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ABSTRACT

Multivariate Time Series Forecasting (MTSF) aims to predict the future values
of multiple interrelated time series and support decision-making. While deep
learning models have attracted much attention in MTSF for their powerful spatial-
temporal encoding capabilities, they frequently encounter the challenge of miss-
ing data resulting from numerous malfunctioning data collectors in practice. In
this case, existing models only rely on sparse observation, making it difficult to
fully mine the semantics of MTS, which leads to a decline in their forecasting
performance. Furthermore, the unfixed missing rates across different samples in
reality pose robustness challenges. To address these issues, we propose Multi-
View Representation Learning (Merlin) based on offline knowledge distillation
and multi-view contrastive learning, which aims to help existing models achieve
semantic alignment between sparse observations with different missing rates and
complete observations, and enhance their robustness. On the one hand, we intro-
duce offline knowledge distillation where a teacher model guides a student model
in learning how to mine semantics from sparse observations similar to those ob-
tainable from complete observations. On the other hand, we construct positive and
negative data pairs using sparse observations with different missing rates. Then,
we use multi-view contrastive learning to help the student model align semantics
across sparse observations with different missing rates, thereby further enhanc-
ing its robustness. In this way, Merlin can fully enhance the robustness of existing
forecasting models to MTS with unfixed missing rates and achieves high-precision
MTSF with sparse observations. Experiments on four real-world datasets validate
our motivation and demonstrate the superiority and practicability of Merlin.

1 INTRODUCTION

Multivariate Time Series Forecasting (MTSF) is widely used in practice, such as transportation
(Wang et al.|(2023)), environment (Tan et al.|(2022)) and weather (Xu et al.|(2021))). Deep learning-
based models, such as Spatial-Temporal Graph Neural Networks (STGNNs) (Shao et al.| (2022b))
and Transformers (Yu et al.| (2023b))), are widely used due to their powerful semantic mining capa-
bilities (Benidis et al| (2022))). However, they need to fully mine semantics (Global and local in-
formation) from the complete MTS, and achieve accurate spatial-temporal forecasting (Zheng et al.
(2020)). In reality, due to factors such as natural disasters and component failures, data collectors
can easily malfunction and fail to output data normally (Zheng et al. (2023)). In this case, exist-
ing models only use sparse observations to predict future values, which limits their performances
(Cini et al.[(2022)). To illustrate, we evaluate the performance of several models (Liu et al.| (2023);
Shao et al.|(2022a); Zhou et al.| (2023)) under different missing rates on the METR-LA dataset and
PEMS04 dataset. As shown in Figure [T(a) and Figure [T[b), the forecasting errors (Mean Absolute
Error) of existing models increase continuously as the missing rate increases.

To mitigate the adverse effects of incomplete MTS data, we must delve deeper into a question, that
is, how does MTS data missing fail these models? By rethinking the characteristics of this task,
we believe that a large number of missing Value in historical observations can severely disrupt

"Missing values in most datasets, such as PEMS04 and METR-LA, are usually processed as zeros.
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Figure 1: Examples of MTSF with sparse observations. (a) MAE values of different models on
METR-LA. (b) MAE values of different models on PEMS04. As the missing rate increases, the
forecasting errors of several models continue to rise. (c) Missing values disrupt the global infor-
mation in time series (such as periodicity), and introduce error local information (such as sudden
changes). Furthermore, the missing rate of time series changes over time.

the semantics of MTS and affect the robustness of forecasting models. Specifically, as shown in
Figure [T] (b), on the one hand, missing values disrupt the global information (such as periodicity)
of time series and introduce error local information such as sudden changes (From normal to zero)
and abnormal straight lines. If models forcibly capture these anomalies, they will mine incorrect
semantics, leading to a decline in forecasting accuracy. On the other hand, since the distribution of
missing values usually changes over time, the missing rates of time series at different time points are
often unfixed. In this case, existing models (Lim et al.|(2021)); Li & Zhu|(2021); Tang et al.[(2020))
often need to be trained separately for different missing rates to ensure their performance, further
limiting their practicability. These two phenomena lead to existing models having poor robustness
in MTSF with sparse observations, resulting in a decline in their forecasting performance.

Based on the findings above, we believe that the core reason why existing forecasting models fail to
achieve effective forecasting results in MTSF with sparse observations is that missing values inhibit
their ability to accurately capture the semantics in sparse observations and limit their robustness.
To solve the above problems, existing works use imputation methods to improve the performance
of forecasting models and propose two-stage modeling approaches (Xu et al.| (2023)) or end-to-end
modeling approaches (Tran et al.| (2023))) to improve their performance. However, these methods
still face several challenges: (1) Existing imputation methods (Miao et al.|(2021); Wu et al.|(2023al)))
usually require reconstructing both missing and normal values, which can disrupt the local infor-
mation of MTS and lead to error accumulation. (2) Existing imputation methods (Du et al.| (2023);
Zhou et al.|(2023)) need to train models separately for data with different missing rates to ensure the
accuracy of data recovery. Since the missing rates in MTS are often unfixed at different time points
in reality, existing imputation methods struggle to effectively recover time series with unfixed miss-
ing rates, which limits their robustness and practicality. Overall, imputation methods still fail to fully
assist forecasting models in accurately mining semantics from sparse observations and addressing
the issue of poor robustness. As shown in Appendix [H] if imputation and forecasting models are not
trained separately for each missing rate, their performance is limited.

To solve the above problems and realize robust multivariate time series forecasting with unfixed
missing rates, we need to enhance the capability of existing forecasting models for semantic align-
ment, which includes two aspects: (1) enabling forecasting models to align the semantics between
sparse observations and complete observations. (2) enabling forecasting models to align the seman-
tics among sparse observations with different missing rates. To this end, we propose Multi-View
Representation Learning (Merlin) by taking advantage of knowledge distillation and contrastive
learning. On the one hand, knowledge distillation can transfer valuable knowledge from the teacher
model to the student model, thereby constraining the modeling process of the student model and
improving its performance (Dong et al| (2023)). Considering that the model can mine more ac-
curate semantics with complete data, we use the model trained with complete data as the teacher
model. The student model, whose input features are sparse observations, has the same structure as
the teacher model. In the training process, we transfer representations and forecasting results ob-
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tained by the teacher model as knowledge to the student model, aiming to make the student model
produce representations and forecasting results that are as similar to them as possible. In this way,
by constraining the student model’s encoding process and forecasting process, it can learn how to
align the semantics between sparse observations and complete observations, thereby enhancing the
quality of the semantics mined by the student model. On the other hand, multi-view contrastive
learning can help the model enhance the semantic differences in negative data pairs and the seman-
tic similarities in positive data pairs (Zhang et al.| (2024)). To further achieve semantic alignment
between samples with different missing rates and enhance the robustness of the student model, we
treat samples from the same time point with different missing rates as positive data pairs, and sam-
ples from different time points as negative data pairs. In this way, multi-view contrastive learning
strengthens the ability of the student model to mine and align the semantics of sparse observations
with different missing rates. In this way, we only need to train one student model to adapt to unfixed
missing rates, significantly enhancing its robustness. Based on above methods, Merlin can effec-
tively help existing forecasting models learn how to mine semantics from sparse observations, just
as if using complete observations. Additionally, Merlin can enhance the ability of existing forecast-
ing models to achieve semantic alignment between sparse observations with different missing rates,
enabling them to achieve robust multivariate time series forecasting with unfixed missing rates. The
main contributions of this paper can be outlined as follows:

* We believe that the main issue limiting the performance of existing forecasting models in
MTSF with sparse observations is their poor robustness. On the one hand, missing values
introduce error semantics (such as sudden changes) to time series. On the other hand, the
missing rate of time series often changes over time, and existing models need to be trained
separately for different missing rates.

* We believe that the key to achieving robust MTSF with unfixed missing rates is to help ex-
isting models achieve semantic alignment between sparse observations with different miss-
ing rates and complete observations. To this end, we propose Multi-View Representation
Learning (Merlin), including knowledge distillation and contrastive learning.

* We design experiments on four real-world datasets. Results show that Merlin can enhance
the performance of existing forecasting models more effectively than other imputation
methods. Besides, through Merlin, forecasting models only need to be trained once to
adapt to sparse observations with different missing rates.

