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Abstract

Reconstructing fine-resolution column-averaged dry-air COs (XCOs) fields from sparse
satellite observations requires models to infer spatial structure that is only weakly constrained by
direct measurements. Existing learning-based methods typically treat environmental covariates as
ordinary numerical inputs and must therefore learn heterogeneous source—sink relationships largely
from sparse supervision. We introduce GeoPrior-Mamba, a multi-directional Mamba framework
augmented with offline language-model-induced structured process priors. Rather than using a
language model to predict XCOs, we use it before training to organize relative process knowledge
for biospheric uptake, ecosystem respiration, and anthropogenic emissions into deterministic
prior tables. These priors are spatially instantiated using geographic, ecological, emission-related,
and seasonal information and are adaptively injected into the reconstruction backbone through
a lightweight knowledge adapter. Using OCO-2 observations from 2018-2020, GeoPrior-Mamba
achieves an RMSE of 0.81 ppm and an R? of 0.93 on held-out observations, reducing RMSE
by 48.2% relative to CAMS background interpolation and by 3.1% relative to Trans-XCO2
under the same evaluation protocol. Ablation experiments show a measurable contribution
from the knowledge-prior branch and substantially faster convergence than the knowledge-free
Mamba backbone. Independent TCCON evaluation further supports the consistency of the
reconstructed fields with ground-based column CO; measurements. These results suggest that
language models can provide a practical mechanism for constructing structured process priors
when globally consistent process-response representations are difficult to obtain directly, while
remaining outside the numerical prediction loop.

1 Introduction

Satellite measurements have greatly expanded the spatial coverage of atmospheric carbon dioxide
observations, but they remain sparse and irregular in space and time. For column-averaged dry-
air COg (XCOg), valid retrievals from missions such as OCO-2 are limited by cloud and aerosol
contamination, surface reflectance, illumination geometry, orbital sampling, and retrieval quality
control. Consequently, satellite observations alone do not provide spatially continuous fine-resolution
XCOq fields. (Eldering et al., 2017; Pandey et al., 2024; Yang et al., 2025)

Reconstructing XCO, from incomplete observations is challenging because large parts of the
target field are only weakly constrained by direct measurements. Existing statistical, assimilation-
based, and learning-based methods address this problem in different ways. Data-driven methods
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are especially flexible because they can combine atmospheric background fields, meteorological
variables, vegetation indices, emissions, geographic information, and temporal signals. However,
these predictors are usually treated as ordinary numerical channels. The model must therefore infer
relationships associated with biospheric uptake, ecosystem respiration, anthropogenic emissions, and
their geographic and seasonal dependence largely from sparse satellite supervision. Representative
reconstruction studies are discussed in Section 2.1 (Gao et al., 2023; He et al., 2022; Li et al., 2023;
Wang et al., 2023; Zhang et al., 2023b).

Many of these relationships are already partly understood at the process level, but globally consistent
and spatially complete representations of such process-response knowledge are not readily available
from existing observational or model products. The challenge is therefore to organize dispersed
scientific knowledge into a deterministic, computable form that is spatially aligned with gridded data
and compatible with end-to-end learning. Large language models provide one possible mechanism
for this organization. We therefore ask a different question: can language-model knowledge be
converted offline into structured numerical priors that guide a geoscientific reconstruction model?
(Zhang et al., 2024; Zscheischler et al., 2017)

We propose GeoPrior-Mamba, which separates knowledge organization from numerical prediction.
An offline language model is used to construct fixed relative-activity priors for major XCOs9 source—
sink processes under different geographic and ecological conditions. These priors are then instantiated
as pixel-wise fields and adaptively injected into a multi-directional Mamba reconstruction backbone.
The language model is never used to predict XCQOs directly and is not called during model training
or inference.

Our contributions are threefold:

1. We introduce a framework for converting offline language-model knowledge into deterministic,
spatially instantiated process priors for sparse geoscientific reconstruction.

2. We develop GeoPrior-Mamba, which adaptively integrates these priors with a shared multi-
directional Mamba backbone for daily global XCOs reconstruction.

3. We evaluate the framework using OCO-2 observations from 2018-2020, showing improved held-
out reconstruction relative to CAMS background interpolation and Trans-XCO2, measurable
gains over a knowledge-free Mamba backbone, faster convergence, and broad consistency with
independent TCCON observations.

