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Abstract

Accurate prediction of terrestrial ecosystem carbon [Xes (e.g.,
CO,, GPP, and CHy) is essential for understanding the global car-
bon cycle and managing its impacts. However, prediction remains
challenging due to strong spatiotemporal heterogeneity: ecosystem
[X responses are constrained by slowly varying regime condi-
tions, while short-term [udtuations are driven by high-frequency
dynamic forcings. Most existing learning-based approaches treat
environmental covariates as a homogeneous input space, implicitly
assuming a global response function, which leads to brittle gener-
alization across heterogeneous ecosystems. In this work, we pro-
pose Role-Aware Conditional Inference (RACI), a process-informed
learning framework that formulates ecosystem [X prediction as
a conditional inference problem. RACI employs hierarchical tem-
poral encoding to disentangle slow regime conditioners from fast
dynamic drivers, and incorporates role-aware spatial retrieval that
supplies functionally similar and geographically local context for
each role. By explicitly modeling these distinct functional roles,
RACI enables a model to adapt its predictions across diverse envi-
ronmental regimes without training separate local models or rely-
ing on [Xdd spatial structures. We evaluate RACI across multiple
ecosystem types (wetlands and agricultural systems), carbon [Xes
(CO,, GPP, CH4), and data sources, including both process-based
simulations and observational measurements. Across all settings,
RACI consistently outperforms competitive spatiotemporal base-
lines, demonstrating improved accuracy and spatial generalization
under pronounced environmental heterogeneity.

1 Introduction

Terrestrial ecosystems play an indispensable role in the global car-
bon budget by regulating the exchange of greenhouse gases be-
tween the land surface and the atmosphere through the cycling of
carbon dioxide and methane [36, 43]. Accurately monitoring and
modeling these [Xes is critical for understanding carbon-climate
feedbacks and informing e [edtive mitigation strategies [16, 49].
However, learning globally consistent [iX—driver relationships re-
mains challenging because the underlying processes are highly
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heterogeneous. In addition, sparse observations force models to
extrapolate from a few sites to vast, biophysically distinct regions,
degrading location-speci [c_performance [16, 48, 59].

Process-based models (PBMs) have long been a dominant para-
digm for terrestrial carbon [ modeling, using process-level equa-
tions grounded in physical and biological principles to simulate
biogeochemical dynamics [9, 19, 20]. While o [ering interpretability
and physical consistency, PBMs incur high computational costs
and rely on [xdd model structures and semi-empirical parameteri-
zations that are often calibrated using limited site- or vegetation-
speci [Cdbservations, which substantially limits their transferability
across diverse global ecosystems [36, 37]. In parallel, machine learn-
ing (ML)-based approaches have gained increasing attention for
their ability to capture complex nonlinear relationships from data,
and can match or exceed PBMs when su Lcieht observations are
available [6, 10, 14, 50]. To mitigate the impact of sparse observa-
tions, recent hybrid approaches integrate domain knowledge from
PBMs into learning-based frameworks, aiming to improve robust-
ness and extrapolation under data-scarce conditions [7, 22, 40].

Despite these advances, most existing ML methods still rely
on a homogeneous modeling assumption, learning a single global
mapping from environmental variables to carbon [Xes [6, 16, 38].
Under strong ecosystem heterogeneity and distribution shifts, such
global models tend to converge toward global averages [26, 28, 34],
leading to degraded location-speci [Cpredictions and poor general-
ization to unmonitored regions or unseen weather conditions [3, 28].
In particular, we identify two key challenges in explicitly modeling
ecosystem heterogeneity for carbon prediction.

The [rst challenge arises from the functional heterogeneity of
environmental variables involved in ecosystem processes. As illus-
trated by the TEM-MDM [60] formulation in Figure 1, di [erent
variables in [uénce carbon [Xes through distinct mechanisms and
characteristic time scales [4] (detailed in Appendix A). Speci [cally,
empirical evidence and PBMs indicate that some variables describe
slowly evolving background conditions, such as soil properties or
long-term climate states, that condition the form and magnitude of
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ecosystem responses over extended periods [2]. In contrast, fast-
varying drivers such as temperature and precipitation induce short-
term [udtuations in carbon [Xes [2, 36]. However, standard ML
models often treat all environmental variables as homogeneous co-
variates in a single response function and do not explicitly separate
slowly varying background conditioners from fast-varying dynamic
drivers, or represent temporal patterns at multiple scales [2, 37, 57].

The second challenge lies in modeling spatial heterogeneity un-
der limited observations. Ecosystem data vary substantially across
space, re [edting di [erences in both environmental variables and
X responses [21]. This heterogeneity is further complicated by the
distinct spatial distributions of fast drivers versus slow background
conditioners. Fast meteorological drivers such as precipitation and
temperature tend to vary smoothly across space and are physically
coupled across neighboring sites through lateral thermal, hydro-
logical and biogeochemical processes, so that local states such as
water table depth and/or soil organic matter are strongly in fuénced
by surrounding landscapes [42, 43]. In contrast, slow background
conditioners such as climate, land covers, and soil properties often
form fragmented, mosaic-like patterns, so geographically distant
sites can share similar biophysical regimes and response behav-
iors [21, 30]. As illustrated in Figure 1, we take a site in Florida and
compute the cosine similarity between its feature representations
and those of other grid cells across North America to visualize
this pattern. This combination produces a mixture of gradual and
abrupt shifts across regions, complicating the learning of spatially
consistent [X—driver relationships. Given the sparse and uneven
distribution of X observations, it is infeasible to train specialized
models for each regime, making it essential to develop approaches
that can adapt predictions to diverse spatial contexts without dense
local supervision.

To tackle these challenges, we propose Role-Aware Conditional In-
ference (RACI), a process-informed learning framework that aligns
model structure with role-dependent ecosystem processes. To ad-
dress functional heterogeneity, RACI employs a Role-Separating
Temporal Modeling design, which explicitly decouples slowly evolv-
ing background conditioners from fast-varying dynamic drivers,
so that short-term predictions are conditioned on regime context.
To handle spatial heterogeneity, RACI incorporates a Role-Aware
Spatial Contextual Retrieval module tailored to the spatial structure
of each role: it retrieves regime-similar context for background con-
ditioners while aggregating localized forcing patterns for dynamic
drivers. Together, these components allow a single, uni [ed predic-
tor to adapt its response logic across diverse biophysical regimes,
avoiding fragmented local models and enabling robust, scalable
carbon [ prediction in data-sparse regions.

We evaluate RACI across a diverse set of ecosystem modeling
scenarios to assess its robustness and generalizability. Our exper-
iments span multiple land systems (e.g., agricultural regions and
wetlands), carbon-related [uXes (CO,, GPP, and CHy), and multiple
data sources, including both process-based simulations and sparse
observational measurements. Across these settings, RACI consis-
tently outperforms a broad set of competitive baselines, demon-
strating that its performance gains are not con [ndd to specil[c]
ecosystem types or data modalities, but rather stem from its funda-
mental ability to reconcile role-dependent process structures.

In summary, our main contributions are:
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Figure 1: Hlustration of (i) functional heterogeneity between
fast drivers and slow conditioners, and (ii) their contrasting
spatial similarity patterns.

We formalize functional heterogeneity in terrestrial ecosystem
modeling by distinguishing between background conditioners
and dynamic drivers, highlighting the limitations of standard
homogeneous global models.

We propose a Role-Aware Conditional Inference (RACI) frame-
work that aligns model architecture with these roles through
role-separating temporal modeling and role-aware spatial re-
trieval, enabling adaptive, context-sensitive predictions.

We evaluate RACI across diverse ecosystem types, carbon [Xes,
and data sources, where it consistently outperforms competi-
tive baselines and improves global-scale carbon cycle modeling
under sparse observations.

