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Abstract
Carbon intensity forecasting is vital for optimizing carbon-aware
systems to reduce their carbon footprint. Existing methods focus
on data-rich regions, yet most areas lack sufficient carbon data
due to carbon intensity’s inherent measurement limitations (i.e.,
reliance on indirect estimation rather than direct sensor metering)
and dependence on upstream entities like grid operators for data
disclosure. We propose DGCFM, a Dual Graph empowered Carbon-
domain Foundation Model, enabling cross-regional general carbon
intensity forecasting, especially for data-scarce regions. DGCFM
builds on a pre-trained Time Series Foundation Model (TSFM) with
strong generalization capabilities to capture temporal patterns un-
der data constraints, empowered by metadata-driven carbon hy-
pergraph fine-tuning and a spatiotemporal graph to capture spatial
dependency in carbon networks. Evaluated on real-world datasets,
DGCFM achieves 20.04% average accuracy improvement in low-
data scenarios.

CCS Concepts
• Social and professional topics→ Sustainability; • Comput-
ing methodologies→ Neural networks.
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1 Introduction
While Artificial Intelligence (AI) has made tremendous progress
in recent years [4, 5], it has also brought about some social prob-
lems. As part of the United Nations’ sustainable development goals,
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there is increasing interest in the Artificial Intelligence (AI) research
community in developing techniques to address societal problems
[3, 11, 14, 18, 21, 22, 31, 33], especially to facilitate the decarboniza-
tion of computing [2, 7, 15, 20, 25]. Recently, carbon demand-side
techniques have been proposed to reduce the operational carbon
footprint of carbon-aware systems resulting from consuming elec-
tricity, i.e., shift electricity demand from periods when the carbon
intensity of electricity is high to periods when it is low. For exam-
ple, cloud computing providers leverage the variations in carbon
intensity to schedule workloads since some computing loads ex-
hibit temporal elasticity [1, 28] and LLM inference can reduce its
carbon footprint by guiding the autoregressive generation process
according to carbon intensity [13]. However, the effectiveness of
such carbon-aware systems fundamentally depends on accurate
electricity carbon intensity forecasting, a critical yet underexplored
component in current implementations.

The carbon intensity of electricity (in 𝑔𝑟𝑎𝑚𝑠/𝑘𝑊ℎ) is defined
as the average amount of carbon released per unit of electricity
generated. Carbon intensity forecasting is already being used in
the decarbonization of society, e.g., the commercial service Electric-
ityMaps [19] offers regional carbon forecasts to major firms (e.g.,
Google, Microsoft) for their carbon reduction. Academic efforts
have proposed various forecasting models [16, 32], but these typi-
cally require substantial historical carbon intensity data from target
regions. However, the distribution of the carbon data is uneven
across regions due to carbon intensity’s inherent measurement
limitations (e.g., reliance on indirect estimation rather than direct
sensor metering) and dependence on upstream entities like grid op-
erators for data disclosure. For instance, while developed countries
generally possess comprehensive carbon data, developing coun-
tries frequently experience significant data gaps. This data scarcity
creates a critical performance gap: existing models exhibit signifi-
cantly degraded accuracy when applied to regions with insufficient
historical data, thereby hindering global decarbonization efforts
through computing solutions.

In this paper, we present a holistic study by formulating a new
General Carbon Intensity Forecasting problem (GCIF). To solve
GCIF, we proposeDGCFM, a newDualGraph (i.e., a spatial-temporal
carbon graph and a metadata-assisted carbon hypergraph) empow-
ered Carbon-domain time series FoundationModel. First, we intro-
duce carbon flows, which collectively establish a carbon network.
Then, we model the carbon network as a spatial-temporal carbon
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graph. To uncover complex temporal patterns under insufficient
carbon data, DGCFM leverages a pre-trained Time Series Founda-
tion Model (TSFM). The TSFM is a large model pre-trained on vast
quantities of time series data and has strong generalization capabil-
ity in time series tasks. Furthermore, we adapt the TSFM to carbon
intensity forecasting through a metadata-assisted carbon hyper-
graph enhanced fine-tuning on carbon datasets. To uncover the
complex spatial dependency, we propose a Physical Node-aware
Graph Neural Network (PNGNN) to empower the ability of the
TSFM to capture the spatial dependency.

We evaluate DGCFM on 102 real-world datasets, including car-
bon intensity and partial electricity transmission data for 102 re-
gions. We use 81 datasets to fine-tune the TSFM backbone in
DGCFM, and 21 datasets to construct a carbon network to evaluate
the model. Our evaluations show that our model can achieve an
improvement of 20.04% as compared to the state-of-the-art carbon
forecasting model in the carbon data-limited scenario.

The contributions of this paper can be summarized as follows:

• We present a new study of carbon intensity forecasting
across diverse regions and formulate it as a new carbon
intensity forecasting problem, GCIF. We model GCIF as a
spatial-temporal carbon graph by introducing carbon flows.
• We propose DGCFM, a general carbon domain foundation
model for carbon intensity forecasting across diverse regions.
DGCFM leverages the pre-trained TSFM to achieve the gen-
eral capability of uncovering temporal dependency under
insufficient carbon data. Furthermore, DGCFM leverages the
dual graph to empower TSFM to capture spatial dependency.
• We conduct an evaluation of DGCFM on 102 real-world car-
bon datasets. The results demonstrate that DGCFM steadily
outperforms the state-of-the-art baseline.

2 Background on Carbon Intensity
The carbon emission factor (in g/kWh) is defined as the quantity
of carbon emission per unit of electricity generated by a specific
energy source. The carbon emission factors of brown sources (e.g.,
coal, gas, etc.) are usually much higher than that of green sources
(e.g., wind, solar, etc.). Estimating the carbon emission factor is a
separate problem and is beyond the scope of this paper. Instead, we
take carbon emission factors as inputs as Table 1 shows.

The carbon intensity of electricity supplied by a power grid is the
carbon emission rate (in 𝑔/𝑘𝑊ℎ) when the electricity is generated,
i.e., the total amount of carbon emitted (𝐺𝑟𝑎𝑚) as against the elec-
tricity generation (𝐾𝑖𝑙𝑜𝑤𝑎𝑡𝑡 − 𝐻𝑜𝑢𝑟 ). It is the weighted average of
carbon emissions by each energy source due to electricity gener-
ated by them. Mathematically, the carbon intensity of electricity
generated at any time is as follows:

𝐶𝑎𝑟𝑏𝑜𝑛 𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦 =

∑
𝑒 𝑓 𝑘 × 𝐸𝑘∑

𝐸𝑘
(1)

where 𝑒 𝑓 𝑘 is the carbon emission factor and 𝐸𝑘 is the electricity
generated by energy source 𝑘 .

