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Abstract

Terrestrial ecosystems constitute a major component of the
global carbon sink and play a critical role in regulating the
global carbon cycle. Although process-based models such as
the Ecosystem Demography (ED) model are widely used to
simulate these dynamics and widely adopted in research and
applications, they remain computationally intensive and are
not well suited for large-scale (e.g., global) projections at high
spatial and temporal resolution, or under wide-range of fu-
ture scenarios. AI-based emulators of process-based physical
models have emerged as promising ways to accelerate the com-
putation. However, there are several challenges in developing
emulators for ecosystem processes, including error accumu-
lation over long sequences, single-step initial conditions, and
high-dimensional environmental conditions. Existing works
often rely on time-series patterns in look-back windows, which
are not well-suited for the problem with single-step initial
conditions. Moreover, they often do not consider uncertainty,
making it hard to know when the approximations are highly
confident and when the results may need to be updated, e.g.,
by the process-based models. To address these limitations, we
introduce EcoDiffusion, a conditional diffusion framework
tailored for ecosystem dynamics emulation. We evaluated
EcoDiffusion at locations distributed worldwide under dif-
ferent scenarios and showed that it demonstrated significant
improvements over existing models.

Introduction
Terrestrial ecosystems are a critical component of the global
carbon cycle, regulating key climate-related fluxes of car-
bon, energy, and water (Bonan 2008). Accurate modeling
of ecosystem processes is widely recognized as essential for
improving projections of future carbon dynamics and captur-
ing biologically mediated feedbacks in climate modeling. To
this end, many process-based models have been developed
to simulate ecosystem processes (Hurtt et al. 1998; Fisher
et al. 2018; Lawrence et al. 2019; Sato, Itoh, and Kohyama
2007; Prentice et al. 2007). However, the advances also lead
to significantly higher costs of computation due to increased
model complexity. In particular, simulating ecological de-
mographic processes–such as tracking individual-level trees,
cohort competitions, and their connections to global-scale
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carbon cycles is a highly expensive task (e.g., months or years
of computation on supercomputers) (Fisher et al. 2018). As
a result, current models are not well-suited for large-scale
projections at both high spatial and temporal resolution, or
under a wide array of future climate scenarios.

Emulating ecosystem models with machine learning
presents several challenges compared to standard time se-
ries forecasting tasks. First, these models must handle long
sequences that span decades at monthly or higher temporal
resolution, where trends and seasonal variability complicate
pattern separation and increase error accumulation. Second,
ecosystem simulations often rely on single-step initial con-
ditions, instead of a longer look-back window, to forecast
all the time steps for the rest of the sequence. Third, ecosys-
tem emulation must effectively account for high-dimensional
environment variables (e.g., climate forcings) and capture
complex, multivariate dependencies. The emulator also needs
to recognize differences in initial conditions and correctly
generate different corresponding forecasts under the similar
environmental variables over long periods. Moreover, it is
highly desired for the emulator to have uncertainty-awareness,
so users are informed about the confidence of the approxima-
tions under different conditions.

Time-series forecasting models (Zhou et al. 2021, 2022;
Wu et al. 2022; Wang et al. 2024a) are naturally good candi-
dates for the emulation which is essentially a forecasting task.
However, existing formulations mostly assume rich historical
context and rely on patterns in past look-back windows (e.g.,
tens or over a hundred past steps) to make forecasts, making
them less effective for ecosystem forecasting with single-step
initial conditions. Moreover, they often do not offer explicit
uncertainty quantification. Diffusion models offer a promis-
ing avenue for probabilistic forecasting (Ho, Jain, and Abbeel
2020; Rasul et al. 2021; Tashiro et al. 2021; Lin et al. 2024;
Meijer and Chen 2024). However, their adaptation to process-
based ecosystem emulation is currently underexplored. Au-
toregressive diffusion models (Rasul et al. 2021) allow for
integration of exogenous inputs as additional conditions but
suffer from error accumulation across long horizons, which
is a major concern for long-term ecosystem projections. Non-
autoregressive diffusion models that are forecasting-oriented
(Shen and Kwok 2023; Li et al. 2024) often rely on look-
back windows like in typical time-series forecasting models.
The imputation-based versions (Tashiro et al. 2021; Alcaraz
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and Strodthoff 2022) further use bidirectional windows on
all inputs that may lead to logically inconsistent results for
forecasting. In addition, they are not explicitly designed to
incorporate rich contextual information that is essential in
ecosystem modeling with external environmental variables.

