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Abstract

Joint species distribution models (JSDMs) are central to biodiversity forecasting
and conservation decision-making. As ecological datasets grow in size, dimen-
sionality, and spatio-temporal resolution, there is a need for flexible yet scalable
JSDMs tailored to large-scale species observation data. Recent advances in masked
language modeling for text and genomics suggest a natural alternative: by treating
each species’ presence or absence as a token, and a site’s species assemblage
together with its spatio-temporal and ecological covariates as a sentence, we can
learn joint co-occurrence structure by reconstructing masked species from their
neighboring sites. We propose STEM-L a Transformer-based JSDM that frames
joint species distribution modeling as masked language modeling. By varying the
masking rate during training, a single trained model supports both purely spatio-
temporal/ecological prediction and conditioning on arbitrary subsets of observed
species for joint co-occurrence inference at a given site. On a North American but-
terfly and a global plant distribution dataset, STEM-LM performs better or on par
with other statistical and deep-learning based methods in terms of discriminative
ranking, while producing substantially better rank-calibrated occurrence proba-
bilities. Utilizing partial species observations at the same site greatly enhances
prediction performance.

1 Introduction

Understanding the distribution of species and how they interact with one another and with the
environment is central to biodiversity forecasting and to making conservation decisions. Species
distribution models (SDMs), a class of models that relate species distribution data to environmental
or ecological patterns, are useful for making such predictions [1} 2]. While early studies modeled
the relationship between a single species and environmental or ecological variables (e.g., [ 3} 41]),
incorporating multiple species through co-occurrence patterns into a "joint" species distribution
model (JSDM) often improves prediction [SH7]. However, existing JSDMs typically handle only a
handful of species or make sparsity assumptions about species co-occurrence patterns [8H11]]. Beyond
co-occurrence, accounting for the spatio-temporal structure of distributions is similarly shown to
be useful, particularly for migratory taxa and climate-driven range shifts, and numerous statistical
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works have developed spatio-temporal SDMs that explicitly model how species occurrence and
co-occurrence evolve in space and time [[12H18]].

Both biotic and abiotic ecological interactions exhibit nonlinear, complex dynamics [1} 2], making
machine learning an appealing choice for modeling them [2| [19-22]]. Early applications, such as
those based on maximum entropy [23} 24, decision tree-based models [25H27]], and shallow artificial
neural networks [28],129]], showed some promise for the use of machine learning in SDM, and complex
models have been shown to have higher predictive accuracy [30]. More recently, application of
deep neural network architectures (e.g., [2, 21} 31}, 132]) to massive species observation datasets
proved useful in making predictions of species distribution considering complex interaction not only
between species and environment but also between species in a scalable manner. However, even
with increasingly large datasets, the best models are only moderately successful at predicting species
presences for spatially separated test data [33]].

Existing work on deep-learning-based SDM has mostly focused on incorporating new modalities (e.g.,
[132] 34-42]) or using deep neural networks as a drop-in inside a parametric backbone model (e.g.,
[43H45])). A smaller set of fully neural models pushes instead on the learning problem itself: Brun et
al. [46]] scale a multispecies deep neural network ensemble to millions of citizen-science observations
with ranking-based losses, MaskSDM [47, 48] masks environmental variables to obtain variable-
subset flexibility, and CISO [49] conditions on a partial set of known species via state embeddings.
Yet none of these conditions on the communities observed at other sites in space and time, and at most
encode time or space as an input feature [19, 46,50, 51]]; existing biotic conditioning, where present,
is restricted to species at the target location, leaving the spatio-temporal structure that statistical
spatio-temporal SDMs capture explicitly outside the deep-learning framework.

In this work, along the lines of these studies, we present STEM-LM (Spatio-Temporal Ecological
Modeling via masked Language Model), a scalable Transformer [52]-based JSDM that frames joint
species distribution modeling within a masked language modeling framework [53]. STEM-LM uses
associations among species and environmental covariates, and explicitly utilizes the spatio-temporal
structure of species distributions to make presence—absence predictions. By varying the species
masking rate during training, a single trained model can support prediction based on environmental
and spatio-temporal information, and also conditioning on arbitrary subsets of observed species. To
our knowledge, STEM-LM is the first deep SDM to combine masked-species prediction with explicit
cross-attention over neighboring sites in space and time, allowing biotic conditioning to be drawn
from other observations rather than being restricted to the target site.

2 STEM-LM model
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Figure 1: Overview of the architecture of STEM-LM.

STEM-LM is an encoder-only Transformer [52]]-based joint species distribution model that predicts
the presence or absence of species at a given location and time, conditioned on other species’ states,
spatio-temporal context from nearby sites, and environmental covariates. The architecture adapts
the row self-attention and column cross-attention structure typical of alignment-based genomic
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language models (e.g., [54H560]): each row is presence—absence data for each observation at the
spatio-temporal site, and each column corresponds to a species. Species self-attention lets the target
site’s presence—absence observation (target row) attend within itself, and two parallel cross-attention
pathways bring in context from nearby source sites: in which each species (column) of the target site
attends to the source sites’ species embeddings, and an environmental pathway in which each species
attends to a small set of learned environmental-group embeddings pooled from the source sites’
environmental covariates (Fig. E]) Unlike vision Transformers [S7] or voxel-based 3D representations
(e.g., 3D CNNs [58] or video Transformers [59]]) that operate on a fixed grid, the permutation-
invariant attention [60] over irregular source sites is suited to sparse, irregularly distributed ecological
occurrence data. We use a masked language modeling [53] framework, dynamically masking a
random portion of species at the target observation, and training the model to reconstruct them.

