LD-SDM: Language-Driven Hierarchical Species Distribution Modeling

Srikumar Sastry!, Xin Xing?, Aayush Dhakal', Subash Khanal', Adeel Ahmad®, Nathan Jacobs'
'Washington University in St. Louis, ?University of Nebraska Omaha

Abstract

We focus on species distribution modeling using global-
scale presence-only data, leveraging geographical and en-
vironmental features to map species ranges, as in previous
studies. However, we innovate by integrating taxonomic
classification into our approach. Specifically, we propose
using a large language model to extract a latent represen-
tation of the taxonomic classification from a textual prompt.
This allows us to map the range of any taxonomic rank,
including unseen species, without additional supervision.
We also present a new proximity-aware evaluation metric,
suitable for evaluating species distribution models, which
addresses critical shortcomings of traditional metrics. We
evaluated our model for species range prediction, zero-shot
prediction, and geo-feature regression and found that it out-
performs several state-of-the-art models.

1. Introduction

Species distribution modeling (SDM) is a challenging
remote-sensing task that involves establishing the relation-
ship between geographical, environmental, and biophysical
conditions and species presence. The goal of SDM is to
produce large-scale range maps for species. Such maps can
then be used to develop tools for modeling habitat suitabil-
ity, predicting future distributions, etc. These tools are es-
sential for biodiversity conservation and understanding the
environmental effects of climate change [4].

Traditionally, species ranges were mapped using geo-
graphical and environmental features. The approaches were
either limited to single-species models or modeled a fixed
set of species. While the current approaches have their mer-
its, we contend they fall short in accurately representing the
inter-species relationships inherent in the taxonomic hier-
archy. For example, species belonging to the same gen-
era tend to be found in similar locations. They often share
many common characteristics, including their general habi-
tat preferences [45]. This pattern diminishes as one moves
up in the taxonomic hierarchy. To capture these complex
hierarchical relationships between the species, we use large
language models (LLMs) to encode their taxonomic in-
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Figure 1. Species Distribution Modeling using LLM Guidance.
We use text prompts in the form of key-value pairs for training our
species distribution model. This kind of prompt captures the taxo-
nomical hierarchy of species. We use only the exhaustive prompt
(d) for training while the rest are used for zero-shot predictions.

formation in text (as shown in Figure 1) in the form of
species-specific embeddings. Moreover, by leveraging the
vast knowledge of LLMs, our approach enhances the iden-
tification of rare taxa [9].

Previous approaches to SDM [14, 26, 30] tried to an-
swer the question, “Which species are likely to be found at
a given location?” However, to incorporate species-specific
rich information into SDM, it is necessary to reformulate
the SDM problem. Therefore, in this paper, we reformu-
late the SDM problem as “Which locations are likely for a
given species to be found?” Assuming uniform prior over
the species distribution [26, 30], this is an equivalent formu-
lation. But by doing so, we can now incorporate a variety of
information, including species-specific embeddings or any
other metadata, which opens up new opportunities for more
accurate modeling. Alternatively, this formulation makes it
easier to incorporate unseen species that were not present in
the training data.

Previously, SDMs were trained using environmental fea-
tures while ignoring the geographic location aspect. Re-
cently, several works showed the benefit of incorporat-
ing geographic locations in various applications includ-



ing SDM [6, 14, 42] and fine-grained image classifica-

tion [2, 12, 30]. A series of works [5, 37] proposed spherical

harmonics representation of geographic location. Inspired
by these works, we propose to use the Spherical Fourier

Neural Operators (SFNO’s) [5] as a geographical and envi-

ronmental feature extractor for SDM.

One of the principal challenges in training SDM mod-
els with presence-only data is properly evaluating the re-
sulting species distributions. One approach is to compare
to hand-crafted range maps, but such maps are difficult to
create and not widely available with sufficient quality to be
suitable. To this end, we propose a proximity-adjusted eval-
uation metric that penalizes predictions based on their dis-
tance to the closest true locations. We construct a One-Way
Probability-Weighted Chamfer Distance (PWCD) metric,
that measures the dissimilarity between the true and pre-
dicted species range maps, which is robust to small shifts.
This enables an effective evaluation of SDMs using pixel-
level range maps and crowdsourced data (where absence is
not confirmed).

The key contribution of our work are as follows:

1. We use large language models to encode taxonomic in-
formation of species, which allows mapping over any
taxonomic level.

2. We reformulate the SDM problem which enables the use
of species-specific embeddings. This allows inference
on unseen species.

3. We propose a novel proximity-aware metric for assess-
ing the performance of SDMs using pixel-level range
maps.

2. Related Works

Species distribution modeling (SDM) methods use envi-
ronmental, geographic, and species observation data to
predict species distribution across geographic space and
time [4, 17]. In this context, we restrict ourselves to species
range mapping over geographic space only. In the past,
SDM relied on hand-crafted geographic and environmental
features as input to capture the implicit spatial correlations
in data [18, 32, 47]. These approaches were limited to one
species per model due to their reliance on traditional su-
pervised learning algorithms. With advancements in deep
neural network architectures, end-to-end frameworks can
model joint species distributions and complex implicit re-
lations in data [6, 10, 14, 22, 27].