To address the limitations, we present EcoDiffusion to
emulate the Ecosystem Demography (ED) model for carbon
monitoring, with the following contributions:

• We propose EcoDiffusion, an uncertainty-aware time-series
forecasting model to emulate ED based on conditional dif-
fusion for complex ecosystem processes. These processes
have long sequences with high-dimensional environmen-
tal variables but an initial condition for a single time step.
Unlike models that condition on past time-series patterns,
EcoDiffusion conditions on "future" contexts (e.g., dif-
ferent future climate scenarios from CMIP-6) to make
corresponding future projections and assist policy mak-
ing. EcoDiffusion enforces strict temporal causal masks on
these conditional variables.

• EcoDiffusion reduces error accumulation using a
non-autoregressive process with a multi-scale subset-
forecasting and full-set-imputation to enhance the use of
the initial condition and environment contexts. We also
separate the full-set imputation process of target variables
based on their different patterns to avoid confusion in train-
ing and incorporate explicit encoding of initial conditions
and climate zones to increase the model’s sensitivity to
these factors.

• We evaluate the performance of EcoDiffusion at 852 loca-
tions over the globe under different climate conditions. The
results show significant improvements over existing meth-
ods and enhanced abilities to capture uncertainty under
different scenarios.

Problem Definition
Background: Ecosystem Demography (ED) Model
The ED model has been developed for two decades (Hurtt
et al. 1998; Fisher et al. 2018; Ma et al. 2022) and provides
comprehensive modeling of the forest ecological processes,
including individual-tree level growth, mortality, competition,
and many more, which are further integrated with carbon
cycle, water cycle, disturbances, etc. It considers environ-
mental variables (e.g., climate forcings, soil properties) to
forecast carbon-related variables. The driving data includes
meteorology from NASA Daymet and MERRA2, soil prop-
erties from the POLARIS dataset, land use change forcing
from LUH2 (Hurtt et al. 2020) and CO2 concentration from
NOAA CarbonTracker. The output variables include canopy
height, aboveground biomass (AGB), soil carbon, leaf area
index (LAI), gross primary production (GPP), net primary
production (NPP), and heterotrophic respiration (Rh). ED
has been extensively validated at regional and global scales
by comparing against in-situ and airborne observations (e.g.,
GEDI, ICESat-2) (Ma et al. 2022) and widely adopted in
both research and applications (e.g., NASA Carbon Monitor-
ing System, NASA GEDI mission, Global Carbon Budget,
Maryland Dept. of Env.).
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Figure 1: Problem formulation: A comparison.

Task Formulation
Let Y1:L ∈ Rd×L denote the simulated output variables,
where d = 7 is the number of output variables and L =
nyear × nmonth is the total length of the time series (e.g., L =

39× 12 = 468 for 39 years). Let X1:L ∈ Rk×L denote the
climate forcing variables, where k = 136 is the number of
input features. Given the initial conditions at a single time
step Yinit ∈ Rd, we aim to forecast Y1:L for future time
steps based on environment conditions X1:L.

Fig. 1 (a) illustrates the task, which has some interest-
ing characteristics that are different from many typical time-
series forecasting formulations:

• Single-step initial condition. It has only a single-step
initial condition Yinit ∈ Rd instead of a time-window
that is employed in most time-series forecasting models
shown in Fig. 1 (b). The reason that there is only a single
step is due to the objective of the emulator, which aims
to approximate and accelerate the process-based physical
model. As a result, if the physical model is used to generate
a time-sequence (e.g., 10 years out of 40 years), then the
acceleration of the emulation is bounded by 4 times. Thus,
the emulator follows the same procedure as the physical
model, where a single initial condition is given, and then
the model needs to forecast the rest of the long sequence.

• Auxiliary environment context variables X1:L. Future
environment variables (e.g., climate forcings) are available
for the future time steps and broadly used, because in eco-
logical and carbon process modeling researchers and prac-
titioners often need to estimate the future ecosystem and
carbon status (e.g., future carbon sequestration potential)
under different future climate conditions (e.g., forecasted
by CMIP6) in order to inform policy making. As a result,
these conditions X1:L are used in the actual physics-based
simulation. Thus, the task formulation adopts the same set
of inputs as the physical model so it can learn the same
process.

