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Abstract—Multi-step prediction of sea surface temperature
(SST) is a challenging problem because small errors in its shortrange forecasts can be compounded to create large errors at
longer ranges. In this paper, we propose a hierarchical LSTM
framework to improve the accuracy for long-term SST prediction.
Our framework alleviates the error accumulation problem in
multi-step prediction by leveraging outputs from an ensemble
of physically-based dynamical models. Unlike previous methods,
which simply take a linear combination of the outputs to
produce a single deterministic forecast, our framework learns
a nonlinear relationship among the ensemble member forecasts.
In addition, its multi-level structure is designed to capture the
temporal autocorrelation between forecasts generated for the
same lead time as well as those generated for different lead times.
Experiments performed using SST data from the tropical Pacific
ocean region show that the proposed framework outperforms
various baseline methods in more than 70% of the grid cells
located in the study region.

I. I NTRODUCTION
With more than two-third of the Earth covered by ocean,
accurate prediction of sea surface temperature (SST) is crucial
due to its significant influence on the climate patterns around
the world. For example, the well-known El Niño phenomenon,
which is related to the abnormally high sea surface temperature
values in the equatorial Pacific Ocean, has been shown to
cause unusual droughts and extreme rainfall across many
regions [1]. In addition, SST is a key parameter for weather
prediction and atmospheric model simulations and contributes
to the development of tropical cyclones such as hurricanes [2].
Thus, its accurate prediction is essential and remains an active
research area [3]–[5].
Various dynamic forecasting systems, such as NCEP coupled forecast system model (CFSv2) and the Canadian Seasonal to Interannual Prediction System (CanCM3), have been
developed over the years to predict SST and other climate
variables. These models would simulate the physical processes
that govern the fundamental dynamics of the Earth system.
However, predicting the future states of such a highly nonlinear dynamic system is very challenging, even with these stateof-the-art models. In particular, the predictions made by these
models will likely never be perfect due to the uncertainties
associated with the models themselves, their initial conditions,
and the chaotic nature of the ocean and climate system.
While the errors in predictions may be acceptable for shortterm predictions, these errors can compound and accumulate

as predictions are made for more distant times. To better
represent the effect of initial condition uncertainties, ensemble
prediction with perturbed initial conditions has been adopted
in operational forecasting [6]. Furthermore, to represent the
uncertainties associated with the models, such as their model
physics, parameterization schemes and resolution, multi-model
ensemble (also called superensemble) approach was introduced for SST predictions. Instead of a single forecast run
from a single model, ensemble forecast from a group of
models, each producing a set of outputs from different initial
conditions, are used to better estimate forecast uncertainties.
The multi-model ensemble approach has been demonstrated
to provide more reliable forecast than any single model.
The North American Multi-Model Ensemble (NMME) [7] is
an example of a multi-model ensemble for climate prediction,
including monthly SST. Fig. 1 shows an example of the
monthly SST predictions from NMME for the time period
between June 2010 and November 2010. The time at which
the forecasts were generated is known as forecast generation
time whereas the number of months ahead the forecast was
made is called the forecast horizon or lead time. For example,
the forecasts shown in Fig. 1 are for lead times up to 8 months.
Each month, every physical model is run multiple times with
slightly perturbed initial conditions to create several different
instances of the model. Each subplot of Figure 1 shows the
outputs generated within a single month from the ensemble of
all models and their instances (i.e. the superensemble)
However, in many cases it is preferable to have a single
point estimate of the expected SST rather than a superensemble of disparate SST predictions. With multi-model ensemble
prediction, a common way to derive a deterministic forecast
from the superensemble is to take the average or median [8],
while other methods have been developed to weigh the models
differently based on their relative performance [9]. These
previous approaches suffer from two main deficiencies. First,
they are unable to capture complex non-linear relationships
between different ensemble members. Second, they may not
fully capture the temporal autocorrelation present in the time
series. The latter problem is illustrated in Fig. 2. Each row in
the diagram corresponds to a set of predictions generated at a
given forecast generation time while each column represents
the set of forecasts generated for a given lead time. The
figure shows there are two types of temporal dependencies
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(b) Jul 1 2010
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Fig. 1: Multi-lead time forecasts of sea surface temperature (SST) from the North American Multi-Model Ensemble (NMME) [7]
from June to November 2010. The actual SST observations are shown as red lines.

