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Abstract. Accurate and scalable building energy prediction in early design remains challenging due to
heterogeneous spatial configurations, climate variability, and limited data. This study proposes a hybrid
framework integrating transfer learning with physics-embedded graph neural networks (GNNs) to improve
generalization and interpretability. Buildings are modeled as heterogeneous graphs, where spatial units are
nodes with geometric and material attributes, and thermal interactions are edges. A transfer learning strategy
adapts knowledge from data-rich source domains to data-scarce target cases, enhancing cross-building and
cross-climate applicability. Fundamental heat transfer mechanisms—conduction, convection, and radiation—
are embedded into the GNN message-passing process to enforce thermodynamic consistency and mitigate
overfitting. Experiments on multi-climate datasets with diverse typologies show that the proposed method
outperforms purely data-driven GNNs and conventional machine learning models, while requiring fewer target-
domain samples. The framework also improves interpretability by linking learned representations with physical
principles, supporting generalizable and data-efficient energy prediction for green building design.
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1 Introduction

The building sector is a major contributor to global
energy consumption and greenhouse gas emissions,
accounting for approximately 34% of total energy use
worldwide [1]. Accurate prediction of building energy
consumption and thermal load is essential for optimizing
energy management systems, reducing operational costs,
and achieving carbon neutrality goals [2]. In the early
stages of building design, internal disturbances such as
occupant schedules and equipment usage are often highly
uncertain. Consequently, the rapid and precise prediction
of external disturbance loads—driven primarily by
climatic factors—becomes critical for evaluating building
performance and informing design decisions [3].

Traditionally, building energy prediction relies on
physical simulation models (white-box models), such as
EnergyPlus and TRNSYS. These models are grounded in
fundamental thermodynamic and heat transfer principles,
offering high interpretability and the ability to simulate
complex physical processes. However, they require
detailed building geometry and material properties, which
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are often unavailable in early design phases, and their high
computational cost limits their application in real-time or
large-scale scenarios [4]. Conversely, data-driven models
(black-box models), particularly those based on machine
learning and deep learning, have gained popularity due to
their ability to learn complex patterns directly from
historical data without explicit physical modeling [2].
Despite their success, pure data-driven methods often lack
physical interpretability and suffer from poor
generalization when faced with data-scarce environments
or unseen building configurations [5].

To bridge the gap between interpretability and
computational efficiency, hybrid approaches such as
Physics-Informed Machine Learning have emerged.
These methods integrate physical laws, typically in the
form of partial differential equations, into the loss
functions of neural networks to ensure that predictions
remain physically consistent [4], [5], [6], [7].
Simultaneously, Graph Neural Networks (GNNs) have
demonstrated significant potential in representing the
complex spatial dependencies of buildings by abstracting
zones and walls as nodes and their thermal interactions as
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edges [8], [9]. While some studies have explored GNNs
for building energy modeling, there remains a lack of deep
integration between GNN architectures and fundamental
heat transfer equations, particularly for multi-scale
buildings where both local heat exchange and global
energy flow are significant [8].

Furthermore, transfer learning has been increasingly
utilized to address the challenge of data scarcity in target
buildings by leveraging knowledge from data-rich source
domains [10], [11], [12]. Most existing transfer learning
applications in this field are purely data-driven, focusing
on feature alignment or parameter fine-tuning without
considering the underlying physical rules that govern
energy transfer across different climates [12]. This
limitation often leads to “negative transfer” or reduced
robustness when the source and target domains exhibit
significantly different thermal behaviors [13].

To address these challenges, this study proposes a
Graph-based Physics-Embedded Transfer Learning
(GPE-TL) framework for predicting multi-zone building
external disturbance loads. The framework introduces
three key innovations:

® Heterogeneous  Graph  Representation:

Buildings are represented as heterogencous
graphs where spatial units are encoded with
geometric and material properties, and edges are
defined by physical thermal interactions,
allowing for flexible representation of complex
multi-zone structures.

