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Abstract

Spatio-temporal graph neural networks (STGNNSs) achieve strong
average-case accuracy for station-level weather forecasting. Two
things stay untested: their behaviour on the extreme events that
symmetric training losses smooth away, and how far ahead their
forecasts remain skillful. We benchmark MTGODE—a continuous-
time neural-ODE STGNN and, to our knowledge, the first used for
weather forecasting—against STGODE, AGCRN, and CLCRN, cross-
ing the spatial prior (learned versus geometric) with the temporal
formulation (discrete versus continuous) in a 2x2 design over 32
South African Weather Service stations (2016-2025). Evaluation
spans 48-hour regression, stratified by extremes, and extreme-event
detection under calendar- and hour-relative percentile labels. MT-
GODE attains the lowest error on three of four variables and is
inseparable from CLCRN on surface pressure, though the advan-
tage is short-lived, the four architectures converging by two days.
Neither axis helps alone: the interaction dominates—continuous
time helps with a learned adaptive graph and hurts with a geo-
metric one. All four models smooth the tails, degrading by up to
a factor of 3.5 on extreme hours, and the model most accurate on
average is not the most accurate on extremes—so mean error is the
wrong criterion for selecting an extreme-event forecaster. The most
accurate model is also among the cheapest, at 138,096 parameters
against 1,663,104 for the weakest.
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1 Introduction

Weather forecasting underpins planning in agriculture, water man-
agement, energy, and disaster preparedness, and it is the extremes
that carry the cost: the April 2022 KwaZulu-Natal floods killed 459
people and were the most catastrophic natural disaster yet recorded
in the province [12], while heatwaves recur over the northern in-
terior at a frequency projected to rise [17]. Short-range forecasts
are consequential for the region precisely because they are what
warning decisions rest on. The system being forecast is dynamic
and chaotic, and the spatial and temporal dependencies that drive

it are seldom directly observable [7]. Operational forecasting re-
mains dominated by numerical weather prediction, while classi-
cal statistical approaches treat the problem as multivariate time-
series prediction. Deep learning has challenged both over the past
decade, but its most common architectures model temporal struc-
ture while neglecting the spatial dependencies between observation
sites. Spatio-Temporal Graph Neural Networks (STGNNs) close this
gap by representing each weather station as a node in a graph
whose weighted edges express the strength of inter-station depen-
dencies: a node captures the local dynamics at one location, and the
graph structure captures the global dynamics of the system [7, 9].

Two prior studies form a direct lineage for STGNN weather
prediction on South African station data: Davidson and Moodley [7]
established STGNN viability at 21 stations, and Gaibie et al. [9]
extended the comparison to AGCRN [4] and CLCRN [15] at 45
stations, contributing the hyperparameter optimisation protocol
this study builds on (Section 2.2). The lineage shares three limits
that motivate the present study: every model evaluated is discrete-
time, evaluation stops at 24 hours, and extreme weather events are
not a prediction target in either study.

Neural ordinary differential equations [6] replace discrete lay-
ers with a continuously integrated vector field, applied to spatio-
temporal graphs by STGODE [8] and MTGODE [14] (Section 2.4).
To the best of our knowledge, MTGODE has not previously been ap-
plied to meteorological forecasting, and no continuous-time graph
model has been evaluated on an irregular meteorological station
network.

We cross the two properties that separate the four models above:
the spatial prior (a learned adaptive graph versus a geometric con-
struction from station coordinates) and the temporal formulation
(discrete recurrence versus a continuous-time neural ODE). AGCRN,
CLCRN, MTGODE, and STGODE instantiate the four cells of this
2x2 design. All four are evaluated on a 32-station South African
Weather Service (SAWS) network spanning 2016-2025 at hourly res-
olution, in two phases. Phase 1 is 48-hour regression on the lineage’s
four target variables, evaluated at six horizons by truncation of the
direct forecast, doubling the 24-hour ceiling of prior work. Phase 2
is extreme-event detection under calendar- and hour-relative 95th-
percentile labels that extend the ETCCDI convention [37] to hourly
resolution, with pre-registered naive baselines and decision rules.
Every model runs through one benchmarking pipeline, Weather-
FLOW, sharing preprocessing, splits, loss, training harness, seeds,
and evaluation (Section 3.3). This paper covers the continuous-time
workstream and the shared framework within a three-member
project; the AGCRN and CLCRN baselines are common across the
team’s papers.
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This study evaluates whether continuous-time STGNNs improve
weather prediction on South African station data relative to estab-
lished discrete-time baselines, and how they behave outside average
conditions. We expect a continuous-time formulation to reduce fore-
cast error relative to discrete recurrence, but not independently of
the spatial prior: because a learned adaptive graph and a continuous
vector field impose comparable degrees of flexibility, the benefit of
either may depend on the other. We further expect that accuracy on
extreme observations, the horizon over which a forecast remains
valid, and the cost in parameters and inference time of attaining
that accuracy each rank the architectures differently from mean
error, so that no single criterion selects the same model; and we
treat the stability of any such ranking under reinitialisation as a
quantity to be measured rather than assumed.

The contributions of this paper are as follows:

(1) To the best of our knowledge, the first application of MT-
GODE — and of learned-adaptive-graph neural ODEs gener-
ally — to meteorological forecasting, on an irregular station
network.

(2) A 2x2 comparison of spatial prior against temporal formula-
tion on South African station data under a single pipeline,
extending the Davidson-Gaibie lineage to 48-hour horizons.

(3) An extreme-event detection formulation that extends ETC-
CDI percentile indices to hourly resolution through calendar-
and hour-relative thresholds, with pre-registered naive base-
lines and decision rules, removing by construction the calen-
dar signal that static thresholds concede to any climatology-
aware classifier.

(4) WeatherFLOW, a reproducible benchmarking framework
that integrates four STGNN families under a single training
and evaluation harness, with implementation-fidelity audits
reported in Section 3.

The remainder of this paper is organised as follows. Section 2
reviews the problem formulation, the four architectures, and the
extreme-event detection literature; Section 3 describes the experi-
mental design; Section 4 presents the results and analysis; Section 5
discusses the findings and concludes; and Section 6 addresses limi-
tations and future work.

2 Background and Related Work

2.1 Problem Formulation

Following Davidson and Moodley [7], we represent the station
network as a weighted graph G = (V, E, A), where each of the N =
|[V| nodes is a weather station, edges connect stations that influence
one another, and the weight matrix A € RN*N encodes the strength
of these dependencies. At each hour t the network produces an
observation matrix X; € RV*P over the D = 6 measured variables,
and a length-w input window is written X;_ 41

Phase 1 is deterministic multi-step regression. For a designated
target variable v, a model fp maps the input window and the graph
to a joint forecast over all stations and the next H hours,

Yt‘#—l:t‘+H = f@ (Xt—w+1:t’ G) 5 Y € RHXN’ (1)
with w = 12 and H = 48 in this study. Each experiment predicts

one target variable while receiving all six variables as input, the
univariate-target regime of Gaibie et al. [9].
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Phase 2 is extreme-event detection. For label variable v, station
n, and horizon step h, the ground truth is the exceedance indicator

Etsnno=1[Xeshno > Tn o d(e+h), k(t+h) | » (2)

where the threshold tensor 7 is conditioned on station, variable,
day-of-year d, and hour-of-day k, and is estimated from training
data only; its construction is specified in Section 3.2.2. The four
architectures differ precisely in how they obtain and use A — two
learn it, two construct it from station geometry — which is the first
axis of our experimental design.

