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Abstract the inner workings of black-box neural networks. One com-

Explanation supervision is a technique that guides a deep
learning model to have correct attention during training and
thus improve both the interpretability and predictability of
the model. However, the exploration of explanation super-
vision methods for spatiotemporal prediction has been lim-
ited. In this paper, we propose a framework for explanation-
supervised spatiotemporal forecasting which aims to explic-
itly incorporate human-annotated spatiotemporal explanations
as supervision signals, achieved by introducing a unique ob-
jective that integrates human explanations for general spa-
tiotemporal predictive models. Specifically, to extend the ex-
planation supervision technique to spatiotemporal prediction,
our framework addresses several inherent challenges associ-
ated with spatiotemporal data. Firstly, it tackles the difficulty
of identifying and correcting the spatiotemporal reasoning
process. Secondly, it addresses the challenge of handling the
absence of human explanation annotation through interpola-
tion techniques. Lastly, it handles the varying influence of
different time points. To evaluate the effectiveness of our
approach, we conducted extensive experiments on two real-
world spatiotemporal datasets. The results demonstrate the
superiority of our methods in improving the interpretability
of explanations and the performance of the backbone deep
neural network models, surpassing existing state-of-the-art
explanation supervision methods.

Keywords: explanation supervision, spatiotemporal,
interpretability

1 Introduction

Deep learning models have demonstrated exceptional perfor-
mance in various domains, including spatiotemporal predic-
tion. However, the black-box nature of these models raises
concerns about transparency and interpretability, as users of-
ten need to understand the reasoning behind AI’s decisions.
In response to the demand for transparency and trust in ma-
chine learning models, the field of explainable Artificial In-
telligence (XAI) has witnessed significant advancements in
recent years [6, 18]. These advancements aim to uncover
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mon approach involves generating saliency maps like Grad-
CAM [18], which highlight the most influential sub-parts or
features of the input [7, 8, 19]. The highlighted areas in an
image are called attention (or saliency areas), which are the
important areas based on which the model makes the predic-
tion [6]. However, a critical question is what if the model
focuses on the wrong areas for making the decision? The do-
main of explanation supervision is hence debuted to align the
model explanation with the human-annotated explanations in
terms of the saliency areas.

Recently, approaches have emerged to address explana-
tion supervision in images by aligning the model’s saliency
areas with human annotations [7, 8, 19]. HAICS [19] and
GRADIA [8] leverage human annotations as explanation su-
pervision signals to enhance model interpretability and perfor-
mance in image classification tasks. RES [7] further improves
the robustness of the explanation supervision by considering
the noise in the annotations. However, these works only focus
on static image classification. In this paper, beyond individual
image-based prediction, we are interested in prediction based
on a sequence of images, which is an important formulation
for spatiotemporal prediction tasks. Hence the explanations
for each prediction are the saliency areas in the sequence of
images instead of a single image. As exemplified in Figure
1, we want to predict whether or not a significant solar flare
would happen based on the sequence of images in previous
days, while identifying the areas that are indicative of the
flare as early as possible. Astronomers have annotated the
significant regions in this example with red-colored boxes,
which serve as indicators for future solar flares. The color
intensity within these boxes encodes the relative importance
of these areas. Consequently, the model should prioritize its
attention toward these human-annotated explanations to iden-
tify patterns and insights crucial for predicting solar flares.

While we possess annotated attention for spatiotemporal
prediction tasks, the current explanation supervision methods
are tailored for individual static images and cannot effectively
address our explanation supervision needs within a sequence
of images. This limitation arises due to specific technical
challenges as follows: 1) Difficulty in identifying and
correcting the spatiotemporal reasoning process. In Figure
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Figure 1: An example of the spatiotemporal explanation
for solar flare prediction. (Human annotation only has the
bounding box, color is not included.) Model attention should
align with the annotated areas, and the influence weight of
different timestamps should align with the color intensity.