2 RELATED WORK

2.1 SPATIAL-TEMPORAL FORECASTING METHODS

Classic STGNNSs (Liu et al.| (2021); IL1 et al| (2018); 'Wu et al.| (2019)) combine the Graph Con-
volutional Network (GCN) and sequence models to exploit spatial-temporal correlations. Besides,
existing advanced STGNNSs (Y1 et al.| (2023); [Yu et al.| (2024a)) introduces graph learning tech-
nology to further improve the ability of modeling spatial correlations. Different from STGNNS,
existing Transformers (Wu et al.| (2023b)); Zhang & Yan|(2022); Yu et al.|(2023a))) combine tempo-
ral attention and spatial attention, or their variants, to capture spatio-temporal information. Although
STGNNSs and Transformers have achieved extensive research, they often suffer from high complex-
ity and limited scalability (Yu et al.|(2024b))). Currently, lightweight models based on Multi-Layer
Perceptron (MLP) have gained widespread recognition. (Chen et al.| (2023a))) proposes TSMixer,
which use all-MLP architecture to mine spatial-temporal correlations. (Shao et al.|(2022a))) analyze
the core of modeling spatial-temporal correlations and propose an MLP framework based on the
spatial-Temporal Identity (STID). In summary, a suitable MLP framework can achieve satisfactory
results more efficiently than complex models. Considering that STID analyzes the characteristics of
MTSF and has satisfactory performance on most datasets, it is selected as the backbone. Besides,
we also evaluate the performance improvement of Merlin on other complex models.

2.2 KNOWLEDGE DISTILLATION

Knowledge distillation can transfer valuable knowledge from the teacher model to the student model
to improve the student model’s performance (Xu et al.| (2022)). Mainstream techniques include of-
fline knowledge distillation and online knowledge distillation. Among them, offline knowledge
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distillation offers advantages such as good stability, high flexibility, and a simplified training pro-
cess. It improves the ability of the student model by continually guiding it to align with the teacher
model (Yang et al.|(2022))). (Chattha et al.|(2022))) use knowledge distillation to enhance the ability
of neural networks to mine samples. Experiments show that the proposed method can still achieve
satisfactory results even if the sample size is reduced by 50%. (Monti et al.|(2022)) propose a trajec-
tory forecasting model based on knowledge distillation and spatial-temporal Transformer, enabling
the student model to perform well with only 25% of historical observations. In summary, knowl-
edge distillation can help the student model achieve satisfactory forecasting results even when the
effective information in input features is significantly reduced (Wang et al. (2021)). Therefore, it
can enhance the student model’s capability to handle sparse observations.

2.3 CONTRASTIVE LEARNING

Multi-view contrastive learning enhances the model’s ability to mine key information by aligning
the semantics of the similar samples under different views (Hassani & Khasahmadi| (2020)). (Woo
et al.|(2021)) treat the seasonal and trend components of time series as different views and use con-
trastive learning to align the semantics of these different views. (Yue et al, (2022)) propose the
hierarchical contrastive learning method to help the model improve their ability to align the seman-
tics of time series with different scales. (Liu & Chen|(2023))) propose a self-supervised contrastive
learning framework for time series representation learning, and make the forecasting model produce
more reliable representations. (Dong et al.|(2024)) combine different masking ways with contrastive
learning to mine semantics from time series. Experimental results show that contrastive learning
aligns the semantics of different masked time series and enhances the reconstruction effect. Based
on these references, it can be found that contrastive learning can enhance the model’s ability to dis-
tinguish different samples and align the semantics between positive data pairs (Liu et al.| (2022)).
Therefore, if we can effectively construct positive data pairs, contrastive learning can align the se-
mantics of sparse observations with different missing rates and enhance the model’s robustness.

3 METHODOLOGY

3.1 PRELIMINARIES

In this section, we introduce multivariate time series forecasting and multivariate time series fore-
casting with sparse observations. Some of the commonly used notations are presented in Table I]

Multivariate time series forecasting (Chengqging et al.| (2023)). Given a historical observation
tensor X € RNv*Nu*Ne from Ny time slices in history, the model can predict the value Y €
RNv*NL of the nearest Ny, time slices in the future. N, is the number of sequences. [N, is the
number of features. The core goal of MTSF is to construct mapping function between input X €
RNv*NuxNe and output Y € RNv*Nr |

Multivariate time series forecasting with sparse observations (Sridevi et al.| (2011))). Compared
with MTSF, the main difference of this task is that there are so much missing values in historical
observations. In other words, we need to mask M % point randomly from the historical observation
tensor X € RNv*Nu*Ne  After the above processing, a new input feature X,; € RNv*Nu*Ne
is obtained. The core goal of this task is to construct mapping function between input X, €
RNv*Nu*Ne and output Y € RNo*Ne |

3.2 OVERALL FRAMEWORK

The overall framework of Merlin is shown in Figure 2] During the training phase, we utilize STID
as the backbone and propose Merlin that combines offline knowledge distillation with multi-view
contrastive learning to it. At this stage, the input features of the teacher model are complete historical
observations. The input features of the student model are sparse observations. During the inference
phase, we only use the student model for forecasting, whose input features are sparse observations
with different missing rates. Next, we briefly describe the motivation for designing each component.

First, we explain the motivation for using STID as the backbone, which has the following advan-
tages: (1) It introduces spatial-temporal identity embeddings to provide the model with additional
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Table 1: Frequently used notation.

Notation size Definitions
Ny Constant Length of historical observations
Np, Constant Length of forecasting results
Ny Constant Batch size
Ny Constant Number of variables
N, Constant Number of features
m Constant Number of missing rates
X N, * Ng « N.  Complete historical observations
Xm Ny * N * N, Sparse observations
Y Ny * Np, Forecasting results
FC Functions Fully connected layer
ReLU Functions Activation function ReLU
Mean Functions The mean of the Tensor
softmax Functions Activation function softmax
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Embedding Layer
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Figure 2: Overall framework of Merlin. During the training phase, the inputs of the teacher model
and the student model are complete observations and sparse observations respectively. During the
inference phase, only the student model is used for forecasting, whose inputs are sparse observations.

information, effectively mitigating the damage of missing values. (2) It adopts a lightweight frame-
work, which results in the model’s computational complexity being only O(Nyy).

Then, we briefly introduce offline knowledge distillation, whose purpose is to enable STID to learn
how to align the semantics between sparse and complete observations. We first train STID as a
teacher model using complete observations. Then, when training the student model using sparse
observations, we transfer the knowledge of the teacher model by using the representations and fore-
casting results generated by the teacher model. This helps the student model learn how to use sparse
observations to generate representations and forecasting results similar to those generated by the
teacher model. In this way, the student model can achieve semantic alignment between sparse ob-
servations and complete observations as much as possible.

Finally, we discuss the effects of multi-view contrastive learning. Although offline knowledge dis-
tillation helps STID learn how to align the semantics between sparse and complete observations, the
student model still needs to improve its robustness to unfixed missing rates. Therefore, the student
model needs to learn how to align the semantics between sparse observations under different missing
rates. Therefore, we use sparse observations under different missing rates as positive data pairs and
different samples within the same batch as negative data pairs. Through this method, the student
model can utilize multi-view contrastive learning to enhance its robustness to sparse observations
with different missing rates, without the need for retraining.

3.3 BACKBONE

In this section, we briefly introduce the basic structure of the backbone (STID), which is composed
of a embeding layer, L fully connected layer and a regression layer. A detailed description and
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definition of STID can be found in the reference (Shao et al.|(2022a))). The basic modeling process
of STID is shown as follows:

Step I: First, the embedded layer based on a fully connected layer is used to transform the input
feature X into a high dimension hidden representation H:

H =FC(X), ey
where, FC(-) is the fully connected layer.

Step II: Then, the spatial-temporal identity embedding (Sg, Tg and TIEV ) are passed to H as addi-
tional inputs to improve the ability of the encoder to produce effective representations.

Hg = Concat(H, Sg, TE, TY), )
where, Concat(-) means concatenate several tensors. Assuming N, time series and Ny time slots
in a day and N,, = 7 days in a week. Sg € RNo*D is the spatial identity embedding. 75 € RN#*P
and T} € RN«*D are the temporal embedding. D is the embedding size.

Step III: The encoder based on L layers of MLP with the residual connection is used to mine the
above representation Z. The [-th MLP layer can be denoted as:

H' = FC(Relu(FC(HL))) + HL, 3)
where, Relu(-) is the activation function.

Step IV: Finally, based on the hidden representation H%, the regression layer is used to obtain the
forecasting results Y.
Y = FC(HE), @)

In the following section, we will show how to use the hidden representation H% and forecasting
result Y for knowledge distillation and contrastive learning.

3.4 OFFLINE KNOWLEDGE DISTILLATION

In this paper, we use two STID models as the student model and the teacher model. The input
features to the teacher model are the complete historical observations X. It produces the hidden
representation H é)TGacher and the forecasting result Yreqcner- The input features to the student
model are the sparse observations X1 to Xas . m stands for the number of missing rates. It
produces m hidden representations - 1%,1 to H ng and m forecasting results Y 1 to Yoz p,.