2 Preliminaries

We study a spatiotemporal prediction problem over a set of monitor-
ing sites S, where each sample represents a site-year pair consisting
of hierarchical observations and daily ecosystem [X targets.

Hierarchical Input Structure. The input features arise from dis-
tinct generative processes with mismatched timescales. For a site B
in year~, the input Xg -=fXg . Xg- Xg- Xé( g comprises:

Daily drivers X - 2 R%53 : Capturing high-frequency mete-
orological forcing (e.g., precipitation, temperature) that directly
induces short-term variability in ecosystem [iXes.

Monthly drivers X3 - 2 R123 " : Representing seasonal ecosys-
tem information (e.g., net primary productivity).

Yearly trends X,‘;;,'"~ 2 R!3. : Characterizing slowly varying
background trends (e.g., global CO; concentration).

Static attributes Xé(" 2 R3(: Describing time-invariant struc-
tural properties of the site (e.g., soil texture, climate zone).

Learning Objective. We aim to learn a mapping F such that
Vs -=F,Xg " predicts the daily [IX sequence Yg - 2 R®%5. The op-
timal parameters are learned by minimizing g —»5p,,, L. Y5 - N
where L is a loss function (e.g., Mean Squared Error).

Spatiotemporal Distribution Shift. To formalize distributional
shift, we decompose the joint distribution of inputs X and tar-
getsY as? X Y" =?,YjX"? X" and spatiotemporal heterogeneity
manifests as two distinct forms of distribution shift:

Forcing shift ?,X": Variations in the input distribution of dy-
namic drivers due to regional di [erknces in weather conditions.
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Figure 2: Overview of the RACI framework, with two coupled components: Role-Separating Temporal Modeling (blue) and
Role-Aware Spatial Contextual Retrieval (green). The right panel details the cross-scale attention blocks.

Response shift ?,YjX": Non-stationarity in the mapping from
drivers to [uXes, governed by biophysical regimes.
The coexistence of these shifts implies that a universal predictor
trained on sparse observations is prone to bias, as it tends to learn
a global average that fails to capture heterogeneous ecosystems.

3 Methodology

3.1 The RACI Framework

To address the spatiotemporal distribution shift discussed in Sec-
tion 2, we reformulate the task as a conditional inference problem:
5:,X C"1Y ,where X denotes local site-year inputs and C pro-
vides auxiliary contextual information that adapts the model to the
underlying environmental regime. Inspired by in-context learning,
this context C serves as a data-driven prior that informs the model
about which regime it is in and allows a single predictor to adjust
its behavior across heterogeneous ecosystems without site-speci [
retraining.

We introduce RACI, a process-informed framework designed to
instantiate this conditional inference through two coupled compo-
nents, Role-Separating Temporal Modeling and Role-Aware Spatial
Contextual Retrieval (Figure 2). Together, these modules align model
behavior with role- and scale-dependent ecosystem processes.

Role-Separating Temporal Modeling. To structure hierarchi-
cal inputs by functional role and characteristic timescale, RACI
decomposes input X into conditioners and drivers. Conditioners,
such as static soil properties and annual trends, shape the response
mechanism ?,YjX” by de[nihg the long-term regime in which
the ecosystem operates. High-frequency drivers govern short-term
variability and the input distribution ? ,X". By separating these
roles, the model interprets dynamic drivers conditioned on explicit
representations of background conditioners, rather than implicitly
averaging over incompatible biophysical regimes.

Role-Aware Spatial Contextual Retrieval. To address distri-
bution shifts explicitly, we construct the context C=fC-"" C~" g
via scale-dependent retrieval. To capture regional seasonal weather
information C*"" , we perform retrieval over spatially adjacent sites
and aggregate their signals at the monthly scale. Here we avoid

daily-level retrieval because daily drivers contain frequent [udtua-
tions that can obscure the underlying seasonal signal. The obtained
monthly context is then used to contextualize local drivers and
mitigate the forcing shift in ?,X”". In parallel, we address response
shiftin ?,Y j X” via yearly-level global retrieval: we [nd site—years
with similar biophysical conditioners and aggregate their [UX tra-
jectories into a functional prior C" that guides the response for
the target site-year. The resulting learning objective minimizes
L Y5XC" C" ", making predictions explicitly conditioned
on both local inputs and retrieved spatial context, and supporting
robust generalization under environmental heterogeneity.

3.2 Role-Separating Temporal Modeling

The temporal component of RACI organizes the hierarchical inputs
into three aligned pathways: high-frequency drivers at daily scale,
seasonal drivers at monthly scale, and slow-varying conditioners at
yearly scale. The goal is to obtain consistent representations where
[nd-scale embeddings primarily re [edt the input distribution ? X",
while coarse-scale embeddings summarize regime information that
shapes the conditional response ?,YjX”. These role-consistent rep-
resentations form the basis for subsequent spatial retrieval and
conditional inference. To achieve this, RACI adopts a hierarchi-
cal encoder that couples daily, monthly, and yearly levels through
selective cross-scale interactions. Information is [rst aggregated
from [na to coarse scales to form stable regime summaries, and
then propagated from coarse to [né scales so that high-frequency
drivers are modulated by the appropriate regime context. This tar-
geted, asymmetric information [Qw yields role-consistent temporal
representations and naturally separates slow-varying conditioners
from dynamic drivers in a physically consistent manner.

3.2.1 Fine-to-coarse aggregation. In the [na-to-coarse direction

(i.e.,daily! monthly! yearly), temporal aggregation aims to build
coarse-scale representations that remain informative for the subse-
quent retrieval process. Instead of using [xdd averaging, we employ
a data-driven aggregation mechanism that learns which [ne-scale
patterns should be retained in the coarser-scale representations. For
example, we expect such aggregation can better represent extreme
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events that may occur only a few times in a year, so the resulting rep-
resentation distinguishes a year with rare extremes from a normal
year with sustained moderate conditions, even when their monthly
or yearly summary statistics appear similar. By assigning higher
weights to informative periods and down-weighting less relevant
patterns, the aggregated representations e [edtively summarize the
forcing trajectory under which the ecosystem operated.

We apply this aggregation mechanism hierarchically, [rst from
the daily to the monthly scale and then to the yearly scale. Here
we illustrate how the yearly embedding Hgg"~ is constructed by

aggregating monthly embeddings fH§'i<g§2:1 , which themselves
are obtained by aggregating daily representations. At the yearly
level, we [rst concatenate yearly trends Xg - and static attributes
X&~ into a joint regime vector Xg — = »Xg _: X& -...We then use
this vector as the attention query over the monthly embeddings
and as a residual component to form the [nal yearly embedding:
12
Hg- = Us-<Hg-<.0- X"
<=1 (1)
Us -« =AM ,Xg-" Ha - <"

where g is a yearly encoder applied to Xgl, and A [ntlenotes dot-
product attention that produces normalized weights Us ~ < over
months < for site Bin year ~. In this way, Hé‘"~ integrates an
attention-weighted summary of intra-annual dynamics with the
yearly background and static site properties to form a compact
regime descriptor. The daily-to-monthly aggregation follows an
analogous query-key mechanism.

3.2.2 Coarse-to-fine propagation. In the coarse-to- [né direction

(i.e., yearly ! monthly! daily), temporal propagation speci [ed
how coarse-scale information modulates [né-scale dynamics. A
naive choice is to simply replicate coarse embeddings across all
[nér time steps, implicitly assuming a piecewise-constant in [uénce
over time. In practice, however, regime-level conditions may have
varying in [uénce on the X dynamics across months or days.