1, we observe that the annotated area in the spatiotemporal
data changes in a complex pattern, and only a small portion
of the input requires focused attention. Indeed, noisy input
can make deep learning models more vulnerable to potential
overfitting issues. When a model is exposed to such noisy data
during training, it may memorize the noise instead of learning
the underlying patterns or features essential for generalization,
leading to incorrect predictions. 2) Difficulty in handling
missing annotations. In the case of a sequence of images
over time, the necessary annotations are multiplied by the
length of the sequence. However, it is important to consider
that human expert annotation is costly. Furthermore, for
specific tasks, the cadence of the input data might change,
resulting in situations where annotations are available only at
certain intervals, such as every 24 hours, while the input data
is based on a 12-hour interval. There may be instances where
the annotation is unavailable, making it difficult to determine
the important area in that particular frame. 3) Difficulty in
handling changing influence at different time points. The
impact of different time points on the current event varies.
However, evaluating the specific influence and assigning
appropriate importance to each timestamp is a complex task,
as it depends on the nature of the specific prediction task.

In this work, we propose the spatiotemporal explanation
supervision (STES) as a generic explanation model designed
for a sequence of images (i.e., rasterized spatial data) to tackle
the above inherent difficulties associated with spatiotemporal
tasks. We summarize our contributions as follows:

1. We propose an innovative explanation supervision
framework for spatiotemporal prediction tasks. Un-
like existing methods, our framework integrates human-
annotated explanations as supervisory signals across all
timestamps, ensuring temporal consistency in the attention
of important areas. It is compatible with various predic-
tive task models such as convolutional neural networks
followed by recurrent neural networks, making it versatile
and applicable in different scenarios.

2. We propose a self-supervised explanation interpolation
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encoder-decoder module. This addresses the challenge
of missing human annotations in the time series data.
Unlike traditional interpolation methods that rely on fixed-
time relationships and neglect long-term dependencies,
our method learns the evolving trends of the entire time
series. It reconstructs annotations when they are available
and interpolates missing ones, enabling our framework to
maintain a consistent guiding mechanism over time.

3. We introduce a time importance weighting mechanism.
The importance weighting mechanism assigns different
weights to each timestamp based on the importance de-
rived from the model’s attention during the explanation
loss calculation. This mechanism leverages a predefined
decay function and adaptively considers the model atten-
tion for a specific sample.

4. We conduct extensive experiments. To demonstrate the
efficacy of our method, We conduct extensive experiments
on real-world datasets for solar flare prediction and
hurricane tasks. The results demonstrate the effectiveness
of our method, as it outperforms state-of-the-art models
in terms of both interpretability and performance. These
experiments provide empirical evidence to support the
efficacy and superiority of our proposed framework.

2 Related Works

2.1 Spatiotemporal Prediction for Raster Data The in-
creasing availability of spatiotemporal data and advancements
in related techniques have sparked a growing interest in spa-
tiotemporal data mining [13,23,26], particularly in the field
of spatiotemporal prediction or forecasting [14,20]. In spa-
tiotemporal prediction, the goal is to develop a model that
can predict a response variable based on explanatory features
across different locations and times. The focus of this paper is
on analyzing time-series raster data, which is characterized by
its grid-like structure. The prediction of spatiotemporal raster
data is crucial in fields like meteorology, where it’s used for
weather forecasting [10], and in environmental sciences for
monitoring changes in land use or vegetation cover [4]. The
methods often involve handling spatial and temporal informa-
tion effectively, ranging from traditional statistical techniques
to machine learning methods. Specifically, Convolutional
Neural Networks (CNNs) are the most widely used method
for spatial information learning [16] and Recurrent Neural
Networks (RNNs) or Long Short-Term Memory (LSTM) net-
works for temporal dynamics. Hybrid models that combine
CNN and sequential models to jointly learn the spatial and
temporal information are also popular like ConvLSTM [20]
for precipitation nowcasting and wind speed forecasting [9].