The offline knowledge distillation consists of two components: the hidden representation distillation
and the forecasting result distillation. The hidden representation distillation refers to transferring the
representations produced by the teacher model to the student model, aiming to minimize the mean
squared error (MSE) between the representations produced by the student model and those produced
by the teacher model. Its specific formula is shown as follows:

1 m
LHD = E(ZMean((Hé,Teacher - Hé,i)2))7 (5)
i=1
where, Mean(-) is the mean of the Tensor.

The process of forecasting result distillation involves transferring the forecasting results produced
by the teacher model to the student model, with the objective of minimizing the MSE between the
forecasting results produced by the student model and those produced by the teacher model. The
specific formula is shown as follows:

1 m
Lrp = — (3~ Mean((Yreacher — Yara)?)), ©)

i=1

Based on Ly p and Lip, the teacher model can effectively guide the student model to use sparse
observations to produce better representations and forecasting results. In this way, the student model
can effectively achieve semantic alignment between sparse observations and complete observations,
thereby enhancing its ability to mine key semantics from sparse observations.
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3.5 MULTI-VIEW CONTRASTIVE LEARNING

Considering that the missing rates of historical observations in reality are not fixed, in order to
further enhance the robustness of the student model and realize the semantic alignment of data
with different missing rates, this paper proposes a multi-view contrastive learning method. We use
historical observations with different missing rates at the same time point as positive data pairs,
and use historical observations at different time point (other samples within a batch) as negative
data pairs. For representations H 5,1 to H é)m encoded by historical observations with different
missing rates, we employ a pairwise contrastive learning approach to achieve multi-view contrastive
learning. The specific steps are given as follows:

Step I: Considering that appropriate dimension reduction can enhance the effectiveness of con-
trastive learning, a fully connected layer is used to decode the hidden representations H , to HE |
and get the representations Zg 1 to Zg,,, for Contrastive learning.

Zp1 =FC(Hf ,), (7)

Step II: Firstly, we use the Zg ; and Zg 5 to obtain 2N, samples. In Zg ; and ZF 2, the correspond-
ing two samples form a positive data pair, while the other samples are their negative data pairs. The
contrast loss between any two samples 2 ; and zg ; is shown as follows:
exp(sim(zg,i, 2k,5)/7)

S ks EXP(SIM (255, 21) /7))

lij = —log( ®)

where, exp(-) is the exp function. sim(-) is the Cosine similarity. N; is the number of samples. 7 is
the temperature parameter.

Step III: Then, the contrastive loss between Zg 1 and Zg » can be obtained by the following formula:

N
| X

Lzi,20 = 5N E (lok—1,25 + ok 2k—1)5 )
S k=1

Step IV: Repeat the above steps and obtain the contrastive loss between Zg 1 to Zg ,,, pairwise. The
final multi-view contrastive learning loss is shown below:

9 m m—1
Lep = m(zz > Lziz), (10)

§=2i Zi=1

3.6 Loss FUNCTION

To realize the supervised learning process, we also incorporate ground truth and L1 loss to train the
student model. The formula is shown as follows (Challu et al.| (2023)):

1 m
Lpre = E(Z; Mean(| Yy, — Yaril), (11)
where, Yy, is the ground truth. | - | stands for absolute value.

Finally, we need to effectively combine all the above Loss functions. There are two main ways to
integrate these Loss functions (Gou et al.|(2023)): multi-stage training or stacking all Loss functions.
Considering the problem of information forgetting caused by multi-stage training, we use the method
of adding all Loss functions. The formula is given as follows:

Lrinaity = Lpre + B(Lup + Lrp + Let), (12)

where, 3 stands for the weight of the Loss. After completing the process of the training phase, the
inference phase is performed by using only the student model. Besides, the input features are sparse
observations with different missing rates.
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4 EXPERIMENT AND ANALYSIS

4.1 EXPERIMENTAL DESIGN

Datasets. To comprehensively evaluate the validity of the proposed model, we select four real-world
datasets from different domains: traffic speed (METR-LA), traffic flow (PEMS04), environment
(China AQI), and meteorology (Global Wind). Detailed descriptions are provided in Appendix [A.1]

Baselines. To comprehensively verify the performance of the proposed model, we select base-
lines from three perspectives: (1) We select three one-stage models that can handle missing values:
GPTA4TS (Zhou et al.|(2023)), MegaCRN (Jiang et al.| (2023)), and Corrformer (Wu et al.| (2023b)).
(2) To demonstrate the improvement of Merlin on STID, we compare the STID+Merlin with the
raw STID. Besides, we select four imputation methods and combine them with STID to create mul-
tiple two-stage models: STID+GATGPT (Chen et al.| (2023c)), STID+SPIN (Ivan et al.| (2022)),
STID+GPT?2 (Zhou et al.| (2023)) and STID+MAE (L1 et al.| (2023)). (3) We combine several ex-
isting spatial-temporal forecasting models with imputation models, and obtain several two-stage
models as baselines: iTransformer (Liu et al.[(2023))) + S4 (Gu et al.| (2022)),) FourierGNN (Y1 et al.
(2023))) + SPIN, DSformer (Yu et al.| (2023a)) + GATGPT, and TSMixer (Chen et al.| (2023a))) +
GPT2 (Note: The previous method for each combination is the forecasting model.).

Setting. Hyperparametric analysis can be found in the Appendix |B| Besides, we design the experi-
ments from the following aspects: (1) According to ratios in (Shao et al.| (2023))), four datasets are
uniformly divided into training sets, validation sets, and testing sets. (2) The history length and fu-
ture length of all forecasting models are 12. All Metrics are calculated as the average of the 12-step
forecasting results. More experiments on the history length and future length can be found in the
Appendix [Gland Appendix [B] (3) We randomly assign mask points with ratios of 25%, 50%, 75%,
and 90%. The value of the masked point is uniformly set according to related works (Chen et al.
(2023b))). Experiments are repeated with 5 different random seeds for each model. The final metrics
are calculated as the mean value of repeated experiments. In addition, we provide the standard de-
viation of the forecasting results. (4) To prove the robustness of our model, we train it once, using
samples with multiple missing rates. In other words, the student model is trained simultaneously
using data with missing rates of 25%, 50%, 75%, and 90%. For other baselines, we train them using
two ways and report the best results: one is training a separate model for each missing rate, and the
other is training a single model using samples with multiple missing rates (Shan et al.[(2023))).

Metrics. In order to comprehensively evaluate the forecasting performance of our model and other
baselines, three classical metrics are used, including MAE (Mean Absolute Error), RMSE (Root
Mean Square Error) and MAPE (Mean Absolute Percentage Error) (Liu et al.| (2020)).

4.2 MAIN RESULTS

Table 2] shows the performance comparison results of all baselines and the proposed model on all
datasets. Based on the experimental results, we can draw the following conclusions: (1) Compared
with other two-stage models, the forecasting errors of all single-stage models are larger. The main
reason is that existing single-stage models are easily affected by missing values, leading them to
mine incorrect semantic. (2) Compared with other imputation methods, Merlin can improve the
forecasting performance of STID more effectively. The main reason is that Merlin effectively com-
bines the advantages of multi-view contrastive learning and offline knowledge distillation, which can
significantly enhance the robustness of STID in modeling sparse observations and improve the ca-
pacity of STID to mine the semantics from data. (3) STID+Merlin can work better than all baselines
in all cases. Firstly, we select the high-performance STID as our backbone model, which introduces
temporal and spatial embeddings to provide additional semantic information for the model, helping
to mitigate the impact of missing values. Secondly, we introduce offline knowledge distillation to
instruct STID on how to align the semantics between sparse observations and complete observations,
thereby enhancing the model’s ability to mine crucial information. Finally, we propose multi-view
contrastive learning to achieve semantic alignment among sparse observations with different miss-
ing rates, further improving the robustness of STID. Therefore, STID+Merlin can achieve the best
forecasting results on all datasets and all missing rates. In the next section, we will further evaluate
Merlin’s performance improvement effects on other backbone models.
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Table 2: Performance comparison results of several models. The best results are shown in bold. The
subscript represents the standard deviation of the forecasting results.

