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Abstract

Environmental modeling faces critical challenges in predict-
ing ecosystem dynamics across unmonitored regions due to
limited and geographically imbalanced observation data. This
challenge is compounded by spatial heterogeneity, causing
models to learn spurious patterns that fit only local data.
Unlike conventional domain generalization, environmental
modeling must preserve invariant physical relationships and
temporal coherence during augmentation. In this paper, we
introduce Generalizable Representation Enhancement via
Auxiliary Transformations (GREAT), a framework that ef-
fectively augments available datasets to improve predictions
in completely unseen regions. GREAT guides the augmenta-
tion process to ensure that the original governing processes
can be recovered from the augmented data, and the inclusion
of the augmented data leads to improved model generaliza-
tion. Specifically, GREAT learns transformation functions at
multiple layers of neural networks to augment both raw envi-
ronmental features and temporal influence. They are refined
through a novel bi-level training process that constrains aug-
mented data to preserve key patterns of the original source
data. We demonstrate GREAT’s effectiveness on stream tem-
perature prediction across six ecologically diverse watersheds
in the eastern U.S., each containing multiple stream seg-
ments. Experimental results show that GREAT significantly
outperforms existing methods in zero-shot scenarios. This
work provides a practical solution for environmental appli-
cations where comprehensive monitoring is infeasible.

1 Introduction
Modeling environmental ecosystems plays a critical role
in supporting scientific understanding, sustainable man-
agement, and resource allocation (Jasechko et al. 2024;
O’Donnell et al. 2023). It is essential for addressing chal-
lenges such as food security, water safety, and biodiver-
sity conservation. For example, drinking water reservoir
operators in the Delaware River Basin rely on accurate
predictions of water temperature and flow to ensure suffi-
cient safe drinking water for over 15 million people and to
maintain cool river temperatures downstream of the reser-
voirs (Williamson et al. 2015). Developing such models
is inherently complex, as it requires capturing interactions
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among diverse physical variables and ensuring scalability
across broad spatial and temporal domains.

Recent advances in machine learning (ML) have shown
significant potential for improving the modeling of complex
ecological systems, with successful applications across do-
mains such as agroecosystems (Liu et al. 2022; Cheng et al.
2025) and freshwater ecosystems (Willard et al. 2025; Yu
et al. 2025). Although ML models are capable of capturing
complex patterns, their generalizability largely depends on
the availability of sufficient high-quality training data that
adequately represents unseen scenarios. In real-world en-
vironmental problems, observation data can be highly lim-
ited and localized, since consistent environmental monitor-
ing requires expensive field study, infrastructure, and ongo-
ing maintenance, making comprehensive observation net-
works economically infeasible (Luo et al. 2025; Zhuang
et al. 2020). This often results in regional data imbalance,
where only a few regions are well observed, while other re-
gions are sparsely observed or completely unobserved.

The development of generalizable ML models becomes
even more challenging due to the spatial heterogeneity,
i.e., different regions can exhibit distinct climate patterns,
land use characteristics, topography, etc. (Xie et al. 2021;
Kratzert et al. 2019). As a result, standard data-driven
models that rely on local supervision may extract features
that fit only local data but fail to generalize to unseen re-
gions (Karpatne et al. 2024). For example, when modeling
water temperature, shallow streams tend to show strong cor-
relation with air temperature, while such patterns may not
generalize to deep waters due to water’s high specific heat
capacity. Rather than relying on such intuitive correlation,
air temperature combined with other physical features can
help capture heat exchange with water, which offers more
robust relationships across regions.

