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Abstract

Accurately reconstructing near-surface snowfall profiles from spaceborne radar remains
a longstanding challenge due to ground clutter contamination in the lowest ∼1 km of the
radar column. This ”clutter zone” (CZ) is systematically excluded from current satellite
retrievals, introducing critical biases in snowfall estimation and downstream hydrologi-
cal modeling. We propose SnowProfGPT, a self-attention–based autoregressive model
trained under a generative pretraining and transfer learning framework to globally recon-
struct snowfall-rate profiles within the CZ using CloudSat observations.

The model is pretrained on over 50 million clutter-free CloudSat scenes and fine-tuned
on a synthetic ground-based (GB) subset designed to simulate real-world ground-truth CZ
data availability. This training strategy mitigates domain shift along both vertical and hor-
izontal dimensions by leveraging high-quality observations from the well-observed upper
profile. To evaluate performance, we introduce a novel Synthetic Clutter Zone (SCZ) as a
proxy for the true CZ and benchmark accuracy across geolocations, surface types, and me-
teorological conditions. SnowProfGPT improves global R2 in the lowest SCZ bin from 2%
to 28%, capturing 26 percentage points more snowfall-rate variability than the official
replication baseline. It also reduces near-surface mean absolute error by ∼0.015 mm/hr,
with the largest gains observed over open ocean, where R2 improves from < 0% to over
20%. A model-aware generalization analysis using SHAP reveals that SnowProfGPT is
highly stable and generalizable in predicting the lowest bin in the SCZ across most foot-
print attributes with modest overestimation. We exceptionally find negative and positive
dependency only in regions of extreme latitude and surface elevation respectively. These
findings demonstrate that autoregressive modeling combined with large-scale pretraining
enables improved and acceptably generalizable snowfall reconstruction compared with the
baseline replication method, even in domains with limited ground truth.

This work establishes the first global-scale CZ reconstruction from satellite radar and
introduces a transferable training paradigm for geophysical inpainting under extreme data
sparsity. SnowProfGPT sets a new benchmark for near-surface snowfall estimation and
offers a foundation for future retrieval models across cluttered or partially observed atmo-
spheric domains.
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Chapter 1

Introduction

Atmospheric hydrometeors play a vital role in Earth’s water cycle and energy budget. In
particular, hydrometeors near the surface interact strongly with orographic components of
the hydrosphere, such as sea ice and surface temperature, and thus influence key boundary-
layer climatic processes. Inadequate observation of these near-surface hydrometeors lim-
its our ability to understand and project hydroclimatological dynamics, which depend
critically on accurate observations for both validation and model constraints. However,
ground-based radar networks provide only sparse coverage, particularly in remote Arctic
regions. To overcome these spatial limitations, spaceborne cloud profiling radars (CPRs)
offer global to quasi-global observational capabilities [47, 32, 17].

Among spaceborne missions, NASA’s CloudSat carries a Cloud Profiling Radar (CPR)
with sufficient sensitivity to detect both clouds and snowfall using a unique 94 GHz radar
system. This active remote sensing instrument operates in the W-band microwave spec-
trum, allowing it to backscatter signals from light hydrometeors without being blocked
as visible wavelengths. As a result, it provides vertically resolved profiles of cloud and
precipitation structure with a native vertical resolution of 240 m per range bin [56] (as
illustrated in Fig. 1.1). These characteristics make CloudSat particularly well suited for
studying the vertical development of aloft snowfall and its relationship with the precipitat-
ing cloud. Over the past decade, a suite of snowfall retrieval algorithms and data products
has been developed based on CloudSat’s CPR, often in collaboration with other instru-
ments in NASA’s A-Train and C-Train satellite constellations [15, 14, 13, 23, 46, 56, 65, 66].
These algorithms integrate CPR radar reflectivity profiles with auxiliary observations to
detect precipitation occurrence, classify phase (e.g., rain or snow), and estimate quantita-
tive precipitation rates, such as snowfall intensity, the primary focus of this study.
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Figure 1.1: Illustration of the CloudSat mission. The onboard Cloud Profiling Radar
(CPR) provides vertically resolved profiles of cloud and precipitation structure with a
native vertical resolution of 240 m per range bin. Source: NASA/JPL-Caltech/CloudSat
Data Processing Center [58].

Despite its high sensitivity, the parametric design of CloudSat’s CPR results in signif-
icant vulnerability to ground clutter, a limitation shared by other spaceborne radars that
detect weak scatterers such as hydrometeors [56, 37]. Operating at a frequency of 94 GHz,
the radar receives surface returns that are typically 2–5 orders of magnitude stronger than
those from snowfall or shallow clouds. As a result, strong surface echoes contaminate
the lower atmospheric bins, obscuring the hydrometeor signals of interest near the surface
boundary layer [46]. As shown in the upper panel of Fig. 1.2), surface responses can reach
approximately 40 dBZ at the lowest range bin, whereas snowfall reflectivity is typically
thresholded at −15 dBZ for detection [36, 23]. Lamer et al. [37] report a similar median
surface echo strength over land, with variability constrained to less than 2 dBZ due to
factors such as surface heterogeneity and satellite altitude. Collectively, these statistics
underscore the practical infeasibility of detecting snowfall signals within the surface bin.

Furthermore, surface clutter can propagate vertically into the upper bins due to Cloud-
Sat’s vertical oversampling scheme (illustrated in the lower panel of Fig. 1.2), leading to
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clutter signatures superimposed on the hydrometeor profiles within the lowest four bins,
and occasionally beyond [46]. According to the upper panel of Fig. 1.2, profiles become
largely free of clutter at approximately the fifth bin above the surface. Lamer et al. [37]
report a median surface echo strength of −27 dBZ at 0.75 km altitude, approaching Cloud-
Sat’s minimum detectable signal (MDS) threshold of −30 dBZ [46]. This suggests that
more than half of the profiles at the third bin above the surface are likely to be minimally
affected by clutter. However, when examining individual profile columns, granule-level
statistics become insufficient, as surface reflectivity varies considerably across footprints.
The clear-sky surface return observed at one footprint does not reliably predict the clutter
contamination at another. To resolve snowfall near the surface, it is therefore essential to
determine, on a per-bin basis, whether clutter is present and to what extent it contaminates
the hydrometeor signal.

Surface clutter contamination in CloudSat’s CPR reflectivity profiles propagates into
all downstream data products. In this study, however, we focus specifically on snow-
fall rate as a case study, due to its interpretability and suitability for proof-of-concept
demonstration.

1.1 Operational Treatment of Clutter Zones in Satel-

lite Snowfall Retrievals

Although the official Data Processing Center (DPC) provides both a surface clutter iden-
tification (SCI) algorithm and a surface clutter estimation (SCE) algorithm for the 2B-
GEOPROF radar profile product [56, 57, 46], the snowfall retrieval community has tradi-
tionally excluded the lowest 1 km of radar profiles when retrieving snowfall occurrence and
intensity. This exclusion stems primarily from two limitations. First, the SCI algorithm is
highly conservative, designed to minimize false positives in hydrometeor detection at lower
bins [46]. While this ensures that most identified hydrometeors are genuine, it also results
in the misclassification of many bins that may contain significant hydrometeor signals as
clutter. Second, the SCE algorithm relies on simplified assumptions: flat terrain, weak
attenuation, and the absence of multiple scattering [57, 56], which often do not hold in
practice. Violations of these assumptions, particularly over land, lead to unreliable clutter
estimates [43]. Our analysis of a representative CloudSat granule shows that only approxi-
mately 85% of footprints have tolerable clutter estimation confidence, markedly lower than
the over 90% confidence typically observed over water surfaces (excluding sea ice).

To address ground clutter, the snowfall retrieval community has long adopted a practical
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convention: discarding the lowest portion of the radar profile most likely to be contami-
nated [43]. In 2008, Liu proposed defining the fifth range bin above the surface over land
(and the sixth over ocean) as the “near-surface bin” (NSB), using its retrieved snowfall
rate as a proxy for surface snowfall and excluding all bins below [41]. This convention was
subsequently adopted by Kulie and Bennartz [36] and has since been implemented in nearly
all CloudSat snowfall retrieval products, including the most recent version of 2C-SNOW
released by the DPC [65, 66]. While these lower bins are not explicitly flagged as cluttered,
they are implicitly treated as such by being entirely ignored, thus defining a nominal “clut-
ter zone” (CZ, or blind zone in some other contexts). The NSB snowfall is then simply
replicated downward to approximate surface values, under the assumption that it repre-
sents the last well-observed bin. However, this approach has well-recognized limitations:
it systematically omits shallow snowfall events and risks overestimation due to virga, and
its accuracy deteriorates significantly in meteorologically heterogeneous boundary layers
[43, 32, 33, 61].

Accordingly, this study follows the established convention of removing the lowest por-
tion of the radar profile identified as the surface clutter zone. We then formulate the
reconstruction problem as a profile inpainting task following the work done by King et
al. in 2024 [32], using the clutter-free portion of the radar observations along with aux-
iliary meteorological variables to infer the missing values. Unlike conventional inpainting
problems where missing values can occur arbitrarily throughout the domain [18], our task
involves a structurally constrained gap: only the lowest part of each profile is missing. This
constraint prohibits interpolation-based approaches that rely on values below the missing
bins. Instead, the reconstruction must extrapolate downward from the well-observed upper
portion of the profile, making it both an inpainting and a sequence-prediction problem [27].
Since the goal is to estimate continuous snowfall rates, the task is framed as a real-valued
regression problem. Several unique challenges arise in this context, which are addressed in
the following subsections.

1.2 Domain Shift: A Key Limitation in Generalizing

Profile Models

As noted in King et al. [32], who reconstructed near-surface radar reflectivity profiles at a
single ground-based site, transfer learning should be considered to address the degradation
in model performance when applied to locations different from where it was trained (i.e., the
leave-site setting). Fundamentally, predictions from a regression model aim to estimate the
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conditional expectation of a target variable given some known inputs—that is, the integral
of all possible labels under the conditional distribution of the data [22, 26].

Domain shift arises when the distribution of data used for training differs from the distri-
bution where the model is later applied [35, 54, 22, 26]. This gap, encompassing differences
in covariates, response variables, or the underlying functional relationship, introduces bias
and limits generalization. In our context, the task of reconstructing near-surface snowfall
(i.e., inpainting the clutter zone) can be expressed

Ŝ = f(v) = E(S | v)

Here, S denotes the random vector of snowfall rates in the lowest four bins of the
clutter zone (the ”prediction chunk”), and v is a feature vector comprising well-observed
information used to infer S. The features v may include retrieved snowfall profiles above
the clutter zone and collocated auxiliary data such as ECMWF model fields [51, 1], ground-
based observations, or products from other A-Train/C-Train-constellation sensors [6]. The
model f is the regression function determined by the data-generating distribution for (V, S),
so different distributions yield different underlying relationships. Under standard regression
assumptions, the optimal regression function under the training distribution is simply the
conditional mean:

fDtrain
(v) = EDtrain

[S | v].

[22, 26].

However, when the application domain Dtest (e.g., the global Earth system) differs from
the training domain Dtrain (e.g., a specific ground-based site), prediction errors arise due
to domain shift. The generalization error at a test covariate v′ ∼ Dtest is

εs =
∥∥fDtrain

(v′)− EDtest [S | v′]
∥∥ =

∥∥EDtrain
[S | v′]− EDtest [S | v′]

∥∥, (1.1)

where ∥·∥ denotes an appropriate norm (e.g., absolute value for a scalar target).

This error term εs quantifies the distance between the model’s learned expectation and
the true conditional expectation under the test distribution, and it is expected to be sig-
nificantly nonzero when domain shift is severe. In our setting, the domain shift problem
is particularly pronounced because ground-based snowfall observations are geographically
sparse and concentrated in specific regions [32, 47, 17], whereas our goal is to apply the
model globally, including remote, poorly sampled regions such as the open ocean. Overcom-
ing this distributional mismatch is therefore essential for achieving robust global inpainting
of snowfall profiles in the clutter zone.
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Particularly, in this task, domain shifts arise along three key dimensions: horizontal,
vertical, and temporal. As illustrated in the right panel of Fig. 1.3, the yellow region
denotes the domain where CloudSat and other spaceborne CPRs provide reliable observa-
tions; we refer to this region as CS (CloudSat-observed space). In contrast, the pink layer
represents the surface clutter zone, where CloudSat measurements are unreliable and must
be reconstructed; this region is denoted as CZ (clutter zone). By construction, CZ and
CS are mutually exclusive. The thin vertical cylinders in the figure represent the sparse
ground-based radar sites, denoted as GB, which provide localized but vertically complete
observations. At present, full observational access is only available in CS and GB, while the
vast majority of CZ remains unobserved. As will be discussed in the next subsection, most
existing methods are trained exclusively on GB, which is geographically sparse and often
unavailable in remote regions such as the open ocean [32, 47, 17]. Although GB provides
complete vertical profiles and thus minimizes vertical domain shift, its limited horizontal
coverage raises concerns about spatial generalization. For instance, a model trained on
Arctic ground-based data is unlikely to perform well when applied to tropical or oceanic
regimes, due to the identified domain-shift effect in Equation 1.1.