Missing rate 25%

Missing rate 50%

Missing rate 75%

Missing rate 90%

Datasets Models MAE MAPE RMSE MAE MAPE RMSE MAE MAPE RMSE MAE MAPE RMSE
Corrformer 3745002 10561000 7223004 388x002 1115400 7.621001  397:001  7Ti0as 7944006 40510010 1238005 825407
MegaCRN 3631002 10131010 6884004 379002 10761012 7384004 3.94:00s 11184014 7.65:0.02 11.895017  7:93:0.06

GPT4TS 3.7240.02 10494010 7214004 3824002 10861011 7.39+0.04 3984004 11314014 7.7540.06 12014015 8.0440.07
iTransformer+S4 3532002 9432000 674x001  370x002  1031i0az 6971001 384002 1091003 7424000 11442004 7.86+0.06
FourierGNN+SPIN 3.50+0.01 9.32:008  6.7lto02  3.631001 10051008 6.89+t0.02  3.75:002 10791000  7.3410.04 11244003  7.6810.04
DSformer+GATGPT  3.52:0.01 9372000 6734002 3.6500.01 10244000 6944002 3784002 10861000 7381004 11194002 7.66.40.04
METR-LA TSMixer+GPT2 3484001 929008 6.69:+002 3621001 9971000 6851002 37ligo2 10481000 7-2540.04 11144012 7.65.40.00
STID (Raw) 3545002 935:000 6741004 377x002 10834012 7290004 3931004 11164004 7644007 11.8940.16  8.03:40.08
STID+SPIN 3444001 9.27 +0.07 6.6510.02 3.5410.01 9.3610.08 6.7510.02 3.67+002 10441012 7.05:10.04 10924013 7411004
STID+GPT2 3492001 93lzo0s 6681002 3.59:001  944i000 679002 3681002 10461010 7-09+0.00 10841012 7.35+0.00
STID+MAE 3.50+0.02 93410100 6704004  3.601002 9521007 6821004  3.70:002 10511008 7121004 10.8610.08  7.37+0.04
STID+GATGPT 3430001 925:007 6641002 3.52:001 933n000  67lio02  364s002 10074000 6931004 375:002 10764005 73luo0s
STID+Merlin 3350001 92Lios 6581002 349:001 9294005 6651002 3581002 9564008 68ligos 3691002 1045:000  7.0640.00
Corrformer 23652021 16241015 37711026 27382025 18291015 41832027 30461005 21542020 46071020 33122025 24061022 5095030
MegaCRN 21954008 14.821013 34.06+020 24431020 17051004 39481024 26.09:022 18491017 41181025 2829:024 19911020 4281026
GPT4TS 2370090 14974011 35621001 25631021 18041015 39740as 27.56:02s 1921i01s 42951027 2904503 20184010 44314020
iTransformer+S4  20.641016  14.084014 32561019 22762018 15341016 36250021 2434x000 17260015 39164005 25941021 18065015 40231021
FourietGNN+SPIN ~ 20.061014 13755011 32131016 21542015 14575015 33924015 22.65:018 15894016 35642021 24035010 16724016 38.15402
DSformer+GATGPT 20384015 13871013 32351010 21981010 14891015 34145000 22715018 15744005 34571025 24261020 16561017 39.104001

PEMS04 TSMixer+GPT2 20491015 13941010 32471018 22472016 15031013 35991020 24165015 17.025016 38941021 2558010 17944016 39.89:023
STID (Raw) 20671010 14115015 32.681023 28.36- 19255017 43441005 30112022 21381018 4591i025 33.65:025 24271023 5147:03
STID+SPIN 19530015 13221011 31351015 2079:015 13824012 32790018 22851018 15771015 35691018 2379:01e 16451015 37964001
STID+GPT2 19.85 1o.1a 13544001 31861047 21455006 14334003 33540000 22445007 15514003 3521u01 235le0ae 16214006 37.581024
STID+MAE 19945015 13624015 31974015 21.05:017 13941014 33045001 22061015 15034015 34651020 23341020 15981015 37421004

STID+GATGPT 19481012 13155000 31281015 20732014 14161010 32720017 2198:01s 14924011 3541i01s 23.39:016 16044014 37.531020
STID+Merlin 18865010 1297:000 30671015 19565011 1329000 31dligi, 2019:015 1420s011 33381010 22621015 15494012 3627:017
Corrformer 16525015 34964021 27811020 1832:016 39275022 30445021 20475010 4351021 31952020 22485025 45371025 34795020
MegaCRN 16354015 34751021 27614020 38434002 29464020 19961015 42641025 32544001 22061021 44281027 34424024
GPT4TS 16032015 33061021  27.044020 37.681020 28914001 19284015 41154004 32071021 21.65:021 43971026 33.95:025
iTransformer+S4 15494015 32061010 25.57 107 35761021 27841010 1844ig1r 39761020 30.681021 21321020 43.621025 33681025
FouriertGNN+SPIN 15284010 31441015 25241015 34131020 27024007 18051015 38.561021 30.06:1019 20531017 42.151025 32431020
DSformer+GATGPT 15391012 31894015 25434010 34820020 27585010 1829016 39374022 30171020 21075018 42971022 33041021
China AQL  TSMixer+GPT2 15454012 32045015 25591010 34731020 27655015 18331000 3985i022 30231020 21251018 43541023 33591021
STID (Raw) 15534014 32464020 2571409 399541000 30474021 20361010 43.631095 32.091020 23244001 46.1841096 35.541024
STID+SPIN 14.9840.00 30251016 25.0640.13 32254010 25984047 17431015 37.651021 28.89:010 19944017 41781023 32.1640.20
STID+GPT2 15124012 30.894017  25.1540.15 32841020 26741015 17351015 37221020 28.72401s8  19.504016 41261022 31734019
STID+MAE 15224012 31.061018  25.19:0.16 32764020 26971018 17.29:014 37.051010 28421017 19234015 40.531021 31.59:0.8
STIDYGATGPT 15072010 30531016 25114014 32650015 26615016 17260005 36941019 29.15:0.07 19192015 40.565020 31.3650.15
STID+Merlin 14895005 29972015 24931015 1539-010 3186501 25465014 16830,1 36302017 27.30.0,5  18.682015 39391019 3031ig7
Corrformer 5784002 34324017 8521004  599i002 37184019 879005 62910014 42.651020 9184007  6.59:i0.0a 45981020  9.63400s
MegaCRN 571002 32981006 8.39:+0.03 591002 36.12i01s  87lioos 6171001 40.691000  9.09:p007  644i004 45214021 94810.08
GPT4TS 5731002 33251016 841io.03 5951002  36.571018  8.76+0.04 6231000 413541020 9131007 6.53:000  45.79+021  9.56+0.08
iTransformer+S4 5.6210.01 32661015 8.301002 5861002 35124017 8674004 610002 39451008 8944005 6.32:001  43.614020 9244007
FouriertGNN+SPIN  559.0.01  32.181014 8234002 572:002 33221006 8431003 5952002 35694107 8.69:1001 6161003 40184015 9.0140.06
DSformer+GATGPT  5.6010.01  32.2540.13 8251002 579002 34531006 8544003 5981002 37214017 8761000 62legos 41251005 9154006
Global Wind ~ TSMixer+GPT2  5.61.001 32581014 8284002 5831002 34941016 8621005 609:002 38524017 8911005  63ls00s 43571008 9224006
STID (Raw) 5.63+001 32734015 83ligo2  6.054002 38494018 8871004 63410014 43191010 9254006  6.6810.0a 467240220 9774008
STID+SPIN 553001 315:104: 7931002 S564t001 32781014 8331000 5971002 3671i0a7  874toor  622:003 41451018 91ligor
STID+GPT2 557001 32011002 7991002 5691002 33094015 8394003  5.89:002 35901007  8.651004 6151003  40.0510.s  9.0810.06
STID+MAE 558001 3206:013 8041002 5.7li002  3325:005 8431004 5861002 35461006 8621004 6.01i002 39451007 9.02+005
STID+GATGPT 555t001 31751001 7984002 5681001 32454013 8374002 585:i002 35084016 8571004 6.131002 39844017 9.0510.05
STID+Merlin 5491001 30544010 7851002 5574001 31.98i012  8.01i002 5781001 34191004 8494002 6021002 38471016  8.8410.04

4.3 TRANSFERABILITY OF MERLIN

It can be found from the main results that Merlin can effectively improve the forecasting performance
of STID in MTSF with sparse observations. To further validate the effectiveness and transferability
of Merlin, we choose three other models (TSmixer, DSformer, and FourierGNN) as backbones and
compare the performance of Merlin with other imputation methods (GATGPT, GPT2, MAE and
SPIN). Table [3] shows the MAE values of Merlin and other imputation methods. Based on the re-
sults, we can draw the following conclusions: (1) Advanced one-stage models struggle to perform
well in MTSF with sparse observations. Specifically, the presence of missing data makes it diffi-
cult for existing models to mine semantics from sparse observations, resulting in poor robustness.
Therefore, existing forecasting models struggle to achieve satisfactory results. (2) Compared with
SPIN, the generative imputation methods can achieve better forecasting results when the missing
rate is higher. The main reason is that SPIN relies on local spatial-temporal information, which
makes its performance limited at high missing rates. (3) Compared with other methods, Merlin can
better restore the performance of all backbone models on all datasets. The experimental results fully
prove the transfer ability and practical value of Merlin. Specifically, Merlin can help existing ad-
vanced models achieve semantic alignment between sparse observations and complete observations,
thereby effectively enhancing the model’s robustness and achieving better forecasting results.