Domain generalization (DG) offers a promising paradigm
by training models on source domains to generalize to un-
seen target domains without requiring access to target la-
bels (Zhou et al. 2022; Khoee, Yu, and Feldt 2024; Shen
et al. 2023). Data augmentation has emerged as a critical
component in DG (Zhou et al. 2021a; Carlucci et al. 2019;
Zhou et al. 2021c), showing success in computer vision and
natural language processing. Despite the previous success of
these techniques, environmental modeling presents unique
challenges. The temporal dynamics of environmental vari-
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ables are governed by complex, domain-invariant physical
processes that need to be preserved during domain general-
ization. Simple augmentation approaches (e.g., through per-
turbation) may disrupt these physical relationships and tem-
poral coherence critical for environmental prediction. The
spatial variations, in particular, arise from certain physical
components (e.g., groundwater influence, canopy shading)
rather than superficial changes like image style or text genre.
Due to these differences, models may easily learn spuri-
ous patterns that fit only local data. Therefore, augmentation
strategies must be directed to reflect these variations while
preserving the general physical relationships.

Our work addresses a critical and underexplored real-
world challenge: How can we effectively augment available
datasets to improve generalized predictions in completely
unseen regions? The key idea is to guide the augmentation
process such that (1) the original governing processes can
be recovered from the augmented data, and (2) the inclusion
of augmented data leads to improved model generalization,
as verified using reference data. Our approach differs funda-
mentally from existing transfer learning and meta-learning
methods. Transfer learning focuses on improving perfor-
mance for a specific, known target domain, whereas our goal
is to develop a single generalizable model not tailored to
any particular site. Similarly, while meta-learning aims to
learn how to learn or refine models for individual target do-
mains, our approach constructs a unified model requiring no
further adaptation and able to generalize to a large number
of completely unobserved domains, addressing a common
challenge in environmental applications.

Specifically, we propose Generalizable Representation
Enhancement via Auxiliary Transformations (GREAT),
a novel framework designed for zero-shot generaliza-
tion across geographically diverse locations. Our approach
strategically leverages the heterogeneous data landscape: we
designate a well-monitored region as the primary source
domain (providing abundant training data) and treat other
sparsely monitored regions as auxiliary reference domains
(providing validation signals). GREAT’s key innovation lies
in learning transformation functions at multiple neural net-
work layers that augment primary source data to help the
predictive model capture generalizable patterns, with auxil-
iary reference domains serving as a validation signal rather
than direct training data. These transformations, applied to
both raw features and temporal dynamics, are first initialized
to promote diverse augmentations and then refined through a
novel bi-level optimization process: under the constraint that
augmented data must preserve key patterns of the original
source data, the model tuned on augmented data is optimized
to perform well on reference domains. This design prevents
overfitting to sparse auxiliary data while ensuring transfor-
mations enhance the learning of domain-invariant patterns.

GREAT’s effectiveness is evaluated on stream tempera-
ture prediction, a critical indicator of freshwater ecosystem
health (Phillips 2020), using data from multiple ecologi-
cally diverse watersheds from the eastern United States. In
summary, our key contributions are:
• We identify and formalize a critical challenge in environ-

mental modeling: leveraging heterogeneous monitoring

data (combining dense and sparse observations) for zero-
shot prediction in unseen regions.

• We propose GREAT, a novel framework that learns
generalizable data augmentations through multi-layer
transformation modules and bi-level optimization, using
sparsely monitored domains as validation signals.

• We demonstrate that GREAT consistently outperforms
existing methods on real-world stream temperature pre-
diction across diverse watersheds under zero-shot scenar-
ios, underscoring its practical impact for environmental
monitoring applications where extensive data collection
is economically infeasible.

2 Problem Formulation
The goal of this work is to predict daily stream temperatures
across different regions (i.e., watersheds), spanning broad
geographic regions and long periods. Given a source do-
main with abundant temperature observations and some ref-
erence domains with limited observations, we aim to build
a generalizable model that enables zero-shot prediction on
completely unseen watersheds. We formalize this as a multi-
source domain generalization problem with:
• A primary source domain SP : One well-monitored wa-

tershed with dense temperature observations and associ-
ated input features, DP = {(xP

i , y
P
i )}

NP
i=1.