• Impact of changes in initial condition. Many data sam-
ples share the same high-dimensional environmental con-
ditions X1:L ∈ Rk×L but have different targets {Y1:L ∈
Rd×L} (e.g., L = 468) due to changes in single-step ini-
tial conditions {Yinit ∈ Rd}, where d << k (e.g., d = 7
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and k = 136). This requires the emulator to respond well
to the initial condition while still being able to utilize the
high-dimensional environment conditions X1:L for the
long-sequence forecasting and maintain low errors at the
end of the sequence.

Related Work
Deep learning has been widely applied to time series fore-
casting tasks, initially through variations of recurrent and
convolutional neural networks (Lim and Zohren 2021). In
recent years, transformer-based models have achieved greater
success due to their ability to capture long-term dependencies
in multivariate forecasting tasks, such as Informer (Zhou et al.
2021), PatchTST (Nie et al. 2022), FedFormer (Zhou et al.
2022), CrossFormer (Zhang and Yan 2023), and TimeXer
(Wang et al. 2024a). However, these methods often rely on
time-series patterns from a historical window, whereas in
ecological process forecasting the initial condition is often
only given at the fist time step. Moreover, they do not inher-
ently consider uncertainty in forecasting. Recently, a DeepED
model was also developed specifically for ecological process
emulation (Wang et al. 2023). However, it is an autoregres-
sive model that is more prone to error accumulation over time
and also does not consider uncertainty.

To explicitly model uncertainty, diffusion-based models
have gained increasing attention in time series modeling
for their strengths in probabilistic forecasting and imputa-
tion. TimeGrad (Rasul et al. 2021) first introduced an au-
toregressive diffusion framework, where future values are
generated step-by-step and conditioned on both past obser-
vations and auxiliary covariates. However, its autoregres-
sive nature leads to error accumulation over long horizons.
CSDI (Tashiro et al. 2021) addressed this by proposing a
non-autoregressive alternative that uses flexible input mask-
ing strategies, making it applicable to both imputation and
forecasting tasks. SSSD (Alcaraz and Strodthoff 2022) im-
proves upon CSDI by replacing its transformer backbone
with structured state space models. To further enhance tempo-
ral coherence, TimeDiff (Shen and Kwok 2023) incorporates
a look-back window to provide initial conditions, specifically
addressing boundary inconsistencies in CSDI. This idea is
extended by TMDM (Li et al. 2024), which conditions both
forward and reverse diffusion steps on historical context for
improved stability. In recent years, to disentangle temporal
representation, Diffusion-TS (Yuan and Qiao 2024) adopts
a Transformer-based encoder-decoder design and introduces
Fourier components to improve both interpretability and real-
ism in generated sequences. mr_Diff uses the seasonal-trend
decomposition to sequentially extract fine-to-coarse trends
(Shen, Chen, and Kwok 2024). Finally, TSDiff (Kollovieh
et al. 2023) introduces a self-guidance mechanism for condi-
tioning during inference, enabling better adaptation to down-
stream tasks across diverse time series applications. However,
similar to typical time-series forecasting models, they condi-
tion patterns from past time windows (or bidirectional win-
dows in the case of imputation) to infer future values, which
is less effective for this problem with only a single-step ini-
tial condition. Moreover, they are not explicitly designed to

incorporate rich contextual information that are essential in
ecosystem modeling with external environmental variables.

Methods: EcoDiffusion
Background: Denoising Diffusion Probabilistic
Model (DDPM)
DDPM (Ho, Jain, and Abbeel 2020) is a latent variable model
that converts input data Y 0 into noise Y T . Let Y t for t =
1, . . . , T be a sequence of latent variables in the sample space
as Y 0. DDPM achieves this through a forward diffusion
process q and then reconstructs it via reverse denoising pθ. In
the forward process, at each step t, the noise-added data Y t

is obtained by scaling the previous state Y t−1 by
√
1− βt

and adding Gaussian noise with variance βt ∈ [0, 1]:

q(Y t|Y t−1) = N (Y t;
√
1− βtY

t−1, βtI) (1)

This can be rewritten as q(Y t|Y 0) =

N (Y t;
√
ᾱtY

0, (1 − ᾱt)I), where ᾱt =
∏t

s=1 αs,
and αt = 1 − βt. Thus, Y t can be retrieved following
Y t =

√
ᾱtY

0 +
√
1− ᾱtϵ, where ϵ is noise from N (0, I).

