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Abstract

Estimating the geographical range of a species
from sparse observations is a challenging and im-
portant geospatial prediction problem. Given a set
of locations where a species has been observed,
the goal is to build a model to predict whether
the species is present or absent at any location.
This problem has a long history in ecology, but
traditional methods struggle to take advantage
of emerging large-scale crowdsourced datasets
which can include tens of millions of records
for hundreds of thousands of species. In this
work, we use Spatial Implicit Neural Representa-
tions (SINRs) to jointly estimate the geographical
range of 47k species simultaneously. We find that
our approach scales gracefully, making increas-
ingly better predictions as we increase the number
of species and the amount of data per species
when training. To make this problem accessi-
ble to machine learning researchers, we provide
four new benchmarks that measure different as-
pects of species range estimation and spatial rep-
resentation learning. Using these benchmarks, we
demonstrate that noisy and biased crowdsourced
data can be combined with implicit neural repre-
sentations to approximate expert-developed range
maps for many species.

1. Introduction
We are currently observing a dramatic decline in global bio-
diversity, which has severe ramifications for natural resource
management, food security, and ecosystem services that are
crucial to human health (Watson et al., 2019; Rosenberg
et al., 2019). In order to take effective conservation action
we must understand species’ ranges, i.e. where they live.
However, we only have estimated ranges for a relatively
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small number of species in limited areas, many of which are
already out of date by the time they are released.

The range of a species is typically estimated through Species
Distribution Modeling (SDM) (Elith & Leathwick, 2009),
the process of using species observation records to develop a
statistical model for predicting whether a species is present
or absent at any location. With enough presence-absence
data (i.e. records of where a species has been confirmed to
be present and absent) this problem can be approached using
standard statistical learning methods (Beery et al., 2021).1

However, presence-absence data is scarce due to the diffi-
culty of verifying that a species is truly absent from an area.
Presence-only data (i.e. verified observation locations, with
no confirmed absences) is much more abundant as it is eas-
ier to collect. For instance, the community science platform
iNaturalist (iNa) has collected over 141M presence-only
observations to date across 429k species. Though presence-
only data is not without drawbacks (Hastie & Fithian, 2013),
it is important to develop methods that can take advantage
of this vast supply of data.

Deep learning is one of our best tools for making use of
large-scale datasets. Deep neural networks also have a key
advantage over many existing SDM methods because they
can jointly learn the distribution of many species in the same
model (Chen et al., 2017; Tang et al., 2018; Mac Aodha
et al., 2019). By learning representations that share in-
formation across species, the models can make improved
predictions (Chen et al., 2017). However, the majority of
current deep learning approaches need presence-absence
data for training, which prevents them from scaling beyond
the small number of species and regions for which sufficient
presence-absence data is available.

Our work makes the following contributions:
(i) We show that implicit neural representations trained with
noisy crowdsourced presence-only data can be used to esti-
mate dense species’ ranges. We call these models Spatial
Implicit Neural Representations (SINRs).2

1The term “presence-absence” should not be taken to convey
absolute certainty about whether a species is present or absent.
False absences (i.e. non-detections) and, to a lesser extent, false
presences are a serious concern in SDM (MacKenzie et al., 2002).

2We slightly abuse the terminology by using “SINR” to refer
to both the model and the representation it parameterizes.
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Figure 1. We show that sparse species observation data can be used to train Spatial Implicit Neural Representations (SINRs) which
are transferable to other geospatial tasks.(Left) Here we show sparse, presence-only, spatial observations for three toy species (red,
green, and blue).(Middle) The species observations are used to train a neural network that consists of a spatial feature encoder and
per-species presence predictors.(Right)We evaluate on three diverse tasks: (i) estimating species ranges, (ii) assisting image classi�ers
using geographical range priors, and (iii) regressing geospatial features via our learned SINR.

(ii) We conduct a detailed investigation of loss functions for
learning from presence-only data, their scaling properties,
and the resulting geospatial representations.
(iii) We provide a suite of four geospatial benchmark tasks –
ranging from species mapping to �ne-grained image classi-
�cation – which will facilitate future research on spatially
sparse high-dimensional implicit neural representations,
large-scale SDM, and geospatial representation learning.