To capture this variability, RACI propagates coarse information
to [ndr scales through a learned gating mechanism. Speci [cally,
for each month <, we compute a scalar gate \ - < that measures
the compatibility between the yearly regime and the seasonal em-
bedding, and use it to inject regime information into the monthly
representation, which generates a re [nad version of the original
monthly embedding:

Hg-<=Hg_<,Ve-< Hg_

\k - < = GateA [MHE - Hg - <"
where GateA [ns a cross-attention network that outputs an un-
normalized relevance score \i -~ < for each month. Unlike standard
attention, these gates are not constrained to sum to one across <, al-
lowing the model to amplify or suppress the in [Lu@nce of the yearly
regime at di [erknt times. We follow a similar process to further
propagate monthly information from A-"" into daily embeddings.
This propagation ensures that the resulting daily embeddings A~ "

are informed by the annual regime while preserving the heteroge-
neous variance of the input distribution ?,,X".

@)
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3.3 Role-Aware Spatial Contextual Retrieval

To connect the distribution-shift perspective with downstream pre-
diction, RACI injects role-speci [C$patial context derived from both
the input distribution ?,X” and the conditional response ?,YjX"
into the [UX prediction task. Concretely, it constructs two contex-
tual signals: a driver-oriented context that summarizes regional
forcing patterns and a conditioner-oriented context that captures
regime-similar X behavior, which together form the functional
prior used in our conditional inference framework.

3.3.1 Monthly-level retrieval for driver variability. At [ndr tempo-

ral scales, the dominant challenge is the spatial heterogeneity in
environmental drivers ? ,X". Although one could retrieve neigh-
bors at the daily level, daily meteorological inputs (e.g., transient
precipitation or localized cloud cover) are often dominated by high-
frequency variability. Such "weather-level [udtuations" capture
variability beyond the site characteristics that drive spatial shifts in
?,.X” and thus are not suitable for robust spatial conditioning. We
therefore perform retrieval at the monthly scale, where aggrega-
tion suppresses day-to-day noise and yields a more stable regional
weather signature. For a target site Bin year ~ and month <, we
retrieve a neighborhood of geographically adjacent sites N ,,B"and
aggregate their mpnthly embeddings into a driver-oriented spatial
context: C§V1< = mnpA IEIH§'1< HB(J~ < HB0~ . This con-
text information is then propagated coarse-to- [né to the daily level,
ensuring that [na-grained predictions are grounded in a stable
regional forcing context.

3.3.2 Yearly-levelretrieval for response conditioning. While monthly

drivers are often spatially smooth, the underlying biophysical mech-
anisms ?,YjX” can be highly heterogeneous and typically follow
a mosaic-like spatial pattern. Sites with similar weather drivers
may exhibit very di [erent [ responses due to di [erknces in soil
organic matter, vegetation types, or microbial communities. The
response shift means that geographic proximity is often a poor
proxy for functional similarity. To address this, we perform global
retrieval at the yearly scale to [nd functional analogues. To avoid
temporal leakage, retrieval is restricted to a held-out auxiliary pool
A of site-years that is disjoint from both the training and test splits
and excludes the target prediction year.

Retrieval is formulated as a cross-attention operation where the
target yearly embedding acts as the query and auxiliary site-years
provide keys and values. For a target site-year ,B ~*with embedding
Hé'"_, we [Tst identify a candidate set R,B ~” A by retaining

site-years whose similarity to Hg  exceeds a threshold g. This step
removes clearly mismatched regimes and focuses on functionally
plausible analogues. The yearly context is then constructed by
attention-based aggregation of normalized [UX trajectories:

Ci. = Attn,Hg ~ Hyp 0" Yep-o
BH~02R B ~"
where Y -0 denotes the magnitude-normalized [IX trajectory for
site-year ,B® ~%". By focusing on normalized trajectories, the re-
trieval emphasizes the temporal response pattern—the character-
istic "shape" of how a speci [C#cosystem reacts to forcing—rather
than absolute [X magnitudes that may be a [edted by local scaling
factor. If no auxiliary site-year satis [ed the similarity threshold
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(ie, R,B ~" =), we set C.'_i,'"~ = 0 and skip response conditioning
for that site-year, so that the model falls back to using only local
information rather than forcing mismatched contextual trajectories.

Because Hg _ encodes both yearly background conditions and
aggregated forcing for the target site-year, retrieval is e [edtively
performed in a regime space. The selected trajectories thus rep-
resent response patterns that are functionally consistent with the
target ecosystem, allowing the model to “borrow” response be-
haviors from globally similar site-years. The daily decoder then
combines this retrieved context with local inputs to instantiate an
appropriate response for the target, resolving functional hetero-
geneity in a regime-aware manner without introducing site-speci [c]
parameters or training separate local models.

3.4 Prediction and Optimization

Given the role-separated temporally encoded representations and
role-aware retrieved spatial contexts, RACI generates daily [
predictions through a response-conditioning prediction head. This
stage combines retrieved response priors within the speci [Clocal
environmental context, e [edtively transforming the model from a
static global predictor into a regime-adaptive predictor. Speci [cdlly,
the LSTM-based prediction head treats the retrieved yearly context
C,’g'ﬂ~ as a mechanistic prior that guides how daily representations

Fg " are interpreted:
Yg-=LSTM Hz_ kG-

The entire framework is trained end-to-end by minimizing error
between predicted and observed daily [ sequences.

4 Experiments

We conduct experiments to evaluate the e [edtiveness of RACI and
to analyze the impact of its key design components, guided by the
following research questions:
RQ1 (overall performance): How does RACI compare with
strong baseline methods in predictive performance?
RQ2 (temporal modeling): How does temporal modeling a [edt
performance and the learned multi-scale attention patterns?
RQ3 (spatial retrieval): How do monthly and yearly spatial
retrievals in [uénce prediction and help capture heterogeneity?

4.1 Datasets

We evaluate RACI on terrestrial ecosystem [ prediction for three
key carbon-cycle targets: CO,, GPP, and CH,. All datasets are or-
ganized into a uni[ed site-year format, where each sample cor-
responds to one calendar year at a [xdd location, with hierarchi-
cal environmental variables and a daily [uX target. Process-based
simulations provide dense spatiotemporal coverage and enable
learning across diverse environmental regimes. We include agricul-
tural carbon [ simulations (CO,, GPP) generated by the ecosys
model [12], and global wetland methane simulations (CH,4) gener-
ated by the TEM-MDM model [60]. These products span hetero-
geneous climates, land-cover types, and management conditions,
serving as the primary source for learning cross-scale spatiotempo-
ral patterns.To evaluate robustness under real-world measurement
constraints, we use tower-based eddy-covariance datasets derived

from the FLUXNET network. Speci [cally, we rely on FLUXNET-
based CO, and GPP products from AgroFlux [8], curated from
the FLUXNET2015 dataset [33], and CH; [uX products from X-
MethaneWet [45], based on the FLUXNET-CH, dataset [27]. Com-
pared with simulations, observation-based datasets are spatially
sparse and contain stronger site-speci [Choise and missingness,
providing a realistic testbed for model generalization. Across all
datasets, we adopt a temporal extrapolation protocol: models are
trained on earlier years and evaluated on subsequent years. In sim-
ulation experiments, we additionally hold out an intermediate year
as an auxiliary pool used only for yearly-level retrieval; for fairness,
non-retrieval baselines are allowed to train on this year, so RACI
in fact uses fewer labeled years. In observation experiments, we
use the same temporal extrapolation in a two-stage transfer setting:
the model is [rst pre-trained on simulations and then [né-tuned on
FLUXNET observations, while still using the simulation auxiliary
pool for yearly retrieval. Further details are provided in Appendix B.