Input data and source site sampling We assume M observations, each with spatial coordinates,
time, F/ environmental covariates, and presence—absence of S species. For each target site i, we
sample a set of IV source sites (default N = 64) whose species observations the model uses as
context. Because absolute spatial and temporal ranges of nearby sites vary across regions and seasons,
we rescale distances per target so that one target’s notion of “nearby” is comparable to another
site. Specifically, for each target 7 we first draw a pool of IV sites with probability proportional to
1/ (d?;’ + €) (e a small constant for numerical stability) and take the median spatial and temporal
distances from ¢ within this pool as local scale parameters sq,(¢) and s;, (7). We then form the

normalized spatio-temporal distance: d(i, j) = \/ (d/ ssp(i))2 + (df/ s[p(i))2, and draw N source
sites with probability proportional to 1/(d(i, j) + €). The first pool is used only for scale estimation
and discarded.

Tokenization and input encoding Each species’ state is tokenized as absent (0), present (1), or
masked (2), and mapped via a shared state embedding W, € R3*H  where H is the model’s
hidden size (default H = 256). A learned species identity embedding Wy, € R5*H is added so

that species are distinguishable regardless of state: h§0> = Wie[ys] + Wyp[s], where y, € {0,1,2}
is the tokenized state of species s. No positional encoding is used along the species axis, as
column order is arbitrary. Source-site environmental covariates are projected to R¥ and pooled
into G group embeddings (default G = 5) via GG learned group queries that cross-attend over the
projected covariates [61]], grouping correlated covariates. The target site’s own environmental vector
is separately projected through a two-layer MLP: an input layer normalization [62], a linear projection
to R a SiLU [63]] activation, a second linear map RH — RH and an output RMSNorm [64]. This
target-environmental embedding is concatenated with the G source-pooled group embeddings to
form the final environmental context C,y € R(GHxH

Main architecture The model consists of L identical layers (default L = 4), each with pre-
RMSNorm [64} 63] residual sub-blocks. Each attention sub-block uses A/2 heads (default A = 8).
Within each layer, three attention sub-blocks operate in sequence.

(1) Species self-attention. At the target site, the S species embeddings attend to one another; queries,
keys, and values are all computed from the target row, yielding per-head S x S attention maps over
species pairs. This pathway is how cross-species co-occurrence structure is captured in our model;
the spatio-temporal cross-attention below operates at the per-species level.

(2) Spatiotemporal cross-attention. For each species s, the target site token attends to that same
species’ embeddings at the NV source sites. This restriction avoids an S’ x .S x N attention tensor;
cross-species signal from neighboring sites is recovered through species self-attention and through
residual mixing across layers. Analogous to the phylogenetic distance-based inductive bias of GPN-
Star [56], attention logits are augmented with a learned per-species FIRE [66]] distance bias, computed
by passing a fixed transformation of the pairwise distance through a small learned MLP:

bs,t,n = % FIRESp(D:%) + ltEmporal . 6’8” FIREtp(D;pn),
where a, 5 are learned per-species log-scales (initialized to zero), and FIRE(d) = MLP(¢(d)),

where each MLP is a one-hidden-layer MLP of width Hpigrg (default 32) with SiLU activation and
scalar output. The fixed transformations s, @, are built from a log-monotone scalar ¢ 4,,,. (d) =
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log(ed + 1)/ log(cdmax + 1), with diyax the maximum pairwise distance in the dataset:

¢Sp (d) = wcsp,dffax (d) € ]Ra
Pip(d) = (z/JCtp_’d;;:ax (d), cos(wid),sin(wid), . .., cos(wxd), sin(wgd)) € R,

where cqp, ¢ip > 0, wy, and the MLP weights are learnable. The wy, are initialized at ecologically
meaningful periods (annual, semi-annual), and the MLP weights acting on the sin / cos components
of ¢y, are initialized to zero. When the model is configured as purely spatial, the temporal term is
dropped.

(3) Environmental cross-attention. In parallel, each target species attends to the G+1 environmental
context embeddings (C.,,). Because queries carry species identity, different species attend to
environmental embeddings with different weights, learning species-specific habitat preferences
implicitly.

The two cross-attention outputs are summed and added to the residual stream after a shared pre-
RMSNorm on the species-self-attention output. Each layer concludes with a SwiGLU [67] feed-
forward network of intermediate size F' (default F' = 2H).

(4) Prediction head. To let the model learn an idiosyncratic linear response to the environment for
each species beyond what the shared cross-attention captures, after L layers, the target-row hidden
states are projected to per-species logits by a linear head augmented with a parallel per-species
environmental head: e AB + by,, where e € RF is the target site’s raw environmental vector,
A € REX" and B € R"*5 form a low-rank factorization (default » = 8, A zero-initialized), and
by, € RS is a per-species bias.

Masking and data splits For each target row, a fraction p of species is selected uniformly at random
and replaced with the mask token. p can be a fixed scalar, or sampled per target from Uniform[0, 1]
so that a single model learns to predict from any degree of partial observation. We split observations
into training/validation/test sets (80/10/10 by default) via spatial blocking [68] to prevent spatial
autocorrelation from inflating held-out performance. For geographic coordinates, entire cells of
Uber’s H3 hexagonal grid [69] at resolution 2 (~158 km edge hexagon) are assigned to a single split.
We do not additionally apply temporal blocking: H3 spatial blocking already ensures that no site
appears in both train and test, regardless of year, eliminating the dominant source of observation-level
leakage.