that should be preserved in multi-step time series prediction:
1) Temporal autocorrelation between different lead time
forecasts for the same forecast generation time. This is
denoted as lead time level autocorrelation (dependencies
between the column elements of each row) in Fig. 2.
2) Temporal autocorrelation among the forecasts for each
lead time. This is denoted as generation time level
autocorrelation (dependencies between the row elements
of each column) in Fig. 2.
Incorporating both types of autocorrelation into the learning
framework will ensure temporal consistencies of the predictions especially for noisy data.
To address these challenges, this paper presents a novel
hierarchical LSTM framework for aggregating the multi-model
ensemble forecasts of SST. The proposed architecture consists
of three main components. The first component is a lead time
encoder LSTM for extracting a high-level representation of the
predictions made at each lead time. The second component is
the generation time encoder, which is an LSTM that extracts a
high-level representation of the physical model predictions for
a particular lead time and generation time window. The third
component is a fully connected network to convert the output
of the generation time encoder to its final prediction. The
framework allows us to capture both the nonlinearities between
ensemble member forecasts and temporal autocorrelations
of the predictions. Furthermore, unlike previous hierarchical
LSTM architectures [10], [11], which are designed for singlestep predictions, the proposed framework is tailored towards
generating multi-step predictions, where the input data (ensemble member outputs) are different for each lead time.
The remainder of this paper is organized as follows. A review of related literature is presented in Section II. The formal
problem statement and background on LSTM architecture are

Fig. 2: A two-level autocorrelation structure in multi-lead time
forecasting of the SST data shown in Fig. 1.

given in Section III. The proposed framework is then described
in Section IV. Section V presents the experimental results
followed by conclusions in Section VI.
II. R ELATED W ORK
Sea surface temperature (SST) is an important driver of the
global climate and marine ecosystem. Accurate prediction of
SST is essential to determine atmospheric circulation patterns
such as El Niño, to anticipate extreme weather events such
as hurricanes, or to locate potential fishing grounds. Dynamic
seasonal systems have been developed for forecasting SST and
these predictions often serve to initialize climate seasonal prediction system [4], [12]. More recently, multimodel ensembles
have become a powerful tool for SST prediction due to their
ability to account for uncertainties in the forecasts [7], [13].

The ensemble mean or median is typically chosen to provide
a point-wise estimate of the ensemble member forecasts. Such
an approach may not be accurate especially if the ensemble
members have varying predictive skills. Although there have
been some previous works to address this issue [9], they are
limited to learning linear weights of the ensemble members,
unlike the framework proposed in this paper.
Deep learning has recently exploded in popularity thanks
to its ability to effectively model complicated non-linear
relationships. It has been succesfully applied to images [14],
video [15], and natural language processing [16] among other
important tasks. Long short-term memory (LSTM) network
is one of the most popular deep learning architecture for
modeling sequential data such as time series, where the data
points exhibit strong temporal autocorrelation, and document
data, where the appearance of a word depends highly on its
context. Hierarchical LSTM [10], [11], [17] is a variant of
LSTM that has been developed in recent years to capture the
myriad types of relationships in sequential data. For example,
in document modeling, a hierarchical LSTM architecture was
proposed in [17] to represent the multi-level structure of a
document. Specifically, a document contains words that are
sequentially connected to form a sentence, which in turn, is
connected to other sentences to form a paragraph. In [17],
the first level of the LSTM hierarchy encodes the word level
dependencies, while the second level encodes the sentence
level dependencies. A hierarchical LSTM framework was also
developed in [11] for the multi-modal data fusion problems,
where each modality may refer to sensors, video, audio, etc.
The first LSTM layer of the hierarchy learns the modalityspecific temporal dynamics whereas the second layer combines
the representation of each modality to generate an embedding
for each time step. However, none of these hierarchical LSTM
architectures [11], [17] are designed for multi-step-ahead time
series forecasting problems.
In [17], a hierarchical LSTM with attention mechanism
was developed for time series prediction with multiple input
time series. The proposed architecture builds upon previous
research on attention mechanism [18] to improve performance
of RNN. Specifically, the attention mechanism acts as a selection/filtering mechanism to the input data. The first layer of
their architecture uses an input attention mechanism to extract
the relevant input variables for the analysis while the second
layer uses an LSTM with temporal attention mechanism to
learn a hidden representation for each time step and selects
the relevant hidden states for subsequent time series prediction
task. The outputs of the second layer are then fed into another
LSTM for modeling the response time series. However, the
architecture was designed for single-step prediction, and thus,
must be modified for multi-step prediction problems. We
employ a modified version of this architecture as one of the
baseline methods in the experiment section.
III. P RELIMINARIES
This section formalizes the multi-step time series forecasting problem and introduces the basic formulation of LSTM.