Another important aspect of SDM is the type of species
occurrence data. Species occurrence data may exist in one
of the two forms: presence-only and presence-absence.
Collecting presence-absence observations is challenging,
requiring expert surveys especially to confirm the absence
of a given species in some region [31]. However, once col-
lected, this kind of data can be easily fed into supervised
learning frameworks, without requiring sophisticated mod-

ifications [0, 11, 20, 21, 44]. With no expert knowledge,
presence-only data can be recorded when any species of
interest is encountered. This way of collecting data does
not require the data collector to confirm absences. How-
ever, since there are no negative samples, it is difficult to
use standard supervised learning frameworks [8, 10, 24].

Most recent works formulate the problem of SDM using
presence-only data as a multi-label classification task [14,
30]. Here, the goal of SDM is to predict the likelihood
of species for a given location and environmental features.
Many multi-label learning losses have been proposed in the
literature that can easily be plugged in for this task. For
instance, the AN-full (full assume negative) loss [30] ran-
domly samples locations that are assumed to be negative
during training. The ME-full (full maximum entropy) [54]
tries to maximize the entropy of predictions of negative
samples and at randomly sampled locations during train-
ing. Other losses such as ASL (asymmetric loss) [35], Hill
loss [53], and RAL (robust asymmetric loss) [34] weigh the
negative samples in a way that easy negative and potential
false negative samples are down-weighted. Cole et al. [14]
evaluated the performance of SDMs trained with losses in-
volving pseudo-negative sampling. We extend their work
by evaluating the impact of training their model with the
ASL and RAL losses.

Several studies have attempted to assess the performance
of species distribution models trained on presence-only
data [25, 32, 40, 47, 49]. They measure performance using
Kappa index, Kullback-Leibler divergence, area under the
curve (AUC), or mean average precision (MAP). However,
these metrics are inadequate in quantifying the performance
of models on pixel-level data. It is worth noting that none of
these metrics consider the spatial proximity of predictions
to their ground-truth observations, hence making them sen-
sitive to spatial shifts in predictions.

Finally, another line of work uses high-resolution satel-
lite imagery at each species occurrence location to guide
SDM methods [7, 13, 16, 28, 29, 38, 39, 43, 52]. For ex-
ample, [16, 43] uses satellite imagery and geolocation to
directly predict the likelihood over species while [38, 39]
uses a contrastive learning framework to establish similarity
between ground-level images of species and corresponding
satellite imagery. These methods are limited in geographic
scale due to the high-resolution nature of raw data [14]. Re-
cent methods such as Range [15] proposed a retrieval aug-
mented approach to learn geographic location representa-
tions using retrieved satellite imagery for a query location.
Except [16, 43], all the works view this problem as an infor-
mation retrieval task rather than a species prediction task.

3. Method

In this section, we describe our approach to hierarchical
species distribution modeling with LLMs.



3.1. Problem Definition

We consider presence-only data in the form of occurrence
records: D = {(l;,y;)|i = 1,..., N}, where [; € R? is
the geolocation of each observation and y; € [1,...,5] is
the species of the observed organism. Additionally, a set
of environmental features e; € R is included for each lo-
cation /;. Many previous studies [14, 26, 30] have tackled
the task of SDM by training a neural network to model the
conditional probability of p(y| [, e). This translates to the
problem of “How likely a species can be found at a given
location?”” However, our approach involves modeling the
probability of p(r| y,l,,e,), which answers the question
“Is it likely for a given species to be found at a given lo-
cation?” Here, r € [1,..., L] is a set of discrete locations
that are of interest when predicting the range of species be-
longing to some class. In this framework, we define the set
of locations r as a contiguous grid that is laid over the sur-
face of the globe. The variables [, and e, represent fixed
parameters in the model, namely the location vectors and
environmental features defined at each location in r respec-
tively. It is easy to see that the input y and the parameters
(I, e) can have any arbitrary representations. So, this new
formulation allows for flexible encoding of both the species
class and geographic location, compared to the previous for-
mulation which only allowed flexibility in representing the
geographic location.

3.2. Architecture Overview

Our objective is to train a neural network of the form:
fo(y;lr,e,) : R4 — [0,1]F, where d is the dimensionality
of the species feature vector. fy is composed of three mod-
ules: 1) a location encoder network f,,, 2) a species encoder
network gg, and 3) a multi-label classifier h.. See Figure 2
for a high-level architecture diagram. The location encoder
network f,, consists of convolutional feature extractors and
the Spherical Fourier Neural Operator (SFNO) [5] blocks
that take as input the fixed parameters: [, and e,.. The net-
work processes the global environmental covariates (e,.) to
extract feature maps that represent the geography of a re-
gion. To incorporate geographic location-based features,
we use sin-cos location encodings (/,-) as learnable posi-
tional encodings for the SENO blocks. The species encoder
gg is a large language model that takes as input the text de-
scriptions corresponding to a particular species of class y.
This allows for a flexible representation of species-specific
features in the form of natural language. The multi-label
classifier 1., consists of a cross-attention network that fuses
features from the SFNO and text encoder and performs
multi-label classification using a linear layer. We call our
model Language-Driven Species Distribution Model (LD-
SDM).