2 Related Work

2.1 XCO2 Reconstruction from Sparse Observations

Existing XCO» reconstruction methods include statistical interpolation, data-assimilation prod-
ucts, and learning-based approaches that combine satellite retrievals with auxiliary environmental
predictors. Recent learning-based methods improve spatial completeness and resolution, but they
generally represent meteorological, vegetation, emission, and geographic information as ordinary
numerical inputs. GeoPrior-Mamba is complementary to this line of work: its main distinction is
not a new source of supervision, but an explicit mechanism for injecting structured source—sink
process context into a sparse reconstruction model. Representative examples include statistical and
ensemble reconstruction, self-supervised fusion, high-resolution deep learning, and recent global
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Figure 1: Architecture of the proposed GeoPrior-Mamba reconstruction model.

daily products (Gao et al., 2023; Guan et al., 2024; He et al., 2022; Li et al., 2022; Wang et al.,
2023; 2025; Zhang et al., 2023b).

2.2 Knowledge-Guided Scientific Machine Learning

Knowledge-guided and physics-informed learning incorporate scientific structure through governing
equations, simulation outputs, expert rules, constraints, or structured priors. Our setting differs from
approaches that directly enforce physical equations because fine-resolution XCQOs reconstruction
does not provide a complete closed-form process model at the target scale. Instead, we use structured
relative-activity priors as soft contextual guidance and allow the neural network to learn when and
where they are useful. (Raissi et al., 2019; Zscheischler et al., 2017)

2.3 Language Models as Scientific Knowledge Sources

Language models are increasingly used to organize scientific information, generate hypotheses,
retrieve domain knowledge, or support scientific workflows. GeoPrior-Mamba uses a more constrained
role: the language model is queried only offline to construct fixed numerical priors, and no language-
model component is present during training or inference. This design reduces computational
overhead and avoids making numerical predictions depend directly on stochastic language-model
outputs. (Zhang et al., 2024)

3 Problem Setup and Data

We formulate XCOg reconstruction as supervised learning with sparse observational constraints.
The model receives complete gridded predictors on a daily 0.25° input grid and produces a spatially



continuous XCO field on a 0.05° target grid. OCO-2 observations mapped to the 0.05° grid provide
supervision only where valid retrievals are available; unobserved grid cells do not contribute to the
supervised reconstruction loss.

The predictors include a CAMS XCQO; background field, ERA5 meteorological variables, MODIS
vegetation indices, ODIAC fossil-fuel emissions, and static geographic attributes. CAMS provides
the large-scale atmospheric background, while meteorological, vegetation, emission, and geographic
variables provide information related to transport, surface conditions, biospheric activity, anthro-
pogenic forcing, and spatial heterogeneity. Climate zone, vegetation type, and emission level are
additionally used to instantiate the structured process priors described in Section 4. Independent
TCCON observations are used only for external evaluation and are never used for model training.

Table S1 summarizes the datasets and their roles in the reconstruction framework. Data sources,
preprocessing, and native resolutions are summarized in Section 3.

4 Method

4.1 Framework Overview

As shown in Figure 1, GeoPrior-Mamba contains three components. First, an offline language-model-
based knowledge module organizes process knowledge for biospheric uptake, ecosystem respiration,
and anthropogenic emissions into fixed relative-activity priors. Second, these priors are mapped to
each grid cell and date using geographic, ecological, emission-related, and seasonal attributes. Third,
a knowledge adapter injects the resulting process fields into a multi-directional Mamba backbone
that reconstructs spatially continuous XCOs.

This design explicitly separates knowledge elicitation, prior instantiation, and numerical reconstruc-
tion. The language model is used only before training, while the reconstruction network remains
fully deterministic during training and inference.

4.2 Offline Construction of Structured Process Priors

For biospheric processes, the language model is queried for combinations of climate zone and
vegetation type to obtain candidate relative-activity scores for vegetation uptake and ecosystem
respiration. These values are normalized process indicators rather than estimates of physical carbon
flux. Anthropogenic forcing is represented by a separate prior indexed by emission level, while
vegetation-dependent seasonal factors modulate the biospheric priors across reconstruction dates.