3 Problem Statement
3.1 Spatial-Temporal Carbon Network Modeling
In this section, we model the carbon intensity and electricity ex-
changes into a spatial-temporal carbon network. Let 𝐸𝑖 (𝑡) represent
the electricity generation of grid 𝑖 at time 𝑡 . Recall that electricity is
a mix of the electricity generated by each energy source (e.g., gas,
wind, etc). LetW represent the set of energy sources and𝑊 = |W|.
Let 𝐸𝑘𝑖 (𝑡) represent the electricity generated by energy source 𝑘
in grid 𝑖 . Then we have 𝐸𝑖 (𝑡) =

∑
𝑘∈W 𝐸𝑘𝑖 (𝑡). Let 𝑒 𝑓 𝑘 denote the

carbon emission factor associated with the energy source 𝑘 . The
carbon emission factors for the predominant energy sources utilized
in electricity generation are detailed in Table 1.

Since some renewable energy sources (e.g., wind, solar, etc)
change with time, the composition of electricity generated by a
power grid 𝑖 fluctuates over time. These fluctuations result in dy-
namic carbon emissions. At timestamp 𝑡 , a power grid 𝑖 generates
electricity from various energy sources. This variability is due to
fluctuations in certain energy sources, such as solar and wind, at
different times. Consequently, carbon emissions are dynamic and
vary over time.

Carbon intensity 𝑐𝑖 (𝑡) is defined as the ratio of the total carbon
emitted against the total electricity generation. Specifically, 𝑐𝑖 (𝑡) =∑

𝑘∈W 𝑒 𝑓 𝑘 × 𝐸𝑘 (𝑡)/𝐸 (𝑡).
When two power grids have transmission links, they can trade

electricity in practice. They are referred to as neighboring grids. Let
𝑖 and 𝑗 represent two regional power grids. The electricity flow
𝑓 𝑒𝑖 𝑗 (𝑡) represents the total amount of electricity exchange from grid
𝑖 to grid 𝑗 in a period of time starting at timestamp 𝑡 . Note that
the grid 𝑗 bears the carbon emitted by the electricity flow 𝑓 𝑒𝑖 𝑗 from
power grid 𝑖 . Intuitively, we can think the carbon "flows" from the
power grid 𝑖 to 𝑗 . Then, we call this carbon flow. Let carbon flow
𝑓 𝑐𝑖 𝑗 (𝑡) denote the amount of carbon emitted by the electricity flow
𝑓 𝑒𝑖 𝑗 (𝑡) at time 𝑡 , which is the total amount of carbon associated with
the corresponding electricity in power grid 𝑖 and transmitted to grid
𝑗 at time 𝑡 . Therefore, 𝑓 𝑐𝑖 𝑗 (𝑡) = 𝑓 𝑒𝑖 𝑗 (𝑡) × 𝑐𝑖𝑖 (𝑡). We formally present
the spatial-temporal carbon network modeling in the following.

• Spatial-temporal carbon network. At each timestamp
𝑡 , we represent a carbon network using a directed graph
G = (V, E,A). The set of nodes V = 𝑣1, ..., 𝑣𝑛 represents
regional power grid, with |V| = 𝑛. Let E denote a set of
links, where directed link (𝑣𝑖 , 𝑣 𝑗 ) represents that power grid
𝑣 𝑗 can directly import electricity from power grid 𝑣𝑖 . The
connectivity among the power grids is represented by a
binary adjacency matrix A ∈ R𝑛×𝑛 .
• Carbon intensity time series. This is a feature on nodes
and also the input of our learning model. Recall that 𝑐𝑖𝑖 (𝑡)
represents the carbon intensity of a grid 𝑖 at timestamp 𝑡 . We
use a vector 𝒄 𝒊𝑖 = {𝑐𝑖𝑖 (0), ..., 𝑐𝑖𝑖 (𝑡)} to represent the carbon
intensity time series of grid 𝑖 from time 0 to 𝑡 , and a vector
𝒄 𝒊(𝑡) = {𝑐𝑖0 (𝑡), ..., 𝑐𝑖𝑖 (𝑡)} to denote the carbon intensity of
all grids at time 𝑡 . We denote the carbon intensity time series
of all grids from time 0 to t as a two-dimensional matrix
𝑪𝑰 = {𝒄 𝒊𝒊}.
• Electricity flow time series. This is a feature on edges
and also the input of our learning model. Recall that 𝑓 𝑒𝑖 𝑗 (𝑡)
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Table 1: Carbon emission factors (g/kWh) for energy sources

Emission factors Oil Coal Natural gas Nuclear Wind Solar Hydro Geothermal Biomass Other
Life-cycle emissions 650 820 490 12 11 45 24 38 230 700

represents the electricity flow from grid 𝑖 to 𝑗 at timestamp 𝑡 .
We use the matrix 𝒇 𝒆 (𝑡) = {∀𝑖, 𝑗, 𝑓 𝑒𝑖 𝑗 (𝑡)} ∈ RE to represent
all the electricity flows of a carbon network at times 𝑡 . We
denote the electricity flow time series of a carbon network at
time 𝑡 as a three-dimensional matrix 𝑭 𝒆 = {𝒇 𝒆 (0), ...,𝒇 𝒆 (𝑡)}.

3.2 Problem Formulation
Problem GCIF (General Carbon Intensity Forecasting): Given
the carbon network G = (V, E,A), historical carbon intensity
time series data 𝑪𝑰 = {(𝒄 𝒊(0), ..., 𝒄 𝒊(𝑡)}, historical electricity flow
time series data 𝑭 𝒆 = {𝒇 𝒆 (0), ...,𝒇 𝒆 (𝑡)}, learn an general predictive
model 𝑦 = 𝑓 (G, 𝑪𝑰 , 𝑭 𝒆), which can infer the day-ahead carbon
intensity of electricity across diverse regions (i.e., regions with
insufficient/sufficient carbon data).

4 Methods
The overall architecture of DGCFM is exhibited in Figure 1. The
input of DGCFM is historical carbon intensity and electricity. Ini-
tially, we map the spatial-temporal carbon network into a spatial-
temporal carbon graph. Subsequently, DGCFM leverages a Physical
Node-aware Graph Neural Network (PNGNN) to capture the spatial
dependency in the carbon graph with physical constraints. Then,
DGCFM leverages a fine-tuned TSFM enhanced by a metadata-
assisted carbon hypergraph to capture the complex temporal de-
pendency, especially under insufficient data. Finally, a fusion block
fuses the spatial representation output by PNGNN and the temporal
representation output by the TSFM to generate forecasting results.

4.1 Physical Node-aware GNN
In the carbon network, nodes are subject to physical constraints.
For instance, certain nodes exclusively function as exporters or
importers, while others can serve as both importers and exporters.
Additionally, inflow and outflow have different accounting methods
for the carbon intensity [26]. To capture such physical constraints,
we develop a physical node-aware embedding mechanism based on
the message-passing framework [8] and attention mechanism[29]
to capture the complex spatial dependency as described in Algo-
rithm 1. We will introduce them in detail in the following.

