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ABSTRACT
Missing values in time-series is a frequently occurring problem in
multi-sensor data analysis. The current state-of-the-art imputation
networks don’t generalize well across the benchmarks. Further,
some directly operate on space-time product graphs which may
minimize the information loss but are prohibitively expensive. We
propose Product Graph U-networks using Temporal pooling for Spa-
tiotemporal imputation (P-GUTS). It uses pooled representations
of the space-time sequence in the bottleneck part of the U-network
and is memory efficient. Since datasets can have differing levels of
redundancy, relying on a single view (pooled representation) of the
data can be limiting. Therefore, P-GUTS uses multiple U-Nets with
different pooling factors and aggregates the representations. We
demonstrate the effectiveness of P-GUTS on multiple real-world
imputation datasets and robustness across increasing missing rates.
P-GUTS also gives encouraging results in spatiotemporal forecast-
ing.

CCS CONCEPTS
• Information systems → Sensor networks; • Computing
methodologies→ Temporal reasoning.
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1 INTRODUCTION
Multi-variate time streams consist of multiple time series corre-
lated to each other. For example, traffic speed across the roads in
a city can be linked. Accident on one road may affect the speeds
on nearby roads in the future. Similarly, the particulate matter in
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the air can show complex spatio-temporal dynamics. It may be pos-
sible to predict, with high accuracy, the values at any space-time
coordinate if neural networks can learn the patterns in the data. In
addition to unknown future values, intermediate missing values
are common in time-series datasets. The sensors may malfunction
or the network may fail momentarily. Time series imputation is
a vital pre-processing step for forecasting, anomaly detection and
other downstream tasks.

Attention [27] has been successfully used to design effective
networks for various time series tasks – imputation [18, 24], fore-
casting [12, 36] and anomaly detection [10, 25]. Being non-recurrent
it allows the missing points to attend over the entire series, pre-
venting compounding errors, and can be parallelized. But, only
using positional encodings can cause loss of temporal information
as they only maintain relative ordering information [35]. There-
fore, time-series attention networks explicitly include temporal
inductive biases (like day, week embeddings) to encode seasonality
information. Similarly, spatial node embeddings can be used. These
may be either simple learnable vectors [18] or further use additional
graph inductive biases [17].

SPIN [18] is one of the state-of-the-art imputation networks us-
ing graph attention applied on the spatiotemporal product graph.
SPIN-H is the smaller variant of SPIN where the temporal axis
is pooled before message passing. SPIN-H does pooling by doing
message passing on the bipartite graph between original and the
reduced time dimensions. Thus, SPIN and SPIN-H operate at dif-
ferent temporal resolutions and are observed to be effective on
separate datasets[18]. This motivates using an architecture that
can view data at multiple resolutions making it generalize across
benchmarks. Previous works in computer vision [6, 16, 33] also
have demonstrated the advantage of multi-scale features. We use
the terms down-sampling and pooling interchangeably.

Inspired by image in-painting or pixel-wise prediction, we for-
mulate imputation as a node regression problem on space-time
product graph. U-Networks [23] have been successfully been used
in pixel-wise prediction and graph U-Net [11] for node classifica-
tion.

We present a novel imputation network – Product Graph U-
networks using Temporal pooling for Spatiotemporal imputation
(P-GUTS). Graph U-Net can’t directly operate on space-time ver-
tices, where explicit edges are not always available. Therefore, in-
stead of using Graph Convolutional Networks (GCN) [13], we use
space-time graph attention based U-Networks. By using multiple
U-Networks each with a different pooling factor we leverage mul-
tiple views of the data. We use the initial space-time positional
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embeddings procedure from SPIN to enable a direct comparison of
the imputation networks. P-GUTS achieves state-of-the-art results
in spatio-temporal imputation across various benchmarks. It is also
robust against high missing rates.

2 RELATEDWORK
Missing values plague multi-sensor data analysis [22, 30]. Statistical
methods for multi-variate time series imputation using interpola-
tion [1, 20, 31], or matrix factorization [19, 34] have significantly
higher error compared to the modern methods.

