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Abstract

Sensors are commonly deployed to perceive the environment.
However, due to the high cost, sensors are usually sparsely
deployed. Kriging is the tailored task to infer the unobserved
nodes (without sensors) using the observed nodes (with sen-
sors). The essence of kriging task is transferability. Recently,
several inductive spatio-temporal kriging methods have been
proposed based on graph neural networks, being trained
based on a graph built on top of observed nodes via pre-
text tasks such as masking nodes out and reconstructing them.
However, the graph in training is inevitably much sparser than
the graph in inference that includes all the observed and un-
observed nodes. The learned pattern cannot be well gener-
alized for inference, denoted as graph gap. To address this
issue, we first present a novel Increment training strategy: in-
stead of masking nodes (and reconstructing them), we add
virtual nodes into the training graph so as to mitigate the
graph gap issue naturally. Nevertheless, the empty-shell vir-
tual nodes without labels could have inferior features and lack
supervision signals. To solve these issues, we pair each vir-
tual node with its most similar observed node and fuse their
features together; to enhance the supervision signal, we con-
struct reliable pseudo labels for virtual nodes. As a result, the
learned pattern of virtual nodes could be safely transferred to
real unobserved nodes for reliable kriging. We name our new
Kriging model with Increment Training Strategy as KITS.
Extensive experiments demonstrate that KITS consistently
outperforms existing methods by large margins, e.g., the im-
provement over MAE score could be as high as 18.33%.

Code — https://github.com/Sam1224/KITS

Introduction

Sensors play essential roles in various fields like vision (Xu
et al. 2023b, 2024a, 2025), traffic monitoring (Zhou et al.
2021), energy control (Liu et al. 2022b), road extraction (Xu
et al. 2023a), trajectory learning (Liu et al. 2022a, 2024c),
forecasting (Miao et al. 2024; Liu et al. 2024b,a) and
anomaly detection (Xu et al. 2024b). For example, loop de-
tectors are installed on roads to perceive traffic dynamics,
such as vehicle flows and speeds. Nevertheless, due to the
high cost of devices and maintenance (Liang et al. 2019),
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the actual sparsely deployed sensors are far from sufficient
to support various services that require fine-grained data.
To address this problem, Inductive Spatio-Temporal Krig-
ing (Wu et al. 2021a) is proposed to estimate the values of
unobserved nodes (without sensors) by using the values of
observed nodes (with sensors) across time.

The common settings of inductive kriging are: (1) the train-
ing is only based on observed nodes; (2) when there are
new unobserved nodes inserted during inference, the model
can naturally transfer to them without re-training, i.e., be-
ing inductive. To enable such transferability, existing induc-
tive methods mainly adopt the following training strategy
(illustrated in Figure 1(a)): it constructs a graph structure on
top of observed nodes (e.g., based on the spatial proxim-
ity of the nodes (Barthélemy 2011)), randomly masks some
observed nodes’ values, and then trains a model (which is
mostly Graph Neural Network based) to reconstruct each
node’s value. In this strategy, the graph structure is com-
monly used to capture node correlations and the inductive
GNNs such as GraphSAGE (Hamilton, Ying, and Leskovec
2017) accommodate different graph structures during infer-
ence, as shown in Figure 1(b), where the values of new nodes
4-5 will be inferred by the model trained from nodes 1-3. We
name this strategy as Decrement training strategy since it
decrements the number of observed nodes during training
(by masking their values) and use them to mimic the unob-
served nodes to be encountered during inference.

Unfortunately, such strategy inevitably suffers from the
graph gap issue, i.e., the graph used for training is much
sparser than that for inference, and it will aggravate with
more nodes unobserved. Expressly, the training graph is
based only on observed nodes, whereas the inference graph
would be based on observed and unobserved nodes. There
would be a clear gap between the two graphs: (1) the latter
has more nodes than the former; and (2) their topologies are
different (e.g., the latter could be denser). This graph gap
would pose a challenge to transfer from the training graph
to the inference graph. For example, as a scenario shown in
Figure 1(c), where red pins represent observed nodes, and
blue pins represent unobserved nodes, the training graph
(based on only red pins nodes) would significantly differ
from the inference graph (based on red and blue pins). As
shown in our empirical studies in Appendix, the average
node degree of the training graphs from the decrement meth-
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Figure 1: Decrement and Increment training strategies. (a) Decrement training strategy: observe nodes 1-3 during training, and
mask node-3 out to reconstruct. (b) Kriging (inference phase): observe nodes 1-3, infer the values of new nodes 4-5. (c) A
scenario of training and inference data. (d) Increment training strategy: observe nodes 1-3, insert virtual nodes 4-6 to mimic
the target unobserved nodes in inference, and learn to directly estimate their values.

