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Abstract

Water temperature can vary substantially even across short
distances within the same sub-watershed. Accurate predic-
tion of stream water temperature at fine spatial resolutions
(i.e., fine scales, < 1 km) enables precise interventions to
maintain water quality and protect aquatic habitats. Although
spatiotemporal models have made substantial progress in spa-
tially coarse time series modeling, challenges persist in pre-
dicting at fine spatial scales due to the lack of data at that
scale. To address the problem of insufficient fine-scale data,
we propose a Multi-Scale Graph Learning (MSGL) method.
This method employs a multi-task learning framework where
coarse-scale graph learning, bolstered by larger datasets, si-
multaneously enhances fine-scale graph learning. Although
existing multi-scale or multi-resolution methods integrate
data from different spatial scales, they often overlook the spa-
tial correspondences across graph structures at various scales.
To address this, our MSGL introduces an additional learn-
ing task, cross-scale interpolation learning, which leverages
the hydrological connectedness of stream locations across
coarse- and fine-scale graphs to establish cross-scale con-
nections, thereby enhancing overall model performance. Fur-
thermore, we have broken free from the mindset that multi-
scale learning is limited to synchronous training by propos-
ing an Asynchronous Multi-Scale Graph Learning method
(ASYNC-MSGL). Extensive experiments demonstrate the
state-of-the-art performance of our method for anti-sparse
downscaling of daily stream temperatures in the Delaware
River Basin, USA, highlighting its potential utility for water
resources monitoring and management.

Introduction

Predicting water temperature at fine spatial scale (e.g., for
discrete stream reaches of 1 km or shorter) can enhance un-
derstanding of and planning for the effects of weather and
climate changes on fish habitats, as stream water tempera-
tures can vary greatly along stream reaches due to differ-
ences in shade, groundwater inflows, and the presence of
deep and shallow sections. Stream temperature downscal-
ing aims to predict water temperatures at a fine spatial scale,
using insights partly derived from spatially coarse data (e.g.,
stream reaches of roughly 10 km long) at the same temporal
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resolution. In this paper, we use both “scale” and “resolu-
tion” to describe the density of reach segments modeled per
unit area. Our evaluation focuses on daily predictions for
the Delaware River Basin, which supplies drinking water to
over 15 million people (Williamson et al. 2015) and requires
maintaining cool water temperatures to preserve the habitat
of aquatic life (Brett 1971; Ravindranath et al. 2016).

Spatiotemporal graphs have shown utility in modeling
stream networks (Moshe et al. 2020; Jia et al. 2021b; Sun
et al. 2021; Chen, Zwart, and Jia 2022; Topp et al. 2023;
Jia et al. 2023; He et al. 2024; Jia et al. 2021a; Chen et al.
2023) as they concisely capture the interactions amongst
different stream segments. However, existing graph-based
stream models are focused on simulating water tempera-
ture at a coarse resolution due to data limitations at finer
resolutions. Specifically, collecting water temperature ob-
servations requires costly field visits for sensor installation
and maintenance, thus limiting the spatial resolution of ob-
servations. As a result, existing water temperature datasets
in most places can only support coarse-resolution models.
These models fail to reflect the local variations in water tem-
perature at a fine resolution (Terry et al. 2022) and thus re-
main limited in informing local management decisions.

To work around sparsity in fine-scale observations, var-
ious techniques leverage coarse-resolution data to inform
fine-scale predictions. Multi-resolution learning models,
particularly those employing Gaussian processes, effectively
integrate data across different scales (Yousefi, Smith, and
Alvarez 2019; Hamelijnck et al. 2019). Bayesian decondi-
tioning refines low-resolution spatial fields by incorporating
high-resolution information (Chau, Bouabid, and Sejdinovic
2021). Techniques like Generative Adversarial Networks
(GANs) and quantile perturbation have been employed
for meteorological downscaling (Chaudhuri and Robertson
2020; Tabari et al. 2021). Further, efficient algorithms have
been developed to enhance learning accuracy from impre-
cise, coarse-labeled data (Fotakis 2021), and multiple in-
stance learning has been extended to fine-scale predictions
from aggregate observations (Zhang et al. 2020). The com-
bination of consistent supervision and residual feature aug-
mentation has shown promise in advancing super-resolution
prediction tasks (Qin, Huang, and Wen 2020). Additionally,
multi-resolution data fusion techniques also improve high-
resolution land cover mapping (Robinson et al. 2019).