Here, we summarize the types of nodes with different physical
constraints:
• Exporter Node: Its carbon intensity remains unaffected by
neighboring grids or electricity flows.
• Importer Node: Its carbon intensity will be affected by all
neighboring grids and electricity inflows and outflows.
• Mixed node: Its carbon intensity will be impacted by the
neighboring grids exporting electricity to it and electricity
inflows and outflows.

Here, we summarize the types of edges:
• Outcoming electricity arc: It will not affect the carbon inten-
sity of the node.

Algorithm 1: Physical Node-Aware Embedding Mecha-
nism
Input: Carbon Network G, node features ci𝑝 , edge features

f𝑒,𝑝

Output: Node embeddings 𝑐𝑝
𝑖

for each node 𝑖 ∈ G do
Determine the neighboring node set N𝑖 for node 𝑖;
if Exporter node i then
N𝑖 ← {𝑖}, E𝑖 ← ∅;

else if Importer node i then
N𝑖 ← N𝑎𝑙𝑙

𝑖 , E𝑖 ← E𝑎𝑙𝑙𝑖 ;
else if Mixed node i then
N𝑖 ← { 𝑗 | 𝑗 exports to 𝑖};
E𝑖 ← {𝑒 𝑗𝑘 | 𝑗 exports to 𝑖};

Compute node attention weights;
for each 𝑗 ∈ N𝑖 do

𝛼𝑛𝑖 𝑗 ←
exp

(
𝜎

(
a⊤𝑛 [W𝑛ci

𝑝

𝑖
∥W𝑛ci

𝑝

𝑗
]
))

∑
𝑘∈N𝑖 exp

(
𝜎

(
a⊤𝑛 [W𝑛ci

𝑝

𝑖
∥W𝑛ci

𝑝

𝑘
]
)) ;

Compute edge attention weights;
for each 𝑘 ∈ E𝑖 do

𝛼𝑒
𝑖𝑘
←

exp
(
𝜎

(
a⊤𝑒 [W𝑛ci

𝑝

𝑖
∥W𝑒 f

𝑒,𝑝

𝑘
]
))

∑
𝑗∈E𝑖 exp

(
𝜎

(
a⊤𝑒 [W𝑛ci

𝑝

𝑖
∥W𝑒 f

𝑒,𝑝

𝑗
]
)) ;

Aggregate node, edge features, and get node embedding;

𝑐𝑖
𝑝

N𝑖 ← 𝜎

(
W𝑛

∑
𝑗∈N𝑖 𝛼

𝑛
𝑖 𝑗ci

𝑝

𝑗

)
;

𝑐𝑖
𝑝

E𝑖 ← 𝜎

(
W𝑒

∑
𝑘∈E𝑖 𝛼

𝑒
𝑖𝑘
f𝑒,𝑝
𝑘

)
;

𝑐𝑖
𝑝

𝑖 ← CONCAT(𝑐𝑖𝑝N𝑖 , 𝑐𝑖
𝑝

E𝑖 );

• Incoming electricity arc: It can affect the carbon intensity of
the node.

Within each iteration of the GNN, node embeddings are updated.
This operation involves each node aggregating features. Specifi-
cally, the electricity flow and carbon intensity sequences from its
neighbors are weighted by learnable attention coefficients (𝛼). This
aggregation process is governed by rules based on the node’s role:
(1) Pure Exporters: a node functioning solely as an exporter com-
putes its embedding based exclusively on its own features. (2) Pure
Importers: a node functioning solely as an importer generates its
embedding by aggregating the features of all neighboring nodes,
their connecting links, and the corresponding weights. (3) Mixed
Nodes (Importer/Exporter): a node serving dual roles generates its
embedding from neighboring nodes, links, and weights, but explic-
itly excludes contributions from neighbors that import from it and
their associated flows.
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Figure 1: The overall architecture of DGCFM.

To ensure compliance with physical rules, we introduce a node-
aware embeddingmechanism. Thismechanism employs an attention-
based approach to learn node representations. Specifically, the em-
bedding for each node 𝑖 is computed via a weighted aggregation
of features from its neighbors and edges. Let N𝑎𝑙𝑙

𝑖 represent the
set of all nodes connected to 𝑖 (including 𝑖 itself) and E𝑎𝑙𝑙𝑖 be the
corresponding set of connecting edges. A key aspect of our model
is that the effective neighborhood used for aggregation, denoted as
N𝑖 ⊆ N𝑎𝑙𝑙

𝑖 and E𝑖 ⊆ E𝑎𝑙𝑙𝑖 , is not static. Instead, it is defined for each
node 𝑖 based on the specific physical rules governing that node.
We will first delineate the construction of these rule-contingent
neighborhood sets (N𝑖 and E𝑖 ) and subsequently demonstrate the
embedding calculation derived from them.

For a pure exporter node 𝑖 , the node-aware embedding is de-
rived exclusively from its own features. This results in neighboring
nodes set N𝑖 = {𝑖} and the neighboring edges set E𝑖 = ∅. For a
pure importers node 𝑖 , the node-aware embedding is calculated
considering all the nodes and edges that are connected to it. This
leads to the neighboring nodes set N𝑖 =N𝑎𝑙𝑙

𝑖 and the neighboring
edges set E𝑖 = E𝑎𝑙𝑙𝑖 . For a mixed node 𝑖 , the node-aware embedding
is calculated based solely on the nodes and edges exporting to it.
Consequently, the neighboring nodes set is N𝑖 ⊂ N𝑎𝑙𝑙

𝑖 and the
neighboring edges set is E𝑖 ⊂ E𝑎𝑙𝑙𝑖 .

