in the papers) with limited target samples.

7 https://github.com/thuml/Large-Time-Series-Model

8 https://huggingface.co/AutonLab/MOMENT-1-small

9 https://huggingface.co/thuml/timer-base-84m

10 https://github.com/DAMO-DI-ML/NeurIPS2023-One-Fits-All
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Fig. 4. Forecasting results of different methods for the 6th dimension of the 56th sample in exchange dataset (ABOVE), the 4th dimension of the 5th sample in

exchange dataset (BELOW).

Table 7
Forecasting results of TTL-TS and time series foundation models.
Metrics ~ Physio2012 (h-5)  ILI (h-24) Exchange (h-24) Wind (h-24)
MAE 0.4380+0.0010 1.2840+0.0024 0.0417+0.0011 0.5702+0.0022
Timer RMSE 0.6600+0.0015 1.8062+0.0038 0.0421+0.0012 0.7929+0.0032
MRE 63.23%+0.0012 68.22% +0.0020 5.04%+0.0014 65.24% +0.0025
MAE 0.4279+0.0016 1.3026 +0.0021 0.0433+0.0007 0.5689+0.0019
MOMENT RMSE 0.6511+0.0012 1.8324+0.0027 0.0437 +0.0010 0.7915+0.0029
MRE 61.77% +0.0009 69.21% +0.0025 5.23%+0.0014 65.08% +0.0017
MAE 0.4183+0.0013 1.2747 =0.0032 0.0409+0.0008 0.5671+0.0015
TimerXL RMSE 0.6442+0.0021 1.7931 +0.0029 0.0413+0.0010 0.7905+0.0023
MRE 60.39% +0.0016 67.79% +0.0026 4.95%+0.0013 64.88% +0.0019
MAE 0.4018+0.0006 1.2698 +0.0013 0.0411 +0.0005 0.5604+0.0016
TTL-TS RMSE 0.6315+0.0015 1.9569+0.0020 0.0515+0.0010 0.7229+0.0013
MRE 58.01%+0.0011 67.47% +0.0034 4.97%+0.0017 64.12% +0.0022

All foundation models are fine-tuned on the same preprocessed data as
TTL-TS, with the following settings: The learning rate of the foundation
models is set as 1e-4. Batch size is selected from the range {32, 64, 128}.
Training is performed for 100 epochs with early stopping based on vali-
dation loss (patience = 5). Hyperparameters were tuned on the valida-
tion set independently for each dataset.

Tables 7, 8 respectively present the forecasting and imputation per-
formances of different methods under data-missing and data-scarce con-
ditions. All results are averaged over 3 independent runs with different
random seeds.

From Table 7, we find that time series foundation models exhibit
competitive results compared to conventional time series forecasting
baselines (shown in Tables 4-6). Large-scale pre-training on diverse
datasets enables these models to learn universal temporal patterns and
dependencies across domains. Overall, TTL-TS performs competitively
and is superior to foundation models on both Wind and PhysioNet2012
datasets. That maybe because TTL-TS is explicitly optimized for the joint
challenge of data scarcity and missingness. Under this protocol, lim-
ited fine-tuning data may degrade the feature extraction capability of
foundation models. Missing values may disrupt data continuity, making
models harder to infer underlying dynamics. Nevertheless, foundation
models such as TimerXL still maintain strong performance on specific
datasets and metrics (e.g., Exchange).

Table 8 shows the imputation performances of models. From Table 8,
all foundation models achieve competitive results. Timer presents the
strongest overall performance among foundation models. TTL-TS also
performs competitively. For example, TTL-TS achieves better MAE and
MRE on PhysioNet2012, ILI and Exchange. That maybe because signif-
icant domain shift exists between the target data and the pre-trained
data, which limits effective fine-tuning of large pre-trained models. On
Air-Quality and Electricity datasets, Timer achieves lower MAE and
MRE, indicating that when temporal patterns are compatible with pre-
training distributions, foundation models may remain highly competi-
tive.