The reverse denoising process follows a Markov chain. At
the t th step, Y t−1 is sampled from a conditional Gaussian
distribution given Y t:

pθ(Y
t−1|Y t) = N (Y t−1;µθ(Y

t, t),Σθ(Y
t, t)). (2)

In this formulation, the variance Σθ(Y
t, t) is typically

fixed as σ2
t I, while the mean µθ(Y

t, t) is modeled by a
neural network parameterized by θ. In the noise estimation
framework, a neural network ϵθ predicts the noise added
to the diffused input Y t, which is then used to compute
µθ(Y

t, t) as:

µθ(Y
t, t) =

1
√
αt

(
Y t − 1− αt√

1− ᾱt
ϵθ(Y

t, t)

)
(3)

Parameter θ is learned by minimizing:

Lϵ = EY 0,ϵ,t

[
∥ϵ− ϵθ(Y

t, t)∥2
]
.

General Multi-Scale Structure: Forecasting and
Imputation
Inspired by the success in high-resolution imputation by con-
ditional diffusion based models such as CSDI (Tashiro et al.
2021), we reformulate the long-sequence forecasting prob-
lem as a two-step multi-scale process, where the first step
performs forecasts on a subset of uniformly sampled time
steps (e.g., once per year) whereas the second step performs
imputation on other time steps using that as a condition.

While this is conceptually analogous to multi-scale de-
trending methods (Zhou et al. 2022; Wang et al. 2023), the
trend decomposition methods model forecasted values at
each time step as a sum of scale-dependent signals from dif-
ferent scales. In comparison, this forecast-and-imputation
approach first generates a subset of predictions along the
full forecast horizon to capture the general pattern, but
these values are modeled as samples along the sequence
and are not added as bases for the remaining time steps.
Formally, we denote this subset as A1:nyear ⊂ Y1:L and

38882



.
.

.
.

.. . .
.

.
.

.
Step T Step 0

.
. .

.
.

. .

Step T

.

. .
Step 0

𝑝𝑝Θ(𝑨𝑨1:𝑛𝑛𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦
𝑡𝑡−1 |𝑨𝑨1:𝑛𝑛𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦

𝑡𝑡 , 
𝒀𝒀𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 , 𝒛𝒛1:𝑛𝑛𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦 , g)

𝑝𝑝Θ(𝑴𝑴𝑡𝑡−1|𝑴𝑴𝑡𝑡 , 𝒀𝒀𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 , �𝑨𝑨1:𝑛𝑛𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦
0 )

𝑿𝑿1:𝐿𝐿

𝑨𝑨1:𝑛𝑛𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦
𝑇𝑇

�𝑨𝑨1:𝑛𝑛𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦
0

𝒀𝒀𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖

𝒀𝒀𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖

𝑿𝑿1:𝐿𝐿

𝒛𝒛1:𝑛𝑛𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦

Noise

𝑴𝑴𝑇𝑇

g

�𝒀𝒀𝒀𝒀1:𝐿𝐿

Legend

…

…

…

…

= �𝑨𝑨1:𝑛𝑛𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦
0 ∪ �𝑴𝑴0

…

Subset Forecasting

Full Set Imputation

T denoising steps

T denoising steps

…

Temporal & feature 
transformer block

…

Temporal & feature 
transformer block

Figure 2: A high-level illustration of the multi-scale structure of EcoDiffusion. In the scatter plot, the number of points in the
bottom row (imputation) should be 12 times the above row (from a subset of samples with 12-month distance to full monthly
samples), but that will make the points harder to see. Thus, we used a reduced ratio just for illustration purposes.

A1:nyear ∈ Rd×nyear = {Y12·i}, ∀i = 1, ..., nyear, where one
time step is sampled per year uniformly over years. In the sec-
ond step, the other values, denoted as M = Y1:L \A1:nyear ,
will be imputed from scratch based on the forecasted samples
Â1:nyear

and they do not affect the already forecasted values.
This imputation modeling instead of aggregation reduces the
need for the general trend to be applied at each step and del-
egates the prediction tasks more directly to the imputation
model, making it relatively less sensitive to errors introduced
by the high-level trends. In this way, the initial condition
can also play a bigger role being one of the subset of sam-
ples used as conditions for imputation (i.e., Yinit ∪ Â1:nyear

)
instead of one of the all samples.