• Auxiliary reference domains SA: Additional watersheds
with limited observations, DA = {(xA

i , y
A
i )}

NA
i=1, provid-

ing complementary hydrological information.
• Target domains U : Completely unseen watersheds that

are unavailable during training, DU = {(xU
i , y

U
i )}

NU
i=1.

Our tests include watersheds selected from ecologically
diverse geographic regions, each watershed (in SP , SA, or
U) contains a set of data samples {(xi, yi)}, which are col-
lected over multiple dates and from multiple locations (i.e.,
river segments) within the watershed. More formally, for
each river segment i, we represent daily input features as
xi = {xi,1, xi,2, ..., xi,T }. These features include both me-
teorological variables (e.g., air temperature) and physical at-
tributes (e.g., segment width, depth). Stream temperature la-
bels are represented as yi = {yi,t}, where yi,t denotes water
temperature at location i and time step t. Observations are
sparsely available for certain locations and times, varying
significantly between watersheds.

3 Method
Real-world environmental problems often involve very few
densely observed regions SP (e.g., those extensively stud-
ied by research organizations) and some sparsely observed
regions SA. Different regions can exhibit highly heteroge-
neous characteristics. Prior work in transfer learning often
considers SP as the source domain and SA as the target do-
main, e.g., by fine-tuning the model toward SA or extracting
domain-invariant features between SP and SA. The typical
transfer learning approaches cannot be directly used for do-
main generalization as they often fit only the target domain
SA and fail to generalize given insufficient data from SA.

In this section, we present the GREAT framework, which
takes a different approach to achieve zero-shot stream
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Figure 1: The overall framework of GREAT.

temperature prediction by learning generalizable patterns
through feature transformations and bi-level training, as de-
picted in Fig. 1. Rather than adapting the model directly to
well-observed region SP or sparsely-observed regions SA,
we augment the dataset in SP via learnable feature trans-
formation modules. These modules are designed to neutral-
ize domain-specific variations (marked by black symbols) so
that the model, when learning from the resulting augmented
data, is able to capture generalizable hydrological patterns.
Auxiliary domains serve as a validation signal for transfor-
mation quality, ensuring the learned augmentations enhance
cross-domain generalization to entirely unseen regions.

The GREAT framework is model-agnostic. Here we
choose the long-short term memory (LSTM) model as the
base model, given its widespread use in hydrology and other
aquatic research (Shen and Lawson 2021). The same frame-
work is readily applicable to other ML models. We also
demonstrate in our experiment that the augmented data cre-
ated by GREAT can enhance various ML models. In the fol-
lowing, we first introduce the feature transformation mod-
ules and describe how they are optimized through a bi-level
training process involving both SA and SP . We then present
the pre-training procedure for both the base model and the
transformation modules to ensure robust performance.

3.1 Feature Transformation
Environmental modeling tasks, e.g., stream temperature pre-
diction, face a fundamental challenge when applied across
large geographical regions: models trained on highly local-
ized datasets may exhibit poor generalization to new do-
mains due to variations in environmental conditions and ge-
ographic properties. While the underlying physical mecha-
nisms are broadly similar across sites, their observable ef-
fects can differ substantially due to local factors. As a result,
models may overfit to site-specific patterns rather than learn-
ing the domain-invariant relationships necessary for robust
prediction across regions. To address this, our feature trans-
formation modules are designed to extract domain-invariant
patterns that generalize across watersheds, rather than char-
acteristics tied to any single domain.

In particular, we introduce an input transformation mod-
ule ginput with parameters ϕx:

x̃i,t = ginput(xi,t;ϕx), (1)

where ϕx evolves during training to capture domain-
invariant processes such as solar radiation absorption, to-
pographic influences that generalize across watersheds. The
module is implemented as a multi-layer perceptron (MLP)
trained to produce generalized representations suitable for
cross-domain temperature prediction.

Environmental ecosystems, like typical dynamical sys-
tems, also show strong temporal patterns. In the LSTM
model f , such dependencies are captured by recursively
propagating the hidden representation and latent state to the
next time step. The model then integrates such temporal in-
formation with current input to make predictions, which can
be represented as yt = f(xt, ht−1). To further learn adapt-
able temporal representation, we employ a transformation
module over the hidden representation of LSTM.