Given the neighborhood definitions (N𝑖 , E𝑖 ), we can compute the
node-aware embedding.Let the input features from these neighbor-
hoods at time 𝑡 be ci𝑝

𝑖
(𝑡) = {𝑐𝑖𝑝1 (𝑡), . . . , 𝑐𝑖

𝑝

𝑁𝑖
(𝑡)} (node features) and

f𝑒,𝑝
𝑖
(𝑡) = {𝑓 𝑒,𝑝1 (𝑡), . . . , 𝑓

𝑒,𝑝

𝐸𝑖
(𝑡)} (edge features), where 𝑁𝑖 = |N𝑖 | and

𝐸𝑖 = |E𝑖 |. The embedding weight 𝛼𝑛𝑖 𝑗 (𝑡) for node 𝑖 is then defined
as

𝛼𝑛𝑖 𝑗 (𝑡) =
𝑒𝑥𝑝 (𝜎 (𝑎𝑇𝑛 [𝑊𝑛𝑐𝑖

𝑝

𝑖
(𝑡)∥𝑊𝑛𝑐𝑖

𝑝

𝑗
(𝑡))]))∑

𝑘∈N𝑖 𝑒𝑥𝑝 (𝜎 (𝑎𝑇𝑛 [𝑊𝑛𝑐𝑖
𝑝

𝑖
(𝑡)∥𝑊𝑛𝑐𝑖

𝑝

𝑘
(𝑡))]))

, (2)

where𝑊𝑛 denotes a learnable weight matrix linearly transform-
ing the node features into high-level features, 𝑎𝑛 represents the
parameter vector of a feed-forward network with a single layer,

and 𝜎 is the activation function. Similarly, the embedding weight
of edge 𝑘 ∈ E𝑖 to node 𝑖 can be defined as 𝛼𝑒

𝑖𝑘
(𝑡), and is given by:

𝛼𝑒
𝑖𝑘
(𝑡) =

𝑒𝑥𝑝 (𝜎 (𝑎𝑇𝑒 [𝑊𝑛𝑐𝑖
𝑝

𝑖
(𝑡)∥𝑊𝑒 𝑓

𝑒,𝑝

𝑗
(𝑡))]))∑

𝑗∈E𝑖 𝑒𝑥𝑝 (𝜎 (𝑎𝑇𝑒 [𝑊𝑛𝑐𝑖
𝑝

𝑖
(𝑡)∥𝑊𝑒 𝑓

𝑒,𝑝

𝑗
(𝑡))]))

, (3)

where𝑊𝑒 denotes a learnable weight matrix linearly transforming
the edge features into high-level features, and 𝑎𝑒 represents the
parameter vector of a feed-forward network with a single layer.

Once the attention weights 𝛼𝑛𝑖 𝑗 (𝑡) and 𝛼𝑒𝑖𝑘 (𝑡) are learned, the
node-aware embedding for 𝑖 is derived. This embedding is formed
by concatenating the weighted sums of neighboring node and edge
features. We define these weighted sums, 𝑐𝑖𝑝N𝑖 (𝑡) (for nodes) and
𝑐𝑖

𝑝

E𝑖 (𝑡) (for edges), as follows:

𝑐𝑖
𝑝

N𝑖 (𝑡) = 𝜎 (𝑊𝑛 ·
∑︁
𝑗∈N𝑖

𝛼𝑛𝑖 𝑗 (𝑡)𝑐𝑖
𝑝

𝑗
(𝑡)), (4)

and
𝑐𝑖

𝑝

E𝑖 (𝑡) = 𝜎 (𝑊𝑒 ·
∑︁
𝑘∈E𝑖

𝛼𝑒
𝑖𝑘
(𝑡) 𝑓 𝑒,𝑝

𝑘
(𝑡)) . (5)

The final node-aware embedding 𝑐𝑖𝑝𝑖 (𝑡) is then derived by con-
catenating the weighted node sum, 𝑐𝑖𝑝N𝑖 (𝑡), with the weighted edge
sum, 𝑐𝑖𝑝E𝑖 (𝑡).

𝑐𝑖
𝑝

𝑖 (𝑡) = (𝑐𝑖
𝑝

N𝑖 (𝑡)∥𝑐𝑖
𝑝

E𝑖 (𝑡)) (6)

4.2 Carbon Hypergraph Enhanced TFSM
Fine-tuning.

To solve the challenge of learning the complex temporal patterns,
especially under insufficient carbon intensity data, we leverage the
capability of Chronos [2], a state-of-the-art TSFM with strong zero-
shot and few-shot capability developed by AWS. We select Chronos
(specifically, the Chronos-T-Large variant) as our TSFM backbone
for its demonstrated generalization performance. Note that the pre-
trained TSFM is a building block for DGCFM, and the evolution of
TSFM will benefit DGCFM. Note that the existing TSFMs are not
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Figure 2: Example of metadata-assisted carbon hypergraph
and two-phase clustering.
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Figure 3: The energy structure (installed capacity per produc-
tion type) in different countries.

trained on carbon intensity data, which can lead to suboptimum
performance in carbon intensity forecasting. Therefore, we adapt
the TSFM to carbon intensity forecasting by fine-tuning it on the
carbon intensity dataset. The adaptation is not easy since carbon
intensity’s inherent measurement limitations (e.g., reliance on indi-
rect estimation rather than direct sensor metering) and dependence
on upstream entities like grid operators for data disclosure, which
leads to most regions having limited carbon data. Moreover, the
differences in the energy structure of each region lead to different
temporal patterns in each region.

We propose a metadata-assisted carbon hypergraph to help the
fine-tuning process by a two-phased clustering. The function of this
carbon hypergraph is to select appropriate carbon data in relevant
regions and avoid negative transfer in the fine-tuning process for
the target regions, especially the regions with insufficient data.

4.2.1 Metadata analysis. To effectively adapt the Time Series Foun-
dation Model (TSFM) to data-scarce regions, it is crucial to identify
regions that share similar carbon intensity characteristics. We posit
that the energy structure (i.e., the installed capacity of different gen-
eration sources) serves as the fundamental determinant of carbon
intensity (CI) temporal patterns.

As illustrated in Figure 3, the composition of energy sources
varies significantly across different geographical regions. For exam-
ple, Norway relies almost exclusively onHydro, France is dominated
by Nuclear, while other nations possess diverse mixes of fossil fuels
and renewables. This heterogeneity in energy structure directly
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Figure 4: The hourly carbon intensity trace, with lower values
during day when solar production is high in Italy and higher
values during day in Ireland where there is no solar power.

dictates the electricity generation mix, which in turn drives the
temporal fluctuations of carbon intensity.

We show this correlation by analyzing the hourly CI traces of
regions with distinct energy structures, as shown in Figure 4. As
observed in Figure 3, Italy possesses a non-negligible proportion of
solar power capacity. Consequently, its carbon intensity curve in
Figure 4 exhibits a distinct "valley" or lower values during daylight
hours (roughly 09:00 to 17:00). This occurs because high solar irra-
diance during the day generates zero-carbon electricity, displacing
the need for carbon-intensive fossil fuel generation despite high
daytime electricity demand. Conversely, Ireland’s energy structure
in Figure 3 is characterized by a high share of wind power but
negligible solar capacity. As a result, its CI trace in Figure 4 shows
higher values during the day. Without significant solar generation
to offset the high daytime electricity demand, the grid must rely
more heavily on dispatchable fossil fuel sources (e.g., gas and coal)
to maintain stability, leading to a peak in carbon intensity during
business hours.

These observations demonstrate that different energy structures
lead to distinct CI temporal patterns. Therefore, the energy struc-
ture acts as a reliable metadata for the carbon dataset. By utilizing
energy structure as metadata, we can quantify the similarity be-
tween regions and construct a carbon hypergraph that enables
effective knowledge transfer from data-rich to data-scarce regions
with similar energy compositions.