® Physics-Embedded Message Passing:

Fundamental heat transfer equations (conduction,
convection, and radiation) are integrated directly
into the GNN's message-passing mechanism.
This ensures that information propagation across
the graph follows physical laws, enhancing both
interpretability and data efficiency.

® Cross-Climate Transfer Learning: A physics-

guided transfer learning scheme is developed to
adapt knowledge learned from simulation-rich
source domains to data-scarce target domains
across different climate zones, significantly
improving prediction robustness.

The remainder of this paper is organized as follows:
Section 2 describes the proposed framework; Section 3
presents the experimental setup and data generation;
Section 4 discusses the results and performance
comparison; and Section 5 concludes the study.

2 Methodology

2.1 Graph structure definition and thermal process
modeling

2.1.1 Definition of heterogeneous building graphs

Built on our previous work CUGER (Convex Unified
Graph Encoding Representation)[9], each building can be
represented as a heterogenous graph as:

Gouitding = (Ve U Vs, Epp U Egg, Wsp), €Y)

where surface nodes Vp representing physical
components such as floors, walls, windows, shading
elements, and airwalls, modeled as polygonal surface
elements; space nodes Vs : representing enclosed
volumetric spaces bounded by the surfaces, such as rooms
or thermal zones; face-face edges Erp: undirected edges
capturing physical connectivity between adjacent surfaces
(e.g., wall-wall or floor-wall contact); space-face edges
Egp: directed edges from spatial nodes to their enclosing
surface nodes, encoding boundary relationships. Each
edge in Egp is associated with a weight W, which can
represent surface area, orientation alignment, or heat
transfer contribution.
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Fig. 1 CUGER graph representation of a building, illustrating simple
room conversion, non-convex space subdivision via airwall nodes, and
node—edge attribute support for graph-based simulation.

Airwall nodes are introduced as a special subclass of
surface nodes to partition non-convex rooms into convex
subspaces. This ensures that every space node
corresponds to a convex region with no internal angle
exceeding 180°, enabling consistent geometric reasoning
and physically meaningful graph embeddings.
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2.1.2 Physics embedding of external loads for graph
modeling

We introduce an abstract environmental state function
S (t) to represent the physical conditions affecting a space
at time t, including air temperature, humidity, and
radiative temperature. The indoor state of zone i is
denoted as S, ;(t), while the outdoor environment is
represented by S..(t) . Energy exchange between
environments is characterized by an operator C, which
abstracts thermal transmittance, ventilation effectiveness,
and surface heat transfer properties. The major
components of external disturbance heat gains are
modeled as follows:

Qi (t) = C[Sext(t) - Sint,i (t)] (2)

In physical reality, energy transfer between indoor
and outdoor environments occurs through envelope
surfaces rather than directly at the space level. Therefore,
we reformulate the above load model using a graph
representation.

Each indoor space §;(t) is connected to a set of
envelope surface nodes {F,;}, including external surfaces
F..: and internal partition surfaces Fy,. . External
disturbance heat gains can then be expressed as a surface-
wise aggregation:

Qext = z ?] (‘Sext - ‘Sint) + z :Fk (‘Sint,k - ‘Sint) (3)

JEFext k€Fext

In the graph, the interaction between a surface node
F and a space node § is encoded by an edge weight Ex g,
representing the effective thermal coupling. Under a linear
approximation, the net external heat gain can be simplified
as

Qext & ‘Sint z T]'ETL-,Sim (1 + O-ext,i) (4)
i

where 0,y ; is a binary or continuous mask indicating
whether surface F; is exposed to the outdoor
environment:

_ 0; 'Ti € ?ext
O-ext,i - {O, ?i € ?int (5)

This formulation unifies external and internal heat-
transfer effects into a single graph aggregation process.
Outdoor climatic influence is injected through masked
surface—space edges, while internal surfaces preserve their
original coupling weights. As a result, physical heat-
transfer mechanisms are naturally embedded into the
GNN message-passing scheme, providing a clear and
interpretable bridge between thermal physics and data-
driven graph learning. Fig. 2 illustrates a case study of an

architectural drawing to demonstrate the influence of
outdoor nodes on spatial nodes.