Training and evaluation code is available at:
https://github.com/elijahcole/sinr

2. Related Work

Species distribution modeling (SDM) refers to a set of
methods that aim to predict where (and sometimes when,
and in what quantities) species of interest are likely to be
found (Elith & Leathwick, 2009). The literature on SDM
is vast. Readers interested in an overview should consult
the review by Elith & Leathwick (2009) or the recent re-
view of SDM for computer scientists by Beery et al. (2021).
Note that we focus narrowly on the problem of predicting
the occurrence of a species at a location, i.e. we do not
consider more complex problems like trend or abundance
estimation (Potts & Elith, 2006).

Traditional approaches to SDM train conventional super-
vised learning models (e.g. logistic regressors (Pearce &
Ferrier, 2000), random forests (Cutler et al., 2007), etc.)
to learn a mapping between hand-selected sets of environ-
mental features (e.g. altitude, average rainfall, etc.) and
species presence or absence (Phillips et al., 2004; Elith et al.,
2006). Readers interested in these approaches should con-
sult Norberg et al. (2019); Valavi et al. (2021; 2022), and the
references therein. More recently, deep learning methods
have been introduced that insteadjointly represent multi-
ple different species within the same model (Chen et al.,
2017; Botella et al., 2018b; Tang et al., 2018; Mac Aodha
et al., 2019; Teng et al., 2023). These models are typically
trained on crowdsourced data, which can introduce addi-
tional challenges and biases that need to be accounted for
during training (Fink et al., 2010; Chen & Gomes, 2019;

Johnston et al., 2020; Botella et al., 2021). We build on the
work of Mac Aodha et al. (2019), who proposed a neural
network approach that forgoes the need for environmen-
tal features (as used by e.g. Botella et al. (2018b); Tang
et al. (2018)) by learning to predict species presence from
geographical location alone.

The problem of joint SDM with presence-only data can
be viewed as an instance of multi-label classi�cation with
incomplete supervision. In particular, it is an example of
Single Positive Multi-Label (SPML) learning (Cole et al.,
2021; Verelst et al., 2023; Zhou et al., 2022). The goal
is to train a model that is capable of making multi-label
predictions at test time, despite having only ever observed
one positive label per training instance (i.e. no con�rmed
negative training labels). Our work connects the SPML
literature and SDM literature, and sets up large-scale joint
species distribution modeling as a challenging real-world
SPML task. This setting presents signi�cant new dif�culties
for SPML, which has largely been limited to arti�cial label
bias patterns (Arroyo et al., 2023) and relatively small label
spaces (< 100categories). Some SPML methods such as
ROLE (Cole et al., 2021) are not computationally viable
when the label space is large. One of our baselines is based
on the SPML method of Zhou et al. (2022), which is scal-
able and obtains nearly state-of-the-art performance on the
standard SPML benchmarks (Cole et al., 2021), but it is not
a top performer on our new benchmark tasks.

Our work is related to the growing number of papers that
use coordinate neural networks for implicitly representing
images (Tancik et al., 2020) and 3D scenes (Sitzmann et al.,
2019; Mildenhall et al., 2020). There are many design
choices in these methods that are being actively studied,
including the impact of the activation functions in the net-
work (Sitzmann et al., 2019; Ramasinghe & Lucey, 2022)
and the effect of different input encodings (Tancik et al.,
2020; Zheng et al., 2022). In most research on implicit
neural representations, there is an obvious choice of training
objective, e.g. mean squared error between the predictions
and the data. In the context of presence-only species estima-
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tion, this choice is less clear. We systematically investigate
this question in our experiments. Our benchmark also facili-
tates investigations of implicit neural representations with
high-dimensional output spaces and sparse supervision.

Quantifying the performance of SDM at scale is notoriously
dif�cult due to the fact that we lack con�rmed presence-
absence data for most species and locations (Beery et al.,
2021). One approach is to evaluate performance on a small
set of species from limited geographical regions where
it is feasible to collect presence-absence data, as done in
e.g. Potts & Elith (2006); Norberg et al. (2019); Valavi et al.
(2022). Two of our evaluation tasks are larger-scale versions
of this idea, in which we compare the performance of our
models against expert range maps. An alternative evaluation
approach is to measure the performance on a related “proxy”
task. For example, there have been a number of works that
use models trained for species range estimation to assist
deep image classi�ers (Berg et al., 2014; Tang et al., 2015;
Mac Aodha et al., 2019; Chu et al., 2019; Mai et al., 2020;
Terry et al., 2020; Skreta et al., 2020; Yang et al., 2022). By
using images from platforms like iNaturalist, we can evalu-
ate different range estimation methods on the task of aiding
�ne-grained image classi�cation across tens of thousands
of species. Finally, we also evaluate the spatial represen-
tations learned by our models via transfer learning, using
them as inputs for a set of geospatial regression tasks. These
complementary benchmark tasks capture different aspects
of performance, and provide a starting point for large-scale
SDM evaluation. See Figure 1 for an overview of our tasks.