Although existing methods, such as multi-resolution
learning, provide valuable frameworks for downscaling and
fine-scale prediction, they are primarily designed for grid-
ded data, such as images, and are less suitable for irregularly
structured data, such as graphs. Hence, these approaches are
not well-adapted to stream temperature prediction models
that rely on spatiotemporal graph networks. In contrast, our
approach, termed Multi-Scale Graph Learning (MSGL), em-
phasizes the topological logic inherent in graph networks.

In graph networks, graphs at different scales represent the
same physical entities (e.g., stream reaches). We can thus
use a cross-scale distance matrix to describe the physical dis-
tances and positional relationships between pairs of stream
reaches at coarse and fine scales. The proposed MSGL
method aims to adaptively learn the dynamic behaviors of
nodes and their interactions across different scales.

In detail, MSGL processes data simultaneously at differ-
ent scales by considering three scale learning tasks. Coarse-
scale graph learning (CSL) aims to extract patterns of wa-
ter dynamics at the coarse scale using features X, and la-
bels Y. derived from the coarse-scale dataset D oarse. Cross-
scale interpolation learning (CrSL) is designed to cap-
ture the relationships between stream segments at differ-
ent scales. It takes coarse-scale input features X, from the
dataset D.oqrse and utilizes an interpolation module to gen-
erate fine-scale predictions Yf. Fine-scale graph learn-
ing (FSL) focuses on predicting the target variable at the
fine scale. This task integrates multi-scale information by
combining fine-scale features Xy and latent representations
derived from the cross-scale interpolation. The three tasks
share a subset of parameters to transform the same set of
input features into latent representations, which helps cap-
ture water dynamics processes influenced by these features.
Inspired by existing optimization algorithms (Sener and
Koltun 2018; Mahapatra and Rajan 2020), MSGL uses a
Multi-Scale Optimization (MSO) algorithm to balance the
contributions of three learning tasks in the training process.

Most multi-resolution methods adopt synchronous strate-
gies, such as combining loss functions (Robinson et al.
2019). A few asynchronous methods initiate with pre-
training on low-resolution datasets and end in fine-tuning
across multiple resolutions (Ji, Zhong, and Ma 2021). Our
work differs in fully capitalizing on directional heat trans-
port and spatially correlated heat sources within water-
sheds (Ward 1985), which ensure that coarse-scale temper-
atures are predictive of the mean temperature across fine-
scale stream reaches in the same area. Thus, predictions
from a coarse-scale model can be remapped to the fine scale
to provide simulation labels for pre-training in MSGL, to
be followed by fine-tuningon observed but sparse fine-scale
data. We refer to this approach as Asynchronous Multi-Scale
Graph Learning (ASYNC-MSGL).

We conduct extensive evaluations on real-world water-
sheds by comparing MSGL and ASYNC-MSGL with other
spatiotemporal graph baselines that either focus on fine-
scale data or multiple scales. Ablation studies further reveal
the contribution of different scale-specific tasks to downscal-
ing. The results highlight the method’s superior predictive
accuracy and robustness, particularly where data are sparse.
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Problem Definition and Background
Graph learning for predicting water temperature

Stream networks consist of multiple interconnected stream
segments through which water flows from upstream to
downstream. Graphs have been widely used to represent
complex interactions among multiple segments in stream
networks (Moshe et al. 2020; Jia et al. 2021b; Sun et al.
2021; Chen, Zwart, and Jia 2022; Chen et al. 2021; Topp
et al. 2023). A stream network can be represented by a graph
{V, €, A}, where the node set V contains the set of river seg-
ments, the edge set £ contains the edges between upstream
and downstream river segments, and the adjacency matrix
A measures the connection strength between each pair of
nodes. The graph-based methods have shown good perfor-
mance in predicting water temperature (Jia et al. 2021b;
Topp et al. 2023), streamflow (Moshe et al. 2020; Sun et al.
2021), and other water properties (Li et al. 2024).