ods like (Wu et al. 2021a,b) can be more than 70% lower
than that of the real inference graph.
To mitigate this issue, we propose a new training strategy,
shown in Figure 1(d): (1) it inserts some empty-shell virtual
nodes and obtains the corresponding expanded graph, (2) it
then trains a kriging model based on the graph with the ob-
served nodes’ values as labels in a semi-supervised manner.
With this strategy, the gap between the training and infer-
ence graphs would be naturally reduced since the observed
nodes in the two graphs are the same, and the virtual nodes
in the former mimic the unobserved nodes in the latter. To
further close the graph gap, it inserts virtual nodes in differ-
ent ways and generates various training graphs (for covering
different inference graphs). We name it as Increment train-
ing strategy since it increments the number of nodes of the
graph during training. Empirical study in Appendix shows
our method narrows the degree difference to only 15%.
Howeyver, due to the abundant labels for observed nodes and
the absence of labels on virtual nodes, the Increment training
strategy faces the firting issue: it could easily get overfitting
and underfitting on observed and virtual nodes, leading to
superior and inferior features, respectively. We present two
solutions: Firstly, we design Reference-based Feature Fu-
sion module to align each virtual node with its most similar
observed node and vice versa, then fuse their features. As a
result, (1) virtual nodes could improve their inferior features
with superior features from similar observed nodes; (2) ob-
served nodes, affected by inferior features, are less likely
to get overfitting. Secondly, we present a Node-aware Cy-
cle Regulation to provide reliable pseudo labels (Cascante-
Bonilla et al. 2021) for virtual nodes so that they would be
well-regulated. Overall, our contributions are threefold:
* We identify the graph gap issue of Decrement training
strategy that has been adopted by existing kriging meth-
ods, and propose a novel Increment training strategy.

* We further develop the Reference-based Feature Fusion
module and the Node-aware Cycle Regulation for han-
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dling the fitting issue of the proposed strategy.

* We conduct experiments on eight datasets of three types,
showing that our KITS outperforms existing methods
consistently by large margins (as high as 18.33%).

Related Work

Kriging is a widely used technique in geostatistics for spa-
tial interpolation (Krige 1951; Goovaerts 1998), which in-
volves predicting the value of a variable at an unsampled lo-
cation based on the observed values of the variable at nearby
locations. It has a wide range of applications in meteorol-
ogy (Gad, Manjunatha et al. 2017), geology (Li et al. 2021),
transportation (Mao et al. 2022; Li et al. 2022; Han et al.
2022; Li 2021; Lin et al. 2021; Han et al. 2022), oceanol-
ogy (Tonkin and Larson 2002), and so on. Kriging is nor-
mally categorized as transductive setting and inductive set-
ting: (1) Transductive kriging requires all the nodes to be
present during training, and it cannot learn the representa-
tion for the unseen nodes directly: usually, re-training the
model with the new nodes is needed. Classic models such
as matrix factorization, DeepWalk, and GCN are by default
transductive, which will be introduced in detail. (2) Induc-
tive models instead can directly handle the new nodes that
are unseen during training. It can accommodate dynamic
graphs and learn the representations of unseen nodes. This
is the main scope of this work. Recently, spatio-temporal
kriging (Wu et al. 2021a,b) has extended this technique to
include the temporal dimension, enabling the estimation of
values of unobserved locations at different times.