Outer face node

Quter edge
Outer window

: O/\/ node

Pm——————

Fig. 2 A schematic diagram of the building plan and its corresponding
graph structural slices. Part of Room 1's surface directly contacts the
external environment, thus forming heterogeneous graph information
such as outer face node and outer edge.

2.2 Graph neural network architecture

The proposed load prediction model embeds the
physical graph structure of a building into a graph neural
network (GNN). The building is represented as a multi-
zone heterogeneous graph consisting of two types of
nodes: space nodes S and envelope surface nodes F. Each
space node corresponds to a room or thermal zone, while
each surface node represents an envelope element such as
a wall, window, floor, or ceiling.

The learning objective is node-level prediction on
space nodes, i.e., estimating the energy response Qs for
each space. The GNN integrates geometric topology,
thermal coupling, and external climatic disturbances
through structured message passing, as described below.

2.2.1 Weather feature embedding and external injection

Outdoor meteorological conditions, including
temperature, humidity, wind speed, and solar radiation,
are first embedded into a latent feature vector using a
multilayer perceptron (MLP):

Xweather — MLP(Sext) (6)

Rather than directly attaching weather features to
space nodes, the external information is injected through
surface—space edges, reflecting the physical fact that
outdoor disturbances affect indoor spaces through
envelope elements. For an edge from surface node F; to
space node §;, the edge feature is defined as

eTj-»Si = [ETL-,SL-' xweather]' (7)

where Er, s, represents the effective thermal coupling
between the surface and the space.
To distinguish external and internal envelope
elements, a binary or continuous mask 0., ; is applied:
_ {[ETL-,SL-' xweather]' Ti € ?ext (8)
7% [Er,s,, 0], Fi € Fine
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Fig. 3 GNN encoding architecture for heterogeneous data

This design ensures that outdoor climate information
is only injected through physically exposed surfaces. Fig.
3 shows the architecture for the embedding processing.

2.2.2 Space—surface message passing

Graph convolution is performed exclusively between
space nodes and their adjacent surface nodes. Let V'(S;)
denote the set of envelope surfaces connected to space S;.
At layer [, the space node representation is updated as

(+1) 0} O]
hsl- = hSz + Conv [th, egrj_,gi], 9)
JEN(S))

where héli) and h;lj) are the latent features of space and

surface nodes, respectively.

The convolution operator Conv(-) is implemented as
a learnable weighted aggregation function (e.g., linear
transformation), allowing the model to learn the relative
contribution of different envelope elements to the space-
level thermal response. The residual connection preserves
stability and reflects energy accumulation over time.

2.2.3 Multi-layer aggregation and load prediction

By stacking multiple space—surface convolution
layers, each space node progressively aggregates
information from its surrounding envelope elements and
injected outdoor disturbances. After L convolution layers,
the final space node representation encodes both local
physical properties and external climatic influence.

The space-level thermal load is then predicted using
an output MLP:

05, = MLP[h{”] (10)

Through this architecture, the GNN jointly captures
graph topology, thermal coupling, and external
disturbance injection in a physically consistent manner.
The resulting model provides a unified framework that
bridges physics-based heat transfer modeling and data-
driven graph learning for building energy load prediction.

2.3 Graph-based transfer learning framework

Transfer learning aims to improve model performance
in data-scarce scenarios by reusing knowledge learned
from related tasks or domains. In the context of building
external loads prediction, we distinguish between a source
domain Dg, which contains multiple buildings with
sufficient simulation data, and a target domain Dy,
corresponding to a new building with limited labeled
samples. Although buildings in Dy and D may differ in
geometry, topology, and climate, they share common
physical heat-transfer mechanisms, which can be
exploited for knowledge transfer.