These methods remain limited in addressing sparse and
imbalanced observations over different segments due to
the substantial cost needed for measuring water properties
(Harmel et al. 2023). Moreover, the stream networks can be
created at different spatial scales based on varying standards
for splitting segments. When modeling fine-scale networks,
the model needs to capture both local and long-distance de-
pendencies over the graph, which remains challenging for
most graph neural network models (Di Giovanni et al. 2023).

Definition of anti-sparse downscaling

The objective is to predict the target variable (daily water
temperature) Y ; in different stream segments at fine spa-
tial resolution. Our method is anti-sparse as it maintains rea-
sonable downscaling performance even when the local la-
beled data are extremely sparse. We have input drivers for
N fine-resolution river segments over 7' dates. We also have
an adjacency matrix A y containing the adjacency (inverse of
stream distance) between each pair of upstream-downstream
segments. In addition to the fine-resolution data, we have
input drivers X,, the observed target variable Y., and the
adjacency matrix A, over M (M < N) coarse-resolution
stream segments that cover the same watershed in less de-
tail. We also use a cross-scale matrix D € RV *M  Each en-
try D,; represents the inverse stream distance between each
pair of fine and coarse segments.

The input drivers Xy and X, contain the same set of
variables at the same temporal resolution (more details in
dataset description below), but differ in spatial resolutions.
For example, coarse-resolution data in X are estimated as
averages over larger polygons than the fine-resolution data
in X ;. Both coarse and fine observations (Y. and Y s) are
available only for certain segments on certain dates. Because
observations are made at points and then aggregated to seg-
ments, we typically have a larger number of observations per
segment and a greater observation density at the coarse reso-
Iution (Appendix B.1). The proposed work aims to leverage
the spatiotemporal patterns learned from coarse-resolution
data to aid in the prediction of Y at fine resolution.



Recurrent graph network (RGrN)

As the base model for our work, we use RGrN, which cou-
ples temporal recurrence with spatial graph convolution.
Previous studies have shown utility of this model in pre-
dicting stream water temperature and streamflow (Jia et al.
2021b; Topp et al. 2023; Barclay et al. 2023). RGrN extends
the standard LSTM structure by incorporating neighborhood
information in state evolution. Specifically, it computes
states as s = fg' © (s'~ 1+ A - g(s' 1)) +ig’ © §¢, where
st contains the states of all stream segments at time ¢, A is
an adjacency matrix used to convolve states among nearby
stream segments, g(-) is a transformation implemented by
fully connected layers, ® is the entry-wise product, and fg,
ig, and s' are the forget gate, input gate, and candidate cell
state, respectively, as in the standard LSTM (Hochreiter and
Schmidhuber 1997). The state s’ generates the hidden rep-
resentation h? and predicts the target variable.

Multi-objective learning and optimization

Multi-scale learning methods have been proposed to extract
and fuse features at different scales (Jiang et al. 2020; Liu
et al. 2021; Zhao, Liu, and Wang 2021). These methods
have found success in many computer vision tasks, such
as fine-grained visual categorization and image classifica-
tion (He, Li, and Chen 2017; Zhang et al. 2021; Chen, Fan,
and Panda 2021; Gu et al. 2022). One major issue in multi-
scale learning is balancing and optimizing the learning pro-
cess across scales. Building upon the proposed multi-scale
learning framework, this work also introduces a multi-scale
optimization algorithm (to be discussed later) to adjust the
influence of the gradient for learning tasks at different scales.
The proposed optimization algorithm extends the principles
of the Pareto multi-objective optimization algorithm (Deb
and Gupta 2005; Désidéri 2012; Sener and Koltun 2018;
Mahapatra and Rajan 2020; Suzuki et al. 2020) and the ro-
bust multi-objective optimization algorithm (Roberts et al.
2018; Zhou et al. 2018; Daulton et al. 2022).