4.2 Experimental Setup

Baselines. We compare RACI against representative temporal base-
lines spanning multiple modeling paradigms. Recurrent neural net-
works (RNNs) include LSTM [15], EA-LSTM [18], and P_sLSTM [17].
Convolutional and frequency-aware methods include TCN [24] and
TimesNet [55]. Transformer-based approaches include the standard
Transformer [51], Pyraformer [23], DUET [35], PatchTST [31], and
iTransformer [25]. We further include DLinear [58] as a linear de-
composition baseline, as well as TSMixer [5] and TimeMixer [53]
as recent MLP-based architectures. All baselines are implemented
using publicly available implementations and evaluated under con-
sistent experimental settings, detailed in Appendix C.1. For all
baselines, monthly and yearly covariates are simply replicated to
the daily resolution and concatenated with daily drivers

Evaluation metrics. We evaluate model performance using
Root Mean Squared Error (RMSE) and the coe [cieht of determi-
nation (' 2). RMSE measures absolute prediction accuracy in the
physical units of each [1X variable. To account for strong spatial
heterogeneity in [ magnitudes, we adopt a within-site * 2 formu-
lation in which the baseline mean in the denominator is computed
separately for each site, yielding a more discriminative measure of
temporal prediction. The within-site*  is de [nad as

2.4 .8,CBC %’

8 c78C "B
where ~g cand <g cdenote the observed and predicted [LXes at site
8and time C respectively, and ~g = )is c~s cis the temporal mean
of observations at site 8.

4.3 Overall Performance (RQ1)

We evaluate all models on a sequence of carbon [uX prediction tasks
that become progressively harder, starting from relatively smooth,
data-rich CO; and GPP and moving to the highly heterogeneous
and data-scarce CH4. This setup lets us test which inductive biases
are actually useful for ecosystem [uX prediction, and we [nd that
the process-informed design of RACI is robust and generalizable
across these diverse tasks.

Conference acronym 'XX, June 03-05, 2018, Woodstock, NY
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Table 1: Performance comparison of CH, prediction on TEM-MDM and FLUXNET datasets (mean std).
| TEM-MDM |  FLUXNET
Model | Global N. America S. America Europe Africa Asia Oceania | CH,4
|RMSE# '2" RMSE# '2" RMSE# '2" RMSE# RMSE# '2" RMSE# '2" RMSE# '2" | RMSE# 2"
LSTM 306006 094 01 312005 093 01 203003 07503 184007 096 00 141005 090 02 349005 097 00 80905 076 02 5448120 044 02
EA-LSTM 591026 076 01 551007 08002 315008 039 05 304020 090 01 253027 068 01 794068 08202 1514127 017 o1 5709032 039 01

P_sLSTM

880048 03910 716015 06106 60003 1203450205 069 03 500022 057 191311095 045 11 1858232 057 05

6284078 027 02

TCN 743014 05903 719102 067 03 376023 00508 464119 077 04 351023 028 04 1110104 062 02 1378346 014 01
1324037 020 031302009 013 12 703040 203 05 8 38044 026 06 648068 113 232030117 015 0822 78069 089 24

TimesNet

8204845 026 26
8844375 045 12

Transformer | 358008 090 01 380033 09101 201007 07301 22903 094 00 167007 08401 400045 09500 90618 050 04
iTransformer| 7 82014 052 02 77503 054 02 426041 009 05 509060 069 02 306006 041 02 1046060 065 03 17 98159 048 09
Pyraformer | 64301 07201 619020 07402 316019 039 04 500045 074 03 281011 060 05 885029 078 02 1336020 035 11
DUET 1131019 013 00 1086069 022 06 658008 168 25 747034 041 05 501046 027 0516 90063 020 04 2112139 061 12

5587628 041 13
8324728 030 22
6366503 02412
100 881148 091 42

PatchTST 12 47045 006 04 11 70045 009 07 659010 169 36 7 76052 037 05 6 38049 107 2201932099 004 04 2215125 077 13 69 14314 011 08
DLinear 1266039 009 04 1209029 002 16 919042 420 18 840065 026 08 771061 201 11 1797064 010 02 2324138 095 13 8558095 036 03
TSMixer 372009 08901 341015 09102 235007 067 03 203025 09500 189016 078 03 389041 09501 1101081 044 04 613968 029 16

TimeMixer |1266014 026 05 1280033 02509 715024 214 710 804083 022 10 621016 142 211926027 018 02208319 099 12

8392412 03113

RACI ‘2.08022 0.97 01 211025 0.97 01 1.22019 0.91 03 1.24012 0.98 00 0.96011 0.95 01 2.55023 0.98 00 5.20064 0.90 03

| 51.97077 0.49 o1

Table 2: GPP and CO; performance on Ecosys and FLUXNET
(mean std), with best performance highlighted in bold.

\ Ecosys \ FLUXNET
Model |~ Gpp co, | Gpp Co,
[RMSE# 2" RMSE# ’'2" |RMSE# ’'2" RMSE# ' 2"
LSTM 28719084 0204804 08902 |15005 08401 36710071 02

EA-LSTM 34821 07703 06502083 01 |226 28 064 09 446 24 056 05
P_sLSTM 38584 07013069 13087 18 (19407 07402 406 16 064 03

TCN 33527 0790306001 08600 [15207 08402369 20 070 03
TimesNet 37318 0730209208 06506 [175 11079 03 394 13 066 02

Transformer |4 76 11 057 02 060 03 08501 |22503 065 01 475 03 051 o1
iTransformer|4 15 59 067 08 090 04 064 03 |[187 01 075 01 426 01 060 01
Pyraformer 316 18 081 02 06102 08501 |152 06 084 01 345 02 074 00
DUET 4225306608 08818 06813 |149 03 08501 381 15 068 02
PatchTST 56122 040 05 11025 050 23 161 10 082 02 429 24 060 o5

DLinear 4585 0591011601 05910 [18219 077 05 39118 067 03
TSMixer 3775107207 0751007606 [150 03 084 01 356 06 072 01
TimeMixer |377 07 073 01 08406 07104 |156 01 08300 36907 070 o1

RACI |2.60 11 0.87 01 0.36 02 0.95 02 |1.39 04 0.87 02 3.15 05 0.78 01

4.3.1 GPP and G@rediction on Ecosys and FLUXNET. We [rst

evaluate the overall performance of RACI on GPP and CO; predic-
tion using the AgroFlux benchmark, which includes both simulation-
based (Ecosys) and observation-based (FLUXNET) datasets. These
[Xes are generally regarded as comparatively easier targets due
to their smoother temporal dynamics and higher signal-to-noise
ratios, and thus provide a natural starting point for assessing model
behavior. As summarized in Table 2, RACI consistently achieves the
lowest RMSE and highest’ 2 across both datasets and [1Xes. Among
baselines, RNN-based models perform strongly, reinforcing the view
that carbon [X prediction is essentially a state-response problem
that bene [Islfrom time-step-wise conditioning on instantaneous
drivers. In contrast, CNN-style models that emphasize complex
multi-periodic patterns do not outperform simple RNNs, suggesting
that such inductive biases are less crucial in these externally forced
systems. Models that enforce channel independence (e.g., PatchTST,
DLinear) perform markedly worse, indicating that ecosystem [iXes

depend on multivariate interactions that are lost when covariates
are modeled separately. DUET partly addresses multivariate struc-
ture, but its grouping variables by statistical similarity is misaligned
with physically meaningful roles, so functionally complementary
drivers (e.g., precipitation vs. radiation) may be sparsi [ed as noise.
iTransformer preserves cross-variable correlations but compresses
temporal information into global representations, weakening [né-
grained alignment between meteorological drivers and [UXes and
leading to suboptimal modeling of transient events compared to
time-step-aware architectures.