Let f(-;0) denote the proposed physics-embedded
GNN, parameterized by 8. The learning objective in the
source domain is

0 = argrrbin[E(G'Q)NDsL[f(G; 0),0], (11

where G denotes the building graph and Q represents
space-level external load response.

2.3.1 Domain-invariant graph feature transfer

The model parameters 6 can be decomposed into two
parts:

0= {GGNN'GMLP}' (12)

where Oy corresponds to the graph convolution layers
and 6y p denotes the space-level prediction head.
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The graph convolution layers encode physics-guided
message passing between space and surface nodes,
capturing generalizable thermal interaction patterns that
are largely independent of specific building instances.

Space Node 0 Space Node 2

Space Node 1

3 Experimental settings

This section introduces the experimental design and
datasets used to evaluate the proposed physics-informed
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Fig. 4 Scatter plots of predicted vs. ground-truth values for each space node.

Therefore, during transfer from Dg to Dy, the parameters
B¢y are frozen and directly reused:

Oinn = Odwn (13)
This strategy preserves physically consistent feature

extraction and prevents overfitting when only limited
target-domain data are available.

2.3.2 Target-domain adaptation via prediction head fine-
tuning

The output MLP maps the learned space-level graph
representations to external disturbance load predictions,
which may vary across buildings due to differences in
envelope properties, shading conditions, and climate
exposure. To account for these variations, only the
prediction head is fine-tuned using target-domain samples:

OyLp = arg %ingE(G,Q)~DTL[f(G; ngwv: Omp), Q] (14)

By restricting adaptation to the MLP layer, the
proposed framework efficiently transfers physics-guided
knowledge of envelope-driven heat transfer while
adapting to building-specific external load characteristics.
This strategy enables robust external load prediction
across buildings and climates with minimal target-domain
data, as demonstrated in the experimental evaluation.

20 30 Ground Truth(kWh/m?)

graph neural network (GNN) and the graph-based transfer
learning framework. Two experiments are conducted. The
first examines single-building external load prediction
under a limited data regime. The second evaluates cross-
building transfer learning for external load prediction.

3.1 Experiment I: load

prediction

Single-building external

The first experiment focuses on hourly external load
prediction for a single building using physically structured
graph representations. The prediction target is the space-
level external thermal load, driven by hourly weather
conditions. No internal gains or occupancy-related loads
are considered, ensuring that the task isolates envelope—
weather interactions.

The dataset consists of one full year of simulation data,
with hourly resolution (8760 samples). Each sample
includes:

) variables

radiation,

Hourly weather
temperature, solar
features),
A fixed building graph encoding spatial nodes
(spaces) and envelope component nodes (walls,
windows, roofs),
Edge attributes coupling weather inputs with
envelope component features.

Two models are compared: a multilayer perceptron
(MLP) baseline and the proposed physics-informed graph
neural network (GNN). The MLP directly maps weather

(e.g., outdoor
wind-related
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features to external load, whereas the GNN leverages a
graph representation of the building envelope, where
nodes correspond to envelope components and edges
encode their physical adjacency and heat transfer
relationships. Physical priors, such as surface orientation
and thermal properties, are embedded into node and edge
features.

3.2 Experiment II: Cross-building transfer learning
for external load prediction

To investigate the effectiveness of cross-building
transfer learning under limited data availability, a two-
stage training strategy was designed for external load
prediction. The core motivation is to leverage structural
and physical representations learned from a source
building dataset to improve prediction performance on a
target building with scarce labeled data.

The transfer learning framework consists of a
pretraining stage and a fine-tuning stage. During
pretraining, the GNN model is trained on a source-domain
dataset to learn generic building-level representations. In
the transfer stage, the pretrained model is adapted to the
target-domain dataset by freezing all graph convolution
layers and updating only the fully connected (FC) layers.
This design aims to preserve transferable spatial—
topological features while allowing lightweight
adaptation to the target building.

Two transfer scenarios were considered.

® Task 1 uses a building dataset (with 681

different buildings and their external load in the
same weather condition) split into source and
target domains with a 6:4 ratio, simulating a
partial data availability scenario within similar
building contexts.