To the best of our knowledge, nearly all existing methods for near-surface snowfall
retrieval have been trained exclusively on GB data. While these models benefit from
vertically complete profiles, their limited spatial coverage raises serious concerns about
generalizability. In particular, as we will show in the next subsection, they often fail
when applied beyond their original training domains, where observational conditions differ
substantially. This reveals a critical gap in the current literature: existing models are not
designed to transfer across spatial or observational domains, limiting their utility in global
applications. These limitations motivate our first research question and form the basis for
the transfer learning strategy proposed in this study.

1.3 Limitations of Prior Methods Under Domain Shift

This section reviews existing approaches to snowfall profile reconstruction through the
lens of statistical learning, as motivated in Section 1.2. We compare several representative
models, highlight their input requirements and assumptions, and assess their vulnerability
to domain shift. Table 1.3.1 summarizes the general formulation and core limitations
of each method, including both historical approaches and the strategy proposed in this
study. Particular attention is paid to the underlying learning paradigms (e.g., supervised,
unsupervised), as well as to the horizontal and vertical spatial constraints introduced by
different data sources for both training and inferences.
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Table 1.1: Summary of representative snowfall reconstruction methods under a statistical
learning framework. Here, CS, GB, and CZ denote the CloudSat-observed domain, the
ground-based observational domain, and the clutter zone to be reconstructed, respectively.

Method Class Model
Input

Training Data General Formulation Key Limitations

Unsupervised Self-
contained (Baseline)

CS — ŝ = argminsi ∥p(si)− (x, y, h, t)∥ Assumes spatio-temporal
homogeneity; lacks model
flexibility

Supervised Assimilation CS,GB D′
CS, DGB ŝ = EDCS∩GB

[
S | vCS, vGB

]
Domain shift; requires
collocated auxiliary data

Supervised Self-
contained

CS D′
CS, DGB ŝ = EDCS∩GB

[
S | vCS

]
Domain shift; error-prone
due to collocation mis-
match

CS Pretraining + GB
Finetuning

CS DCS, DGB ŝ = EDCS×GB

[
S | vCS

]
Underexplored transfer-
ability; effectiveness varies
with domain gap

1.3.1 Unsupervised self-contained (Baseline)

We begin by reviewing the algorithm used in the official snowfall profile data product
released by the CloudSat Data Processing Center (DPC), which remains one of the few
approaches not subject to domain shift. In this default algorithm that is also adopted by
most other CloudSat-based snowfall retrievals, surface snowfall and snowfall within the
boundary layer are estimated by replicating the snowfall rate observed in the near-surface
bin (NSB) [31, 65, 66, 23]. The NSB is defined as the lowest radar bin expected to be free
of ground clutter, and thus assumed to be the last reliably observed bin above the clutter
zone.

This approach can be interpreted as a 1-nearest-neighbor model that selects the “clos-
est” snowfall rate from the spatio-temporal domain. The prediction function is given by:

ŝ = f(x, y, h, t) = arg min
si
∥p(si)− (x, y, h, t)∥ (1.2)

where (x, y, h, t) denote the latitude, longitude, height, and timestamp of the target radar
bin, ∥·∥ is a dimensionless distance metric, and p(si) = (xi, yi, hi, ti) is the location of a
candidate snowfall value si. This method is physically motivated: snowfall tends to vary
smoothly in space and time due to the continuity of meteorological fields, and spatio-
temporal autocorrelation is typically strong. The method is further justified by the quasi-
Markov property of snowfall rate fields (as discussed in Section 2.1), which implies that
the NSB snowfall is often the most informative predictor for bins within the clutter zone.
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As an unsupervised, training-free method, this approach should offer high generaliz-
ability and minimal prediction variance based on statistical-learning theory [22]. However,
its lack of flexibility becomes a major limitation in meteorologically heterogeneous regions,
where the assumption of vertical homogeneity fails. In such cases, the replication model
can produce large biases, especially when complex vertical gradients or shallow snow layers
are present [43, 32, 33]. More flexible models are therefore needed to capture higher-order
dependencies and richer meteorological structure from broader observational contexts.

Beyond replication-based approaches, two major model families are commonly used
in the CloudSat snowfall community to address the discrepancy between NSB observa-
tions and surface snowfall: (1) assimilation models and (2) self-contained models. The
choice between them typically depends on the availability of auxiliary data and the desired
application scope.

1.3.2 Assimilation models

Assimilation models incorporate collocated external data, such as surface elevation, tem-
perature, or reflectivity from other instruments, as auxiliary inputs to improve snowfall
prediction in the clutter zone. These models are typically used in localized case studies
where high-quality, vertically resolved ground-based observations are available. For ex-
ample, Bennartz et al. corrected DEM-related errors in CloudSat snowfall retrievals over
Greenland by using high-resolution regional airborne elevation data to adjust the surface
bin classification locally [5]. Similar corrections were later integrated into CloudSat’s 2B-
GEOPROF and related products [44]. The general formulation of an assimilation model
is:

ŝ = EDCS∩GB

[
S | vCS, vGB

]
where CS ∩ GB denotes only the subset of CloudSat scenes that are spatially and tem-
porally collocatable with ground-based measurements, and vCS, vGB are the input features
from the overlapping domains. Although the model nominally draws from CloudSat ob-
servations, it can only be applied in regions where corresponding ground-based features
vGB are available. This severely limits the application range of assimilation models. Even
in areas with abundant CloudSat coverage, the model is effectively inoperable without
concurrent ground-based data. In addition, collocation errors pose a substantial challenge.
These errors arise from mismatches in space and time when aligning auxiliary ground-based
observations with CloudSat footprints, often formalized by a nearest-neighbor search:

vGB(x, y, h, t) = c(vCS(x, y, h, t)) = arg min
v∈DGB

∥p(v)− (x, y, h, t)∥
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Here, p(v) denotes the spatio-temporal coordinates of the auxiliary input, and c(·) defines
the collocation function. When the match is imperfect, which is often the case, the re-
sulting residual error affects both model training and inference. Kodamana and Fletcher,
for example, found that such collocation mismatches significantly underestimated the fre-
quency of extreme virga events and proposed a distance-weighted correction to mitigate
the effect [33].

In summary, assimilation models face three core limitations: (1) a highly constrained
application range due to dependence on ground-based inputs, (2) sensitivity to collocation
mismatch, and (3) potential domain shift even within the collocated dataset.

1.3.3 Self-contained models

Self-contained models represent a more scalable alternative to assimilation approaches,
as they rely primarily on CloudSat data or other satellite-based inputs that are easier
to collocate, such as products from the A-Train or C-Train constellations. These models
predict snowfall in the clutter zone using reflectivity profiles observed above the CZ. The
default SnowProf algorithm released by the DPC is an unsupervised self-contained method,
but more flexible supervised variants have also been developed.

For example, Bennartz et al. fit a regression model using ground-based MMCR ob-
servations to correct for height bias in the Z–S relationship between reflectivity near the
surface ( 135 m) and in the NSB (1000–1500 m), enabling estimation of surface snowfall
from NSB values [5]. Milani et al. similarly replaced anomalous snowfall values in 2C-
SNOW-PROFILE with those from the nearest valid bin above the clutter-affected region
[48]. Such models generally take the form:

ŝ = EDCS∩GB

[
S | vCS

]
Although inference uses vCS from the full CloudSat archive, model parameters are

learned only from the collocated subset DCS∩GB ⊂ DCS. Restricting the training distribu-
tion in this way introduces domain shift we introduced in Section 1.2 and additional error
stemming from space–time mismatches between satellite and ground-based observations.

A notable extension of this framework is the CNN-based U-Net architecture developed
by King et al. [32], which uses upper-profile reflectivity to inpaint the CZ and lowest
bins of CS. The model is trained on a simulated KaZR VAP product from the ARM
program that mimics CloudSat reflectivity in Arctic regions. To address device mismatch,
Kollias et al. aligned KaZR and CloudSat profiles via statistical collocation [34], assuming
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the resulting CloudSat-like reflectivity structure was sufficient for training. The model is
trained exclusively on DGB but applied using vCS, based on the assumption that vCS ≈ vGB.
Its general form is:

ŝ = fZ-S (EDGB
(S | vCS))

where fZ-S represents a Z–S conversion function that transforms inpainted reflectivity into
snowfall rate. While the model is widely deployable in principle, which requires only
CloudSat and densely-covered model data at inference, the training set remains highly
localized and sparsely distributed. This limits its exposure to the atmospheric variability
present along the horizontal dimensions in global CS and CZ domains. Moreover, the addi-
tional Z–S conversion introduces further modeling uncertainty, particularly under varying
climatic regimes [36, 31, 5]. This further motivates the development of a snowfall-rate-
specific model that directly estimates snowfall end-to-end without relying on intermediate
reflectivity conversion.

In summary, supervised self-contained models, including both regression- and CNN-
based variants, offer practical advantages by relying solely on satellite input (and other
equally available data) at inference, which enables the models’ use anywhere in CS, not
limited to a narrow horizontal coverage only. However, they suffer from three critical
limitations: (1) their training data are spatially restricted due to the need for ground-based
collocation, which limits exposure to global atmospheric variability; so (2) they exhibit
significant domain shift when applied globally, particularly in remote or climatologically
distinct regions such as the open ocean or tropics; and (3) they are prone to collocation
and device mismatch errors, which can degrade model accuracy even within the training
domain.

1.3.4 Summary

Therefore, all of the reviewed methods, including replication, assimilation, and self-contained,
suffer from limitations that hinder their ability to generalize across the broader snowfall re-
trieval community. For self-contained models, the need to collocate CloudSat observations
with sparse ground-based data restricts the available training samples and introduces geo-
graphic bias. The collocation process itself is operationally challenging and remains biased
toward local site characteristics, especially when corrections rely on ground-based inputs
rather than spaceborne proxies such as other A-Train instruments. Assimilation models
face similar issues: site-specific correction schemes tend to favor horizontal locality and are
difficult to generalize to regions lacking dense auxiliary data. Replication methods offer
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better applicability due to their simplicity and independence from training data, but they
rely on a vertical homogeneity assumption that often breaks down in regions with complex
near-surface meteorology.

1.4 Research Gaps and Objectives

In summary, strong surface clutter in current CPR-based remote sensing systems prevents
reliable observation of near-surface hydrometeors on a global scale, particularly within the
boundary layer. This limitation significantly impacts our ability to characterize and model
hydroclimatological processes. Existing hardware configurations are unable to recover the
clutter-contaminated zone effectively, especially over land where surface reflectivity is most
severe. As a result, there is a need to leverage other well-observed portions of the atmo-
spheric column, possibly in combination with auxiliary data from independent sources, to
infer or calibrate snowfall conditions near the surface.

Having reviewed existing approaches through the lens of statistical learning, we observe
that despite decades of development, current models continue to face major challenges in
reconstructing near-surface hydrometeor profiles globally, particularly in the lowest 1 km
of the boundary layer. These challenges stem from three primary issues: (1) reliance on
ground-based inputs that are geographically sparse, (2) dependence on overly simplified
assumptions that are often violated in practice, and (3) vulnerability to domain shift when
applied beyond the training region.

Among existing methods, supervised autoregressive models come closest to meeting
our reconstruction goals, as they offer the potential to overcome the first two limitations.
However, they still suffer from significant domain shift, especially across the horizontal di-
mension. To address this, we require a new training paradigm that fully exploits the data
available and explicitly targets domain generalization across all spatial and vertical dimen-
sions. To our knowledge, no such approach has yet been proposed within the CloudSat
snowfall retrieval community.

This study sets out to design and evaluate such a model. Specifically, our research
objectives are to:

1. Develop a method to reconstruct near-surface snowfall rates in the clutter zone
(∼1 km) globally using spaceborne Cloud Profiling Radar data.

2. Evaluate the performance of the proposed method against the current replication-
based baseline.
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3. Assess the generalizability of the model by identifying the conditions under which
the inpainting results can be trusted.

In addition, we examine the model’s residual limitations, with the goal of informing
future efforts in both algorithm design and satellite mission development. Upon achieving
the research objectives, we introduce a new autoregressive training paradigm that maxi-
mally leverages available data to mitigate domain shift across both vertical and horizontal
dimensions. This paradigm enables accurate reconstruction of snowfall profiles within the
clutter zone at a global scale, even under severe training data limitations. The resulting
inpainting model produces more accurate near-surface snowfall estimates with acceptable
computational efficiency and has the potential to improve upon the current DPC official
SnowProf product by reducing biases and uncertainties in downstream scientific analyses
related to boundary-layer snowfall. Beyond snowfall, the proposed training framework
may be transferable to other globally distributed meteorological retrievals, such as micro-
physical or optical properties of shallow boundary-layer clouds, thereby offering a broader
impact on hydrometeorological research across the Earth system.
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Figure 1.2: Surface responses to CloudSat’s radar observations (top) and the oversampling
process near the surface (bottom). Source: Adapted from Marchand et al. (2008) [45].
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Figure 1.3: Conceptual illustration of CloudSat observational domains and domain shift.
Top left: Horizontal view showing the global extent of CloudSat coverage, with three
representative ground-based snowfall observation sites (e.g., ARM KaZR) marked as dots
(GB). Bottom left: Vertical cross-sectional view along latitude and height, representing
the CloudSat profile geometry. The lowest pink layer indicates the clutter zone (CZ); the
yellow region above represents the well-observed CloudSat domain (CS). Right: Combined
3D view integrating both horizontal and vertical perspectives. The blue surface layer
represents land and ocean boundaries.
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Chapter 2

Data

To construct the dataset used in this study, we extract three-dimensional vertical profiles
(e.g., snowfall rate) and two-dimensional footprint-level attributes (e.g., surface type) from
a suite of CloudSat data products. For conceptual clarity, the three-dimensional profiles can
be visualized as vertical cross sections, as shown in Fig. 1.1, while the footprint attributes
correspond to geolocated surface-level metadata, typically one value per spatial position
along the satellite track.