A. Problem Statement
Let x<t,l> ∈ RM be an input vector of predictor variables
generated at time t for the forecast at lead time l, where
t ∈ [1, T ] and l ∈ [1, L]. Furthermore, let yt+l ∈ R be the
corresponding ground truth value of the target variable at time
t + l. The multi-step-ahead time series forecasting is formally
defined as follows.
Definition 1 (Multi-Step-Ahead Time Series Forecasting):
Given a training set, D = {Xt , yt }Tt=1 , where Xt ∈ RL×M
and yt ∈ RL , multi-step-ahead time series forecasting seeks
to learn a target function fl : RM → R that maps each input
vector x<t,l> ∈ RM to its corresponding output yt+l .
Let o<t,l> ≡ fl (x<t,l> ) denote the output of the target
function for lead time l when applied to the predictor variables
generated at time t. In the context of ensemble forecasting of
SST, the predictor variables correspond to forecasts generated
by a set of M physical models. Specifically, at each generation
time t, a physical model m is run to generate forecasts up
to L future time steps (lead times). Each physical model is
run dm times, with a varying initial and boundary conditions.
The output of each dm run is also known as an ensemble
member forecast and dm is the number of ensemble members
associated with model m. The forecasts of these dm ensemble
members are often averaged together into a single point
prediction for model m. The resulting averaged forecasts of the
M models are then used as input to the proposed framework.
B. Long Short-Term Memory (LSTM) Network
Our model is based upon the popular Long Short-Term
Memory network (LSTM), a type of Recurrent Neural Network (RNN) [19], [20] that has proven to be effective in
dealing with time series data with long-term dependencies. At
each time step, i, the hidden state of the LSTM, hi , depends on
the hidden state from the previous time step, hi−1 , as well as
the input in the current time step, xi . We compactly represent
this relationship using the following equation:
ht = LSTM(xt , ht−1 )

(1)

LSTM maintains the long-term history of a time series with
a cell state ct . The information that flows into and out of the
cell state are regulated with several gates. First, the input xt
at current time t and the previous hidden state ht−1 are used
to change the cell memory as follows:
c̄t = tanh(Wc xt + Uc ht−1 + bc )
The amount of change to the current cell state is controlled
by an input gate it while the amount for the cell to maintain
its previous state information is regulated by a forget gate ft :
ct = it ◦ ct−1 + ft ◦ c̄t ,
where the input and forget gates also depend on xt and ht−1 .
it

= σ(Wi xt + Ui ht−1 + bi )

ft

= σ(Wf xt + Uf ht−1 + bf )

The cell state provides the information needed to compute the
output ht , whose value is regulated by an output gate.
ht

= ot ◦ tanh(ct )

ot

= σ(Wo xt + Uo ht−1 + bo )

s<t,l> = LSTMgen
(s<t−1,l> , h<t,l> )
l

In the above equations, σ(·) denotes a sigmoid activation
function, tanh(·) denotes a hyperbolic tangent function, and
◦ denotes the Hadamard product operation.
IV. P ROPOSED MSH-LSTM A RCHITECTURE
This section presents an overview of the proposed multistep-ahead hierarchical LSTM (MSH-LSTM) framework. The
objective of MSH-LSTM is to jointly train a set of interdependent LSTM models that capture both the temporal dependencies between lead times as well as those between consecutive generation times, as illustrated in Fig. 2. A schematic
diagram of the MSH-LSTM architecture is shown in Fig.3.
A. Lead Time Encoder Layer
This layer enforces the temporal dependencies between
different lead time forecasts for the same forecast generation
time. Let vt = {x<t,1> x<t,2> · · · x<t,L> } be a sequence of
length L corresponding to the ensemble forecasts generated at
time t for each lead time l ∈ [1, L], where each element of the
sequence is an M -dimensional vector, i.e., x<t,l> ∈ RM . The
lead time encoder layer takes this sequence as input and produces a sequence of hidden states {h<t,1> h<t,2> · · · h<t,L> }
of the same length using an LSTM network, LSTMlead , where
each h<t,l> ∈ Rd . The outputs of LSTMlead can be viewed as
feature representation for each forecast lead time l, embedded
with the temporal dependencies between them. More formally,
the relationship between the input and output of the lead time
encoder can be expressed as follows:
h<t,l>