4.2.2 Metadata-assisted carbon hypergraph generation. Here, the
energy structure (e.g., solar, wind, coal, etc.) can be considered as
a type of metadata for the carbon dataset of each region. These
data are all available in the regions without carbon intensity data.
We generate the carbon hypergraph assisted by the metadata, as
Figure 2 shows. The metadata is utilized to infer the edges in the
hypergraph, where an edge between a group of source regions and
a target region represents a feasible transfer case, and its weight
indicates the predicted performance of that transfer.

We use these edges to estimate the globally optimal transfer
policy in TSFM fine-tuning. To get the weight of edges, i.e. the
correlation of different regions, our idea is to leverage the num-
ber of common neighbors in the carbon hypergraph for distance
measurement. The hypothesis is that the carbon data of a region
should be more similar to another region, if it has higher numbers of
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shared metadata. We employ the Jaccard Distance[10] to compare
the number of shared neighbors between nodes 𝑖 and 𝑗 as follows,

𝑑 𝑗𝑑 (𝑖, 𝑗) = 1 − |𝑁𝑖 ∩ 𝑁 𝑗 |/|𝑁𝑖 ∪ 𝑁 𝑗 | (7)

where 𝑁𝑖 , 𝑁 𝑗 represent metadata and neighbors of node 𝑖 , 𝑗 . For
all possible region pair nodes (𝑖, 𝑗), the output is named prior dis-
tance matrix as Figure 2 shows, which is computed using metadata,
i.e., 𝑑𝑚𝑒𝑡𝑎 = [𝑑 𝑗𝑑 (𝑖, 𝑗)].

The final step involves inferring correlation mapping of different
regions based on an affinity matrix derived fromweighted metadata
and training samples as follows,

𝑑 =𝑤0𝑑𝑚𝑒𝑡𝑎 +𝑤1𝑑𝑠𝑎𝑚𝑝 (8)

where 𝑑𝑠𝑎𝑚𝑝 denotes the distance matrix computed with samples
using cosine similarity. The weights𝑤0 and𝑤1 are hyperparameters
that balance the influence of static metadata and dynamic sample
similarity.

We use a two-phased clustering, i.e., prior clustering with meta-
data and posterior clustering with samples. The prior clustering
phase establishes clusters based on metadata, which is particularly
useful for regions with insufficient carbon data. Subsequently, the
posterior clustering phase performs further clustering using histor-
ical training samples, building upon the prior clusters, i.e

Ψ = 𝑐𝑏 (𝑠, 𝑑𝑠𝑎𝑚𝑝 |𝑐𝑎 (𝑑𝑚𝑒𝑡𝑎)); (9)

where Ψ represents the allocation of sample index for 𝑛𝑐 clusters,
which is defined as the matrix 𝐶𝑘

𝑗 = {𝑐 |𝑐 ∈ cluster 𝑘 for region 𝑗},
𝑘 ∈ [0, 𝑛𝑐 ], 𝑗 ∈ [1, 𝐽 ]; 𝑐𝑎 (·) and 𝑐𝑏 (·) denote the function of prior
and posterior clustering, respectively. Since page limitations, we
concentrate on discussing the clustering with metadata and omit
the traditional clustering with samples. For the prior clustering,
we propose to employ Normalized Minimum Cut [27] for cluster-
ing based on the distance matrix, which can naturally adopt the
scenarios when the graph is unconnected.

When we get Ψ, we can fine-tune the TSFM for the target re-
gion using the data in the corresponding cluster. We follow the
common fine-tuning method, i.e., freeze the TFSM encoder and
fine-tune other layers using cross entropy loss. In the inference
phase, the TSFM (𝑇𝑆𝐹𝑀 (·)) takes the historical carbon intensity
𝒄 𝒊𝑖 as input and outputs the temporal embedding representation
𝒄 𝒊𝑓

𝑖
. Mathematically, we have

𝒄 𝒊𝑓
𝑖
=𝑇𝑆𝐹𝑀 (𝒄 𝒊𝑖 ) (10)

4.3 Fusion Block
Fusion block next fuses spatial representation and temporal repre-
sentation into context hidden-states, which is formalized as:

𝑌 = 𝐹𝑢𝑠𝑖𝑜𝑛(𝒄 𝒊𝑝𝑖 , 𝒄 𝒊
𝑓

𝑖
|Θ𝑓 𝑢𝑠𝑒 ) (11)

The 𝐹𝑢𝑠𝑖𝑜𝑛(·) function is trainable with parametersΘ𝑓 𝑢𝑠𝑒 . MLPs
are utilized as the fusion structure in this work. The process involves
concatenating 𝒄 𝒊

𝑝

𝑖 and 𝒄 𝒊𝑓
𝑖
, and then feeding the resulting vector

into MLPs.

5 Evaluation
5.1 Experimental Setup
5.1.1 Dateset. We evaluate the performance of DGCFM on real-
world datasets from 2021 to 2023 containing hourly carbon intensity
in 102 regions and hourly electricity transmission data. They are
public and collected from the European Network of Transmission
System Operators for Electricity’s (ENTSOE) transparency plat-
form [6] and ElectricityMaps [19]. The carbon intensity record is
formatted as (timestamp, zones, carbon intensity), and each elec-
tricity transmission record is formatted as (timestamp, sources,
destination, electricity). We randomly use the data in 81 regions to
fine-tune the TSFM backbone in DGCFM and the data in 21 regions
to construct a carbon network to evaluate the models.

5.1.2 Training and Testing. To evaluate the model performance
in the scenario where there is no carbon data in the target region
(zero-data setting), we train the model on the dataset except the
target region to ensure that the model has never seen any data
from the target dataset. To evaluate the model performance in the
scenario where there is limited carbon data in the target region
(low-data setting), we train the model on a small portion (20%) of
the target dataset to train the models and test on the remaining
(80%) target dataset in the temporal dimension. To evaluate the
accuracy of forecasting carbon intensity, we utilize three common
metrics: Mean absolute error (MAE), Mean Absolute Percentage
Error (MAPE), and Root Mean Squared Error (RMSE). Our evalu-
ation is conducted on a consumer-grade desktop equipped with
an NVIDIA GeForce RTX 4080 GPU. DGCFM infers in around 4s,
comparable to other TSFMs. This makes it highly accessible and
deployable in real-world scenarios without the need for expensive
data center infrastructure.

5.1.3 Baselines. We compare our DGCFM model with state-of-the-
art baselines in specialized carbon emission forecasting methods:
CFCG [32], CarbonCast [16], DACF [17], SFCI [12], TSGP [24];
and state-of-the-art general time forecasting models: TimeXer [30],
MOMENT [9], PatchTST [23].