Consequently, TTL-TS is preferable when extreme training-sample
scarcity and high missing rates coexist. When the target domain is well
aligned with pre-training data, foundation models may achieve superior
results.

4.5.2. Comparison with other prominent transfer learning strategies

To further measure the effectiveness of the TLM module, we replace
TLM with two prominent and model-Agnostic transfer learning frame-
work strategies: Domain-Adversarial Neural Network (DANN) (Ganin
et al., 2016) and Model-Agnostic Meta-Learning (MAML) (Finn et al.,
2017). All other model architectures are unchanged. DANN is a clas-
sic domain-adversarial based method which is widely used for domain

12
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0.0416+0.0008
0.0440+0.0016

0.0490+0.0006
0.0515+0.0015

0.0453+0.0010
0.0478+0.0018

0.04020.0004
0.0503+0.0013
4.85%+0.0017

0.0435+0.0007
0.0459+0.0016
5.24%+0.0012

0.0424+0.0010
0.0447 £0.0021
5.11%+0.0019

0.0402+0.0004
0.0503+0.0013
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Table 8
Imputation results of TTL-TS and time series foundation models.
Metrics Physio2012 Air-Quality Electricity ILI Exchange
MAE 0.2550+0.0011 0.2391 +0.0017 0.9571+0.0068 0.7129+0.0019
Timer RMSE 0.4398 +£0.0023 0.5606 +0.0020 1.6610+0.0097 1.2797 £0.0072
MRE 37.01%=*0.0009 33.78%+0.0011 51.25% +0.0088 40.31%+0.0056 5.02%+0.0015
MAE 0.2615+0.0008 0.2474+0.0019 0.9702+0.0089 0.7428 +0.0023
MOMENT RMSE 0.4510+0.0012 0.5664 +0.0036 1.6695+0.0130 1.2778+0.0132
MRE 37.96%+0.0010 34.96% +0.0021 51.96%+0.0108 42.01%+0.0016 5.90%+0.0011
MAE 0.2643+0.0019 0.2551+0.0017 0.9812+0.0079 0.7721+0.0031
GPT4TS RMSE 0.4535+0.0034 0.5721+0.0028 1.6763+0.0124 1.4223+0.0042
MRE 38.37%+0.0021 36.05%+0.0013 52.54%+0.0100 43.66% *+0.0039 5.46% +0.0020
MAE 0.2312+0.0005 0.2460+0.0014 0.9669 +0.0086 0.6451+0.0027
TTL-TS RMSE 0.4657 +0.0001 0.5320+0.0016 1.5477 £0.0121 1.0137 +£0.0138
MRE 33.56% +0.0007 34.76%+0.0019 51.78%+0.0104 36.48% +0.0015
Table 9
Forecasting results of TTL-TS and TRL with two prominent transfer learning strategies.
Metrics ~ Physio2012 (h-5)  ILI (h-24) Exchange (h-24) Wind (h-24)
MAE 0.4097 +=0.0009 1.3249+0.0016 0.0448+0.0010 0.5675+0.0019
TRL+DANN RMSE 0.6362+0.0018 1.8638+0.0024 0.0452+0.0017 0.7915+0.0026
MRE 59.15%=+0.0010 70.40% *0.0029 5.43%+0.0015 64.92% +0.0030
MAE 0.4079+0.0007 1.3212+0.0012 0.4698+0.0013 0.5650+0.0015
TRL + MAML RMSE 0.6365+0.0011 1.8586+0.0023 0.6318+0.0023 0.7902+0.0022
MRE 58.89% +0.0008 70.20%+0.0033 5.68%+0.0018 64.64% +0.0027
MAE 0.4018 +0.0006 1.2698 +0.0013 0.0411 +0.0005 0.5604 +0.0016
TTL-TS RMSE 0.6315+0.0015 1.9569+0.0020 0.0515+0.0010 0.7229+0.0013
MRE 58.01%+0.0011 67.47% +0.0034 4.97%+0.0017 64.12% +0.0022
Table 10
Imputation results of TTL-TS and TRL with two prominent transfer learning strategies.
Metrics ~ Physio2012 Air-Quality Electricity ILI Exchange
MAE 0.2361+0.0015 0.2428 +0.0035 0.9922+0.0063 0.7311+0.0028
TRL+DANN RMSE 0.5150+0.0013 0.5635+0.0051 1.6838+0.0096 1.2182+0.0101
MRE 34.27% +0.0020 34.32%+0.0043 53.13%+0.0115 41.34% +0.0020
MAE 0.2342+0.0009 0.2462+0.0013 0.9854+0.0073 0.6988 +0.0034
TRL+MAML RMSE 0.3474+0.0010 0.5629+0.0018 1.6792+0.0127 1.2114+0.0127
MRE 34.00%+0.0016 34.79% =+ 0.0021 52.77%+0.0110 39.51%+0.0058
MAE 0.2312+0.0005 0.2460+0.0014 0.9669 +0.0086 0.6451 +0.0027
TTL-TS RMSE 0.4657 +0.0001 0.5320+0.0016 1.5477 +0.0121 1.0137 +£0.0138
MRE 33.56% +0.0007 34.76% +0.0019 51.78%+0.0104 36.48% +0.0015