To reduce sensitivity to individual language-model outputs, multiple independent responses are
generated for each attribute combination. Candidate values are screened using predefined format
checks and geoscientific sanity constraints, including bounded non-negative activity values and
seasonally reasonable vegetation behavior. Valid responses are aggregated using the median. The
resulting prior tables are fixed before model training and remain unchanged thereafter.

The language model is therefore used to organize process knowledge rather than to simulate carbon
fluxes or provide direct XCOs targets. Its role is not to replace observational or model-derived flux
products, but to provide a scalable way to construct a globally consistent process-prior representation
from dispersed process-response knowledge.



4.3 Pixel-Wise Prior Instantiation

The fixed prior tables are converted into spatially aligned process fields for each reconstruction date.
Climate zone and vegetation type determine the baseline biospheric context of each pixel, emission
level determines the anthropogenic prior, and vegetation-dependent seasonal factors modulate the
biospheric fields through time. The resulting maps represent normalized relative activity associated
with biospheric uptake, ecosystem respiration, and anthropogenic emissions.

These fields do not prescribe the reconstructed XCOq value. Instead, they provide structured
context that the neural network may use selectively through the knowledge adapter.

4.4 Multi-Directional Mamba Backbone and Knowledge Adapter

The complete 0.25° predictor fields are first encoded into latent spatial features. To capture long-
range spatial dependencies, the encoded features are processed along four spatial scan directions,
including left-to-right, right-to-left, top-to-bottom, and bottom-to-top. A shared Mamba module
is reused across these directions to limit parameter redundancy and reduce sensitivity to a single
scan order. The directional representations are then combined to form the backbone feature
representation. (Gu & Dao, 2023)

The structured process priors are projected into the latent feature space and spatially aligned with
the backbone features. The knowledge adapter integrates the two representations through feature
interaction and discrepancy modeling, and generates a process-aware feature update. A spatial
gate controls the strength of prior injection at each grid cell, allowing the model to adaptively
exploit process information while suppressing it where the data-driven representation provides
stronger evidence. The resulting update is added to the backbone representation through a residual
connection, preserving the original features while introducing structured process context.

The fused representation is subsequently decoded at two spatial scales. A coarse decoder produces
the 0.25° reconstruction, while a fine-resolution decoder generates the final 0.05° XCOs field. Both
outputs are formulated as residual corrections to the CAMS background field. In addition, the
fine-resolution branch predicts a spatially varying log-variance field used in the uncertainty-aware
training objective described in Section 4.5.

4.5 Training Objective

GeoPrior-Mamba is trained using sparse OCO-2 supervision together with spatial regularization.
Reconstruction losses are evaluated only at grid cells with valid OCO-2 observations on the 0.25°
and 0.05° grids. The model predicts residual corrections relative to the CAMS background field.
In addition to the masked reconstruction loss, we use a Gaussian negative log-likelihood term for
the predicted log variance and spatial regularization terms that constrain the smoothness and local
gradients of the residual field.

The overall training objective is
['total = Erec + )\nllﬁnll + )\lapﬁlap + Agmdﬁgmd- (1)

Here, L, is the masked reconstruction loss, £, denotes the uncertainty-aware Gaussian negative
log-likelihood, and Ljap and Lgraq regularize the spatial smoothness and local gradients of the
predicted residual, respectively.
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Figure 2: Comparison between 0.05° reconstructed XCOy and gridded OCO-2 reference XCOy during
2018-2020.

5 Experimental Setup

5.1 Data Split and Evaluation

We use OCO-2 observations from 2018-2020 and apply a date-based split so that all valid observations
from held-out reconstruction dates are excluded from training. This evaluates the ability of the
model to reconstruct XCO9 on unseen dates rather than merely interpolate among observations
from the same day.