The transformation of the hidden representation can be
expressed as follows:

h̃i,t = ghidden(hi,t;ϕh) (2)

The transformation is applied only to the final LSTM layer
to maintain the hierarchical feature extraction while adapt-
ing the highest-level temporal representations. Note that the
transformation over the hidden representation is optional
and introduces model dependency. We will show its effect
in the ablation study.

Bi-Level Training. The goal of the transformation mod-
ules is to expose the model to cross-domain variations,
thereby enabling it to learn representations that generalize
well to unseen domains. To achieve this, we employ a bi-
level training approach: auxiliary reference data guide the
learning of transformation, while abundant primary source
data ensure that the augmentations remain grounded and
prevent overfitting to auxiliary domains. Specifically, the bi-
level training consists of: (1) lower-level: transforming DP

and training the LSTM using the transformed and original
data, and (2) upper-level: evaluating and refining transfor-
mation modules based on the model performance on the ref-
erence domains SA and the ability to recover source data
patterns.

Lower-level: Transformed primary source domain adap-
tation. In this level, we update LSTM parameters while
keeping the transformation modules fixed. For each data
point in the primary source domain SP , we first apply the
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transformation over the forward pass of the predictive model
f (i.e., LSTM), as follows:

ỹi,t = f(ginput(xi,t), ghidden(hi,t−1); θ). (3)

Given current LSTM parameters θ and fixed transformation
parameters ϕx, ϕh, the lower-level training aims to update
the model f using both the predictions made on the original
DP and the predictions after the transformation, which can
be represented as follows:

Llower(θ;DP , ϕx, ϕh)=
∑

(i,t)∈DP

(yi,t − ŷi,t)
2 + λ(yi,t − ỹi,t)

2

|DP |
,

(4)
where ŷ and ỹ denote the forward prediction from xi,t with-
out and with using the transformation modules, respectively.
The hyperparameter λ controls the relative weight of the loss
between the original and transformed predictions.

To make the bi-level training differentiable, we approx-
imately solve the lower-level optimization using the gradi-
ent descent approach. In particular, the one-step gradient de-
scent for updating the current parameters θ = θ0 can be
expressed as follows:

θlower = θ0 − α∇θLlower(θ;DP , ϕx, ϕh) (5)

where α denotes the step size or the learning rate for gradient
descent. The gradient descent process can also be extended
to multiple steps.

By using the transformation modules, GREAT incorpo-
rates diverse data with variations in both input features and
temporal dynamics. By training the model to fit both the
original source data and the transformed data, this approach
mitigates the risk of learning spurious patterns that only fit
the original source data DP .

Upper-level: Auxiliary reference domain guided updates.
The training at the upper level addresses the key question:
“Which transformations enhance cross-domain generaliza-
tion?” by using auxiliary performance as a signal to guide
transformation learning. The parameters for the transforma-
tion modules (i.e., ϕx and ϕh) and the original parameters
of LSTM (θ0 in Eq. 5) will be updated based on how effec-
tively the model f( · ; θlower) obtained from the lower-level
training can generalize to auxiliary reference domains. At
the same time, it is important to prevent the transformation
modules from simply overfitting the reference domains. This
issue can be addressed by (1) enforcing that the transformed
representations preserve the underlying patterns of the origi-
nal data (to be discussed next), and (2) considering a diverse
set of auxiliary reference domains, details of which will be
provided in the experiment section.