4.4 ABLATION EXPERIMENTS

We conduct ablation experiments from the following perspectives: (1) w/o HD: We remove the
hidden representation distillation. (2) w/o RD: We remove the forecasting result distillation. (3) w/o
KD: We removed the teacher model and knowledge distillation. In this case, STID uses complete
observations and sparse observations to construct contrastive learning. (4) w/o CL: We remove the
multi-view contrastive learning. Figure [3|shows the results of the ablation experiment. Based on the
experimental results, we can draw the following conclusions: (1) The forecasting result distillation
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Table 3: MAE values of Merlin and other methods (The best results are shown in bold).

Backbone  Methods METR-LA PEMS04 China AQI Global Wind
> [25% 50% 75% 90% | 25% 50% 15% 90% | 25% 50% 15% 90% | 25% 50% 715% 90%
+Merlin | 3.44 354 3.66 3.78 | 1953 21.54 2239 2395 | 15.18 16.07 17.94 2058 | 555 5.77 596 6.15
+GATGPT | 346 359 3.69 3.81 | 1997 21.85 23.06 2447 | 1522 1638 1825 2097 | 558 579 6.03 622
TSmixer +GPT2 | 348 3.62 371 3.85|2049 2247 2416 2558 | 1545 1643 1833 2125|561 583 609 631
+MAE | 3.53 3.65 373 384 | 2067 2258 2423 2537 | 1552 1652 1827 21.03 | 5.64 592 6.1 628
+SPIN | 347 3.60 372 3.87 |2023 2215 2419 2576|1525 1639 1841 2154 | 560 581 607 6.34
raw 362 378 395 406 | 2153 2639 29.18 3142 | 1633 1844 2059 2298 | 577 601 631 6.63
+Merlin | 349 3.61 3.70 3.82 | 20.17 21.67 2208 2384 | 1523 16.15 1807 20.78 | 5.54 572 587 6.14
+GATGPT | 352 3.65 378 3.89 | 20.38 21.98 2271 2426 | 1539 1672 1876 2135|560 579 598 621
DSformer +GPT2 | 356 3.69 3.83 3972079 2259 2378 2514 | 1554 1682 1884 2146 | 562 58 604 625
+MAE | 357 371 385 3952094 2267 2384 2498|1587 1691 1890 21.39 | 568 589 605 623
+SPIN | 3.54 3.66 3.82 398 | 2054 2245 2395 2547 | 1543 1674 1879 2154 | 564 578 601 627
raw 372 3.87 395 4112324 2785 3047 3325|1652 1875 2096 2347|575 598 625 657
+Merlin | 345 353 3.65 3.76 | 1932 20.19 21.76 23.24 | 15.04 1592 17.67 20.04 | 552 5.67 588 6.06
+GATGPT | 348 357 3.68 379 | 1976 2086 22.13 2351 | 1519 1615 1797 2037 | 556 569 591 6.10
FowierGNN  FGPT2 | 353 361 372 384 | 1997 2161 2258 2391|1537 1625 1812 2051 | 558 571 594 6.14
| +MAE | 3.55 3.66 375 3.83 [2008 2173 2270 23.87 | 1542 1631 18.15 2049 | 561 573 593 6.12
+SPIN | 350 3.58 371 3.86 | 19.83 21.54 2265 2403|1528 1617 1805 2053 | 559 572 595 6.16
raw 361 377 392 4052134 2458 27.05 2971 | 1598 17.69 19.13 2157 | 573 593 6.15 6.39
|-W/O HD Il w/o RD [w/o KD Ew/o CL -Proposedl
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Figure 3: Results of ablation experiments.

has the least effect on the results. The experimental results show that as long as the encoder can
mine important semantics, the decoder can realize effective forecasting. (2) When the missing rate is
large, the effect of multi-view contrastive learning increases significantly. The main reason is that the
STID has the ability to mine semantics when the missing rate is low. (3) When STID does not use the
teacher model and knowledge distillation, it can only use contrastive learning to help STID learn how
to align the semantics between sparse observations and complete observations. In this case, without
the guidance of teachers, it is difficult for STID to fully mine semantics from sparse observations.
(4) After the hidden representation distillation is removed, the forecasting performance of STID
decreases significantly. The main reason is that hidden representation distillation enables STID to
learn how to make full use of sparse observations to obtain representations that can be obtained with
complete observations, which is crucial for aligning the semantics between sparse observations and
complete observations.

5 CONCLUSION

This paper considers the challenge of MTSF with unfixed missing rates from the perspective of
robustness. Specifically, existing models face two challenges when modeling sparse observations:
on the one hand, they must address the issue of missing values disrupting the semantics of MTS.
On the other hand, they also need to face the challenge that the missing rate of MTS is unfixed at
different time points in the real world. To this end, we propose Merlin based on offline knowledge
distillation and multi-view contrastive learning. Merlin aims to assist existing models in effectively
achieving semantic alignment between sparse observations with different missing rates and complete
observations, thereby significantly enhancing their robustness. Extensive experiments show that the
proposed model achieves satisfactory forecasting results on all datasets and settings. Additionally,
Merlin can significantly improve the performance and robustness of existing forecasting models in
MTSF with unfixed missing rates. In future work, we plan to investigate the effects of knowledge
distillation when the teacher model and the student model utilize different network structures, such
as large language models.

10
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A IMPLEMENTATION DETAILS

A.1 DATASETS

The basic statistics for these datasets are shown in Table[d] A brief introduction to these datasets is
provided as follows:

« METR-LA?: It is a traffic speed dataset collected by loop-detectors located on the LA
County road network, which contains data collected by 207 sensors from Mar 1st, 2012
to Jun 30th, 2012. Each time series is sampled at a 5-minute interval, totaling 34272 time
slices.

o PEMSO04°: It is a traffic flow dataset collected by CalTrans PeMS, which contains data
collected by 307 sensors from January 1st, 2018, to February 28th, 2018. Each time series
is sampled at a 5-minute interval, totaling 16992 time slices.

 China AQI*: It is an air quality dataset collected by environmental monitoring stations
in China, which includes data from 1,300 air monitoring stations from January 2015 to
December 2020. Each time series is sampled at a 1-hour interval, totaling 41,506 time
slices.

* Global Wind?: It is derived from the global wind speed dataset of the National Oceanic
and Atmospheric Administration (NOAA) National Center for Environmental Information
(NCEI), which includes data from 2,908 meteorological monitoring stations from 1993 to
2022. Each time series is sampled at a 1-day interval, totaling 10,957 time slices.

Table 4: The statistics of four datasets.

Datasets Variates Timesteps Granularity
METR-LA 207 34272 S minutes
PEMS04 307 16992 5 minutes
China AQI 1300 41506 1 hour
Global Wind 2908 10957 1 day

A.2 BASELINES

The hyperparameter settings for the baselines are selected based on their original papers and codes.
The search process of hyperparameters is mainly based on the grid search method. All baselines are
introduced as follows:

* Corrformer: It uses autoregressive attention and cross attention to mine spatial-temporal
correlations.

* MegaCRN: It uses utilizes the memory bank to enhance the adaptive graph convolution’s
ability to model spatial correlations and embeds the component into the recurrent neural
network.

* GPTA4TS: It uses a pretrained GPT2 to encode the context of time series, and then employs
a linear decoder to obtain the forecasting results.

e STID: It uses spatial-temporal identity embedding to improve the ability of MLP to mine
multivariate time series.

* STID+SPIN: SPIN effectively combines temporal attention, spatial attention, and cross
attention to mine the spatial-temporal correlation of multivariate time series, thereby im-
proving the effectiveness of data recovery.

o STID+GPT2: It first uses GPT2 to recover missing values, and then uses STID to model
the processed data.

2https://github.com/liyaguang/DCRNN
3https://github.com/guoshnBJTU/ASTGNN/tree/main/data
*https://quotsoft.net/air/

>https://www.ncei.noaa.gov/
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* STID+MAE: MAE adopts autoencoder structure to improve the effect of data recovery.

* STID+GATGPT: GATGPT combines GPT and graph attention mechanism to recover
missing data by fully using spatial-temporal correlations.

* iTransformer+S4: iTransformer changes the function of the attention and feedforward
layer to improve the time series forecasting results. S4 uses the fundamental state space
model to mine temporal information of time series.

