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Abstract

Arctic sea ice performs a vital role in global climate and has paramount impacts
on both polar ecosystems and coastal communities. In the last few years, multiple
deep learning based pan-Arctic sea ice concentration (SIC) forecasting methods
have emerged and showcased superior performance over physics-based dynamical
models. However, previous methods forecast SIC at a fixed temporal granularity,
e.g. sub-seasonal or seasonal, thus only leveraging intra-granularity information
and overlooking the plentiful inter-granularity correlations. Specifically, inter-
granularity correlations mean that SIC at various temporal granularities exhibits
cumulative effects and are naturally consistent, with short-term fluctuations poten-
tially impacting long-term trends and long-term trends provide effective hints for
facilitating short-term forecasts in Arctic sea ice. Therefore, in this study, we pro-
pose to cultivate temporal multi-granularity that naturally derived from Arctic sea
ice reanalysis data and provide a unified perspective for modeling SIC via our Sea
Ice Fusion framework. SIFusion is delicately designed to leverage intra-granularity
and inter-granularity information to capture granularity-consistent representations
that promote forecasting skills. Our extensive experiments indicate that SIFusion
outperforms off-the-shelf fixed temporal granularity SIC forecasting deep learning
models for their specific temporal granularity.

1 Introduction

Arctic sea ice has a profound influence on both local and global climate systems. The near-surface
air temperature of Arctic regions has increased at a speed that is two to nearly four times faster than
the global average from 1979 to 2021, a phenomenon known as “Arctic amplification” [1, 2]. This
accelerated temperature rise performs a key role in the unprecedented rapid diminishing of Arctic
sea ice which has extensive consequences that could transcend the polar area. For example, the
accelerated reduction of Arctic sea ice could not only jeopardize the survival of species residing in
polar regions but also pose adverse effects on local communities whose livelihoods and well-being
depend on those animals; it could substantially affect mid-latitude summer weather by weakening
the storm tracks [3]; and it will bring new opportunities for marine transportation and new access to
natural resources like fossil fuels [4].

Due to the vital role of Arctic sea ice in coastal communities, global climate, and potential impacts
on the world’s economy, numerical and statistical models have been proposed to forecast pan-Arctic
sea ice concentration (SIC) ranging from sub-seasonal to seasonal scale [5, 6]. However, numerical
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Figure 1: Visualization of Arctic sea ice trends. (a)The annual average SIC and SIE trend over the
last 35 years (1987-2023); the monthly cyclic trend of SIC (b) and SIE (c). Note that the averaged
SIC values are calculated over the entire pan-Arctic region, which could only be used to observe the
trend.

and statistical models usually rely on high-performance computing on CPU clusters and often lead
to complex debugging processes and uncertain parameterization, which limits their performance in
forecasting long-term SIC changes. With the advent of deep learning models and their powerful
capability in capturing complex patterns within high dimensional data, recent studies have developed
end-to-end SIC forecasting models based on deep learning approaches and have presented a promising
performance that exceeds previous numerical and statistical methods [7, 8]. Considering existing deep
learning-based methods mainly focus on predicting SIC at a specific temporal granularity, e.g., 7 days
or 6 months’ averages, the intra-granularity correlations are well captured while the inter-granularity
information that contains intrinsic annual cyclic trend and intra-seasonal predictability of Arctic sea
ice [9] are overlooked.

Over the last few decades, the Arctic sea ice extent (SIE, where SIC value is larger than 15%)
has exhibited a continuous declining trend and a clear recurrent variational pattern. For example,
the annual pan-Arctic sea ice edge usually starts to expand after the summer melting season in
September (Figure 1(b)). Given these patterns, concurrently utilizing inter-granularity and intra-
granularity information and employing a unified fusion framework could be mutually beneficial for
modeling each granularity. For instance, long-term trends in weekly granularity could be helpful in
calibrating short-term daily predictions, and finer granularity features could provide more accurate
initial conditions to facilitate seasonal forecasting. Besides, the essence of predicting future SIC is to
forecast spatially correlated time series. Their sequentially varying nature requires effective modeling
of SIC sequences. However, the most commonly utilized U-Net architecture [10] in previous work [7]
implicitly fulfills sequential modeling by channel-wise fusion operations which could be ill-posed for
sequence modeling for two reasons: (1) The expansion and contraction of channels in the up-sampling
and down-sampling steps disturb the intrinsic sequential feature and complicates the capturing of
sequential correlations. (2) When jointly modeling with climate variables, for instance sea surface
temperature, fusing different variable channels all together could further corrupt the modeling of
spatially correlated time series. Alternatively, adopting explicit modeling of SIC sequences based on
sufficiently extracted spatial features could facilitate the spatio-temporal forecasting task.