Training The model minimizes sigmoid focal loss [70} [71] (v = 2.0, a = 0.25 following the
suggestion of [[70,[71]]), to counter the heavy class imbalance between presence and absence labels.
We optimize with AdamW [72} [73] (learning rate 10~%, weight decay 0.01 applied to linear weights
only; biases, normalization layers, and per-species log-scales are excluded from decay) and cosine
annealing [[74]] decaying to Nmin = 106, with specified batch size, gradient clipping [[75] at norm
1.0, and dropout [76] of 0.1. At each epoch, we evaluate the validation split under four masking
probabilities p € {0.25,0.5,0.75, 1.0} and save the model maximizing per-species AUROC averaged
across species and across the four p (instead of AUPRC, following the suggestion of McDermott et al.
[77]), so that selection is not biased toward any single deployment regime. The model is implemented
in PyTorch [[78].

Inference We report mean per-species AUROC, continuous Boyce index (CBI) [79] 80]], and
expected calibration error (ECE) [81]] on the test split. We mainly focus on AUROC and CBI metrics:
AUROC measures discrimination and is the standard ranking metric; CBI is the rank-calibration metric
widely used in ecology, testing whether predicted-to-expected presence ratios increase monotonically
with the predicted score. Note that “calibration” here means rank-monotonicity, not absolute-
probability accuracy.

Metrics are computed under two masking schemes evaluated separately. The first matches training: a
fraction p € {0.25,0.5,0.75, 1.0} of species is masked uniformly at random. The second simulates
presence-only deployment: all absences are masked, plus a fraction p of presences. Predictions at
each p are averaged over K = 10 passes that share the masking pattern but resample source sites.
Because focal-loss training distorts the absolute logit scale, we optionally apply post-hoc temperature
scaling [82], which divides the logits by a single positive scalar 7 fit on validation data at p=1.00
by maximizing log likelihood, and applied at every test p. We fit a single 7™ at p=1.00 rather than
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per-p, since at lower p, the deployment-time masking rate is usually unknown. Temperature scaling
preserves the rank ordering of predictions and rescales the sigmoid output to better match empirical
positive rates, substantially reducing ECE, which measures the absolute gap between predicted
probabilities and observed positive rates.

3 Experiments & benchmarks

3.1 Dataset preparation

We used two publicly available species distribution datasets: the fully spatio-temporal eButterfly [83]
(accessed via GBIH)), covering continental North America from 2011-2025 with S=173 butterfly
species across 17,077 complete checklists, and the spatial-only sPlotOpen [84] (v. 2.0), covering the
globe with S=1,201 plant species across 95,104 vegetation plots and treated as temporally static given
the slow dynamics of broad-scale plant distributions. Both were augmented with climatic/phenological
(ERA5-Land [85]] daily 2 m air temperature and total precipitation, and MOD13Q1 [86] NDVI and
EVI for eButterfly; WorldClim [87]] v. 2.1 for sPlotOpen), pedologic (SoilGrids [88] v. 2.0) and
elevation (Copernicus GLO-30 DEM [89] [90]) variables. Full preparation details are in Appendix [A]

3.2 Benchmarking and ablation study

We benchmarked STEM-LM against widely used statistical SDM baseline models: logistic regression
[91], Maxnet [92]], and generalized additive model (GAM) [93] as well as two deep-learning-based
SDMs: MaskSDM [47, 48] and CISO [49]. Logistic and GAM are each fit per species in three
variants: environment-only (subscript env), spatial(-temporal) coordinates only (st on eButterfly, s
on sPlotOpen), and both combined (full); Maxnet uses environmental covariates only by design (full
specifications in Appendix[B). The main STEM-LM run uses the default architecture, training, and
inference configuration of Sec. @ L = 4 layers with A = 8 attention heads, hidden size H = 256,
N = 64 source sites, G = 5 environmental groups, low-rank per-species head r = 8, and the default
training hyperparameters (p ~ Uniform|0, 1], focal loss v = 2.0, @ = 0.25). On eButterfly, the FIRE
temporal periods were initialized at {365, 182, 122,91} days, providing a flexible basis of annual and
sub-annual harmonics that can capture diverse ecological cycles across species; on sPlotOpen, the
temporal cross-attention pathway was disabled. Each dataset was trained for 100 epochs (eButterfly)
or 50 epochs (sPlotOpen) with a batch size of 128 and bfloat16 mixed precision (per-run compute
usage is summarized in Appendix [C). All methods used the same training, validation, and test
splits. All deep-learning methods were run on three random seeds, and the mean across seeds is
reported. STEM-LM at the default configuration has ~3.5 M parameters on eButterfly and ~3.8 M
on sPlotOpen.