Transductive Kriging: Matrix factorization and tensor fac-
torization is one of the most representative methods for
spatio-temporal kriging (Bahadori, Yu, and Liu 2014; Zhou
et al. 2012; Takeuchi, Kashima, and Ueda 2017; Li et al.
2020a,b; Deng et al. 2021; Lei et al. 2022). For example,
GLTL (Bahadori, Yu, and Liu 2014) takes an input tensor
Jlocationxtimex variables yith ynobserved locations set to zero
and then uses tensor completion to recover the values at



the observed locations. GE-GAN (Xu et al. 2020) is another
method, which builds a graph on top of both observed and
unobserved nodes and utilizes node embeddings (Yan et al.
2006) to pair each unobserved node with the most relevant
observed nodes for kriging. It then uses generative mod-
els (Goodfellow et al. 2020) to generate values for unob-
served nodes. Besides, imputation methods (Lai et al. 2024;
Cini, Marisca, and Alippi 2021) can be applied for transduc-
tive kriging, e.g., GRIN combines message passing mech-
anism (Gilmer et al. 2017) with GRU (Cho et al. 2014) to
capture complex spatio-temporal patterns for kriging. These
methods are limited by their “transductive” setting, i.e., they
require the unobserved nodes to be known during the train-
ing phase: to handle new unobserved nodes that were not
known before, they need model re-training.

Inductive Kriging: More recently, quite a few methods, in-
cluding KCN (Appleby, Liu, and Liu 2020), IGNNK (Wu
et al. 2021a), LSISTN (Hu et al. 2021), SpecKrig-
ing (Zhang et al. 2022), SATCN (Wu et al. 2021b), and IN-
CREASE (Zheng et al. 2023) have been proposed to conduct
spatio-temporal kriging in an “inductive setting” (which we
call inductive spatio-temporal kriging). That is, during their
training phase, the unobserved nodes are not known and
they can handle new unobserved nodes without model re-
training. These methods mainly adopt the Decrement train-
ing strategy: (1) it constructs a graph on top of the ob-
served nodes, (2) it then randomly masks the values of some
nodes of the constructed graph (which mimics the unob-
served nodes), and (3) it then learns to recover the values
of the unobserved nodes. However, as explained in Intro-
duction, this Decrement training strategy would suffer from
the graph gap issue, i.e., the training graph is based on all
observed nodes, while the inference graph is based on both
observed and unobserved nodes. In this paper, we propose a
new Increment training strategy, which inserts virtual nodes
to the training graph so as to mitigate the graph gap issue
- with this strategy, the training graph is based on observed
nodes and virtual nodes (which mimic unobserved nodes).

Methodology
Overview

Problem Definition. Let X5, € RMo*? denote the val-
ues of NV, observed nodes in ¢ time intervals. We follow ex-
isting studies (Wu et al. 2021a) and construct a graph struc-
ture on the observed nodes (e.g., creating an edge between
two nodes if they are close enough). We denote the adja-
cency matrix of the graph structure by A° € [0, 1]Nox ™o,
The inductive spatio-temporal kriging problem is to es-
timate the values of /V,, unobserved nodes, which are not
known until inference, based on X¢._,.,» and the graph on
top of the observed nodes and unobserved nodes.

KITS. To mitigate the issues suffered by existing methods,
we first propose a new Increment training strategy, which
inserts virtual nodes to the training graph and aims to esti-
mate the values of all nodes with a kriging model in a semi-
supervised manner. We then design a kriging model, which
involves two components, namely Spatio-Temporal Graph
Convolution (STGC) and Reference-based Feature Fusion
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(RFF). Finally, we incorporate a Node-aware Cycle Regula-
tion (NCR) for regulating those virtual nodes since they lack
of labels. An overview of is illustrated in Figure 2.

Increment Training Strategy for Kriging

To mitigate the graph gap issue suffered by the existing
Decrement training strategy, we propose a new Increment
training strategy: It first inserts some empty-shell virtual
nodes and obtains the corresponding expanded graph, and
then trains a kriging model based on the graph with the val-
ues of the observed nodes as labels in a semi-supervised
manner (see Figure 1(d) for an illustration).

The core procedure of this training strategy is to insert some
“virtual” nodes in the training graph to mimic the “unob-
served” nodes in the inference graph, yet the unobserved
nodes are not known during training. To implement this pro-
cedure, two questions need to be answered: (1) how many
virtual nodes should be inserted; (2) how to create edges
among observed nodes and virtual nodes.