Auto-regressive methods like ARIMA [4], and even RNN-based
networks including BRITS [5], and graph based recurrent network
GRIN [7], suffer from compounding error problem [24]. As pre-
dictions rely on the previous outputs, errors can propagate and
accumulate. Sequential nature makes them slow and impractical
for long term imputation and forecasting.

Several state-of-the-art networks have leveraged attention [27]
for learning better representations. SPIN [18] uses additive attention
[3] on spatiotemporal graph with excellent results, at the expense
of high memory requirements. SPIN-H, its hierarchical variant, is
more efficient but does not perform as well generally. Trafformer
[12] is also memory intensive, using multiplicative attention [27]
directly on the space-time product graph for traffic forecasting.
NRTSI [24] uses transformer encoder for stochastic time series
performing hierarchical imputation.

MCNN [8] extracts features at different scales and frequencies
using convolutional layers, leading to superior feature representa-
tion for time series classification. MICN [28] also leverages multi-
branch network combining local features and global correlations
for forecasting. MTST [36] achieves state-of-the-art results in mul-
tivariate forecasting using multiple resolution features. ST-UNet
[32] combines spatial graph convolutions with dilated recurrent
skip-connections, having separate operations across space and time.
It is most related to our proposed P-GUTS, where we use pure at-
tention backbone instead of GRU and operate on the space-time
product graph for joint reasoning. Instead of a single U-net, P-GUTS
uses multiple U-net branches to capture comprehensive patterns
across fine to more coarsely pooled data.

Diffusion models have also been used for time series imputation
– CSDI [26], and the recent SSSD [2] and MIDM [29] have iterative
noising and denoising phases to fill the missing values.

3 PROBLEM SETUP
We now describe the multi-variate imputation problem. Let 𝑌 ∈
R𝑁×𝑇 denote the spatiotemporal series, without anymissing values.
Here 𝑁 denotes the number of spatial nodes and 𝑇 the number of
temporal nodes.𝑀 ∈ {0, 1}𝑁×𝑇 is a binary mask of the same shape,
denoting element wise missing (0) or present (1) values. Let the
input multivariate time-series be 𝑋 ∈ R𝑁×𝑇 where𝑋 ⊙𝑀 = 𝑌 ⊙𝑀 .
We want to learn a network 𝑓𝜃 which minimizes the following
objective MAE(𝑌,𝑌 = 𝑓𝜃 (𝑋,𝑀)) where MAE is the mean absolute
error,

MAE =
1
𝑁𝑇

𝑁𝑇∑︁
𝑖=1

|𝑦𝑖 − 𝑦𝑖 | (1)

and 𝑦 is the flattened 𝑌 .
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Figure 1: Imputation and forecasting outputs from a typical
imputation model. Forecasting can be considered as imputa-
tion on future values.

Forecasting is the task of predicting future 𝐹 values in a time
series based on patterns and trends in historical data. As seen in
Figure 1 we can also frame it as special-case of imputation where
the the last 𝐹 columns out of𝑀 are missing.

Directly processing the entire time-series (𝑇 ∼ 10, 000) can
become intractable for many of the real word datasets. Therefore,
we divide it into small batches (∼ 10) as is conventionally done by
other imputation and forecasting models.

4 ARCHITECTURE
In this section we provide an overview of the P-GUTS architecture.
A realization with 𝐿 layers is shown in Figure 2 with S𝑙 indicating
the 𝑙th P-GUTS processing block. Output of each layer acts as input
to the next layer.