We organize the extracted data as a time-ordered sequence of georeferenced footprints,
each consisting of a two-dimensional attribute vector and a three-dimensional multichannel
profile, where each channel corresponds to a distinct retrieved geophysical quantity. The
formal structure of the dataset is defined as:

Xi ∈ R125×c, xi ∈ Rd, ∀(Xi, xi) ∈ D = {footprint i | i = 1, 2, . . . , N}

Here, i denotes the footprint index ordered by time, Xi is the vertical profile consisting
of 125 height bins and c physical channels, and xi is a vector of d footprint-level planar
attributes. The dataset D includes all N CloudSat footprints collected between April 2016
and October 2017. Fig. 2.1 provides a visual summary of the spatial and temporal distri-
bution of the test dataset, which spans a broad range of geolocations and meteorological
conditions. Nonetheless, due to CloudSat’s sun-synchronous orbit and its operation in
Daytime-Only mode during the selected study period, the sampled local hours are heavily
concentrated between approximately 11:00 and 14:00 local time [56, 49, 64].

In the following subsections, we detail the selection of profile channels, footprint at-
tributes, and temporal coverage criteria, all of which were guided by the scientific goals of
this study.
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2.1 Snowfall Profiles and Auxiliary Data from Cloud-

Sat

In this study, we utilize snowfall-rate profiles and ancillary retrievals from the CloudSat
mission. These data serve two primary purposes: (1) to explore physical relationships
among variables observable by the Cloud Profiling Radar (CPR), and (2) to construct
training and test sets for the proposed inpainting model, in conjunction with additional
observations from the A-Train constellation and model-derived datasets. The study period
spans from April 1, 2016, to October 1, 2017, during which CloudSat remained part of the
A-Train formation and had not yet reached the end of its operational stability [64, 6].

Below, we briefly outline the core specifications of the CloudSat data products used in
this study. CloudSat is a sun-synchronous, near-polar-orbiting satellite with an inclination
angle of approximately 98°, designed to collect high-resolution hydrometeorological obser-
vations, particularly over remote polar regions that are often undersampled by ground-
based networks. Its onboard CPR provides horizontal spatial resolutions of approximately
1.1 km (along-track) and 1.4 km (across-track) per footprint. The radar’s native vertical
resolution is 500 m, which is oversampled to 240 m in the released data products [56].

CloudSat observations are segmented into granules, each corresponding to a single orbit
and packaged as an HDF4 binary file containing approximately 37,000 footprints. During
the daytime-only mode applied in our study period, approximately 20,000 valid footprints
are retained per granule after filtering out instrument anomalies. The official CloudSat
Data Processing Center (DPC) releases a hierarchy of data products, ranging from raw
radar backscatter (Level 1B) to high-level geophysical and application-specific variables
(Level 3). Typically, lower-level products are used as inputs to generate derived higher-
level datasets [3].

For this study, we integrate four key CloudSat data products: 1B-CPR, 2B-GEOPROF,
2C-PRECIP-COLUMN, and 2C-SNOW-PROFILE [65, 66, 23]. Together, these products
provide the core radar reflectivity fields and derived snowfall-related geophysical variables.
The data are joined granule-wise and separated into two components for each granule:
a two-dimensional dataset containing footprint-level attributes and a three-dimensional
profile containing vertical structure. The two-dimensional dataset includes georeferenced
attributes, such as latitude, longitude, and timestamp, as well as footprint-specific meta-
data. For example, surface type and precipitation flags are footprint-level (2D) attributes,
assigning one value per footprint or ray. In contrast, quantities with vertical structure, such
as bin height, radar reflectivity, and snowfall rate, are organized into three-dimensional ma-
trices. In these, the first dimension corresponds to the along-track footprint index and the
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second to the vertical bin height. The snowfall-rate profiles used in this study are ex-
tracted from the 2C-SNOW-PROFILE product spanning the period from April 1, 2016,
to October 1, 2017. This product derives snowfall rates directly from the radar reflec-
tivity profiles provided in 2B-GEOPROF. To ensure data quality, we also extract flags
from 2B-GEOPROF to construct a validity mask for each vertical bin. Specifically, we
mark as invalid all bins classified as cluttered or located below the detected surface height.
In addition, we remove any footprint flagged as missing, anomalous, or otherwise unus-
able in 2B-GEOPROF. In addition, we incorporate several auxiliary variables from other
CloudSat data products to support exploratory analysis and model diagnostics, including
the generalizability assessments described in Section 3.5. These variables include the bin-
centered height for each vertical level, digital elevation model (DEM) elevation, surface
radar backscatter (σ0), near-surface reflectivity, surface type, and the top-bin index of the
lowest significant hydrometeor layer. These ancillary fields are extracted from 1B-CPR,
2B-GEOPROF, 2C-SNOW-PROFILE, and 2C-PRECIP-COLUMN. Several of these vari-
ables are themselves derived from external sources. For example, the surface type field in
2C-PRECIP-COLUMN is originally based on sea ice detection from AMSR-E, which has
since been replaced by the daily sea ice product from SSM/I [23, 11]. Similarly, the near-
surface reflectivity field incorporates ECMWF-AUX meteorological profiles to estimate
attenuation effects from air and hydrometeors on the W-band CPR signal [23, 1].

Together, these three-dimensional profiles and two-dimensional footprint-level attributes,
referenced by timestamp and geolocation, enable us to: (1) explore both physical and em-
pirical relationships between snowfall rate and other meteorological variables, (2) train
and validate the proposed inpainting model, and (3) assess its overall reconstruction per-
formance.

2.2 Auxiliary Meteorological Profiles from ECMWF

As demonstrated by King et al. in 2024, meteorological context around a CPR-detectable
scene can significantly improve reconstruction accuracy by providing physically relevant
information [32]. Motivated by this, we incorporate a set of auxiliary meteorological profiles
from the CloudSat ECMWF-AUX data product into our dataset.

The ECMWF-AUX product is derived from the operational AN-ECMWF analysis fields
produced by the European Centre for Medium-Range Weather Forecasts (ECMWF). It
includes five key meteorological state variables:

• Pressure
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• Temperature

• Specific humidity

• Zonal wind component

• Meridional wind component

These profiles are used in our study to enrich the physical representation of atmospheric
conditions associated with each CloudSat footprint. As a model-derived product, AN-
ECMWF differs from CloudSat in both spatial and temporal resolution. It typically offers
more complete spatio-temporal coverage and higher temporal frequency, but at the cost of
coarser spatial resolution and increased uncertainty due to model-based assumptions.

To reconcile these differences, the CloudSat Data Processing Center (DPC) subsets and
collocates AN-ECMWF fields to align with CloudSat’s observational grid. The ECMWF
variables are first interpolated linearly and then bilinearly in three-dimensional space to
match CloudSat’s vertical and horizontal bins, followed by linear interpolation in time.
The result is a temporally and spatially collocated meteorological profile for each CloudSat
footprint, aligned with the rest of the retrieval variables in the dataset [1].

To enable efficient and consistent spatio-temporal management of the large-scale dataset
used in this study, the meteorological profiles are appended as five additional channels to
the snowfall-rate profiles. These auxiliary channels are referenced by three-dimensional
geolocation and timestamp, aligned with each column of the multi-channel vertical profiles
shown in Fig. 3.2.
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Figure 2.1: Spatio-temporal overview of the sampled test dataset. Local times are con-
verted from the original TAI/UTC timestamps using the time zones inferred from geolo-
cation.
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Chapter 3

Methodology

In this section, we present the methodology designed to achieve the research objectives
outlined in Section 1.4. We begin by identifying a physically grounded underlying model
for reconstructing snowfall rates in the lowest radar bins based on known observations
above. Building on this foundation, we introduce SnowProfGPT, a new autoregressive
model tailored for snowfall-rate profile reconstruction.

To address the domain shift challenges identified in prior methods, we then propose
a transfer learning training paradigm adapted from the field of text generation. This
paradigm is designed to enable generalization to unseen geographic and meteorological
conditions. To support quantitative evaluation of the reconstruction, we define a key con-
cept—Synthetic Clutter Zone (SCZ), which provides dense, high-quality proxy data to
serve as ground-truth references for the real clutter zone. Finally, we outline our gener-
alizability evaluation framework, which assesses the performance of the proposed model
across different spatial, temporal, and meteorological regimes.

3.1 Inductive Bias: An Identified Underlying Rela-

tionship

To develop a reconstruction model for snowfall profiles in the clutter zone (CZ), we must
first identify a plausible form of the underlying relationship between observable and missing
data, a formulation commonly referred to as the inductive bias in statistical learning [4].
This bias defines the assumed model family in which the true data-generating process is
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believed to reside. Only by selecting an appropriate inductive bias can we constrain the
model search space in a way that aligns with physical intuition and empirical structure.

In this study, we propose that the underlying process governing snowfall rate in lower
atmospheric bins can be reasonably approximated as a Markov model [9]: that is, the
snowfall rate at a given bin is conditionally dependent on the rates observed in the few
bins directly above it, as well as on the local meteorological conditions. This assumption
reflects both physical intuition and prior evidence of spatio-vertical autocorrelation in
snowfall fields.

Specifically, the snowfall rate at a given radar range R can be described by the physical
model used in the 2C-SNOW-PROFILE product, which relates snowfall rate to radar-
observable microphysical quantities. It is given by:

S(R) =
1

ρliq

∫ Dmax

Dmin

N(D,R)m(D,R)V (D,R) dD

Here, S(R) is the snowfall rate in mm/hr at range R, and D, N , m, and V denote
the snowfall particle diameter, particle size distribution (PSD), particle mass, and fall
speed, respectively. The integral represents the expected mass flux of particles at range
R, normalized by the liquid water density ρliq. In practice, this physical relationship
is inferred indirectly through radar reflectivity, which is a function of the backscattered
power associated with the PSD at each bin [66, 65].

However, below the near-surface bin (NSB), clutter-free radar reflectivity is no longer
available. As a result, the snowfall rate in lower bins must be inferred based on information
from the overlying, well-observed portion of the profile. One common approach to such
extrapolation is to apply a Taylor expansion, assuming that the snowfall rate is sufficiently
smooth and differentiable with respect to radar range R:

S(R + dR) = S(R) + dR · dS
dR

(R) +O
(
(dR)2

)
(3.1)

This expansion rewrites the undetectable snowfall rate S(R + dR) as a function of the
closest well-observed value S(R), along with its local rate of change in the vertical direction.
The O ((dR)2) term represents a higher-order remainder that becomes negligible when the
bin spacing dR is sufficiently small. To estimate S(R+dR), we therefore require knowledge
of the vertical snowfall rate gradient dS

dR
at position R, which describes how the snowfall

rate evolves from the observed level downward into the clutter-contaminated zone.
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Assuming continuity in the snowfall rate scalar field, we can express the vertical gradient
of the snowfall rate using the chain rule and the physical model introduced earlier. Applying
Leibniz’s rule for differentiation under the integral sign yields:

dS

dR
=

1

ρliq

∫ Dmax

Dmin

[
dN

dR
·m · V + N · dm

dR
· V + N ·m · dV

dR

]
dD

To gain more physical insight, we simplify this expression in terms of the first-order
moment (i.e., the expectation) of the particle mass flux. The snowfall rate gradient can
then be approximated as:

dS

dR
=

1

ρliq

[
ED|R

[
d(mV )

dR

]
+

ED|R+dR[m(R)V (R)]− ED|R[m(R)V (R)]

dR

]
, as dR→ 0

Here, ED|R[·] and ED|R+dR[·] denote expectation operators over the particle size distribu-
tion (PSD) at ranges R and R+dR, respectively, corresponding to N(·, R) and N(·, R+dR).

Recognizing that mV represents the particle mass flux Φ, the expression simplifies
further to:

dS

dR
=

1

ρliq

[
ED|R

[
dΦ

dR

]
+

d

dR
ED|R[R,Φ(R)]

]
, as dR→ 0

This formulation reveals that the vertical rate of change of snowfall rate at range R
can be decomposed into two physically interpretable components:

1. The expected rate of change of the snow mass flux at range R, due to the physical
process of snow falling (e.g., gravitational settling and aggregation).

2. The rate of change of the expected snow mass flux, capturing variability in the
snow particle size distribution with altitude (i.e., snow-particle microphysical spatio-
vertical heterogeneity).

For clarity, we refer to the two terms composing the linear rate of change of snowfall
rate dS

dR
as the motion effect and the microphysical effect, respectively. The motion effect

reflects the change in snowfall mass flux due to vertical dynamics, which, under a Eulerian
perspective (as adopted by CloudSat’s CPR), depends primarily on mechanically driven
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meteorological variables such as vertical wind velocity, air pressure, and large-scale atmo-
spheric motion. In contrast, the microphysical effect captures variability in the particle size
distribution (PSD) and is driven by thermodynamic factors such as temperature, humidity,
and phase transitions.