We conducted an ablation study on the eButterfly dataset to assess the contribution of each cross-
attention component, evaluating three variants against the full model: (a) no spatio-temporal cross-
attention (no_st), in which the target site does not attend to neighboring source sites; (b) no envi-
ronmental cross-attention (no_env), in which the model has no access to environmental covariates;
and (c) species self-attention only (no_st_env), where both cross-attention modules are removed
and the model relies solely on co-occurrence patterns among observed species at the target site. We
additionally ablate the number of source sites N sampled per target, comparing N € {32, 64,128} to
identify a good trade-off between predictive performance and computational cost. We also explored
the effect of the type of loss function used. Focal loss can be viewed as a binary cross-entropy (BCE)
loss that up-weights rare positive examples through a focusing parameter v, encouraging the model
to concentrate on hard, infrequent species. To assess this design choice, we conducted an additional
ablation comparing the two losses: focal and BCE loss, on the full model with otherwise identical
training and evaluation settings for both eButterfly and sPlotOpen datasets. All runs use the default
architecture, training, and inference configuration of Sec. E}

3.3 Results

Ablation: cross-attention heads Following our model selection criterion, we report test AUROC
across masking rates in Table E] (left). The full model achieves the highest test AUROC across

Zhttps://www.gbif .org/dataset/cf3bdc30-370c-48d3-8££f-b587a39d72d6} accessed 04/13/2026
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all masking rates. Removing the spatio-temporal cross-attention (no_st) produces a particularly
steep degradation as the masking rate increases, dropping from 0.880 at p=0.25 to 0.803 at p=1.00.
Removing the environmental cross-attention (no_env) leads to a smaller but consistent drop in AU-
ROC as masking proportion increases. When both cross-attention heads are removed (no_st_env),
performance collapses substantially, with mean AUROC falling to 0.745 and AUROC at p=1.00
dropping to 0.500 (i.e., random) as expected, since the model has no information about the target site.
Together these results show that both cross-attention components are essential to the model.

Table 1: eButterfly ablations: test AUROC by masking rate p (mean =+ std). Left: cross-attention
head ablation. Right: source-site count /V ablation.

Cross-attention heads Source-site count NV
p=0.25 0.50 0.75 1.00 N p=0.25 0.50 0.75 1.00
Full 0.891+£0.006 0.891+0.002 0.884+0.001 0.868+0.002 32 0.888£0.007 0.888+0.002 0.880+0.002 0.861+0.003
no_st 0.880+0.004 0.87240.003 0.853+0.003 0.803+0.006 64 (default) 0.89140.006 0.891£0.002 0.88440.001 0.868+0.002
no_env 0.886+0.003 0.888+0.003 0.880+0.002 0.861+£0.004 128 0.893+£0.005 0.892+0.002 0.886+0.001 0.870+0.001

no_st_env 0.855+0.003 0.83910.006 0.78640.008 0.500-£0.000

Ablation: source-site count Increasing N from 64 to 128 yields the highest test AUROC at every
masking rate (Table[T] right), but the improvement over our default of N' = 64 is marginal (4+0.001
to +0.002 AUROC) and within seed variance, while source-site aggregation takes roughly 1.5x%
more computation time due to the cross-attention structure. Reducing to N = 32 lowers AUROC by
0.003-0.007 relative to N = 64. We therefore set N = 64 as the default in our main experiments.

Table 2: Rarity-stratified per-species AUROC and CBI on eButterfly at p=1.00. Quartiles are over
species sorted by training-set presence count; Q1 = rarest (counts: 21-116 / 120-211 / 212-475
[ 486-4274; n=44, 43,43, 43). Mean over species in each quartile; deep-learning methods report
mean=std across three seeds!’| Bold = best, underline = second-best per column.

AUROC CBI
Method Ql Q2 Q3 Q4 Ql Q2 Q3 Q4
GAM¢un 0.900 0.880 0.900 0.869 0.407 0.222 0.458 0.601
Maxnet 0.850 0.824 0.836 0.785 0.176 0.098 0.474 0.653
CISO 0.842+0.025 0.843+0.012 0.82540.009 0.733%0.013 —0.08540.112 0.183%+0.073 0.395£0.105 0.579£0.079

STEM-LM (F) 0.89840.006 0.9054-0.004 0.874+£0.005 0.803=£0.002 0.743+0.032  0.766+0.025 0.920+£0.025 0.9681-0.010
STEM-LM (B) 0.91010.006 0.910+0.002 0.877+0.005 0.808+0.003 0.397£0.056  0.48540.033 0.78340.038 0.861+0.036

Table 3: Test ECE and post-temperature-scaling (7'-scaled) ECE for STEM-LM, by loss and masking
rate p (mean=std, three seeds). 7 is fit on validation data at p=1.00.

Focal BCE
eButterfly sPlotOpen eButterfly sPlotOpen

p ECE T'-scaled ECE ECE T'-scaled ECE ECE T'-scaled ECE ECE T'-scaled ECE

0.25 0.07040.001 0.018+£0.001 0.02740.001 0.006£0.000  0.017£0.000 0.019+0.000 0.00540.000 0.005+0.000
0.50 0.068+0.001 0.015£0.001 0.02740.001 0.005£0.000  0.014£0.000 0.016+0.000 0.00540.000 0.004+0.000
0.75 0.06740.001 0.014+£0.001 0.02940.001 0.005£0.000  0.012£0.000 0.015+0.001 0.00440.000 0.004+0.000
1.00 0.06540.003 0.013£0.000 0.0384+0.002 0.006£0.000  0.01240.000 0.014+0.000 0.00540.000 0.005+0.000

T*=0.557+0.012 T*=0.494+0.014 T*=1.161+0.022 T*=0.985+0.027

Ablation: loss type On the eButterfly dataset, BCE achieves a marginally higher test AUROC for
the full model, with the gap of roughly 0.006-0.009 consistent across all masking rates (Table [)).
However, focal loss yields a substantially better rank-calibrated model: across all masking levels,
test CBI rises with an average improvement of 0.195, with the largest gain at p=0.25 (0.628 —
0.837; Table ). The trade-off is therefore strongly asymmetric: focal loss accepts a small loss in
discriminative ranking in exchange for a large gain in rank-calibration.