4.1 Network Overview
We perform an initial embedding (of dimension 𝑐) of the multi-
variate time-series 𝑋 ∈ R𝑁×𝑇 and missing mask𝑀 ∈ R𝑁×𝑇 . The
initial representations𝐻 (0) ∈ R𝑁×𝑇×𝑐 are obtained using temporal
positional encodings, learnable node embeddings and embedded
week and day information as described in the introduction [18]. We
use multiple hidden layers to increase model complexity, obtaining
𝐻 (𝑙 ) ∈ R𝑁×𝑇×𝑐 for each layer 𝑙 . A deeper network further neces-
sitates residual connections to prevent vanishing gradients and
enable faster training. Thus the inputs 𝑋 and𝑀 are made available
at each layer. The representation from the final layer,𝐻 (𝐿) , is trans-
formed using a multi-layer perceptron (MLP) MLP1 : R𝑐 → R1 to
obtain the required space-time point wise imputations 𝑌 ∈ R𝑁×𝑇 .
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Figure 2: Taking time series 𝑋 and mask𝑀 as input, the network obtains imputations 𝑌 by passing through several P-GUTS
blocks with residual connections.

4.2 P-GUTS block
The detailed architecture of an individual P-GUTS block is given in
Figure 3. It consists of three parts – data embedding, U-Net branches
and, representation aggregation. Each P-GUTS block learns the
embedded representation 𝐸 (𝑙 ) from the inputs {𝐻 (𝑙 ) , 𝑋,𝑀} which
is transmitted through multiple U-Network branches to obtain
distinct pooled representations {𝑅 (𝑙 )

𝑖
}𝐵
𝑖=1 which are aggregated and

transformed using an MLP to give the output 𝐻 (𝑙+1) .
While embedding inputs residual connections are used to obtain

intermediate representation 𝐸 (𝑙 ) ∈ R𝑁×𝑇×𝑐 ,

𝐸 (𝑙 ) = MLP2 (𝑋 ) ×𝑀 + 𝐻 (𝑙−1) (2)

where MLP2 : R1 → R𝑐 is used to transform 𝑋 into a tensor. We
only consider the input 𝑋 for the known space-time coordinates
by masking out the missing positions using mask𝑀 .

The intermediate representation 𝐸 (𝑙 ) is processed by a bank of
U-Networks. Each U-Net branch observes 𝐸 (𝑙 ) and produces pooled
representation after reducing the space and/or time dimension by a
given pooling factor. Corresponding to each factor and chosen axis
space or time, the network learns specific patterns 𝑅 (𝑙 )

𝑖
∈ R𝑁×𝑇×𝑐 .

Each 𝑅
(𝑙 )
𝑖

corresponds to a different view of the input features. By
having multiple views, we expect to achieve accurate imputations
as the network can leverage complementary information sources.

We aggregate the various representations 𝑅 (𝑙 )
𝑖

by directly con-
catenating along the hidden dimension to obtain a tensor of size
R𝑁×𝑇×𝐵𝑐 . This tensor is then transformed usingMLP3 : R𝐵𝑐 → R𝑐

to obtain 𝐻 (𝑙+1) .
Further, an MLP (similar to MLP1 : R𝑐 → R1) is applied to

each layer (not shown in the figure) resulting in layer-wise space-
time imputations. During training we aggregate all the losses –
each layer is learning to de-noise and refine the outputs from the
previous layer. Layer wise losses can be useful for regularization,
as real-world time-series are notoriously noisy and over-fitting is
common. While testing we only consider the last layer’s outputs.

4.3 U-Network branch
The effectiveness of U-Networks for pixel-wise predictions [23]
motivates us to use them for node-wise prediction in space-time
graph. We emphasize three main advantages of U-Networks in
our implementation: (i) They alleviate the memory requirements
by giving pooled latent representations. For instance, the direct
space-time product graph becomes huge for most of the real-world
datasets. By reducing its size, we can use attention on the resulting

space-time graphwithout significant memory overhead. (ii) Further,
as the output from the U-Network is of the same shape as input, the
outputs across all the 𝐵 branches have the same shape despite the
different pooling factors. (iii) Pooling in the U-Net can be performed
along time as well as spatial axis.