2.2 Explanation Supervision The increasing use of com-
plex neural networks has highlighted the need for explainable
machine learning approaches to comprehend these opaque
models [1]. Local explanations, which offer insights into
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individual decisions made by the model, have garnered signif-
icant attention. Various feature attribution methods, such as
gradient-based [21], surrogate [17], perturbation-based [15],
and sensitivity analysis methods [3], have been developed to
generate these local explanations. While these methods shed
light on the decision-making process of the model, ongoing
debates about their effectiveness and interpretability continue
to shape the future development of explanation techniques
[12,25]. Beyond their usefulness for human understanding,
learned explanations can also enhance model performance by
incorporating explanatory information during the training pro-
cess. Explanation supervision techniques [5], which utilize
local explanations as supervisory signals, have been exten-
sively studied in image [8, 19,27], text [24], graph [6], and
attribute [22] data domains. One such work is the HAICS [19]
framework, which presents a conceptual framework for ex-
planation supervision. HAICS has been further applied in
image classification tasks, utilizing human annotation in the
form of scribble annotations serving as explanation supervi-
sion signals. GRADIA [8] facilitates human involvement in
identifying instances with unsatisfactory local explanations
and directly adjusting them. By incorporating feedback from
human users, this approach enhances both the performance
and quality of explanations. RES framework [7] is devised
to address the challenges of dealing with noisy annotations.
This framework facilitates explanation supervision on Deep
Neural Networks by incorporating both positive and negative
explanation labels. However, the application of such expla-
nation supervision techniques in the spatiotemporal domain,
specifically with time-series raster data, requires further ex-
ploration. By developing and refining these techniques, we
can bridge the gap between complex model behavior and
human comprehension in spatiotemporal data analysis and
prediction tasks.

3 Problem Formalization

The spatial raster data at a given timestamp ¢ is denoted as
2z e ROXHXW which represents C' observations over
an H x W sized grid space. Let y(* denote the label
indicating whether an event will occur in the future from
t. We assume that for each timestamp of interest ¢, we have
access to a temporal sequence of length 7" including time ¢:
X = (x(t7T+1), x(thJrZ)’ .. ,:Zi(t)) c RTXCxHXW The
general goal of the spatiotemporal prediction problem is to
predict the corresponding label y(*) by learning a mapping
function f which leverages the information encoded in X:

3.1) [x<t—T+1>,x<t—T+2>7...,xu) N0

M@ = (mt=T+1) qp=T+2) . (0 denotes
the model explanation for the ¢th sample, which is a series of
saliency maps generated by a post-hoc model explainer like
Grad-CAM [18]. Each saliency map has the same size as the
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input raster m(*) € R¥*W_ The ground truth explanation
B0 = (eht=T+1) (:t=T+2) .. c(i1) is annotated by a
human expert, where each annotation is a binary-valued mask
e() € {0, 1}7*W showing the areas of interest for the task.
A trustworthy model’s attention area should align with the
human annotation.

Effectively extracting information from historical data is
a complex task that involves overcoming several unique chal-
lenges. These challenges include: 1) Difficulty in identifying
and correcting spatiotemporal reasoning process. Predict-
ing complex spatiotemporal events, like solar flare breakouts,
involves the joint identification of important times and loca-
tions. To achieve accurate predictions, the model must rapidly
adjust its attention M () over time and consistently focus on
crucial areas E . Otherwise, the model may learn from irrel-
evant areas, incorporating noisy information, and increasing
the risk of overfitting. Consequently, this could lead to incor-
rect predictions due to erroneous learning. 2) Difficulty in
handling missing annotations. e(*) can have all-zero val-
ues in a missing case. The absence of annotations can hinder
the understanding and interpretation of historical data, mak-
ing it difficult to draw accurate conclusions or make reliable
predictions. 3) Difficulty in handling changing influence
at different time points. The impact of various timestamps
changes throughout the entire spatiotemporal process. (%)
only gives the interest area and requires a further weighting
mechanism to acquire its weight at the given time. Tackling
this obstacle necessitates the development of methodologies
capable of effectively identifying and filtering out irrelevant
long-term influences.