Stratifying by training-set presence count exposes how methods diverge with rarity. AUROC is
consistently elevated in the rarer quartiles and lowest in the most-common quartile in every method
(Table @: the well-known class-imbalance inflation effect for rare-positive classes [94, 93], where

4MaskSDM is omitted because per-species predictions were not retained.
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abundant easy-negative pairs inflate the rank-ordering score, so AUROC should not be over-interpreted
in rarity-stratified comparisons. CBI runs the opposite direction (lowest for rare species in every
method) and is where focal training substantively wins: in the rarest quartile (<116 presences), focal
loss-trained STEM-LM reaches CBI 0.74, nearly double both BCE-trained STEM-LM (0.40) and the
strongest baseline GAMg,); (0.41), with Maxnet (0.18) and CISO (—0.09) far below.

The trade-off also surfaces in absolute calibration: focal loss inflates uncalibrated ECE (~0.07
vs. ~0.012 for BCE; Table [3) because the same down-weighting shifts predicted probabilities
away from observed positive rates without changing their rank ordering [96]. Post-hoc temperature
scaling preserves rank ordering and substantially reduces ECE on focal-trained models, with the
post-temperature-scaling ECE (7'-scaled ECE; test ECE after dividing logits by 7™) uniformly ~5x
smaller than the uncalibrated ECE across all mask rates (Table [3). This makes focal plus temperature
scaling a better operating point than BCE when both rank discrimination and absolute calibration are
required.
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Figure 2: Predicted distribution of monarch butterfly (Danaus plexippus (Linnaeus 1758)) across
North America in 2025 at four temporal snapshots (May, July, September, November), inferred from
the full STEM-LM with focal-loss training and temperature scaling. Color encodes per-cell predicted
score (habitat suitability) on a 0.5° grid.

eButterfly Table [ reports test AUROC and CBI on the eButterfly dataset across masking rates
p € {0.25,0.50,0.75,1.00}. STEM-LM matches or marginally exceeds all baselines on AUROC
and substantially outperforms them on CBI. At p=1.00, where the model relies solely on spatio-
temporal and environmental context (matching the setting of traditional SDMs), STEM-LM (focal)
achieves AUROC 0.868 and CBI 0.860, on par with the strongest AUROC baseline GAMjy,;; (AUROC
0.872, CBI 0.392) and substantially exceeding the strongest CBI baseline Maxnet (CBI 0.526). The
partial-observation-aware deep-learning baseline CISO trails on both (AUROC 0.807, CBI 0.305).
As the masking rate decreases, STEM-LM’s advantage grows as it can exploit information regarding
pre-observed species, outperforming CISO at all masking rates in both metrics. If maximizing
discriminative ranking (AUROC) is the primary goal, STEM-LM trained with standard BCE loss
achieves the highest AUROC across all settings, at the cost of lower rank-calibration (CBI).

Using the full model trained with STEM-LM (i.e., first row of Table[T] left), we inferred the predicted
distribution of the monarch butterfly (Danaus plexippus) across North America in 2025 at four
temporal snapshots (May, July, September, and November; Figure [2). We first prepared a 0.5°
resolution grid with the same environmental variables used to train the full model, and ran inference
at each site conditioned on the observations in the full eButterfly dataset (same scenario as p = 1.0
masking), followed by post-hoc temperature scaling. Temperature scaling was performed using
the same training-validation-test split as in model training, and reduced the monarch’s test-set ECE
substantially from 0.0554 to 0.0063 (per-species ECE for this species; Table [3| reports the mean
across all species).

In May, predicted scores are uniformly low across the continent with a faint peak in Texas, a known
migratory corridor for monarchs. In July and September, the model recovers the well-known pattern
of northward expansion, with peak scores concentrated over the Midwest, a well-known summer
breeding ground. By November, predicted scores retreat from the northern range, leaving a faint peak
in Arizona, another known migratory corridor. Notably, the model does not put strong signals to
Texas or northern Mexico, which is the main migration corridor, during the spring and fall movement
seasons; we attribute this to the absence or low density of observations in these regions in the training
dataset and revisit the implications of this bias in Section 4]
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Table 4: Test AUROC and CBI on eButterfly by masking rate p (mean =+ std). STEM-LM (F) and (B)
denote focal and BCE loss, respectively. Bold = best, underline = second-best per column.

AUROC CBI
Model p=0.25 0.50 0.75 1.00 p=0.25 0.50 0.75 1.00
Logisticty)) — — — 0.816 — — — 0.445
Logisticeny — — 0.784 — — — 0.431
Logisticst — — — 0.799 — — — 0.385
Maxnet — — — 0.810 — — — 0.526
GAMg,11 — — 0.872 — — — 0.392
GAMenv — — — 0.784 — — — 0.431
GAMgt, — — 0.868 — — — 0.434
MaskSDM — — — 0.82140.001 — — — 0.5234+0.024
CISO 0.839+£0.009 0.837£0.010 0.825+0.009 0.807+0.011  0.51040.069 0.5324+0.061 0.473+0.033 0.305+0.015

STEM-LM (F) 0.8914+0.006 0.891+0.002 0.884+0.001 0.8684-0.002 0.837+0.002 0.891£0.002 0.8851-0.006 0.860+0.013
STEM-LM (B) 0.900+0.003 0.897+0.002 0.890-+0.003 0.87440.003 0.628+0.024 0.691+0.012 0.72140.005 0.655+0.023

Table 5: Test AUROC and CBI on sPlotOpen by masking rate p (mean =+ std). STEM-LM (F) denotes
focal-loss STEM-LM. Bold = best, underline = second-best per column.