4.3.2 4 prediction on TEM-MDM and FLUXNETy. Unlike
CO; and GPP, global CH4 [k modeling in TEM-MDM is substan-
tially more challenging due to the nonlinear biophysical processes
governing methane production and oxidation. At the global scale,
the predictor must capture strong spatial heterogeneity across cli-
matic zones and wetland types, making this task a stringent test of
whether architectures can learn complex process-level interactions
from dense but diverse simulation data. The global CH, results in
Table 1 show that models that already appeared fragile for GPP and
CO; often obtain negative ’ 2 scores, and even architectures that
performed reasonably well on those [Xes degrade substantially.
Among the stronger baselines, contrasts between close variants fur-
ther pinpoint problematic assumptions: TimeMixer underperforms
TSMixer, suggesting that explicit trend—seasonality decomposi-
tion can blur the short, threshold-triggered “hot moments” that
dominate CH4 emissions; P-sLSTM falls behind standard LSTM,
indicating that patching may interrupt the continuous build-up of
anaerobic conditions; and the decline of Pyraformer suggests that
pyramidal coarsening tends to smooth out sharp emission spikes.
Overall, these patterns indicate that for complex [Xes such as
CHy, architectures with rigid structural assumptions are less suit-
able than simpler continuous-state models like LSTM and RACI.
Beyond global averages, performance also varies strongly across
continents: even LSTM performs poorly in South America, Africa,
and Oceania, as shown numerically in Table 1 and spatially in the
point-wise ' 2 map in Figure 3. This spatial imbalance is largely
mitigated by RACI, which maintains balance across regions.
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Figure 3: Spatial distribution of point-wise’ 2 on TEM-MDM in test year 2018, comparing LSTM (left) and RACI (right).
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Figure 4: Annual mean CH,4 emissions over North America
in 2018 from CarbonTracker, LSTM, and RACI prediction.

The challenge becomes even more severe for real-world CH,
observations. The X-MethaneWet dataset contains only 30 sites
globally, with strong spatial bias: towers are concentrated in North
America and Europe, while much of the Southern Hemisphere
remains unmonitored. Under such extreme data sparsity and ge-
ographic imbalance, many ML models experience representation
collapse when trained directly on these observations, as shown in
Table 1. We observe a clear dichotomy: several recent architectures
designed for general time-series forecasting may yield negative * 2
scores on FLUXNET-CH, data, whereas simpler baselines such as
standard LSTM, Transformer, and the domain-informed EA-LSTM
maintain reasonable performance. This contrast highlights the role
of inductive bias: sophisticated models rely on structural assump-
tions that are well-suited to dense, homogeneous datasets but be-
come mismatched for sparse, highly heterogeneous methane [iXes.
Vanilla architectures, by imposing weaker structural constraints,
are less prone to such failures and can still capture basic sequential
dependencies. Building on this baseline robustness, RACI intro-
duces a domain-aligned inductive bias by leveraging role-aware
retrieval to transfer information from regime-similar simulation
patterns, thereby bridging observational gaps and achieving the
strongest generalization among all evaluated models. Representa-
tive time series comparisons in Figure 5 in Appendix C.3.1 further
illustrate these behaviors at individual sites.

4.3.3 Out-of-distribution evaluation on CarbonTracker. Finally, we

conduct an out-of-distribution evaluation by comparing our up-
scaled predictions against CarbonTracker [32], a high- [ddlity top-
down atmospheric inversion product often used as a proxy for
regional-to-global [ dynamics. Because FLUXNET-CH4 towers
are extremely sparse and geographically imbalanced, with most
sites located in North America, which is itself biophysically diverse,
we restrict our out-of-distribution evaluation to this region. We
adopt a two-stage protocol: the model is [rst pre-trained on TEM-
MDM simulations, then [né-tuned on FLUXNET sites in North
America, and [nally evaluated on the North American Carbon-
Tracker grid, directly testing whether the framework can generalize
from a small set of regional tower measurements to a continuous

regional [ [eld. This comparison between bottom-up inference
and top-down atmospheric constraints provides a stringent assess-
ment of RACI’s scalability and its potential for large-scale carbon
cycle monitoring. Figure 4 illustrates a key limitation of the base-
line LSTM: its predictions appear overly smooth in regions without
towers and blurring critical emission hotspots (e.g., Southeast U.S.
wetlands). In contrast, RACI better reconstructs the spatial hetero-
geneity of methane [Xes, better localizes high-emission zones and
achieves a higher ’ 2, indicating that its role-aware retrieval pro-
vides spatial priors that improve extrapolation from sparse towers.

4.4 Impact of Temporal Modeling (RQ2)

4.4.1 Ablation on temporal modeling. To assess the e [edtiveness

of Role-Separating Temporal Modeling, we construct a variant (-
Temporal) that disables the hierarchical temporal encoder while
keeping both spatial retrieval modules unchanged. In this variant,
coarse embeddings are obtained by simple temporal averaging, and
coarse-scale information is propagated to [nér scales via naive
value replication, without learned encoder—decoder interactions.
We evaluate this ablation on the TEM-MDM dataset, which is both
demanding and su Lciehtly large to support robust comparison of
variants. As shown in Table 3, the -Temporal variant exhibits a
clear degradation in performance, indicating that retrieval alone is
not su [cieht: it relies on informative, role-aware temporal embed-
dings. These results support our encoder—decoder design as a key
inductive bias that organizes the latent space into scale-consistent
representations that can be meaningfully compared and retrieved.

4.4.2
tion results above show that temporal embeddings are not equiva-
lent to simple averaging and replication. To understand how RACI
organizes information across scales, we examine attention weights
in the aggregation and propagation blocks for CHy after pre-training
on TEM-MDM and [né-tuning on FLUXNET-CHy, so that the pat-
terns re[edt a realistic setting. In aggregation, attention selects
which [né-scale steps are preserved when forming coarse sum-
maries; in propagation, it controls how regime-level context is
injected back into [N@r resolutions. Because these weights are com-
puted via cross-attention on input features, their patterns provide
a proxy for feature importance at each timescale. Representative
examples are shown in Figure 7 in Appendix C.3.3.

For monthly-to-yearly aggregation, Northern Hemisphere sites
systematically receive higher attention on winter months. This in-
dicates that yearly regime descriptors emphasize seasonal contrast:
warm seasons often exhibit uniformly high methane emissions,
whereas colder periods show more distinct behavior and are there-
fore more informative for separating regimes. For daily-to-monthly
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Interpreting multi-scale temporal a@ntion in RACI. The abla-
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Table 3: Ablation study of RACI variants on TEM-MDM.

Metric Full -Temporal -Monthly -Yearly -Both

RMSE  2.08 3.08 2.28 319 331
R? 0.97 0.94 0.96 0.93 0.92

aggregation, we correlate attention weights with key drivers (pre-
cipitation, solar radiation, air temperature, and vapor pressure).
Rather than distributing attention evenly, the model tends to fo-
cus on whichever variable constrains local [, consistent with a
“law of the minimum” behavior. For example, at Fl-Lom (Finland),
a subarctic peatland with only 484 mm annual rainfall, attention
peaks on precipitation (A =0 70), re [edting sensitivity to episodic
water input; at US-LA1 (Louisiana), a humid subtropical marsh
with 1625 mm rainfall and tidal in [l1énce, attention shifts to tem-
perature (A =0 53), indicating energy-limited microbial activity.
In contrast, solar radiation rarely dominates: its [xdd seasonality
provides limited additional information and is seldom the limiting
factor during peak seasons. Overall, the model emphasizes drivers
with the greatest ecological leverage under local constraints, rather
than any single variable globally.

In the coarse-to- [né& propagation modules, we observe a com-
plementary pattern. Both yearly-to-monthly and monthly-to-daily
propagation assign larger gates to time steps with higher emission
potential-typically warm, wet periods—while down-weighting less
active periods. Rather than treating conditioners as a constant bias,
RACI uses them as adaptive priors that selectively modulate dy-
namic drivers when methane-favorable conditions are met. These
attention patterns are consistent with the intended design: regime-
level context shapes local dynamics most strongly when and where
it matters for CH4 emissions.