2.2 STGNNs for Weather Prediction in South
Africa

Data-driven forecasting now rivals numerical weather prediction on
global reanalysis grids, but skill on extreme weather continues to lag
and requires dedicated evaluation [20]. Station-network forecasting
is a distinct regime: observations are sparse, irregularly spaced, and
locally noisy, and benchmarking in this regime has likewise been
dominated by discrete-time models: Weather2K, a benchmark over
2,130 Chinese ground stations, evaluates discrete-time sequence
and graph baselines exclusively [38].

For South Africa, two studies form the direct lineage. Davidson
and Moodley [7] evaluated Graph WaveNet [34] and the low-rank
weighted graph network of Wilson et al. [32] against LSTM and
TCN baselines for maximum-temperature prediction at 21 stations.
Graph WaveNet proved the most accurate, stable, and robust model
under walk-forward validation, and the study introduced the prac-
tice of analysing the dependency structures the trained models
learn. Gaibie et al. [9] extended the benchmark to AGCRN [4] and
CLCRN [15] at 45 stations, predicting temperature, pressure, hu-
midity, and wind speed at horizons up to 24 hours. Both newer
models outperformed Graph WaveNet, with AGCRN achieving the
best overall performance, and the study’s hyperparameter optima
on SAWS data are inherited directly by our baselines (Section 3.4).
The two studies differ in evidential strength: Davidson and Mood-
ley validate under walk-forward resampling and report over ten
independent runs per configuration, where Gaibie et al. average
three runs on a single hold-out, so the later and more extensive
benchmark rests on the weaker protocol.

A parallel strand at our institution benchmarks STGNNs on
chaotic lattice dynamics and scores them by validity horizons rather
than average error alone [18]; Section 3.5 shows how we adapt that
perspective to station weather data.

2.3 Discrete-Time Recurrent Architectures

AGCRN [4] refines a GRU whose linear mappings are replaced by
graph convolutions, and contributes two modules. Node Adaptive
Parameter Learning factorises the convolution weights into a small
per-node embedding multiplied by a shared weight pool, giving
every station node-specific parameters without scaling the parame-
ter count with the network size. Data Adaptive Graph Generation
removes the need for a predefined graph entirely: the adjacency
matrix is computed as the normalised similarity of learnable node
embeddings and is trained end-to-end with the forecasting objec-
tive, extending the self-adaptive adjacency introduced by Graph
WaveNet [34]. AGCRN was developed and evaluated on traffic
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benchmarks; in our design it occupies the learned-adaptive, discrete-
time cell.

CLCRN [15] is the only model of the four designed for meteorol-
ogy. Its conditional local convolution builds a k-nearest-neighbour
neighbourhood around each station on the sphere and generates
the kernel weights as a smooth learned function of each neigh-
bour’s local displacement, in geodesic distance and orientation, so
the convolution is anisotropic and location-aware, approximating
a continuous kernel over the Earth’s surface. The convolution is
embedded in a recurrent encoder—decoder that decodes the fore-
cast autoregressively, one step at a time; the consequences of this
asymmetry relative to the direct multi-step models are addressed in
Section 3.3. Evaluated on WeatherBench reanalysis fields [24] and
transferred to SAWS stations by Gaibie et al. [9], CLCRN occupies
the geometric, discrete-time cell.

2.4 Continuous-Time Graph ODE Architectures

Neural ordinary differential equations [6] replace a stack of residual
layers with a vector field: the hidden state is defined as the solution
of an initial-value problem dH(t)/dt = fp(H(t),t) computed by
a numerical solver, so depth becomes integration time and the
latent trajectory is continuous. On graphs, this construction permits
deep spatial propagation without the over-smoothing that degrades
stacked graph convolutions, and recent designs learn the graph
itself within the ODE [16].

STGODE [8] introduced the formulation to spatio-temporal fore-
casting. It prescribes two static graphs: a spatial adjacency from
a thresholded Gaussian kernel on inter-station distance, and a se-
mantic adjacency that binarises dynamic-time-warping distances
between node series, connecting stations whose histories share
shape regardless of location. Features then propagate through a
tensor-valued ODE that acts simultaneously on the node, tempo-
ral, and feature modes of the hidden state, with the block input
re-entering as a restart term that counteracts the over-smoothing to
which deep propagation is otherwise prone. Each block sandwiches
the ODE between temporal convolutions, with spatial and semantic
branches in parallel. STGODE was evaluated exclusively on road-
traffic corpora; here it occupies the geometric, continuous-time
cell.

MTGODE [14] targets three limitations its authors identify in
prior work: discrete architectures produce discontinuous latent tra-
jectories, stacked designs carry redundant parameters, and most
methods rely on a graph prior. A graph learner in the style of MT-
GNN [33] constructs a sparse directed adjacency from trainable
node embeddings. Temporal aggregation is itself an ODE whose
derivative is parameterised by a single shared gated temporal-
convolution block, and nested within each temporal solver step,
spatial propagation runs as a second ODE,

) _ (A~ 1)), ©

ds

the continuous generalisation of simplified graph convolution,
with an attentive readout over intermediate states. Jin et al. po-
sition their design against STGODE directly: STGODE makes graph
propagation continuous, but its temporal aggregation remains dis-
crete [14], so the two models separate cleanly along our tempo-
ral axis as well as the spatial one. MTGODE was evaluated on
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electricity-consumption, solar-power, and traffic datasets; it occu-
pies the learned-adaptive, continuous-time cell.

Continuous-time methods have begun reaching atmospheric ap-
plications, with physics-informed ODEs for weather forecasting
on regular reanalysis grids [30] and station-based air-quality mod-
elling [13, 36], but not yet on station-network weather forecasting.

2.5 Extreme-Event Detection in Machine
Learning Forecasting

Machine learning studies that target weather extremes divide by
how they define an event. The dominant convention derives thresh-
olds from climatological percentiles: the ETCCDI indices compute,
for each location and calendar day, a percentile over a moving win-
dow of days pooled across the climatological baseline, so that an
extreme is always extreme relative to what is normal for that place
and time of year [37]. A recent scoping review of machine-learning
heatwave prediction finds the same convention dominant, with
the majority of its 23 reviewed studies using percentile thresholds,
typically the 90th or 95th [3]. The same review cautions that in-
consistent event definitions limit comparability across studies, and
identifies both South Africa and spatio-temporal architectures such
as GNNs as under-represented. The operational South African defi-
nition follows the same anomaly-relative principle: SAWS declares a
heatwave when maximum temperature exceeds the hottest-month
mean maximum by five degrees Celsius for at least three consec-
utive days [17, 26]. Our labels (Section 3.2.2) extend the ETCCDI
construction to hourly resolution and adopt the anomaly-relative
principle, relaxing the multi-day duration requirement, which a
48-hour horizon cannot express.