® Task 2 uses an additional independent dataset

(with 220 different buildings and their external
load in the different weather condition) as the
target domain, representing a more challenging
cross-building transfer setting.

The source and target sample sizes for Task 1 are 544
and 137, respectively, while Task 2 contains 681 source
samples and 220 target samples.

For both tasks, pretraining was conducted for 50
epochs with a batch size of 8 and a learning rate of
1 % 1073, Transfer learning was then performed for 50
epochs using a reduced learning rate of 1 X 107%,
following standard fine-tuning practice. All evaluations
were performed on denormalized (real-scale) energy
values to reflect practical prediction accuracy.

4 Results and discussion
4.1 GNN prediction performance evaluation results in
a single building

GNN model was trained and evaluated on a single-
building dataset using the optimal hyperparameter

configuration identified in the previous section, consisting
of two heterogenous layers, one MLP layer, a hidden
dimension of 16, a batch size of 72, and a learning rate of
5x 1073, The dataset was randomly split into training
and testing subsets with an 80:20 ratio, and the model was
trained for 50 epochs using ReL U activations.

Under this configuration, the training process
converged within approximately 40 epochs, with stable
training and testing losses. To assess robustness, the
experiment was repeated five times with different random
initializations. This model achieved an average MAE of
7.96 + 0.49, an RMSE of 16.41 + 0.40, and an R? of
0.88 £ 0.01, indicating stable and accurate zone-level
energy predictions.

Fig. 4 shows predicted versus ground-truth hourly
energy consumption for individual zones. Zones with
higher energy intensity and larger dynamic ranges exhibit
stronger correlations, while low-load zones show larger
relative dispersion. Overall, GNN maintains consistent
predictive performance across heterogeneous zones

within the building.
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Fig. 5 (a) MAE and scaled MAE as a function of training data ratio. (b)
RMSE and scaled RMSE across different training ratios. (c) Training
and validation loss comparison under varying data availability. (d) R?
versus training ratio.

GNN was further compared with a baseline MLP
model under varying training data ratios. While the MLP
directly maps weather inputs to zone energy demand,
GNN incorporates building topology through message
passing between space and face nodes. As shown in Fig.
5, GNN converges faster and achieves lower training and
validation losses than MLP. Across different training
ratios, GNN consistently outperforms MLP in terms of
MAE, RMSE, and R?, particularly in low-data regimes,
demonstrating superior data efficiency. With increased
training data, the performance gap between the two
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models narrows, and MLP shows improved absolute
accuracy. These results indicate that GNN is better suited
for structure-aware energy prediction tasks under limited
data availability, while MLP benefits more strongly from
large datasets.

4.2 Transfer learning results and effectiveness analysis

The quantitative results of the transfer learning
experiments are summarized in Tab. 1 and Fig. 6. Overall,
transfer learning leads to consistent but task-dependent
improvements compared with training from scratch on the
target-domain data.

For Task 1, where the source and target domains are
derived from the same dataset, transfer learning yields a
modest improvement of approximately 3% in R?
compared with direct training. This indicates that when
domain similarity is high and data distribution differences
are limited, the benefit of transfer learning is constrained
but still observable.

For Task 2, which involves an independent target
dataset, the performance gain becomes more pronounced.
Transfer learning improves the R? score by
approximately 12%, accompanied by noticeable
reductions in MAE and RMSE. This suggests that
pretrained representations learned from a larger and
structurally similar source building can effectively
compensate for data scarcity in the target domain.

Tab. 1 Model performance metrics on different tasks

TrainLoss Val MAE Val RMSE Val R2

Original 0.010356 49.3019 79.5901 0.7495
Task 1 0.008992 33.1911 56.2691 0.7903
pretrained

Task 1 0.009029 49.7019 79.6080 0.7726
transfer

Task 2 0.010199 43.2707 74.1928 0.7755
pretrained

Task 2 0.011612 41.2325 65.7275 0.7784
transfer

Loss R2
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Fig. 6 Training dynamics of the original (non-transfer) models on Task
1 (T1) and Task 2 (T2), showing the evolution of loss (dashed lines)
and R? (solid lines) over training epochs.