=

LSTMlead (h<t,l−1> , x<t,l> )

as output using an LSTM network LSTMgen
, where each
l
s<t,l> ∈ Rp and l ∈ [l, L]:

Note that s<t,l> is a representation that incorporates information about both the lead time level autocorrelation and
generation time level autocorrelation shown in Fig. 2. While
s<t,l> explicitly learns the temporal dependencies between
different forecast generation times using Eq. (3), the temporal
dependencies between the lead times are implicitly captured
through its input hidden states h<t,l> . Unlike the lead time
encoder layer, the parameters of the generation time encoders
are not shared as the temporal relationships may vary for
different lead times, as illustrated by the different shades
of blue boxes in Fig. 3. Each box is assumed to process a
sequence of length K for a different lead time l.
C. Output Layer
Finally, the output layer of MSH-LSTM will take each
hidden state s<t,l> as input and uses a fully connected network
to generate its prediction for lead time l at generation time t:
o<t,l> = gl (s<t,l> )

The structure for LSTM
is depicted by the orange boxes
in the first (left-most) layer of Fig. 3. Each box is assumed to
process a sequence of length L from different generation times,
i.e., vt−K+1 , vt−K+2 , · · · , vt . The parameters of LSTMlead
are assumed to be shared for all the generation times, i.e., their
values are identical when processing each sequence.
B. Generation Time Encoder Layer
The second layer of MSH-LSTM, which corresponds to the
generation time encoder, captures the temporal dependencies
between forecasts generated at different times for the same
lead time l. To illustrate this, let t be the current time step and
wl = {h<t−K+1,l> h<t−K+2,l> · · · h<t,l> } be a sequence
of length K, whose elements correspond to the outputs of
the hidden states generated for the same lead time l by the
previous layer of MSH-LSTM. In the case when t < K, zero
padding is used to ensure every sequence wl is of the same
length, K, at all times.
The generation time encoder will take the sequence for a
specific lead time l (i.e., wl ) as input and produces another
sequence of hidden states s<t−K+1,l> s<t−K+2,l> · · · s<t,l>

(4)

The fully connected networks are shown by the green boxes
in Fig. 3. As the model parameters may vary across different
lead times, a separate model gl is trained for each lead time.
D. Parameter Estimation
Let Θ be the set of parameters associated with the proposed
MSH-LSTM framework. MSH-LSTM is a multi-task learning
framework as the model parameters for all lead times are (1)
tied via the hierarchical LSTM structure and (2) jointly estimated by optimizing the following least-square loss function:

(2)

lead

(3)

Θ∗ = arg min
Θ

L
T X
X
(o<t,l> − yt+l )2
t

(5)

l

The network parameters in Θ are initialized randomly and
then trained in an end-to-end fashion using Adam [21]. To
avoid overfitting, a dropout strategy is employed during the
training process. The stopping criteria for training the network
depends on its performance on a separate validation set. Since
the error on validation set generally has a decreasing trend as
the training epochs iterate, the training process is terminated
when the validation error converges. Hyperparameters of the
framework such as the number of nodes at each layer, learning
rate, batch size, and dropout rate are also tuned based on the
performance of the framework on validation set. The entire
architecture was implemented in PyTorch [22].
V. E XPERIMENTAL R ESULTS
A. Data Set
The performance of the proposed MSH-LSTM framework
is evaluated using an ensemble of monthly SST forecasts
from the North American Multi-Model Ensemble (NMME)
project [7]. Monthly SST observations are collected from
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Fig. 3: Proposed hierarchical LSTM architecture for multi-step-ahead time series forecasting. Blocks with different shades of
colors (in the generation time and output layers) are trained independently and have different parameters while those with the
same color (lead time encoder layer) are trained jointly and have identical parameters (figure best viewed in color).
TABLE I: Physical models from NMME used for monthly sea
surface temperature prediction.
Index
1
2
3
4
5
6
7

Model name
CMC1-CanCM3
CMC2-CanCM4
COLA-RSMAS-CCSM3
COLA-RSMAS-CCSM4
GFDL-CM2p1
NCEP-CFSv2
NCAR-CESM1

# ensemble members
10
10
6
10
10
10
24

TABLE II: Partitioning of SST data into multiple training,
validation, and test splits.
Dataset
SST1
SST2
SST3
SST4
SST5