We assume that both effects can be encapsulated by a function g(x⃗(R)), which maps
local meteorological conditions at range R to the vertical rate of change of snowfall rate:

g(x⃗(R)) ≈ 1

ρliq

[
ED|R

[
dΦ

dR

]
+

d

dR
ED|R[R,Φ(R)]

]
=

dS

dR
, ∃ g : Rc → R

Here, x⃗(R) ∈ Rc denotes a vector of local meteorological variables at range R, and g is
an unknown functional that maps these inputs to the vertical snowfall gradient.

Substituting this functional form into the Taylor expansion, we obtain a first-order
autoregressive approximation for the snowfall rate at an undetectable bin in the clutter
zone:

S(R + dR) ≈ S(R) + dR · g(x⃗(R)) +O
(
(dR)2

)
, ∃ g : Rc → R

This expression constitutes the most basic autoregressive model, grounded in physical
reasoning. It expresses the snowfall rate in an unobservable bin as a function of the nearest
observed snowfall rate above, modulated by local meteorological conditions that are not
directly measurable by CloudSat’s CPR.

Before presenting the proposed model, we first revisit the replication model 1.2 em-
ployed by the official DPC product for handling bins within the clutter zone. This method
can be interpreted as the zero-order approximation of Equation 3.1, wherein the snowfall
rate at the next vertical bin is assumed to be identical to the current one, and the error
term is the first-order term O (dR) of the distance between the known bin and the pre-
dicted bin. While simple, this strategy is physically grounded and generally reasonable if
the expectation of its first-order remainder O (dR) is zero at some scales.

To empirically support this interpretation, we analyze a randomly selected CloudSat
granule containing only footprints with positive snowfall rates. Figure 3.1 shows two empir-
ical distributions derived from this sample: the right panel plots the marginal distribution
of snowfall rates S(R), while the left panel shows the conditional distribution of the dif-
ference S(R+ dR)−S(R). The former follows an approximately exponential distribution,
consistent with the long-tailed behavior of PSD-derived snowfall rates. In contrast, the
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distribution of differences S(R+dR)−S(R) closely resembles a narrow normal distribution
centered near zero.

This empirical behavior implies that the snowfall rate in any given bin is typically very
similar to that in the bin directly above, with only small random fluctuations. In other
words, the expected value of the first-order Taylor expansion term, dR·g(x⃗(R))+O((dR)2),
is close to zero. Consequently, a simple Markov assumption of the form:

S(R + dR) | S(R) ∼ N (S(R), σ2)

for some unknown variance σ2, provides a reasonable approximation. This assumption
directly underpins the replication strategy used by the DPC. However, when this process
is applied recursively, e.g., to estimate the snowfall rate at the fourth bin below the NSB, the
variance accumulates over time. Under a random-walk interpretation [9], the uncertainty
at depth increases linearly with the number of steps:

S(R + 4dR) | S(R) ∼ N (S(R), 4σ2)

In Section 4, we empirically observe this uncertainty accumulation in the baseline
model’s performance. As shown in the R-square plot in Figure 4.1, the degradation is
even more rapid than predicted by the random-walk variance, likely due to a small but
persistent bias in the model (approximately 0.01, as seen in Figure 3.1) that compounds
with depth, further deteriorating predictive accuracy in lower bins.

In summary, while the replication model offers robustness through its simplicity and
minimal parameterization, it corresponds to a zero-order approximation of the underlying
vertical process. Significant improvements can be achieved by addressing two key limita-
tions: (1) reducing the bias inherent in the Markov assumption, and (2) shrinking predictive
uncertainty. These improvements are enabled by incorporating additional meteorological
context, allowing the model to debias and enrich the first-order structure.

This leads to a probabilistic autoregressive formulation in discrete form:

Si+1 | Si, x⃗i ∼ N
(
Si + ∆R · g(x⃗i) +O(∆R2), σ2

)
(3.2)

Here, Si denotes the snowfall rate at bin i, x⃗i ∈ Rc represents local meteorological
inputs at that bin, ∆R is the vertical bin spacing, which is 240 meters for the CPR of
CloudSat, and g is a learnable function mapping auxiliary inputs to the expected vertical
gradient in snowfall rate.
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Accordingly, our autoregressive forward model takes the form:

Ŝi+1 = Si + ∆R · g(x⃗i) +O(∆R2)

with residual uncertainty characterized by standard deviation σ. This autoregressive
inductive bias provides the physical foundation for the model architecture developed in
Section 3.4, designed to capture sequential dependencies between the unobserved snowfall
rates in the CZ and surrounding meteorological variables.

3.2 SnowProfGPT: A Self-Attention-Based Autore-

gressive Model for Snowfall-Rate Inpainting

In this section, we introduce SnowProfGPT, a self-attention–based autoregressive model
designed to reconstruct cluttered meteorological profiles on a global scale. The model is
trained using a generative pretraining (GPT-style) paradigm [28], enabling it to generalize
across domain shifts and unseen geophysical regimes. Its architecture is built to satisfy
two core objectives: (1) to align with the GPT paradigm for scalable domain adaptation,
as further detailed in Section 3.3, and (2) to adhere to the autoregressive inductive bias
established in Section 3.1, thereby capturing physically meaningful patterns in snowfall-
rate profiles.

To maintain clarity and focus, we present only the core design components of the
architecture in this section. Secondary implementation details, such as layer normalization,
input standardization, and regularization techniques, are provided in the Table 3.1 and the
accompanying GitHub repository for reproducibility.

3.2.1 Forward model definition: Inputs and outputs

To move beyond the simplest Markov model 3.2 identified in Section 3.1, we expand the
model’s input space to better reflect the nonlinear, spatially structured nature of real-world
atmospheric systems. In particular, the chaotic and vertically heterogeneous structure of
snowfall profiles cannot be adequately captured by strictly local or memoryless assumptions
[50]. Therefore, rather than conditioning only on the local snowfall rate and meteorological
variables, we introduce a larger spatiotemporal input window that includes neighboring
vertical bins and adjacent horizontal footprints.
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Table 3.1: Core architectural components and hyperparameter configurations of the Snow-
ProfGPT model. Embeddings are applied separately for each channel, footprint, and
auxiliary metadata feature. The model uses a multi-head transformer encoder–decoder
architecture, with autoregressive decoding over four vertical bins. All embeddings operate
in a shared latent space of 512 dimensions.

Component Configuration

Architecture Type Transformer-based autoregressive encoder-decoder

Embedding Dimensionality 512 (shared across all tokens and layers)

Input Channels 6 (each meteorological channel embedded separately)

Input Tensor Shape 5× 9× 6 (width × height × channels)

Encoder 8-layer Transformer encoder

Decoder 8-layer Transformer decoder (autoregressive)

Multi-Head Attention 8 heads per encoder/decoder layer

Feedforward Dimensionality 2048 units per layer

Encoder Dropout 0.3

Decoder Dropout 0.1

Activation Function ReLU (per layer)

Normalization LayerNorm applied before each encoder/decoder block

Autoregressive Target Sequence 4 lowest snowfall-rate bins in SCZ

Teacher Forcing Enabled only in pretraining stage 1

Output Layer Linear projection from 512 → 1 (snowfall rate)

Logarithmic Feature Transformation Applied to all non-snowfall channels

Bin Positional Encoding Sinusoidal encoding (length 9 + 4)

Footprint Positional Encoding Learnable scalars per footprint (5 total)

Channel Positional Encoding Learnable scalars per input channel (6 total)

Metadata Embeddings surface type (5 categories, including missing)

Output Bias Correction Predicted snowfall < 0.2 mm/hr is clipped to 0.0

For sufficiently smooth fields, linear combinations of prior vertical values, such as
S(R), S(R −∆R), S(R − 2∆R), . . . can yield improved approximations of dS

dR
, as derived

in Taylor-series–based finite-difference schemes [7, 39]. By incorporating such a neighbor-
hood, the model can reduce predictive bias and uncertainty, provided the information is
well structured and reliable. However, increasing the context window also incurs higher
computational costs and may introduce redundant inputs, especially for our computation-
ally expensive Transformer-based model [59], and in light of the quasi-Markov property
3.2 we identified for snowfall-rate profiles. To balance information richness with efficiency
and tractability, we fix the input scene to a size of 9× 5 in vertical and horizontal dimen-
sions, respectively, with 6 total channels (one snowfall-rate channel and five meteorological
channels), as shown in Fig. 3.2. The model’s regression task is to learn a function G such
that:
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ŝij = E [Sij | SI′J , XIJC , v⃗I ] = G(SI′J , XIJC , v⃗I), ∃G :
(
R5×5×1, R9×5×5, {0, 1, 7, 8,−1}

)
→ R

Here: - SI′J ∈ R5×5×1 contains snowfall-rate values in the five vertical bins immediately
above the target bin Sij, across a 5 × 5 spatial window. - XIJC ∈ R9×5×5 is the full
meteorological tensor of five channels over nine vertical bins and five horizontal footprints.
- v⃗I ∈ {0, 1, 7, 8,−1} encodes surface types across the horizontal window, representing open
ocean, inland water, sea ice, land, and missing, respectively.

The index sets I ′, I, J ⊂ N refer to neighboring vertical and horizontal indices, and the
Cartesian product I × J = {(i, j) | i ∈ I, j ∈ J} defines the spatial extent of the scene.
The model does not constrain the target bin (i, j) to be in any fixed position within the
window; instead, it is expected to adapt to varying relative positions within I × J . This
flexibility encourages the model to have a broader generalization and more flexible han-
dling of scenes. Fixing the window size is also essential for managing computational cost,
especially in transformer-based models, where attention mechanisms scale quadratically
with input length [59].

With this model formulation, our goal is to approximate an unknown black-box function
G(SI′J , XIJC , v⃗I) = E[Sij | SI′J , XIJC , v⃗I ], which estimates the snowfall rate in any CZ bin
given its surrounding context. The model must simultaneously capture:

• In-channel autocorrelation, including the Markov dependency Sij | SI′J , such as
the aforementioned motion effect, which provides the dominant predictive signal;

• Cross-channel relationships between auxiliary meteorological fields and snowfall,
reflecting the aforementioned microphysical effect and helping to reduce systematic
biases and uncertainty.

As demonstrated in recent studies, self-attention mechanisms are well suited for mod-
eling both in-channel and cross-channel dependencies. This operation, often referred to
as contextualization, allows the model to form a high-dimensional latent representation of
the meteorological scene that reflects both the local physical state and its global context.
Once this context is encoded, an autoregressive decoder can use it to reconstruct miss-
ing snowfall-rate values within the clutter zone. In the following subsections, we describe
how SnowProfGPT operationalizes this autoregressive architecture, beginning with scene
tokenization and embedding, followed by self-attention encoding, and concluding with au-
toregressive decoding. An overview of the model architecture is illustrated in Fig. 3.2,
which will be covered in the following subsections
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3.2.2 Tokenization and Embedding: Unifying heterogeneous me-
teorological inputs into a shared contextual feature space

We now describe the architecture that transforms multi-channel meteorological scenes into
a unified token representation for downstream attention-based modeling. This step is
foundational: it converts structured physical inputs into a form that enables semantic
reasoning and context-dependent learning, tailored to the autoregressive model defined in
Section 3.2.1.

Tokenization. We begin by flattening the structured input into a one-dimensional se-
quence using a 3D tokenizer, as illustrated in Fig. 3.2. The tokenizer takes as input: -
SI′J ∈ R5×5×1: the snowfall-rate values in the 5 vertical bins immediately above the target
bin, - XIJC ∈ R9×5×5: the auxiliary meteorological channels across the full 9 × 5 scene, -
v⃗I ∈ R5: the 1D footprint-level surface type encoding.

The tokenization function is defined as:

x⃗ = Tm(SI′J , XIJC , v⃗I), Tm :
(
R5×5×1, R9×5×5, R5

)
→ R225

with a bijective mapping m(i, j, c) = k, such that x⃗k = Xijc.

Each entry x⃗k is referred to as a token, representing an atomic unit of information in
the meteorological scene.

Why context matters. In NLP, the meaning of a token is inherently contextual [55, 42].
For example, the word “dog” can refer to an animal in the phrase “family dog,” but to
food in “hot dog.” The same principle applies in meteorology: two tokens with the same
scalar value, e.g., snowfall rate = 1 mm/hr, may represent entirely different phenomena
depending on their location in the profile, the surrounding dynamics, or surface conditions.
A single snowfall rate could correspond to a part of light stratiform snow in one case and
pre-squall convective bands in another.

Embedding. To allow the model to differentiate these contexts, we linearly embed each
token into a shared high-dimensional vector space:

z⃗k = x⃗kW
l
e, where l = [m−1(k)]3

Here, l denotes the channel from which token x⃗k originated, and W l
e ∈ R1×d is a channel-

specific learned embedding matrix lifting up the channel of tokens to the contextual feature
space. We implement 7 such embedding layers:
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• 5 for the auxiliary meteorological channels in XIJC ,

• 1 for the snowfall-rate channel in SI′J ,

• 1 for the surface-type vector v⃗I .

These embeddings are expected to project all tokens, regardless of source or physical
unit, into a unified semantic space where they can be compared via well-defined similarity
measures. For example, inner products between embedded tokens can reflect relevance or
contextual similarity within the scene.

