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The problem of missing data

In real-world data acquisition systems (e.g., sensor networks), it is not rare that system 
faults results in missing data in the acquired stream.

However, many signal processing methods rely on complete, regularly sampled sequences.

We need a way to infer, i.e., impute, missing observations.
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Multivariate time series imputation

The objective of multivariate time series imputation (MTSI) is to properly fill missing values 
in a (multivariate) sequence of data 𝑋 !,!#$ .
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Group all valid observations into set 𝒳[!,!#$] = 𝐱!' | 𝐱!' ∈ 𝑋 !,!#$ , 𝐱!' is valid , this problem 
translates into estimating missing observations as

!𝐱!'≈ 𝔼 𝑝 𝐱!' |𝒳 !,!#$ ∀ 𝑖, 𝑡 such that 𝐱!' ∉ 𝒳 !,!#$



Embedding relational inductive biases

Common deep learning solutions consist in using autoregressive models for sequential 
data:

• RNNs

• TCNs

The relational constraints are often strong (e.g., in sensor networks) and embedding them in 
the information processing can be extremely beneficial.

• Most state-of-the-art deep learning methods for MTSI overlook this aspect.

We propose a different point of view by casting the problem in the graph-processing 
settings, modelling multivariate time series as sequences of attributed graphs.

4



Multivariate TS as a sequence of graphs

We can describe any multivariate timeseries X ∈ ℝ$×)⋅+ as a sequence of 𝑇 attributed 
graphs 𝒢! 𝑿!,𝑾 , with node attribute matrix 𝑿! ∈ ℝ)!×+ and adjacency matrix 𝑾 ∈ ℝ)×).

If no relational information is available, the adjacency matrix can be obtained from:

• Pairwise similarity (e.g., Pearson correlation).

• More advanced methods (e.g., graph learning).

These types of representations are popular among spatio-temporal forecasting methods.
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Graph Recurrent Imputation Network (GRIN)

GRIN is a graph-based, bidirectional, recurrent neural network which aims to reconstruct 
the input sequence by leveraging on both the temporal and spatial dimensions.
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Graph Recurrent Imputation Network (GRIN)
1. Feed a recurrent GNN with -𝒢!#,-.

/ and obtain representation 𝑯!#,-.

2. Impute missing values in 𝑖-th node features 𝒙!#,' using 𝒉!#,-.' ⇒ -𝒢!#,
.
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Graph Recurrent Imputation Network (GRIN)
3. Exploit relationships between nodes at time 𝑡 + 𝜏 through a GNN and obtain 𝑺!#,
4. Refine imputations using 𝑺!#, ⇒ -𝒢!#,

/
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Graph Recurrent Imputation Network (GRIN)

The 2nd stage imputation -𝒢!#,
/ is then fed back to the recurrent GNN to update the state, 

obtaining representation 𝑯!#,.
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Graph Recurrent Imputation Network (GRIN)

Obtain final imputations by combining (with an MLP) the representations extracted by 
processing the sequence in both forward and backward directions.
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Experimental setting

We compare the performances in the imputation task of the following approaches:

• Mean – impute using the average value in the series
• KNN – take the average of the (observed) values of the neighbors
• MF (Matrix Factorization) – factorize sequence into lower-dimensional matrices and reconstruct
• MICE – iterative method based on chained equation
• VAR – 1-step-ahead VAR predictor of order 5
• rGAIN – generative adversarial method (with RNN encoder/decoder)
• BRITS – deep autoregressive method
• MPGRU – 1-step-ahead graph predictor with recurrent cell similar to GRIN
• GRIN

We test all the methods on three real-world datasets coming from relevant application 
domains: air quality monitoring, traffic and smart grids.
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Traffic and energy consumption

325 traffic sensors from the San Francisco 
Bay Area

Average speed (mph)

Every 5 minutes for 6 months

Thresholded gaussian kernel on distances
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https://www.ucd.ie/issda/data/commissionforenergyregulationcer/

Point missing
Each sensor has a probability p of failing in 
transmitting the recorded value at each time 
step.

PEMS-BAY

485 smart meters installed by the premises 
of Irish small and medium enterprises

Energy consumption (kWh)

Every 30 minutes for 1.5 years

Thresholded correntropy similarity

CER-E

For both scenarios, we simulate two different settings:

Block missing
Each sensor has a probability p of failing for t 
∈ [tmin, tmax] consecutive time steps.

https://www.ucd.ie/issda/data/commissionforenergyregulationcer/


Air Quality

36 sensors in Beijing

Pollutant PM2.5 (𝜇𝑔/𝑚")

Every hour for 1 year

Real missing rate ∼ 13%

Thresholded gaussian kernel on distances
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https://www.microsoft.com/en-us/research/project/urban-air/

In-sample

The model is trained on all the available data 
except those that are missing.

AQI-36 (subset of AQI)

For both datasets, we consider two different settings:

Out-of-sample

The model is trained and evaluated on disjoint 
sequences.

In both cases the model does not have access to the ground-truth data used for the final evaluation.

437 sensors spread over 43 cities in China

Pollutant PM2.5 (𝜇𝑔/𝑚")

Every hour for 1 year

Real missing rate ∼ 26%

Same as AQI-36

AQI

https://www.microsoft.com/en-us/research/project/urban-air/


Traffic and energy consumption – Results
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Air Quality – Results
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Conclusions

We introduced a novel GNN architecture (GRIN) which aims at 
reconstructing missing data in the different channels of a multivariate 
time series by learning spatio-temporal representations through 
message passing.

Code to reproduce the experiments available at:

https://github.com/Graph-Machine-Learning-Group/grin

Find more about our group at:
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