3.3. Species-Specific Embeddings

One of the novel contributions of this paper is incorporat-
ing natural language descriptions of species for SDM. Many
popular crowdsourcing science platforms, such as iNatural-
ist [48], contain not just occurrence records, but also valu-
able species-specific information. This information may
include the complete taxonomic hierarchy of each species
(such as class, order, family, etc.) or the [UCN red list cat-
egory (such as endangered, near threatened, etc.). While
often ignored, this fine-grained information could be incor-
porated to enhance the performance and interpretability of
SDMs. In this work, we incorporate the taxonomic hier-
archy of species into our SDM in the form of text. Each
species is uniquely identified by its taxonomic classifica-
tion ranks, which can be represented as key-value pairs. For
instance, the key-value pairs that represent the wild duck
are defined as: t = {class: Aves, order: Anseriformes, fam-
ily: Anatidae, genus: Anas, species: Anas platyrhynchos}.

Recently, Large Language Models (LLMs) have demon-
strated excellent capabilities in representing implicit knowl-
edge, linguistic structure, and hierarchical concepts when
trained on massive amounts of data [1]. With no finetun-
ing, pretrained LLMs have shown impressive zero-shot per-
formance with zero in-domain data. In this work, we use
the recently released, LLaMA-2 [46] to encode the species-
specific key-value pairs as text. We experiment with three
variants of LLaMA-2 of which the 70B model produced the
best performance.

3.4. Loss Functions

Species distribution modeling is a special case of multi-
label learning. Numerous losses for multi-label learning
have been evaluated for SDM. Depending on the formula-
tion of the SDM task, it may fall in the domain of Single
Positive Multi-Label Learning (SPML), where only a single
presence of species is known for a specific geographic
location. We describe the loss functions considered in
this work below and provide extensive experimentation to
assess their impact in Section 4.4.

Full Assume-Negative (AN-Full). This loss is a kind of
pseudo-negative sampling multi-label learning loss based
on the argument that the majority of the species are absent
at any given location [14]. This is typically used in SPML
problems. The loss is given by:

S
LAN full y y Z ]l[y =1] Alo.g ys) (1)

+1py,—0jlog(1 — ys) +log(1 —75)]

where 7 is a uniformly randomly sampled location from the
spatial domain of the globe.
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Figure 2. Proposed Architecture. During training, features extracted from the environmental covariates are added to a learnable positional
embedding and passed to the spherical Fourier neural network (SFNO). The species range map is obtained by computing cross-attention
between the representations from SFNO and embeddings obtained from LLaMA-2 for a text description of a given species. Inference
requires only cross-attention computation if embeddings are precomputed.

Full Maximum-Entropy (ME-Full). This loss was intro-
duced in [54] to solve SPML problems. The idea of this loss
is to maximize the entropy of predictions for negative sam-
ples and for randomly sampled pseudo-negative samples.
The loss is given by:

1

S
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where again 7 is a uniformly randomly sampled location.

Asymmetric Loss (ASL). This loss, proposed by [35],
weights positive and negative samples differently. The pos-
itive and hard negative samples are given more weight. It is
a fairly general loss for multi-label learning which can also
be used for SPML, without the need for psuedo-negative
sampling. This loss is given by:

S
LasL(§.y) Z Ty, -y (1 —9:)" log(¥s) ()

+1py.—0) (D)7 log(1—p])]

where p” = max(y — 7) is used for hard thresholding easy
negatives.

Robust Asymmetric Loss (RAL). Recently, [34] proposed
an improved version of the ASL loss by combining the
Asymmetric Polynomial Loss (APL) [23] and the Hill
loss [53], which makes it less sensitive to hyperparameters.

This loss is given by:

LraL(Ys, Ys) J )m+7+ (€))

Z 1y, =1jam(1
+Z ]l ysfo ys (

where ¢ (§s) = 6 — s is the Hill loss term. M, N, «;, and
By are balance parameters for positive and negative sam-
ples.

Ty

4. Experiments

In this section, we describe the implementation details and
performance of our models compared to the state-of-the-
art models on the task of species range prediction and geo-
feature regression.

4.1. Implementation Details

As described in Section 3.2, we use SFNO [5] to extract ge-
ographic and environmental-specific features. We use two
spectral and encoder layers in the SFNO. The encoder di-
mension used is 128 while the number of SFNO blocks
are two. For the coordinate-only models, we drop the en-
vironmental features during the training. For the text en-
coder, we use frozen LLaMA-2 [46] (70B variant) and ex-
tract its encoder outputs for each species. Before training,
we precompute and save the embeddings for each species
in the disk. For the multi-label classifier, we use a single-
layer multi-headed cross-attention network followed by a
fully-connected layer with sigmoid activations. We com-
pare LD-SDM with two state-of-art-models: SINR [14] and
SIREN(SH) [37]. SINR learns an end-to-end neural repre-
sentation of geographic locations that is used to predict the



likelihood over species. SIREN(SH) uses a spherical har-
monic representation of geographic locations which is then
used to predict the likelihood over species. The rest of the
details about our models and the implementation of state-
of-the-art models are described in Appendix C.

4.2. Proximity-Aware Evaluation

When predicting species range, the evaluation process typ-
ically involves using range maps defined by experts or cu-
rated carefully [32, 47]. However, these maps can often be
sparse and difficult to obtain. Alternatively, using crowd-
sourced species observation data is challenging since the
absence of a given species is not recorded. Intuitively, mod-
els with false predictions close to their true locations are
better than those with distant false predictions. This is be-
cause models in the former case learn spatially localized
species distributions.