* FourierGNN+SPIN: FourierGNN uses Fourier Graph Operator to replace GCN and obtain
better time series forecasting results.

* DSformer+GATGPT: DSformer uses uses double sampling block and temporal variable
attention block to realize multivariate time series forecasting.

* TSMixer+GPT2: TSMixer uses residual connections and MLP to mine spatial-temporal
correlations. Compared with complex models, this framework has the advantages of both
performance and efficiency.

B HYPERPARAMETER ANALYSIS

Table [5] shows the main hyperparameters of the backbone (STID) and Merlin. We evaluate three
hyperparameters that have the greatest impact on Merlin (The weight of the loss, batch size and
temperature parameter) (Chen et al.|(2020)). Besides, we also evaluate three hyperparameters that
have the greatest impact on the backbone (Embeding size, input length and number of layers).

The experimental results of hyperparameter analysis are shown in Figure |4| to Figure [/ Based on
the hyperparameter analysis results, we can draw the following conclusions: (1) Appropriately in-
creasing the batch size can improve the forecasting accuracy of STID. On the one hand, the increase
of batch size can increase the number of negative data pairs, which can better enhance the model’s
robustness and uncover key semantic information. On the other hand, too large batch size can lead
to premature convergence of STID, resulting in underfitting problems. (2) Proper balance of temper-
ature parameter is important to improve the effect of contrastive learning. On the one hand, properly
reducing the temperature parameter can improve the effect of the model and improve convergence.
On the other hand, the value of temperature parameter being too small may lead to the problem of
local optimality. (3) When the weight of the loss is set to 1, the proposed model can perform best,
which fully demonstrates the importance of Merlin. Specifically, the proposed loss functions help
STID realize semantic alignment effectively, reduce the interference of missing values, and thus
guarantee the forecasting performance. (4) Properly balancing the size of the embedding dimension
and the number of layers can effectively ensure the forecasting performance of STID. Specifically,
too few parameters fail to sufficiently exploit the sparse observations, while too many parameters
can lead to overfitting. (5) The input length has a significant impact on the forecasting results. The
main reason is that the input length determines the amount of information that the model can cap-
ture. If the input length is too short, it fails to provide sufficient useful information, whereas an
excessively long input length can lead to overfitting.

C EFFICIENCY

In order to demonstrate the efficiency advantages of Merlin, this section compares the training times
on the PEMS04 dataset for STID+Merlin, STID+GPT2, STID+GATGPT, iTransformer+S4, and
FourierGNN+SPIN. Specifically, considering that STID+Merlin only needs to be trained once to
adapt to different missing rates, whereas the other baselines require separate training sessions for
each missing rate, we directly recorded the training time of STID+Merlin for a single epoch and
summed up the training times for each missing rate for the other baselines. The experimental equip-
ment is the Intel(R) Xeon(R) Gold 5217 CPU @ 3.00GHz, 128G RAM computing server with RTX
3090 graphics card.

Figure [8| displays the average training time per epoch for these models. Based on the experimental
results, the following conclusions can be drawn: (1) Compared to two-stage models, STID+Merlin
requires less training time. The main reason is that STID+Merlin only needs to train one teacher
model and one student model. (2) Since neither the imputation model nor the teacher model is
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Table 5: Values of the corresponding hyperparameters.

Methods Config Values
batch size 32
Merlin I} 1
temperature parameter 0.1
optimizer Adam (Kingma & Ba (2014))
learning rate 0.002
embeding size 64
node embeding size 64
temporal embeding size (day) 64
temporal embeding size (week) 64
STID number of layers 3
dropout 0.15
learning rate schedule MultiStepLR
clip gradient normalization 5
milestone [1, 50, 80]
gamme 0.5
epoch 100
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Figure 4: The results of hyperparameter experiment (METR-LA dataset).
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Figure 5: The results of hyperparameter experiment (PEMS04 dataset).
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Figure 6: The results of hyperparameter experiment (China AQI dataset).
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Figure 7: The results of hyperparameter experiment (Global Wind dataset).
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Figure 8: Training time for each epoch of different models. Compared to the two-stage models

that require separate training for each missing rate, the proposed STID+Merlin significantly reduces
training consumption.

needed during the inference phase, STID+Merlin offers greater efficiency advantages during infer-
ence. (3) Overall, despite incorporating components such as contrastive learning and knowledge
distillation during the training process, STID+Merlin also achieves satisfactory results in terms of
efficiency.

D VISUALIZATION

We demonstrate the input features and forecasting results of STID+Merlin under different missing
rates on the Global wind dataset. Visualization results fully demonstrate the practical value of the
proposed model. The visualization results are shown in Figure [9] It can be found that even if the
input features are very sparse, the STID optimized by Merlin can still obtain satisfactory forecasting
results. In addition, STID can obtain satisfactory forecasting results for input features with different
missing rates. This fully proves the practical value of the proposed model in the task of multivariate
time series forecasting with sparse observations.
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Figure 9: Visualization of input features and forecasting results of STID+Merlin under different
missing rates (Global Wind dataset). Even with a significant increase in the missing rate, STID can
still achieve good forecasting results.
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Table 6: MAE values of the proposed method and other loss functions (The best results are shown
in bold).

Missing rates

Datasets Methods BT 50%  75%  90%
Proposed 335 349 358 3.69

L1 340  3.51 3.61 3.72

METR-LA L2 339 352 363 373
KL-divergence 3.42 3.55 3.68 3.79

Swapping 337 350 3.60 3.71
Proposed 18.86 19.56 21.19 22.62
L1 19.14 1995 21.78 23.05
PEMS04 L2 19.22  20.14 22.12 23.86
KL-divergence 19.45 20.38 22.53 24.07
Swapping 19.36 2027 22.09 23.42
Proposed 14.89 1539 16.83 18.68
L1 15.01 1568 1721 19.06

China AQI L2 1498 15.61 17.13 19.01
KL-divergence 15.05 15.71 17.24 19.11
Swapping 1493 1552 17.02 18.93

Proposed 549 557 578  6.02

L1 554 563 584 6.10

Global Wind L2 552 561 582 6.07
KL-divergence 5.56 5.65 589 6.15

Swapping 551 559 580 6.05

E COMPARED WITH DIFFERENT LOSS FUNCTIONS

In terms of constructing the loss function, this paper uses L1 Loss to evaluate the difference between
the forecasting results of the student model and the ground truth. In addition, L2 Loss is used
to evaluate the difference between the student model and the teacher model. To better analyze
the impact of the loss function on the results, we consider using only one of the loss functions
or swapping the use of the two loss functions. Besides, considering that KL divergence is also
commonly used to evaluate the similarity between different distributions, we use KL divergence as
a new Loss of the hidden representation distillation and carry out experiments.

Table[6]shows the MAE values of the proposed method and other loss functions (The best results are
shown in boldface). The experimental results show that the proposed Loss function can get the best
result. Additionally, compared to KL divergence, the MSE loss achieves better results. The main
reason is that KL divergence focuses on improving the similarity between the distributions of rep-
resentations, while MSE focuses on minimizing the numerical differences between representations.
In summary, Multivariate time series forecasting is a regression task, where minimizing numerical
differences is more important.

F COMPARED WITH MULTI-STAGE TRAINING

Considering that different training processes can affect the overall performance of the model, this
section compares the effects of multi-stage training with adding all loss functions. The multi-stage
training strategy used to construct the comparative experiment includes the following two aspects
(Mukherjee & Awadallah| (2020)): (1) Three-stage training: Firstly, train the model using the Loss
function of knowledge distillation, then optimize the student model using the Loss function of con-
trastive learning, and finally optimize the student model using the Loss function of forecasting re-
sults. (2) Two-stage training: Firstly, train the model using the combination of knowledge distillation
and contrastive learning. Then optimize the student model using the L1 Loss and the ground truth.

Table[7|shows the RMSE values of the proposed method and other multi-stage training methods (The
best results are shown in boldface). Based on the experimental results, we can draw the following
conclusions: (1) Compared with the multi-stage training strategy, the proposed method can achieve
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Table 7: RMSE values of the proposed method and other multi-stage training methods (The best
results are shown in bold).

Missing rates

Datasets Methods 5% 50% 5% 90%
Proposed 658 6.65 681 7.06

METR-LA Two-stage 6.62 6.68 684 7.15
Three-stage  6.65 6.70 689 722
Proposed  30.67 31.41 33.38 36.27
PEMS04 Two-stage  30.89 31.87 33.94 36.84
Three-stage 31.04 31.94 3426 37.15
Proposed  24.93 2546 27.30 30.31
China AQI Two-stage  25.06 25.88 27.95 31.06
Three-stage 25.15 26.03 28.14 31.47

Proposed 785 8.01 849 8.84

Global Wind  Two-stage 7.87 8.05 8.58 8.97
Three-stage 7.89 813  8.61 9.01

Table 8: MAE values of different models on METR-LA datasets (The best results are shown in
bold).