Our solution about virtual nodes is as follows. First, we fol-
low existing studies (Wu et al. 2021a; Hu et al. 2021) to
assume the availability of some rough estimate of the un-
observed nodes to be encountered during inference. That is,
we assume the availability of a missing ratio «, the approx-
imate ratio of unobserved nodes over all nodes in the infer-
ence graph. We denote N, as the number of observed nodes.
Then, we insert N,, virtual nodes, where N, = N — N, =
= — N, = 01‘_1\2‘(’ . Considering inference graphs with vary-
ing numbers of unobserved nodes, we add a random noise ¢
to «v. Besides, the values of the virtual nodes are initialized
as 0, a common practice for nodes without readings.

To answer the second question about virtual edges, we adopt
the following graph augmentation method. For each vir-
tual node, we (1) pick an observed node randomly, (2) cre-
ate an edge between the virtual node and the picked node;
and (3) create an edge between the virtual node and each
neighbor node of the picked node with a probability p ~
Uniform|0, 1]. The rationale is: the virtual node is created
to mimic an unobserved node, which should have relations
with a local neighborhood of observed nodes, e.g., a sensor
has relations with others within a certain spatial proximity.
In addition, we generate multiple batches of training graphs
and train batch by batch. Due to the randomness of the above
procedure of inserting virtual nodes, we will generate var-
ious training graphs yet similar to the inference graph to
some extent in different batches (see Figure 2(a) for illustra-
tion). This diversity achieves better generality of the model
to handle different inference graphs. Note that the pseudo
code of Increment training strategy is included in Appendix.

No

Kriging Model

Spatio-Temporal Graph Convolution (STGC). STGC
acts as the basic building block of the kriging model, and
is responsible for aggregating spatio-temporal features from
neighboring nodes (e.g., nearby nodes) to the current node
with graph convolution (Cini, Marisca, and Alippi 2021).
Specifically, we denote the input features of STGC as Z; €
RN*D where the subscript ¢ means the time interval is T3,
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with randomness (so as to cover different possible inference graphs); (b) Illustration of the kriging model and the Node-aware
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Figure 3: Details of Spatio-Temporal Graph Convolution
(STGC). Take the data from three time intervals, and node-1
as an example, its neighbors’ information (7;_1.;4+1) would
be propagated to node-1 (7;) for features aggregation.

N = N, + N, represents the total number of observed
and virtual nodes, and D is feature dimension. We have the
following designs in STGC. First, to aggregate the features
across different time intervals, for features Z;, we directly
concatenate it with the features in the previous and follow-
ing m time intervals and denote the concatenated features
as Zi_miirm € RNXCmHEDD Gecond, we aggregate the
features across different nodes based on the training graph
(indicated by the adjacency matrix A € RN*V) Yet we
prevent from aggregating features for a node from itself by
masking the diagonal elements of adjacency matrix A (i.e.,
we remove the self-loops in the graph), denoted as A~. The
rationale is that in spatio-temporal kriging, observed nodes
have values in all time intervals, while virtual nodes have
values missing in all time intervals. As a result, the ob-
served/virtual nodes would have superior/inferior features
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Figure 4: Details of Reference-based Feature Fusion (RFF)
for training. In the inference phase, the target unobserved
nodes/features would take the role of virtual nodes/features.

all the time. In the case we allow each node to aggregate
features from itself, the observed/virtual nodes would learn
to improve their superior/inferior features with superior/in-
ferior features, and thus the gap between their features qual-
ity would be widened, which would aggravate the overfit-
ting/underfitting issues of observed/virtual nodes as men-
tioned in Introduction. An illustration of STGC is shown in
Figure 3. Formally, STGC can be written as:

Z7(ll+1) = FC(GC(ZEQmH—m? A_)) (l)
where (1) and (I + 1) represent the layer indices, FC(-) is a
fully-connected layer, and GC(-) is an inductive graph con-
volution layer (Cini, Marisca, and Alippi 2021).
Reference-based Feature Fusion (RFF). As mentioned
earlier, there exists a quality gap between observed nodes’
and the virtual nodes’ features. To deal with the gap, we pro-
pose a RFF module, which pairs observed nodes and virtual
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Traffic Speed \ Traffic Flow
Method METR-LA (207) PEMS-BAY (325) SEA-LOOP (323) PEMS07 (883)