4.5 E [ect of Role-Aware Spatial Retrieval (RQ3)

4.5.1 Ablation on monthly and yearly retrieval. We [rst assess the

contribution of spatial retrieval at di Cerknt scales. We construct
three variants, -Monthly, -Yearly and -Both, by disabling the corre-
sponding retrieval module while keeping the rest of the architecture
unchanged. As shown in Table 3, removing either module degrades
performance, with a markedly larger drop for -Yearly. Without
yearly retrieval, the model still observes dynamic drivers but no
longer accesses conditioner information that governs how these
drivers translate into X responses, and its predictions revert to-
ward a global average behavior. In contrast, removing monthly
retrieval weakens the ability to contextualize local driver signals
with regional seasonal patterns, leading to smaller yet consistent
performance losses. These results support the complementary roles
of monthly (driver-oriented) and yearly (conditioner-oriented) re-
trieval in handling forcing and response shifts.

4.5.2 Functional rather than geographic retrieval. We next examine

whether yearly-level retrieval is driven by ecological function rather
than geographic proximity. Figure 8 in Appendix C.3.4 shows a rep-
resentative example in the Mississippi River Delta, where US-LA1
and US-LA2 are geographically adjacent and share similar climate
(humid subtropical, 20 C, 1600 mm/year), yet induce distinct
retrieval locations. US-LAL, a brackish marsh with natural tidal
dynamics, primarily retrieves subtropical wetland systems in South

Sunetal.

America. By contrast, US-LA2, a freshwater marsh in [ugnced by
the Davis Pond diversion project, preferentially retrieves managed
agroecosystems in regions such as Saudi Arabia and Australia. This
contrast indicates that RACI uses yearly embeddings to distinguish
natural versus engineered hydrological regimes and conditions pre-
dictions on inferred ecological roles, rather than relying solely on
spatial distance or coarse climate similarity.

5 Related Work

Process-based modeling. Process-based models (PBMs) have long
been the standard for terrestrial carbon and methane [ modeling,
formulating ecosystem exchange through process-level equations
grounded in physical, chemical, and biological principles. Land
surface and ecosystem models such as CLM [20], ORCHIDEE [19],
Biome-BGC [41], LPJ [44], and DAYCENT [9, 13] explicitly simulate
photosynthesis, respiration, and carbon—water—energy coupling to
estimate GPP, NEE, and related carbon [xes. For methane emis-
sions, wetland PBMs including the Walter—Heimann model [52],
TEM-MDM [60], DLEM [46, 47] and ELM-ECA [39] further re-
solve methane production, oxidation, and transport via di [udion,
ebullition, and plant-mediated pathways. While these models of-
fer strong physical interpretability and have been widely applied
across ecosystems and climates, they depend on rigid structural as-
sumptions and semi-empirical parameterizations tuned to speci [c]
environments, which limits their transferability under global het-
erogeneity. Their computational cost and [xdd temporal structures
also make it di [Cculk to capture short-term variability, regime shifts,
and scale-dependent ecosystem responses.

Data-driven and hybrid models. Machine learning has sub-
stantially advanced terrestrial X prediction, especially for up-
scaling eddy-covariance measurements to larger scales [16, 49].
Deep models (CNNs, RNNs, Transformers) have been used to pre-
dict carbon [Xes from meteorological and remote-sensing in-
puts [2, 6, 7, 10, 11, 22, 29, 37], often outperforming PBMs where
observations are dense, but degrading under covariate shift and
sparse tower coverage [14, 37]. Hybrid physics—ML frameworks
alleviate part of this by enforcing physical constraints or regular-
izing with process-based simulations [1, 40, 50]. However, most
approaches still assume a single global mapping from drivers to
[Xes, which under strong ecosystem heterogeneity causes predic-
tions to regress toward biased global averages and perform poorly
in unmonitored regimes.

6 Conclusion

In this paper, we introduced a Role-Aware Conditional Inference
(RACI) framework for terrestrial carbon and methane [UX pre-
diction. RACI separates slow background conditioners from fast-
varying drivers and employs role-aware spatial retrieval so that
predictions are conditioned on both regional forcing patterns and
regime-similar ecosystems, rather than relying on a single global re-
sponse. Empirical results across simulation and observation bench-
marks show consistent gains over a broad set of baseline models.
As a general framework for role-aware retrieval-augmented spa-
tiotemporal modeling, RACI has potential beyond the speci [c TuxXes
and datasets studied here, o [ering a path toward more robust and
interpretable Al for Earth system monitoring.
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A Process Background and Role De [nitions

Process-based ecosystem models compute carbon and methane
[Xes as explicit functions of environmental forcing, internal state
variables, and slowly varying site properties. In many land sur-
face and ecosystem models (e.g., CLM, Biome-BGC, LPJ), [u3es
are written as products or combinations of response functions to
di Lerknt factors, such as solar radiation, temperature, soil moisture,
vegetation state, and soil conditions. This structure implicitly dis-
tinguishes between fast-varying drivers, which respond on hourly
to seasonal time scales to meteorological forcing, and slow back-
ground conditioners, which evolve over years to decades and set
the long-term capacity of the ecosystem to exchange carbon with
the atmosphere.

For example, gross primary productivity (GPP) are often ex-
pressed as a light-use e [ciehcy term multiplied by limiting func-
tions of air temperature, vapor pressure de [Cit, and soil moisture, all
of which can [dtuate strongly from day to day. At the same time,
this instantaneous uptake is conditioned on slowly varying vege-
tation properties such as leaf area index, canopy nitrogen content,
and plant functional type, which control the maximum attainable
photosynthetic capacity but change only over phenological or suc-
cessional time scales. Similarly, net ecosystem exchange (NEE/CO;)
depend on fast-varying soil temperature and moisture as drivers,
while being conditioned on the size and turnover of soil carbon
pools, soil texture, and nutrient status. In both cases, the X can
be viewed as the response of a relatively slowly evolving back-
ground state (carbon pools, vegetation and soil properties) to fast
meteorological forcing.

This role separation is made explicit in the methane dynam-
ics module of the Terrestrial Ecosystem Model (TEM-MDM) [60].
There, the gross methane production rate " o, C"at soil depth |
and time C is written as a product of response functions to several
controlling factors:

"ol C7=5,7 I €7 5, ,IC” 54 ,IC” "y 5,27

Here" ( ,| C"denotes the soil temperature and moisture state,
and’ . | C"denotes the redox status of the soil column (driven by
the position of the water table and oxygen availability). Both are
updated on (sub-)daily time scales in response to meteorological
forcing and hydrological [udtuations. Soil organic matter (¢ ,| C”
is a somewhat more slowly evolving state variable, updated at
monthly time scales from net primary productivity: it still varies in
time, but integrates past productivity and therefore evolves more
smoothly than the instantaneous meteorological drivers. In contrast,
' o Is an ecosystem-speci [Cbaseline methanogenic potential and
soil pH is a static, site-speci [Cproperty. Together," ¢ and ? set
the long-term capacity of the system to produce methane, while
"o . CV .1 Cland (g ,I C"control the realized production
on daily-to-monthly time scales around this capacity.

This decomposition naturally aligns with our terminology of
drivers and conditioners:" (y | C7’ . ,I C7and (g ,|I C"actasdy-
namic drivers that determine how methane production responds to
short-term meteorological, hydrological, and substrate-availability
changes, whereas" ¢ and ? act as background conditioners that
determine whether a site can sustain high emissions at all and how
large the potential response can be.
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B Datasets

This section provides detailed descriptions of the datasets, variables,
and preprocessing procedures used in this study. All datasets are
harmonized into a uni [ed site-year representation, consistent with
the problem formulation in the main paper.

B.1 AgroFlux CO, and GPP Datasets

We use the CO; and GPP components of the AgroFlux bench-
mark [8], which combines process-based simulations from Ecosys [12]
with FLUXNET [33] eddy-covariance observations.