Future Missing rates
Lengths Methods 5% 50% 5% 90%
STID+Merlin 294 3.09 321 334

STID+GATGPT 3.02 3.16 332 343

6 iTransformer+S4 3.14 329 344 3.58
TSMixer+GPT2  3.11 325 339 3.54
STID+Merlin_~_ 4.06 4.07 429 441

o,  STIDtGATGPT 412 423 435 452
iTransformer+S4 442 456 4.60 4.75
TSMixer+GPT2 437 4.52 455 471
STID+Merlin ~ 4.46 459 472 4.85

136 STIDFGATGPT 457 471 482 495

iTransformer+S4 5.06 5.19 5.32 5.46
TSMixer+GPT2 482 495 510 5.23

better forecasting results. The main reason is the problem of information forgetting in multi-stage
training, which limits the performance of STID. (2) When the missing rate increases, the forecasting
performance of the multi-stage training strategy decreases more significantly. The main reason is
that information forgetting leads to the limited ability of STID to mine valuable semantics from
sparse observations, which leads to the deterioration of forecasting performance.

G EXPERIMENT ON DIFFERENT FUTURE LENGTHS

Evaluating the performance of the proposed model under different future lengths can better show
its application value. To this end, we additionally set three future lengths of 6, 24, and 336 on the
METR-LA and PEMSO04 datasets, and compare the forecasting performance of STID+Merlin with
STID+GATGPT, DSformer+GATGPT, and TSMixer+GPT2. The setting of the input length is based
on existing works (Zhou et al.|(2023)); Shao et al.| (2023)).

Table [8and Table 9] shows the MAE values of different models. Based on the experimental results,
it can be found that STID+Merlin can obtain the best forecasting results under different settings,
which further proves its practicability. Specifically, the proposed model shows promising potential
and value for applications in both short-term and long-term forecasting.
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Table 9: MAE values of different models on PEMS04 datasets (The best results are shown in bold).
Future Methods Missing rates

Lengths 25% 50% 75%  90%

STID+Merlin 17.95 18.78 20.06 21.34

STID+GATGPT 18.35 19.16 20.94 2245

0 iTransformer+S4 19.54 20.63 22.06 24.04
TSMixer+GPT2 1931 2039 21.87 23.98
STID+Merlin 2034 2147 2278 24.36

,,  STID+GATGPT 2089 2205 2334 25.19
iTransformer+S4 21.97 23.86 25.88 28.04
TSMixer+GPT2  21.63 2347 2531 27.69
STID+Merlin ~_ 24.65 2649 27.87 29.04

136 STID+GATGPT 2504 2695 2835 2997

iTransformer+S4 27.58 28.78 30.06 31.57
TSMixer+GPT2 26.94 27.32 28.84 30.75

H EXPERIMENT ON TIME SERIES WITH UNFIXED MISSING RATES

To better simulate the unfixed missing rates in time series data under real-world scenarios, we con-
duct the following experiments in this section: (1) For the test data, we divided the time series into
different segments based on time and applied masking to each segment with random missing rates
of 25%, 50%, 75%, and 90%. (2) For the training and validation data, we additionally processed
the data into four forms with missing rates of 25%, 50%, 75%, and 90%. (3) For Merlin+STID, we
trained the models as described in this paper: the unmasked data is used to train the teacher model,
while the masked data is used to train the student model. Only the student model is used on the
test set. (4) For other baselines, we used three training strategies: the first strategy involve training
separate models for each missing rate, with the corresponding model selected for forecasting on the
test set based on the current data’s missing rate. The second strategy uses a single model trained on
data with all four missing rates, which is then directly evaluated on the test set. The final strategy is
to train a model using only the raw data, which is then directly evaluated on the test set.

Table [T0| shows the performance comparison results of several models under unfixed missing rates.
Based on the experimental results, the following conclusions can be drawn: (1) With only be trained
once, the proposed STID+Merlin achieves optimal results across all datasets. Experimental results
demonstrate that STID+Merlin can effectively handle the real-world scenario of time series with
unfixed missing rates. (2) For the other baselines, training models for each missing rates separately
performs better than training a single model for all missing rates, which further demonstrates that
existing methods are limited in both practical value and robustness in the real-world scenario of time
series with unfixed missing rates. (3) If a forecasting model is trained using only complete data, its
forecasting performance significantly declines when data missing occurs. This demonstrates the
poor robustness of existing models in real-world scenarios.

I EXPERIMENT ON OTHER DATA MISSING SCENARIOS

Evaluating the proposed model’s adaptability to different missing data scenarios can better demon-
strate its practical value. Based on related works (Zerveas et al.|(2021); Marisca et al.| (2024))), we
conduct additional experiments under the following missing data scenarios: (1) Data points whose
mask exceeds a certain threshold: we treat m% of the larger values and m% of the smaller values
in the dataset as missing values. In other words, only the data points in the middle (1 — 2m)% of
the value range are kept. (2) Random point missing based on geometric distribution: different
from uniformly random missing situations, in this distribution, missing values appear in segments.
In other words, multivariate time series exhibit a certain amount of consecutive missing values over
different time periods.

Table [TT] and Table [T2] show the performance comparison results of several models under different
data missing scenarios (The best results are shown in bold). Based on the experimental results, it can
be found that STID+Merlin can still achieve the best experimental results under other data missing
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Table 10: Performance comparison results of several models under unfixed missing rates (The best
results are shown in bold).
Datasets Methods MAE MAPE RMSE
Proposed 3.54 941 6.72
STID+GATGPT (Separately)  3.58 9.52 6.83
STID+GATGPT (Together) 3.67 10.12 6.98
iTransformer+S4 (Separately)  3.76 10.78 7.32
iTransformer+S4 (Together) 3.88 11.12 7.61

METR-LA STID (Separately) 3.82 10.87 7.38
STID (Together) 395  11.52 7.62

STID (Complete) 406  12.04 8.01

GPTA4TS (Separately) 3.89 11.23 7.64

GPT4TS (Together) 4.02  12.06 7.95

GPTATS (Complete) 412 1234 8.19

Proposed 20.37 1391 3233

STID+GATGPT (Separately) 21.04 14.06  33.26
STID+GATGPT (Together)  22.76  15.83  34.68
iTransformer+S4 (Separately) 23.58 1632  37.75
iTransformer+S4 (Together)  25.15  17.68 39.27

PEMS04 STID (Separately) 28.84  20.15  43.96
STID (Together) 30.06 21.85 45.28

STID (Complete) 3145 2276  47.89

GPTATS (Separately) 26.57 1897  42.06

GPT4TS (Together) 28.23 19.52  43.08

GPTATS (Complete) 2997 20.84 4497

Table 11: MAE values of several models (Data points whose mask exceeds a certain threshold).
Missing rates
Datasets Methods 0% 20%  30%  40%
Proposed 331 337 342 351
STID+GATGPT 3.39 344 349 3.56
METR-LA FourierGNN+SPIN 345 3.51 3.58 3.65
DSformer+GATGPT  3.49 354  3.62 3.70
TSMixer+GPT2 343 3.49 3.55 3.63
Proposed 18.56 1894 19.32 19.75
STID+GATGPT 19.21 19.52 20.34 20.86
PEMS04 FourierGNN+SPIN 1998 20.14 21.06 21.74
DSformer+GATGPT 20.15 20.45 21.58 22.35
TSMixer+GPT2 20.23  20.57 21.68 22.73
Proposed 14.76 1492 15.12 1545
STID+GATGPT 1493 15.10 15.57 15.83
China AQI FourierGNN+SPIN  15.07 15.32 15.87 16.25
DSformer+GATGPT 15.21 1545 1598 16.53
TSMixer+GPT2 1525 1551 16.04 16.68
Proposed 546 552 557 5.60
STID+GATGPT 5.53 5.58 5.64 5.71
Global Wind  FourierGNN+SPIN 5.58 5.62 5.69 5.76
DSformer+GATGPT  5.61 5.67 574  5.82
TSMixer+GPT2 5.59 5.64 5.5 5.86

scenarios. The experimental results show that Merlin can effectively guarantee the robustness of the
prediction model under different data missing scenarios.
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Table 12: MAE values of several models (Random point missing based on geometric distribution).
Missing rates
Datasets Methods 5% 350% 5% 90%
Proposed 341 355 368 381
STID+GATGPT 348 3.63 375 393
METR-LA FourierGNN+SPIN 355 371 384 401
DSformer+GATGPT 3.59 3.74 387 4.05
TSMixer+GPT2 353  3.69 3.8l 3.98
Proposed 19.03 19.87 2145 22.87
STID+GATGPT 19.63 21.06 22.57 24.15
PEMS04 FourierGNN+SPIN  20.85 2235 23.76 24.55
DSformer+GATGPT 21.03 22.89 24.32 24.78
TSMixer+GPT2 21.16 23.07 24.58 25.19
Proposed 1495 1548 17.06 18.87
STID+GATGPT 15.14 1589 17.43 19.31
China AQI FourierGNN+SPIN  15.37 16.26 18.59 20.98
DSformer+GATGPT 1549 1645 18.67 21.45
TSMixer+GPT2 15.61 1653 18.81 21.97
Proposed 552 561 582 6.09
STID+GATGPT 559 575 5091 6.18
Global Wind  FourierGNN+SPIN 563 576  6.02 6.21
DSformer+GATGPT 5.66 582 6.07 6.28
TSMixer+GPT2 564 585 6.5 6.37