Specifically, we define the upper-level training objective
as follows:

Lupper(θ0, ϕx, ϕh;DA,DP )=
∑

(i,t)∈DA

(f(xi,t; θlower)− yi,t)
2

|DA|

+ γ(Lrec(ginput,DP ) + Lrec(ghidden,DP )),
(6)

where the first term on the right-hand side denotes the mean
squared prediction error of the obtained model f( · ; θlower)
on the reference data, which measures how well the model

generalizes to the auxiliary validation data. The loss Lrec
measures the reconstruction capacity to recover the origi-
nal data in DP from the transformed data. We apply this
reconstruction loss on both the transformed input features
and the transformed hidden representations. The reconstruc-
tion loss is designed to minimize the L2 discrepancy be-
tween the original data in DP and the data reconstructed
from transformed data using an MLP structure. For exam-
ple, Lrec(ginput,DP ) can be computed as follows:

Lrec(ginput,DP ) =
∑

(i,t)∈DP

∥xi,t − grec ◦ ginput(xi,t)∥22
|DP |

(7)

where grec represents the MLP used to reconstruct the orig-
inal data from the transformed data. The reconstruction loss
on the hidden representation hi,t is defined similarly.

By employing these reconstruction losses with a relative
weight of γ, the framework is constrained to keep transfor-
mations within a meaningful range — diverse enough to im-
prove generalization but constrained enough to avoid over-
fitting to a specific domain.

Zero-Shot Cross-Domain Inference. After bi-level train-
ing, the obtained predictive model can be directly applied to
entirely unseen watersheds across geographically diverse re-
gions without additional fine-tuning, as the learned transfor-
mations capture generalizable hydrological processes. How-
ever, the effectiveness of our method may be limited if aux-
iliary reference data are insufficiently representative, poten-
tially resulting in biased model validation. One possibility
is to incrementally expand the dataset with additional aug-
mented data as more auxiliary data become available, which
we leave for future work. Another strategy is to pre-train
the transformation modules to encourage diverse augmenta-
tions. Below, we introduce the pre-training process for both
the predictive model and the transformation modules.

3.2 Pre-training Process
The pre-training stage aims to build a reasonable base pre-
dictive model to facilitate the following bi-level training and
initialize feature transformation modules that are capable of
generating diverse feature transformations.

Pre-Training the Predictive Model. During the first it-
eration of lower-level training, the lack of guidance from
auxiliary domain validation signals, combined with the ap-
proximate nature of the solution (Eq. 5), may result in the
predictive model f being insufficiently trained. Therefore, it
benefits from a well-informed initialization, which ensures
that the subsequent updates in the bi-level process are effec-
tive. In general, pre-training was found to be a useful way to
learn a robust model initialization (Wiles et al. 2021). We es-
tablish a base predictor with initial parameters θ∗ using the
data-rich primary source domain by minimizing the mean
squared prediction error on the source data DP .

Initialization of the Feature Transformations. Initializ-
ing transformation modules randomly or naively may result
in limited diversity or trivial augmentations that do not suffi-
ciently support the generalization of the predictive model. To
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Figure 2: Map of six distinct and ecologically varied watersheds in the eastern United States.

avoid this, we adopt an adversarial initialization strategy, in-
spired by (Minderer et al. 2020), which encourages the trans-
formation modules to generate a wide range of challenging
and meaningful augmentations that serve as a crucial start-
ing point for learning generalizable patterns in bi-level train-
ing. Specifically, the pre-training of transformation modules
aims to minimize the loss function:

Lpre =−
∑

(i,t)∈DP

(f(ginput(xi,t), ghidden(hi,t); θ∗)− yi,t)
2

|DP |

+ η(Lrec(ginput,DP ) + Lrec(ghidden,DP ).

(8)

The first term on the right-hand side is designed to in-
crease the prediction error of the current LSTM applied ex-
clusively to the transformed source data, thereby encourag-
ing the discovery of patterns not yet captured by the model.
The reconstruction losses, weighted by the hyper-parameter
η, serve to constrain the transformation to preserve the un-
derlying relationships needed to recover the original data.

4 Experimental Evaluation
Data preparation. We use the stream water temperature
data from six geographically distinct and ecologically di-
verse watersheds along the eastern coast of the United
States, as shown in Fig. 2. In particular, we represent the six
watershed datasets as Lower West Branch Delaware (LW),
Lehigh (UL), and Brandywine-Christina (BC), Rancocas
(RC), Neversink (NS), and Lower Delaware (LD). Each wa-
tershed involves multiple connected river segments.