Previous studies have used the area under the curve
(AUC) [32, 47] and the mean average precision (MAP) [14]
to evaluate SDMs. However, these metrics ignore the spatial
distribution of predictions and weigh them equally, mak-
ing them highly sensitive to spatial shifts in the predictions.
This makes evaluating SDMs a challenging task since it re-
quires the comparison of spatially distributed probability
values. Pixel-wise comparison methods are not well-suited
for this task since they are susceptible to spatial prediction
shifts.

A well-known spatially explicit distance used for com-
paring any two distributions is the Earth-Mover (Wasser-
stein) Distance. Due to its computational requirements and
infeasibility on large-scale data points, Chamfer Distance is
a popularly used proxy [3]. However, it has only been de-
veloped for point clouds and there doesn’t exist a chamfer
distance measure to compare two spatial probability distri-
butions. Inspired by [50], we modify their Density-Aware
Chamfer Distance (DCD) metric that works for comparing
a predicted probability distribution map (P;) with a binary
probability map (FP-) representing the ground truth. We add
a likelihood probability term which weights the distance
term. We call this metric One-Way Probability Weighted
Chamfer Distance (PWCD), which measures the false pos-
itive rate in a proximity-aware manner. This metric is be-
tween [0,1] and could also be used to compute the number
of false positives instead of the rate. It is given by:

1
dpwep(Pr, Po) =

- (1 _ ewp(z)\myuz) )

zEP;

FPewep(Pr, P2) = Z (1 - eiap(m)llmiy‘b) (6)
rEP;
where,y = argmin ||z — z||2. This represents the near-
z€PNp(z)=1
est neighbor ground-truth observation of a given pixel x

in the predicted probability distribution map. N = {z €
Py| p(z) = 0} is the set of all negative observations in the
ground truth. « is a temperature parameter that controls
the exponential weighting of the distance. See Appendix B
for more details. For our case, |P;| = |P2| = L. Notice
that we have omitted the density term in the metric as our
probability maps are a contiguous grid of pixels and equally
dense everywhere. Since it is a proxy for false positives, it
can be plugged into any other metric of choice such as the
MAP and AUC. In this work, we report proximity-adjusted
MAP scores denoted as MAP(pa) by replacing false posi-
tives with our metric. All the scores reported are an average
over scores computed for each species category. Figure 3 il-
lustrates three different scenarios of predicted species range
maps. While the MAP score yields identical results for
cases (a) and (b) despite the spatial distribution of the pre-
dictions being different, our proposed metric penalizes dis-
tant false predictions and is capable of evaluating the pre-
dictions in both cases more accurately. However, in case
(c) where there are no false predictions, both MAP and
MAP(pa) produce the same results.

4.3. Training and Evaluation

We focus on bird species occurrence data which is abun-
dantly available yet challenging to model as compared to
other species due to complex migration patterns. In Ta-
ble I, we describe the overview of each dataset compiled
in this work. We compiled 131.7 million observations of
4141 species of birds using the GBIF (gbif . org) plat-
form which includes data from various community science
platforms. This data is collected for the years 2012-2020.
For evaluation, we use curated research-grade observations
from the iNaturalist [48] and eBird [41] for 2021 and 2022.
These contain 17.9 million and 17.2 million observations
respectively. Using the same platform, we created a dataset
of 84 species that are unseen (not present in training data)
and rare (< 1000 observations) for zero-shot performance
evaluation. This contains a total of 26k observations. These
platforms are useful since misclassification errors are highly
mitigated due to community consensus [26], hence being a
strong representative of the ground truth. Further, we use
the same procedure as described in [14] for the geo-feature
regression task.

Table 1. Number of observations in each dataset compiled in this
work.

Dataset Year #Observations  #species
Train 2012-2020 131.7M 4141
Test 2021 17.9M 3960
Test 2022 17.2M 4010
Zero-Shot  2021-2022 26k 84

All the training and evaluations are done at a spatial res-
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Figure 3. Performance of our spatially-aware metric against the MAP score. The figure depicts the inability of the MAP score to distinguish
between range maps with varying spatial distributions of false positives. (a) Ground truth range map. (b) Predicted range map with false
positives spatially distant from true positives. (c) Predicted range map with false positives spatially close to true positives. (d) Predicted

range map without false positives.

olution of 0.2°. This implies L = 1, 620, 000. During train-
ing, we create ground-truth pixel-level range maps for each
species at (.2° resolution using the observations present in
the occurrence data. For this, we use the histogram bin-
ning technique and clip all the values greater than one to
one [14]. These maps are then used to calculate the various
multi-label learning losses described previously. Finally, we
report MAP(pa) and dpyw ¢ p using a = 0.1 for the species
range prediction task and R? for the geo-feature regression
task. See Appendix C for more details on the training set-
tings and hyperparameters used.

4.4. Results

Quantitative Evaluation. In Table 2, we report the perfor-
mance of all the models considered in this work. LD-SDM
has shown better performance than the other models
on the task of species range prediction. The zero-shot
performance of LD-SDM on unseen species is reasonably
good. Although it has an increased false-positive rate, it
can be attributed to the model using higher-level taxonomic
relationships. Our metric is sensitive to model output
confidence ranges. SINR and SIREN(SH) output likeli-
hood values in 0.0-0.3 range, while our model produces
confidence in 0.0-1.0 range. This results in lower false
positive and true positive rates for the former models than
ours. Lgap tends to produce overconfident predictions as
noticeable from the high MAP(pa) scores corresponding to
high dpywcp scores. On average, Lasy. loss is likely to be
better performing than the other losses over all the models.
For SINR, Lasy performs the best as compared to the
other losses by a large margin. This is also evident in the
geo-feature regression task. Our model has also produced
competitive scores on the task of geo-feature regression.
The coordinate-only models perform nearly as well as
models incorporating environmental features. So, dropping
environmental features could result in faster training.