We formulate extremes as detection rather than regression be-
cause symmetric regression losses systematically underestimate the
tails [35], whereas presence/absence classification permits imbalance-
aware weighting; the marine-heatwave literature, whose percentile-
based event definitions closely parallel ours, likewise emphasises
imbalance-aware training and recommends rare-event metrics such
as the critical success index [31]. Two alternatives do not fit this
setting: extreme-value-theoretic block maxima [10] answer distri-
butional questions rather than the per-timestep detection a forecast
horizon requires, and expert-labelled event masks [23] do not ex-
ist for South African station data. Validating forecast systems on
named historical extreme events has recent precedent [21], which
our case study follows.

Taken together, the literature leaves a specific gap: the South
African lineage validates discrete-time STGNNs up to 24 hours
without extreme-event prediction, continuous-time graph models
have never been evaluated on meteorological station networks,
and, to our knowledge, no study crosses the spatial prior with the
temporal formulation under one protocol. The design of Section 3
fills that gap.

3 Experimental Design

The design that follows is built to answer three questions: whether
a continuous-time formulation transfers to an irregular station
network, whether the spatial prior and the temporal formulation
can be assessed independently of one another, and whether average-
case accuracy predicts accuracy on extremes. Each is addressed by
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Figure 1: The WeatherFLOW experimental pipeline.

a controlled comparison across the four cells of Table 1, holding
everything outside the two design axes fixed. This section describes
the data and preprocessing pipeline, the two prediction tasks, the
four model integrations, training and hyperparameter selection,
the evaluation protocol, and the computing infrastructure. Values
inherited from prior work are cited to their sources throughout,
and every departure is disclosed where it occurs.

Figure 1 summarises the procedure end to end, and the subsec-
tions that follow expand each stage in turn.

3.1 Data and Preprocessing

The primary dataset is hourly surface-station data supplied by the
South African Weather Service. The network comprises 32 stations
spanning 1 January 2016 to 31 December 2025, giving 87,672 hourly
timesteps of six variables per station: air temperature (t2m), pre-
cipitation (tp), relative humidity (rh), wind direction (wd), wind
speed (ws), and surface pressure (sp). Stations were admitted under
Davidson and Moodley’s criterion of at most 10% overall missing-
ness [7]. The stations concentrate in the eastern half of the country
(Figure 2), so results characterise South Africa’s predominantly
summer-rainfall east rather than the winter-rainfall southwest.
Eight stations pass overall while one variable, typically pressure or
wind, exceeds 10% alone; the stricter 24-station all-variable subset
is retained as a sensitivity option. Parsing follows the SAWS export
convention that blank rainfall cells denote zero rather than miss-
ing, a convention that materially changes apparent precipitation
coverage.

The preprocessing pipeline is ordered to be leakage-safe. Raw
records are parsed to a time X station X variable array; missing
values are imputed by inverse-distance weighting over the five
nearest stations [27], with temporal fill as the fallback for regional
outages; and the record is then split chronologically 60/20/20 —
52,603, 17,534, and 17,535 hours, the test partition covering the final
fifth of the record (2024-2025) — before any statistic is computed.
After windowing at w = 12 and H = 48 this yields 52,544, 17,475,
and 17,476 samples. Extreme-event thresholds (Section 3.2.2) and
per-station, per-variable z-score normalisation are estimated on
the training partition only, and a +100 clip guards against residual
encoding artefacts.

3.2 Forecasting and Detection Tasks

3.2.1 Phase 1: multi-horizon regression. Phase 1 instantiates the
mapping of Eq. (1); targets are {t2m, sp, rh, ws}, with precipitation
and wind direction as inputs only. The input window is 12 hours,
the optimum of Gaibie’s search over {12, 24, 48, 72, 168} hours [9]
and identical to the MTGODE paper’s multi-step configuration [14].
The horizon is 48 hours, doubling the lineage’s ceiling, with results
reported at six sub-horizons h € {3, 6,9, 12, 24, 48} by truncation:
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Figure 2: The 32-station SAWS network (2016-2025), concen-
trated in the eastern half of the country.

the model’s step-h prediction is the metric for horizon h. The first
five are those of Gaibie et al.; the sixth is the endpoint of the ex-
tended horizon.

This design departs from the lineage in two respects. Davidson
and Gaibie trained a separate model per horizon; doing so here
would multiply the campaign roughly sixfold, and truncation re-
ports the per-horizon skill contained in one 48-step forecast, at the
cost that no horizon receives a dedicated training budget. Evaluation
also uses a single chronological hold-out rather than walk-forward
validation [7], with the test partition’s calendar coverage stated
explicitly. The 48-hour horizon lies beyond the lineage’s validated
regime and is read as an extrapolation finding rather than a tuned
operating point. Phase 1 comprises 4 models X 4 targets X 10 seeds
= 160 runs.

3.2.2 Phase 2: calendar-relative extreme-event detection. Phase 2
instantiates the detection task of Eq. (2) with a calendar- and hour-
relative threshold tensor,

Tnodk = Q0.95{Xt,n,u : t € Tirains

[doy(t) — dl3ss <7, |hod(t) —klsa <1}, (4)

the 95th percentile of training observations pooled over a +7-day,
+1-hour window that wraps at year and day boundaries; exceedance
is strict. This extends the ETCCDI moving calendar-window con-
vention [37] to hourly resolution, with the day window widened
from five days to seven so that our six-year baseline clears the
roughly 200 samples a stable 95th-percentile estimate requires (me-
dian cell 270; ETCCDI’s 30-year, five-day pooling yields about 150).
The window was fixed before any model training by a pre-registered
sweep over twelve candidates. Labels cover {t2m, tp, rh, ws}: wind
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Table 1: The 2 X 2 experimental design.

Spatial prior \ Temporal Discrete time ~ Continuous time (neural ODE)

Learned adaptive graph ~ AGCRN [4]
Geometric graph CLCRN [15]

MTGODE [14]
STGODE [8]

direction is circular and unsuited to exceedance labelling; pres-
sure extremes are proxies for phenomena already expressed in the
wind and humidity variables; and precipitation, unusable as an
hourly regression target on a series dominated by zeros, is precisely
the variable detection recovers. Sparse precipitation cells fall back
through a pre-registered ladder of widened pools before a global
wet-hour threshold.

Each model’s multivariate output is mapped in the adapter layer
to one logit per station, horizon step, and label variable, and trained
as a multi-label classifier with a weighted binary cross-entropy
objective whose per-variable weight pos_weight, = (1 — p,)/ps
is the ratio of negative to positive training examples. Training
positive rates are 4-5% for temperature, humidity, and wind speed
but ~0.28% for precipitation, giving a precipitation weight near 350,
some fifteen times the other variables’. The classification decision
threshold for each variable is selected on validation by maximum
F1 and frozen for test. STGODE sits out Phase 2: its univariate
output head is incompatible with the multi-label path, so the phase
compares AGCRN, CLCRN, and MTGODE over 3 models X 10 seeds
= 30 runs, for a campaign total of 190.

3.3 Models and Implementation

Table 1 summarises the design: the four architectures of Section 2
instantiate every combination of spatial prior and temporal formu-
lation. The two baselines carry direct SAWS precedent [9]; the two
continuous-time models are the studied family.