January 1982 to December 2010 for a total of 348 months.
The forecast lead times are set to a maximum of 9 months,
starting from the end of the current month1 to the end of 8
months ahead, for a total of L = 9 prediction tasks. The data
was obtained from 58 grid cells located in the tropical Pacific
area. Forecasts from 7 physical models, which are listed in
Table I, are used as predictor variables. Although each physical
model generates multiple ensemble member forecasts (from
varying initial conditions), the average value of the members
was used to represent the predictions of each physical model.
The window size K for creating sequences of different forecast
generation times is set to 6.
The effectiveness of the proposed framework was evaluated
on 6 different training-validation-testing splits, as shown in
1 As

the forecasts are generated at the beginning of the month, forecasting
the current month means predicting the average sea surface temperature over
the course of the month that is currently in progress.

SST6

Training
1/1982 1/1982 1/2010 1/1982 5/2008 1/1982 9/2006 1/1982 1/2005 1/1982 5/2003 -

4/2006
8/2004,
12/2010
12/2002,
12/2010
4/2001,
12/2010
8/1999,
12/2010
12/1997,
12/2010

Validation
1/2007 - 8/2008

Testing
5/2009 - 12/2010

5/2005 - 12/2006

9/2007 - 4/2009

9/2003 - 4/2005

1/2006 - 8/2007

1/2002 - 8/2003

5/2004 - 12/2005

5/2000 - 12/2001

9/2002 - 4/2004

9/1998 - 4/2000

1/2001 - 8/2002

Table II. To avoid overlap due to the multi-step-ahead predictions, a gap of 9 months is introduced between the trainingvalidation and validation-testing sets. Each split has 20 generation time steps for validation and another 20 generation
time steps for testing. Since the data is collected over 58 grid
cells, there are altogether 20 (generation time steps) × 58 (grid
cells) × 9 (lead times) test instances to be predicted in each
split. The sequences in the training, validation, and testing
sets are centered by subtracting their monthly values with the
corresponding monthly means computed from the training set.
B. Experimental Setup
The proposed MSH-LSTM framework was compared
against the following baselines:

•
•

•

•

•

•

•

•

•

EnS: This approach uses the ensemble mean to form a
point estimate for the ensemble of model forecasts [6].
Ridge: A ridge regression model is trained separately
for each lead time task. The input (predictors) is a 7dimensional vector, corresponding to the averaged ensemble member forecasts for each of the 7 physical models.
FFN: This approach trains an independent feed-forward
neural network with two hidden layers and an output
layer for each lead time. Hyperparameters to be tuned on
validation set include the number of nodes in each layer,
dropout rate, learning rate and batch size. The input of
the model is similar to that for ridge regression.
LSTM: An independent LSTM model is trained for each
lead time task. The input to the LSTM is slightly different
from that for ridge regression and FFN as it requires a
sequence of length 6 (K = 6), where each element of
the sequence is a 7-dimensional vector.
GFFN: This global approach trains a single feed-forward
neural network to predict all 9 lead time tasks. The input
is similar to that for ridge regression and FFN.
GLSTM: This is similar to the previous global approach
except it uses LSTM instead of a feed-forward network.
The input of the model is similar to that for independent
LSTM models.
ARIMA: This corresponds to the autoregressive integrated moving average model, which is typically used
for time series prediction [23]. For each lead time task,
an independent ARIMA model is trained. Its input corresponds to historical SST values up to 6 previous time
steps, i.e., it does not use model forecasts from NMME.
DARNN: This is a state-of-the-art hierarchical LSTM
network for time series prediction with exogenous variables [10]. It is based on a dual stage attention-based
recurrent neural network model. Its multi-level structure
is designed to capture relationships between its input
features (i.e., ensemble member forecasts) and forecast
generation times, but not the dependencies between different lead times. Since the network is not designed
for multi-step-ahead prediction, an independent DARNN
model is trained for each lead time task. The input to the
model is a sequence of length 6, similar to that for LSTM
and MSH-LSTM.
MTL-LSTM: A 3-layer LSTM network based on the
multi-task learning approach described in [24]. The bottom layer is a feed forward layer shared by all lead time
tasks. The middle layer is a standard LSTM while the top
(output) layer is a feed forward neural network. While
the model parameters at the bottom layer are shared, the
middle and top layers are built independently for each
lead time task. Its input is a length-6 sequence of 7 × 9dimensional matrices, which corresponds to the ensemble
model forecasts for all 9 lead times with a time window
of 6 forecast generation times.