AUROC CBI
Model p=0.25 0.50 0.75 1.00 p=0.25 0.50 0.75 1.00
Logisticey,1 — — 0.892 — — — 0.200
LogistiCenv — — — 0.901 — — — 0.065
Logistics — — 0.785 — — — —0.419
Maxnet — — — 0.939 — — — 0.592
GAMy,) — — 0.930 — — — 0.328
GAMenv — — — 0.901 — — — 0.064
GAM; — — 0.908 — — — 0.468
MaskSDM — — — 0.947+0.000 — — — 0.6774+0.005
CISO 0.970+0.001 0.968+0.001 0.964+0.001 0.9444+0.001  0.696+0.004 0.697+0.010 0.695+0.009 0.513+£0.010

STEM-LM (F) 0.978+0.001 0.975+0.001 0.97040.001 0.9432£0.001 0.8641+0.010 0.899+0.005 0.90910.002 0.843-£0.006

sPlotOpen Table [5|reports test AUROC and CBI on the sPlotOpen dataset across masking rates
p € {0.25,0.50,0.75,1.00}. STEM-LM achieves the highest AUROC when partial species pres-
ence—absence information is given. The calibration advantage is even more pronounced than on
eButterfly: at p=1.00, STEM-LM (F) attains CBI 0.843, compared to 0.677 for MaskSDM (the
strongest baseline with respect to CBI) and below 0.5 for all logistic and GAM variants, some
of which produce negatively correlated CBI scores (Logistics: —0.419). At lower masking rates,
STEM-LM continues to improve on both AUROC and CBI, reaching AUROC 0.978 and CBI 0.864
at p=0.25. The pattern observed on eButterfly thus seems to generalize to a larger, spatial-only,
geographically broad, and more taxonomically diverse dataset: STEM-LM provides both the strongest
discriminative ranking and substantially better rank-calibrated occurrence probabilities than existing
species distribution models.

From partial presence-only observations to complete assemblages Citizen-science records
typically report only a handful of observed species per site without recorded absences; recovering
the full assemblage from such partial input is a practical deployment of STEM-LM. We evaluate
STEM-LM (default) under an absence-mask scheme that mimics this setting: all absences at the test
site are masked, together with a fraction p of presences (Table[6)). At p=1.00, this collapses to the
corresponding row of Tables at smaller p, the model conditions on the unmasked presences and
recovers the rest. AUROC improves as more presences are observed on both datasets (0.868 — 0.886
on eButterfly and 0.943 — 0.976 on sPlotOpen as p decreases from 1.00 to 0.25), confirming that
even sparse presence-only context carries useful biotic signal. Because typically most species are
absent at any site, p=0.75 already corresponds to only a minuscule fraction of the full species pool,
yet substantially improves over the presence-free baseline.

4 Limitations and next steps

Like many SDMs, STEM-LM assumes high-quality presence—absence input and can be biased by
imperfect detection, which degrades the performance of SDMs when unaccounted for [97H100].
Presence-only data, represented by crowd-sourced citizen-science data, is the extreme case of


https://doi.org/10.64898/2026.05.13.724718
http://creativecommons.org/licenses/by-nc/4.0/

bioRxiv preprint doi: https://doi.org/10.64898/2026.05.13.724718; this version posted May 14, 2026. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under a CC-BY-NC 4.0 International license.

Table 6: STEM-LM (default) under the presence-only evaluation scheme: a fraction p of presences
masked and 100% absence masking (mean=std).

AUROC CBI
Dataset p=0.25 0.50 0.75 1.00 p=0.25 0.50 0.75 1.00

eButterfly  0.886+0.002 0.881£0.001 0.88240.003 0.868+0.002 0.7524+0.029 0.835+0.010 0.86240.017 0.860£0.013
sPlotOpen  0.976+£0.001 0.97440.001 0.96940.001 0.943+£0.001 0.8334+0.008 0.880+0.001 0.897+0.003 0.843+0.006

imperfect detection, and is naturally cast as a single-positive multi-label (SPML) learning problem
[LO01H104], and Cole et al. [S1] have shown the framing transfers to JSDM with presence-only data.
However, SPML treats positive labels as drawn randomly, while presence-only observations are
affected by observer effort, spatial sampling bias, and species-specific detectability [50}[105-H107].
Even structured presence—absence surveys inevitably reflect observer effort and accessibility, leaving
regions and seasons critical to a species’ ecological dynamics underrepresented; the Texas—northern
Mexico monarch migration corridor being largely absent from our eButterfly training data, and
STEM-LM’s correspondingly weak signal there during the spring and fall movements (Fig.[2), is a
concrete example. A natural extension is to condition the masked-species loss on per-site, observer,
and species detectability, learned from spatio-temporal context and observer-effort covariates where
available, and to use this calibrated loss to fuse presence—absence with presence-only data during
training, similar to observer-conditional geographical-prior loss explored in Mac Aodha et al. [50].
This would be a fundamentally different objective from applying a model trained on presence—absence
survey data to partially observed, presence-only query points, as we do during our inference procedure,
and would let abundant citizen-science records fill the spatio-temporal gaps that high-effort surveys
might leave 108, [109].