Positional Encoding. Because Transformer models are inherently permutation-invariant
[59], we inject spatial awareness into the token embeddings via learnable positional encod-
ings:

PEk = p⃗wi + p⃗hj + p⃗cl , where (i, j, l) = m−1(k), p⃗wi , p⃗
h
j , p⃗

c
l ∈ Rd

This encoding provides relative positioning in width, height, and channel space analogous
to the three axes in our spatiophysical input. These are implemented as periodic encodings,
as visualized in Fig. 3.2. Without these, the model would lack awareness of token order or
structure that are necessary to define a meteorological scene, unlike CNNs, which encode
spatial locality via convolutional kernels.

The final embedded and position-aware token representation is:

z⃗k = x⃗kW
l
e + PEk, for l = [m−1(k)]3

Each token is thus embedded into a high-dimensional contextual space, where het-
erogeneous meteorological inputs, originating from distinct devices or even with different
physical quantities, may be well interpreted jointly in a shared, semantically meaningful
scene representation.

3.2.3 Self-Attention Encoder: Contextual Representation of the
Meteorological Scene

In addition to embedding meteorological tokens into a shared semantic space, the model
must reason over complex spatial and cross-channel relationships. As we mentioned before,
these relationships should involve latent autocorrelations along vertical or horizontal di-
mensions, cross-variable dependencies, or higher-order physical patterns. To support this,
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we introduce a self-attention mechanism [59], adapted from the Transformer architecture,
which forms the core of SnowProfGPT’s contextual encoding.

Query-Key-Value transformation. To enable attention-based reasoning, each token
embedding z⃗k ∈ Rd is first linearly projected into three distinct representations: - A Query
vector, which requests contextual information, - A Key vector, which responds to those
queries, - A Value vector, which contains the information to be passed if selected.

These projections are learned through h independent attention heads, with each head
applying its own set of transformation matrices:

Hk =
(
WQ

k , WK
k , W V

k

)
∈ Rd/h×d, k = 1, 2, . . . , h

Each head is designed to capture a different class of relationships: some heads may learn
vertical continuity, while others may attend to surface effects, thermodynamic transitions,
or other meteorological patterns. This multi-head architecture is necessary: without these
projections, each token would default to attending most strongly to itself under the stan-
dard inner-product metric, which would prevent the model from learning true contextual
dependencies.

Self-attention mechanism. For each head k, we compute attention scores between every
pair of tokens based on the similarity between their Query and Key vectors. These scores
are used to compute weighted combinations of the Value vectors, allowing each token to
selectively aggregate information from other tokens in the scene:

headk = Attentionk(z⃗) = softmax

(
QK⊤
√
dk

)
V, where Q = z⃗WQ

k , K = z⃗WK
k , V = z⃗W V

k

The output of this attention layer is a sequence of contextualized embeddings, where
each token’s new representation reflects a learned combination of all other tokens’ Value
vectors weighted by their relevance in that specific head. These relevance scores capture
how strongly each meteorological token relates to others in the scene, based on both spatial
structure and physical variable type.

Multi-head fusion and feedforward transformation. The outputs of all heads are
concatenated and linearly projected to merge information from different pattern classes:

MultiHead(z⃗) = Concat(head1, . . . , headh)WO
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To further refine the representations, we apply the standard Transformer encoder stack:
a residual connection and layer normalization, followed by a feedforward network (FFN),
and another residual + normalization block. The feedforward layers operate independently
on each token and help the model learn interactions between dimensions of a single token
vector. For example, as we mentioned that each dimension of a token embedding is expected
to represent a distinct aspect of the token in the scene context, this may allow the model
to explore dependencies between a snowfall rate’s absolute value and its derived indicators
(e.g., likelihood of snow squall, CPR detectability), if those are considered important in
light of the real-world data.

The final output of the encoder is referred to as the contextualized embedding of the
input meteorological scene. It integrates:

• Global contextual information, derived from attention-based relationships across
all tokens, and

• Local token-specific structure, enhanced by the feedforward layers that capture
intra-token feature interactions.

This contextualized representation forms the latent ”knowledge base” of the scene anal-
ogous to ”memory” in language models that the decoder will use to perform autoregressive
inpainting in the next stage.

3.2.4 Self- and Cross-Attention Decoder: Autoregressive Mete-
orological Scene Inpainter

With the contextualized representation of the meteorological scene produced by the en-
coder, we now introduce the decoder block, which performs autoregressive prediction of
the snowfall rates in the clutter zone. Specifically, the decoder sequentially estimates the
snowfall rate in each of the four lowest bins, using the Markovian structure defined by the
inductive bias in Section 3.1.

The decoder models the conditional probability distribution over the snowfall-rate se-
quence as:

P (ŝ1, ŝ2, . . . , ŝT | z⃗enc) =
T∏
t=1

P (ŝt | ŝ<t, z⃗enc)

31



where z⃗enc denotes the encoder output and ŝt represents the t-th snowfall token to be
predicted. This formulation captures both temporal (i.e., autoregressive) and spatial de-
pendencies, consistent with the scene’s 2D structure.

To do so, the decoder first applies a masked self-attention block over previously pre-
dicted snowfall tokens, allowing it to learn intra-sequence dependencies. This mechanism
is structurally identical to that in the encoder but uses masking to prevent each token
from attending to future ones. Next, a cross-attention layer fuses information from the
encoded scene context, enabling the decoder to condition on the full meteorological scene
while predicting each token. The cross-attention operation is defined as:

CrossAtt(S, z⃗enc) = softmax

(
QK⊤
√
dk

)
V, where

Q = SWQ, K = z⃗encW
K , V = z⃗encW

V

Here, S denotes the sequence of already predicted (or initially available) snowfall-rate
embeddings. The attention matrix should reflect the alignment between the decoder query
tokens and the encoder’s contextualized memory.

After the attention layers, the decoder applies the same residual connections, layer
normalization, and position-wise feedforward network as in the encoder. These further
refine the token representations and capture intra-token interactions across dimensions,
e.g., the relationship between absolute snowfall rate and its contribution to snow squall
likelihood for the same token.

Autoregressive decoding order. To reflect the spatiophysical structure of the scene, we
autoregressively traverse the 2D snowfall-rate grid using a fixed order: first top-to-bottom
along the vertical (height-bin) dimension, then left-to-right along the horizontal (footprint)
dimension. This ordering mirrors the causal structure assumed in our autoregressive frame-
work.

Formally, the decoder produces the next snowfall token as:

ŝt = softmax (Wout ·DecoderBlock(s<t, z⃗enc) + b)

Each newly predicted token ŝt is appended to the decoder’s input and becomes available
for subsequent predictions. This iterative process continues until all missing snowfall-rate
tokens in the scene have been reconstructed. By following the fixed 2D traversal order
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along the flattened token sequence, the decoder effectively learns and renders vertical and
horizontal dependencies within the clutter zone.

The resulting inpainting process thus combines:

• Local autoregressive structure aligned with vertical atmospheric physics, and

• Global conditioning on multi-channel scene context via cross-attention.

As shown in the last ”place-back” of the output Value, the final output layer of Snow-
ProfGPT is a linear projection that maps each predicted snowfall-rate token embedding
back into its original physical dimensionality and position in the scene. Each reconstructed
snowfall-rate value is then positioned in its corresponding spatial location within the scene
by applying the inverse of the 3D tokenizer, m−1, restoring the reconstructed values to
their original vertical bin indices. Once all snowfall tokens in a scene have been generated,
the model completes the inpainting of the clutter zone.

3.2.5 Overview

We have now fully defined the main structure and workflow of the inpainting model. Dur-
ing training, the reconstructed snowfall-rate tensor is compared to the labeled ground truth
using a supervised loss function. This difference is then used to update the model param-
eters through backpropagation [38]. The goal is to minimize reconstruction error while
preserving the inductive bias described in Section 3.1, ultimately converging to a function
that generalizes well across meteorological regimes.

Why such complexity? Compared to traditional machine learning models, or even
convolutional neural networks (CNNs) [40], SnowProfGPT adopts a notably more complex
architecture. However, this complexity is not unnecessary. It is driven by the demands of
transfer learning, where the goal is to minimize domain shift and support generalization
to remote or unseen observational regimes.

First, SnowProfGPT is built on a Transformer backbone and trained under a GPT-
style paradigm (detailed in Section 3.3). This design enables the model to benefit from
emergent intelligence [63, 68], which is an empirically observed property of large attention-
based models, where increasing contextual depth and capacity leads to the learning of
surprisingly rich and generalizable patterns. As the model scales, it becomes increasingly
resilient to domain-specific biases and more capable of constructing robust internal repre-
sentations of snowfall-related meteorological scenes. This is essential for addressing severe
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domain shift, especially in cases where ground-truth profiles are only available for narrow
or geographically sparse regions.

Second, the embedding design enables flexible handling of diverse inputs. Regardless of
origin, semantics, or physical units, each input variable is treated as a token and embedded
into a shared latent space [59]. Within this space, variables of different dimensionalities and
meanings, such as surface-type indicators, wind speed in meters per second, and tempera-
ture in degrees Celsius, can be jointly reasoned about as part of a coherent meteorological
scene. This embedding strategy also allows the model to tolerate spatial mismatches, miss-
ing data, variable input structure, or even potential input from different missions that may
be adopted in the future. For example, both vertically resolved meteorological profiles and
footprint-level attributes can be interpreted in a unified space. The result is a semantically
rich, flexible input format that supports reasoning across heterogeneous features.

Finally, the self-attention mechanism plays a critical role by enabling pairwise interac-
tions across all tokens, regardless of their physical variable type or spatial location. This
allows the model to learn both local and non-local dependencies across vertical levels,
horizontal footprints, and meteorological channels. Unlike most CNNs, which typically
transform local features through a sequence of convolutional layers before applying re-
gression to spatially aggregated representations [40], self-attention maintains a global view
throughout the encoding process. It does not ”resolve” features locally before regression,
but instead enables each token to directly attend to all others in the scene. As a result,
SnowProfGPT can capture a broader range of physical and statistical patterns, including
long-range cross-channel relationships, that are often difficult to represent with convolu-
tional models.

In summary, SnowProfGPT brings together three architectural core designs:

• A GPT-based autoregressive transformer with emergent generalization capability,

• A semantic embedding system for handling heterogeneous and multi-scale meteoro-
logical data, and

• A self-attention mechanism capable of capturing non-local dependencies across all
meteorological dimensions.

These elements jointly may enable SnowProfGPT to perform accurate, generalizable
inpainting of snowfall-rate profiles in the clutter zone, making full use of the globally
distributed CloudSat dataset while maintaining robustness under domain shift.
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3.3 Generative Pre-training: A Transfer Learning Ap-

proach

Having defined the SnowProfGPT architecture according to the physical inductive bias
established in Section 3.1, the next step is to design a training paradigm that effectively
enables the model to learn the desired patterns from data. In this section, we describe
the training scheme used to learn and transfer meteorological knowledge for snowfall-rate
inpainting in the clutter zone (CZ).

Importantly, as an overview, this model adheres to the ”CS Pretraining + GB Finetun-
ing” paradigm identified in Table 1.1. Unlike prior methods that rely on a very spatially
limited subset DCS∩GB ⊂ DCS, collocated with DGB, our model can be pre-trained on
the full CloudSat-observed domain DCS. This domain spans all well-observed vertical
bins across the globe, offering a much larger and richer sample base than the sparsely
distributed, GB-collocated datasets typically used in existing methods. This distinction is
critical: Prior models suffer from limited generalizability due to their dependence on small,
geographically clustered training sets (e.g., |DCS∩GB| ≈ |DGB| ≪ |DCS|). In contrast,
SnowProfGPT leverages the full extent of CloudSat’s spatial coverage during pretraining,
enabling it to learn from diverse scenes across a wide range of meteorological regimes. This
design offers a potentially principled strategy for mitigating domain shift, particularly in
the horizontal dimension, by utilizing all available high-quality CloudSat data, rather than
discarding most of it due to the spatial coverage constraints from having to collocate with
ground-based sites as almost all existing methods do.

As discussed in the Introduction, one of the central challenges in this task is the pres-
ence of severe domain shift: reliable CloudSat observations above the CZ are available
globally, while ground-truth snowfall rates within the CZ are sparse, localized, and lim-
ited to a small number of ground-based radar sites. Previous work [32] has suggested
that transfer learning is a promising direction for this setting, particularly to adapt mod-
els across horizontally diverse regions. To address this challenge, we adopt a generative
pretraining (GPT) [28, 52] strategy originally developed for natural language processing.
This paradigm is designed for scenarios in which large volumes of unlabeled data are
available, but only limited labeled data exist for a specific downstream task. In such cases,
the model is first pretrained on the unlabeled data using a self-supervised task, typically
by learning to recover artificially corrupted sequences given surrounding context. Through
this process, the model internalizes structural relationships among tokens, effectively “un-
derstanding” the data intrinsic patterns in a domain-agnostic way (i.e., general but not
specific to a specific narrow domain). The pretrained model is then fine-tuned [25] on a
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small labeled dataset, which allows it to specialize in a task-specific domain with minimal
updates, preserving generalization.

We propose that this GPT paradigm is well-suited to our task of snowfall-rate profile
reconstruction. Specifically:

1. CloudSat provides a massive archive of high-quality snowfall unlabeled observations
above the CZ, spanning 17 years and covering diverse geolocations and meteorological
regimes.

2. Ground-truth snowfall rates within the CZ are extremely scarce and geographically
limited to a handful of well-instrumented ground-based radar sites (i.e., narrow GB
in Fig. 1.3).

3. There exists a strong domain mismatch between CloudSat’s global observational
coverage (CS) and the localized nature of available in-CZ truth data (GB).