The prediction error for each method is computed using
the root mean square error (RMSE) metric, which can be

computed for each lead time task or for all the tasks:
(1) Error for a given lead time, l:
v
u
T
u1 X
(yt+l − o<t,l> )2
RM SEl = t
T t
(2) Overall error for all lead times:
v
u
T X
L
u1 X
RM SE = t
(yt+l − o<t,l> )2
T t
l

where o<t,l> denotes the predicted value for lead time l at the
forecast generation time t.
For each method, its hyperparameters are tuned using the
validation set. The hyperparameter for ridge regression corresponds to the ridge regularizer. For DNN-type approaches including FFN, LSTM, GFFN, GLSTM, DARNN, MTL-LSTM
and the proposed MSH-LSTM, the number of nodes in each
hidden layer is a hyperparameter that needs to be tuned. For
all the methods, the number of nodes is varied from 10 to 50.
Other hyperparameters include batch size, initial learning rate
and dropout rate are also tuned independently for each dataset
based on its performance on the corresponding validation set.
Furthermore, as the loss function for DNN is non-convex,
different initialization of the model parameters may yield
different solutions. Consequently, we test each hyperparameter
setting for FFN, LSTM, GFFN, GLSTM, MTL-LSTM and
MSH-LSTM with 15 different initializations of the weights
and RMSE values are reported based on their average over
these 15 runs.
C. Results and Discussion
A summary of the RMSE values, averaged across the 6 data
splits, is shown in Table III. In terms of their overall RMSE,
simple baseline methods such as ensemble mean and ARIMA
have the worst performance among all the methods. This
shows the importance of combining the ensemble member
forecasts in a weighted fashion to obtain better predictions
instead of using only the mean forecasts or historical time
series alone for making long-term predictions. The next worst
performer is ridge regression, which suggests the importance
of using non-linear approaches to aggregate the ensemble
predictions. Furthermore, global models such as GFFN and
GLSTM also have worse RMSE compared to their independent local model counterparts (FFN and LSTM). This suggests
the advantage of training a different model for each lead time,
instead of fitting a global model for all the lead times.
MSH-LSTM achieves the lowest overall RMSE, which
demonstrates its superiority in multi-step SST prediction compared to other competing baselines. In particular, it outperforms both MTL-LSTM, which is based on a conventional
approach to multi-task deep learning [24] and DARNN, which
is the state-of-art hierarchical LSTM approach for time series
prediction [10]. MSH-LSTM also outperforms both MTLLSTM and DARNN for the majority of the lead times except
for lead times 0 and 8. The effectiveness of MSH-LSTM can

TABLE III: Comparison of RMSE values among the competing methods for all 9 forecast lead times
Lead

EnS

Ridge

GFFN

GLSTM

FFN

LSTM

0
1
2
3
4
5
6
7
8
overall

0.2652
0.4322
0.5307
0.5933
0.6402
0.6757
0.7039
0.7268
0.7458
1.8268

0.2811
0.3940
0.4437
0.4697
0.4900
0.5058
0.5205
0.5302
0.5407
1.4114

0.2830
0.3652
0.4058
0.4313
0.4574
0.4794
0.4969
0.5151
0.5400
1.3443

0.2787
0.3560
0.3974
0.4286
0.4633
0.4965
0.5185
0.5344
0.5546
1.3673

0.2129
0.3435
0.4015
0.4286
0.4548
0.4775
0.4916
0.5097
0.5298
1.3136

0.1996
0.3230
0.3827
0.4176
0.4648
0.5029
0.5264
0.5367
0.5519
1.3432

MTLLSTM
0.2090
0.3313
0.3890
0.4302
0.4735
0.5050
0.5260
0.5326
0.5445
1.3514

ARIMA

DARNN

0.2592
0.3706
0.4414
0.4901
0.5279
0.5529
0.5701
0.5827
0.5923
1.4964

0.2610
0.3475
0.4053
0.4399
0.4747
0.5132
0.5155
0.5333
0.5245
1.3641

MSHLSTM
0.2173
0.3057
0.3621
0.4032
0.4426
0.4744
0.5019
0.5192
0.5355
1.2898

TABLE IV: A win-loss table comparing the performance of the competing methods across all 58 grid cells. Each (i, j)-th
entry in the table represents the fraction of grid cells in which method i has lower RMSE than method j.