One natural future direction is to project STEM-LM’s inference into future climatic scenarios to
estimate distributions decades ahead [110]]. In such a scenario, no observations exist at the proximity
of the target time, so the source-site cross-attention has no temporally proximate context, and the
current implementation of temporal FIRE basis fits a single annual cycle shape from contemporary
data that does not adapt at inference time to possible climate-driven phenological shifts. Both could
be addressed by relaxing the temporal basis to allow cross-cycle shape variation, complemented
by ecological process-based components that remain valid outside the training period [111} [112]].
Projecting back in time shares a similar challenge, but a wider range of anchor data exists. Ancient
environmental DNA (aeDNA), recovered from dated sediment samples, is a natural source of such
data. Compared to macrofossils and skeletal remains, acDNA captures a far broader range of taxa
from a single sample and includes taxa that rarely enter the fossil record, making it a suitable proxy
to study past ecological and environmental dynamics. aeDNA has been shown to capture species
occurrences and co-occurrences across past warm intervals, glacial-interglacial transitions, and other
states partially analogous to projected futures [[113}[114]. A possible refinement is to take k-mer
counts as input rather than reference-sequence-mapped taxon presence—absence calls, retaining
information that is lost when reads cannot be confidently assigned to known taxa.

5 Conclusion

We proposed STEM-LM, a Transformer-based joint species distribution model that frames species
presence—absence prediction as masked language modeling, combining species self-attention at the
target site with cross-attention over neighboring sites in space and time and over environmental
covariates. By tokenizing species presence—absence and assembling each site’s assemblage with its
spatio-temporal and environmental context as a "sentence," STEM-LM brings these signals into a
single coherent framework for joint species distribution modeling. Empirically, STEM-LM matches
or exceeds baselines on AUROC and substantially improves rank-calibration (CBI) on both datasets,
with the CBI advantage particularly pronounced for rare species. Performance improves further
when partial observations are available, relevant to the biodiversity forecasting and conservation
applications motivating this work. Natural extensions include fusing presence-only citizen-science
records through observer-conditional losses, projecting under future climate scenarios, and applying
STEM-LM to ancient environmental DNA — directions that together span the spatio-temporal reach
most relevant to biodiversity monitoring and conservation under global change.
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A Dataset preparation

eButterfly We retained only structured survey protocols that permit valid absence inference: Travel-
ing Survey, Area Survey, Timed Count, Point Count, Atlas Square, Pollard Walk, and Pollard Transect,
and excluded Incidental Observation (presence-only) and Historical (no reliable date) records. The
geographic scope is continental North America extended through Mesoamerica; observations from
2011 to 2025 were retained to maintain consistent observational density. Each sampling event consti-
tutes one row, with S = 173 species (those with > 100 presences in the retained subset) encoded
as binary presence—absence, yielding M = 17,077 final checklists. Train/validation/test splits at
nominal 80/10/10 ratios were assigned via H3 spatial blocking at resolution 2 (~158 km edge, seed
42), giving 13,825/950/2,302 checklists, respectively.

For climate, we used ERAS5-Land [85] daily 2 m air temperature (min/mean/max) and total
precipitation for the observation date, lapse-rate corrected at —6.5°C km ™! using the Coperni-
cus GLO-30 DEM [_89, 90] against the model orography of the corresponding ERAS grid cell:
Tsite = TrrAs + 0.0065 (orogpras — DEMgite ). For vegetation dynamics, we used MOD13Q1
[86] NDVI and EVI (16-day composites, 250 m) from the composite nearest the observation date.
Static covariates are Copernicus GLO-30 DEM elevation and eight SoilGrids [88] v. 2.0 properties
at 0-5 cm depth (Table[7). All raster sources are sampled at the observation point and standardized
(z-scored) per dimension on the training split.

sPlotOpen sPlotOpen [84] (v. 2.0) is a global plant species occurrence dataset optimized for
macroecological analysis. We retained all records with valid coordinates and did not apply the
climate-balanced subsample filter (which downsamples the database to a climate-stratified subset) to
maximize geographic and floristic coverage. Plant distributions were treated as approximately time-
invariant; this is more defensible for broad-scale plant patterns than for animal occurrence data, where
short-term movement and seasonal dynamics dominate. Each vegetation plot constitutes one row, with
S = 1,201 species (> 300 presences in the retained subset) encoded as binary presence—absence,
yielding M = 95,104 final plots spanning all inhabited continents. The same H3 resolution-2
spatial blocking with 80/10/10 split ratios (seed 42) was used, giving 76,699/8,636/9,769 plots,
respectively.

For environmental covariates, we used the 19 standard WorldClim [87] v. 2.1 bioclimatic variables,
together with the same Copernicus GLO-30 DEM elevation and eight SoilGrids v. 2.0 properties used
in eButterfly (Table[7). Covariates are standardized (z-scored) per dimension on the training split.

Table 7: Summary of environmental covariates used.

Source Variables Resolution Dataset

ERAS5-Land [85]] 2 m air temperature (t2m; min/mean/max), total precipitation 0.1° (~9 km), daily eButterfly
(tp)

MOD13Q1 [86] NDVI (Normalized Difference Vegetation Index), EVI (En- 250 m, 16-day composite eButterfly

hanced Vegetation Index)
WorldClim 2.1 [87] 19 bioclimatic variables: 11 temperature-derived (biol-bio11; 30 arc-second (~1km)  sPlotOpen
annual / seasonal / extreme means) and 8 precipitation-derived
(bio12-bio19; annual sum, seasonality, quarterly extremes)
SoilGrids 2.0 [88] bdod (bulk density), cec (cation exchange capacity), cfvo 250 m both
(coarse-fragment volume), clay / sand / silt (texture frac-
tions), nitrogen (total N), phh2o (pH in H20); all at 0-5 cm
depth
Copernicus GLO-30 Elevation (dem) 30 m both
DEM [1891190]