More importantly, this process allows the emulator to rely
less on historical patterns in look-back windows but focus
more on the environment conditions X1:L at each time step,
while still performing predictions at the two scales. In other
words, both the forecast and imputation model are less af-
fected by each other, and they need to rely on the correspond-
ing environmental conditions, as shown in Fig. 2.

Overall, for forecasting on the subset, X1:L and Yinit will
be used as conditions. For imputation, both (1) the environ-
ment conditions X1:L and (2) forecasted values with the
initial condition Yinit ∪ Â1:nyear

will be used as conditions.

Forecasting: Diffusion with Environment
Conditions and Causal Masks
In time series forecasting, we aim to predict the future values
A0

1:L given the initial single observations Yinit.

pθ(A
0:T
1:nyear

|Yinit, z,g)

=pθ(A
T
1:nyear

)
T∏

t=1

pθ(A
t−1
1:nyear

|At
1:nyear

,Yinit, z,g)
(4)

z1:nyear
= F(X1:L) (5)

where AT
1:nyear

∼ N (0, I) is the noise at the beginning of
the denoising process; z ∈ Rk×nyear is the latent/learned
conditions summarized from the original X1:L ∈ Rk×L

(L = nyear × nmonth) using a LSTM network F ; and g
is an additional global embedding for time, etc. As the per-
formance may vary across different initial conditions (e.g.,
forest age at the initial step) and climate types, we addition-
ally feed in this information for each sample as part of the
global condition g. The climate information is retrieved from
the Köppen Climate Classification Map (Beck et al. 2023).
Correspondingly, the denoising process at step t is given by:

pθ(A
t−1
1:nyear

| At
1:nyear

,Yinit, z,g)

=N
(
At−1

1:nyear
; µθ(A

t
1:nyear

, t|Yinit, z,g), σ
2
t I
) (6)

During inference, denote Ât
1:nyear

as the generated sam-

ple at step t. The process begins by initializing ÂT
1:nyear

∼
N (0, I). Then, by iteratively applying the denoising step (i.e.,
by predicting the noise) in Equation (6) from t = T down to
t = 1, we obtain the final generated predictions Â0

1:nyear
.

A transformer model is used for the noise prediction.
Specifically, for each denoising step, we use a combination
of feature and temporal transformers that is commonly em-
ployed in diffusion models, as shown in Fig. 2. The temporal
transformer learns the temporal attention and the feature
transformer learns the relationship between different con-
ditions and between the target variables A1:nyear and the
conditions z1:nyear generated from X1:L, Yinit and g. As
our model needs to make use of the environmental condi-
tions over time, we apply strict causal masks in the tem-
poral transformer, which is different from several existing
diffusion models such as CSDI (Tashiro et al. 2021). For
example, when CSDI is used for forecasting, it allows bidi-
rectional temporal attention on available inputs (according

38883



Height AGB Soil LAI GPP NPP Rh

Models RMSE CRPS RMSE CRPS RMSE CRPS RMSE CRPS RMSE CRPS RMSE CRPS RMSE CRPS
Informer 2.83 – 1.13 – 1.15 – 0.57 – 0.34 – 0.17 – 0.18 –
TimeXer 2.85 – 1.17 – 1.20 – 0.60 – 0.40 – 0.20 – 0.20 –
FEDformer 5.29 – 2.25 – 3.31 – 0.89 – 0.61 – 0.30 – 0.27 –
FreTS 3.54 – 1.45 – 1.51 – 0.75 – 0.51 – 0.25 – 0.26 –
DeepED 1.87 – 0.55 – 0.64 – 0.41 – 0.25 – 0.12 – 0.14 –
TimeGrad 4.76 1.70 2.05 0.55 2.23 0.71 0.90 0.27 0.57 0.17 0.28 0.08 0.37 0.10
CSDI 2.43 0.86 1.07 0.34 0.86 0.35 0.57 0.18 0.37 0.11 0.18 0.06 0.19 0.06
TMDM 3.25 1.53 1.36 0.55 1.28 0.61 0.74 0.29 0.48 0.17 0.23 0.08 0.23 0.09
EcoDiffusion 1.26 0.38 0.42 0.13 0.40 0.15 0.27 0.08 0.14 0.04 0.07 0.02 0.09 0.03

Table 1: Comparison of emulation results at the annual scale (forecasting step) over 39 years. Models with "-" for CRPS do not
have uncertainty quantification abilities. Bold numbers indicate the best performances.