Given these constraints, we adapt the GPT training paradigm for meteorological pro-
file reconstruction. The model is first pretrained on CloudSat-observed data from well-
measured regions above the CZ, where snowfall rates can be reliably inferred. Then, the
pretrained model is fine-tuned using the sparse and spatially constrained ground-based GB
data to specialize in reconstructing the vertical layers that were previously unobserved. The
overall scheme is illustrated in Fig. 3.3, and further elaborated in the following subsections.

3.3.1 Self-Supervised Pretraining on Unlabeled CloudSat Obser-
vations

To construct the pretraining dataset, we extract the lowest 20 reliable vertical bins above
the defined Synthetic Clutter Zone (SCZ) from CloudSat observations between April 2016
and October 2017. Inspired by the pretraining tasks used in generative language models, we
apply a corruption-based strategy in which portions of the input data, despite being fully
observable, are masked, and the model is trained to reconstruct the missing values using the
surrounding context. The goal of this phase is to expose the model to as much vertical and
horizontal variability as possible, allowing it to learn generalizable spatiophysical patterns
inherent in the meteorological data. To achieve this, we design a dynamic scene sampling
procedure that includes both a horizontal sampler and a vertical sampler. As shown in
Fig. 3.3, the full sampling pipeline proceeds as follows:
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1. Extract the well-observed vertical bins (yellow layer) from all available CloudSat
profiles.

2. Group every five adjacent footprints to form a horizontal ”scene” unit.

3. Randomly select 80% of the available scenes for pretraining.

4. For each selected scene, sample 9 adjacent vertical bins to form a multi-channel 2D
meteorological scene.

5. Mask the lowest 4 bins in the snowfall-rate channel of each scene, which serve as the
reconstruction targets for the model.

To maximize diversity, we implement real-time dynamic chunking during training. The
horizontal and vertical samplers generate new combinations of scene patches for each epoch,
exposing the model to a wide range of spatial and vertical conditions. This sampling strat-
egy serves as a form of data augmentation and is critical for reducing both model variance
and inductive bias. From a statistical learning perspective, increasing diversity in the
training samples helps lower generalization error by improving exposure to rare or extreme
conditions across the vertical and horizontal domains [22]. The corrupted snowfall-rate bins
act as self-supervised labels. By learning to reconstruct them from the surrounding con-
text, the model internalizes spatial autocorrelation patterns and meteorological structure,
tailored from the GPT-style training process used in language models.

To monitor model performance and guide optimization during pretraining, we define a
validation set with three objectives: (1) to detect overfitting or spurious pattern learning,
(2) to evaluate the model’s ability to reconstruct snowfall rates in bins closest to the
surface, and (3) to control the learning rate schedule and early stopping behavior. To
satisfy the first goal, we randomly sample the remaining 20% of CloudSat scenes not
used for training. These are held out entirely from the pretraining phase to provide an
unbiased performance evaluation. To achieve the second goal, we constrain the vertical
sampler to select only the lowest 9 bins from each scene and mask only the lowest 4 bins
in the snowfall-rate channel. This ensures that the validation set targets the near-surface
region of the CloudSat domain, providing a proxy for evaluating performance in the clutter
zone, which remains unobservable in CloudSat data. For the third goal, we implement a
learning-rate scheduler and early stopping mechanism [2, 12]. If the model’s validation
loss degrades for more than two consecutive evaluations, we halve the learning rate. If
the degradation persists for five evaluations and the learning rate drops below a minimum
threshold, training is terminated. Detailed pretraining hyperparameters and scheduling
rules are documented in Table 3.2 for reproducibility.
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Table 3.2: Training strategy and hyperparameter configurations used for pretraining and
fine-tuning SnowProfGPT. The model is pretrained on CloudSat observations above the
SCZ using a self-supervised autoregressive task, then fine-tuned on a small synthetic
ground-based subset. Pretraining is performed in three stages with gradually increas-
ing task complexity. Fine-tuning disables all regularization and uses fixed weights and
learning rate.

Category Configuration Details

Hardware and Device Nvidia RTX 4090 (CUDA)

Model Architecture Transformer-based autoregressive decoder (Section 3.2)

Input Tensor Dimensions 5× 9× 6 (scene width × height × channels)

Masking Target Lowest 4 bins in snowfall-rate channel

Training Epochs 100 (early stopping based on validation)

Batch Sampling Strategy Dynamic scene chunking with random vertical/horizontal samplers

Optimizer Adam

Initial Learning Rate 1× 10−7

Learning Rate Scheduler ReduceLROnPlateau (factor: 0.5, patience: 3)

Early Stopping Stop after 5 degraded validations or LR < 10−7

Loss Function Mean Absolute Error (MAE) [24] + regularization terms

Stage 1 (Warm-up) Mixed teacher-forced training (20% batches), no regularization

Stage 2 (Vertical Generalization) Add correlation penalty with bin height (c1 = 10)

Stage 3 (Horizontal Generalization) Add correlation penalty with latitude (c2 = 2)

Fine-Tuning Mode Single batch; fixed learning rate (1× 10−7); Stage-3 regularization

Teacher Forcing (Fine-Tune) Disabled (fully autoregressive inference)

Validation Strategy Static subset of lowest 9 bins from held-out CloudSat scenes

Checkpoints Saved per epoch with MAE and R² in filename

3.3.2 Multi-Stage Pretraining and Generalization Regularizations

Pretraining a model of SnowProfGPT’s scale and complexity presents substantial chal-
lenges, particularly in achieving stable convergence and generalizable performance. To
address this, we implement a multi-stage pretraining strategy that gradually increases
task difficulty and introduces regularization to support vertical and horizontal generaliza-
tion, which is shown as Algorithm 1. This approach not only improves convergence but
also helps the model internalize physically meaningful patterns rather than overfitting to
local data statistics.

Stage 1: Mixed teacher-forced and autoregressive training. In the first stage, the
model is trained on a simplified version of the reconstruction task that combines teacher-
forcing [20] and fully autoregressive prediction. Specifically, 20% of the training batches
are provided with ground-truth snowfall rates from previous vertical bins when predicting
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Algorithm 1 Multi-Stage Pretraining of SnowProfGPT on CloudSat Data

1: Initialize model weights θ
2: Set learning rate η ← η0
3: Define three-stage loss functions: L0, L1, L2

4: Fix validation set from lowest 9 bins in CloudSat profiles
5: for each training stage s = 1, 2, 3 do
6: for each epoch do
7: for each batch do
8: Dynamically sample a 5× 9 spatial scene with all 6 channels
9: Mask lowest 4 snowfall-rate bins as targets to recover
10: Compute loss Ls based on current stage
11: Backpropagate gradients and update θ using learning rate η
12: end for
13: if validation loss degrades for 3 consecutive checks then
14: η ← η/2
15: end if
16: if validation loss degrades for 5 checks or η < 10−7 then
17: break (stage converged)
18: end if
19: end for
20: end for
21: Return pretrained weights θ∗

the next bin in sequence. The remaining 80% of batches follow a purely autoregressive
setup, in which each prediction is conditioned only on the model’s previous outputs.

This strategy serves two purposes. First, teacher-forced batches help the model rapidly
learn the Markovian autocorrelation structure present in vertical snowfall profiles. Second,
the autoregressive batches challenge the model to learn more robust spatial dependen-
cies and mitigate error accumulation from recursive prediction, which otherwise leads to
random-walk–like error propagation [9].

Stage 2: Vertical generalization regularization. After convergence on the mixed
training regime, we introduce an additional regularization term to encourage generalizabil-
ity across vertical layers. This is implemented by modifying the loss function to penalize
correlations between residual errors and altitude:

L1(y, ŷ) = L0(y, ŷ) + c1 · σh, y−ŷ
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Here, L0 is the original reconstruction loss, and σh, y−ŷ denotes the Pearson correlation
coefficient [10] between altitude h and the prediction residual y − ŷ. This regularization
term discourages the model from developing altitude-specific biases during training.

The motivation behind this constraint is rooted in the core goal of pretraining: to learn
general meteorological patterns that hold across altitudes. Without this regularization,
the model risks overfitting to height-dependent structures present in CloudSat data, which
would lead to catastrophic degradation when it encounters previously unseen CZ heights
during fine-tuning.

medskip

Stage 3: Horizontal generalization regularization. In the final stage of pretrain-
ing, we introduce a second regularization term to improve generalization across horizontal
locations. Although the model is exposed to globally distributed CloudSat data, the spa-
tial density of observations is uneven, favoring polar regions over equatorial zones due to
the satellite’s orbit. To prevent the model from developing latitude-dependent biases, we
augment the loss function as follows:

L2(y, ŷ) = L1(y, ŷ) + c2 · σlat, y−ŷ

Here, σlat, y−ŷ is the Pearson correlation coefficient between latitude and the snowfall-
rate prediction residuals. This term penalizes any systematic dependence of the residuals
on latitude, helping the model avoid overfitting to region-specific features.

Each stage of training is monitored using a fixed validation set. While the training set
is dynamically constructed through random scene sampling in a ∼5 km altitude window,
the validation set remains static and is composed of the lowest nine vertical bins across all
footprints. We apply a learning-rate scheduler and early stopping to each stage [2]. The
learning rate begins at a high value to support warm-up, and validation metrics are recorded
every one-tenth of an epoch. If validation loss worsens for three consecutive evaluations,
the learning rate is halved. If degradation persists for five rounds or the learning rate falls
below 10−7, training is stopped and the stage is considered converged.

3.3.3 Transfer Learning: From CS to GB

Once pretraining is complete, we fine-tune the model on the ground-based (GB) dataset
following Algorithm 2, which contains snowfall-rate observations within the clutter zone.
This dataset is small, spatially sparse, and limited to a handful of ground radar sites.
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However, it contains critical information from vertical bins within the CZ that were unseen
during pretraining.

Algorithm 2 Fine-Tuning SnowProfGPT on Ground-Based CZ Dataset

1: Initialize model with pretrained weights θ∗

2: Set minimal learning rate η ← 10−7

3: Fix validation set from GB-CZ (lowest bins only)
4: for each epoch do
5: Load entire GB dataset in one batch
6: Construct 5× 9× 6 scenes using only CZ bins
7: Compute loss L2 with regularizations
8: Update weights θ using learning rate η
9: if validation loss degrades for 2 consecutive rounds then
10: break (fine-tuning converged)
11: end if
12: end for
13: Return final model θ∗∗ (fine-tuned)

As illustrated in Fig. 1.3 and Fig. 3.3, the fine-tuning set spans only a few geographic
regions and is orders of magnitude smaller than the CloudSat dataset. To preserve the
general patterns learned during pretraining, we initialize fine-tuning with the final weights
from the pretrained model and apply a minimal learning rate (1e-7) to prevent overfit-
ting or catastrophic forgetting [67]. The vertical sampler is disabled, and each scene is
constructed by chunking only the lowest vertical bins in the GB dataset. A validation
set is again excluded from the GB data to monitor model behavior during fine-tuning,
using the same stopping criteria and learning-rate control as in pretraining. This strategy
enables the model to refine its representations for clutter zone conditions using a minimal
and targeted weight update. By doing so, we allow the model to specialize in the unseen
CZ domain while preserving the robust spatial generalization acquired from global-scale
CloudSat observations.

3.3.4 Summary

In summary, as illustrated from the top to the bottom in Fig. 3.3, our GPT-based training
scheme for snowfall profile reconstruction consists of three key phases. First, the model
is pretrained on the CloudSat-observed domain (CS), which provides a vast and diverse
archive of snowfall profiles across a wide range of geolocations and altitudes. This phase
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encourages the model to learn generalizable patterns for reconstructing snowfall rates based
on surrounding meteorological information: patterns that are valid along both the verti-
cal and horizontal dimensions; Second, the model is fine-tuned on a small, geographically
sparse set of ground-based (GB) observations. Although narrow in horizontal coverage, this
dataset contains snowfall profiles within the clutter zone (CZ) that were entirely unseen
during pretraining. Fine-tuning allows the model to adapt to the vertical zone of inter-
est while preserving the general horizontal patterns acquired from CS. This multi-stage
training strategy enables the model to first internalize broad physical relationships from
abundant data, and then specialize using a minimal and targeted adjustment. In doing so,
it is encouraged to address the central domain-shift problem in snowfall profile reconstruc-
tion, transferring generalizable knowledge from a globally sampled source domain (CS) to
a sparse, vertically novel target domain (CZ).

3.4 Synthetic Clutter Zone: A Proxy for Model As-

sessment

In this subsection, we introduce the concept of a Synthetic Clutter Zone (SCZ), along
with its associated synthetic CS and synthetic GB domains, to enable global-scale training
and evaluation in the absence of genuine snowfall-rate observations within the clutter zone
(CZ). The SCZ provides a practical proxy for model validation, designed as the lowest
four bins of reliable snowfall-rate observations immediately above the official CZ defined
in CloudSat data products. Its vertical thickness is fixed and matches that of the genuine
CZ, enabling a consistent substitution for the purpose of training and assessment.

Reliable snowfall-rate profiles within the CZ are only available from upward-looking
in-situ radar sites, which are sparse and highly localized. Indeed, ground-based radar sites
cover less than 2% of the Arctic domain, and in-situ snowfall profiles over the open ocean
are virtually nonexistent [32, 47, 17]. This extreme data sparsity motivates the need for a
global proxy. To enable model training and evaluation under these constraints, we define
the SCZ as the four lowest reliable bins above the CZ, and we withhold this region from
model exposure during pretraining. In this framework, the SCZ functions as a proxy for
the true CZ, which is accessible for our evaluation, but not for training, mirroring the
inaccessibility of the CZ in real-world applications.