Simulation component (Ecosys). The Ecosys dataset provides daily
outputs from 2000-2018 for 99 counties across lowa, lllinois, and
Indiana in the U.S. Corn Belt, under multiple management scenar-
ios. Each county is simulated under 20 nitrogen fertilization rates
ranging from 0 to 33.6 g N m 2 , representing diverse management
intensities within otherwise identical soil and climate conditions.
In our role terminology, these fertilization scenarios de [né slow-
varying regime conditioners that shape background carbon cycling
states (e.g., soil organic carbon and plant productivity), while daily
weather drives fast variability.

Observation component (FLUXNET). The AgroFlux CO,/GPP ob-
servation dataset curated from FLUXNET2015 [33] consists of 11
cropland eddy-covariance sites (US-Bol, US-Bo2, US-Br1, US-Br3,
US-IB1, US-KL1, US-Nel, US-Ne2, US-Ne3, US-Rol, US-Ro5) dis-
tributed across lllinois, lowa, Michigan, Nebraska, and Minnesota,
with site records spanning 2000-2020 at daily resolution.

Variables and role mapping. We adopt the AgroFlux driver set as
inputs and use daily GPP and CO, [X as prediction targets. Mete-
orological variables (e.g., precipitation, air temperature, radiation,
vapor pressure de [cit) are treated as fast drivers. Static or slowly
varying variables—soil bulk density (TBKDS), sand/silt content (TC-
SAND, TCSILT), soil pH (TPH), soil organic carbon (TSOC), crop
type (PLANTT), and fertilization rate (FERTZR_N)—are treated as
conditioners that de [n8 the local regime. This mapping is applied
consistently across both Ecosys and FLUXNET-based datasets.

Preprocessing and temporal splits. Following AgroFlux, all time
series are segmented into yearly sequences of length 365 and nor-
malized feature-wise. Missing observations in FLUXNET-based data
are masked out in the loss and metrics, so models are evaluated only
on available tower measurements. For Ecosys, we use a temporal
extrapolation setup with 2000-2014 for training, 2015 reserved as
a held-out auxiliary pool for retrieval, and 2016—2018 for testing.
For the FLUXNET-based CO,/GPP data, we follow the AgroFlux
temporal split, training on 2000-2015 and testing on 2016—2020,
while using the same 2015 Ecosys auxiliary pool for yearly-level
retrieval. All experiments in the main text that involve AgroFlux
use exactly these splits.

B.2 X-MethaneWet CH, Benchmark

For methane, we follow the X-MethaneWet benchmark [45], which
couples process-based simulations from TEM-MDM [60] with tower
observations from FLUXNET-CH, [27].

Simulation component (TEM-MDM). The TEM-MDM component
provides daily CH4 emissions and environmental variables at 0.5

global resolution from 1979-2018 for 62,470 wetland grid cells. In-
put features include four daily meteorological drivers (PREC, TAIR,
SOLR, VAPR from ERA-Interim), a monthly net primary productiv-
ity (NPP) series, yearly global CO, and CH,4 concentrations, and
static wetland/land-surface properties (wetland type, vegetation
and plant functional type, soil texture fractions, soil bulk density,
pH, elevation, and climate class).

Observation component (FLUXNET-CH,). The FLUXNET-CH,
component consists of 30 vegetated wetland sites (bog, fen, marsh,
swamp, wet tundra, drained, and salt marsh) spanning Arctic—boreal,
temperate, and (sub)tropical climate zones, with daily CH, [uXes
typically between 2006 and 2018. For each site we retain the stan-
dardized FLUXNET-CH4 meteorological drivers (air temperature,
precipitation, vapor pressure) and align the tower location to the
nearest TEM-MDM wetland grid cell to complete the feature set and
wetland-type labels, following the construction in X-MethaneWet.

Variables and role mapping. All TEM-MDM and FLUXNET-CH,4
records are converted into site-year sequences of length 365. In our
framework we treat fast-varying meteorology and NPP as drivers,
and slowly varying soil, vegetation, climate, wetland type, and
global gas concentrations as conditioners.

Preprocessing and temporal splits. Missing daily CH4 [0Xes in
FLUXNET-CH,4 are masked in the loss and evaluation metrics, so
models are only scored where tower data are available. For TEM-
MDM, baseline models are trained on 1979-2008 and tested on
2009-2018. For RACI, we train on 1979-2007, reserve 2008 as a
held-out auxiliary pool used only for yearly-level retrieval, and
still test on 2009—2018; thus baselines see one additional labeled
year. For the FLUXNET-CH, data, we use the last available year of
each site for testing and all previous years for training, while using
the same 2008 TEM-MDM auxiliary pool for yearly-level retrieval.
All experiments in the main text that involve X-MethaneWet use
exactly these splits.

C Supplementary of Experiments

C.1 Baselines

In this section, we provide a brief overview of the baseline methods
for reference in our paper.
LSTM [15]: A canonical recurrent neural network that models
temporal dependencies via gated cell states, serving as a strong
point-wise sequential baseline.
EA-LSTM [18]: An LSTM variant originally proposed for hydro-
logical modeling that injects static catchment attributes into the
input gate, so that static properties (e.g., soil type, topography)
modulate the recurrent dynamics.
P_sLSTM [17]: A recent LSTM variant that applies temporal
patching and modi [ed gating to improve long-horizon forecast-
ing and enable more parallel training over long sequences.
TCN [24]: A temporal convolutional network that uses causal
convolutions to obtain a large receptive [eltl and capture long-
range temporal dependencies.
TimesNet [55]: A general-purpose model that maps 1D time
series into 2D tensors based on learned multi-periodicity and
then applies standard 2D convolutional blocks.
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Figure 5: Comparison of daily CH4 emission time series from observations and from LSTM and RACI predictions at [vd

FLUXNET-CHj site-year sequences in the test set.

Transformer [51]: The vanilla Transformer architecture, using
self-attention to model global temporal dependencies across all
time steps.

iTransformer [25]: An inverted Transformer that [rst embeds
each variable’s full time series into a single token and then ap-
plies attention over variables, explicitly emphasizing multivariate
correlations.

Pyraformer [23]: A Transformer variant with pyramidal atten-
tion that aggregates information in a multi-scale manner while
reducing complexity on long sequences.

DUET [35]: An architecture that performs dual clustering and
sparsi Lcation to selectively connect variables and time steps, aim-
ing to model complex multivariate dependencies while [Iféring
noise.

PatchTST [31]: A Transformer-based model that segments time
series into patches and processes each channel independently,
targeting long-term semantic dependencies with a channel-wise
inductive bias.

DLinear [58]: A simple linear baseline that decomposes each
univariate series into trend and seasonal components and [fsl
independent linear mappings for each channel.

TSMixer [5]: An all-MLP architecture that alternately mixes along
the time and feature dimensions, capturing both temporal dy-
namics and cross-variable interactions.

TimeMixer [53]: A multiscale MLP architecture that employs de-
composable mixing blocks to model temporal patterns at multiple
resolutions.

C.2 Implementation Details

All experiments are implemented using PyTorch 2.11 and run on a
single NVIDIA GTX 3080 GPU, using the ADAM optimizer with an
initial learning rate of 0.001. All models are set with 3 layers and
hidden state dimensions of 32, and Transformer-based models use
4 attention heads. We use mean squared error (MSE) as the training
loss. For the simulation experiments, all models are trained with a
batch size of 32, whereas for the observation-based experiments we
use a smaller batch size of 4, keeping the batch size consistent across
all baselines within each setting. For yearly retrieval, we [rst apply
PCA to the yearly embeddings and retain the top four principal
components. Cosine similarities are computed in this reduced space,
and only candidate sequences whose cosine similarity with the
target exceeds 0.99 are included in the retrieval data pool; these
settings are [xdd across all experiments and not tuned per site. For
all baseline implementations, we adopt the o [cial open-source code
from the Time-Series Library (TSLib)* and use the recommended
con [girations to ensure a fair comparison [54, 56].