Height AGB Soil LAI GPP NPP Rh

Models RMSE CRPS RMSE CRPS RMSE CRPS RMSE CRPS RMSE CRPS RMSE CRPS RMSE CRPS
Informer 3.82 – 1.42 – 1.92 – 1.18 – 0.98 – 0.49 – 0.37 –
TimeXer 2.87 – 1.28 – 1.23 – 0.93 – 0.70 – 0.35 – 0.27 –
FEDformer 6.88 – 3.01 – 3.99 – 1.49 – 1.12 – 0.56 – 0.43 –
FreTS 3.86 – 1.97 – 1.68 – 1.33 – 1.06 – 0.53 – 0.42 –
DeepED 2.20 – 0.72 – 0.95 – 1.39 – 1.16 – 0.58 – 0.46 –
TimeGrad 4.45 2.18 8.37 2.15 4.35 1.75 1.98 0.83 1.62 0.66 0.80 0.32 0.68 0.25
CSDI 2.23 0.81 0.97 0.32 0.82 0.35 0.80 0.30 0.64 0.25 0.32 0.13 0.24 0.10
TMDM 2.99 1.42 1.16 0.48 1.11 0.53 0.95 0.42 0.79 0.34 0.39 0.17 0.30 0.14
EcoDiffusion 1.26 0.50 0.42 0.16 0.38 0.18 0.36 0.15 0.23 0.09 0.11 0.04 0.10 0.05

Table 2: Comparison of emulation results at the monthly scale (imputation step) over 39 years, i.e., 468 months. Models with "-"
for CRPS do not have uncertainty quantification abilities. Bold numbers indicate the best performances.

to the implementation). While this is technically feasible as
any already-given inputs (e.g., projected future climate forc-
ings by CMIP-6 for the next decades) or model-generated
results are always available at test time, it is not suitable for
our problem setting. In particular, environmental conditions
X1:L are important input conditions to EcoDiffusion (Fig.
1) and changes in X1:L can have direct and major impact
on the forecast values. As a result, without the causal mask,
forecastings for earlier years (e.g., 1 to 20) can change if
environmental conditions in future years (e.g., 20 to 40) are
changed. Thus, we apply strict temporal causal masks (i.e.,
no attention from a time step to a future input) to avoid logi-
cal inconsistency. Moreover, we find that incorporating this
constraint improves both the generalizability of EcoDiffusion,
as shown later in the experiment results.

This temporal and feature layers form a single transformer
block and we stack multiple such blocks, where each block
processes the output from the previous one. The final outcome
is the predicted noise at the current step t.

Imputation: Heterogeneous Variable Diffusion
For fine-scale imputation, we aim to fill the values at the
remaining time steps M = Y1:L \A1:nyear given the initial
single observations Yinit and the predicted values on the
subset Â1:nyear :

pθ(M
0:T |Yinit, Â1:nyear)

=pθ(M
T )

T∏
t=1

pθ(M
t−1 |M t,Yinit, Â1:nyear)

(7)

where MT ∼ N (0, I). Correspondingly, the denoising pro-
cess at step t is given by:

pθ(M
t−1 | M t,Yinit, Â1:nyear)

=N
(
M t−1; µθ(M

t, t | (YinitÂ1:nyear), σ
2
t I
) (8)

Similarly, during inference, we denote the generated sam-
ple at step t as M̂ t. The process begins by initializing
M̂T ∼ N (0, I). Then, we gradually generated sample M̂0.
By combining M̂0 and Â0

1:nyear
, we obtain our final output

Ŷ1:L. At the monthly scale, the output variables exhibit a
more immediate and direct response to changes in climate
forcings. To better capture this rapid coupling, we hence
move the feature transformer layer ahead of the temporal
transformer layer to focus more on the local climate forcings,
compared to the forecasting diffusion model.