5.2 Performance Results
Table 2 shows the model performances on 21 real-world testing
datasets in the scenario with insufficient data under each setting,
where the best-performing model is highlighted in bold font. Note
that we do not present the result of CFCG in the zero-data setting
as it does not support the settings.

The performance under the zero-data setting represents the fore-
casting capability of models in regions with no carbon data, which
is common in most regions in the world. Overall, DGCFM outper-
forms existing models by at least 15.23%. More specifically, DGCFM
achieves an average improvement of 15.23% compared to PatchTST
(from 15.50% to 13.14%), TimeXer 16.15% (from 15.67% to 13.14%),
MOMENT 14.79%(from 15.42% to 13.14%), CarbonCast 15.98% (from
15.64% to 13.14%), DACF 25.21% (from 17.57% to 13.14%), TSCP
40.16% (from 21.96% to 13.14%), and SFCI 45.68% (from 24.19% to
13.14%) in MAPE. On average, our DGCFM not only outperforms
previous models, but we also observe that DGCFM steadily outper-
forms other baselines in all datasets, which presents that DGCFM
has a powerful generalization capability. The evaluation presents
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Table 2: Performance comparison of all models in the scenario with insufficient data in terms of MAE, RMSE, and MAPE (%).

Settings Methods Metric Datasets
AT BE BG CH CZ ES FI FR GR HR HU IT LT NL NO PL PT RO RS SI SK AVE

Zero-data

DGCFM
MAE 12.58 5.49 22.41 7.32 37.24 12.44 9.06 1.97 39.07 9.66 15.74 39.31 58.83 5.21 1.79 68.17 19.40 18.16 16.42 12.16 29.94 21.07
RMSE 16.62 6.35 26.33 9.22 45.54 17.39 10.34 2.09 45.54 12.48 18.62 43.25 61.78 6.31 2.08 80.69 27.58 20.96 21.10 15.15 35.30 24.99
MAPE 11.99 12.95 6.95 32.66 8.88 14.97 14.41 16.07 11.54 5.71 9.11 14.53 21.01 15.69 7.69 10.11 27.22 6.45 3.97 8.62 15.39 13.14

PatchTST
MAE 14.16 6.25 26.38 8.70 44.23 15.45 10.28 2.28 47.20 11.06 18.95 44.96 66.20 6.32 2.19 74.58 21.75 21.03 18.74 14.48 36.85 24.38
RMSE 19.06 7.51 32.60 10.54 51.59 20.06 12.11 2.60 55.38 13.59 20.90 50.83 75.88 7.41 2.39 103.20 32.13 25.74 24.51 16.22 42.09 29.82
MAPE 14.45 16.13 8.07 37.51 10.49 17.34 16.73 20.06 13.63 6.55 9.88 15.82 25.07 18.01 8.99 12.64 33.23 7.57 4.94 9.22 19.15 15.50

TimeXer
MAE 14.18 6.26 26.44 8.72 44.32 15.49 10.30 2.28 47.31 11.08 18.99 45.04 66.30 6.34 2.20 74.67 21.78 21.07 18.78 14.52 36.95 24.43
RMSE 19.00 7.49 32.46 10.51 51.46 20.01 12.07 2.59 55.16 13.56 20.85 50.66 75.57 7.38 2.38 102.70 32.03 25.63 24.44 16.19 41.94 29.72
MAPE 14.62 16.36 8.14 37.85 10.60 17.51 16.90 20.34 13.78 6.61 9.94 15.91 25.36 18.17 9.09 12.82 33.66 7.65 5.01 9.27 19.42 15.67

MOMENT
MAE 14.44 6.38 27.10 8.95 45.49 15.99 10.50 2.34 48.66 11.32 19.53 45.98 67.53 6.52 2.26 75.74 22.17 21.55 19.16 14.90 38.10 24.98
RMSE 18.86 7.42 32.10 10.44 51.11 19.85 11.97 2.56 54.59 13.50 20.72 50.22 74.76 7.32 2.36 101.41 31.77 25.36 24.24 16.13 41.55 29.44
MAPE 14.37 16.03 8.03 37.35 10.43 17.26 16.66 19.93 13.56 6.52 9.86 15.77 24.94 17.93 8.95 12.56 33.03 7.54 4.91 9.20 19.03 15.42

CarbonCast
MAE 14.31 6.32 26.77 8.84 44.91 15.74 10.4 2.31 47.99 11.2 19.26 45.51 66.92 6.43 2.23 75.21 21.98 21.31 18.97 14.71 37.53 24.71
RMSE 19.09 7.53 32.68 10.56 51.67 20.1 12.13 2.61 55.51 13.6 20.93 50.93 76.07 7.42 2.39 103.5 32.19 25.8 24.56 16.23 42.18 29.89
MAPE 14.59 16.32 8.13 37.79 10.58 17.48 16.87 20.29 13.75 6.6 9.93 15.89 25.31 18.14 9.07 12.79 33.58 7.64 5 9.26 19.37 15.64

DACF
MAE 16.68 6.45 30.86 9.76 48.85 16.23 11.84 2.44 52.54 13.99 20.33 49.5 75.07 6.77 2.34 89.67 26.56 23.1 20.96 15.46 37.63 27.48
RMSE 22.75 7.92 33.43 12.15 57.36 23.08 14.19 2.69 59.78 16.02 26.38 60.74 77.47 8.33 2.67 104.55 34.71 26.77 25.77 20.28 46.14 32.53
MAPE 15.17 17.08 10.05 46.35 11.33 18.54 19.17 20.94 14.84 7.27 12.41 18.39 30.93 20.69 10.34 14.32 34.67 8.72 5.35 11.17 21.16 17.57

TSGP
MAE 20.65 8.28 35.05 12.43 66.06 21.67 16.34 3.26 67.69 17.65 27.26 71.05 97.68 9.27 2.8 117.39 33.23 32.13 28.13 22.49 52.35 36.33
RMSE 28.58 10.17 45.12 15.74 87.15 30.79 16.34 3.78 74.18 20 31.39 76.4 104.08 10.99 3.4 135.89 45.26 35.87 35.62 29.03 56.62 42.69
MAPE 21.77 19.07 11.11 56.03 14.97 25.32 24.51 27.42 19.47 9.53 15.29 24.97 36.12 25.4 11.96 18.69 43.35 10.51 6.99 13.36 25.42 21.96

SFCI
MAE 24.36 10.11 45.82 13.96 67 22.43 17.16 3.93 77.79 18 30.22 73.22 109.67 9.61 3.41 121.32 35.99 33.83 31.23 23.36 58 39.54
RMSE 30.96 11.52 46.97 16.68 89.76 33.41 19.68 3.93 86.73 23.98 34.6 81.62 112.82 11.6 3.58 152.66 48.26 41.17 39.75 29.94 66.08 46.94
MAPE 22.92 23.96 13.61 58.23 17.15 27.23 25.53 28.36 20.01 10.45 16.12 29.93 37.91 31.32 13.82 19.42 48.99 11.81 7.26 16.19 27.87 24.19