MAE MAPE MRE | MAE MAPE MRE | MAE MAPE MRE | MAE MAPE MRE
Mean | 8.6687 02534 0.1515 | 47068 0.1135 00752 | 60264 0.1794 0.1045 | 103.5164 09802 0.3380

OKriging | 8.1886 02391  0.1431 | 47006 0.1131  0.0751 - - - - - -
KNN | 83068 02274 0.1452 | 44898 0.1000 00718 | 65510 0.1842 0.1136 | 109.4717 09425 0.3575

KCN | 7.5972 02341  0.326 | 57177 0.1404  0.0914 - - - - - -
IGNKK | 6.8571 02050 0.1197 | 3.7919 00852 0.0606 | 5.1865 0.1370  0.0901 | 80.7719 09314  0.2635
LSISTN | 7.0666 02066 0.1234 | 3.8609 0.0836  0.0617 - - - 1017706 0.8500  0.3325
INCREASE | 6.9096 0.1941  0.1206 | 3.8870 0.0835 00621 | 4.8537 0.1267 0.0842 | 93.7737 1.1683 0.3062
KITS (Ours) | 6.1276 01714  0.1071 | 3.5911 0.0819 0.0574 | 42313 01141 0.0734 | 75.1927 0.6847 0.2456
Improvements | 10.64% 11.70% 10.53% | 530%  1.92%  528% | 12.82% 9.94% 12.83% | 691% 19.45% 6.19%

Air Quality \ Solar Power
Method AQI-36 (36) AQI (437) NREL-AL (137) NREL-MD (80)

MAE MAPE MRE | MAE MAPE MRE | MAE MAPE MRE | MAE MAPE MRE
Mean | 209346 0.6298 02905 | 39.0240 14258  0.5973 | 45494 1.6164 03664 | 122784 39319 0.6927
KNN | 182021 05130 02526 | 23.1718 0.7376 03547 | 44118 12381 03554 | 12.5239 33277  0.7066
KCN | 20.6381 06190 02896 | 21.9771 0.6207 03278 | 4.6349 2.0685 03733 | 11.5863 4.5994  0.6537
IGNKK | 223862 07892 03141 | 223997 07200 03341 | 2.1939 17267 0.1767 | 43950 24813  0.2480
LSISTN | 227715 09022 03209 | 20.1396 05314 03003 | 2.0827 1.0960 0.1677 | 43206 19160 0.2436
INCREASE | 229031 1.0682  0.3214 | 199140 0.6130 02970 | 2.0936 1.1342  0.1686 | 4.7302  1.8029 0.2669
KITS (Ours) | 165892 0.3873  0.2302 | 16.2632 0.4187 02489 | 1.8315 07812 0.1475 | 4.1181 12523 0.2323
Improvements | 8.86% 24.50% 8.87% | 1833% 2121% 16.20% | 12.06% 28.72% 12.05% | 4.69% 30.54% 4.64%

@ 9

Table 1: Comparisons with inductive kriging baselines.

nodes and then fuses their features. The rationale is that for
a virtual node, its inferior features would be improved with
the superior features of its paired observed node - this would
help to mitigate the underfitting issue of the virtual node; and
for an observed node, its superior features would be affected
by the inferior features of its paired virtual node - this would
help to mitigate the overfitting issue of the observed node.
The RFF module, shown in Figure 4, works as follows. First,
we calculate a similarity matrix M € [0, 1]Ve* v where
M (;,5 is the re-scaled cosine similarity between the it" ob-
served node and the j*" virtual node based on their features.
Second, we apply the arg max operation to each row/col-
umn of M, to obtain an index vector Ind* and an similarity
vector S*, which indicates the most similar observed/virtual
node of each virtual/observed node. Third, we pair each ob-
served/virtual node to its most similar virtual/observed node
based on the index vector Ind*. Fourth, we fuse the features
of the nodes that are paired with each other with a shared
FC layer and re-scale them based on the similarity vector
S*. The procedure (for the i*" virtual node) is given as:

Z; = FC(Z}||S; ® Align(N°,Ind;)) 2)
where Align(-) extracts the features of the most similar ob-
served node according to its index Ind;, ® is the element-
wise matrix multiplication, and A° denotes the set of ob-

served nodes. Some evidences, showing the effectiveness of
RFF for the fitting issue, are provided in Appendix.