Furthermore, different ecosystem variables exhibit very
distinct patterns. For example, vegetation height tends to in-
crease over time whereas other variables such as GPP fluctu-
ates. Thus, we divide the temporal transformer layer into two
branches to separately process variables with high monthly
variability and those that remain relatively stable over time.
Since the overall trend is already established by the yearly
model and the input features primarily drive monthly variabil-
ity, we exclude the climate and age embedding conditions at
this stage. For the imputation training, we adopt the masking
strategy as CSDI.
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Height AGB Soil LAI GPP NPP Rh

Models RMSE CRPS RMSE CRPS RMSE CRPS RMSE CRPS RMSE CRPS RMSE CRPS RMSE CRPS
EcoDiffusion-X 1.67 0.48 0.47 0.14 0.36 0.13 0.26 0.08 0.15 0.04 0.07 0.02 0.08 0.02
EcoDiffusion-causal 1.55 0.44 0.42 0.13 0.35 0.14 0.27 0.08 0.14 0.04 0.07 0.02 0.09 0.03
EcoDiffusion 1.26 0.38 0.42 0.13 0.40 0.15 0.27 0.08 0.14 0.04 0.07 0.02 0.09 0.03

Table 3: Ablation study on annual forecasting component in Table 1.

Model Backbone
Depending on the task, either z (yearly) or X (monthly) is
concatenated with Yinit and At

1:nyear
(yearly) or Yinit ∪

Â1:nyear
and M t (monthly). The resulting sequence is then

added with the diffusion timestep t via a sinusoidal embed-
ding, which is subsequently passed through a series of resid-
ual layers. Each residual layer consists of a two-branch causal
masked temporal transformer operating on the predicted tar-
get variable, along with a feature-wise attention layer across
all predicted variables and the encoded z (yearly) or X1:L

(monthly). Global conditioning variables—including time,
feature index, conditional mask, climate type, and initial
age—are embedded and added to the output of the trans-
former layers. More details are provided in the appendix.

Experiments
Candidate methods
We consider a variety of candidate methods as follows,
such as widely used time-series forecasting methods and
conditional diffusion models, covering designs that are
autoregressive/non-autoregressive, multi-scale, ED-tailored,
uncertainty-aware, etc. More details of the models and hyper-
parameter settings (e.g., learning rate) are in the appendix.

• Informer: A transformer-based time-series forecasting
model with ProbSparse attention to improve parameter
efficiency (Zhou et al. 2021).

• TimeXer: A transformer-based forecasting model that con-
siders both the relationships between endogenous targets
and exogenous dependencies (Wang et al. 2024b).

• FEDFormer: A frequency-based transformer with the
seasonal-trend decompositions to better capture the global
profile of time series (Zhou et al. 2022).

• FreTS: A MLP-based model using frequency information
to better capture the global specturm of time series, show-
ing comparable performance among transformer-based
models while maintaining efficiency (Yi et al. 2023).

• DeepED: An autoregressive emulator based on LSTM,
which is designed for ED with multi-scale trend decompo-
sition (Wang et al. 2023).

• TimeGrad: An autoregressive forecasting model based on
conditional diffusion where in each step it make predictions
based on the gradients (Rasul et al. 2021).

• CSDI: An imputation model based on conditional diffu-
sion where masking strategies are used for training. It has
both imputation and forecasting modes and we used the
forecasting version here (Tashiro et al. 2021).

• TMDM: A transformer-modulated diffusion model for
forecasting using relationships between a past window and
future values (Li et al. 2024). For this problem the window
length is a single step, which is challenging for TMDM-
type of models.

• EcoDiffusion: Our proposed approach.

Metrics. We consider both metrics for prediction quality
and uncertainty. For prediction quality, we use the root-mean-
squared-errors (RMSE) and for uncertainty, we use the Con-
tinuous Ranked Probability Score (CRPS) (Matheson and
Winkler 1976). CRPS measures the difference between the
predicted cumulative distribution function (CDF) and the em-
pirical CDF of the observation, and is a commonly employed
metric for uncertainty-aware model evaluation.

Data
We generated ED data over the globe, covering different
climate conditions, terrains, and forest types, with 15 distinct
initial-condition scenarios for each. Test data are sampled at
least 1 degree away from the training data, resulting in 852
sites globally. The dataset contains 136 driving features and
7 target variables (Height, AGB, Soil, LAI, GPP, NPP, and
Rh). The time span is from 1981 to 2020.

Results
We present the results using three parts: (1) Results at annual
level to show if the methods can capture the general trends;
(2) Results at monthly level to show if the methods can cap-
ture finer-scale changes; and (3) Ablation studies to show the
effects of different components of EcoDiffusion.