Based on the above-mentioned motivations, we propose a unified fusion framework for multi-
granularity Arctic Sea Ice Fusion forecasting based on Transformer backbone (SIFusion). Unlike
previous approaches (as demonstrated in Figure 2), we propose to independently tokenize spatial
features, explicitly extract sequential information and jointly model three granularities: daily, weekly
average, and monthly average. Specifically, SIFusion first embeds SIC from each temporal granularity
into independent spatial tokens and sequentially concatenates them to represent temporal fluctuations
within each granularity. Then, we treat these independent sequences as correlated granularity
variates and utilize the attention mechanism in conjunction with the feed-forward network (FFN) for
extracting both intra-granularity and inter-granularity correlations. By incorporating multi-granularity
representation, SIFusion could simultaneously generate future SIC in three different temporal scales,
boosting not only the performance in a specific temporal scale but also the overall forecasting skill.
Our contributions are three-fold:

• We revisit the potentially overlooked inter-granularity information by previous methods
for Arctic SIC forecasting and explore the effectiveness of independent spatial tokens
representation of SIC for facilitating accurate predictions.

• We propose SIFusion that leverages independent spatial tokenization of SIC and effectively
unifies three temporal granularities that cover from sub-seasonal to seasonal scale for better
overall representation and improved forecasting performance.
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Figure 2: The main differences between (a) existing mainstream SIC forecasting approaches and
(b) our SIFusion are follows: (1) Previous models take a channel-wise fusion to jointly extract spatial
features, e.g., utilizing 2D convolution to expand and downsample SIC channels. In our case, we
focus on capturing an effective spatial tokens representation of SIC by the shared spatial encoder. (2)
The correlation among input SIC sequence is implicitly modeled via the U-Net-based architecture in
(a) while SIFusion explicitly captures intra-granularity and inter-granularity correlation via sequential
modeling. (3) We propose leveraging multi-granularity information that is naturally derived from the
SIC and embedding it into granularity variates to improve overall forecasting skills.

• The comprehensive experiments demonstrate that by adopting the approach of multi-
granularity fusion, our SIFusion achieves state-of-the-art on prediction in each granularity,
which advances toward a more practical Arctic sea ice forecasting system.

2 Related Works

Sea ice concentration forecasting. Researchers have proposed various approaches to forecasting
SIC, encompassing numerical and statistical models [11, 12]. However, numerical and statistical
models usually rely on the high-performance computing of the CPU cluster and tend to result in
complex debugging processes and uncertain parameterization. Recently, deep learning models have
drawn the attention of sea ice research communities and have been widely investigated for Arctic
sea ice forecasting [13, 14, 15, 16]. These methods utilize U-Net-based architectures to solve daily
(SICNet [8], or monthly (IceNet [7], MT-IceNet [16]) SIC forecasting. However, although these U-
Net-based architectures are built on top of LSTM [17] or CNN [7], the temporal information inherent
in sea ice modeling can not be fully exploited. Moreover, these methods and the latest Transformer-
based model [18] concentrate on single-granularity SIC forecasting, where the inter-granularity
information from multi-granularity sea ice modeling is overlooked.

Multi-scale representative learning. The multi-scale phenomenon is common in vision tasks,
while it is always overlooked in sea ice modeling. To exploit the information in multi-scale sources,
multi-scale features are commonly exploited by using spatial pyramids [19], dense sampling of
windows [20], and the combination of them [21] in the vision community. The learning of CNN-
based multi-scale representations is typically approached in two ways: utilizing external factors
like multi-scale kernel architectures and multi-scale input architectures [22], or designing internal
network layers with skip and dense connections [23]. Recently, there has been a surge of interest in
applying transformer-based architectures to computer vision tasks, with the Vision Transformer (ViT)
being particularly successful in balancing global and local features compared to CNNs [24]. When
revisiting the task of forecasting sea ice concentration, its multiscale features stem from different
temporal resolutions. Existing methods focus on a single scale, such as daily, weekly, or monthly.
However, different temporal resolutions are inherently connected, and treating them as a single scale
for modeling would increase the complexity of network learning.

3 SIFusion for Multi-granularity Arctic Sea Ice Forecasting

Given historical Arctic SIC records Y = {XT−L−1, ..., XT−1, XT } ∈ [0%, 100%]L×H×W , where
L is the input length of a specific granularity which includes the given observation time step T , H
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Figure 3: Overview of proposed SIFusion, which comprises three main components: (1) The shared
spatial encoder first independently extracts spatial features of input SIC from each granularity (i.e. 7
days, 8 weeks’ averages and 6 months’ averages) to obtain spatial tokens, and then concatenates these
spatial tokens accordingly. (2) The embedded spatial tokens are subsequently flattened with respect
to their granularity and linearly projected into the same length. We propose to utilize an encoder-
only transformer backbone to perform multi-granularity fusion which explicitly captures both
inter-granularity and intra-granularity sequential features. (3) Lastly, the predicted multi-granularity
features are restored to the shape of the input via linear transformation and the shared spatial
decoder.

and W denotes the rectangle pan-Arctic region, the forecasting model predicts the subsequent SIC
values Ŷ = {XT+1, ..., XT+P−1, XT+P } ∈ [0%, 100%]P×H×W with forecasting lead times of P .
In this study, our SIFusion jointly models three granularities, i.e., daily, weekly average, and monthly
average SIC values that cover both sub-seasonal and seasonal variations, and simultaneously forecasts
on all these temporal scales. For each temporal granularity, the input length L equals the forecasting
lead times P . The overview of the proposed SIFusion architecture is presented Figure 3. The shared
spatial encoder and decoder perform SIC tokenization and restoration while multi-granularity fusion
explicitly extracts sequential information.

