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Problem setting

Forecasting from time series data is of key relevance in the field of climate science. Mod-

elling short-term dynamics is of particular interest to detect unexpected weather condi-

tions and potential precursors of extreme events. Modellingwith limited data is important

since the sensors collecting data can be prone to failure.

Objective

Machine learning models offer a data-driven approach, relying on statistical

approaches to identify patterns in historical climate data to aid future predictions.

We cast time series forecasting as a multi-task meta-learning problem, where each

weather attribute corresponds to a task.

We investigate how neural processes (NPs) can be used for short-term forecasting

with incomplete context data and, if by simultaneously learning a set of correlated

tasks, the model can leverage information from their joint distribution.

Neural Processes

Neural processes (NPs) are a family of meta-learning algorithms developed as a neural

network approximation to Gaussian processes (GPs) [1, 2]. We consider predicting at

target locations T by learning the mapping f : X → Y that generated a labelled set

of data, the context set C . Assuming f ∼ P , the objective is to learn a model whose

parameters maximise the likelihood of P [3].

Fig. 1 shows the computational diagram for the multi-task neural process (MTNP) [4]. The

task-specific latent variables v1, . . . , vN are conditioned on the global latent variable z to

express inter-task correlation. The single-task neural process (STNP) has N independent

latent variables v1, . . . , vN .

Figure 1. Computation diagram of the multi-task neural process (MTNP), adapted from [4], showing the

computations per-task n and the across-task inference phase. x∗, y∗ are the target location and predicted

output.
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Data and preprocessing

The chimet dataset is a week-long

dataset collected from Chichester

Harbour in the United Kingdom, in

August 2007. The recorded

weather attributes are: air

temperature (C), max wave height (m),

mean wave height (m), sea

temperature (C), tide height (m)

(shown in Fig. 2), wind gust speed

(kn) and wind speed (kn).
Figure 2. Tide height (m) weather attribute time series, with

the train-validation-test splits. The timestamps have been

converted to float values in the range [0, 6] and the

datapoints have been normalised.

Proposed approach

The functions making up a dataset are fixed-length slices of the original data with a fixed

time lag between the start of two consecutive slices. We experiment with datasets of 2-

hour long slices with 5 minute intervals and with datasets of 6-hour long slices with 30

minute intervals.

Given a function draw, the context points’ locations are the same for all tasks. To simulate

incomplete context data, some context points are randomly dropped with missing rate γ ∈
[0, 1] independently for eachweather attribute [4]. For each task n, the set Cn of a function’s

context points and the target locations T n are given as input to the MTNP/STNP.

Figure 3. Forecasting on one function draw for all N tasks. On the left, the coloured points are the context

points Cn that the model receives as input for task n. On the right, the mean of the predictive distribution

p(yn
∗ |xn

∗ , Cn) with 95% confidence intervals is plotted for task n = 1, . . . , N . The crosses are the context

points that were randomly dropped in each task.

The models are assessed using negative log-likelihood (NLL) and mean squared error (MSE)

averaged across all N tasks and M points.
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Results: 2-hour forecast horizon

Terminology: Cn is the context set and T n the target locations for task n. γtrain is the missing

rate at training phase and γeval at evaluation phase. cseval is the size of the context set at

evaluation.

γtrain, γeval Model NLL MSE

0.2
STNP −0.5913 0.0343
MTNP −0.4438 0.0390

0.5
STNP −0.4467 0.0443
MTNP −0.2967 0.0484

0.8
STNP 0.1910 0.0724
MTNP 0.1089 0.0870

Table 1. Comparison of cumulative NLL and MSE

with varying γtrain, γeval and fixed cseval = 10.

As shown in Table 2 and Fig. 4, the

MTNP leverages inter-task correlation

to maximise p(f (T n)|Cn, T n) for task n
when Cn is small (small cseval and

γtrain, γeval = 0.8).
However, the STNP performs better

than the MTNP when provided with

sufficient context information

(see Table 1).

cseval Model NLL MSE

5
STNP 0.9839 0.1455
MTNP 0.5502 0.1515

10
STNP 0.1910 0.0724
MTNP 0.1089 0.0870

20
STNP −0.3140 0.0505
MTNP −0.1668 0.0694

Table 2. Comparison of cumulative NLL and MSE on

the 2-hour horizon, with varying cseval and fixed

γtrain, γeval = 0.8.

Figure 4. Comparison of MTNP’s and STNP’s

predictions on evaluation functions of Tide height (m),

with cseval = 5 and γeval = 0.8.

Results: 6-hour forecast horizon

Fix γtrain, γeval = 0.5 and compare the MTNP and the STNP to an ensemble of GPs.

With a longer forecast horizon, the STNP outperforms the MTNP and GP when cseval is

small (Table 3). When the number of context points is large, we find the NPs are

outperformed by the GP approach (Fig. 5b).

With less context information, the GP is less certain of its prediction (see Fig. 5a), and its

predictive mean does not approximate the true function as well as the STNP in areas

with no context points.

cseval Model NLL MSE

10

MTNP 0.5542 0.1740

STNP 0.1449 0.0933

GP 0.4252 0.2955

20

MTNP 0.3058 0.1139

STNP -0.0911 0.0725

GP 0.0348 0.1667

50

MTNP 0.2561 0.1086

STNP -0.2281 0.0632

GP -0.5705 0.0475

100

MTNP 0.2493 0.1069

STNP -0.2649 0.0616

GP -0.9895 0.0203

200

MTNP 0.2188 0.1044

STNP -0.2660 0.0613

GP -1.3624 0.0080

Table 3. Comparison of cumulative NLL and MSE,

with varying cseval. The missing rates of the NPs are

fixed γtrain, γeval = 0.5.

(a) cseval = 20

(b) cseval = 100

Figure 5. Comparison of GP’s, MTNP’s and

STNP’s predictions on the same evaluation

function of theWind speed (kn)weather attribute.

Conclusions

We present preliminary results detailing how NPs can be used as a data-driven approach to

learn short-term dynamics for forecasting purposes. When limited context information is

provided, the MTNP leverages inter-task knowledge and outperforms the STNP. The STNP

outperforms both the MTNP and the GPs ensemble when context information is sufficient

but not excessive.
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