Yearly Results. Table 1 shows the performance of EcoD-
iffusion compared with the baseline models. Overall, Ecod-
iffusion shows the best results with lower RMSE values.
Among the other diffusion models, the autoregressive-based
TimeGrad has higher errors potentially due to the error accu-
mulation effects. For the other time-series forecasting models,
DeepED shows better results, potentially due to its targeted
designs of the recurrent network structures based on ED. In-
terestingly, the frequency-based trend decomposition models
do not show improvements and show higher errors. This is
likely caused by the trend modeling, which relies on the input
conditions. In this task, the conditions can only be on the
environment contexts and there is no past windows as inputs,
so the trends inferred from environment contexts are likely
less relevant for the forecasting. Looking at the uncertainty
results, EcoDiffusion also shows distributions most aligned
with the target distributions with the lowest CRPS values. The
non-diffusion models in the table do not consider uncertainty
so their CRPS values are skipped.
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Figure 3: RMSEs over years for candidate models (diffusion-
based as examples for visual clarity; more in appendix).

Fig. 3 further shows the RMSE trends over years for differ-
ent target variables for the diffusion-based models (displaying
all together makes the graph hard to read so we use a subset
of candidates; more results are available in the appendix).
The RMSEs are aggregated over all testing locations. We
can see that the patterns are different for different types of
variables. As variables such as height and AGB tend to keep
increasing over time, it is easier for errors to accumulate as
well. Overall, EcoDiffusion shows the least accumulation
over years across all the variables.

Monthly Results. Table 2 and Fig. 5 show the results at
the monthly level, where the overall rankings of the methods
remain the same, with EcoDiffusion consistently showing
the best results. According to Fig. 5, at the monthly level, we
can see that the errors for several variables get more unstable
(e.g., GPP, NPP and Rh), and the pattern is the same for all
models. This is likely due to the naturally higher monthly
fluctuations of these variables that are harder to capture. This
is also reflected by the numbers in the tables. For example,
comparing the results of EcoDiffusion in Tables 1 and 2, the
RMSE values between annual and monthly predictions are
similar for height, AGB, and soil temperature, but increase
for LAI, GPP, NPP and Rh.

Furthermore, Fig. 4 shows the forecasting results of several
diffusion models for a sample location over time, where
the buffer along each predicted line shows the estimated
uncertainty range. We can see that buffers along EcoDiffusion
can more effectively contain the target values and are tighter
around them. More examples are available in the appendix.

Ablation Studies. Table 3 presents the ablation results of
the annual forecasting component (i.e., the Table 1 part).
Additional ablation results for the monthly imputation com-
ponent are included in the appendix. We first evaluate a
basic EcoDiffusion architecture without a causal mask or
global condition as a base with the environment conditions
(EcoDiffusion-X). Then, we add the causal mask within the
temporal layer (EcoDiffusion-causal), which leads to im-
provement of quality, particularly for the gradually increas-
ing variables such as height, AGB, and soil carbon. Finally,
we include global conditioning by embedding prior knowl-
edge of climate types and initial forest age (used to define
initial conditions) into a global context vector g. This par-
ticularly enhances the predictions for height, which may be

Figure 4: Uncertainty with a sample location over 39 years
for a few candidate methods. The dash black lines are target
values and buffers show the uncertainty around forecasts.
More examples are in the appendix.

Figure 5: RMSEs over years for candidate models (diffusion-
based as examples for visual clarity; more in appendix).

more affected by initial conditions, and the results on the
other variables are relatively stable. This suggests future de-
signs can better optimize the usage of different designs to
further reduce the errors across the variables. In general, the
forecasting components at the annual level are most effective
for target variables that have larger values over time and are
more prone to error accumulation.

Conclusion
We proposed EcoDiffusion, an uncertainty-aware emulator
of the process-based ED model for ecosystem forecasting.
EcoDiffusion handles long-term forecasting via designs with
subset-forecasting and full set-imputation, which is effective
in handling single-step initial conditions with a large number
of environmental variables. EcoDiffusion also incorporates
strict causal masks and heterogeneous variable separation
to enhance the approximation quality and generalizability.
The results showed that EcoDiffusion is effective and can
significantly reduce errors compared with various types of
baselines, with enhanced uncertainty estimation.

In future work, we will examine EcoDiffusion for more
challenging scenarios such as cross-domain adaptation and
explore different backbone networks for the denoising steps.
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