3.3.1 Benchmarking framework. WeatherFLOW follows the lay-
ered design of OpenSTL [29], separating shared data and evaluation
utilities from the model integrations above them. Upstream reposi-
tories are vendored at pinned commits and never modified; each
integration is an adapter that wraps the published code behind a
common interface for model construction, forward computation,
prediction, and parameter counting, so we run the code the original
authors released. Every model therefore shares the preprocessed
tensors, the splits, the loss, the optimiser, the seeds, and the evalua-
tion suite. A static thresholded-Gaussian adjacency on haversine
distance [7] is built for pipeline generality, but probe tests confirm
that no evaluated architecture consumes it: AGCRN and MTGODE
learn their graphs from embeddings, CLCRN builds spherical k-
nearest-neighbour neighbourhoods from coordinates, and STGODE
constructs its own spatial and semantic graphs, matching the origi-
nal implementations and Gaibie et al’s per-model handling [9].

3.3.2 Discrete-time baselines. AGCRN and CLCRN are configured
to Gaibie et al’s SAWS-45 optima, with architecture constants they
did not tune held at their published defaults [4, 15]; every value and
its source appears in Table 8. CLCRN’s autoregressive decoding
(Section 2.3), against the direct multi-step output of the other three,
is an uncontrolled protocol difference inherited from the original
architectures that plausibly disadvantages CLCRN at long horizons.
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3.3.3  Continuous-time models. MTGODE follows the paper’s multi-
step configuration [14]: Euler solvers for both ODEs with integra-
tion time 1.0 and step size 0.25, the graph-learner embedding di-
mension pinned at the paper’s 40, and the remaining values set
by hyperparameter search (Section 3.4). An external implementa-
tion audit preceded all reported runs and found three defects, each
corrected before relaunch; they are itemised in Appendix A.3.

STGODE’s two graphs (Section 2.4) are built here with the paper-
specified raw-distance kernels, with the semantic graph computed
over stations’ 24-hour diurnal profiles. The integration departs
from the released code in three respects: the raw-distance kernels
replace the released z-scored construction, which collapses to a
near-uniform graph on a fully connected haversine distance matrix
at South African scale; the training loss is the uniform harness
MAE rather than the released smooth-L1; and the optimiser is plain
Adam. All other released behaviour is retained, including single-
step explicit Euler integration over the configured span, a setting
the audit exposed as tunable (Section 3.4).

3.4 Training and Hyperparameter Selection

All models train under one harness. The objective is mean absolute
error — the training loss of the MTGODE paper and of the AGCRN
and CLCRN reference implementations — rather than Davidson and
Moodley’s MSE [7] or STGODE's released smooth-L1, adopted for
uniformity and cross-family comparability. Optimisation is Adam,
and each model uses the learning-rate schedule from its original pa-
per; early stopping has patience 15 and gradients are norm-clipped
at 5.0. Every (model, target) cell runs ten seeds {42-51} with full
seeding of Python, NumPy, and PyTorch, following Davidson and
Moodley [7], who report over ten independent runs and argue that
a configuration should be judged partly on the deviation of its
test loss across runs; the MTGODE paper likewise repeats each
experiment ten times [14].

Hyperparameter selection is asymmetric, following the three
configuration paths of Figure 1, and Table 8 gives every production
value with its source and, where searched, its space. The baselines
inherit Gaibie et al's SAWS-45 optima unchanged, with one repair:
their AGCRN learning rate of 0.01 exceeds the ceiling of Bai et al.’s
published search range and diverged on our network (best valida-
tion at epoch 1 under both loss regimes); a pre-registered single-seed
diagnostic over Bai’s range selected their published optimum of
0.003, a 42% reduction in validation MAE. The continuous-time
models have no SAWS precedent and were each tuned with Op-
tuna [2]: a tree-structured Parzen estimator (multivariate, sampler
seed 42) with median pruning over 30 trials, target t2m, minimising
validation MAE under Gaibie et al’s reduced two-training-year
protocol. Five knobs were searched per model; all winning values
and spaces appear in Table 8. MTGODE’s winner is interior on four
of five knobs; STGODE s sits at the upper bound of its grid on three,
a search-boundary observation revisited in the Discussion.

No separate confirmation stage was run between search and
production. The fixed-seed search re-sampled each winning con-
figuration multiple times and every genuine runner-up trailed by
0.002 validation MAE — two orders of magnitude below the seed
spread — and the multi-seed production campaign itself supplies
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the repeated validation. The full production configuration for ev-
ery model, with provenance and search spaces, is given in Table 8
(Appendix A.4).

3.5 Evaluation Protocol

Phase 1 reports two naive baseline models: persistence, which holds
the last observed value across the horizon, and climatology, the
training-period mean of each station and variable. Phase 2 reports
three naive baseline models: base rate — a constant predictor at
each station-variable pair’s training positive rate — persistence,
and seasonal climatology, a classifier that knows only the training
exceedance frequency of the matching calendar-hour cell. The last
is the matched opponent of the label design: under calendar-relative
labels its skill should collapse toward base rate, a pre-registered
rule treats a learned model failing to exceed it on PR-AUC as a
reportable finding, and seasonal-climatology PR-AUC above 1.15X
prevalence flags a label-pipeline defect.

Phase-1 metrics are reported per variable in physical units af-
ter de-normalisation: MAE and RMSE per horizon, NRMSE-per-
horizon curves for the horizon analysis, and a stratified report of
MAE over extreme versus non-extreme test samples under train-
derived 95th-percentile thresholds. The valid forecast horizon (VFH)
summarises predictability as the last horizon step at which NRMSE
remains at or below ¢ = 0.3, computed within the direct 48-step fore-
cast, with the grid ¢ € {0.15,0.2,0.3,0.5,0.75, 1.0} reported and cen-
soring at both ends stated explicitly. Al NRMSE is normalised by the
frozen training-split standard deviation of each station and variable
— a leakage-safe deviation from the source lineage’s test-trajectory
normalisation — so ¢ = 1.0 marks climatology-equivalent error. The
construct follows the valid-prediction-time family [11, 18, 22]; VFH
is a within-horizon metric for direct multi-step forecasts, not that
lineage’s rollout VPT, in which predictions are fed back as inputs.

A run is recorded as diverged when its best validation loss im-
proves on its first-epoch value by less than 3%; diverged runs are
retained in all reported statistics and identified in Section 4.4.

Phase-2 reporting is led by per-variable PR-AUC, with F1 at
the frozen validation-selected threshold, CSI, precision, recall, and
ROC-AUC as secondary metrics; a macro mean over the four label
variables is given as a summary only.

Prior work in this lineage reports the mean and standard devi-
ation of a metric over repeated runs and argues from the size of
the gap. We retain that reporting and add the probability of out-
performing, P(A > B) — the probability that a randomly drawn
run of model A attains lower test error than a randomly drawn
run of model B — estimated in its unpaired Mann-Whitney form
over all 10 X 10 cross-pairs, with 95% confidence intervals from
the percentile bootstrap over 20,000 resamples [5]. A comparison
separates when the lower bound of the interval exceeds 0.5, and is
meaningful when the upper bound exceeds the threshold y = 0.75
of Bouthillier et al.; overlapping intervals are reported as incon-
clusive rather than as evidence of equivalence. Per-sample VFH
values are summarised per seed before any comparison, since over-
lapping forecast windows are not independent. Computational cost
is reported as trainable parameter count and inference time per
sample.
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3.6 Ethical Considerations

The study raises no human-subjects concerns: the dataset comprises
physical measurements from automatic weather stations, with no
personal or identifying information, and was supplied by the South
African Weather Service for research use. Station identities and
coordinates are reported because they are a matter of public record
and are necessary to interpret the geographic results. Two consider-
ations do apply. The campaign consumed substantial GPU time, and
the computational profile of Appendix A.5 is reported partly so that
the cost of each architecture is visible alongside its accuracy. More
consequentially, forecasts of extreme weather carry asymmetric
risk: a missed heatwave or storm is more costly than a false alarm,
and the models evaluated here are not calibrated for operational
warning. The results are reported as a benchmark comparison and
should not be read as evidence of readiness for deployment in a
public warning system.