From a computational perspective, transfer learning
also demonstrates clear efficiency advantages. Training
from scratch on the small target dataset (220 samples) for

50 epochs requires approximately one minute. In contrast,
the transfer strategy involves a one-time pretraining cost
(about two minutes) and a very short fine-tuning phase on
new data (around four seconds), while enabling reuse of
the pretrained model for future buildings. This trade-off is
favorable in multi-building deployment scenarios.
Overall, while transfer learning does not dramatically
alter prediction accuracy in all cases, it provides
measurable performance gains under small-sample
conditions, particularly for cross-building generalization,
and significantly reduces the marginal cost of adapting the
model to new buildings. These results support the
practicality of transfer learning as an effective strategy for
data-limited building energy prediction tasks.

4.3 Discussion

The results demonstrate that incorporating building
topology through a heterogeneous GNN yields clear
advantages over purely data-driven baselines, particularly
under limited data availability. The consistently higher
accuracy and faster convergence observed in low-data
regimes confirm that explicit structural priors help
constrain the hypothesis space and improve generalization
at the zone level. The transfer learning experiments further
support this interpretation: when the target building shares
structural ~similarity with the source, pretrained
representations can effectively reduce data dependency
and adaptation cost, making the approach practical for
multi-building deployment scenarios.

However, several limitations should be acknowledged.
First, the experiments are restricted to a small number of
buildings and climates, and the observed transfer gains
may not directly generalize to buildings with substantially
different typologies, operational schedules, or HVAC
control strategies. Second, the current model focuses
primarily on envelope-driven and weather-driven loads,
while internal gains and occupant behavior are treated
implicitly, which may limit performance in zones
dominated by stochastic usage patterns. Third, although
the GNN improves interpretability at a structural level, the
learned message-passing features remain only partially
transparent in physical terms. Finally, the study does not
include a dedicated ablation analysis to rigorously isolate
and quantify the contribution of the proposed physical
embedding mechanism; therefore, the specific
performance gains attributable to this design choice
cannot yet be conclusively demonstrated.

Future work will focus on extending validation to
more diverse building stocks and climates, incorporating
richer operational and occupancy-related features, and
exploring physics-informed regularization to further align
learned representations with physical energy balance
constraints. In addition, adaptive transfer strategies that
explicitly account for cross-building heterogeneity may
further improve robustness and scalability.

5 Conclusion
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This study proposed a Graph-based Physics-
Embedded Transfer Learning framework for multi-zone
building external disturbance load prediction, aiming to
bridge the gap between physical interpretability and data
efficiency. By representing buildings as heterogeneous
graphs composed of space and envelope surface nodes,
and by embedding fundamental heat transfer mechanisms
directly into the message-passing process, the proposed
approach provides a physically grounded yet flexible
modeling paradigm suitable for early-stage design and
data-scarce scenarios.

The experimental results demonstrate that the
physics-informed GNN consistently outperforms a purely
data-driven MLP baseline in single-building prediction
tasks, particularly under limited training data. The
advantage is most evident in low-data regimes,
confirming that explicit structural and physical priors help
constrain learning and improve generalization. Moreover,
the transfer learning experiments show that freezing
physics-guided graph convolution layers and fine-tuning
only the prediction head enables effective knowledge
reuse across buildings and climates. This strategy yields
measurable performance gains and substantially reduces
the marginal cost of adapting models to new buildings,
supporting its practicality for scalable deployment.

Overall, the framework demonstrates a practical and
scalable approach for structure-aware and transferable
building energy modeling, with clear potential for
extension to more comprehensive building performance
prediction tasks.

The study was supported by the National Natural Science
Foundation of China (Grant No.52425801, 52394223 and
52130803), and the Tsinghua University Initiative Scientific
Research Program (Grant No.20257020014).
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