Node-aware Cycle Regulation (NCR)

Recall that virtual nodes do not have supervision signals dur-
ing training. Thus, we propose to construct pseudo labels for

means some methods require the input of GPS coordinates or full
distance information, which is not available in SEA-LOOP and PEMSO07 datasets. The best results are shown in bold, and the
second best are underlined. “Improvements” show the improvement of our KITS over the best baseline.

12949

better regulating the learning on virtual nodes. Specifically,
we propose NCR (as illustrated in Figure 2(b)) as follows.
We first conduct the kriging process once (first stage) and
obtain the estimated values of all nodes. We then swap the
roles of observed nodes and virtual nodes with an inverse
mask and conduct the kriging process again (second stage)
with the estimated values (outputted by the first stage) as
pseudo labels. The key intuition is that during the second
stage of the kriging process, the virtual nodes would have su-
pervision signals (i.e., pseudo labels) for regulation. We note
that similar cycle regulation techniques have been used for
traffic imputation tasks (Xu et al. 2022), and our NCR differs
from existing techniques in that it uses an inverse mask but
not a random mask, i.e., it is node aware and more suitable
for the kriging problem. NCR can be written as:

Xr_v7 = KM(X7_p7, A7) 3)
XG5 _pr = (1 —Mr_p7) © Xp_pr )
X7 or =KMXG 1.7, A7) 5

where X _,.r is the input data, KM(-) is the kriging model,
X _¢. is the output of the kriging model (first stage), (1 —
Myr_¢.7) is the inverse mask, and X5._,., is the output of

the kriging model (second stage). Finally, the overall loss
function could be written as:

L = MAE(X 7.7, X1, Lops )+
A MAE(X%_t;T7 XT—t:T; Iall)

where MAE(-) is mean absolute error, I, and I,; mean
calculating losses on observed and all nodes, and A is a hy-
perparameter controlling the importance of pseudo labels.

(6)



Traffic Speed

Traffic Flow

Method METR-LA (207) PEMS-BAY (325) SEA-LOOP (323) PEMSO07 (883)

MAE MAPE MRE MAE MAPE MRE MAE MAPE MRE MAE MAPE MRE
GLTL | 8.6372  0.2627 0.1508 | 4.6986  0.1128  0.0741 - - - - -
MPGRU | 6.9793  0.2223  0.1220 | 3.8799  0.0951 0.0620 | 4.6203 0.1393 0.0802 | 97.2821 1.1475  0.3177
GRIN | 6.6096 0.1959 0.1155 | 3.8322 0.0845 0.0613 | 4.2466 0.1262 0.0743 | 95.9157 0.6844 0.3132
KITS (Ours) | 6.0604  0.1708 0.1059 | 3.5809  0.0788 0.0572 | 4.1773 0.1132 0.0725 | 76.1451 0.6673  0.2487
Improvements | 8.31% 12.81% 8.31% | 6.56% 6.75% 6.69% | 1.63% 10.30% 2.42% | 20.61% 2.50% 20.59%
| Air Quality Solar Power

Method AQI-36 (36) AQI (437) NREL-AL (137) NREL-MD (80)
MAE MAPE MRE MAE MAPE MRE MAE MAPE MRE MAE MAPE MRE
GLTL | 21.8970 0.6643 0.3073 | 30.9248 1.0133 0.4612 | 4.8230 1.5635 0.3885 | 12.4229 3.6326  0.7009
MPGRU | 22.5312 0.9439 0.3126 | 22.7233  0.8289 0.3478 | 2.4439 1.8900 0.1968 | 5.3504  3.7190  0.3018
GRIN | 16.7497 0.5235 0.2324 | 17.4716 0.5615 0.2674 | 1.9623 1.2376 0.1581 | 5.0114 2.5790 0.2827
KITS (Ours) | 16.3307 0.3559  0.2266 | 16.2431 0.4097 0.2486 | 1.8090 0.6661 0.1465 | 4.1088  1.4056  0.2318
Improvements | 2.50%  32.02% 2.50% | 7.03% 27.03% 7.03% | 7.81% 46.18% 7.34% | 18.01% 45.50% 18.00%

Table 2: Comparisons with transductive kriging baselines.
Experiments two settings is that in the former, the unobserved nodes are

Experimental Settings

Datasets. We employ 8 public datasets and conduct exten-
sive experiments on them, so as to validate the effectiveness
of KITS. These datasets are collected from different real-
world application scenarios, including 4 datasets in the field
of traffic (METR-LA, PEMS-BAY, SEA-LOOP, PEMS07),
2 in air quality (AQI-36, AQI), and 2 in solar power (NREL-
AL, NREL-MD). More details about these datasets, includ-
ing basic statistics of each dataset, detailed description, data
pre-processing techniques, and the construction of adjan-
cency matrices, are explained in Appendix.