3.1 Sea ice concentration tokenization
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Figure 4: Comparison between different backbones for temporal se-
quence modeling: (a) Our proposed SIFusion sequentially concatenates
independent SIC tokens that are derived from each temporal scale as a
granularity variate and applies an attention mechanism over the embed-
ded variate tokens. The FFN transforms the variate representation for the
input of the next layer; (b) For vanilla Transformer architecture [25], it
applies an attention mechanism over temporal tokens and FFN is applied
on multivariate representations; (c) The MLP-mixer [26] approach first
performs token-wise mixing, then transposes the extracted features to
apply channel-wise mixing. The vanilla Transformer and MLP-mixer
both fall short of modeling the sequential information of sea ice.

Existing mainstream deep
learning-based methods
for SIC forecasting adopt
U-Net architectures and
leverage 2D convolution
to perform channel-wise
expansion and downsam-
pling that extracts both
spatial features and tem-
poral dependencies. How-
ever, since U-Net-based
models are not specif-
ically designed for se-
quence modeling [27],
the joint spatial-channel
fusion of SIC and im-
plicit sequence modeling
could be ill-posed prop-
erties for spatio-temporal
forecasting tasks. In this
regard, we propose to in-
dependently tokenize spa-
tial features at first, which
could disentangle the above ill-posed problem and be beneficial for SIC forecasting.

Independent spatial embedding. Since we aim to simultaneously model SIC derived from three
temporal granularities, encoding their spatial features into shared embedding space not only yields
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consistent representation but also reduces the number of trainable parameters. Inspired by prior
works [28, 29], we utilize Swin Transformer V2 [30] as the backbone for both shared spatial encoder
and decoder.

Specifically, each SIC input is independently fed into the shared spatial encoder and partitioned by a
non-overlapped window to generate patch representation [24] with 32 spatial channels (the original
SIC data has only one channel). To preserve local SIC information, we choose the smallest 2 by
2 window size for the patch partition. Then, the patch tokens are further transformed by the first
two Swin Transformer blocks. The multi-scale spatial features are extracted through the subsequent
hierarchical encoder layers which comprise a patch merging operation and two Swin Transformer
blocks. The patch merging operation first concatenates the spatial feature of each group of 2 by 2
adjacent patch representations from the previous encoder layer. The calculation of each pair of two
consecutive Swin Transformer blocks in encoder layers can be described as follows:

zbs = LN(WMSA(zb−1)) + zb−1,

zb = LN(MLP (zbs)) + zbs,

zb+1
s = LN(SWMSA(zb)) + zb,

zb+1 = LN(MLP (zb+1
s )) + zbs, (1)

where zbs and zb represents the output spatial feature of the (Shifted) Window-Multi-head Self
Attention module and the MLP module for block b, respectively; LN denotes the layer normalization
operation [31]. The attention mechanism with a shifted window could effectively extract neighboring
SIC information and sufficiently represent the local correlation of sea ice. After all input SIC are
independently encoded into 2D spatial features, we apply linear projection to generate 1D tokens for
each SIC to obtain compact spatial representation for sequential modeling.

The shared spatial decoder adopts an identical Swin Transformer backbone and the decoding pro-
cedure is symmetrical to the encoding process, except that the patch merging operation is replaced
by the patch expanding operation [32]. While patch merging downsamples the input spatial fea-
ture dimension and increases the embedding channels, patch expanding symmetrically restores the
resolution of the feature map and merges channels via linear transformation.

Spatial feature skip connection. Since the SIC features encoded by Swin Transformer blocks will
be tokenized into highly compact sequence representation, the spatial SIC information should be
maximally preserved during the sequential modeling. Besides, our proposed sequential modeling
backbone comprises deep encoding layers which might lead to loss of embedded spatial features.
To preserve spatial SIC information and avoid insufficient restoration, we propose to add a skip
connection between the output of the last pair of Swin Transformer blocks in the spatial encoder and
the input of the first block in the shared decoder (see in Figure 3).

3.2 Multi-granularity fusion

We propose to jointly model three granularities that cover sub-seasonal to seasonal scale, i.e., 7 days,
8 weeks averages, and 6 months averages, and explicitly capture inter-granularity correlation and
intra-granularity sequential information.

Modeling granularity variates. As mentioned in Section 3.1 the shared spatial encoder transforms
each SIC into independent 1D tokens. These individual spatial tokens are then concatenated sequen-
tially based on their granularity respectively and utilized to form the multi-granularity representation.
As each granularity incorporates a different time span, the dimensions of concatenated granularity
sequences are mismatched. Considering that both the weekly average and monthly average are
derived from daily SIC values, we choose to tokenize those sequences further and align their feature
dimensions with the length of daily input using a linear transformation as follows:

gf = Linear(vTokenizer(SICgranularity)), (2)