The water temperature observation data are pulled from
the U.S. Geological Survey’s National Water Information
System (US Geological Survey 2016) and the Water Qual-
ity Portal (Read et al. 2017), the largest standardized wa-
ter quality dataset for inland and coastal waterbodies. Daily
average water temperature observations are not consistently
available for every date and every segment. The number of
temperature observations for each segment varies and could
differ significantly across different watershed datasets. For
each segment and date, the input features include slope (slp),
elevation (elev), width (wid), daily average air temperature
(airtemp), solar radiation (rad), precipitation (precip), and
potential evapotranspiration (evap).

The complete dataset spans from October 1, 1980, to
September 30, 2021, covering 41 years. We designate the

LD dataset as our primary source domain due to its abundant
observations. LD serves as the fully labeled source domain
for initial pretraining across all experiments, using data from
October 01, 1984, to September 30, 2010 (26 years). The
remaining five watersheds serve as auxiliary reference do-
mains or target domains depending on the experimental set-
tings (in the following section). For auxiliary domains, we
use sparse labels at three levels (1%, 0.10%, 0.01%) from
October 1, 1984, to September 30, 2010 (26 years), which
simulates sparsely available data in real scenarios. At the 1%
sparsity level, data from each watershed contains approxi-
mately 100 observations. For the 0.10% and 0.01% level,
the number of observations decreases proportionally. For the
target domain, we evaluate the performance on all the data
from October 01, 2010, to September 30, 2021 (11 years).

Baselines. To evaluate the effectiveness of our frame-
work, we compare it against seven state-of-the-art base-
lines: MixStyle (Zhou et al. 2021c) synthesizes new domain
styles for robustness; Lens (Minderer et al. 2020) learns
augmentations for generalization; Sharp-MAML (Abbas
et al. 2022) uses meta-learning for cross-task generalization;
MDA (Zhao et al. 2024) aligns multiple source domains;
DANN (Acuna et al. 2021) employs adversarial training
for domain-invariant features; DroughtSet (Tan et al. 2025)
leverages geographic-spatial information; LSTM (Shen and
Lawson 2021) serves as the standard baseline. All baselines
are adapted to our problem by training on the primary source
domain with full labels and auxiliary reference domains with
sparse labels. For most of the methods, we treat auxiliary ref-
erence domains as additional source domains. For DANN,
we use some samples from auxiliary domains as the target
samples. DroughtSet is provided with corresponding water-
shed characteristics as its geographic information inputs.

Experiment settings. We evaluate GREAT under two ex-
perimental scenarios that reflect different levels of reference
data availability in environmental monitoring tasks. The Sin-
gle reference domain setting simulates scenarios where lim-
ited auxiliary reference data are taken from one particu-
lar watershed, while the generalizable model is evaluated
over remaining unseen watersheds. Here, each domain (ex-
cept LD) is used in turn as the auxiliary reference domain
with sparse labels, while the other four serve as target do-
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Algo.Name Single Multi

1% 0.10% 0.01% 1% 0.10% 0.01%

LSTM 6.2475 (1.0007)

DroughtSet 6.8626 (0.0472) 7.1681 (0.0103) 7.2275 (0.0165) 5.9979 (0.1407) 7.2953 (0.1742) 7.4714 (0.1710)
MixStyle 5.8855 (0.4149) 6.0442 (0.2738) 6.4517 (0.4413) 4.6962 (0.1942) 4.5701 (0.1218) 5.0263 (0.1802)
Lens 7.5231 (0.1354) 7.4292 (0.0184) 7.4576 (0.1208) 7.2732 (0.0074) 7.2437 (0.0027) 7.2277 (0.0039)
Sharp-MAML 4.6218 (0.1128) 4.8691 (0.5387) 5.5780 (0.1586) 5.6646 (0.0345) 5.2762 (0.3836) 5.2328 (0.1992)
MDA 5.0396 (0.0734) 5.1661 (0.1541) 5.3430 (0.1008) 4.5731 (0.0678) 4.9154 (0.0248) 5.0554 (0.1678)
DANN 4.6434 (0.0280) 4.7169 (0.0186) 4.7327 (0.0205) 4.2157 (0.0264) 4.5078 (0.0169) 4.6090 (0.0198)