Performance is evaluated only at valid held-out OCO-2 grid cells using MSE, RMSE, MAE, bias,
and R2. Independent TCCON observations are collocated with the reconstructed fields in space
and time for external validation. (Wunch et al., 2011)

5.2 Baselines and Ablations
We compare GeoPrior-Mamba with CAMS background interpolation and Trans-XCO2 under the
same split and observation mask. We also evaluate a knowledge-free Mamba variant to isolate the

contribution of the structured prior branch. Additional ablations remove the 0.25° branch and the
NLL term. (Meng et al., 2026)

6 Results

6.1 Main Reconstruction Performance

As shown in Figure 2, the reconstructed XCOq agrees well with the gridded OCO-2 reference
observations over the full 2018-2020 evaluation period. GeoPrior-Mamba achieves an RMSE of 0.77



Model Held-out test set
R MAE(ppm) | MSE(ppm) | Bias(ppm) |

Other Models

CAMS interpolation (Baseline) 0.721 1244 2450 -0.307
Trans-XCO, 0.921 0.579 0.699 —0.018
GeoPrior Mamba (ours) 0.925 0.558 0.658 +0.002

Ablation Experiments
Without 0.25° branch 0.524 0.559 0.664 ~0.002
Without knowledge branch 0.923 0.562 0.671 -0.019
Without NLL loss 0.524 0.562 0.666 ~0.002

Table 1: Main reconstruction performance and ablation results on the held-out test set.

Model 2018-2020
Rt MAE(ppm) | MSE(ppm) | Bias(ppm) |
Other Models
CAMS mnterpolation (Baseline) 0.724 1.232 2.404 -0.320
Trans-XCO, 0.927 0.552 0.632 -0.017
GeoPrior Mamba (ours) 0.931 0.533 0.598 +0.007
Ablation Experiments
Without 0.25° branch 0.531 0.534 0.600 ~0.008
Without knowledge branch 0.930 0.540 0.609 -0.016
Without NLL loss 0.930 0.537 0.605 +0.011

Table 2: Main reconstruction performance and ablation results during 2018-2020.

ppm, an MAE of 0.53 ppm, an MSE of 0.60 ppm?, a near-zero bias, and an R? of 0.93. The close
correspondence between reconstructed and observed XCOs indicates that the model captures most
of the observed variability while maintaining low systematic error.

Table 1 summarizes the main reconstruction performance on the held-out test set. GeoPrior-Mamba
achieves the best overall performance among the compared methods, with an R? of 0.925, an MAE
of 0.558 ppm, an MSE of 0.658 ppm?, and a near-zero bias of +0.002 ppm. The corresponding
RMSE is 0.811 ppm. Relative to CAMS background interpolation, GeoPrior-Mamba reduces RMSE
from 1.565 to 0.811 ppm, corresponding to a reduction of approximately 48.2%, while increasing R?
from 0.721 to 0.925.

GeoPrior-Mamba also improves over Trans-XCO2 under the same evaluation protocol, reducing
MSE from 0.699 to 0.658 ppm? and RMSE from 0.836 to 0.811 ppm. Although the improvement
over Trans-XCO2 is smaller than that over the CAMS background, it is obtained relative to a
substantially stronger learning-based baseline.

Table 2 further reports the corresponding performance over the 2018-2020 period. The results show
a consistent pattern, with GeoPrior-Mamba achieving an R? of 0.931 and an MSE of 0.598 ppm?,
compared with 0.927 and 0.632 ppm? for Trans-XCO2, respectively.



Site n R? MAE (ppm) RMSE (ppm) Bias (ppm)

Lauder 120HR (NZ2) 102 0.806 0.269 0.356 +0.096
Lauder 125HR (NZ) 482 0.941 0.391 0.496 -0.077
Edwards (US) 785 0.952 0.457 0.581 -0.017
Burgos (PH) 493 0.955 0.527 0.661 —0.288
Wollongong (AU) 579 0.917 0.533 0.727 —0.308
Izana (ES) 346 0.942 0.643 0.766 +0.419
Lamont (US) 726 0.915 0.605 0.784 +0.052
Sodankyla (FI) 292 0.973 0.603 0.792 +0.397
Orleans (FR) 322 0.946 0.614 0.797 +0.054
JPL (US) 106 0.690 0.663 0.837 -0.070
Rikubetsu (JP) 210 0.958 0.692 0.874 +0.344
East Trout Lake (CA) 489 0.958 0.652 0.889 +0.072
Nicosia (CY) 398 0.940 0.732 0.889 +0.647
Paris (FR) 166 0.940 0.660 0.893 +0.092
Park Falls (US) 550 0.947 0.680 0.896 —0.068
Karlsruhe (DE) 274 0.928 0.721 0.933 +0.088
Pasadena/Caltech (US) 688 0.911 0.748 0.958 —0.450
Garmisch (DE) 255 0.938 0.790 0.961 +0.508
Saga (JP) 448 0.889 0.745 0.978 +0.323
Bialystok (PL) 122 0.933 0.778 0.986 -0.374
Bremen (DE) 93 0.942 0.818 1.072 +0.125
Tsukuba (JP) 281 0.868 0.831 1.086 —0.099
Ny-Alesund (NO) 77 0.920 0.980 1.199 +0.908
Réunion (FR) 218 0.959 1.101 1.243 —-0.956
Darwin (AU) 562 0.938 1.118 1.249 -1.103
Hefei (CN) 106 0.816 0.988 1.345 -0.161
Xianghe (CN) 463 0.845 1.348 1.753 -0.918
Eureka (CA) 55 0.901 2.064 2.226 +2.064