EnS
Ridge
GFFN
GLSTM
FFN
LSTM
MTL-LSTM
ARIMA
DARNN
MSH-LSTM

EnS

Ridge

GFFN

GLSTM

FFN

LSTM

0
0.7414
0.8621
0.8276
0.8448
0.8103
0.8103
0.6379
0.7586
0.8448

0.2586
0
0.8276
0.7759
0.8103
0.7414
0.7931
0.3793
0.7069
0.8966

0.1379
0.1724
0
0.4138
0.5690
0.4655
0.4483
0.1207
0.3621
0.7414

0.1724
0.2241
0.5862
0
0.5862
0.5862
0.4828
0.1379
0.4483
0.7759

0.1552
0.1897
0.4310
0.4138
0
0.3793
0.3621
0.1552
0.2759
0.7586

0.1897
0.2586
0.5345
0.4138
0.6207
0
0.4828
0.1207
0.3793
0.7069

be explained as it is the only framework that considers leadtime level autocorrelation, whereas other frameworks such as
MTL-LSTM and DARNN only account for generation-time
level autocorrelation and the relationship between predictors.
The result also suggests that the hierarchical LSTM architecture of MSH-LSTM is more suitable for the problem than the
hard parameter sharing strategy employed by MTL-LSTM.
In terms of their lead-time RMSE, MSH-LSTM has the
lowest RMSE for lead times 1 to 5 and has among the top3 lowest RMSE for lead times 6, 7, and 8. Both MSHLSTM and MTL-LSTM appear to perform slightly worse than
conventional LSTM for lead time 0. One possible explanation
is that, since both MSH-LSTM and MTL-LSTM are multitask learning approaches, the long-term forecasts performance
may be improved at the expense of a slight degradation in their
accuracy for forecasting lead time 0. In addition, MSH-LSTM
is outperformed by FFN for lead times 6 to 8, though by only
a relatively small margin.
Another interesting observation is that the independent
LSTM models generally do a much better job at short-term
forecasting but perform worse at long-term forecasting (4
months or more) compared to independent FFN models. In
both approaches, the models are trained independently for
each lead time task. As the longer-term predictors have higher
variance in the ensemble forecasts, this suggests that LSTM
may not be as effective dealing with higher variance in the predictors compared to FFN. This limitation of LSTM also seems
to affect the performance of MTL-LSTM and MSH-LSTM.
Nevertheless, MSH-LSTM compensates for such limitation
by regularizing its predictions to ensure the generation-time
and lead-time level autocorrelations are explicitly modeled.

MTLLSTM
0.1897
0.2069
0.5517
0.5172
0.6379
0.5172
0
0.1379
0.3276
0.7759

ARIMA

DARNN

0.3621
0.6207
0.8793
0.8621
0.8448
0.8793
0
0
0.8276
0.9655

0.2414
0.2931
0.6379
0.5517
0.7241
0.6207
0.6724
0.1724
0
0.9310

MSHLSTM
0.1552
0.1034
0.2586
0.2241
0.2414
0.2931
0.2241
0.0345
0.0690
0

Its RMSE performance is comparable to FFN for longer lead
time forecasts (4 months or more).
The previous analysis compares the performance of different methods in terms of their overall and lead-time specific
RMSE. The reported RMSE values are averaged over all 58
grid cells in the data. To determine how well each method
performs on the individual grid cells, Table IV summarizes
the percentage of grid cells in which the method specified in
the given row has lower RMSE than the method specified by
the column. The results show that MSH-LSTM outperforms
all the baseline methods in more than 70% of the grid cells.
Furthermore, although the RMSE difference shown in Table III
for MSH-LSTM and FFN is not that large, MSH-LSTM
actually outperforms FFN for more than 75% of the grid cells.
MSH-LSTM also outperformed MTL-LSTM (by more than
77%) and DARNN (by more than 93%), which demonstrates
the effectiveness of proposed MSH-LSTM framework for the
multi-step-ahead ensemble SST forecasting problem.
To illustrate the performance improvement achieved by
MSH-LSTM in different grid cells, Fig. 4 shows a map
of the RMSE values for ensemble mean and MSH-LSTM,
where lighter (yellow) color indicates higher RMSE values
and darker (blue) color indicates lower RMSE. The maps were
plotted for different lead times. Figs. 4(a) and 4(b) correspond
to the the overall RMSE for all 9 lead times. Figs. 4(c) and 4(d)
correspond to short-term forecasts (from 0 to 2 months), 4(e)
and 4(f) are for mid-term forecasts (between 3 to 5 months lead
time), and 4(g) and 4(h) for long-term forecasts (more than 6
months). The maps show that MSH-LSTM outperforms the
ensemble median in the majority of the grid cells, especially
for mid-term and long-term predictions.
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Fig. 4: Performance on each grid cell by EnS and MSH-LSTM.