4 Methodology

To overcome the challenges discussed earlier, we introduce
a framework called Spatiotemporal Explanation Supervision
(STES), depicted in Figure 2. In the subsequent sections,
we outline the critical components of our framework. In
Section 4.1, we present a general spatiotemporal explanation-
supervised method that incorporates expert knowledge in a
time-consistent way. This model serves as the foundation for
our framework and enables the utilization of human-annotated
explanations to guide the prediction process. In Section 4.2
and Section 4.3, we provide a detailed description of the
different components comprising our complete framework.
These sections outline the specific techniques and method-
ologies used to enhance our model’s prediction accuracy and
interpretability. By combining these components within the
STES framework, we aim to address the limitations of ex-
isting approaches and achieve improved performance in spa-
tiotemporal prediction tasks.

4.1 Framework As illustrated in Figure 2, the STES
framework is composed of three modules. The upper part of
Figure 2 depicts the first module, which consists of a deep
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Figure 2: Illustration of the proposed STES framework. The upper part depicts a general spatiotemporal predictive model and
the model attention saliency maps generated by a post-hoc model explainer. The model attention is compared with the human
annotation. The color intensity of the arrows in the middle encodes the importance weights of different time points. The
bottom part shows an interpolation encoder-decoder module for missing annotation interpolation.

neural network model f for spatiotemporal prediction and
a post-hoc model explainer (e.g., Grad-CAM [18]). The
explainer outputs a saliency map that indicates the important
input areas at each timestamp. The middle part shows the
time-aware explanation comparison module, responsible for
calculating the explanation loss, as indicated by the colored
arrows. Lastly, the bottom part represents the annotation
interpolation encoder-decoder module, which interpolates
missing annotations. The structure of f is flexible where
we can use an encoder such as convolutional layers to
learn spatial patterns which are then sequentially learned
by recurrent networks such as a gated recurrent unit [2].

Since the input raster contains a lot of irrelevant areas
that can impede the model from extracting meaningful repre-
sentations, STES leverages time-consistent explanation super-
vision to mitigate their influence. By incorporating human-
annotated explanation areas at each timestamp as supervision,
our framework enables the model to learn valuable informa-
tion consistently from the input time-series raster, thereby
enhancing both its predictability and explainability. For each
timestamp, a post-hoc explainer is employed to extract and vi-
sualize the attention of the model, which serves as the model
explanation. Subsequently, the model explanation is normal-
ized and compared to the human expert annotation, and an
explanation loss is computed based on the comparison out-
come to provide additional supervision.

On the other hand, the scarcity of image-annotation pairs
poses a challenge to ensuring time-consistent explanation
supervision. To overcome this limitation, our proposed ap-
proach introduces a spatiotemporal interpolation encoder-
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decoder module, which addresses the issue of missing anno-
tations by providing interpolation. During training, the model
utilizes an encoder to extract the spatiotemporal embeddings
of the annotations. Subsequently, the embeddings are decon-
volutionized to reconstruct annotations. By comparing these
generated annotations with the input annotations, the model
can be self-supervised to ensure its effectiveness. Based on
the aforementioned statements, our framework encompasses
three distinct losses: the prediction loss of the general spa-
tiotemporal model, the explanation loss of the model, and
the training loss of the interpolation encoder-decoder module.
The overall objective function of the STES framework can be
formulated as follows:

4.2)

N
min ) Log (F(XD), 50 +01 Ly (MO, EV)
' prediction loss

+ 02LRec (E(z)) E(i)v 6S(E(1)))

explanation loss

reconstruction loss

The first term is the common prediction loss, where f(X ()
is the model prediction for the i-th input sequence X (),
y() is the label for the timestamp of interest, the loss
is typically computed using a common loss function like
cross-entropy. The second term is the explanation loss,
often measured using metrics like L; loss, which quanti-
fies the difference between the model explanation M () and
the ground truth explanation E(Y). The last term is the re-
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construction loss, typically calculated using L; loss, for
training the interpolation encoder-decoder module. Here,
E® = (elit=T+1) p(t=T+2) ... 5(i1)) denotes the re-
constructed human annotation from the decoder. The in-
terpolation generation and training process are discussed in
Section 4.2 and 4.3. §,(E") is a filtering vector that selects
the timestamps containing nonzero human annotations. The
01,09 are two hyperparameters that control the loss balance.
We also analyze the time complexity of our framework and
the conclusion is that the added complexity compared to a
simple predictive model f only arises from a second-order
backpropagation, please see the appendix for details.