Multi-Scale Graph Learning

As shown in Figure 1, the proposed framework contains
two major modules, the shared spatiotemporal graph embed-
ding module, abbreviated as Graph-Embed, and the scale-
specific module. The shared graph embedding module con-
verts input drivers at fine or coarse scale into latent repre-
sentations:

H = Graph-Embed(X, A; O), )
where H represents the graph-embedded feature representa-
tion, encompassing comprehensive spatial and temporal in-
formation. The input X and A can be from either the coarse
or the fine spatial resolution (i.e., {X., A} or {Xs, A}),
and the parameters © are shared across different spatial res-
olutions. The embedding function Graph-Embed is imple-
mented using the RGrN model (Jia et al. 2021b).

The representation H is then passed into the scale-specific
prediction module, which conducts three predictive learning
tasks to create predictions at different spatial scales. These
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tasks are designed to complement each other while being op-
timized simultaneously. Next, we describe the three learning
tasks in the scale-specific module.

Synchronous multi-scale graph learning

Coarse-scale graph learning. The CSL task is designed
to capture broad spatial patterns in water temperature dy-
namics from Doarse, With the expectation that fine-scale tem-
peratures fluctuate around those coarse-scale patterns.

Given the input drivers X, and adjacency matrix A, at
the coarse scale, we embed the hidden representations H,
through H. = Graph-Embed(X,., A.;©). The final out-
put is generated through fully connected layers as Y. =
Dense(H,; ®..), where Y. represents the predicted coarse-
scale temperatures, and ®. = {W,, b.} represents the pa-
rameters for the fully connected layers that are specific to
the CSL. In comparison to graphs relying solely on the fine-
scale data Dgp,, the incorporation of CSL can help stabilize
fine-scale predictions around coarse-scale trends, resulting
in more robust performance.

Cross-scale interpolation learning. The CrSL task inter-
polates the coarse-scale graph embeddings H, to generate
fine-scale latent representations H that preserve the graph’s
structure and reflect the fine-scale distribution as

H. =D -H,, 2

where D € RV*M s the cross-scale matrix. Each entry D;;
represents the adjacency (inverse of distance) between each
pair of fine-scale node ¢ and coarse-scale node j.

Next, the interpolated representation H.,. is processed
through an attention mechanism (Vaswani et al. 2017), and
then gets concatenated with the original representation H.,.,
and normalized to produce the final feature representation
H.., as H., = BatchNorm ([H,,, Multihead-Attn(H,,)]).
The final output is generated through fully connected lay-

ers, as Yo, = Dense(I:ICT; ®.,.), where @, represents the
parameters for the fully connected layers that are specific
to the cross-scale interpolation task. The task output Y., is
produced at the fine scale.

Equation 2 integrates the cross-scale distance matrix D
into the interpolation task within the implicit representation
space, encoding cross-scale information by capturing rela-
tive node positions at different scales. This, along with an
attention mechanism, enhances the model’s understanding
of intrinsic relationships between these cross-scale nodes,
thereby improving overall performance.

Fine-scale graph learning. The FSL aims to directly
predict high-resolution labels Y using X; while also
leveraging the representations H.. from CrSL. Specif-
ically, the high-resolution input Xy is first embedded
through the shared graph embedding module, as Hp
Graph-Embed(X ¢, A f; ©).

Although H has the same dimensions as H,, it is im-
portant to note that Hy directly encodes the information
from the fine-resolution inputs Xy and Ay.