Qualitative Examples. In Figure 4, we show global-scale
species distribution maps generated for five bird species.

To make fair comparisons, we used the best-performing
coordinate-only models to ensure no bias is added to mod-
els from the environmental features. Although SINR and
SIREN(SH) could generate species distribution maps at any
spatial resolution, they tend to learn a very low-frequency
function over the sphere as evident from the blob-like maps.
SIREN(SH) produces a lot of false positive predictions
possibly due to the limitation of the number of Legendre
polynomials it can fit. Our model on the other hand learns
to predict species ranges at a more fine-grained level.
This is evident from the visualization of the geographic
location features learned by the location encoder of each
model (shown in Appendix D). Fine-grained geographic
features are important for better geolocalization of species.
SINR and SIREN(SH) tend to learn similar features over
large geographic regions while LD-SDM produces higher
variability in the features at a finer scale. The learned
features could be used for other ecological mapping tasks
that require geography-aware features.

Effect of LLaMA-2 variants on LD-SDM. We assess the
impact of using different variants of LLaMA-2 for LD-
SDM in Table 3. In particular, we compare the 7B, 13B,
and 70B variants. Surprisingly, the 13B variant performs
the worst. This is possibly due to the differences in the
training data of the variants. Empirically, this can be ex-
plained by examining the T-SNE plots of text embeddings.
In Appendix A, we present T-SNE plots along with mean
intra-cluster and inter-cluster distances of text embeddings.
Ideally, both intra-cluster and inter-cluster distances should
be high to ensure separability within a particular taxonomic
class and between taxonomic classes respectively. 13B
variant has the poorest separability at every taxonomic
rank. The 7B and 70B variants have almost identical
separatabilities. The impressive performance of the 70B
variant can be attributed to its high dimensionality of the
species-specific encoding. Although 70B has noticeably
higher computational overheads, it is compensated by
precomputing the text embeddings before training. Overall,



Table 2. Comparison of performance of SDMs over a variety of multi-label learning losses on two tasks: species range prediction (and
zero-shot range prediction) and geo-feature regression. The proximity-aware metrics proposed are defined in Section 4.2.

GBIF’21 GBIF*22 Zero Shot Geo Feature

Loss Env. Method MAP(pa) T dpwep 4 MAP(pa)tT dpwep ! MAP(pa) 1t dpwep 4 (Mean R2)
Loanear X SINR 62.64 0.177 60.28 0.178 - - 0.446
Ly X SINR 61.88 0.189 58.81 0.187 - - 0.518
LasL X SINR 67.11 0.152 64.55 0.155 - - 0.619
LRraL X SINR 62.02 0.291 60.42 0.297 - - 0.536
Lanean X SIREN(SH) 61.99 0.203 60.67 0.215 - - 0.562
Ly X SIREN(SH) 64.44 0.197 64.16 0212 - - 0.630
LasL X SIREN(SH) 62.56 0.189 62.43 0.206 - - 0.481
LraL X SIREN(SH) 63.13 0.192 62.98 0.209 - - 0.488
Last X LD-SDM (ours) 73.88 0.174 71.45 0.182 59.27 0.648 0.583
LRraL X LD-SDM (ours) 73.46 0.176 71.52 0.184 55.22 0.694 0.587
LoV SINR 64.25 0.184 62.43 0.181 - - -
Lyt V. SINR 64.13 0.200 60.67 0.222 - - -
LasL v SINR 67.23 0.172 69.49 0.179 - - -
LraL v SINR 64.98 0.224 63.77 0.252 - - -
Last v/ LD-SDM (ours) 74.16 0.222 72.54 0.231 61.14 0.702 -
LraL v LD-SDM (ours) 75.26 0.219 74.13 0.224 59.65 0.715 -

Table 3. Comparison of performance of our models using three different variants of LLaMA-2. The 70B variant achieves the best

performance followed by the 7B and 13B variants.

GBIF’21 GBIF’22 Zero Shot Geo Feature FLOPS
Text Encoder encoding dim  MAP(pa) T dpwep ) MAP(pa)t dpwepl MAP(pa)t dpwepl  (Mean R?)  TFLOPS
LLaMA-2-7B 4096 71.24 0.177 70.25 0.178 56.27 0.719 0.579 0.174
LLaMA-2-13B 5120 70.11 0.184 69.09 0.193 55.70 0.732 0.563 0.342
LLaMA-2-70B 8192 73.88 0.174 71.45 0.182 59.27 0.648 0.583 1.848

Table 4. Comparison of performance of three different backbones used in the parameterization network. All the models are trained with

the same loss with environmental features included in the inputs.

Params GBIF’21 GBIF’22
Backbone M MAP(pa) T dPWCD i, MAP(pa) T dPWCD \l,
Segformer [51]  20.81 71.64 0.247 70.54 0.255
DINOv2 [33] 41.34 72.19 0.232 72.01 0.240
SFNO [5] 19.19 74.16 0.222 72.54 0.231

all the variants can perform better than the state-of-the-art.