To simulate fine-tuning conditions, we define a synthetic GB dataset by selecting Cloud-
Sat profiles in the SCZ located within a 1-degree radius (∼111 km) of two known ground-
based radar sites: the ARM NSA site (71.323, -156.615) and the OLI site (70.495, -149.886).
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These coordinates are derived from the KaZR-VAP product [34] as showin in the map for
the fine-tune set in Fig. 3.3, which statistically aligns ARM Ka-band radar reflectivity with
CloudSat observations and served as the ground-truth for CZ profiles for the inpainting
model developed by King et al. in 2024 [32]. Since CloudSat’s orbital coverage does not
match the continuous temporal resolution of ground-based radar systems, we use a larger
search radius to collect a sufficient number of SCZ profiles for synthetic fine-tuning. This
”shift-up” configuration where the SCZ mimics the position of the CZ while remaining
within the well-observed CloudSat domain allows us to train and evaluate a model us-
ing the same architecture and transfer learning framework developed in Section 3.3. The
synthetic GB provides unseen vertical bins for fine-tuning, while the SCZ serves as an
accessible but unseen target for assessing reconstruction accuracy and generalizability. In
this setting, SCZ evaluation acts as a surrogate for CZ performance, with the understand-
ing that some unquantified bias may remain due to differences between the SCZ and the
actual clutter zone.

Following the official definitions in the 2C-PRECIP-COLUMN product [23], the near-
surface bin (NSB) is the fifth lowest bin over land and sea ice, or the third lowest bin
over open water. Bins below the NSB are considered unreliable and constitute the genuine
clutter zone. For the SCZ, we extract the four vertical bins immediately above the genuine
CZ, including the NSB. To simplify data handling and model configuration, we use a
consistent SCZ thickness of four bins across all surface types. These SCZ profiles serve
as the ground-truth targets for evaluating model performance across a range of metrics:
R-squared [16], mean absolute error, and Q-sigma (defined in Section 4), as well as for
generalizability assessments discussed in Section 3.5.

3.4.1 Generalizability Evaluation: Through Residual Modeling

Generalizability is a critical aspect of performance for any inpainting model, particularly
in geophysical applications where data conditions vary widely across space and time [30].
Deep learning models, while powerful, are often less robust than physically based or simple
empirical methods, and may degrade unpredictably when applied outside their training
domain [53, 19]. To evaluate the generalization behavior of SnowProfGPT, we conduct a
residual analysis designed to identify the key factors that influence the model’s performance
and quantify its sensitivity to varying environmental conditions.

Rather than evaluating performance strictly in aggregate across fixed dimensions (e.g.,
latitude, local season) with a strong assumption about the most significant factors influ-
encing the performance of the inpainting model, we train a secondary regression model,
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referred to as the Residual Regression Model (RRM), to model the inpainting residuals
ŝ − s as a function of known footprint/ray-level attributes. This model serves as a proxy
for the expected behavior of the inpainting model under different conditions, and allows
us to identify:

• Is the performance of SnowProfGPT dependent on the external conditions where it
inpaints,

• If so, along which dimensions the model is stable or unstable, and

• Under which conditions the model tends to underpredict or overpredict snowfall rates.

The RRM is trained on a dataset of residuals co-generated during the global SCZ
reconstruction phase. For each footprint, we extract a set of predictor variables, including:

• Geolocation (latitude and longitude),

• Predicted bin height,

• Surface elevation,

• Surface-layer wind speed,

• Surface radar backscatter (σ0),

• Surface type (categorical),

• Top height of the lowest detected hydrometeor layer,

• Local time (hour, month, and season).

Once trained, the RRM predicts the residual error of the inpainting model for any
given scene. If the optimally trained RRM still can’t capture the variability of the pre-
diction residuals of SnowProfGPT (i.e., an R-sqaure of ∼ 0% or even worse), then Snow-
ProfGPT is perfectly generalizable under any condition, as there is little explorable depen-
dency between the prediction performance of SnowProfGPT and the external conditions
when/where it makes a prediction. Otherwise, while the predictions are not exact, they
provide insight into both the direction (overestimation or underestimation) and approxi-
mate magnitude of model error, conditioned on footprint attributes. The reliability of the
generalization assessment of SnowProfGPT through the RRM is evaluated using an unseen
residual test set that was not used during RRM training.
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To capture nonlinear feature interactions, we train the RRM using an XGBoost model
[8] with cross-validated hyperparameter tuning [22]. We then apply a SHAP-based impor-
tance analysis [60] to assess which factors most influence the residuals:

SHAP-based analysis. We compute SHAP (SHapley Additive exPlanations) [60] values
for each feature in the RRM. This provides a model-aware quantification of how much
each feature contributes to residual error of SnowProfGPT. Unlike conventional feature
importance metrics, SHAP values account for all interactions among features and do not
rely on linear assumptions.

Modified SHAP values. Because the mean residual in the SCZ is not necessarily zero,
we redefine SHAP values with respect to a zero baseline rather than the empirical mean.
This re-centering allows us to interpret each SHAP value as the direction and magnitude
by which a given feature value shifts the model toward overestimation or underestimation.
These modified SHAP values are visualized via violin plots, enabling detailed diagnostic
analysis of model behavior under specific conditions.

In contrast to correlation-based diagnostics, SHAP captures nonlinear, context-aware
feature effects [60]. Applied to the RRM, this framework reveals which footprint attributes
most strongly affect the model’s prediction errors, and under what conditions these errors
are likely to occur.

Summary. By modeling and interpreting residuals through the RRM, we evaluate:

1. Which environmental factors most strongly influence the inpainting model’s perfor-
mance, and

2. Under which conditions the model tends to systematically underpredict or overpredict
snowfall rates.

This residual modeling framework provides a robust and interpretable method for gener-
alization analysis, and serves as a key component in understanding the model’s operational
reliability and uncertainty across diverse geophysical scenarios.
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Figure 3.1: Empirical distributions sampled from a random granule of CloudSat snowfall
profiles (snowfall events only). Left: Residual distribution of snowfall-rate differences
between adjacent vertical bins, S(R + dR) − S(R), approximating the first-order local
gradient. Right: Marginal distribution of snowfall rates S(R) across all valid bins. The
left panel supports a Markov assumption by showing that local vertical changes in snowfall
rate are approximately zero-mean and narrowly distributed.
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Figure 3.2: Overview of the SnowProfGPT model architecture. The diagram shows the
core design components. For each scene, a 5-by-5 window of adjacent footprints is sampled
from a CloudSat granule. The scene is tokenized using a 3D tokenizer along the footprint
(width), variable (channel), and vertical bin dimensions. Positional encodings for width,
height, and channel are added in the same order. Each token is linearly embedded into a
vector space and transformed into Query, Key, and Value representations through multi-
head projection. The encoder applies multi-head self-attention to compute contextualized
token embeddings. The decoder uses masked self-attention to process previously predicted
snowfall tokens and applies cross-attention to incorporate encoder outputs. Tokens are
inpainted autoregressively from top to bottom and left to right. Each predicted token is
projected back into snowfall-rate space and placed into its original location via the inverse
tokenizer. The spatial window is fixed at 5-by-5. Encoder memory and decoder inputs are
dynamically updated throughout decoding.
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Figure 3.3: Overview of the SnowProfGPT training paradigm. Yellow regions represent
well-observed vertical bins in the CloudSat-observed domain (CS), located immediately
above the clutter zone (CZ). Red regions denote masked snowfall-rate bins used as au-
toregressive training targets. Pink regions represent the clutter zone, which is the focus
of reconstruction. The top panel shows the horizontal footprint sampling scheme, where
adjacent CloudSat footprints are grouped to form each scene. The middle panel shows
the vertical bin sampling strategy used to define the scene depth and mask placement.
The bottom panel illustrates how the scene is reassembled in three dimensions. The blue
pipeline indicates the sequential pretraining and fine-tuning process used in the transfer
learning scheme.
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Chapter 4

Results

In this section, we present a comprehensive evaluation of SnowProfGPT, focusing on three
primary objectives: (1) validating the Markov structure assumed in our inductive bias,
(2) assessing the accuracy of the proposed inpainting model across the SCZ, and (3) ana-
lyzing the model’s generalizability under diverse spatiophysical conditions. To benchmark
performance, we compare SnowProfGPT with a simple replication strategy that estimates
snowfall rates in the clutter zone (CZ) by copying the last reliable value immediately above
it. This replication-based approach serves as the baseline throughout our evaluation.

The baseline is not arbitrary: it reflects the default strategy implemented in CloudSat’s
official DPC data products and remains one of the most widely used methods in the
snowfall retrieval community. Thus, any improvement over this baseline carries meaningful
operational implications. If SnowProfGPT demonstrates superior performance, it suggests
that current data products relying on the replication method could be enhanced using
our inpainting approach or by future models trained using the SnowProfGPT framework
introduced in Section 3.

The benchmarking will be operated on the previously held-out test dataset processed
by the right pipeline in Figure 3.3. The overview of the sampling distribution of the test
dataset has been demonstrated in Figure 2.1 in the Data section.

4.1 Model global performance

We begin by evaluating the global accuracy of SnowProfGPT following fine-tuning, com-
pared with the baseline replication model. Figure 4.1 summarizes three key metrics: co-
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efficient of determination (R²), mean absolute error (MAE), and bias, computed over all
snowfall footprints in the SCZ in Figure 2.1.

In the left panel, SnowProfGPT demonstrates consistently higher R² values than the
baseline across all four SCZ bins. The overall global R² of the inpainting model is 50%,
compared to 35% for the baseline. Notably, for the lowest bin in the SCZ that is closest to
the clutter zone, the inpainting model achieves an R² of 28%, substantially outperforming
the baseline’s 2%. This reflects a 26 percentage point gain in explained variance for the
most challenging bin. The middle panel compares MAE across SCZ height levels. While
the inpainting model performs slightly worse than the baseline in the uppermost bins
(Bins 1 and 2), it yields significantly lower error in the lower bins (Bins 3 and 4). At the
lowest bin (Bin 4), SnowProfGPT achieves an average error of 0.160 mm/hr, compared to
0.175 mm/hr for the baseline, which is an important improvement near the surface where
accurate snowfall estimates are most critical. In the right panel, we examine bias. The
baseline model exhibits a persistent underestimation across all bins, while the inpainting
model tends to overestimate, particularly in the upper bins. However, SnowProfGPT
substantially reduces bias in the lower bins, leading to more balanced estimates near the
surface.

While the inpainting model does not fully preserve vertical smoothness in snowfall
profiles, it provides markedly more accurate predictions in the SCZ, especially in bins
closest to the surface that are considered most critical, resulting in a clear performance
advantage over the baseline.

4.2 Generalizability analysis

We now evaluate the generalizability of SnowProfGPT by analyzing its performance un-
der diverse spatial conditions and environmental contexts. As discussed in Section 3.3,
horizontal domain shift is a critical challenge in snowfall retrieval. We begin by evaluat-
ing spatial variability in the lowest bin of the SCZ, followed by surface-type analysis, and
finally perform a detailed residual-based diagnostic using the Residual Regression Model
(RRM).

4.2.1 Spatial heterogeneity of SnowProfGPT predictions

Figure 4.2 shows the mean absolute error (MAE) at each geolocation for the lowest SCZ
bin, computed only over footprints where snowfall was detected above the SCZ. Each value
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Figure 4.1: Global performance comparison between the baseline (replication) model and
the proposed inpainting model (SnowProfGPT), evaluated over snowfall footprints only.
Left: Global coefficient of determination (R²) for each height bin in the inpainted clut-
ter zone (SCZ). Middle: Global mean absolute error (MAE) in snowfall-rate prediction.
Right: Global bias (mean signed error) relative to reference snowfall rates. “Bin 1”
through “Bin 4” correspond to the four lowest bins in the SCZ, listed in descending order
from the surface. “Combined” denotes aggregate metrics across all SCZ bins.

represents the MAE aggregated within a 2-km spatial window. While both models perform
well over large areas, the baseline model exhibits a higher frequency of anomalous “spark
patches” (i.e., localized regions of extreme error) particularly across the Arctic. In contrast,
SnowProfGPT produces a smoother and more spatially coherent error field, indicating
higher robustness. Although both models degrade near topographic boundaries, likely due
to unresolved elevation mismatches in the DEM (as previously observed by Bennartz et
al., 2019), SnowProfGPT mitigates error patterns in flatter regions and reduces non-DEM-
related anomalies in polar domains.

To account for heterogeneity in local snowfall variability, we introduce a normalized
error metric, Q-sigma, defined as:

q =
ŷ − y

σlocal

where σlocal is the local standard deviation of snowfall rates estimated from the 200 nearest
neighbors in space-time. This metric is conceptually similar to a pseudo–z-score and enables
fairer comparisons across climatologically complex and homogeneous regions. Figure 4.3
shows that SnowProfGPT yields a more uniform Q-sigma field than the baseline replication
model, particularly in polar regions. High-latitude spark patches in the baseline model are
reduced or eliminated, and Q-sigma is more stable across open ocean, where snowfall vari-
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ability is inherently high. However, both models show greater sensitivity to overestimation
than underestimation, especially in transitional climate zones. This suggests a physical
discontinuity in snowfall processes between higher altitudes and the boundary layer, where
hydrometeors often dissipate before reaching the surface. An exception occurs at the high-
est latitudes, where the baseline replication model systematically underestimates snowfall,
suggesting that snowfall can intensify at lower altitudes in extreme polar conditions.