The common architecture for the individual branches U𝑖 is pre-
sented in Figure 4. We modify graph U-Networks [11] leveraging
attention for message passing. We enrich the inputs by adding
learnable positional mask embeddings having shape R𝑐 . These are
conditioned on whether the space-time point is absent or present,
resulting in𝑀

(𝑙 )
𝑖

∈ R𝑁×𝑇×𝑐 which is added to 𝐸 (𝑙 ) from the data
embedding stage.

TE denotes the transformer encoder using typical multi-head at-
tention from [27] –𝑇𝐸0,𝑇𝐸1,𝑇𝐸2 are transformer encoders applied
along the temporal sequence, and Space-Time𝑇𝐸 acts along the flat-
tened space-time sequence. TE architecture consists of single layer
of the transformer encoder with specific configuration described
in the Simulation Setup section. We initially apply attention along
the time axis using 𝑇𝐸0 (moving the space to the batch axis). Let
the output of this step be denoted 𝐹 (𝑙 ) . Though 𝐹 (𝑙 ) has a branch
dependence, we are dropping the suffix 𝑖 for brevity.

4.3.1 Down-sampling. The following down-sampling process is
used to select the top 𝑘 = 𝑇

𝑓𝑖
indices from temporal (or 𝑁

𝑓𝑖
spatial)

dimension, where 𝑓𝑖 is the pooling factor. Each branch 𝑖 , has learn-
able embedding 𝑝

(𝑙 )
𝑖

∈ R𝑐 for selecting these indices. It converts
each spatiotemporal point in 𝐹 (𝑙 ) to a scalar,

𝐹 (𝑙 ) · 𝑝 (𝑙 )
𝑖

= 𝐹
(𝑙 )
𝑝 ∈ R𝑁×𝑇 . (3)

We now sort 𝐹 (𝑙 )
𝑝 along the temporal axis for each spatial point

giving the sorted indices,

𝐼 = arg sort(𝐹 (𝑙 )
𝑝 ) ∈ Z𝑁×𝑇 . (4)

The indices 𝐼 are flattened along the spatial axis – first 𝑁 values
are the first ranked temporal nodes for each spatial node, then the
second, and so on. The first 𝑘 unique indices from the flattened 𝐼
give us the temporally pooled indices 𝑡𝑘idx.

After applying sigmoid activation, 𝐹 (𝑙 )
𝑝 is used as a scaling atten-

tion matrix across the hidden dimension. This explicitly includes
𝑝
(𝑙 )
𝑖

in the output computation making it differentiable and learn-
able. LayerNorm [14] is applied to stabilize the training. Finally, we
feature-encoded these intermediate representations 𝑂𝑖 by using a
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Figure 3: P-GUTS block. Space-time data embeddings from in-
put time series𝑋 andmask𝑀 are combinedwith the previous
block output 𝐻 (𝑙 ) . These are then passed through multiple
U-network branches (U𝑖 ) each with distinct pooling factors
followed by aggregation to obtain the output 𝐻 (𝑙+1) .

transformer encoder (𝑇𝐸1) along the time axis to obtain 𝑃
(𝑙 )
𝑖

as,

𝑂
(𝑙 )
𝑖

= LayerNorm
(
𝐸 (𝑙 ) [:, 𝑡𝑘idx] ⊙

(
𝜎 (𝐹 (𝑙 )

𝑝 [:, 𝑡𝑘idx]) ⊗ 1𝑐
))

𝑃
(𝑙 )
𝑖

= TE1 (𝑂𝑖 , axis = time) . (5)

Here ⊗ indicates Kronecker product. The final output of the down-
sampling process is the pooled representation 𝑃

(𝑙 )
𝑖

∈ R𝑁×𝑘×𝑐

(or 𝑃 (𝑙 )
𝑖

∈ R𝑘×𝑇×𝑐 if spatial pooling is done instead of temporal
pooling).

4.3.2 Space-time Bottleneck. To avoid missing complex spatiotem-
poral patterns, a product graph (PG) with 𝑁𝑘 nodes (or 𝑘𝑇 ) is
considered. The space and time dimensions are flattened into a sin-
gle dimension. A transformer encoder – TE (Space-Time) is applied
on this. We reshape the tensor back into separate space and time
axis resulting in 𝐵

(𝑙 )
𝑖

∈ R𝑁×𝑘×𝑐 as the output of this step.