To further enrich the representation, we combine the in-
formation obtained from both fine resolution and coarse
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Figure 1: The figure illustrates the architecture of the Multi-Scale Graph Learning (MSGL) model, which comprises three
parallel training streams: coarse-scale graph learning (CSL), fine-scale graph learning (FSL), and cross-scale interpolation
learning (CrSL). The trade-off among these three learning tasks is managed through Multi-Scale Optimization (MSO). H are

hidden states. Y are temperature predictions. ¢, cr, and f denote the coarse-scale, cross-scale, and fine-scale, respectively.
D, apping is a CSL-only Y. mapped to fine resolution for use in asynchronous pre-training of MSGL (ASYNC-MSGL).

resolution. In particular, concatenating the obtained Hjy
with the representation H,, of the cross-scale task forms a
comprehensive feature representation Hy ., = H 1 H,.].
This integration enhances the combination of informa-
tion from different scales. The combined features are
then transformed through a fully connected layer, resid-
ual connection, and batch normalization, as Hp
BatchNorm (Hg ¢, + 0(WiesHgor + bres)). Then we create
the final prediction as Y; = Dense(H;; W, by), where
o is the non-linear activation function and the parameters
O = {Wies, bres, Wy, by, } are specific to FSL.

Multi-scale  optimization. Multi-scale  optimization
(MSO) trains the model by iteratively updating the scale-
specific parameters ®. (1t € {c,cr, f}) and the shared
parameters ©. We first update ¢ using gradient descent.

cI)‘r = cI)‘r - nv‘I’TET7 (3)
where 7 is the learning rate and £ is the loss function for
each task. Both L., and L are defined as the mean-squared
loss on the fine-scale labels, and L. is defined on the coarse-
scale labels. The gradient Vg _ is calculated based on the
loss £, with respect to the parameters P....

We next update the shared parameters © using informa-
tion from both scales. We denote by Vo L., T € {c,cr, [},
the gradient of the loss function of each scale-specific task
with respect to the shared parameters ©. To optimize multi-
scale learning tasks simultaneously without harming any
particular task, we utilize the multiple-gradient descent al-
gorithm (MGDA, Désidéri 2012) to adjust the weight of loss
gradient for each learning task, as {«. }, for 7 € {c,cr, f}.
Finally, we update the shared parameters © using the o.-
weighted sum of gradients, as

©=0-1) a,VoLl,.

“
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Asynchronous multi-scale graph learning

CSL training, prediction and fine-scale mapping.
We introduce an asynchronous MSGL (ASYNC-MSGL)
method that begins with a standalone coarse-scale graph
learning phase. Initially, the model is trained on abundant
coarse-scale data collected over large regions using CSL.
The trained model then generates predictions on the coarse-
scale data, which are mapped to the fine scale, creating the
labels for the fine-scale data in Dyapping-

To ensure consistency and continuity throughout the
multi-task learning process during the Diapping-based pre-
training, the coarse-scale labels in Dyapping are not the orig-
inal ground truth labels, but rather the predictions from
the trained CSL model. The fine-scale labels are derived
by remapping those CSL predictions from the coarse-scale
reaches to the spatially corresponding fine-scale reaches.

MSGL pre-training on Diapping and fine-tuning on
Dgrounatruth dataset. Once the labels are generated, we
proceed to pre-training on Diyapping, Where the model learns
from both coarse-scale and fine-scale inputs. Unlike the
fixed periods in the ground truth dataset, Dyapping COVErs a
broader temporal range as its labels are derived from CSL
predictions, not limited by observation data. This extended
temporal coverage allows the model to capture longer-term
dynamics and improve temporal continuity in predictions,
enhancing its robustness against sparse data.

After pre-training, the model is fine-tuned on the
Dgroundiruth dataset, which contains the original ground truth
labels. This two-stage process—pre-training on simulated
data followed by fine-tuning on real data—helps the model
align with the true data distribution while maintaining the
benefits of the broader scale learning.
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Figure 2: Map of five well-observed watersheds in the Delaware River Basin in the eastern United States.

Experimental Results

Dataset. Figure 2 illustrates the study area, encompass-
ing the Brandywine, Lower Delaware, Neversink, Lower
West Branch Delaware, and Rancocas watersheds within the
Delaware River Basin, eastern United States. The data and
predictions are daily temporal resolution, covering the years
1979-2021. Data were collected at both high and low spa-
tial resolutions (Oliver et al. 2022; Terry et al. 2022; Abat-
zoglou 2013). Specifically, the coarse-scale river segments
were defined by the geospatial fabric used for the National
Hydrologic Model (NHM) (Regan et al. 2018) and have an
average segment length of 10.5 km in the Delaware River
Basin. In contrast, the fine-scale segments were defined by
the National Hydrography Dataset (NHD) (U.S. Geological
Survey 2019) and have an average segment length of 1.3
km. The input features include slope, elevation, width, daily
average air temperature, solar radiation, precipitation, and
potential evapotranspiration.