3.7 Experiment Infrastructure

Production runs execute on the University of Cape Town HPC clus-
ter on NVIDIA L40S GPUs, with reproducibility resting on pinned
dependencies, full seeding, and a preprocessing cache fingerprinted
over the raw files and configuration.

4 Results and Analysis

The results are presented in five parts: overall forecasting accuracy;
behaviour on extreme events; horizon degradation and forecast
validity; stability across random seeds; and the spatial prior read
against the temporal formulation. Each (model, target) cell is eval-
uated over ten random seeds and reported in physical units; the
single divergent run is treated in §4.4.

4.1 Overall Forecasting Accuracy

Table 2 reports test MAE by forecast horizon for the four archi-
tectures and the two naive baselines, in the format of Gaibie et
al. [9] extended from their 24-hour ceiling to 48 hours. MTGODE
attains the lowest horizon-averaged error on temperature, relative
humidity and wind speed, and is inseparable from CLCRN on sur-
face pressure, so neither is named lowest there. Below the leaders
the ordering follows the pairwise probabilities of §4.4 rather than
the mean column: MTGODE and CLCRN cannot be separated on
temperature or pressure, while CLCRN separates from AGCRN, and
AGCRN from STGODE, on all four variables. The mean column
alone would place CLCRN last on temperature, an artefact of one
divergent run addressed in §4.4.

Against the naive baselines the reduction in error divides sharply
by variable. Every model reaches roughly half of the better base-
line’s error on temperature and relative humidity, and about three
quarters on wind speed; surface pressure is the exception, where
the four barely improve on persistence and §4.2 takes the tail up.
Set against that gap the architectures are close: their spread is 4-6%
of the mean on the three variables where the divergent run does
not inflate it, so the architecture accounts for only a small share of
the achievable improvement over a non-learned predictor. Figure 4
shows this closeness widening at short lead and vanishing by two
days.
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Table 2: Test MAE by forecast lead (means over ten seeds);
best model per lead in bold. Per-seed spread in §4.4.

Lead AGCRN CLCRN MTGODE STGODE Pers. Clim.

t2m (°C)

3h 1.417 1.711 1.284 1.470  2.953  5.002
6h 1.730 1.983 1.640 1.864 5.168  5.002
9h 1.844 2.095 1.789 1.978 6.574  5.003
12h 1.886 2.143 1.848 1.991 7.064 5.005
24h 2.181 2.402 2.102 2.226 2.821 5.005
48h 2.713 2910 2.623 2.702 3.462 5.007
Avg 2.197 2.410 2.108 2.256 5.318 5.005
sp (hPa)

3h 2.049 1.845 1.252 1.587 1.295 7.749
6h 2.434 2.183 1.702 2.169 2.080 7.749
9h 2.753 2.467 2.219 2.557 2.493 7.749
12h 3.051 2.765 2.692 2.873 2.877 7.749
24h 4.207 3.954 4.059 4.158  4.133 7.750
48h 5.365 5.279 5.464 5.383 5.506 7.754
Avg 4.042 3.817 3.818 3.948 4.005 7.750
rh (%)

3h 6.570 6.263 6.006 6.588 11.078 19.000
6h 8.003 7.648 7.560 8.328 18.983 19.000
9h 8.619 8.244 8.243 8.964 24.111 18.998
12h 8.931 8.587 8.579 9.230 26.044 18.996
24h 10.014 9.709 9.660 10.273  12.742  18.999
48h 11.493 11.337 11.233 11.673 14.673 18.995
Avg 9.842 9.527 9.454 10.075 20.361 18.997
ws (ms™1)

3h 0.894 0.879 0.855 0.901 1.099 1.497
6h 1.037 1.004 0.989 1.061 1.550 1.497
9h 1.102 1.057 1.048 1.124 1.820 1.497
12h 1.124 1.083 1.076 1.142 1.935 1.497
24h 1.178 1.149 1.139 1.184 1.476 1.497
48h 1.227 1.213 1.203 1.227 1.558 1.497
Avg 1.149 1.120 1.110 1.157 1.721 1.497

Station difficulty is a property of the sites, not the architectures:
the four models rank the 32 stations near-identically, with per-
station error correlations of 0.98 to 1.00 on every variable. Figure 8
maps the geography. The coastal-inland contrast reverses by vari-
able — temperature and relative humidity are forecast more accu-
rately at the coast, wind speed and surface pressure less so — and
all four differences are significant.

Capacity and accuracy are not aligned. CLCRN, the smallest
model, separates from the far larger STGODE on all four variables
(.90 on temperature, Table 7), while MTGODE is second-cheapest on
both parameters and inference time. Parameter count and inference
speed do not track one another, so no ranking of the four is bought
with scale (Table ??).

These are average-case results; §4.2 asks whether the ordering
holds when conditions are not average.

4.2 Extreme Events

4.2.1 Extreme-Event Detection. Table 3 reports detection perfor-
mance per label variable as precision, recall, F1, PR-AUC and ROC-
AUC; accuracy is not reported, because at test prevalences of 0.5
to 10.7% a model that never flags an extreme already scores near-
perfect accuracy. MTGODE ranks first on PR-AUC and ROC-AUC
on every variable, tied with CLCRN on precipitation, and all four
models beat the persistence, seasonal-climatology and base-rate
baselines. ROC-AUC separates the models cleanly from those base-
lines while PR-AUC stays low in absolute terms, as expected when
the positive class is rare; relative to prevalence the models score 2.0
to 5.6 times, highest on the rarest label.
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Table 3: Extreme-event detection per label variable, means
over ten seeds; best on PR-AUC and ROC-AUC in bold.

Model P R F1  PR-AUC ROC-AUC
t2m (prevalence .065)

AGCRN 185 299 228 .167 729
CLCRN 2215 341 264 .205 769
MTGODE 243 313 273 218 780
Persistence - - .238 .106 -
Seasonal clim. — — .092 .061 —
Base rate - - - .065 .500
tp (prevalence .005)

AGCRN 044 072 .054 020 754
CLCRN 057 .087 .068 .026 794
MTGODE 055  .091 .068 .026 796
Persistence - - 041 .006 —
Seasonal clim. - - .000 .006 -
Base rate - - - .007 .500

rh (prevalence .107)

AGCRN 216 334 262 215 662
CLCRN 232 366 284 235 .696
MTGODE 250 373 299 254 716
Persistence — - 301 165 -
Seasonal clim.  — — 093 .093 —
Base rate - - - 117 .500
ws (prevalence .039)

AGCRN 119 193 147 .096 674
CLCRN 137 205 164 110 .690
MTGODE 162 226 .189 132 720
Persistence - — .156 .057 —
Seasonal clim. - - .061 .035 -
Base rate - - — .043 .500

Table 4: Seasonal-climatology PR-AUC relative to prevalence,
under static and calendar/hour-relative thresholds; 1.0 is no
skill.