4.3.3 Up-sampling. We initialize the up-sampling step tensor 𝑄 (𝑙 )
𝑖

with 𝐸 (𝑙 ) . We use 𝑡𝑘idx to scatter the pooled values back to their
initial positions,

𝑄
(𝑙 )
𝑖

[:, 𝑡𝑘idx] = 𝑄
(𝑙 )
𝑖

[:, 𝑡𝑘idx] + 𝐵
(𝑙 )
𝑖

. (6)

We finally apply another transformer encoder 𝑇𝐸2 to attend over
the temporal axis to obtain 𝑅

(𝑙 )
𝑖

. We have described the pooling
across temporal axis but a similar process can be applied along the
spatial axis.

5 EXPERIMENTS
5.1 Simulation Setup
We use RTX 2080 Ti with 11 GB memory for training the models.
We implement in PyTorch [21] using open-source code from the
baselines wherever available. We report performance statistics on
3 random initializations. While P-GUTS can also perform spatial
pooling, we focus on temporal pooling across the experiments. We
denote the pooling factors in brackets, for e.g. P-GUTS(3, 6, 12)
means we are using temporal pooling factors of 3, 6 and 12.

5.2 Benchmarks
We evaluate on the benchmarks presented in Table 1 as frequently
considered in the literature [7, 18, 29]. The evaluation mask is
created by artificially adding missing values. We use real-world
datasets for evaluation – AQI, AQI36 [37] which consist of air
quality measurements recorded over cities in China; PEMS BAY,
METR LA [15] which record traffic speed using road sensors in
the Bay Area and Los Angeles respectively. The spatial graphs are
included with the dataset. These are constructed from the inter-
node distance matrix applying a thresolded gaussain kernel.

The missing values for evaluation are not uniformly distributed,
but dependent on the datasets similar to [18]. For air quality datasets
having high true missing percentage, evaluation mask is generated
following the distribution of naturally missing values. For traffic
datasets, we use BLOCK mask which introduces contiguous time
steps of missing values, simulating sensor failure for consecutive
timestamps. Duration of consecutive missing timestamp failures
are uniformly sampled, 𝑆 ∼ U(12, 48), with failure probability
𝑝 𝑓 = 0.15. Additionally, 5% of the values are dropped uniformly.

We use recent state-of-the-art (SOTA) imputation models SPIN,
SPIN-H [18] and GRIN [7], CSDI [26], SSSD [2], and MIDM [29] as
baselines, and report their publicly available results. Mean Absolute
Error (MAE) is the evaluation metric for imputation.

5.3 Configuration
Across all benchmarks, we use the training configuration and com-
mon hyperparameters from the transformer baseline in [18] to
skip the exhaustive hyperparameter search. We use 8 as batch size,
8 × 10−4 as learning rate, 5-layers of P-GUTS blocks, cosine sched-
uler with restarts, Adam optimizer, 5.0 as gradient clipping value,
300 as number of epochs, 64 as the hidden dimension 𝑐 , 2 layers in
each MLP, with each transformer encoder having 4 heads and 40
epochs as patience. The imputation is done in sliding windows of
size 24 usually, but for AIR36 it is 36. Window stride is 1.

We have several choices for pooling factors, which can go from
1 to the size of time window. For e.g in traffic datasets, resulting in
dimension 24

1 to 24
24 . In Figure 5, we select the best initial pooling

factor 𝑓 ∗ from a wide range of magnitudes. We start with 𝑓 ≥ 3
due to memory limitations. For progressively adding the remaining
factors, we select 2𝑓 ∗ and 4𝑓 ∗ to cover a broad range.

5.4 Results
In this section, we provide empirical evidence for the usefulness of
P-GUTS on benchmarks described previously.