4.2 Self-supervised Explanation Interpolation While ex-
isting methods of explanation supervision lack the ability to
utilize historical annotation, our framework addresses this
limitation by ensuring that the model consistently focuses
on the correct areas, allowing past explanations to contribute
to the current predictions. However, since expert-annotated
explanations are often missing for certain timestamps, we
face the challenge of incomplete annotations throughout the
time series, which hampers the model’s ability to receive con-
sistent guidance. To overcome this challenge and guide the
model to continuously prioritize important areas in the input,
we introduce an interpolation encoder-decoder module. In
real-world scenarios, annotations can be missing at any time,
and the number of missed annotations can vary. Traditional
interpolation methods, which rely on fixed-time relationships
and overlook long-term relationships, are inadequate for this
task. In our approach, we propose an interpolation encoder-
decoder module that learns the evolving trend of the entire
time series raster data and interpolates missing annotations
for any given timestamp. Specifically, for the timestamp of
interest, denoted as ¢, if any of the annotations for the input
rasters before ¢ are missing, we replace them with 0, result-
ing in the time-series input annotation data denoted as E().
We then feed E(*) into a convolutional model followed by a
recurrent model to get the spatiotemporal representation, and
use a deconvolution model to project the embedding back to
the 2D raster space:

43) EW = gpe(EDY) = gpec 0 gran © gonn (ED),

where B = (elt=T+1) g(it=T+2) .. (1)) is the
learned latent representation of the annotation at each times-
tamp considering both the spatial and temporal information,
E@ is the learned annotation projected from the latent em-
bedding, o denotes function composition, gpe. denotes the
deconvolution model that projects the learned latent embed-
ding to the 2D raster space, grnn represents the recurrent
module in the interpolater, gonn is a convolutional function
that extracts the spatial information from 2D input raster. For
timestamps where the annotation is not missing, the recon-
struction output is used as supervision to train the interpola-
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tion encoder-decoder module. In cases where the annotation
is missing, the model performs interpolation, and the resulting
output is utilized to supervise the model’s explanation.

T
@4)  Lrec= [0 =] 1(e™D #0)
t=1

By incorporating the interpolation encoder-decoder module
and leveraging the reconstruction loss and interpolated out-
puts, our framework effectively addresses the challenge of
missing annotations, allowing the model to receive consis-
tent guidance and improving the overall performance of the
explanation-supervised framework.

4.3 Adaptive Time-aware Explanation Supervision Con-
sidering the potentially long duration of time series data, as-
signing equal importance to all past timestamps is inappropri-
ate when calculating the explanation supervision loss. As the
temporal influence decreases as the time distance increases,
we need a time decay function to assign higher weights to time
points that are closer to the present. Depending on the nature
of the event, there are many different types of decay func-
tions including linear, quadratic, and exponential. However,
they all rely on a hyperparameter named decay coefficient
to control the decay rate, which needs specific tuning and is
hard to generalize to unseen data. Furthermore, spatiotem-
poral events like solar flares can manifest either suddenly or
gradually, necessitating our consideration of varying decay
rates in different instances. The attention maps generated by
the explainer contain important information that can be uti-
lized to learn a proper decay rate. Specifically, if the model’s
attention consistently exhibits significant saliency areas at
each timestamp, it likely indicates that the event requires
a lengthy period to develop, and we should employ a low
decay rate. To discern the underlying pattern, we first ex-
tract the maximum from the saliency map at each timestamp
using maximum pooling, then we feed them into an MLP
model hq to produce the decay coefficient parameter for the
sample. Here we introduce the adaptive time decay func-
tion to account for the different influences of different times-
tamps: 001 = @(hq(mGt=T+D ... m0N) 1), where ¢
is a general decay function whose output decreases with time
t, m(») = MAX(m(+)) is the maximum of the saliency
map. This enables the model to adaptively assign different
weights to each timestamp based on its temporal proximity
to the interest timestamp. Moreover, since the human an-
notations are rough bounding boxes, even an ideal model
would not have 100% overlapped attention with the annota-
tion, so we do not require a strict alignment between them.
To achieve this, we introduce a threshold « to selectively
penalize timestamps with a loss that exceeds this threshold.
The explanation loss calculation is formulated as a summation
over all timestamps, where we take the maximum between the
product of the time decay function and the explanation loss
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for each timestamp minus «, and zero: Ly, (M, E®)) =
S max {060 - L (mGD e(D)) —a,0}. This en-
ables the model to capture the varying degrees of influence
from different timestamps, leading to improved performance.