4.85%+0.0017

adaptation. MAML is a classic meta-learning framework widely applied
to few-shot tasks. Tables 9 and 10 respectively present the forecasting
and imputation results of different models. The experimental datasets
are the same as that in Tables 1-6.

As shown in Tables 9, 10, TTL-TS outperforms TRL+DANN and
TRL +MAML on most datasets for both forecasting and imputation tasks.
That maybe because the source data are generated by simply-trained
model and contains noise (as mentioned in "Source domain and source
model construction" section). It maybe not closely associated with tar-
get task. DANN aims to mitigate domain shift by aligning feature distri-
butions between source and target domains, while large domain diver-
gence makes it hard to capture effective cross-domain representations.
For MAML, the large domain divergence corrupts the task similarity
assumption, degrading the model’s knowledge transfer efficiency. The
experiment validates the effectiveness of TLM module in time series fore-
casting and imputation tasks with data-scarce and data-missing.

4.5.3. Further empirical validation of the transfer learning mechanism

To test whether the performance gains of TTL-TS arise from knowl-
edge transfer rather than circular exploitation of target-specific patterns,
we conduct four sets of controlled experiments:

13

(1) Comparison with Gaussian-noise augmentation without TLM
(GN_w/o TLM): Gaussian noise is used to augment the training data
without using the TLM module.

Comparison with teacher-student distillation (Teacher-Student-

Distill): The source model is pre-trained on the same target-derived

synthetic samples as in TTL-TS. Then it serves as the teacher to guide

the target model’s training via the standard distillation objective
without TLM.

Evaluation with completely unrelated source domain: A com-

pletely unrelated external dataset is used as the source domain.

Specifically, we use Air-Quality as the unrelated source domain for

the time series forecasting tasks, and Wind dataset as the unrelated

source domain for the imputation tasks. To better validate the effec-
tiveness of the TLM, two variants are tested:

(3-1) Unrelated Source with full TTL-TS (UR_src-TTL-TS): The full
TTL-TS pipeline is applied with an unrelated external dataset as
the source domain.;

(3-2) Unrelated Source with simple distillation (UR_sre-Distill):
The same unrelated source domain is used. But the TLM module
of TTL-TS is substituted by a teacher-student distillation mecha-
nism.