Product Graph U-networks using Temporal pooling for Spatiotemporal imputation Conference acronym ’XX, June 03–05, 2018, Woodstock, NY

Embed

TE0 Down-sampling

TE

Up-sampling TE2
Time Time

Space-Time

TE1
Time

Figure 4: U-network branch within a P-GUTS block. Across every layer 𝑙 , each branch 𝑖 consists of attention U-network which
processes embedded space-time series 𝐸 and mask 𝑀 using transformer encoder (TE) to obtain point wise space-time outputs.
Multiple transformer encoders operating along time as well as space-time are used.

Table 1: Statistics of Spatio-Temporal Imputation Benchmarks

Nodes Edges Freq. Timesteps Window True Miss. (%) Proc. Miss. (%)

LA BLOCK 207 1515 5 min 34272 24 8.11 16.52
BAY BLOCK 325 2369 5 min 52128 24 0.02 9.10

AQI 437 5398 1 hour 8760 24 25.67 36.34
AQI36 36 654 1 hour 8760 36 13.25 24.58

Figure 5: MAE versus the pooling factor f used in P-GUTS.

Table 2: Performance (in terms of MAE)

Block missing Simulated failures

PEMS-BAY METR-LA AQI-36 AQI

GRIN 1.14 ± 0.01 2.03 ± 0.00 12.08 ± 0.47 14.73 ± 0.15

SPIN 1.06 ± 0.02 1.98 ± 0.01 11.77 ± 0.54 13.92 ± 0.15

SPIN-H 1.05 ± 0.01 2.05 ± 0.02 10.89 ± 0.27 14.41 ± 0.13

P-GUTS (𝑓 ∗ ) 0.95 ± 0.00 1.95 ± 0.01 11.08 ± 0.20 13.16 ± 0.18

P-GUTS (𝑓 ∗, 2𝑓 ∗ ) 0.93 ± 0.01 1.92 ± 0.01 10.84 ± 0.09 13.12 ± 0.07

P-GUTS (𝑓 ∗, 2𝑓 ∗, 4𝑓 ∗ ) 0.93 ± 0.01 1.95 ± 0.04 10.94 ± 0.03 13.25 ± 0.07

5.4.1 Imputation. From Figure 5, we find 𝑓 ∗ = 6 for AQI36, and
𝑓 ∗ = 3 for the remaining datasets. In Table 2 we compare P-GUTS
against the baselines across the common imputation benchmarks.
P-GUTS is performing significantly better than the baselines. Inter-
estingly, we observe the number of pooling factors has a nonlinear
relation to network performance. While using multiple pooling
factors can indeed be better than both individual factors (𝑓 ∗ and
2𝑓 ∗), the network performance degrades after further adding 4𝑓 ∗.
Each additional branch we add leads to more parameters which can
cause overfitting especially for time-series[35]. While we report the
publicly available results of baselines, we also obtained compara-
ble results running them on our machines. P-GUTS requires lesser
memory, making it possible to train on BAY BLOCK for which SPIN
gives out-of-memory (OOM) error even for batch size of 1 on our
device.

5.4.2 Robustness. In Table 3 the models are evaluated on their
robustness to increasing missing rates. The Block missing mask is
generated by simulating sensor failure where contiguous timesteps
are absent. The failure probability 𝑝 𝑓 of 5%, 10% and 15% corre-
sponds to an overall missing rate ranging between ≈ 70-75%, ≈ 90-
92%, and ≈ 96-97% respectively. We chose (3, 6) as it performs well
across the considered imputation datasets. P-GUTS gives better
performance generally, and by a significant margin particularly for
the AIR dataset. P-GUTS has higher error for the very high miss-
ing rate scenario. We suspect that this may be due to redundant
pooled representations obtained from extremely sparse input. We
further investigate this by comparing against single factor variants
in Table 4. We observe that a single factor performs better for these
datasets than multiple factors under extremely high missing rates.
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Table 3: Performance (MAE) with an increasing number of simulated failures in the Block missing setting.