where granularity ∈ [daily, weekly, monthly], gf is the aligned granularity feature, vTokenizer is
the shared Swin Transformer spatial encoder.The generated multi-granularity variates are subsequently
fed into the sequential modeling backbone. Encouraged by prior work [33], we propose to adopt an
encoder-only Transformer architecture as the sequential modeling backbone for multi-granularity
fusion in Figure 3 that: (1) applies multi-head self-attention on the embedded granularity variate
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tokens to explicitly capture inter-granularity correlations; (2) each granularity variate is independently
processed by FFN to extract intra-granularity information (as depicted Figure 4(a)). As for the
conventional usage of vanilla Transformer in sequence prediction, the attention mechanism is applied
on embedded temporal tokens which comprise variate information collected from the same time step
(as in Figure 4(b)). The vanilla Transformer is challenged in forecasting series with larger lookback
windows due to performance degradation and computation explosion. Furthermore, the temporal
token embeddings incorporate multiple variates that represent distinct physical measurements, which
may struggle to capture variate-specific representations and potentially lead to the generation of
incoherent attention maps. However, in sea ice modeling, each dimension of the tokenized granularity
variate incorporates SIC features that come from a different time span. This could lead to poor
representation of sequential SIC features and restrict the effective modeling of inter-granularity
correlations. Experimentally, we will show in Section 4.2 that by adopting our sequential modeling,
the overall performance is superior to alternative backbones. After each SIC granularity variate token
is properly fused and encoded, the final prediction of future granularity variate features is generated
through a linear projection layer.

Sequential feature skip connection. Considering the concatenated sequence of SIC features are
linearly transformed and aligned to form the multi-granularity variate representation, the significant
original sequential feature needs appropriate preservation. Besides, the deep sequence encoding pro-
cess could introduce unintended noise that deteriorates the modeling of intra-granularity correlation.
To compensate for the intra-granularity information and reduce the potential impact that impairs
inter-granularity modeling, we propose to utilize the cross-attention mechanism as a sequential skip
connection (in Figure 3), where the latent query features are sourced from the concatenated sequence
token before the linear projection and the predicted SIC sequence generates both key and value latent
representations. The details about this process can be found in Appendix.

4 Experiments

In this section, we evaluate the forecasting performance of our SIFusion over 8 years of SIC data
and compare it with other deep learning models. The implementation details and evaluation metrics
calculation of our SIFusion are provided in Appendix.

Datasets. We evaluate our proposed SIFusion framework on the G02202 Version 4 dataset from
the National Snow and Ice Data Center (NSIDC). It records daily SIC data starting from October
25th 1978 and provides the coverage of the pan-Arctic region (N:89.8◦, S:31.1◦, E:180◦, W:−180◦).
Each daily SIC data is formed of 448 x 304 pixels and each pixel corresponds to the area of a 25km x
25km grid. The SIC data has a range of 0% to 100% and areas where SIC value is greater than 15%
indicate the SIE. We choose data from October 25th 1978 to the end of 2013 as the training dataset,
the years 2014 and 2015 are selected as the validation set, and data collected from 2016 to 2023 are
used to test models.

Data curation. The official data was preserved in the NetCDF format. We use the open-source
Python package ‘netCDF4’ to read data from the file with the suffix ‘.nc’. The sea ice concentration
data can then be extracted by applying the official variable name, i.e., ‘cdr_seaice_conc’, to the API.

Evaluation metrics. This study employs root mean square error (RMSE) and mean absolute error
(MAE) to assess forecasting accuracy, along with the R2 score to quantify model performance. For
SIE prediction, the Integrated Ice-Edge Error score [34] metric is used, which decomposes errors into
overestimation (O) and underestimation (U) components. Additionally, the SIE difference (SIEdif )
calculates the absolute discrepancy between predicted and observed ice area (in millions of km2). The
Nash-Sutcliffe Efficiency [35] further evaluates prediction quality by comparing model performance
to a baseline mean. The detailed calculations could be found in the Appendix A.1.

4.1 Multi-granularity forecasting

Baselines. Since our SIFusion simultaneously generates predictions of three granularities, we
select corresponding forecasting deep learning-based models for comparison. Specifically, we re-
implemented SICNet [8] and trained under an identical environment for direct comparison on 7
days SIC forecasting; Due to dataset and code accessibility, we adopt performance of sub-seasonal
forecasting methods as SICNet90 [36], IceFormer [18], and seasonal forecasting methods IceNet [7],
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Table 1: Quantitative results of SIC forecasting. We compare the performance of SIFusion in each
temporal granularity with the corresponding deep learning based methods.

Temporal Scale Lead Times Methods RMSE↓ MAE↓ R2↑ NSE↑ IIEE↓ SIEdif↓

Sub-seasonal 7 Days (Daily)

SICNet [8] 0.0490 0.0100 0.982 0.979 976 0.0718
ConvLSTM [37] 0.0681 0.0263 0.971 - - -
PredRNN [38] 0.0594 0.0220 0.977 - - -
SimVP [39] 0.0640 0.0238 0.974 - - -
SIFusion 0.0429 0.0096 0.987 0.985 926 0.0380

45 Days (Daily) IceFormer [18] 0.0660 0.0201 0.960 - - -
90 Days (Daily) SICNet90 [36] - 0.0512 - - - -
8 Weeks Average (Weekly) SIFusion 0.0625 0.0140 0.973 0.968 1600 0.1541

Seasonal 6 Months Average (Monthly)
IceNet [7] 0.1820 0.0916 0.567 - - -
MT-IceNet [16] 0.0777 0.0197 0.915 - - -
SIFusion 0.0692 0.0166 0.917 0.910 2156 0.2083

MT-IceNet [16] that reported in the original paper for reference. We also include ConvLSTM [37],
PredRNN [38] and SimVP [39] for comparison.