Baselines. Apart from the existing inductive kriging base-
lines, we also include some transductive kriging baselines
for further comparisons. Note that transductive kriging is
a relatively easier setting than the inductive one, and their
differences are explained in Related Work. The selected
kriging baselines include: (1) Inductive kriging: Mean im-
putation, OKriging (Cressie and Wikle 2015), K-nearest
neighbors (KNN), KCN (Appleby, Liu, and Liu 2020),
IGNNK (Wu et al. 2021a), LSJISTN (Hu et al. 2021) and
INCREASE (Zheng et al. 2023); (2) Transductive krig-
ing: GLTL (Bahadori, Yu, and Liu 2014), MPGRU (Cini,
Marisca, and Alippi 2021) and GRIN (Cini, Marisca, and
Alippi 2021). More details are provided in Appendix.
Evaluation metrics. We mainly adopt Mean Absolute Er-
ror (MAE), Mean Absolute Percentage Error (MAPE) and
Mean Relative Error (MRE) (Cini, Marisca, and Alippi
2021) as the evaluation metrics. In some experiments, we
additionally include some results of Root Mean Square Er-
ror (RMSE) and R-Square (R2) for better evaluation. The
details of each evaluation metric are explained in Appendix.

Main Results

Apart from the inductive setting that we target in this pa-
per, we consider the transductive setting to cover a broad
range of settings of kriging. The difference between these
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not available for training while in the latter, they are avail-
able. Our KITS can be applied in the transductive setting by
replacing the virtual nodes with actual unobserved nodes.
We set the missing ratios « = 50% for all datasets and
present the results in Table 1 for inductive setting, and in
Table 2 for transductive setting. Besides, we include some
additional results evaluated by RMSE and R2, and the error
bars evaluation in Appendix.

Inductive kriging comparisons. Table 1 shows that our
KITS consistently achieves state-of-the-art performance,
e.g., KITS outperforms the best baseline by 18.33% on
MAE (AQI dataset) and 30.54% on MAPE (NREL-MD).
We attribute it to the fact that the proposed KITS has taken
aforementioned graph gap and fitting issues into consid-
eration: (1) we apply the novel Increment training strat-
egy for kriging to benefit from diverse and dense training
graphs. (2) utilizes a well-designed STGC module and an-
other RFF module to improve the feature quality of virtual
(unobserved) nodes; (3) further presents an NCR to create
reliable pseudo labels for kriging.

Transductive kriging comparisons. As mentioned before,
we also test our method in a transductive setting, where
the target nodes and the full graph structure are known
during the training phase, which is easier than the induc-
tive setting that this paper focuses on. Both settings have
their application scenarios in practice. Table 2 shows similar
conclusions: KITS improves MAE by 20.61% on PEMSO07
dataset and MAPE by up to 45.50% on NREL-MD dataset.
Even with unobserved node topology revealed in training
(no more graph gap), the transductive methods still cannot
beat KITS, since STGC, RFF, NCR modules better fuse fea-
tures and offer pseudo supervision.

Ablation Study

Different ways of node insertion. The first row (Random)
of Table 3 means the newly-inserted virtual nodes are ran-
domly connected to known nodes (observed nodes and in-



Method \ MAE MAPE MRE
w/ all nodes
Random \ 6.4553 0.1886 0.1128

w/ first-order neighbors

p=1 6.4254 0.1817 0.1123
p=0.75 6.4397 0.1863 0.1125
p=0.5 6.4094 0.1854 0.1120
p=0.25 6.4670 0.1860 0.1130
p=0 6.8282 0.2089 0.1193

p=random | 6.3754 0.1806 0.1114

Table 3: Different ways of node insertion on METR-LA.