5 Experiment

We first introduce the experimental settings and the metric
results. After that, we perform qualitative analysis, ablation
studies, efficiency analysis, and the sensitivity of hyperparam-
eters to help further explore the characteristics of the proposed
framework. We randomly split each dataset into train/val/test
with a radio of 6/2/2. Further details of our implementations
can be found at https://github.com/dyu62/solar_share. All
the experiments are conducted on a 64-bit machine with an
NVIDIA A5000 GPU.

5.1 Experiment Setting

5.1.1 Dataset 1) SolarFlare: Line of sight magnetic field
shown in the format of images. A sample is labeled as *1” if
an M- or X- class flare occurs within 24 hours else labeled
as ’0’. The dataset is unbalanced with a positive rate of
17.8%. The period for the dataset is from 01/01/2012 to
05/31/2012. 2) Hurricane: Tropical Cyclone for Image-to-
intensity Classification dataset contains tropical cyclone data
from satellites to support the estimation of tropical cyclone
rapid intensification. Only 3% of the samples are positive
that show rapid intensification. In this study, frames from
all tropical cyclones in Eastern North Pacific in 2004 are
collected every 3 hours. Each frame contains 201%201 data
points around the center of a tropical cyclone, and each
frame is associated with a binary label indicating whether
the tropical cyclone undergoes rapid intensification.

5.1.2 Comparison Methods We conduct a comprehensive
performance comparison of the STES framework against
three existing explanation supervision methods alongside
the vanilla backbone model as the baseline. Specifically,
the following methods were examined: (1) Baseline: As
the backbone of other explanation-supervision models, this
is a simple spatiotemporal predictive model composed of
a ResNetl18 [11] and a single layer GRU [2] that is solely
trained with the prediction loss. (2) GRADIA [8]: This frame-
work trains the backbone model using both the prediction loss
and a traditional L, loss, directly minimizing the distance
between the model explanation and the explanation labels
at the target time point. (3) HAICS [19]: In this approach,
the backbone model is trained using both the prediction loss
and a conventional Binary Cross-Entropy (BCE) loss, directly
minimizing the distance between the model explanation and
explanation labels at the target time point. (4) RES [7]: A
framework designed to handle the inaccurate boundary, in-
complete region, and inconsistent distribution when applying
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noisy annotations. We used publicly available implementa-
tions of the comparison methods introduced in [7, 8].

5.2 Effectiveness Analysis

5.2.1 Evaluation Metrics We evaluate the framework on
both its interpretability and performance using the following
metrics: 1) Intersection over Union (IoU) score: a measure-
ment of the overlap between model attention and annotated
explanation mask, to determine the quality of explanation.
2) Accuracy (Acc). 3) Area Under the Curve (AUC), under
the Receiver Operating Characteristic (ROC) curve, which
represents the trade-off between the True Positive Rate (TPR)
and False Positive Rate (FPR). 4) Precision. 5) Recall. 6) F1
score. 7) True Skill Statistic (TSS): the difference between
the TPR and FPR. It is a normalized measure of accuracy that
is insensitive to class-imbalanced datasets.