Main results. The overall performance of SIFusion and baseline methods is listed in 1. The lower
RMSE/MAE indicates a more accurate forecast in SIC values. Methods with lower IIEE/SIEdif are
more capable of identifying the edge of sea ice while higher R2/NSE suggests that the predicted
spatial patterns are closer to the truth of the ground. Our proposed method achieves the best
performance in all metrics for forecasting 7 days SIC, establishes a new state-of-the-art method for
sub-seasonal weekly average prediction, and presents superior seasonal SIC forecasting capability.
Considering the fact that baseline methods, except for SICNet, utilize several additional atmospheric
and oceanic variables to facilitate forecasting, and our SIFusion only leverages SIC data with carefully
extracted intrinsic inter-granularity correlation, it verifies the effectiveness of the proposed approach
for multi-granularity forecasting.

GT

Pred

Forecast Period

Sep 1~7, 2022

(7 Days Average)

Forecast Period

Sep 1~28, 2022

(4 Weeks Average)

Forecast Period

Sep 1~30, 2022

(1 Month average)

(a) (b) (c)

Single

SIFusion

Figure 5: Qualitative analysis of SIE prediction. The derived
SIE ground truth and prediction generated by SIFusion and three
single-granularity models (one for each temporal granularity)
over: (a) The first week of September; (b) 4 weeks; (c) 1 month.
Considering the abnormal increase of Arctic sea ice in 2022, our
proposed method could still produce reasonable forecasts that
keep the similar overall shape of Arctic SIE.

Qualitative analysis. To visu-
ally verify the forecasting skills
of SIFusion, we select the end
of the melting season in Septem-
ber 2022. From Figure 1(a) we
can observe that the annual Arc-
tic sea ice in 2022 has increased
by a considerable margin, which
is against the persisting long-term
declining trend. This unusual rise
makes SIC and SIE difficult for
our model to predict since it only
learns from the data collected be-
fore 2014. Starting from Septem-
ber 1st, we calculate the averaged
SIC of 7 days, 4 weeks and 1
month that correspond to three
temporal granularities of SIFu-
sion. The ground truth of calcu-
lated average SIC along with the
ground truth and predicted SIE are
visualized in Figure 5. The fore-
casting results in the lower row
are produced by SIFusion and the
upper row represents predictions
generated by three variants of SI-
Fusion that only leverage single-
granularity SIC, we will discuss
later in Section 4.2.

Despite the inconsistent annual
trend of Arctic SIC in 2022, our
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Figure 6: Spatial residual of predicted SIC. We examine the spatial patterns of forecasting results
over the same period presented in Figure 5: SIFusion could generate consistent daily forecasts (a).
Considering the abnormal Arctic SIC change in 2022, the annual trend could be different than the
SIC data on which the model was trained, SIFusion could still predict weekly (b) and monthly (c)
average SIC with a bounded residual region rather than scattered forecasting results. The spatial
residual is calculated by using predicted SIC to subtract the ground truth value.

SIFusion

Transformer

MlpMix

Single

Figure 7: Averaged intra-granularity forecasting error. We evaluate models trained on multi-
granularity and single-granularity SIC and plot RMSE and MAE of each lead time step in three
temporal granularities over the test dataset.

method could still generate forecasts that are consistent with the average SIE in the first week of
September (Figure 5(a)), and the general shape in both 4 weeks’ average (Figure 5(b)) and 1-month
average (Figure 5(c)). Compared to models with a similar backbone of SIFusion but only leveraging
single-granularity SIC, the prediction of SIE is noticeably different from the ground truth, indicating
that SIFusion could effectively leverage multi-granularity SIC to improve forecasting skills.

We plot spatial residuals to further investigate the learned spatial patterns of our SIFusion. In
Figure 6(a), SIFusion could accurately predict the first week of SIC, while in coarser weekly average
granularity our SIFusion tends to slightly underestimate in Arctic sea ice edge areas (Figure 6(b)). For
the predicted monthly average of September 2022, the overall shape of SIE resembles the observation
but overestimates SIC along the boundary.
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Table 2: Effectiveness of multi-granularity representation. Multi represents the proposed SIFusion
and Single stands for models with similar backbone but trained solely on single-granularity data.

Temporal Scale Lead Time Granularity RMSE↓ MAE↓ R2↑ NSE↑ IIEE↓ SIEdif↓

Sub-seasonal
7 Days Single 0.0704 0.0148 0.982 0.979 1018 0.0509

Multi 0.0429 0.0096 0.987 0.985 926 0.0380

8 Weeks Average Single 0.0771 0.0163 0.962 0.954 2208 0.3301
Multi 0.0625 0.0140 0.973 0.968 1600 0.1541

Seasonal 6 Months Average Single 0.0721 0.0191 0.882 0.873 2482 0.4298
Multi 0.0692 0.0166 0.917 0.910 2156 0.2083

Table 3: Effectiveness of proposed approach for multi-granularity fusion. We adopt conventional
utilization of the Transformer and the recent trend in leveraging a full MLP-based backbone [26] for
temporal sequence modeling as counterparts of our proposed sequential backbone.