Variable Static Calendar-relative A

t2m 5.98 0.93 =5.05
tp 2.44 1.30 -1.15
rh 2.57 0.87 -1.70
ws 3.08 0.90 -2.18

The label design is verified before these results are read (Ta-
ble 4). Under static per-station thresholds a classifier told only the
calendar-hour exceedance frequency scores well above chance —
up to 5.98 times prevalence on temperature, where the annual cycle
dominates — but under the calendar- and hour-relative scheme
it falls to no skill on three variables (0.87 to 0.93) and only just
above on precipitation (1.30), whose 0.47% prevalence makes even
that estimate unstable: its base-rate ROC-AUC is 0.614 rather than
the 0.50 a rate-only predictor should return. The labels therefore
concede no calendar signal, and the detection results are not an
artefact of seasonality.

The thresholded metrics tell a different story from the rank-
ing ones. At the validation-frozen decision threshold persistence
matches or beats the models on F1 on temperature and humidity,
though MTGODE leads it by 15% to 67% on the other two variables;
the models run at recall well above precision, an asymmetry a single
frozen threshold penalises. The gap is not a train-to-test prevalence
shift on humidity, where the threshold was set — validation and
test humidity prevalence are close (9.9% against 10.7%). The tail is
nonetheless non-stationary: test positive rates run about 1.6 times
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MAE:

over

Table 5: Extreme-stratified test

MAE xtreme/MAEon-extreme  (degradation), means

ten seeds.
Model t2m sp rh ws
AGCRN 377/211(1.79)  7.50/3.66(2.05)  9.97/9.82(1.02) 3.54/1.06(3.35)
CLCRN 461/2.29(2.02) 6.87/348(1.97)  9.37/9.53(0.98) 3.51/1.03(3.42)
MTGODE  4.02/2.00(2.01) 7.65/3.41(2.24)  9.54/9.44(1.01)  3.46/1.02(3.40)
STGODE ~ 4.01/2.16(1.86) 7.63/3.55(2.15) 10.24/10.04(1.02) 3.69/1.06(3.49)

)

Persistence  8.83/5.12(1.72)
Climatology 13.16/4.55(2.89)

6.74/3.79(1.78
18.30/6.58 (2.78)

18.54/20.54(0.90)
31.78/17.58(1.81)

422/1.63(2.58)
4.69/1.37 (3.41)
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the training rate on temperature and 2.8 times on humidity, which
a fixed threshold cannot follow.

4.2.2  Regression Error Under Extreme Conditions. Table 5 stratifies
test MAE by whether the observation exceeds its station’s train-
ing 95th percentile, and Figure 3 plots the degradation. How far
error grows in the tail is set by the variable, not the architecture —
steep on wind speed, moderate on temperature and pressure, and
absent on relative humidity, whose upper tail is a saturation region
bounded above, where variance compresses rather than expands.
The harder baseline also changes: climatology is the harder of the
two pooled on three variables, but persistence is harder in every tail,
because a predictor fixed at the training mean is furthest from the
observation exactly when it is extreme, and on humidity persistence
alone improves in the tail.

The pooled ordering does not survive stratification on three of
the four variables: a discrete-recurrence model holds the lowest
extreme-regime error on temperature, pressure and humidity, and
MTGODE — lowest pooled — leads the tail only on wind speed. Nei-
ther AGCRN nor CLCRN separates from the other on temperature,
yet each beats both continuous-time models there: AGCRN attains
the lower temperature extreme MAE in 90% of cross-pairs against
MTGODE and 93% against STGODE, and CLCRN in 82% and 84%,
over ten seeds. On pressure CLCRN separates from all three others.
The divergent run lifts CLCRN’s temperature cell in Table 5, so
Figure 3 plots the interquartile mean and says so. Average-case
accuracy therefore does not predict accuracy in the tail.

A named case study of the December 2024 heatwave reproduces
these findings on a single event — the tail ordering, the flattened
amplitude, and a detection recall that collapses with lead — and
is reported in full in the Supplementary Information (§A.1). That
lead-dependence motivates the horizon analysis that follows.

4.3 Horizon Degradation and Forecast Validity

Figure 4 plots test MAE against lead time. Error growth is set by
the target variable far more than by the architecture — shallow on
wind speed, steep on surface pressure — and the spread between
architectures narrows sharply with lead, from 47.3% of the mean
near the first lead to 3.5% by two days on pressure. MTGODE has
the steepest growth on every variable, so its advantage sits at short
lead and shrinks across the horizon; on pressure it leads at the
shortest leads and finishes last. Because the converged CLCRN
curve dips below MTGODE at the nine- and twelve-hour steps on
temperature, MTGODE is not lowest at every sub-horizon.

The models stay below persistence even at its diurnal minima,
where the previous day’s value is free to persistence, so they capture
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Figure 3: Extreme-hour against all-hour MAE per variable,
relative to the best cell, one marker per model; subtitles
give Table 5’s degradation range. Plotted on the interquartile
mean, so CLCRN’s temperature point is not inflated by the
divergent run.
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Figure 4: Test MAE against forecast lead for each target vari-
able, on log axes, with the persistence and climatology base-
lines; means over ten seeds. Persistence’s diurnal sawtooth
and the narrowing between architectures with lead are both
visible.
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Table 6: Valid forecast horizon (h): the last lead at which
pooled NRMSE stays at or below ¢, mean over ten seeds.

=03 =05
Model t2m/sp rh/ws t2m/sp rh/ws
AGCRN 2.0/0 1.0/0 26.2/0 52/09
CLCRN 2.6/0 1.0/0 25.6/0 6.6/1.0
MTGODE 3.0/0 1.0/0 29.2/2.6 7.0/1.0
STGODE 1.9/0 1.0/0 25.1/04 4.7/1.0
Persistence 1/0 0/0 2/3 1/1
Climatology 0/0 0/0 0/0 0/0

more than the diurnal cycle. Surface pressure is the exception at
short lead: persistence is the stronger predictor below about eight
hours, and at the first lead every model’s pressure error is 1.8 to 3.5
times persistence’s — yet all four overtake it by two days.

Table 6 reports the valid forecast horizon. At the pre-registered
& =0.3itis 0 h for every model on pressure and wind speed and 1 h
on humidity — 8 of the 16 cells sit at 0 h, since first-lead NRMSE
already exceeds the threshold there. At ¢ = 0.5 the horizon recovers
the mean-error ordering on temperature and humidity but not on
pressure, where CLCRN reaches 0 h yet ties for lowest MAE, and
persistence outlasts every model.

The architectures therefore differ most at short lead and converge
by two days, MTGODE’s lead is a short-lead phenomenon, and at
the pre-registered threshold forecast validity does not separate the
models. Whether the ordering is a property of the architectures or
of their initialisation is the question of §4.4.

4.4 Stability Across Random Seeds

Fifteen of the sixteen (model, target) regression cells are stable
under reinitialisation, with coefficients of variation of test MAE
from 0.18% to 3.02%. Surface pressure carries the highest variation
for every model, so a fixed seed budget buys the least precision
there; where the signal is strongest, as on wind speed, independent
runs converge to nearly the same error.