5.2.2 Performance The metric results are summarized and
presented in Table 1. The best result for each dataset is
highlighted in bold, and the standard deviation over three
runs is reported following the + mark. The superiority of
the proposed method becomes apparent in the results, as it
consistently achieves the highest scores for AUC, F1, and
TSS on all datasets. Notably, for the solar flare prediction
task, STES improves the F1 score by 30% compared to the
best comparison method. Additionally, STES attains the best
IoU and Acc scores on the SolarFlare dataset. Although the
comparison methods occasionally outperform STES in cer-
tain metrics (e.g., GRADIA and HAICS delivering the best
Precision scores on the SolarFlare and Hurricane datasets
respectively), their overall prediction performance is not com-
parable to that of STES. These findings indicate that STES
effectively guides the model to enhance both interpretability
and performance, resulting in superior outcomes.

5.3 Qualitative Analysis of the Explanation To better
demonstrate the model explanation improvements, here we
provide a case study of the model-generated explanation
for the solar flare dataset. We present the model-generated
explanations as heatmaps overlaid on the original input
samples, where warmer color is applied to more important
areas. The explanation of the model trained using STES
(shown in Figure 3) demonstrates superior accuracy in
consistently highlighting the crucial areas over time for
identifying solar flare breakouts. In contrast, both the baseline
model and the three comparison methods failed to produce
accurate explanations that remained consistent across time.
For instance, the explanations generated by the baseline,
HAICS, and RES methods assigned importance primarily
to the last time point, disregarding the preceding timestamps.
On the other hand, while GRADIA attends to past timestamps,
it fails to accurately focus on the correct area compared
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Table 1: The performance of the proposed model and the comparison methods.

SolarFlare
Method IoU Acc AUC Precision Recall F1 TSS
Baseline 0.0734+0.007 0.862+0.016 0.8824+0.016 0.619+0.013  0.635+0.073  0.628+0.053  0.5354+0.073

GRADIA 0.5114+0.117 0.871£0.025 0.843+0.016

0.992+0.090 0.28640.055 0.4441+0.064 0.286+0.056

HAICS 0.0234+0.046  0.8194+0.006 0.396+0.035 0.181£0.244 1.000+0.000 0.307£0.106  0.100£0.050

RES 0.3964+0.081 0.810+£0.019 0.8104+0.021 0.484+0.150 0.761+0.083 0.577+0.066  0.5461+0.008

STES 0.717+0.061 0.931+0.001 0.968+0.010 0.783+0.072 0.857+0.052 0.818+0.161 0.805+0.052
Hurricane

Method TIoU Acc AUC Precision Recall F1 TSS

Baseline 0.06940.024  0.965+0.021 0.945+0.028 0.95240.083 0.4761+0.360 0.569+0.305 0.459+0.356

GRADIA  0.500+0.139  0.961+0.015 0.927+£0.011
HAICS 0.041£0.029  0.972+£0.006  0.9314+0.010
RES 0.586+£0.115  0.974+0.017  0.94640.082
STES 0.535£0.111  0.972+£0.009  0.951+0.003

0.833£0.289  0.4294+0.297 0.571+0.101 0.411+0.278
1.000+0.000 0.476+0.165 0.603+0.163  0.476£0.165
0.809£0.330  0.3334+0.165 0.426+0.175 0.326+0.159
0.869+£0.227  0.556+0.220  0.631+0.055 0.517+0.156

to our method. Based on the visualizations from the case
study, we argue that models trained with the STES framework
possess greater robustness and improved generalizability to
downstream predictive tasks by effectively learning to assign
importance to the critical areas presented in the data samples
in a time-consistent manner.

5.4 Ablation Study To investigate the benefits gained
from providing consistent guidance through interpolating
missing annotations and considering the time decay effect by
assigning different weights to timestamps, we conducted two
ablation experiments. In the first experiment, we remove
the interpolation module gpec © grNN © gonn from our
model, resulting in a version named STES-I. In the second
experiment, we remove #() and treat each timestamp equally

for guiding the model, leading to a version called STES-T.