METR-LA PEMS-BAY AQI

Failure probability Failure probability Failure probability
5 % 10 % 15 % 5 % 10 % 15 % 5 % 10 % 15 %

GRIN 3.05 ± 0.02 4.52 ± 0.05 5.82 ± 0.06 2.26 ± 0.03 3.45 ± 0.06 4.35 ± 0.04 15.62 ± 0.24 22.08 ± 0.39 29.03 ± 0.42

SPIN 2.71 ± 0.02 3.32 ± 0.02 3.87 ± 0.05 1.78 ± 0.03 2.15 ± 0.03 2.41 ± 0.02 14.29 ± 0.24 18.71 ± 0.34 24.34 ± 0.46

SPIN-H 2.64 ± 0.02 3.17 ± 0.02 3.61 ± 0.04 1.75 ± 0.04 2.16 ± 0.03 2.48 ± 0.02 14.55 ± 0.26 19.37 ± 0.36 25.38 ± 0.37

P-GUTS (3, 6) 2.53 ± 0.02 3.07 ± 0.03 3.80 ± 0.06 1.69 ± 0.03 2.20 ± 0.03 2.86 ± 0.03 13.15 ± 0.13 15.85 ± 0.17 19.92 ± 0.31

Table 4: Performance (MAE) under extreme missing Block
missing setting (15%. failure probability)

METR-LA PEMS-BAY

[3, 6] 3.80 ± 0.06 2.86 ± 0.03
[3] 3.68 ± 0.05 2.63 ± 0.03
[6] 3.71 ± 0.06 2.76 ± 0.03

Table 5: Performance on PEMS-BAY for 1 hour Forecasting.

GMAN MIDM P-GUTS(3, 4, 6)

MAE 1.86 ± 0.02 1.83 ± 0.04 1.57 ± 0.01

MRE (%) 4.31 ± 0.02 4.21 ± 0.06 2.51 ± 0.01

5.4.3 Forecasting. We use the spatiotemporal forecasting bench-
mark given in [29] to evaluate the forecasting ability of P-GUTS in
Table 5. It considers the PEMS-BAY dataset with 1 hour forecasting
horizon and 1 hour look-back window. We observe a significant
improvement both in MAE and MRE. Therefore, we can directly
use P-GUTS for forecasting in addition to imputation.

5.5 Ablations

Table 6: Ablation study: Performance (MAE) of P-GUTS(𝑓 ∗)
and modified versions of itself.

Model AQI 36 METR LA

P-GUTS 11.08 ± 0.2 1.95 ± 0.01
P-GUTS w/o Space-Time TE 14.92 ± 0.19 2.68 ± 0.01
P-GUTS w/o TE0 11.26 ± 0.27 2.00 ± 0.02
P-GUTS w/o TE1 11.37 ± 0.15 1.97 ± 0.01
P-GUTS w/o TE2 10.87 ± 0.10 1.98 ± 0.01

In Table 6we evaluate the effectiveness of components of P-GUTS.
We remove components one at a time and evaluate the performance
of the resulting model. We use pooling factor 𝑓 ∗ = 6 for AQI36 and
𝑓 ∗ = 3 for METR LA with 3 independent initializations.

(1) Space-Time TE is an integral part of P-GUTS using atten-
tion on the space-time product graph. Removing it deterio-
rates the performance significantly.

(2) Time TE additionally improves the network performance,
particularly TE0 and TE1. We notice improvement for the
AQI36 dataset after removing TE2. AQI36 is a smaller dataset
which may make it easier for complex networks to overfit
(smaller SPIN-H outperforms SPIN for this case). We further
evaluate the need for TE2 when we have multiple pooling
factors.

(3) In Table 7, we evaluate the performance of best performing
P-GUTS, i.e using factors 3, 6 for METR LA and 6, 12 for
AQI36. We now notice that TE2 becomes more relevant with
multiple factors, the performance gap reduces for AQI36,
and improves for METR LA as we add this component.

Table 7: Ablation study: P-GUTS is compared with modified
versions of itself when using multiple pooling factors.