Fig 5 shows how well each method preserves the temporal
autocorrelation present in the time series. The temporal autocorrelation for any given time series at a lag k, ACF (k),
is obtained by shifting its sequence of values by k time
steps (lags) and computing the correlation between the shifted
sequence and the unshifted one. If there are p such shifts,
this produces an autocorrelation vector of length p, i.e.,
[ACF (1), ACF (2), · · · , ACF (p)], which is then compared
against the autocorrelation vector of the ground truth time series. The degree to which temporal autocorrelation is preserved
is given by the Euclidean distance between the two vectors.

methods—lead-time level and generation-time level autocorrelation. For generation-time level autocorrelation, the results
in Fig. 5a suggest that LSTM and its variants, including the
proposed MSH-LSTM approach, closely model the temporal
autocorrelation structure of the ground truth SST time series
as their Euclidean distances are relatively smaller compared
to non-LSTM methods such as FFN and GFNN. This is
not surprising as the LSTM-based methods are designed to
capture the temporal dependencies of the forecasts generated
for different time steps, while the non-LSTM methods are not
designed for modeling temporal dependencies of the data.

Fig. 2 depicts two types of temporal autocorrelations that
must be preserved by multi-step-ahead time series forecasting

For lead-time level autocorrelation, the results shown in
Fig. 5b appear to suggest that both MSH-LSTM and DARNN
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Fig. 6: Correlogram plots for lead-time level autocorrelation of
MSH-LSTM and other methods (including the ground truth).
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Figure 7, the gradients for the 7 physical models are illustrated
by box plots while the magnitude of the ridge regression
coefficients is illustrated with the red curve. For both ridge
regression and the MSH-LSTM, the most influential physical
model appears to be model 2 (CMC2-CanCM4). Model 4
(COLA-RSMAS-CCSM4) also has a relatively high degree of
influence for both ridge regression and MSH-LSTM especially
for shorter-term forecasting.

(b) Lead time level temporal autocorrelation

VI. C ONCLUSIONS

Fig. 5: Comparison between the temporal autocorrelation
of the proposed MSH-LSTM framework and other baseline
methods.

In this paper, a novel deep learning architecture is proposed to address the multi-step SST forecasting problem.
The proposed framework considers each lead time forecast
as a separate learning task and employs a hierarchical LSTM
structure to capture both lead-time and generation-time level
autocorrelation of the data. The effectiveness of the proposed architecture is evaluated on a 29-year monthly sea
surface temperature data from the North American MultiModel Ensemble (NMME) project. The results showed that
the proposed method outperformed existing hierarchical and
non-hierarchical neural network, MTL, and other conventional
time series prediction methods.

do not capture the lead-time level autocorrelation as well as
other baseline methods. To further illustrate this, Fig. 6 shows
the correlogram plots for each forecasting method as well as
for the ground truth SST time series. Notice that the leadtime level autocorrelation for MSH-LSTM and DARNN are
much higher than other approaches and the ground truth, as
the number of lags increases. Despite over-estimating the leadtime level temporal autocorrelation, the RMSE results shown
in Table III suggest that MSH-LSTM was able to exploit the
higher autocorrelation at longer lags to improve its long-range
forecasts. Similarly, the results in Table III also show that
DARNN reaches the best RMSE at lead time 8, which is
consistent with it having the highest temporal autocorrelation
at lag 8. However, the RMSE of DARNN is worse than MSHLSTM and other baselines at other lead times even though its
autocorrelation is still high. This suggests that MSH-LSTM
was able to leverage its high lead-time autocorrelation to improve its prediction accuracy more effectively than DARNN.
Finally, we evaluate the importance of each physical model
for different lead time tasks. The models of both ridge regression and MSH-LSTM are analyzed. For ridge regression, the
importance of each model can be evaluated by examining the
magnitude of coefficients. For MSH-LSTM, the gradient of the
loss w.r.t each physical model forecast is computed [25], and
the distribution of the gradient magnitudes is investigated. In
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