Although the aforementioned watersheds have well-
sampled fine-scale and coarse-scale data, fine-scale labels
are very limited in most other watersheds. To more accu-
rately evaluate our method in real-world downscaling sce-
narios, we conduct experiments using training and validation
sets with intentionally sparsified fine-scale labels. Mean-
while, labels from testing sets remain intact to accurately
assess the downscaling results. For details on dataset charac-
teristics; the partitioning of training, validation, and testing
sets based on years; and the use of label masking to simulate
data sparsity, please refer to Appendix B.1.

Research questions.
on three core questions:
RQ1. How well does MSGL downscale stream temperature
compared to baseline models?

RQ2. How robust is the MSGL model under varying levels
of data sparsity?

RQ3. Which is more effective: Cross-Domain Pretraining
or Asynchronous MSGL?

We designed evaluations focusing
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Downscaling performance (RQ1)

Baselines. We evaluate MSGL against several baselines,
including commonly used single-scale spatiotemporal graph
models such as RGrN (Jia et al. 2021b), Spatio-Temporal
Graph Convolutional Network (STGCN; Yu, Yin, and Zhu
2018), Diffusion Convolutional Recurrent Neural Network
(DCRNN; Li et al. 2018), and Graph Attention Spatial-
Temporal Network (GASTN; He 2020), and Multi-Scale
(MS) options such as MS-STGCN ( Chen 2021) and MS
Graph Network (MSGNET; Cai 2024). Appendix D ex-
plores additional baseline methods for the special case of
downscaling from a regionally trained model to a local wa-
tershed.

Performance comparison. Table 1 compares the predic-
tive performance of MSGL with several baseline mod-
els across different watersheds using 1% of fine-scale
observations randomly selected from the training period.
The multi-scale models (MS-STGCN, MSGNET, MSGL,
and ASYNC-MSGL) perform substantially better in sparse
scenarios than the single-scale models (RGrN, STGCN,
GASTN, and DCRNN). Among the multi-scale models, our
MSGL and ASYNC-MSGL consistently exhibit superior
performance in all four watersheds, demonstrating the ro-
bustness and adaptability of our approach across datasets.
We further evaluate the contributions of each component
(CSL, CrSL, FSL, and MSO) through an ablation study.
The combination of CSL and FSL ("MSGL (w/o CrSL)”)
improves performance over individual CSL and FSL but
does not achieve the performance of the complete MSGL
model. This indicates the importance of CrSL for captur-
ing the relationship across scales. Similarly, the combination
of CrSL and FSL ("MSGL (w/o CSL)”) outperforms indi-
vidual tasks but still falls short compared to the complete
MSGL model. This highlights the critical role of CSL in
capturing long-distance patterns and general water temper-
ature dynamics at the coarse scale, essential for enhancing
the overall predictive accuracy. For the optimization process,
the comparison between "MSGL” and "MSGL (w/o MSO)”



LOWER DELAWARE

Category Method

RMSE STDEV

LWBRANCH NEVERSINK RANCOCAS

DELAWARE
RMSE STDEV

RMSE STDEV RMSE STDEV

STGCN (2018) 1.653 + 0.076 2.662 + 0.107 2.059 + 0.206 1.984 + 0.130

. . DCRNN (2018) 1.679 -+ 0.040 2.487 + 0.134 2.297 + 0.120 2.489 -+ 0.287
Single-scale Baselines ~ ~