Temporal Scale Lead Time Method RMSE↓ MAE↓ R2↑ NSE↑ IIEE↓ SIEdif↓

Sub-seasonal

7 Days
MLP Mixing 0.0506 0.0117 0.984 0.981 1153 0.1265
Transformer 0.0633 0.0159 0.970 0.965 1519 0.2338

SIFusion 0.0429 0.0096 0.987 0.985 926 0.0380

8 Weeks Average
MLP Mixing 0.0689 0.0169 0.969 0.963 2222 0.3839
Transformer 0.0771 0.0206 0.970 0.964 1718 0.2028

SIFusion 0.0625 0.0140 0.973 0.968 1600 0.1541

Seasonal 6 Months Average
MLP Mixing 0.0775 0.0206 0.857 0.845 2477 0.3837
Transformer 0.0913 0.262 0.833 0.821 3490 0.4902

SIFusion 0.0692 0.0166 0.917 0.910 2156 0.2083

4.2 Ablation study

To further analyze the performance of our proposed method, we trained five additional variants of
SIFusion (as in Figure 7), i.e., three single-granularity models that respectively utilize temporal
granularities in SIFusion, and two multi-granularity forecasting models with different backbones to
perform the multi-granularity fusion.

Effectiveness of multi-granularity modeling. We first verify our proposed multi-granularity
modeling approach by comparing SIFusion with models that comprise a similar model architecture
but only adopt single granularity SIC data. Comprehensive experiments in Table 2 show that by
leveraging the naturally derived multi-granularity SIC, the overall performance in all temporal
scales can be promoted by a significant margin. For each individual forecasting lead time, SIFusion
consistently outperforms models solely trained on single-granularity data (as shown in Figure 7).

Alternative backbone for multi-granularity fusion. To validate the effectiveness of our proposed
multi-granularities fusion and sequential modeling approach, we compare the performance of our
SIFusion with two other variants that are trained on the identical multi-granularity data with different
sequential backbones, i.e., Transformer and MLP mixer [26, 40]. Considering intra-granularity
performance in Figure 7, SIFusion presents superior forecasting skill in each time step of daily,
weekly average and monthly average when compared to multi-granularity variants, indicating the
effectiveness of multi-granularity SIC variates for sequential modeling. As shown in Table 3, our
SIFusion outperforms these variants by a great margin, demonstrating the intra-granularity and
inter-granularity correlations inherent in the sea ice modeling benefits for the forecasting.

Adaptation to missing observations and change in temporal scale. Considering our multi-
granularity fusion framework is generic for different temporal scales, it is essential to further explore
(1) whether SIFusion applies to missing SIC observations and (2) if it still works when the input
temporal scale varies. We first randomly masked the daily scale, i.e., select one of the 7 days and
set the input SIC values to a mask token, and then extended the daily scale from 7 days to 10 days.
The evaluation of these two variants is presented in Table 4. For the scenario with missing values
and changed input daily scale, the performance of all three temporal scales slightly drops, but still
outperforms the single-granularity baseline in terms of RMSE and MAE. This could indicate that our
SIFusion is applicable to missing observations. By comparing the performance variance between
SIFusion and SIFusion10−Days, we could find that the daily and monthly figures are close, but the
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Table 4: Application to missing daily observation and different temporal scale. To further explore
the capability of our multi-granularity fusion framework, we randomly masked daily training data
(SIFusionMask) and extended the daily input from 7 days to 10 days (SIFusion10−Days). Metrics for
SIFusion10−Days are calculated using the first 7-day prediction.

Temporal Scale Lead Time Method RMSE↓ MAE↓ R2↑ NSE↑ IIEE↓ SIEdif↓

Sub-seasonal

7 Days
SIFusionMask 0.0633 0.0141 0.975 0.971 1280 0.0941

SIFusion10−Days 0.0643 0.0140 0.977 0.974 1292 0.0978
SIFusion 0.0429 0.0096 0.987 0.985 926 0.0380

8 Weeks Average
SIFusionMask 0.0639 0.0162 0.969 0.963 2214 0.2674

SIFusion10−Days 0.0664 0.0155 0.958 0.950 2335 0.3472
SIFusion 0.0625 0.0140 0.973 0.968 1600 0.1541

Seasonal 6 Months Average
SIFusionMask 0.0719 0.0166 0.871 0.862 2258 0.3075

SIFusion10−Days 0.0663 0.0153 0.887 0.879 2169 0.2950
SIFusion 0.0692 0.0166 0.917 0.910 2156 0.2083

identification of sea ice extent on the weekly scale suffers a larger performance drop. Since we use 7
days on a daily scale, i.e., the 7-day time naturally aligns with one week, the results could indicate
that keeping this alignment between the daily scale and a one-week token is beneficial. As to the
8 weeks’ average at the weekly scale, the time span of 8 weeks is still within a month, so that one
one-month token could represent the information of the weekly scale.