B Benchmark model specifications

Logistic regression A generalized linear model (GLM) with a logistic link [91]] was used as a basic
single-species benchmark with either (a) only environmental covariates (Logistice,y ), (b) latitude,
longitude, an interaction between latitude and longitude, and (if applicable) a Fourier basis on day
of year (Logisticg), or (c) all of the above (Logisticg,;;). The Fourier basis comprised sine and
cosine encodings at periods of 365, 182, 122, and 91 days, matching the temporal Fourier basis used
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by STEM-LM. Models were fit in R [115] via stats: :glm with family = binomial(link =
"logit") and a maximum of 200 IRLS iterations; no regularization was applied. Models were run
separately for each species, and benchmark metrics were averaged across species.

Maxnet Maxnet [92] (an R reimplementation of the popular niche modelling software Maxent [23|
24| as a regularized GLM) was used to fit flexible models with environmental covariates only. The
regularization multiplier (regmult) was tuned over the grid {1, 2,4, 6, 8,10, 12, 16, 20, 24, 32} by
maximizing the mean validation AUROC across a random subset of 20 species (seed 42); the selected
value was applied uniformly to all species. Feature transformations (linear, quadratic, hinge, product)
are auto-selected by Maxnet based on each species’ presence count, following the package defaults.
Models were run separately for each species, and benchmark metrics were averaged across species.

GAM A generalized additive model (GAM) [93] was fit with mgcv: :bam [L16] (v. 1.9.1, discrete
= TRUE for fast big-data fitting, REML smoothness selection) as a stronger non-linear single-species
baseline with either (a) only environmental covariates entered linearly (GAMenV)E] (b) latitude and
longitude entered through a two-dimensional thin-plate smooth s(lat, lon, k=50) together with (if
applicable) day of year through a cyclic cubic regression smooth s(doy, bs=cc, k=12) (GAM,), or
(c) all of the above combined: linear environmental covariates plus the spatial and temporal smooths
(GAMgyn). All variants use the binomial logit link. Models were run separately for each species, and
benchmark metrics were averaged across species.

MaskSDM MaskSDM [47, /48] is a deep-learning SDM that tokenizes each environmental covariate
and applies a Transformer encoder over the resulting feature tokens, with a learned mask token
replacing a random subset of features during training so that the model learns to predict from any
subset of available predictors. Per-species presence probabilities are output by a single shared
linear head on the pooled token representation. We trained MaskSDM on the same train split
with the upstream-default FT-Transformer configuration (dpiqden=192, 7 blocks, 8 attention heads,
dropout 0.1) for 1,000 epochs at batch size 256 with the upstream default optimizer and learning rate,
and a weighted-BCE loss using species inverse-frequency weights. Inference was performed with all
environmental features available (analogous to STEM-LM’s p=1.0 evaluation). The best checkpoint
was selected by validation AUROC, and benchmark metrics were averaged across species over three
random seeds (1337, 1338, 1339).

CISO CISO [49] is a deep-learning SDM that conditions species predictions on partial observations
of other species at the same site: each species token carries a learned state embedding (presence,
absence, or unknown), and a Transformer over species tokens is fed the environmental covariates
through a SimpleMLP backbone. We trained CISO on the same train split with the upstream-default
architecture (dniqden =256, partial-label quantization disabled so labels remain binary) for 100 epochs
(eButterfly) or 50 epochs (sPlotOpen) at batch size 64 and learning rate 10~3, then benchmarked
it at evaluation masking levels p € {0.25,0.5,0.75,1.0} to mirror STEM-LM’s random-masking
evaluation, where p is the fraction of species masked. The best checkpoint was selected by validation
AUROC, and benchmark metrics were averaged across species at each p over three random seeds
(1337, 1338, 1339).

5Since the env-only variant has no continuous coordinate to smooth over, it is fit with stats : : glm rather than bam and is
structurally identical to Logisticeny -
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C Compute usage

Table 8: GPU compute usage

Run Seed GPU Platform Time (h:m)
eButterfly BCE loss
ebut_bce 41 1x NVIDIA A40 (46 GB) UC Berkeley Savio 1:48
ebut_bce 42,43 1x NVIDIA A5000 (24 GB) each UC Berkeley Savio  ~1:44 each
eButterfly ablation
full 42 1x NVIDIA A5000 (24 GB) UC Berkeley Savio 1:41
no_st 42 1x NVIDIA A5000 (24 GB) UC Berkeley Savio 1:03
no_env 42 1x NVIDIA A40 (46 GB) UC Berkeley Savio 1:53
no_st_env 42 1x NVIDIA A40 (46 GB) UC Berkeley Savio 1:08
full 41,43 1x NVIDIA A100 (40 GB) each Google Colab ~1:48 each
no_st 41,43 1x NVIDIA A100 (40 GB) each Google Colab ~1:23 each
no_env 41,43 1x NVIDIA A100 (40 GB) each Google Colab ~1:46 each
no_st_env 41,43 1x NVIDIA A100 (40 GB) each Google Colab ~1:20 each

32 sites 41,42,43 1 x NVIDIA A100 (40 GB) each Google Colab ~1:41 each
128 sites 41,42.,43 1x NVIDIA A100 (40 GB) each Google Colab ~2:31 each

sPlotOpen
splot_focal 41,42,43 1x NVIDIA A100 (80 GB) each Google Colab ~27:36 each
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