Spherical Harmonics are important for SDM. We
compare the performance of LD-SDM when using different
backbones in the location encoder network (Table 4). All
the models are trained from scratch using the LLaMA-2-

70B variant. We use the same training inputs including
the environmental features. This is done since positional
encodings are implicitly incorporated by the Segformer and
DINOV2 architectures. All the models are trained using the
LasL loss. Notice that SFNO gives the best performance
over Segformer and DINOv2. With SFNO, we observe a
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Figure 4. Predicted Range Maps (Probability Values). The predictions are generated at a spatial resolution of 0.2 degrees. For the
SIREN(SH) and SINR models, predictions are generated at the center of each raster cell. The visualizations show that our model performs
better than other models at resolving higher frequencies over the sphere and localizing the species distribution.

significant gain in performance and a reduction in false
positives. Overall, a robust geographic feature extractor
is beneficial for SDM and SFNO proves to be one such
architecture.

5. Conclusions

We introduced a novel approach for species distribution
modeling that uses a large-language model to generate
a representation of a species. This provides flexibility
to generate distributions at different levels of the taxo-
nomic hierarchy and for unseen species. In addition, we
introduced a new evaluation metric, Probability Weighted
Chamfer Distance. This metric computes the false positive
rate in species range mapping tasks in a proximity-aware
manner. While our focus was on species distribution model-
ing, the integration of large-language models points to some
intriguing potential future use cases. It might be possible,
for example, to generate distribution models from arbitrary
text, such as “a large white bird” or “a flock of red-winged
blackbirds”. This is potentially more useful for non-expert
users. Finally, alternative text prompts could be explored
as future work which may better reason about a species
and its dependence on a particular geographic location.
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6. Species-Specific Embeddings

As described in the paper, we encode the taxonomic infor-
mation of species in the form of text. Text is a dictionary
consisting of key-value pairs representing each taxonomic
rank. We use hugging—-face’s library transformers
to obtain all the LLaMA-2 variants used in the paper. We
separately compute and save the embeddings of the key-
value pairs for each variant. In Table 5, we report the num-
ber of tokens generated by the LLaMA-2 variants for each
taxonomic rank.

Table 5. Total tokens generated by LLaMA-2 for each taxonomic
rank. The dimensionality of each of these tokens depends on the
type of LLaMA-2 variant used.

Taxonomic Rank  #tokens #classes #total tokens
order 13 40 520
family 19 211 4009
genus 25 1393 34,825
species 34 4141 140,794

We create T-SNE plots in 2-D for visualizing the embed-
dings at each rank resulting from the variants (Figure 5).
To create the plot, we do an average pool across the num-
ber of tokens’ dimension for each text embedding. We then
use scikit-learn library to compute the T-SNE em-
beddings for each species and at every taxonomic rank. We
color code the embeddings based on the taxonomic rank one
level higher than the current rank. For example, the T-SNE
embeddings for the rank family are color-coded by their or-
der. Doing this provides a simple intuition for interpreting
the separatability of species and taxonomic ranks.

We compute average inter-cluster and intra-cluster dis-
tances based on the color coding for each taxonomic rank.
This is also done using the scikit—-learn package. The
inter-cluster distance represents the average dissimilarity
between species (or any other rank) of different classes.
The intra-cluster distance represents the average dissimilar-
ity between species (or any other rank) of the same class.
Intuitively, both distances should be high enough to ensure
good separatability for SDM. As we see, the distances de-
crease as we move down in the hierarchy. This is expected
since the distribution of each species becomes more and
more fine-grained. The 13B variant has abruptly low dis-
tances compared to the other variants suggesting poor per-
formance in SDM. This can possibly be due to differences
in training data and the training procedure between the vari-
ants.
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7. Probability Weighted Chamfer Distance

We proposed the Probability Weighted Chamfer Distance
(PWCD) which is a spatially-aware proxy for false-positive
rates when comparing two probability maps. This distance
could also be used in other metrics such as precision, MAP,
or AUC to make them spatially aware. In Listing 1, we de-
scribe NumPy-style pseudocode for computing this distance
metric.

We use the xrspatial’s proximity function for
computing the nearest-neighbor distance map given the bi-
nary ground-truth range map. All the distances are mea-
sured in pixel units using Euclidean distance. The mini-
mum possible distance is 0 which is for the positive pixels
having species presence. The maximum possible distance
depends on the spatial resolution of the range map. In our
case, the spatial resolution of 0.2° gives a maximum dis-
tance of 2012.46. It is noteworthy that this distance func-
tion could be replaced with any other distance function for
example the haversine distance.

We visualized the pixel-level dpwcp map in Figure 6.
Notice that the predictions spatially close to the true pres-
ence of species are weighted less than the predictions that
are distant. This weighting is due to the nearest-neighbor
distances of the pixels making the metric spatially-aware.
The chamfer distance map describes the weighting of pre-
dictions as a function of distance from the nearest presence
pixel. The weight gradually increases as the distance from
the nearest presence pixel increases. Note that the nearest-
neighbor distance map differs from the chamfer distance
map, which is in the range of [0,1]. The chamfer distance
map is computed using the nearest-neighbor distance map,
using the formula for dpwcp and a constant likelihood term
equal to one.