We evaluate the performance of these two ablation models on
the SolarFlare dataset, and the results are reported in Table
2. Although the two ablation models achieve better scores
on certain metrics, both the F1 score and TSS scores show a
decrease compared to the original model. The STES-I method
achieves the highest AUC and recall score, but these metrics
alone cannot fully reflect the overall model performance. In
terms of the more comprehensive F1 and TSS scores, STES
outperforms STES-I. On the other hand, STES-T achieves the
highest IoU score as it disregards the time decay effect and
treats all timestamps equally. Consequently, it performs best
only on the IoU score but fails to deliver satisfactory results
on all other metrics.

5.5 Efficiency Analysis Here we evaluate the average
training runtime per epoch for all methods. As indicated in
Table 3, the forward process demonstrates significantly faster
performance compared to backpropagation. Among the static
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explanation supervision methods, their runtimes are almost
identical, while our method slightly lags behind them. This
discrepancy arises from the need to calculate the attention
map for all timestamps in our approach. However, the overall
increase in the runtime of our method is not substantial and is
almost the same as the backward time of the baseline model.
The total runtime exceeds the combined time for the forward
and backward processes due to the utilization of batch training
and the constant time required for data loading, which applies
to all methods.

5.6 Sensitivity Analysis We conduct sensitivity analysis on
three hyperparameters: the explanation loss coefficient oy, the
reconstruction loss coefficient o5, and the penalty threshold
a. We report the changes in both explanation performance
(IoU) and task performance (F1, TSS) as shown in Figure 4.
The baseline performance is denoted as the yellow dashed
line. As can be seen in Figure 4a, the optimal value for
oy is around 0.1 and 1. The general "n" shape is potentially
reasonable as the model needs to balance between explanation
and performance. The sensitivity of o5 is shown in Figure
4b. This curve is flat, showing that this parameter is not that
sensitive. When o is large, the model puts more effort into
training the interpolation encoder-decoder module, which
can provide a more consistent guide when the annotation is
missing, leading to a better explanation. What’s more, we
notice the performance is always above the baseline, which
proves our model is robust in terms of this hyperparameter.
The sensitivity of « is shown in Figure 4c. This figure has
the sharpest shape, showing that this parameter is the most
sensitive one. When « is large, the model doesn’t penalize
the explanation loss, which cannot provide any guide. When
« is small, the model is too strict and may penalize correct
explanations due to the coarse annotation.
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Figure 3: Model explanation visualization for the SolarFlare dataset. The original column is the input raster sequence (time
length is 4 in this case) and the Mask column is the human-annotated ground truth explanation.
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Table 2: The performance of the ablation variants of STES.
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Figure 4: Sensitivity analysis for hyperparameters

Variants  IoU Acc AUC Precision Recall F1 TSS
STES-I  0.758+0.054 0.897£0.043 0.9794+0.004 0.655+0.161 0.905+0.028 0.7604+0.077  0.799+0.042
STES-T  0.772+0.085 0.914+0.026 0.9604+0.002 0.739+0.155 0.810£0.051 0.7734+0.084 0.746+0.005
STES 0.717+£0.061  0.931+0.001 0.968+0.010 0.783+0.072 0.857+0.052 0.818+0.161 0.805+0.052
Table 3: Running time for Training and Testing
Forward (s) Backward (s) Total (s)
1 1 1
————— wn .
X //\\ 7 /‘*\ Baseline 0.9 6.0 12.5
DY E— oL ol N GRADIA 1.5 6.3 13.3
00101 1 10 00101 1 10 00101 1 10 HAICS 1.4 6.3 13.1
(a) Attention coefficient RES 1.7 6.2 13.6
1 1 1 STES 1.9 11.0 18.6
— .| 0 —_——
— "
w =
o) ol—w 1 ol
0.010.1 1 10 0.010.1 1 10 0.010.1 1 10

6 Conclusion

We propose STES, a novel explanation-supervision frame-
work for spatiotemporal prediction with an interpolation
encoder-decoder module and the time importance weight-
ing mechanism. It provides consistent guidance and improves
the deep model’s explainability and performance at the same
time. Experiments on two real-world spatiotemporal image
datasets, SolarFlare and Hurricane, show that while existing
explanation supervision models encounter limitations during
the spatiotemporal reasoning process, our framework can
achieve superior explainability and predictability.
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