GASTN (2020) 2.141 + 0.342 2.525 £ 0.118 2.331 +0.153 3.134 + 0.658

RGN (2021) 1.732 £ 0.131 2.648 + 0.154 1.935 + 0.090 2.198 -+ 0.246

. . MS-STGCN (2021) 1.484 £ 0.117 2.402 £ 0.116 1.937 £ 0.069 1.723 4+ 0.263
Multi-scale Baselines _ ~
MSGNET (2024) 1.492 +0.118 2313 £ 0.125 1.927 + 0.060 1.813 £ 0.351

MSGL (CSL) 5.799 + 2.171 5.465 + 0.462 4.215 £ 0.150 5.965 + 0.841

MSGL (CrSL) 1.578 £ 0.112 2.791 £ 0.144 2.623 + 0.293 1.863 £ 0.173

. MSGL (FSL) 1.732 £ 0.131 2.648 £ 0.154 1.935 + 0.090 2.198 -+ 0.246

Ablation Study ~ -

MSGL (w/o CSL) 1.470 -+ 0.056 2391 £ 0.118 2.249 + 0.290 1.814 -+ 0.225

MSGL (w/o CrSL) 1.551 + 0.057 2.593 £ 0.167 2.048 + 0.256 2.150 £ 0.183

MSGL (w/o MSO) 1.391 + 0.069 2.432 + 0.108 2.035 + 0.204 1.743 + 0.201

MSGL 1.384 + 0.082 2.375 + 0.106 1.919 + 0.058 1.450 + 0.109
Sync vs. Async _

ASYNC-MSGL 1.360 + 0.116 2.179 + 0.129 1.617 + 0.134 1.482 + 0.053

Table 1: Root mean squared errors (RMSE, °C, mean and standard deviation of nine replicates) for various methods across
four watersheds using 1% random subsets of observed water temperatures for training. Single-scale baselines (RGrN, STGCN,
and DCRNN), and multi-scale baselines (MS-STGCN and MSGNET) are described in RQ1-Baselines. The ablation study is
described in RQ1-“Performance comparison.” Bold values are the best results in each watershed and those not significantly

worse (Welch’s t-test, p > 0.05).

MSGL ‘ LowerDelaware ‘ LwBranchDelaware ‘ Neversink ‘ Rancocas ‘
01% A [1% A [01% A [1% A [01% A [1% A [01% A [1% A |
Without Pre-training  {2.521 — [1.384 — |2.687 — |2.375 — (2323 — |1919 — |4431 — (1450 —

Pre-trained by Brandywine|2.006 -0.515]1.408 0.024 (2.936 0.249 |2.495 0.12 |2.664 0.341|1.759 -0.16 |3.855 -0.576{1.489 0.039

Pre-trained by Dmapping

1.818 -0.703|1.360 -0.024|2.376 -0.311|2.179 -0.196{2.036 -0.287|1.617 -0.302|2.794 -1.637|1.483 0.033

Table 2: Performance of Cross-Domain Pretraining (“MSGL (Pre-trained by Brandywine-Christina)”’) and Asynchronous
MSGL (ASYNC-MSGL, i.e., “MSGL (Pre-trained by Diapping)”) in four watersheds. We simulated data sparsity by using
0.1% or 1% of fine-scale labels for fine-tuning. Dark blue indicates a large decrease (A < —0.2), medium blue a moderate
decrease (—0.2 < A < —0.1), light blue a slight decrease (—0.1 < A < 0), and light red any increase (A > 0) in root mean
squared error (RMSE, °C) relative to MSGL without Pre-training. Brandywine is one of the watersheds shown in Figure 2.

indicates that MSO substantially enhances performance for
the Lower West Branch Delaware, Neversink, and Rancocas
watersheds, and provides a slight improvement for Lower
Delaware. This suggests that MSO contributes to downscal-
ing across different watersheds and highlights the overall
benefit of incorporating MSO in the optimization process.

As for MSGL and ASYNC-MSGL, adding the asyn-
chronous strategy substantially improves performance
across most watersheds and two data sparsity levels (Table
1 at 1% of fine-scale labels and Figure 3 at 0.1%), with the
Rancocas watershed at 1% the only exception.