GREAT 3.8306 (0.0166) 3.8104 (0.0155) 3.9026 (0.0145) 3.8877 (0.0205) 4.0150 (0.0315) 4.1555 (0.0069)

Table 1: Comparison of RMSE under Single and Multi settings across three sparsity levels. Lower values are better.

Figure 3: Difference of RMSE between GREAT and DANN.
Red color means GREAT is better.

Figure 4: Comparison of feature importance attributions for
DANN and GREAT.

mains for zero-shot evaluation. This tests GREAT’s abil-
ity to learn generalizable patterns by leveraging a single
sparsely-labeled site. The Multi reference domain setting
addresses scenarios where multiple watersheds have limited
data availability. Here, we use combinations of every four
domains as auxiliary reference domains with sparse labels,
leaving the remaining domain as target for zero-shot evalua-
tion. This evaluates GREAT’s capacity to aggregate knowl-
edge from multiple sparsely-labeled sites for generalization.

Performance comparison. Table 1 presents the compara-
tive average performance of GREAT against baseline meth-
ods at three sparsity levels. Grey numbers denote stan-
dard deviation. We have the following observations: (1)
The LSTM baseline, trained on one well-monitored water-
shed and directly applied to others, consistently performs
poorly across all settings. This shows the importance of
leveraging auxiliary domain information for accurate pre-
dictions. (2) GREAT consistently outperforms all baseline
methods across different sparsity levels in both settings (Sin-

gle and Multi), maintaining remarkable stability across spar-
sity levels, whereas baselines show performance degradation
with sparser reference data. This likely results from: (i) the
augmentation-based approach, which trains the predictive
model primarily using the augmented data from the source
domain while using the reference domain only for vali-
dation, and (ii) the incorporation of reconstruction losses,
which prevent the transformation modules from overfitting
to the auxiliary reference data. (3) Although most baselines
excel in their original applications, they struggle in our en-
vironmental monitoring task because they fail to preserve
physical relationships. Fig. 4 compares the contribution of
each feature to stream water temperature prediction in en-
tirely unseen watersheds produced by DANN and GREAT.
Feature importance was computed using the Integrated Gra-
dients (Sundararajan, Taly, and Yan 2017). DANN’s attribu-
tions tend to overfit to spurious local patterns by relying on
only the correlation between air temperature and water tem-
perature. In contrast, GREAT exhibits a more balanced and
physically meaningful attribution pattern, assigning impor-
tance across both meteorological drivers and physical fea-
tures, all of which contribute to the heat exchange. This
demonstrates that GREAT encourages the model to focus on
generalizable, physically-consistent relationships, resulting
in more robust generalization to unseen regions.

To better show the performance of different target do-
mains in the Single setting, Fig. 3 visualizes the performance
differences between GREAT and DANN. Each cell shows
the difference between GREAT and the best-performing
baseline model (i.e., GREAT RMSE - DANN RMSE), with
red indicating that GREAT outperforms DANN. The color
intensity reflects the magnitude of improvement, and diago-
nal elements are left blank since those domains serve as aux-
iliary sources in each run. The consistent red coloring sug-
gests that GREAT outperforms DANN across most domain
pairs. We observe increasingly darker red cells as sparsity
increases, indicating particularly strong improvements at ex-
treme sparsity. Notably, the results also reflect that different
auxiliary domains vary in their representativeness, providing
different levels of validation and leading to variation in the
model’s generalization performance.