(2

3
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Table 11
Validation of the transfer learning mechanism on forecasting tasks.
Metric Physio2012(h-5) ILI(h-24) Exchange(h-24) Wind(h-24)
MAE 0.4722+0.0002 1.3821+0.1168 0.0806+0.0132 0.5727 +0.0023
GN_w/o0 TLM RMSE 0.6913+0.0017 2.0811+0.1674 0.1039+0.0223 0.7384+0.0001
MRE 68.17%+0.0003 73.44% +0.0620 9.75%+0.0144 65.52% +0.0026
MAE 0.4745+0.0013 1.3816+0.0045 0.0451+0.0010 0.5785+0.0136
Teacher-Student-Distill RMSE 0.6966 +0.0022 2.0862+0.0243 0.0586 +0.0002 0.7495+0.0208
MRE 68.51%+0.0019 73.41%+0.0024 5.46% +0.0012 66.19%+0.0156
MAE 0.4905+0.0012 1.3525+0.0120 0.0513+0.0067 0.5841 +0.0098
UR_src-TTL-TS RMSE 0.7134+0.0032 2.0536+0.0203 0.0621 +0.0076 0.7478 +£0.0104
MRE 70.81%=+0.0017 71.87%+0.0064 6.21%+0.0081 66.83%+0.0112
MAE 0.5309+0.0031 1.4721+0.0140 0.0812+0.0100 0.6015+0.0017
UR _src-Distill RMSE 0.7614+0.0018 2.1638+0.0091 0.0995+0.0127 0.7663 +0.0026
MRE 76.64% +0.0045 78.22%+0.0074 9.83%+0.0120 68.81%+0.0020
MAE 0.4018+0.0006 1.2698+0.0013 0.0411 +0.0005 0.5604+0.0016
TTL_TS RMSE 0.6315+0.0015 1.9569 +0.0020 0.0515+0.0010 0.7229+0.0013
MRE 58.01%+0.0011 67.47% +0.0034 4.97%+0.0017 64.12% +0.0022

MMD/ p-value 0.4590/p < 0.01

0.4806/p < 0.01

0.5966/p < 0.01

0.1436/p < 0.01

Table 12

Validation of the transfer learning mechanism on imputation tasks.

Electricity

ILI

Exchange

1.0253+0.0180
1.6460x0.0012
54.91%+0.0096

0.7409+0.0026
1.2423+0.0070
38.27%+0.0036

0.0449+0.0012
0.0572+0.0002
5.42%+0.0015

1.0406+0.0119
1.6271+0.0057
55.73%=+0.0117

0.7186+0.0189
1.2025+0.0311
37.12%+0.0097

0.0503 +0.0027
0.0599+0.0034
6.08% +0.0032

1.0191£0.0282
1.6166 £0.0061
54.57%+0.0151

0.6721+0.0074
1.1102+0.0374
34.72%+0.0038

0.0386 +0.0064
0.0509+0.0093
4.65% *0.0077

1.0737£0.0077
1.6706+0.0158
57.50%*0.0041

0.8584+0.0048
1.4120+0.0053
44.34% +0.0025

0.0856 +0.0021
0.1043+0.0016
10.33%+0.0026

Metric Physio2012 Air-Quality
MAE 0.2626 +0.0011 0.3115+0.0019
GN_w/o0 TLM RMSE 0.5098 0.0020 0.6910+0.0031
MRE 38.12%+0.0015 44.01%+0.0026
MAE 0.2574+0.0017 0.2528 +0.0020
Teacher-Student-Distill ~ RMSE 0.5079+0.0015 0.4701+0.0018
MRE 37.36% +0.0024 35.84%+0.0029
MAE 0.2507 =0.0026 0.2110+0.0016
UR_src-TTL-TS RMSE 0.4958 +0.0088 0.3942+0.0022
MRE 36.40% +0.0038 29.91% +0.0023
MAE 0.2695 +0.0006 0.2151 +0.0005
UR_src-Distill RMSE 0.5149+0.0027 0.4520+0.0032
MRE 39.12%+0.0009 30.49% +0.0007
MAE 0.2312+0.0005 0.2460+0.0014
TTL_TS RMSE 0.4657 +0.0001 0.5320+0.0016
MRE 33.56%+0.0007  34.76%+0.0019