Robustness under different sparsity levels (RQ2)

To simulate label sparsity in these unusually well-observed
study watersheds, fine-scale observations were randomly
masked from all of each watershed’s reach-date combina-
tions (Appendix B.3). In Figure 4, we compare robustness
under data sparsity among the six spatiotemporal graph
models introduced in RQ1-Baselines and our two new meth-
ods. Whereas MSGL and ASYNC-MSGL perform similarly
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to baseline methods when fine-scale labels are abundant
(trained on 20%-100% of original observations), they out-
perform the baseline methods when labels are sparse (0.1%-
20% of original observations). Specifically, as the fine-scale
labels become sparser, the RMSE of MSGL and ASYNC-
MSGL increases more slowly than for other methods. In
extremely sparse environments, such as with only 0.1% of
observations (which is representative of real-world down-
scaling tasks), ASYNC-MSGL consistently and substan-
tially outperforms other methods, demonstrating robustness
to data sparsity.

Comparison of cross-domain pretraining and
Async-MSGL (RQ3)

Cross-domain pretraining is a common pre-training strat-
egy aimed at improving the generalization ability of mod-
els. We utilize data from the Brandywine-Christina River
Watershed, as shown in Figure 2, for cross-domain pre-
training. Results in Table 2 suggest that pretraining on
Dinapping (ASYNC-MSGL) generally provides better perfor-
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Figure 3: Root mean squared error (RMSE, °C) of methods RGrN (Base), MSGL, and ASYNC-MSGL applied to four water-
sheds, with 0.1% of the fine-scale labels in each watershed used for training. Reaches of varying lengths are color-coded by
average RMSE over all dates. (Map layers from U.S. Environmental Protection Agency and U.S. Geological Survey 2012.)
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Figure 4: Robustness of spatiotemporal graph models across varying label sparsity levels (training on 0.1%, 1%, 4%, 7%, 10%,
20%, 30%, 40%, 50%, and 100% of all fine-scale reach-days) in four watersheds. Filled markers represent our new methods
MSGL and ASYNC-MSGL, whereas open markers represent the methods referenced in section RQ1-Baselines.

mance across different watersheds, particularly in scenarios Conclusion
with very limited fine-scale data (0.1%). Although cross-
domain pretraining can substantially benefit downscaling on We introduce MSGL to address the challenges of fine-scale
certain sparse datasets, these improvements are inconsistent; stream temperature prediction where data are sparse. Ex-
in many cases, it may lead to slight degradation or negligi- isting general multi-resolution approaches fail to consider
ble change in performance. In contrast, our ASYNC-MSGL the graph structure of water temperature data at different
enhances model performance more consistently across wa- scales. Building on a hydrological understanding of stream
tersheds and data sparsity scenarios. graph structure, we propose a cross-scale learning task that
The effectiveness of any stream temperature downscal- incorporates positional information between nodes at dif-
ing approach hinges on (1) the existence of correlations be- ferent scales, enabling the model to capture physical con-
tween coarse- and fine-scale information, such that values nections across scales. We further enrich MSGL with an
predicted at a coarse scale, when remapped to a finer scale, asynchronous strategy for pretraining on predictions from
accurately reflect the general patterns of temperature vari- a coarse-resolution regional model, Dyapping. t0 leverage
ation, and (2) that the finer-resolution inputs and observa- regional knowledge for local prediction. Extensive experi-
tions contain additional information about temperature vari- ments in the Delaware River Basin demonstrate the supe-
ation not present in the coarse data. The asynchronous strat- rior predictive accuracy of MSGL and ASYNC-MSGL over
egy further assumes that (3) coarse predictions made from six baseline single-scale and multi-scale graph models, es-
a broader-extent model reflect additional learned informa- pecially in scenarios of data sparsity. The methods presented
tion not present in the local data at the fine or coarse resolu- here are readily transferable to other cases where data are ir-
tion. The success of ASYNC-MSGL in these experimental regularly structured and sparsely observed at the target reso-
results, even when fine-scale observations are sparse, vali- lution, such as prediction of other water quality variables or
dates these three assumptions. modeling of meteorological dynamics in complex terrain.
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