Table 3: Site-level validation against TCCON observations during 2018-2020.

6.2 Independent Validation with TCCON

Table 3 summarizes the site-level validation against independent TCCON observations. The
reconstructed XCOs fields show broad consistency with ground-based column COs measurements.
R? exceeds 0.90 at most evaluated sites, and RMSE is below 1 ppm at many stations, indicating
that the reconstruction captures the temporal variability of XCOq across a wide range of locations.
(Wunch et al., 2011)

Larger errors are observed at several sites, including Eureka and Xianghe. These deviations may
reflect local atmospheric heterogeneity, representativeness differences between point-based TCCON
measurements and 0.05° gridded reconstructions, and limited collocation samples at some locations.
Overall, the TCCON comparison provides an independent evaluation beyond the OCO-2 observations
used for model assessment.
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Figure 3: Validation MSE curves of GeoPrior-Mamba and the knowledge-free Mamba backbone. GeoPrior-
Mamba reaches the best validation level of the knowledge-free backbone substantially earlier.

6.3 Contribution of the Structured Prior Module

As shown in Tables 1 and 2, the ablation results exhibit a consistent pattern across the held-out
test set and the 2018-2020 evaluation period. Removing the knowledge-prior branch produces the
largest degradation among the tested components. On the held-out test set, MSE increases from
0.658 to 0.671 and R? decreases from 0.925 to 0.923, while the bias shifts from +0.002 to -0.019
ppm. A similar pattern is observed over 2018-2020, where removing the knowledge-prior branch
increases MSE from 0.598 to 0.609 and reduces R? from 0.931 to 0.930.

Removing the 0.25° branch results in a smaller degradation, while excluding the NLL term also
slightly increases reconstruction error in both evaluation settings. These results indicate that the
Mamba backbone provides a strong reconstruction foundation, while the structured prior module
contributes an additional and consistent improvement in accuracy and bias correction.

6.4 Convergence Behavior

Figure 3 compares the validation trajectories of GeoPrior-Mamba and the knowledge-free Mamba
backbone. GeoPrior-Mamba reaches a validation MSE of 0.6379 at epoch 143, which is already lower
than the best validation MSE achieved by the knowledge-free backbone (0.6417). The knowledge-
free model requires 247 epochs to reach a comparable validation level, corresponding to 104 fewer
optimization epochs, or approximately 42% fewer epochs for GeoPrior-Mamba.

The advantage is particularly evident during the intermediate stage of training. Around epoch 60,
the prior-enhanced model reaches a validation MSE of 0.6963, whereas the knowledge-free backbone
remains at 0.7328. Although the gap gradually narrows as training proceeds, GeoPrior-Mamba still
converges to a lower validation error. This behavior suggests that the structured priors provide
useful optimization guidance under sparse supervision.
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Figure 4: Spatial distribution of the multi-year mean XCQOs during 2018-2020.

6.5 Spatial Characteristics of the Reconstruction

As shown in Figure 4, the multi-year mean reconstruction for 2018-2020 captures the dominant large-
scale structure of atmospheric XCOs, including higher concentrations in the Northern Hemisphere
and lower concentrations toward the Southern Hemisphere. Regional spatial heterogeneity is also
evident over major continental regions.