In Figure 7, we show the effect of temperature parameter
« on the dpwcp metric. The figure shows chamfer distance
as a function of nearest-neighbor distance at a fixed like-
lihood probability of one and varying values of a.. The pa-
rameter « controls the exponential weighting of the nearest-
neighbor distance in the metric. Increasing o gradually in-
creases the weight of nearby pixels. The metric starts pe-
nalizing more of the nearby pixels in the computation of
false positive rates. A large value of a will make the met-
ric more sensitive to spatial shifts in the predictions while a
lower value of o will be more robust towards spatial shifts.
However, an extremely low value of o will make the metric
ignore distant false positives. As a result, an optimal value
of « is essential to evaluate SDMs.

Listing 1. NumPy-style pseudocode for computing dpwcp
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Figure 5. T-SNE Plots of Text Embeddings. For each variant and taxonomic rank, we compute the T-SNE embeddings of all the text
tokens generated. We do average pooling over the token dimension before computing T-SNE. These plots highlight the separatability

degree of each variant over each taxonomic rank.

import xarray as Xr
from xrspatial import proximity
import numpy as np

#y_true[h, w]: true binary range map
#y_pred[h, w]: predicted range map

#a: temperature parameter

def PWCD(y_true, y_pred, a):

ure 8. The first plot shows the relationship between dpwcp
and the nearest neighbor distance for varying « values. By
analyzing this graph, one can determine the optimal value
of « for their specific application. For our purposes, we se-
lected o = 0.1, as it is robust to spatial shifts and accurately
detects the distribution of species.

In the second plot, we have shown the dpwcp scores as
a function of the likelihood probability, at a constant near-
est neighbor distance of 100 pixels. As the value of « in-

xr_true = xr.DataArray(y-true) creases, the metric starts penalizing low likelihood values.
prox_agg = np.array (proximity (Xr_true)) This gives us more control over the trade-off between the
pwed = 1 — np.exp(—axy._pred+prox-agg) distance and likelihood scores, allowing us to determine the
fps = np.sum(pwcd) optimal « value for our application.

neg = np.sum(y_true == 0)
return fps / neg

8. Training
In order to evaluate the localization of species distribu- Below we describe the details of the datasets used. We also
tions, we have plotted dpwcp scores with varying « in Fig- describe the implementation details of the models and the
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Eurasian eagle-owl (Bubo bubo)

(b) Chamfer Distance

(c) Species Range Prediction (d) Per-Pixel dpycp Metric
Striated Pardalote (Pardalotus striatus)

e —

(b) Chamfer Distance

(c) Species Range Prediction (d) Per-Pixel dpycp Metric

Chamfer Distance

0.0 1.0
Figure 6. Probability Weighted Chamfer Distance. Using the presence-only ground-truth maps, the nearest-neighbor distance map is

computed. Finally, dpwcp is calculated using the per-pixel activation values from the range map predicted by an SDM and the nearest-
neighbor distance map. The distance metric for computing the nearest-neighbor distance map is the Euclidean Distance in pixel units.
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Eurasian eagle-owl (Bubo bubo)

(c)a=0.1 (d) «=0.05
Striated Pardalote (Pardalotus striatus)
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Figure 7. Effect of o on Chamfer Distance. With an increasing value of «, metric dpwcp becomes more sensitive to prediction shifts.
Lower values of o make the metric dpwcp more robust to shifts at the cost of losing assessing spatial localizability in an effective sense.
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Figure 8. Sensitivity of dpwcp. We show the variation of dpwcp as distance to ground truth observation increases (left). We also show the
variation of dpwcp With likelihood probability at a fixed distance of 100 pixels from ground-truth (right).

(b) Testing Observations (2021)

(c) Testing Observations (2022)

(d) Unseen Species (2021-2022)

Figure 9. Histogram of Locations of Observations. We show the visualization of observations of the datasets considered in this study at

a spatial resolution of 0.2°.

losses. Each training run was done on a single NVIDIA
A40 GPU.

8.1. Data

Our training and evaluation data was collected using vari-
ous citizen science platforms such as the iNaturalist (inatu-
ralist.org) [48] and eBird (ebird.org) [41]. The maps in Fig-
ure 9 display the geographical locations of the observations
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for each dataset across the globe. They were compiled using
the GBIF (gbif.org) [36] platform, which hosts occurrence
records of species from several citizen science platforms.
For compilation, we used the following conditions:

1. All observations must have valid labels for each taxo-
nomic rank and geographical location values.

2. All observations must have the research grade status la-
bel.


https://www.inaturalist.org/
https://www.inaturalist.org/
https://ebird.org/home
https://gbif.org/

To avoid bias, we excluded species with less than 100 ob-
servations. The evaluation datasets only contain observa-
tions from iNaturalist and eBird. For zero-shot evaluation,
we selected the species that were not present in the train-
ing dataset. Further, we filtered out species with more than
1000 observations to focus on rare species.

We use bioclimatic variables and elevation data as environ-
mental covariates in the SDM. The variables are derived
from the WorldClim dataset (worldclim.org) [19], which
are at a spatial resolution of 0.01°. The dataset is resam-
pled to 0.2 resolution using bilinear interpolation. In total,
the dataset contains 20 different variables (channels). We
use nine different geographic features in the geo-feature re-
gression task as done by [14]. These include above-ground
carbon, elevation, etc. All the features are resampled to 0.2°
resolution.