The sixteenth cell is the exception. On temperature CLCRN’s
seed 50 converged to the training mean: its validation loss never fell
below its first-epoch value and its test error equals the climatologi-
cal forecast’s (5.003 against 5.005 °C). The failure reproduced under
the same seed and is one run in 190; it is retained in every statistic,
after Schmidt et al. and Mosbach et al., who keep and diagnose such
runs rather than discard them [19, 25]. Its effect is not a blemish
to remove but the reliability finding itself: it inflates the cell’s stan-
dard deviation to +.912 against +.013 to .029 elsewhere and lifts its
mean by 0.29 °C, about twice the widest gap between converged
architectures (0.148 °C), and it struck the strongest-signal variable.

Read pairwise, 22 of the 24 comparisons separate at the 95%
level (Table 7); the two that do not are MTGODE against CLCRN
on temperature and pressure, so the leaders tie on those variables
while MTGODE’s lead is decisive on humidity and wind speed.
Across the 40 (target, seed) cells MTGODE takes first place in 31
and CLCRN in the other 9, and no other model leads anywhere.
The one order that inverts is AGCRN against STGODE on pressure,
which Figure 7 shows as the single point left of the reference line.
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Table 7: Probability that a random run of the first model
attains lower test MAE than the second; bold marks 95%
intervals excluding 0.5.

Comparison t2m sp rh ws

MTGODE > CLCRN  .69[43,91] .56[.28,83] .82[.61,97] .99[.94,1.0]
MTGODE > AGCRN ~ 1.0[1.0,1.0] 1.0[1.0,1.0] 1.0[1.0,1.0] 1.0[1.0,1.0]
MTGODE > STGODE 1.0[1.0,1.0] .93[.80,1.0] 1.0[1.0,1.0] 1.0[1.0,1.0]
CLCRN > AGCRN  .88[.67,1.0] .98[.91,1.0] 1.0[1.0,1.0] 1.0[1.0,1.0]
CLCRN > STGODE ~ .90[.70,1.0] .83[.63,.97] 1.0[1.0,1.0] 1.0[1.0,1.0]
AGCRN > STGODE ~ 1.0[1.0,1.0] .20[.04,.42] 1.0[1.0,1.0] .87[.65,1.0]
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Figure 5: Factorial read of the design: each panel plots a vari-
able’s four cell means against the temporal axis, one line for
the learned adaptive graph (AGCRN—MTGODE) and one for
the geometric prior (CLCRN—STGODE); the subtitle gives
the interaction. Interquartile means over ten seeds.

The bottom of the ranking is thus reproducible and the top is
not on temperature and pressure, variability tracks predictability
rather than architecture, and one run in 190 failed outright — so
the factorial reading of §4.5 is made on a robust aggregate rather
than the mean.

4.5 Spatial Prior versus Temporal Formulation

The four architectures instantiate the four cells of the design in
Table 1, and Figure 5 reads them factorially. The lines cross in every
panel: moving from a discrete to a continuous-time formulation
lowers error under a learned adaptive graph and raises it under
a geometric prior. On temperature the crossing holds under the
interquartile mean and under the converged means, and is masked
only by the divergent run in the ten-seed mean.

The interaction is negative on all four variables, from —3.28% to
—5.19% of the four-cell mean, and each panel of Figure 5 carries its
own value. It is computed from the interquartile mean [1], robust to
the outlier run, rather than the raw mean, which the divergent run
pushes positive on temperature (+1.46%); the interquartile mean
departs from the raw mean by at most 0.40% in the other cells, so it
rescales the estimator uniformly rather than excising a run. Both
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marginal effects are small by comparison, so the interaction exceeds
either axis alone on every variable.

The pattern is diagonal, not marginal: the cells pairing a learned
graph with continuous time and a geometric prior with discrete
recurrence fall below each variable’s mean, while the two crossed
pairings fall above it. That the two design axes cannot be read
independently is confounded here with differences the cells also
carry — STGODE takes a single Euler step, and CLCRN decodes
autoregressively (§3.3.3, §3.3.2) — so the effect of the temporal
formulation depends on the spatial prior for this architecture set.

5 Discussion and Conclusions

Continuous-time formulations transfer to South African station
data, but only with a learned graph. MTGODE leads on three vari-
ables and is inseparable from CLCRN on the fourth (§4.1), the first
demonstration that a continuous-time graph model works on an
irregular station network; yet STGODE is continuous-time too and
is the weakest of the four, so continuity alone does not carry the
result.

The factorial reading (§4.5) explains why: continuous time lowers
error only under a learned graph, so a claim about either design
axis is conditional on the other. This is consistent with Jin et al’s
positioning of MTGODE against STGODE on continuous temporal
aggregation [14] without isolating it, since STGODE’s cell also
differs in spatial prior, takes a single Euler step, and won its search
at the grid bound on three of five knobs — a lower bound on that
corner. And where Jin et al. report MTGODE’s edge as largest at
long horizons, here it is largest at short lead (§4.3). Continuous-
time graph formulations thus work when the graph is learned, and
neither axis can be judged without the other.

No single criterion selects one architecture. On average error, on
forecast validity at the looser threshold, and on detection ranking,
MTGODE leads (§4.1, §4.3, §4.2.1); in the tail a discrete-recurrence
model has the lower regression error on three of four variables
(§4.2.2); and capacity buys none of it, the smallest model being
competitive and the largest not (§4.1). The criteria fall into two
families — average-case skill and tail amplitude — that do not agree,
so the choice of model follows the intended use rather than a single
ranking. The pre-registered validity threshold, already exceeded at
the first lead on pressure and wind speed, is too strict to arbitrate
between them.

Outside average conditions all four architectures smooth the
tails. The stratified regression, the detection collapse at long lead
and the named heatwave agree that no model reaches the extreme
(§4.2.2, §A.1), and the case study shows the mechanism directly:
each model follows the diurnal shape but flattens its amplitude, so
error concentrates exactly where the observation is most extreme.
This is the double-penalty behaviour of a smooth predictor under
a squared-error objective [28], compounded by the scarcity of tail
samples that leaves the high quantiles under-fit [20]. The deficit
therefore sits in the training objective, not the architecture — a
squared-error loss rewards hedging toward the mean — so the
remedy is a tail-weighted or probabilistic objective rather than a
larger model. Average error does not predict tail behaviour, and
models should not be chosen on it when extremes are the target.
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Static exceedance thresholds are not comparable across variables.
Because a fixed per-station percentile absorbs a variable’s calendar
cycle, a seasonal classifier scores far above chance under it, and by
an amount that differs sharply by variable (§4.2.1) — the compa-
rability problem Ashford raises for static extreme labels [3]. The
calendar- and hour-relative scheme removes that signal, restoring
no skill on three of the four variables; precipitation, an order of
magnitude rarer, is the exception. Figure 6’s shaded bands are the
scheme in operation — the exceedance region tracking the hour
and the calendar rather than a fixed line. The design achieves com-
parability on three of four variables.