3. Methods

3.1. Preliminaries

Problem statement.Let x = [ lon; lat ] denote a geograph-
ical location (i.e. longitude and latitude). Lety 2 f 0; 1gS

denote the true presence (1) or absence (0) of S different
species at locationx. Following Cole et al. (2021), we in-
troducez 2 f 0; 1; ? gS to represent our observed data atx,
wherezj = 1 if speciesj is present,zj = 0 if speciesj is
absent, andzj = ? if we do not know whether speciesj is
present or absent. Our goal is to develop a model that pro-
duces an estimate ofy at any locationx over some spatial
domainX , given observed dataf (x i ; zi )gN

i =1 . We parame-
terize this model aŝy = h� (f � (x )) , wheref � : X ! Rk is
a location encoder with parameters� andh� : Rk ! [0; 1]S

is a multi-label classi�er with parameters� . The prediction
ŷ 2 [0; 1]S is our estimate of how likely each species is to
be present atx.

Intuitively, the location encoderf � provides a representa-
tion of geographical space that is used by the multi-label
classi�er h� to predict species presence at each location. If
� is �xed or if f is a differentiable function of� , then we

can use standard methods like stochastic gradient descent to
approximately solve

� � ; � � = argmin �;�
1
N

NX

i =1

L (ŷ i ; zi ) (1)

whereŷ i = h� (f � (x i )) andL is a suitably chosen loss
function. Once trained, we say thath� � f � has learned
a Spatial Implicit Neural Representation (SINR) for the
distribution of each species in the training set. Along the
way we can learnf � , which produces a representation for
any location on earth. See Figure 3 for visualizations of
some of these geospatial representations.

Input encoding. Each species observation is associated
with spatial coordinatesx = [ lon; lat ]. In practice, we
rescale these values so thatlon; lat 2 [� 1; 1] and, following
Mac Aodha et al. (2019), we guard against boundary effects
using a sinusoidal encoding. The results is an input vector

x = [sin( � lon ); cos(� lon ); sin(� lat ); cos(� lat )] : (2)

Alternative input encodings for related coordinate networks
have been explored in the existing literature (Mai et al.,
2020; Tancik et al., 2020; Mai et al., 2022; Zheng et al.,
2022). This choice is orthogonal to the losses we explore,
so we leave the evaluation of input encodings to future work.

Implicit neural representations. Traditionally, represen-
tation learning aims to transform complex objects (e.g. im-
ages, text) into simpler objects (e.g. low-dimensional vec-
tors) that facilitate downstream tasks like classi�cation or
regression (Goodfellow et al., 2016). Implicit neural repre-
sentations offer a different perspective, in which a signal is
represented by a neural network that maps the signal domain
(e.g.R for audio,R2 for images) to the signal values (Sitz-
mann et al., 2019; Tancik et al., 2020). In this work we learn
implicit neural representations from a large collection of
crowdsourced data containing observations of many species.
This yields an implicit neural representation for the geospa-
tial distribution of each species, as well as a representation
for any location on earth.

Presence-absence vs. presence-only data.Species obser-
vation datasets come in two varieties: (i)Presence-absence
data consists of locations where a species has been observed
to be present and locations where it has been con�rmed to be
absent. That is, we say we have presence-absence data for
speciesj if jf zi : zij = 0gj > 0 andjf zi : zij = 1gj > 0.
Unfortunately, presence-absence data is costly to obtain at
scale because con�rming absence requires skilled observers
to exhaustively search an area. (ii)Presence-onlydata is
easier to acquire and thus more abundant because absences
are not collected, i.e.zij 2 f 1; ? g, for i 2 [N ] andj 2 [S].
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Figure 2. Illustration of the data used by three loss functions from
Section 3.2. For each loss, we visualize the targets that the network
is trained to predict. Each loss can be broken into two parts:
one part that updates the network's predictions at the location
of a training example (data location) and one part that updates
the network's predictions at another location chosen randomly
(random location). Each loss has access to one con�rmed positive
label (bold boxes). The rest of the labels are unobserved (non-
bold boxes), and the losses make different, imperfect, assumptions
about those unobserved labels.