Table 6. Training settings for SINR

Config Value

backbone ResNet-style MLP
encoding dim 256

depth 4

input encoding sin-cos

optimizer AdamW

base learning rate Se-4

learning rate scheduler | exponential decay
batch size 2048

epochs 10

Table 7. Training settings for SIREN(SH)

Config Value
backbone SIREN
encoding dim 256
depth 4
input encoding spherical-harmonics
L 20
optimizer AdamW
base learning rate le-4
learning rate scheduler | exponential decay
batch size 2048
epochs 20
8.2. Models

We experimented with three different SDMs: 1) SINR [14];
2) SIREN(SH) [37]; LD-SDM (ours). For the baseline mod-
els, we used the same hyperparameters as reported by au-
thors. Tables 6, 7 and 8, show the hyperparameters used for
each model. We use L = 20 for SIREN(SH) since experi-
ments with larger L were computationally infeasible.
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Table 8. Training settings for LD-SDM

Config Value
backbone SFNO
encoding dim 128
SENO blocks 2

hidden_dim: 64
num_heads: 16

multi-label classifier

optimizer AdamW
base learning rate le-5
batch size 1
accumulate grad batches | 64
epochs 10

8.3. Losses

We evaluated four different multi-label learning losses in
our experiments, namely: 1) AN-full [14]; 2) ME-full [54];
3) ASL [35]; 4) RAL [23]. For AN-full and ME-full, we
used a positive weight of 2048. The pseudo-negative sam-
pling is done according to [14], by using a spherical buffer
around each observation. In the case of ASL and RAL, we
used 0 and 4 for y* and ~~ respectively. In RAL, we set A
to 1.5.

8.4. SFNO

In Table 9, we show the effect on the performance of species
range prediction due to different components of the SFNO.
It is noteworthy that an encoder dimension of 128 for SFNO
yields results on par with an encoder dimension of 256
while reducing computational complexity. On the other
hand, having fewer encoder layers in SFNO is beneficial
since performance gain from adding additional encoder lay-
ers is marginal. In conclusion, a lightweight SFNO is a
strong geographic feature extractor that can be used in var-
ious downstream global-scale geospatial tasks.

8.5. LLaMA-2 Variants

We perform range prediction over the taxonomic ranks:
class, order, family, and genus. The procedure is the same
as for generating species range maps. We precompute
the embeddings for each rank as shown in Figure 1. The
range map for the rank class represents the unconditional
distribution of finding any bird species in the world. As one
moves down in the hierarchy, the range maps become more
and more fine-grained. As expected, the performance of
LD-SDM drops as one moves down in the hierarchy (Table
10). This can be explained by examining the increasing
dpwcp scores. The T-SNE plots of the embeddings of
various ranks in Appendix A help in better understanding
the increase in false positive rates as one moves down in
the hierarchy. As it can be seen, the intra-cluster distances
decrease substantially when moving down in the hierarchy.


https://test2.biogeo.ucdavis.edu/wc2/#/

(a) SIREN (SH)

(b) SINR

(c) LD-SDM (ours)

Figure 10. Features Learned by Location Encoder. We show the visualization of location embeddings learned by the location encoder of
various models. For visualization, the embeddings are projected to a 3-dimensional space using Independent Component Analysis. SINR
learns a low-frequency representation of location while SIREN(SH) and LD-SDM learn to localize at a fine-grained level.

Table 9. SENO ablation in LD-SDM. We experiment on various values of hidden encoder dimension and the number of encoder layers in
SFNO. All experiments run with the Last. loss and the LLaMA-2-70B variant.

GBIF’21 GBIF’22
Encoder Dim. MAP(pa) T dpweopd MAPPpa)T dpwep
64 68.55 0.147 67.28 0.149
128 73.88 0.174 71.45 0.182
256 73.67 0.178 71.82 0.188
Encoder Layers MAP(pa)T dpwepd MAP(pa)T dpwep |
2 73.88 0.174 71.45 0.182
3 73.39 0.171 72.11 0.174
4 73.67 0.174 72.00 0.180

Table 10. Comparison of taxonomic mapping performance of our models using the three different variants of LLaMA-2 for taxonomic
encoding. These performances are reported on the combined presence-only dataset from GBIF for the years 2012-2022. It is worth noting
that LLaMA-2-13b has a lower performance than LLaMA-2-7b, possibly due to differences in their training data.

LLaMA-2-7B LLaMA-2-13B LLaMA-2-70B
Taxonomic Level MAP(pa)t dpwepl MAP(pa)T dpwep!d MAP(pa)t dpwebp |
Class 97.10 0.117 95.2 0.204 97.52 0.163
Order 56.15 0.450 55.94 0.472 58.31 0.414
Family 38.18 0.659 36.47 0.688 40.13 0.632
Genus 24.95 0.710 24.97 0.711 27.86 0.692

As a result, it becomes challenging for the model to
distinguish between birds for example of genera belonging
to the same family.

9. Location Embeddings

We present the location-specific features learned by the
SDMs in Figure 10. The location embeddings displayed are
the output of the location encoder network for each SDM.
We use Independent Component Analysis (ICA) to project
the high-dimensional embeddings to a 3-dimensional space.
All the maps are generated at a spatial resolution of 0.2°.
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SINR produces a smooth map indicating that it has failed
to learn high-frequency functions. SIREN(SH) produces
noisy location features spread across the globe. LD-SDM
produces a map that resembles the distribution of training
data. We see that in the locations where observations are
absent, LD-SDM has learned similar features.
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