J EXPERIMENTS WHEN THE PERFORMANCE OF THE TEACHER MODEL IS
DEGRADED

Existing imputation models typically assume access to complete training data and train models
through reconstruction tasks (Ahn et al.| (2022)). Considering the possibility of incomplete data
collection in real-world scenarios (i.e., missing data in the training set), the teacher model might be
trained on multivariate time series with missing values, potentially leading to degraded performance.
Therefore, it is crucial to evaluate the effectiveness of Merlin under such conditions. In this section,
we simulate scenarios where the training data for the teacher model has missing rates of 5% and
10% (imputation models also face this challenge) and assess the improvement brought by Merlin
and GATGPT to different backbone under these settings.

Table |13| and Table |14| show the MAE values of Merlin and other methods when the missing rates
of the training sets are 5% and 10%, respectively. Based on the experimental results, the follow-
ing conclusions can be drawn: (1) Even when the data quality of the training sets for the teacher
model decreases, Merlin can still effectively enhance the forecasting performance of several back-
bone models. (2) Compared to GATGPT, Merlin demonstrates superior capability in recovering
the forecasting performance of different backbone models, further highlighting its practical value in
real-world scenarios.

K COMPARED WITH END-TO-END MODELS THAT CAN HANDLE MISSING
DATA

The experimental results in Section 4.2 (Main Results) and Section 4.3 (Transferability of Merlin)
demonstrate that Merlin achieves superior predictive performance compared to two-stage models.
To further validate the model’s performance, we compared Merlin with several existing end-to-end
models that can handle missing data. All models are introduced as follows:

* MGSFformer (Yu et al.| (2024b)): This model introduces residual redundancy reduction

blocks, spatiotemporal attention blocks, and dynamic fusion blocks to achieve multivariate
time series forecasting (MTSF).
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Table 13: MAE values of Merlin and other methods (The missing rate of the training set is 5%).

Missing rates

Datasets Backbone Methods 5% 50% 750 90%
TMein 339 354  3.62 341

STID  +GATGPT 346 357 368 3.0

raw 354 377 393 407

TMelin 348 359 370 3.82

TSmixer ~ +GATGPT 351 3.64 375 387

raw 3.62 3.78 3.95 4.06

METR-LA TMerlin 354  3.66 374 388
DSformer  +GATGPT 358 370 384  3.96

raw 372 387 395 411

TMelin ~ 3.50 357 3.68  3.80

FouriertGNN  +GATGPT 352 361 373 385

raw 361 377 392 405

TMerin  19.14 2007 2143 23.8

STID  +GATGPT 1972 21.08 2254 2397

raw 2067 2836 30.11 33.65

TMerlin — 19.84 2195 2278 24.43

TSmixer ~ +GATGPT 2045 2238 2347 24.89

raw 2153 2639 2918 31.42

PEMS04 TMerlin 2054 22.18 2274 24.47
DSformer  +GATGPT 2086 22.54 2326 24.68

raw 2324 2785 3047 3325

TMerlin — 19.67 2079 2225 2392

FourierGNN  +GATGPT 20.08 21.19 22.68 24.05

raw 2134 2458 27.05 2971

TMerin  15.06 15.67 17.06 18.93

STID  +GATGPT 1527 1598 1752 1943

raw 1553 18.56 2036 23.24

TMein 1543 1631 1824 20.81

TSmixer ~ +GATGPT 1551 1674 1855 21.17

. raw 1633 1844 2059 22.98

China AQI TMerlin 1550 1639 18.45 2116
DSformer  +GATGPT 1571 17.04 19.15 21.71

raw 1652 1875 2096 2347

TMein 1532 1622 1792 2038

FourierGNN +GATGPT 1547 1642 1827 20.84

raw 1598 17.69 19.13 21.57

TMelin 552 561 582 6.06

STID  +GATGPT 558 572 590 617

raw 563 605 634 668

TMerin 558 581 601 621

TSmixer ~ +GATGPT 5.62 584 607 626

Global wind aw 577 601 631 663
TMerin 557 576 592  6.18

DSformer  +GATGPT 5.63 582 601 624

raw 575 598 625 657

TMerlin 555 570 591 6.0

FourierGNN +GATGPT 5.60 5.73 5.95 6.15

raw 573 593 615 639

* S4 (Gu et al| (2022)): It proposes a fundamental state space model to achieve accurate
MTSE

* GinAR (Yu et al.| (2024a)): This model incorporates interpolation attention and adaptive
graph learning to enhance its performance in MTSF with missing data.
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Table 14: MAE values of Merlin and other methods (The missing rate of the training set is 10%).

Missing rates

Datasets Backbone Methods 5% 50% 750 90%
TMerlin 342 357 3.66 3.5

STID  +GATGPT 349 362 373 388

raw 354 377 393 407

TMerlin 351 3.6 375 388

TSmixer ~ +GATGPT 355 3.68 380 3.93

raw 3.62 3.78 3.95 4.06

METR-LA TMerlin 358 371 378 394
DSformer +GATGPT 3.62 3.76 3.89 4.01

raw 372 387 395 41l

TMerlin 354  3.62 372 385

FouriertGNN  +GATGPT 356  3.65 379 391

raw 361 377 392 405

TMerlin 1941 2039 2181 23.64

STID  +GATGPT 2005 2143 2288 2431

raw 2067 2836 3011 33.65

TMerlin — 20.11 2229 2315 24.82

TSmixer ~ +GATGPT 2079 2275 2381 25.13

raw 2153 2639 29.18 3142

PEMS04 TMerlin— 20.82 2250 2307 24.84
DSformer  +GATGPT 21.14 22.90 2359 2506

raw 2324 2785 3047 3325

TMerlin — 19.97 2105 2254 2426

FourierGNN  +GATGPT 2037 21.55 23.03 24.43

raw 2134 2458 27.05 2971

TMerlin 1523 1594 1735 1925

STID  +GATGPT 1541 1624 1779 19.78

raw 1553 18.56 2036 23.24

TMerlin 1577 1658 18.48 21.03

TSmixer ~ +GATGPT 15.86 1692 18.79 21.42

. raw 1633 1844 2059 22.98

China AQI TMerlin 1573 16.62 1873 21.38
DSformer  +GATGPT 1596 1731 1939 21.95

raw 1652 1875 2096 2347

TMerlin ~ 15.58 1647 18.14  20.63

FouriertGNN  +GATGPT 1571 1668 1851 21.06

raw 1508 17.69 19.13 21.57

TMerlin 555 5.64 585 610

STID  +GATGPT 5.60 578 596 621

raw 563 605 634 668

TMerlin 562 586 607 627

TSmixer ~ +GATGPT 5.67 589 614 631

Global wind aw 577 601 631 663
TMerlin 563 583 599 625

DSformer  +GATGPT 5.66 587 608 630

raw 575 598 625 657

TMerlin 559 575 597  6.16

FourierGNN +GATGPT 5.65 5.79 6.01 6.21

raw 573 593 615 639

Table E] show the RMSE values of several models. Based on the experimental results, it can be
observed that compared with end-to-end models that can handle missing data, the proposed model

still achieves better forecasting performance.
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Table 15: RMSE values of several models (The best results are shown in bold).

Missing rates
Datasets Methods %%  50%  75%  90%

Proposed 658 6.65 681 7.06

GinAR 672 691 738 7.67
METR-LA  \iGSFformer 678 698 745  7.84
s4 713 754 782  8.16

Proposed 30.67 3141 3338 36.27

GinAR  32.15 3427 3586 38.19

PEMSO4  \iGSFformer 3278 3643 3921 40.16
s4 3503 4017 43.06 4558
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