0.9669 +0.0086
1.5477 £0.0121
51.78%+0.0104

0.6451 £0.0027
1.0137 £0.0138
36.48%+0.0015

0.0402+0.0004
0.0503+0.0013
4.85%+0.0017

MMD/p-value

0.4583/p < 0.01

0.7876/p < 0.01

0.7604/p < 0.01

0.6003/p < 0.01

0.5986/p < 0.01

1. Discrepancy between target and constructed source data: We
use Maximum Mean Discrepancy (MMD) and permutation tests to
validate the domain shift between the target domain and the con-
structed source domain. MMD quantifies the divergence between do-
mains, where higher values indicate greater distributional disparity.
The p-value, derived from a permutation test, measures the statis-
tical significance of the observed distributional discrepancy under
the null hypothesis that the target and constructed source domains
share the same distribution. The p-value < 0.01 indicates that the null
hypothesis can be rejected at the 1% significance level, implying a
statistically significant distributional shift.

Tables 11 and 12 respectively represent the results for time series
forecasting task and imputation task. All results are averaged over 3
independent runs with different random seeds.

As shown in Tables 11-12, GN_w/o TLM underperforms TTL-TS
across all datasets in both forecasting and imputation tasks. These results
indicate that simply augmenting the target training data with Gaussian
noise cannot replace the efficacy of TTL-TS, which validates the effec-
tiveness of TLM module.

Teacher-Student-Distill also falls short of TTL-TS in time series fore-
casting tasks. In imputation task, Teacher-Student-Distill is competitive
on Air-Quality with lower RMSE, but still inferior on others. The key
distinction is that TTL-TS selectively transfers useful source features and
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constructs intermediate domains for gradual alignment in TLM module,
whereas distillation mimics all teacher outputs. This confirms that the
performance gains of TTL-TS over TRL are not attributable to simple
knowledge distillation.

The unrelated-source experiments aim to test whether TTL-TS merely
memorizes target-specific patterns. To better validate the effectiveness
of the TLM, we divide this baseline into the following two variants:
UR_src-TTL-TS and UR_src-Distill. From Tables 11-12, UR_src-TTL-TS
outperforms UR_src-Distill across all datasets, demonstrating that TLM’s
transfer mechanisms can extract useful knowledge even from unrelated
source domains.

Besides, TTL-TS with its target-derived constructed source domain
outperforms UR_src-TTL-TS on most datasets, which is expected because
the constructed source domain is more task-relevant than an unrelated
external dataset in most situations. An interesting case arises on Air-
Quality in the imputation task, where UR_src-TTL-TS outperforms the
TTL-TS. That maybe because as multivariate environmental time se-
ries, though Wind and Air-Quality are unrelated at the task semantics
level, there are similar structural properties between them. In addi-
tion, the comparison between UR_src-TTL-TS and UR-src-Distill on the
same dataset shows that the gain is not merely due to using an external
dataset. TLM remains necessary to extract transferable knowledge.