Method | INC NCR STGC RFF | MAE MAPE MRE

M-0 6.7597 0.1949 0.1181
M-1 v 6.3754 0.1806 0.1114
M-2 v v 6.2607 0.1791 0.1094
M-3 v v 6.2107 0.1738 0.1117
M-4 v v' | 63269 0.1810 0.1106
M5 | v v v v | 61276 0.1714 0.1071

Table 4: Component-wise ablation study. Column “INC”
means whether Increment training strategy (v') is used.

serted virtual nodes). In this case, the virtual node might
connect to distant nodes. Several existing studies (Gilmer
et al. 2017; Li, Cai, and He 2017; Ishiguro, Maeda, and
Koyama 2019; Pham et al. 2017) have adopted this strat-
egy for graph augmentation. Other rows randomly connect
a virtual node to a known node and a fraction p of its first-
order neighbors (this is the strategy adopted in this paper).
According to the results, (1) our strategy of creating edges
between virtual nodes and a chosen node’s neighbors works
better than the commonly used strategy of creating edges
based on all nodes, and (2) it works better to use a random p
since it would generate more diverse training graphs.

Ablation study on different modules. Table 4 validates
the effectiveness of each proposed module. (1) We first
compare between M-0 (Decrement training strategy) and
M-1 (Increment training strategy), which share the same
GCN model (Cini, Marisca, and Alippi 2021). The results
show that Increment training strategy outperforms Decre-
ment training strategy by a large margin (e.g., 5.69% on
MAE). (2) We then compare M-2, M-3, and M-4 with M-
1. The results verify the benefit of each of the NCR, STGC
and RFF modules. (3) The full model achieves the lowest
MAE 6.1276, which is 9.37 % lower than that of M-0, which
demonstrates the effectiveness of our design.

Training strategies with different missing ratios. To fairly
compare two training strategies’ behaviors under different
missing ratios, we create a decrement version of our model:
we change model M-5 in Table 4 with standard Decrement
training strategy (Wu et al. 2021a) and the rest modules re-
main untouched. We use METR-LA and vary missing ratios
a from 50% to 80%. (1) Red v.s. Green in Figure 5: With
the increase of «, increment one (red)’s advantage margin
becomes larger over the decrement one (green). Since the

MAE of Different Kriging MAPE of Different Kriging

—e— Ours (Transductive) (.25 —e— Ours (Transductive)
—e— Ours (Decrement) —e— Ours (Decrement)
—e— Ours (Increment) 0.24 { —e— Ours (Increment)

8.00

7.754

7.50 -

0.21
0.20 -
0.19 1

0.18 -

1
50% 60% 70% 76%80% 50% 60% 70% 75% 80%
Missing Ratio o Missing Ratio a

Figure 5: Comparisons between Decrement and Increment
training strategies.

graph gap issue becomes severer, the Decrement training
strategy’s performance deteriorates faster. (2) Virtual nodes
have similar positive impacts as the real nodes (Red v.s.
Blue in Figure 5): We conduct a transductive version of
KITS, which replaces the virtual nodes with real unobserved
nodes (without values) for comparison. With all «, the incre-
ment strategy could achieve similar results to the transduc-
tive setting, demonstrating that the created training graphs
could achieve similar improvement as the real full graphs
with unobserved nodes. Before « hits 76%, the difference
of our virtual graph (red line, increment inductive) and the
real graph (blue line, transductive) is highlighted with the
light-blue region, which is only around 1.10% MAE; when
« is larger than 76%, our virtual graph can offer even better
performance than the real graph, highlighted in the light-red
region on the most right side of each subplot.

Conclusion

In this paper, we study the inductive spatio-temporal kriging
problem. We first show that existing methods mainly adopt
the Decrement training strategy, which would cause a gap
between training and inference graphs (called the graph gap
issue). To mitigate the issue, we propose a new Increment
training strategy, which inserts virtual nodes in the training
graph to mimic the unobserved nodes in the inference graph,
so that the gap between the two graphs would be naturally
reduced. We further design two modules, namely Reference-
base Feature Fusion (RFF) and Node-aware Cycle Regula-
tion (NCR), for addressing the fitting issues caused by the
lack of labels for virtual nodes. We finally conduct extensive
experiments on eight datasets, which consistently demon-
strate the superiority of our proposed model.
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