Time-series analysis. Fig. 5 presents a time-series com-
parison of stream water temperature predictions from
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Figure 5: Time-series comparison of stream water tempera-
ture predictions by GREAT, DANN and LSTM.

Figure 6: Results of ablation study.

GREAT, DANN, and LSTM against observed data over one
year, evaluated at two different sparsity levels of auxiliary
reference data: (a) 1% and (b) 0.01%. The analysis reveals
several insights: (1) GREAT demonstrates superior temporal
modeling capabilities, aligns better with true observations
compared to the other two baselines, especially in summer.
Notably, GREAT maintains consistent performance even
when auxiliary reference data is extremely sparse (0.01%).
(2) LSTM consistently overestimates temperatures, particu-
larly during summer, indicating that it fails to capture the
temperature patterns from unseen domains when trained
solely on the primary source domain. (3) DANN reason-
ably tracks the general seasonal trend but fails to predict
temperature peaks accurately, suggesting it can not preserve
critical temporal patterns necessary for accurate prediction
across diverse watershed conditions. These results highlight
GREAT’s superior generalizability and ability to capture
complex seasonal temperature patterns through its feature
transformation strategy.

Ablation study. To understand the contribution of each
component in GREAT, we conduct ablation studies with
four variants: (i) w/o pre: removing the pre-training process.
(ii) w/o bi: removing the bi-level training, using the stan-
dard joint training instead while keeping both transformation
modules. (iii) w/o g: removing both feature transformation
modules. (iv) w/o ghidden: removing the hidden state transfor-
mation (ghidden), retaining only input transformation (ginput).

The results for comparing GREAT with these variants
are shown in Fig. 6. We observe that: (1) Removing fea-
ture transformation modules leads to the largest perfor-
mance gap across all settings, which shows their impor-
tance. (2) The progressive improvement from w/o g → w/o

Figure 7: Impact of GREAT-augmented data on the general-
ization of different models.

ghidden → GREAT demonstrates the complementary design
of multi-layer transformation. Input transformation alone
provides substantial gains but can be unstable at extreme
sparsity, while adding hidden state transformation stabilizes
performance by capturing temporal dynamics, achieving the
best performance. (3) Removing the pre-training process in-
creases RMSE in both settings, especially at extreme spar-
sity, emphasizing the value of pre-training the predictive
model and initializing the transformation modules for ef-
fective learning under limited data. Bi-level training is es-
pecially crucial for Single settings, where limited auxiliary
diversity makes the model prone to overfitting without care-
ful bi-level optimization. In contrast, the Multi setting bene-
fits from the natural diversity of multiple auxiliary domains,
providing an implicit ensemble effect.

Augmented data generalizability. This analysis aims to
show whether GREAT-augmented data can enhance vari-
ous ML models. Four state-of-the-art models are evaluated:
Transformer (Vaswani et al. 2017), Informer (Zhou et al.
2021b), TimeMixer (Wang et al. 2024), TimesNet (Wu et al.
2022). Each model is trained on the original primary source
domain data (w/o augmented data) and evaluated on the re-
maining domain datasets, then compared to the same model
trained with GREAT-augmented data (w/ augmented data).
Figure 7 shows that all models show substantial performance
improvements when trained with augmented data compared
to using the original data only. This indicated that our aug-
mented data, generated by feature transformation, success-
fully captures generalizable patterns. These results validate
that GREAT has broad applicability and the augmented data
itself can serve as high-quality training data for environmen-
tal modeling, where data scarcity limits model development.

5 Conclusion
In this paper, we introduced a framework for zero-shot envi-
ronmental prediction by enhancing a generalizable represen-
tation via auxiliary transformations. GREAT augments data
by capturing generalizable hydrological patterns through
transformation modules applied at multiple network layers,
using sparsely observed auxiliary domains for validation.
Evaluations on stream temperature prediction across six eco-
logically diverse watersheds show that GREAT consistently
outperforms leading baselines. Further analysis shows that
GREAT paves the way for robust environmental modeling
across a range of applications in scientific domains.
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