Low-data

DGCFM
MAE 10.49 4.57 18.67 6.10 31.03 10.37 7.55 1.64 32.56 8.05 13.11 32.76 49.02 4.34 1.50 56.81 16.17 15.14 13.68 10.13 24.95 17.18
RMSE 13.85 5.29 21.94 7.68 37.95 14.49 8.62 1.74 37.95 10.40 15.52 36.04 51.48 5.26 1.74 67.24 22.99 17.47 17.58 12.62 29.41 20.39
MAPE 9.99 10.79 5.79 27.22 7.40 12.48 12.01 13.39 9.62 4.76 7.59 12.11 17.50 13.08 6.41 8.43 22.68 5.38 3.31 7.19 12.83 10.86

PatchTST
MAE 12.37 5.66 22.34 7.38 37.21 12.36 9.09 1.96 39.57 9.77 15.53 38.87 58.20 5.30 1.82 66.71 18.78 18.60 15.98 12.24 30.39 20.96
RMSE 16.47 6.38 26.62 9.28 47.08 17.29 10.06 2.09 44.69 12.29 18.61 44.98 62.46 6.25 2.13 79.64 28.26 21.09 20.77 15.03 35.94 25.11
MAPE 12.97 13.42 7.24 33.93 9.57 15.98 15.34 16.97 12.31 6.05 9.31 15.68 22.17 16.71 8.17 10.51 28.19 6.95 4.23 9.22 16.23 13.86

TimeXer
MAE 12.62 5.80 22.84 7.56 38.06 12.63 9.30 2.01 40.53 10.00 15.86 39.70 59.46 5.43 1.87 68.06 19.14 19.08 16.30 12.53 31.13 21.42
RMSE 16.40 6.35 26.49 9.24 46.83 17.21 10.02 2.08 44.51 12.24 18.52 44.73 62.16 6.22 2.12 79.29 28.11 20.99 20.68 14.96 35.75 25.00
MAPE 13.03 13.48 7.27 34.07 9.62 16.05 15.41 17.05 12.36 6.07 9.35 15.76 22.27 16.78 8.20 10.55 28.30 6.98 4.25 9.26 16.30 13.93

MOMENT
MAE 12.59 5.79 22.79 7.54 37.97 12.60 9.28 2.00 40.43 9.98 15.83 39.62 59.33 5.41 1.86 67.92 19.10 19.03 16.26 12.50 31.06 21.38
RMSE 16.32 6.32 26.35 9.19 46.55 17.13 9.97 2.07 44.30 12.18 18.43 44.46 61.82 6.19 2.10 78.92 27.95 20.88 20.58 14.89 35.56 24.86
MAPE 12.90 13.37 7.21 33.78 9.53 15.90 15.27 16.90 12.25 6.02 9.28 15.61 22.07 16.63 8.13 10.46 28.07 6.91 4.21 9.17 16.15 13.80

CFCG
MAE 12.51 5.74 22.62 7.48 37.69 12.51 9.21 1.99 40.11 9.9 15.72 39.34 58.91 5.37 1.85 67.47 18.98 18.87 16.16 12.4 30.81 20.74
RMSE 16.5 6.39 26.67 9.3 47.17 17.32 10.07 2.09 44.76 12.31 18.64 45.07 62.57 6.26 2.13 79.76 28.31 21.13 20.8 15.05 36 24.62
MAPE 12.84 13.31 7.18 33.64 9.48 15.83 15.2 16.82 12.19 5.99 9.24 15.53 21.97 16.55 8.09 10.42 27.95 6.88 4.19 9.13 16.08 13.74

CarbonCast
MAE 12.56 5.46 23.46 8.43 37.54 13.25 9.98 2.03 42.19 9.7 15.95 39.92 57.4 5.52 1.86 72.23 20.06 19.04 17.46 14.49 31.28 21.43
RMSE 17.31 6.4 28.63 9.81 48.99 17.93 10.74 2.22 46.55 13.5 20.45 44.71 61.69 6.63 2.22 80.79 27.8 22.2 21.04 15.37 33.18 25.25
MAPE 13.44 12.97 7.34 36.24 9.12 15.25 16.28 16.66 11.97 6.24 9.62 15.84 23.64 18.01 8.38 10.61 29.71 6.9 3.93 8.87 15.66 14.05

DACF
MAE 14.15 6.43 26.46 8.64 45.27 14.58 10.74 2.38 45.38 11.17 17.63 43.25 65.93 5.69 2.27 77.84 23.23 20.65 20.25 14.56 36.15 23.83
RMSE 20.66 7.79 29.92 10.87 54.54 19.18 11.55 2.38 54.49 14.53 22.54 51.84 71.91 7.07 2.35 91.46 32.23 26.7 25.16 18.2 42.06 28.77
MAPE 14.85 14.66 7.7 43.43 10.31 16.64 17.05 20.75 12.98 6.56 10.77 18.19 24.68 19.1 9.09 11.56 33.31 7.85 4.28 10.62 18.08 15.72

TSGP
MAE 20.12 8.21 33.45 10.94 55.05 17.96 13.72 2.9 61.76 14.61 21.79 58.83 94.77 7.83 2.55 111.13 30.33 26.78 24.69 16.86 46.24 31.71
RMSE 26.44 9.82 38.45 14.26 70.78 27.88 15.45 3.07 70.22 17.61 29.69 67.8 99.08 9.37 3.08 124.06 42.9 33.21 29.45 25.7 51.16 37.92
MAPE 17.51 18.16 10.75 51.66 13.33 22.75 22.13 26 17.2 8.42 13.84 22.29 33.97 21.85 11.47 15.1 42.08 9.6 5.82 12.9 23.42 19.84

SFCI
MAE 21.21 9.5 37.49 11.75 66.53 19.78 14.28 2.99 63.64 15.32 28.2 62.41 97.82 8.37 3.28 111.39 32.2 30.92 25.81 20.53 52.21 34.17
RMSE 26.91 9.91 45.91 15.57 74.2 29.44 18.03 3.49 73.82 21.09 33.81 70.78 107.56 10.73 3.48 129.72 46.86 34.8 37.25 28.22 59.45 41.08
MAPE 20.95 22.8 11.27 54.24 14.42 24.02 24.3 26.55 18.72 9.54 15.48 24.03 35.19 25.36 11.84 16.76 43.95 10.95 6.4 14.56 27.43 21.57

the effectiveness of DGCFM for carbon intensity forecasting in
regions with insufficient carbon data.