Model AQI 36 METR LA

P-GUTS 10.84 ± 0.09 1.92 ± 0.01
P-GUTS w/o TE2 10.78 ± 0.05 1.97 ± 0.01

6 CONCLUSION
P-GUTS outperforms the state-of-the-art baselines for spatiotem-
poral imputation, showing improvements on several real-world
benchmarks and robustness against increasing missing rates. We
also observed that using multiple representations is useful – if we
use more pooling factors, P-GUTS performs better. It is flexible
in terms of memory requirements, as larger pooling factors can
reduce the memory required. Moreover, the architecture allows for
pooling along any axis – space, time, or both. We have evaluated
the network on a limited range of pooling factors as exhaustive
search can get intractable. Similarly to a deep mixture of experts
[9], future work can explore directly identifying the pooling factors
in a data-driven manner eliminating the expensive hyperparameter
search.
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7 REPRODUCIBILITY
Here we provide details regarding the datasets and code.

7.1 Data
The following publicly available datasets were utilized for our ex-
periments.

• AirQuality
• MetrLA
• PemsBay

These datasets can be accessed and loaded directly using the torch-
spatiotemporal library available here https://torch-spatiotemporal.
readthedocs.io/en/latest/modules/datasets.html

7.2 Code
The source code for our proposed model, training and evaluation
procedures is publicly available here. https://github.com/willtryagain/
pguts

7.3 Steps to Reproduce Results
First, create the necessary Python environment by following the
instructions in the README.md file located in the code repository:
https://github.com/willtryagain/pguts. Once the environment is
active, use the following steps to reproduce the key results:

(1) Main Imputation Results (Figure 5, Table 2): Execute
the imputation script:
python -m experiments.run_imputation \

--config imputation/<dataset>/pguts.yaml \
--dataset-name <dataset>

Replace <dataset> with the target dataset name. To exper-
iment with different temporal pooling factors, modify the
factor_t list within the specified pguts.yaml configura-
tion file (e.g., factor_t: [3] or factor_t: [3, 6]).

(2) Forecasting Results (Table 5): Run the forecasting script:
python -m experiments.run_imputation \

--config forecasting/pguts.yaml \
--dataset-name bay_fc

(3) Ablation Studies (Analysis for Table 6): The following
modifications were made to the codebase or configuration
files to evaluate individual components. After each modifica-
tion, re-run the relevant imputation experiment as described
in step 1.
• To remove Space-Time TE: In the relevant .yaml con-
figuration file, set the parameter use_pg_enc = False.

• To removeTE0: In the file code/layers/pguts_branch.py,
comment out the (approximately line 242):
% h = self.enc_init_t(h) % Original line

• To remove TE1 (Temporal Embeddings in Pooling):
In code/layers/pguts_branch.py, modify the pooling
call (line 243) to skip,
Replace:
h, time_pool_data_list = P(h, self.TP)

With:
h, time_pool_data_list = P(h, self.TP, skip_te=True)

• To removeTE2 : In code/layers/pguts_branch.py, mod-
ify the unpooling call (line 283) to skip: Replace:
temp = U(temp, 1, time_pool_data_list, self.TU)

With:
temp = U(temp, 1, time_pool_data_list, \

self.TU, skip_te=True)

(4) Results with Increasing Missing Data (Table 3): Train
the model using the imputation script as described in step
1 (experiments.run_imputation). To test with increasing
percentages of missing data (e.g., 5%, 10%, 15%), modify
the experiment configuration config/inference.yaml. Set
the exp_name after checking the searching for the check-
point directory found in log directory structured similarly to:
log/<dataset>/PGUTS/<exp_name>. Execute the inference
script:
python -m experiments.run_inference \
--config inference.yaml

https://torch-spatiotemporal.readthedocs.io/en/latest/modules/datasets.html
https://torch-spatiotemporal.readthedocs.io/en/latest/modules/datasets.html
https://github.com/willtryagain/pguts
https://github.com/willtryagain/pguts
https://github.com/willtryagain/pguts
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