To further verify that the constructed source domain is statisti-
cally distinct from the target domain, we use the Maximum Mean
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Table 13
Ablation results of each TLM component on forecasting tasks.
Metric Physio2012(h-5) ILI(h-24) Exchange(h-24) Wind(h-24)
MAE 0.4941 +0.0082 1.4261+0.0036 0.0510+0.0135 0.5764+0.0023
w/o_ufs RMSE 0.7191+0.0110 2.1465+0.0017 0.0632+0.0155 0.7420+0.0008
MRE 71.33%=+0.0119 75.78% +0.0019 6.16%+0.0163 65.95% *+0.0026
MAE 0.4795+0.0027 1.3664+0.0222 0.0473+0.0063 0.5718+0.0008
w/o_ide RMSE 0.7048 +0.0026 2.0562+0.0043 0.0576 +0.0069 0.7395+0.0015
MRE 0.6922+0.0039 72.61%+0.0118 5.72%+0.0076 65.42% +0.0009
MAE 0.4943+0.0026 1.3820+0.0732 0.0443+0.0073 0.5753+0.0012
direct-align RMSE 0.7171+0.0028 2.0765+0.0898 0.0542+0.0064 0.7443+0.0055
MRE 71.36%+0.0038 73.44%+0.0389 5.36% +0.0089 65.81%+0.0013
MAE 0.4944+0.0067 1.5123+0.0483 0.0438+0.0031 0.5759+0.0024
random-weights RMSE 0.7194+0.0108 2.2155+0.0381 0.0549+0.0047 0.7465+0.0019
MRE 71.37%+0.0096 80.36% *+0.0257 5.30%+0.0038 65.88% +0.0028
MAE 0.4018+0.0006 1.2698 +0.0013 0.0411+0.0005 0.5604+0.0016
TTL_TS RMSE 0.6315+0.0015 1.9569+0.0020 0.0515+0.0010 0.7229+0.0013
MRE 58.01%+0.0011 67.47% +0.0034 4.97% +0.0017 64.12% +0.0022
Table 14
Ablation results of each TLM component on imputation tasks.
Metric ~ Physio2012 Air-Quality Electricity ILI Exchange
MAE 0.2518+0.0038 0.2485+0.0042 1.0226 +0.0155 0.6658+0.0121 0.0433+0.0036
w/o_ufs RMSE 0.4976+0.0010 0.4633+0.0039 1.6698+0.0018 1.0139+0.0192 0.0561 +0.0049
MRE 36.55% =+ 0.0055 35.22%+0.0059 54.76% *+0.0083 0.3765+0.0289 5.23%+0.0044
MAE 0.2565+0.0014 0.2491+0.0018 1.0293+0.0419 0.6524+0.0158 0.0411+0.0007
w/o_idc RMSE 0.5000+0.0033 0.4621 +0.0003 1.6247 £0.0112 0.9630+0.0154 0.0520+0.0002
MRE 37.24%=+0.0020 35.31%=+0.0026 55.12%+0.0225 0.3689+0.0272 4.90% +0.0008
MAE 0.2612+0.0333 0.2516+0.0024 1.0254 +0.0036 0.7048+0.0169 0.0423+0.0011
direct-align RMSE 0.5164+0.0391 0.4671+0.0016 1.6351+0.0057 1.0127 £0.0046 0.0542+0.0026
MRE 37.91%=+0.0484 35.66% *+0.0015 54.91%=+0.0019 39.85% +0.0095 5.10%+0.0014
MAE 0.2509+0.0017 0.2537+0.0031 1.0159+0.0146 0.6703+0.0393 0.0457 +£0.0074
random-weights RMSE 0.4963+0.0017 0.4682+0.0015 1.6408 +0.0274 0.9841+0.0428 0.0589+0.0113
MRE 36.41%=+0.0025 35.97% +0.0022 54.41%=+0.0078 37.90% +0.0222 5.51%+0.0089
MAE 0.2312+0.0005 0.2460+0.0014 0.9669 +0.0086 0.6451 +£0.0027 0.0402+0.0004
TTL_TS RMSE 0.4657 =0.0001 0.5320+0.0016 1.5477 £0.0121 1.0137+0.0138 0.0503+0.0013
MRE 33.56% +0.0007 34.76% +0.0019 51.78% +0.0104 36.48% +0.0015 4.85%+0.0017

Discrepancy (MMD) and permutation tests to measure the discrepancy
between the target domain and the constructed source domain. As
shown in Tables 11-12, the MMD distances are all larger than zero, with
all p-values < 0.01. This statistically confirms significant distributional
disparities across source and target domains. Thus, the distribution of
the constructed source domain is distinct from that of the target domain,
rather than being a near-duplicate.

4.5.4. Detailed ablation study on TLM components
To evaluate the independent contributions of each TLM component,
we conduct ablation studies with four variants:

(1) TTL-TS without useful features selection (w/o_ufs): Measure the
contribution of "useful features selection" part.