Lhttps://github.com/thuml/Time-Series- Library

C.3 Additional Experimental Results

C.3.1 FLUXNET-GHite-level time-series comparison. Figure 5

illustrates daily CH4 emission time series at [vé representative
FLUXNET-CHy sites for individual evaluation years. Each panel
compares observations with the LSTM baseline and RACI. Across
sites, the LSTM baseline often produces a smoothed seasonal cy-
cle and converges toward intermediate [uX levels, especially for
years with large intra-annual amplitude. As a result, high-emission
episodes and sharp transitions tend to be damped. In contrast, RACI
more closely follows both the timing and magnitude of seasonal
peaks while still preserving low-emission periods, thereby mitigat-
ing the regression-to-the-mean behavior observed in the LSTM for
these examples. Because extreme CH, emission events contribute
disproportionately to annual and regional budgets, being able to
represent such peaks more faithfully is particularly important in
practice; these qualitative cases suggest that RACI can better pre-
serve episodic high emissions compared with the baseline LSTM.

C.3.2 CarbonTracker-based Gldx maps over North America. In
the main text (Figure 4), we present annual mean CH,4 emissions
over North America in 2018 from CarbonTracker, the LSTM base-
line, and RACI. Figure 6 extends this comparison to monthly CHy4
[ maps. Consistent with the site-level FLUXNET-CH,4 time-series
results, the LSTM baseline tends to predict [X that are close to
a climatological mean. During winter months, when overall emis-
sions are low, this behavior can still yield reasonable agreement
with CarbonTracker and, in some cases, slightly smaller appar-
ent biases than RACI. However, during the summer peak season,
the LSTM substantially underestimates regional emission maxima
and smooths out strong temporal variability, leading to muted sea-
sonal amplitudes in both space and time. In contrast, RACI better
preserves high-emission regions and their seasonal evolution, in-
cluding wetland-dominated areas such as the U.S. Gulf Coast, while
still maintaining plausible wintertime [ levels.

C.3.3 Visualization of temporal aléntion. Figure 7 provides the

visualizations referred to in Section 4.4.2. For two representative
FLUXNET-CHjy sites (FI-Lom and US-LA1), the top panels show
monthly NPP inputs together with attention weights between
monthly and yearly steps in the aggregation and propagation mod-
ules. The subsequent panels show attention weights between daily
and monthly steps in the aggregation and propagation modules,
alongside key meteorological drivers (precipitation, solar radia-
tion, air temperature, and vapor pressure). These plots illustrate
the patterns discussed in the main text: yearly descriptors empha-
size seasons with strong contrast, daily aggregation focuses on
whichever driver limits local [, and propagation gates amplify
regime information primarily during methane-favourable periods.
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from CarbonTracker, LSTM, and RACI prediction.

120°W 100°W 80°W

120°W 100°W 80°W

mg Cm=2d-

C.3.4 Visualization of spatial retrieval. Figure 8 complements the

discussion in Section 4.5.2 by visualizing yearly spatial similarity
maps and retrieved locations for two adjacent sites in the Mississippi
River Delta (US-LA1 and US-LA2). For each target site (red star),
we [rst compute yearly embeddings, apply PCA to retain the top
four components, and then evaluate cosine similarity between the
target and all grid cells in the auxiliary domain. The background
color shows this cosine similarity [eltl, and the red lines highlight
the ten most similar grid cells with cosine similarity greater than
0.99, i.e., the locations that enter the retrieval data pool.

Although US-LA1 and US-LAZ2 are geographically close and share
a similar climate, their yearly retrieval neighborhoods are very dif-
ferent: the former mainly retrieves other wetland systems, whereas
the latter retrieves managed agroecosystems. This indicates that
RACI ’s yearly embeddings organize sites by inferred hydrological
and ecological regimes instead of simple geographic distance or
coarse climate similarity.

C.4 Parameter Sensitivity Analysis

We further evaluate the sensitivity of RACI to two key inference-
time hyperparameters: (i) the similarity threshold g for entering
the retrieval pool, varied in f0 95 0 97 0 99g, and (ii) the number of
principal components : used in the PCA-based embedding, varied
in f3 4 5g We adopt a controlled variable approach to isolate the
impact of each factor: we [Xthe default setting (g =099 : = 4)
and vary one hyperparameter at a time. As reported in Table 4, the
performance remains highly stable across these variations. This
variation range is smaller than the stochastic variability observed
when retraining models from di [erent random initializations (as
shown in Table 1). These results con [roh that RACI is robust to
reasonable choices of hyperparameters and does not require [né-
grained tuning at inference time.

Table 4: Sensitivity analysis of RACI on TEM-MDM under
di Cerént hyperparameter settings.

(a) Varying Similarity Threshold
(9) with [xdd PCA=4

(b) Varying PCA Components
with [xdd Thresholdg =0 99

Threshold (g) PCA | RMSE ' 2 Threshold (g) PCA| RMSE ' 2

0.95 4 213 097 0.99 3 211 097
0.97 4 210 097 0.99 4 2.08 097
0.99 4 2.08 097 0.99 5 210 097

C.5 Uncertainty Quanti Lcation

We assess the reliability of our predictions using Monte Carlo (MC)
Dropout, keeping dropout active at test time to generate an ensem-
ble of stochastic forward passes. We use a dropout rate of ? =01
in all dropout-compatible layers (LSTM units, multi-head attention,
and fully connected layers) and perform) = 50 forward passes per
test sample, taking the mean as the prediction and the standard
deviation as an estimate of epistemic uncertainty. Averaged over
all test site—years, the ratio between predictive standard deviation
and mean absolute [X is 0.1139 for LSTM and 0.1103 for RACI,
indicating that RACI does not in [afk uncertainty relative to a strong
baseline and in fact yields slightly smaller epistemic spread. In the
time-series plots (Figure 9), the mean  one-standard-deviation

Conference acronym 'XX, June 03-05, 2018, Woodstock, NY



Conference acronym 'XX, June 03-05, 2018, Woodstock, NY

1. Monthly Scale: Input vs. Weights
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Figure 7: Temporal attention patterns learned by RACI for CH, prediction.
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Figure 8: Yearly spatial retrieval similarity maps and retrieved
River Delta (US-LAL, left; US-LA2, right).

bands widen around sharp emission peaks and other hard-to- [f1
periods, while remaining narrow over more stationary segments,
suggesting that the inferred uncertainty concentrates on regions of
reduced predictive skill rather than being uniformly large.

C.6 Limitations and Future Directions

A key limitation of RACI lies in its reliance on an auxiliary data pool
for spatial contextual retrieval. Computationally, retrieval over this
pool introduces a dependence on both the number of target site-
years and the number of candidates, which can become costly if the
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locations for two adjacent FLUXNET-CHy sites in the Mississippi

pool is naively scaled to very large domains. Methodologically, the
quality and diversity of the pool determine how well the retrieved
context covers the regimes encountered at inference time. When
a new site-year falls into a regime that is poorly represented in
the pool, the retrieval module may return no candidates above the
similarity threshold. In such cases, we set the retrieved trajectory
to zero so that RACI gracefully degenerates to a standard global
predictor, rather than forcing mismatched contextual information
into the prediction.
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These limitations point to a common avenue for improvement:
designing smaller yet higher-quality auxiliary pools. Promising
directions include curating compact sets of regime prototypes, en-
forcing diversity in background conditioners, and augmenting un-
derrepresented regimes with data-driven synthetic trajectories or
additional simulators. Such developments would reduce compu-
tational cost while improving coverage of rare regimes, further
strengthening the robustness and scalability of role-aware retrieval.

Figure 9: Example site—year from TEM-MDM showing
ground-truth [U¥, RACI prediction, and MC Dropout un-
certainty bands (mean 1std and 2 std).
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