Beyond the large-scale background pattern, the reconstructed fields retain finer regional contrasts
associated with heterogeneous surface and atmospheric conditions. These spatial variations are
particularly evident over densely populated and strongly vegetated continental regions, where
anthropogenic emissions and biospheric activity contribute to more pronounced local gradients in
XCOg3. (Hakkarainen et al., 2016; Lei et al., 2021)

Figure 5 shows the multi-year monthly mean XCQOq reconstructed by GeoPrior-Mamba over 2018—
2020. A clear seasonal cycle is evident, particularly over the Northern Hemisphere. XCOq generally
increases from boreal autumn into winter and remains relatively high from late winter through spring.
Elevated concentrations are most apparent during approximately February—May, especially over the
northern mid- and high-latitude continents. XCOs subsequently decreases during the boreal growing
season, with lower concentrations appearing over northern continental regions in July—August, before
increasing again from September toward winter. Despite these seasonal variations, a persistent
interhemispheric gradient is maintained throughout the year, with generally higher XCO; in the
Northern Hemisphere and lower values over the Southern Hemisphere and Southern Ocean.

The seasonal evolution is broadly consistent with the annual cycle of terrestrial carbon exchange in
the Northern Hemisphere. Enhanced vegetation activity during the growing season is associated with
stronger atmospheric CO2 uptake and contributes to the summertime reduction in XCOs, whereas
weaker photosynthetic uptake outside the growing season is accompanied by a gradual recovery of
atmospheric COs concentrations. The seasonal contrast is particularly evident over Eurasia and
North America, where the reconstructed fields show pronounced summertime drawdown relative to
the preceding spring months. Regional enhancements also remain visible over densely populated
continental regions, superimposed on the large-scale seasonal and interhemispheric patterns. (Graven
et al., 2013; Zeng et al., 2014)
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Figure 5: Global distributions of monthly mean XCQO,. Panels (a-1) correspond to November through October,
arranged from left to right and top to bottom.

7 Discussion and Limitations

GeoPrior-Mamba differs from standard learning-based XCOs reconstruction primarily in how process
knowledge is represented. The language model is not used as a predictor and does not generate XCOgq
fields. Instead, it is used offline to organize broad geoscientific knowledge into fixed relative-activity
priors that are spatially instantiated and then interpreted adaptively by the reconstruction network.
This separation preserves deterministic numerical inference while providing an explicit pathway for
source—sink process knowledge to enter the model.

The current experiments indicate that the prior branch provides a measurable but moderate
improvement in final reconstruction error and a clearer improvement in convergence behavior. These
results support describing the priors as structured optimization guidance, rather than claiming that
they dominate predictive accuracy. The stronger comparison is therefore between the knowledge-
free Mamba backbone and GeoPrior-Mamba, while the comparison with Trans-XCO2 reflects the
combined effect of backbone and prior design. Importantly, the present experiments evaluate the
downstream utility of these LLM-elicited priors rather than establishing the empirical equivalence of
individual prior values to directly measured process quantities. This suggests that language models
may serve as a practical knowledge interface for constructing usable global process priors when such
process-response information is difficult to assemble consistently.

Several limitations remain. First, the model is primarily data-driven and does not explicitly solve
atmospheric transport equations or enforce CO2 mass conservation. The reconstructed fields should
therefore not be interpreted as dynamically closed simulations. Second, the language-model-induced
priors are simplified representations of relative process activity rather than physical carbon fluxes.
Their values depend on the prompt design, aggregation procedure, and selected process categories.
Finally, evaluation over longer periods and additional observational regimes is needed to assess
generalization beyond 2018-2020.
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8 Conclusion

We introduced GeoPrior-Mamba, a framework that converts offline language-model knowledge into
deterministic, spatially instantiated process priors for sparse XCOq reconstruction. The priors encode
biospheric uptake, ecosystem respiration, and anthropogenic emission context and are adaptively
integrated into a multi-directional Mamba backbone. On OCO-2 reconstruction from 2018-2020,
GeoPrior-Mamba improves over CAMS and Trans-XCO2 under the same evaluation protocol and
provides a measurable gain over a knowledge-free Mamba backbone. The prior-enhanced model
also reaches comparable validation performance in substantially fewer optimization epochs, while
independent TCCON evaluation supports the broad consistency of the reconstructed fields. These
results suggest that language-model knowledge can be useful for numerical geoscientific learning
when it is converted into fixed, constrained process representations rather than used directly in the
prediction loop. Future work should incorporate transport- or mass-conservation-related constraints
and evaluate generalization across longer periods and other sparse geoscientific reconstruction tasks.
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