(2) TTL-TS without intermediate-domains construction (w/o_idc):
Measure the contribution of "intermediate domains construction”
part.

(3) TTL-TS with direct source-target feature alignment only (direct-
align): Use direct source-target alignment (Eq. (18)) without weight-
ing learning (Eq. (20)) or intermediate domains construction part.
This tests whether the TLM mechanisms can be replaced by naive
direct alignment.

(4) TTL-TS with random feature weights instead of learned weights
(random-weights): The weights w! in Eq. (20) are randomly ini-
tialized. Unlike the learnable weighting mechanism in TTL-TS that
utilizes a neural network. This tests whether performance gains
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depend on learned, task-relevant weighting rather than arbitrary
weighting.

Tables 13 and 14 respectively represent the ablation results for time
series forecasting task and imputation task. All results are averaged over
3 independent runs with different random seeds.

As shown in Tables 13-14, removing useful features selection part
(w/o_ufs) degrades the performance of TTL-TS in both forecasting and
imputation tasks. These results confirm that not all source features are
equally beneficial, and the useful features selection part is essential for
selecting transferable knowledge.

Removing intermediate domain construction (w/o_idc) also de-
grades the performance of TTL-TS. For instance, w/o_idc yields a relative
MAE increase of 19.33% on PhysioNet2012 dataset for forecasting, and
10.94% on PhysioNet2012 for imputation. Based on these results, we
can infer that the intermediate domains construction part plays a valid
role in bridging disparate domains.

Direct source-target alignment (direct-align) underperforms the full
TTL-TS on most datasets. This indicates that naive direct alignment
cannot adequately replace the weighting learning and intermediate do-
mains construction.

Replacing learned weights with random weights (random-weights)
leads to performance degradation on most datasets. This confirms that
the learned weighting network is capable of identifying task-relevant
features.
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5. Conclusion

In this paper, we consider a more complex and general situation of
time series, where data missing and training data scarcity are coexisting.
To overcome these two challenges, a Transformer-based transfer learn-
ing algorithm (TTL-TS) is designed for time series imputation and fore-
casting task. Though many researches have been proposed respectively
for data missing and data scarcity challenges, there is little research con-
sidering both of these two challenges.

The proposed TTL-TS has two major components: the TRL module
and the TLM module. In TRL, a joint-optimization technique is designed
to assess the distribution of missing values. It considers the reconstruc-
tion loss from both the holistic data aspect and the finer trend-season
aspect. In TLM, a transfer learning framework is designed to alleviate
the data scarcity problem. It focuses on capturing useful knowledge from
the source model to assist the target task.

While the proposed TTL-TS demonstrates improvements in handling
missing values and data scarcity in time series analysis, there exists sev-
eral limitations: (1) In TLM module, the source domain is constructed via
implicit association with the target domain. This may limit the source
domain’s ability to provide complementary information under extreme
scenarios. (2) Although TLM mitigates data scarcity challenge through
transfer learning, it does not fully consider the scenarios where signif-
icant heterogeneity or divergence exists between the source and tar-
get domains, which may degrade the generalization performance of the
transfer learning framework. (3) Although TTL-TS effectively handles
training data scarcity and missingness in both forecasting and imputa-
tion tasks, its performance should not be regarded as fully represen-
tative of real-world conditions. This is primarily because a substantial
portion of the empirical evidence presented here is derived from con-
trolled simulated settings rather than naturally occurring low-resource
deployments. In the future work, we will explore solutions to these lim-
itations.

Moreover, recent surveys on multi-fidelity optimization (Li &
Li, 2026) and decomposition-based multi-objective evolutionary al-
gorithms (Li, 2024) suggest promising directions for future exten-
sions. Incorporating multi-fidelity methods could reduce the cost of
tuning TRL/TLM hyperparameters or evaluating alternative source-
construction strategies by combining cheap proxy runs with a limited
number of high-fidelity training cycles.
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