4.2.2 SnowProfGPT Performance Across Surface Types

We next compare model performance across different surface types (Fig. 4.4). Both models
perform best over ice-covered surfaces and degrade significantly over open ocean. For the
lowest SCZ bin, the baseline model yields negative R² over ocean, indicating performance
worse than a constant predictor. SnowProfGPT improves R² in this region to over 20%,
capturing more than 30% additional variability. Performance over land surfaces is interme-
diate. These results confirm that the inpainting model better handles surface-type–driven
meteorological differences that the baseline fails to resolve.

4.2.3 Interpretable Generalization Insights via SHAP and Resid-
ual Modeling

To complement our spatial and surface-type evaluations, we further assess the generaliza-
tion behavior of SnowProfGPT using the Residual Regression Model (RRM) introduced in
Section 3.5. The RRM was trained to estimate inpainting residuals based on footprint-level
attributes, enabling model-aware analysis of how external conditions influence performance.
The RRM achieves an R² of 59% on a held-out residual test set, indicating that Snow-
ProfGPT’s errors are partially predictable from external features, implying that the model
is not fully generalizable under all conditions, but degrades in structured, learnable ways.

Figure 4.5 presents SHAP-based interpretation results from the RRM. In the left panel,
we rank the footprint attributes by their estimated importance to residual prediction. The
right panel shows modified SHAP violin plots, re-centered around zero residual, to quan-
tify how individual feature values shift the model’s predictions toward overestimation or
underestimation. Across most features, the SHAP distributions are narrow and symmetric
around a positive mean close to zero, indicating that SnowProfGPT is generally stable
across footprint conditions. The small positive mean across most SHAP distributions re-
flects a consistent but slight overestimation bias in the lowest SCZ bin, consistent with the
global bias observed in Fig. 4.1.
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Top driver: Hydrometeor layer top height. The most influential attribute is the top
height of the lowest detected hydrometeor layer. SHAP values are tightly concentrated but
positive on average, suggesting that profiles with deeper (i.e., less shallow) hydrometeor
columns tend to be modestly overestimated. While no strong directional trend is observed,
the dominance of deeper profiles in the dataset likely drives this slight upward bias.

Latitude and horizontal domain shift. Latitude is the second most influential fac-
tor. Although its SHAP distribution is roughly symmetric, a clear right-tailed signature
indicates that the model significantly overestimates snowfall in some low-latitude regions.
This suggests a limitation in generalizing to equatorial climates, potentially due to sparser
CloudSat sampling in these zones and the lack of explicit latitude encoding in the model
inputs. At high latitudes, the model also tends to overestimate, but to a much lesser
degree. These results are consistent with the spatial residual maps, where overestimation
anomalies frequently occur in mid-latitude regions. Through the RRM and SHAP frame-
work, we verify that spatial heterogeneity (especially latitude) is indeed one of the top two
most influential factors affecting SnowProfGPT’s performance.

Vertical prediction bin height. Bin height ranks third in influence but is significantly
less important than the top two. Its SHAP distribution is symmetric, with only a slight
overestimation trend at higher altitude bins. This result suggests that the model does not
exhibit strong bias across vertical levels within the SCZ, but SnowProfGPT most frequently
overestimates snowfall intensities at higher altitudes.

Surface type, backscatter, and wind speed. Surface type, surface radar backscat-
ter, and surface-layer wind speed rank next in importance but are all substantially less
influential than the top three predictors. Their SHAP distributions are unimodal, tightly
concentrated around zero, and show no directional dependence, suggesting that Snow-
ProfGPT is robust to variations in clutter-prone conditions and low-level meteorological
forcing. Although surface type and radar backscatter are often cited as key challenges in
satellite-based snowfall retrieval, the model appears to have learned stable relationships
that generalize across these factors, at least within the SCZ. The success may be attributed
to the model’s exposure to a broad range of surface types and horizontal-wind conditions
during pretraining: diversity that is preserved even after fine-tuning and likely contributes
to its stability across these dimensions.

Local time features. Time-related features, including local hour, month, season, and
day/night, rank among the least influential in the SHAP-based analysis. This is expected in
part due to CloudSat’s operational mode: during the 2016–2017 study period, the satellite
operated in Daytime-Only mode, leading to a narrow distribution of sampling times with
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minimal diurnal variability [49]. Consequently, the model had limited opportunity to learn
meaningful patterns related to day versus night or to specific hours.

Similarly, local month and season show low influence, suggesting that SnowProfGPT
is less sensitive to the time of year when a prediction is made than to other geophysical
conditions, such as surface type, latitude, or hydrometeor structure. This may reflect
the stronger predictive signal carried by spatial and environmental features compared to
seasonal or among-month ones.

An exception: Surface elevation. While surface elevation ranks low in overall im-
portance, its SHAP distribution shows a strong directional effect. Specifically, predictions
over low-altitude surfaces are more likely to underestimate, whereas predictions over higher-
elevation surfaces tend to overestimate snowfall intensity. This may reflect both genuine
climatological differences (e.g., precipitation enhancement at elevation) and varying sever-
ity of surface clutter artifacts.

Summary. This SHAP-based analysis confirms two key insights:

1. SnowProfGPT’s performance is not fully invariant to external footprint conditions;
residuals remain partially predictable across both spatial and meteorological features.

2. Despite this, the model is highly stable along most input dimensions with slight, con-
sistent overestimation bias, and only a few dimensions (notably latitude and surface
elevation) showing stratified/directional effects.

These findings reinforce the robustness of SnowProfGPT while highlighting conditions
under which performance may degrade. By modeling generalization behavior through the
RRM and interpreting it via SHAP, we provide a transparent, model-aware diagnostic for
understanding prediction uncertainty in real-world deployments.
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Figure 4.2: Spatial distribution of mean absolute error (MAE) for the inpainting model
(SnowProfGPT) and the baseline (replication) model, evaluated over snowfall footprints
in the lowest bin of the SCZ. Each point reflects the MAE within a 2-km spatial window
aggregated across time. Circled anomalies (“spark patches”) indicate regions where per-
formance degrades significantly. Results shown for polar regions only.
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Figure 4.3: Spatial distribution of Q-sigma for the inpainting and baseline models in the
lowest SCZ bin. Q-sigma normalizes residuals by local snowfall variability, highlighting
error stability across geolocations. Outliers below the 1st percentile and above the 99th
percentile are excluded for clarity.
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Figure 4.4: Comparison of model performance across surface types. Bars indicate R² for
the inpainting and baseline models in the lowest SCZ bin, stratified by surface type: open
ocean, ice, and land. Surface-type effects reflect both model sensitivity and underlying
retrieval challenges.
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Figure 4.5: Residual sensitivity analysis using the Residual Regression Model (RRM). Left:
SHAP-based feature importance ranking for footprint-level conditions impacting model
performance, based on a residual model trained to predict inpainting errors with 59% R²
on a held-out test set. Right: Adjusted SHAP violin plot showing how each attribute
influences residual directionality. SHAP values are re-centered such that zero corresponds
to no error, with positive (negative) values indicating a tendency toward overestimation
(underestimation).

58



Chapter 5

Conclusions and Discussion

This study contributes to a longstanding challenge in satellite-based snowfall retrieval: re-
constructing near-surface snowfall-rate retrievals within the clutter zone (CZ), where radar
measurements are obscured by ground clutter and surface returns. We introduce Snow-
ProfGPT, a transformer-based autoregressive inpainting model trained under a generative
pretraining (GPT) paradigm, to reconstruct snowfall-rate profiles in the CZ globally us-
ing CloudSat Cloud Profiling Radar (CPR) observations. To our knowledge, this is the
first successful application of transfer learning and autoregressive modeling for CZ snowfall
reconstruction at a global scale.

To contextualize our contribution, we first review existing approaches within the Cloud-
Sat snowfall community under a statistical learning framework. We identify domain shift,
especially across the horizontal spatial dimensions, as a core limitation that has remained
underrepresented. We also establish a theoretical foundation for snowfall-profile recon-
struction by identifying the quasi-Markov structure of vertical snowfall-rate profiles. We
show that their variation can be decomposed into motion-driven effects (governed mostly
by the physical process of snowfall) and microphysical effects (driven majorly by local
meteorological conditions), thereby informing the model’s autoregressive inductive bias,
facilitating the core designs of SnowProfGPT.

To address the lack of ground truth within the CZ for model assessment and super-
vision, we introduce a novel proxy: the Synthetic Clutter Zone (SCZ), defined as the
lowest reliable bins directly above the official CZ. SnowProfGPT is pretrained on globally
distributed CloudSat observations above the SCZ and fine-tuned using a synthetic ground-
based (GB) subset extracted near ARM Ka-band radar sites. This transfer learning frame-
work combining large-scale self-supervised learning with targeted finetuning contributes to
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the relaxation of domain shift across both vertical and horizontal dimensions by leveraging
the massive volume of high-quality observations above the CZ for the first time. This
approach may also serve as a foundation for future retrieval tasks in other geophysical
domains that lack dense reference labels but require robust generalization across the full
spatial and vertical extent of the atmosphere.

5.1 Key Contributions and Findings

Quantitative evaluation confirms substantial performance improvements over the current
CloudSat replication baseline. SnowProfGPT improves R² from 35% to 50% across all SCZ
bins and from 2% to 28% in the most critical lowest bins, capturing 26% more variability
of the snowfall intensities than the baseline replication method in those bins. It reduces
global MAE in the lowest bin by 0.015 mm/hr and debiases surface-near snowfall estimates,
which are systematically underestimated by the baseline model. These gains are especially
significant over open oceans, where SnowProfGPT recovers over 30% additional variance
compared to the baseline.

Generalizability analysis shows that SnowProfGPT performs consistently well across
surface types, particularly over ice and land, and is significantly more stable than the base-
line in polar regions. A Residual Regression Model (RRM), combined with SHAP-based
interpretation, reveals that most input features, such as wind speed, surface reflectivity,
and hydrometeor structure, have only minor, symmetric impacts on model bias. Only a few
features, such as latitude and surface elevation, show stratified or directional dependencies,
indicating predictable but limited degradation under specific conditions.

Together, these results demonstrate that SnowProfGPT achieves accurate, stable, and
interpretable near-surface snowfall reconstruction despite the lack of direct ground-truth
data in the CZ. By combining a physically grounded inductive bias with a scalable transfer
learning paradigm, it outperforms operational baselines and establishes a generalizable
framework for satellite snowfall retrieval under uncertainty.

5.2 Limitations and Future Directions

While SnowProfGPT represents a significant advancement, several limitations remain and
offer directions for future research:
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First, the SCZ used for training and evaluation is synthetic, and its effectiveness relies
on the assumption that performance in the SCZ approximates that in the true clutter zone.
Although designed as a proxy, further validation using real-world GB-CZ observations is
needed to confirm that the transferability seen in the SCZ generalizes to the genuine CZ.

Second, our study uses a single epoch of CloudSat data spanning only 18 months
(2016–2017), during which the satellite operated in Daytime-Only mode and remained in
the A-Train [49, 6]. This time span excludes among-year and orbital variability present
in other phases of the mission. Future work should incorporate the full 17-year Cloud-
Sat record and consider other missions such as EarthCARE [62], which will offer similarly
structured CPR observations, to further pretrain and evaluate SnowProfGPT across ob-
servational regimes.

Third, the model architecture, while effective, is computationally expensive due to the
quadratic cost of full attention. While this complexity may help enable the emergent
generalization seen in large autoregressive models, lightweight variants based on efficient
attention (e.g., linear attention [29]) or distilled architectures [21] could provide similar
performance with reduced resource demands. Nonetheless, maintaining a large, generalist
model such as SnowProfGPT offers long-term benefits: it behaves as an adaptive “expert”
system that can be fine-tuned to support targeted tasks and missions, and can be upgraded
and maintained through long-term sequential training.

Lastly, while we focus here on snowfall retrieval, the SnowProfGPT framework can be
extended to other atmospheric retrieval tasks involving spatially structured, partially ob-
served profiles, such as cloud microphysical or optical properties in boundary-layer clouds.
With its ability to integrate diverse meteorological inputs into a shared latent space, Snow-
ProfGPT can absorb additional data modalities and bypass traditional collocation pipelines
through learned embeddings. This opens new possibilities for end-to-end learning across
multi-source geophysical datasets, simplifying and reducing information loss through tradi-
tional manual data collocation or assimilation (e.g., over/downsampling) for data-standard
mismatching (e.g., spatio-temporal coverages/resolutions).

5.3 Closing Remarks

SnowProfGPT offers a scalable, accurate, and interpretable solution to the problem of
reconstructing snowfall rates in the radar clutter zone. It establishes a path forward for
training geophysical models under data sparsity, validates the role of large-scale pretraining
for atmospheric retrieval, and sets the foundation for future research in cluttered observa-
tional domains.
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By bridging autoregressive modeling, transfer learning, and atmospheric remote sensing,
SnowProfGPT contributes not just a new snowfall product, but a modeling paradigm ca-
pable of transforming how we reconstruct and interpret meteorological scenes from space.
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