Set against the South African lineage, the accuracy results trans-
fer in scale but not in order. Gaibie et al. rank AGCRN ahead of
CLCRN on temperature, humidity and wind speed from three runs
without dispersion [9]; here CLCRN separates from AGCRN on
all four, the studies agreeing only on pressure. Several factors are
confounded — the eastern rather than Cape network, the inherited
optima, and three runs against ten seeds — and pressure is the
sharpest contrast, most predictable in Gaibie’s normalised units
but least predictable here in physical ones, because min-max nor-
malisation over a wide altitude range shrinks pressure error by
construction. Extended past the lineage’s 24-hour ceiling, the archi-
tectures converge: what transfers is the size of the differences, not
their order (§4.1).

Replication separates a reproducible ranking from a single run’s.
The bottom of the ordering is stable across seeds and the top is not
(§4.4); the one divergence in 190 would have been a third of a cell
under Gaibie’s three runs, and it flips the sign of the mean-based
temperature interaction, which is why the factorial rests on a robust
aggregate. That the failed run is a CLCRN run is consistent with
CLCRN'’s authors naming training instability an open problem of
the method [15], though one run cannot establish a rate. Site, not
graph construction, sets which stations are hard, consistent with
the coastal and inland patterns reported by Davidson and Moodley
and by Gaibie et al. [7, 9]. Reproducing a published architecture
is also not the same as running its code — an audit found three
defects in one integration (§3.3.3). A ranking should be read across
seeds, not from a single run.

6 Limitations and Future Work

Several limits bound the comparison. Evaluation uses a single
chronological hold-out rather than walk-forward validation, and
hyperparameter selection is asymmetric — inherited optima for the
baselines, a search for the continuous-time models. The network is
confined to the summer-rainfall east, and the extreme-event pic-
ture is narrower still: it rests on one named event, on single-hour
labels with no duration structure, and on a non-stationary tail that
a frozen threshold cannot track.

Each points to a step: a single architecture whose spatial prior
and temporal formulation switch independently would turn the
interaction into a controlled effect (§4.5); a tail-weighted or proba-
bilistic objective would address the smoothing every model shows
(§5); and duration-aware labels with recalibrated thresholds would
suit operational use.
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A Supplementary Information
A.1 Case Study: A Named Historical Event

The most severe temperature extreme in the test partition is the
December 2024 heatwave, for which the Weather Service issued
warnings across six provinces. It spans 129 hourly steps from 8 to
13 December, with 19 of the 32 stations in simultaneous exceedance
at its peak on 10 December. Figure 6 shows it at Makatini Research
Centre, the network’s hottest reading of the episode at 41.2 °C, with
forecasts drawn at a fixed 24-hour lead from each model’s median
seed — by test MAE for the regression models, by temperature
PR-AUC for the detection models.

Every model under-forecasts the peak, missing the Makatini
maximum by 5.1 to 7.3 °C, and none reaches the observation at any
hour; across the network they reproduce 74% to 87% of the observed
daily temperature range. Event MAE inverts the pooled ordering —
MTGODE falls from first at this horizon to third and CLCRN rises
from last to second — and splits the models by temporal formulation:
the discrete-recurrence AGCRN is more accurate during the event
than on average (a ratio of 0.93) while the continuous-time pair
is less accurate (1.16 and 1.15), with CLCRN between. Within the
event, error on exceedance hours exceeds error on the rest by 1.66
to 2.20 times, matching the 1.79 to 2.02 measured over the whole
test partition.

At its frozen threshold CLCRN recovers 76% of the network’s
exceedance hours, against 63% for AGCRN and 55% for MTGODE, at
precisions of 0.40 to 0.43, and all three rank exceedance hours above
the rest. Recall falls sharply with lead — CLCRN from 86% at short
lead to 14% at two days, AGCRN from 60% to 45%, MTGODE from
49% to 31% — the collapse that motivates §4.3. CLCRN’s network-
wide advantage rests on the loosest decision bar and saturates at the
hottest station, not on lower regression error, so ranking extremes
and forecasting their magnitude are not the same task. Stratified
error, detection and this named event agree: no model reaches the
tail.

A.2 Figures
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Figure 6: The December 2024 heatwave at Makatini, at 24-
hour lead. Top: observed temperature and each model’s fore-
cast, with hour- and calendar-relative exceedance shaded.
Bottom: each detection model’s exceedance probability and
its frozen decision threshold.
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Figure 7: Left: every run’s MAE relative to the best cell, one point per seed (190 in total), by variable and model, with the
divergent CLCRN temperature run marked. Right: the probability that a randomly drawn run of one model beats another, by
target, with 95% intervals.
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temperature (MTGODE)
coastal 1.54 vs inland 2.30 °C  (p < 0.001)

surface pressure (CLCRN)
coastal 4.23 vs inland 2.80 hPa (p = 0.004)
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Figure 8: Per-station test MAE for one model per variable, named in each panel, one marker per station on the network map;
subtitles give coastal against inland medians and a Mann-Whitney p. The four models’ per-station error ranks correlate 0.98 to
1.00, so difficulty is shared.
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A.3 MTGODE Implementation Audit

An external audit of the MTGODE integration preceded all reported
runs and corrected three defects. First, the adjoint backward pass
structurally excluded the graph learner’s parameters from gradient
flow, so the learned adjacency remained at its random initialisa-
tion and the model trained as a graph-frozen variant. Second, the
graph-learner embedding dimension had been conflated with the

CSC4002W, 2026, Cape Town, South Africa

convolutional width. Third, the spatial vector field was implemented
at half the magnitude Eq. (3) requires. No result produced before
these corrections is reported.

A.4 Production Configuration

A.5 Computational Profile
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Table 8: Production configuration per model, with provenance and search spaces (braces). Sources: G24 = Gaibie et al.; B20 = Bai
et al.;; L22 = Lin et al; J22 = Jin et al.; F21 = Fang et al.; HPO = Optuna winner.

Parameter AGCRN CLCRN MTGODE STGODE Provenance

Hidden width / RNN 64 32 64 — G24 - G24 - HPO {32, 64, 128} - upstream defaults

units

Layers 2 2 - G24 - G24 - ]22 - upstream defaults

Node-embedding 10 16 40 - B20 - L22 - J22 (pinned per audit)

dim.

Graph construction  learned spherical k-NN, k = 25; learned, top-k = 20, =3  Gaussian ¢ = 500 km, B20 - L22 - HPO {10, 13, 20} + J22 - HPO {100, 200,

(DAGG) kernel layers [4, 8]; max cutoff 500 km; DTW ¢ = 500} /{0.3, 0.5, 0.8}
view 2 0.8

Chebyshev order 2 — - - B20

Dropout — — 0.1 — HPO {0.1, 0.2, 0.3, 0.4}

ODE solver — — Euler, T = 1.0, At = 0.25 Euler, single step, span J22 + audit - HPO {3, 6, 12}

(both ODEs); CGP a = 2.0 12.0

Learning rate 0.003 0.05 6x1073 6x1073 B20 optimum (repair; §3.4) - G24 - HPO {le-4,
3e-4, le-3, 3e-3, 6e-3, le-2} - HPO {le-4, 3e-4, 1le-3,
2e-3, 3e-3, 6e-3}

Batch size 64 32 128 8 G24 - G24 - HPO {32, 64, 128} - HPO {8, 16, 32}

Epoch cap 40 40 200 200 G24 - G24 - J22 - F21
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