5 Conclusion and Future Work

In this paper, we propose SIFusion, a transformer-based sea ice concentration forecasting framework
that unifies multi-granularity covering from sub-seasonal to seasonal scale to enhance the forecasting
skills. Specifically, we propose to explore the independent spatial tokens representation of SIC and
explicitly modeling intra-granularity information. These spatial tokens are sequentially concatenated
within their own granularity and go through multi-granularity fusion to effectively capture the inter-
granularity correlations. Experiments demonstrate that our SIFusion achieves skillful forecasting
in each granularity and outperforms methods trained on single-granularity SIC and climate data.
Limitation. Despite the effectiveness of only using SIC as the input, the absence of climate variables
could still limit the performance of the proposed approach for modeling Arctic sea ice. The weekly
average granularity at sub-seasonal scale was not fully aligned with existing models, but it provides
critical correlations for bridging the gap between short-term and long-term forecasting, our SIFusion
sets up a new baseline for future explorations. Since our proposed framework is versatile, the climate
information could be easily incorporated in future work. The joint modeling of climate variables
and SIC using SIFusion from a multi-granularity perspective could provide a more comprehensive
understanding of climate change both within and beyond the Arctic region. Besides, leveraging
the hidden knowledge of atmospheric and oceanic dynamics embedded in pre-trained weather and
climate foundation models could enhance the forecasting skill and boost the overall performance.
Lastly, the capability of SIFusion to simultaneously forecast Arctic SIC at multiple granularities
could make it a promising candidate to fulfill the challenging and critical sub-seasonal to seasonal
(S2S) sea ice forecast.
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A Appendix

A.1 Evaluation Metrics

To evaluate SIFusion, we select widely used root mean square error (RMSE) and mean absolute
error (MAE) for comparison of forecasting accuracy. We also leverage R2 score to evaluate the
performance:

R2 = 1− RSS

TSS
. (3)

where RSS represents the sum of squares of residuals and TSS denotes the total sum of squares. The
Integrated Ice-Edge Error score [34] is introduced to evaluate the prediction of SIE:

IIEE = O + U, (4)

O =
∑

(Max(SIEp − SIEt, 0)), (5)

U =
∑

(Max(SIEt − SIEp, 0)), (6)

SIEp, SIEt =

{
1, SIC > 15
0, SIC ≤ 15

(7)

where O and U represent the overestimated and underestimated SIE between the prediction (SIEp)
and the ground truth (SIEt), respectively. The difference between the forecasted and ground truth
sea ice area (in millions of km2) is calculated as follows:

SIEdif =

∑
(|SIEp − SIEt|)× 25× 25

1000000
. (8)

We also adopt the Nash-Sutcliffe Efficiency [35] to further evaluate the predicted quality:

NSE =
1−

∑
((SICt − SICp)

2)∑
((SICt −Mean(SICt))2)

(9)

A.2 The details of sequential feature skip connection

CrossAttention(Q,K, V ) = softmax(
QKT

√
d

) · V,

Q = W g
Q · zgin,K = W g

K ·zgpred, V = W g
V · zgpred (10)

where g denotes each granularity. zgin, z
g
pred ∈ R1×dz represents the sequential features before linear

projection and the prediction, respectively. W g
Q,W

g
K ,W g

V ∈ Rd×dz are the query, key and value
projection matrices.

A.3 Visualization of forecasting results

In this section, we will present more visualization of forecasting results generated by SIFusion.
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Figure 8: Spatial residual comparison. We compare the spatial patterns of forecasting results
produced by SIFusion and single-granularity variants.
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Figure 9: Spatial residual and predicted SIE quality of Mar 2017.
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Figure 10: Spatial residual and predicted SIE quality of Sep 2017.
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Figure 12: Spatial residual and predicted SIE quality of Sep 2018.

19



GT

Pred

Forecast Period

Mar 1~7, 2019

(Daily Granularity)

Forecast Period

Mar 1~28, 2019

(Weekly Granularity)

Forecast Period

Mar 1~30, 2019

(Monthly Granularity)

(a) (b) (c)

Figure 13: Spatial residual and predicted SIE quality of Mar 2019.
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NeurIPS Paper Checklist

The checklist is designed to encourage best practices for responsible machine learning research,
addressing issues of reproducibility, transparency, research ethics, and societal impact. Do not remove
the checklist: The papers not including the checklist will be desk rejected. The checklist should
follow the references and follow the (optional) supplemental material. The checklist does NOT count
towards the page limit.

Please read the checklist guidelines carefully for information on how to answer these questions. For
each question in the checklist:

• You should answer [Yes] , [No] , or [NA] .

• [NA] means either that the question is Not Applicable for that particular paper or the
relevant information is Not Available.

• Please provide a short (1–2 sentence) justification right after your answer (even for NA).

The checklist answers are an integral part of your paper submission. They are visible to the
reviewers, area chairs, senior area chairs, and ethics reviewers. You will be asked to also include it
(after eventual revisions) with the final version of your paper, and its final version will be published
with the paper.