In operational deployments, if limited carbon data is available in
the target region, users can typically leverage it to adapt the model
in the target region and enhance the model performance. The low-
data setting in Table 2 shows the performances of each model in
the regions with limited carbon data. Overall, DGCFM outperforms
all existing models by at least 20.04%. More specifically, DGCFM
achieves an average improvement of 22.04% compared to PatchTST
(from 13.93% to 10.86%), TimeXer 21.30% (from 13.80% to 10.86%),
MOMENT 20.96% compared to CFCG (from 13.74% to 10.86%), CFCG
21.65% (from 13.86% to 10.86%), CarbonCast 22.70% (from 14.05%
to 10.86%), DACF 30.92% (from 15.72% to 10.86%), TSGP 45.26%
(from 19.84% to 10.86%), and SFCI 49.65% (from 21.57% to 10.86%)
in MAPE. We also observe that DGCFM steadily outperforms other
baselines in all datasets. The result demonstrates the effectiveness
of DGCFM in the regions with limited carbon data.

To comprehensively evaluate the performance, we also conduct
the experiment under a full-shot setting, i.e., 70% data in the target
dataset is used to train the models, and 30% data is used for the
test. Table 3 shows the performances under the full-shot setting.
Overall, DGCFM outperforms existing models by at least 9.77%.
More specifically, CFCG achieves an average improvement of 11.16%

compared to PatchTST (from 9.77% to 8.68%), TimeXer 11.43% (from
9.80% to 8.68%), MOMENT 9.77% (from 9.62% to 8.68%), CFCG 9.78%
(from 9.62% to 8.68%), CarbonCast 21.02% (from 10.99% to 8.68%),
DACF 28.21% (from 12.09% to 8.68%), TSGP 44.75% (from 15.71% to
8.68%), and SFCI 50.14% (from 17.41% to 8.68%) in MAPE. We also
observe that DGCFM can steadily outperform other baselines in all
datasets under the full-shot setting.

Table 3: The overall full-shot performance.

Models DGCFM PatchTST TimeXer MOMENT CFCG CarbonCast DACF TSGP SFCI
MAE 13.75 15.31 15.33 15.35 15.13 16.89 19.24 24.63 26.87
RMSE 16.31 18.39 18.45 18.24 17.95 20.29 23.28 28.82 31.84
MAPE 8.68 9.77 9.80 9.62 9.62 10.99 12.09 15.71 17.41

5.3 Explainable Capabilities Learned
The superior performance of DGCFM stems from its dual capacity to
capture both spatial and temporal dependencies in carbon data. We
demonstrate these learned capabilities through systematic analysis:

Temporal Dependency Analysis. Figure 5 illustrates the re-
lationship between forecasting accuracy (MAPE) and renewable
energy penetration rates across different regions. Each data point
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Figure 5: The scatter plot of model performance as a function
of the ratio of renewable sources.
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Figure 6: The scatter plot of model performance as a function
of the ratio of electricity exchange.

represents a geographical area with distinct renewable source com-
positions (e.g., solar, wind, hydro) in their energy mix. Higher re-
newable ratios induce greater temporal volatility in carbon inten-
sity due to the intermittent nature of renewable generation. Our
analysis reveals a positive correlation between renewable penetra-
tion and forecasting error, highlighting the inherent challenges in
forecasting carbon patterns with increasing temporal dynamics. No-
tably, while all models exhibit performance degradation, DGCFM
demonstrates (1) absolute superiority over baseline methods and
(2)superior resistance to error escalation (slower error growth with
renewable ratios increasing). This resilience confirms DGCFM’s
enhanced temporal modeling capabilities through its TSFM blocks.

Spatial Dependency Analysis. Figure 6 examines forecasting
performance against electricity exchange ratios, where higher val-
ues indicate stronger grid interdependencies between regions. We
observe an increase in forecasting errors with rising exchange ra-
tios, reflecting the compounded complexity of spatial interactions
in interconnected power systems. We can also observe that our
DGCFM model has a slower error increase. This demonstrates the
capability of DGCFM to uncover the complex spatial dependency.

5.4 Model Ablation Study
To systematically evaluate the contribution of core components in
DGCFM, we conduct ablation studies as Table 4 shows. We compare
the performance of degraded variants against the complete model
through three key modifications:

(1) Architecture Simplification: Removing the Physical Node-
aware Graph Neural Network (PNGNN) component and replacing
it with a generic GNN degrades MAPE by 7.18% (from 10.86% to

11.64%), indicating PNGNN’s critical role in encoding spatial de-
pendencies through physical constraints.

(2) Temporal Modeling Ablation: Substituting the TSFM back-
bone with conventional LSTM results in the most significant perfor-
mance drop (11.70% MAE increase and 19.89% MAPE), confirming
the superiority of our TSFM block for capturing complex temporal
patterns.

(3) Fine-tuning Strategy Removal: We disable the carbon
hypergraph-enhanced fine-tuningmechanism. This variant is equiv-
alent to using all available regions’ CI data to fine-tune the TSFM
backbone for any target region’s CI forecasting. This change leads
to an 11.42% MAPE degradation (from 10.86% to 12.10%), demon-
strating the importance of our domain-specific adaptation strategy
for handling data scarcity in carbon intensity forecasting.

The progressive performance deterioration across all metrics
(MAE: 17.18 to 20.19, RMSE: 20.39 to 23.44, MAPE: 10.86% to 13.02%)
reveals the complementary nature of spatial-temporal modeling and
domain adaptation in our framework. Particularly, the TSFM back-
bone contributes the largest performance gain (19.89% MAPE im-
provement over the LSTM baseline), showing that effective tempo-
ral dependency modeling forms the foundation for accurate carbon
forecasting. The synergistic combination of physical constraints
and hypergraph-based fine-tuning further enhances model robust-
ness in data-constrained scenarios.

Table 4: Results of ablation study under the few-shot setting

Models MAE RMSE MAPE
DGCFM 17.18 20.39 10.86

w/o PNGNN 18.11 21.45 11.64
w/o TSFM Backbone 20.19 23.44 13.02

w/o Carbon Hypergraph Fine-tuning 19.07 22.81 12.10

6 Social Impact
Carbon intensity forecasting is already being used in the decar-
bonization of society, e.g., ElectricityMaps [19] already provide
carbon forecasts to major tech firms (e.g., Google) for workload
scheduling. By addressing the key challenge of generalizing fore-
casts to data-scarce regions, DGCFM counterbalances the "data
divide" that favors wealthy nations and unlocks equitable access to
carbon intelligence.

7 Conclusion
We present DGCFM, a dual-graph enhanced carbon-domain foun-
dation model that systematically addresses the critical challenge of
general carbon intensity forecasting across data-scarce regions. Ex-
tensive evaluations across different regions demonstrate 20.04% ac-
curacy improvement over SOTA in low-data scenarios, representing
the practical viability for supporting worldwide decarbonization.
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