The reviewers of your paper will be asked to use the checklist as one of the factors in their evaluation.
While "[Yes] " is generally preferable to "[No] ", it is perfectly acceptable to answer "[No] " provided a
proper justification is given (e.g., "error bars are not reported because it would be too computationally
expensive" or "we were unable to find the license for the dataset we used"). In general, answering
"[No] " or "[NA] " is not grounds for rejection. While the questions are phrased in a binary way, we
acknowledge that the true answer is often more nuanced, so please just use your best judgment and
write a justification to elaborate. All supporting evidence can appear either in the main paper or the
supplemental material, provided in appendix. If you answer [Yes] to a question, in the justification
please point to the section(s) where related material for the question can be found.

IMPORTANT, please:

• Delete this instruction block, but keep the section heading “NeurIPS paper checklist",

• Keep the checklist subsection headings, questions/answers and guidelines below.
• Do not modify the questions and only use the provided macros for your answers.

1. Claims
Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The abstract and the introduction section of the article provide a detailed
introduction to the contributions of the article.

Guidelines:

• The answer NA means that the abstract and introduction do not include the claims
made in the paper.

• The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

• The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

• It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?

Answer: [Yes]
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Justification: The limitations of the study and suggestions for future work are elaborated in
the Conclusion.
Guidelines:

• The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

• The authors are encouraged to create a separate "Limitations" section in their paper.
• The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

• The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

• The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

• The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

• If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

• While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory Assumptions and Proofs
Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
Answer: [Yes]
Justification: The article introduces each formula in the algorithm process and elaborates on
their derivation procedures.
Guidelines:

• The answer NA means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.
• All assumptions should be clearly stated or referenced in the statement of any theorems.
• The proofs can either appear in the main paper or the supplemental material, but if

they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

• Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental Result Reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?
Answer: [Yes]
Justification: In Section 4 and Section A.1, we present the implementation details of the
experiment.
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Guidelines:
• The answer NA means that the paper does not include experiments.
• If the paper includes experiments, a No answer to this question will not be perceived

well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

• Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe

the architecture clearly and fully.
(c) If the contribution is a new model (e.g., a large language model), then there should

either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
Answer: [Yes]
Justification: The datasets used in the article are all publicly available. Meanwhile, the
article will also make the code publicly accessible.
Guidelines:

• The answer NA means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

• While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

• The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

• The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

• The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.
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• At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

• Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLs to data and code is permitted.

6. Experimental Setting/Details
Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: In Section 4 and Section A.1, we present the implementation details of the
experiment.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of detail

that is necessary to appreciate the results and make sense of them.
• The full details can be provided either with the code, in appendix, or as supplemental

material.

7. Experiment Statistical Significance
Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]

Justification: We provides the necessary parameter settings for training and sampling, as
well as training test segmentation and other related content.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The authors should answer "Yes" if the results are accompanied by error bars, confi-

dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

• The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

• The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

• The assumptions made should be given (e.g., Normally distributed errors).
• It should be clear whether the error bar is the standard deviation or the standard error

of the mean.
• It is OK to report 1-sigma error bars, but one should state it. The authors should

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

• For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

• If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments Compute Resources
Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: The appendix provides an introduction to the computational resources and
time required for the training and sampling processes.
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Guidelines:
• The answer NA means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster,

or cloud provider, including relevant memory and storage.
• The paper should provide the amount of compute required for each of the individual

experimental runs as well as estimate the total compute.
• The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code Of Ethics
Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?
Answer: [Yes]
Justification: The research presented in this paper fully complies with the NeurIPS Code of
Ethics in all aspects.
Guidelines:

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
• If the authors answer No, they should explain the special circumstances that require a

deviation from the Code of Ethics.
• The authors should make sure to preserve anonymity (e.g., if there is a special consid-

eration due to laws or regulations in their jurisdiction).
10. Broader Impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?
Answer: [NA]
Justification: There is no societal impact of the work performed.
Guidelines:

• The answer NA means that there is no societal impact of the work performed.
• If the authors answer NA or No, they should explain why their work has no societal

impact or why the paper does not address societal impact.
• Examples of negative societal impacts include potential malicious or unintended uses

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

• The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

• The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?
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Answer: [NA]

Justification: The paper poses no such risks.

Guidelines:

• The answer NA means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with

necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

• Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

• We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets
Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: In the article, full citation information is provided for every point that needs
referencing and included in the References section.

Guidelines:

• The answer NA means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a

URL.
• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
• For scraped data from a particular source (e.g., website), the copyright and terms of

service of that source should be provided.
• If assets are released, the license, copyright information, and terms of use in the

package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

• For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

• If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

13. New Assets
Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]

Justification: We has organized and submitted the assets.

Guidelines:

• The answer NA means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their

submissions via structured templates. This includes details about training, license,
limitations, etc.

• The paper should discuss whether and how consent was obtained from people whose
asset is used.

• At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and Research with Human Subjects
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Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?
Answer: [NA]
Justification: The paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional Review Board (IRB) Approvals or Equivalent for Research with Human
Subjects
Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?
Answer: [NA]
Justification: The paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

• We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

• For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.
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