3.2. Learning from Large-Scale Presence-Only Data

In the context of training SPMLimageclassi�ers, a simple
but effective approach is to assume that unobserved labels
are negative (Cole et al., 2021). This approach is based on a
probabilistic argument: since natural images tend to contain
a small number of categories compared to the size of the
label set, the vast majority of the labels will be negative.
This is also true for species distribution modeling. Given
an arbitrary location and a large set of candidate species,
nearly all of them will be absent. In this section we describe
several simple and scalable loss functions based on this idea.
We illustrate three of our losses in Figure 2.

“Assume negative” loss (same species, different location).
As con�rmed absences are not available in the presence-only
setting, a common approach is to use randomly generated
“pseudo-negatives” (Phillips et al., 2009). This �rst loss pairs
each observation of a species with a pseudo-negative for
that species at another location chosen uniformly at random:

L AN � SSDL (ŷ ; z) = �
1

npos

SX

j =1

1[zj =1] [log(ŷj ) (3)

+ log(1 � ŷ0
j )]

whereŷ 0 = h� (f � (r )) with r � Uniform( X ) andnpos =
P S

j =1 1[zj =1] . This approach generates pseudo-negatives
(i.e. random absences) across the globe, but many of them
are likely to be “easy” because they are far from the true
species range.

“Assume negative” loss (same location, different species).
This loss pairs each observation of a species with a pseudo-

negative at the same location for a different species:

L AN � SLDS (ŷ ; z) = �
1

npos

SX

j =1

1[zj =1] [log(ŷj ) (4)

+ log(1 � ŷj 0)]

wherej 0 � Uniform( f j : zj 6= 1g). Intuitively, this ap-
proach generates pseudo-negatives that are aligned with the
spatial distribution of the observed data.

Full “assume negative” loss.The previous two losses are
inef�cient in the sense that they do not use all of the entries
in ŷ . We can combine the pseudo-negative sampling strate-
gies of L AN � SSDL and L AN � SLDS and use all available
predictions as follows:

L AN � full (ŷ ; z) = �
1
S

SX

j =1

[1[zj =1] � log(ŷj ) (5)

+ 1[zj 6=1] log(1 � ŷj ) + log(1 � ŷ0
j )

�

whereŷ 0 = h� (f � (r )) with r � Unif( X ). The hyperpa-
rameter� > 0 can be used to prevent the negative labels
from dominating the loss. This is equivalent to the loss from
Mac Aodha et al. (2019), but without their user modeling
terms. Their version (including user modeling terms) is
L GP in Table 1 (“GP” = “Geo Prior”).

Maximum entropy loss. Zhou et al. (2022) recently pro-
posed a simple but effective and scalable technique for
SPML image classi�cation. Their approach encourages
predictions for unobserved labels to maximize entropy in-
stead of forcing them to zero like the “assume negative”
approaches we have been discussing. We can apply this idea
to L AN � SSDL , L AN � SLDS , andL AN � full by replacing all
terms of the form “� log(1 � p)” with terms of the form
“H (p)”, whereH (p) = � (p log(p) + (1 � p) log(1 � p)) is
the Bernoulli entropy. We write these “maximum entropy”
(ME) variants asL ME � SSDL , L ME � SLDS , andL ME � full .
(Zhou et al. (2022) also includes a pseudo-labeling compo-
nent, but we omit this because Zhou et al. (2022) shows that
it provides only a small improvement.)

4. Experiments

In this section we investigate the performance of SINR
models on four species and environmental prediction tasks.

4.1. Models

As described in Section 3.1, our SINR models consist of a
location encoderf � and a multi-label classi�erh� which
produce a vector of predictionŝy = h� (f � (x)) for a loca-
tion x. The location encoderf � is implemented as the fully
connected neural network shown in Figure A3. We imple-
ment the multi-label classi�erh� as a single fully connected
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Figure 3. Visualization of the256-dimensional features from learned location encodersf � projected to three dimensions using Independent
Component Analysis (ICA). All models use theL AN � full loss and take coordinates as input.(Left)This corresponds to a SINR model
trained with a maximum of10examples per class. The features are smooth and do not appear to encode much high frequency spatial
information.(Right)In contrast, the SINR model trained with a maximum of1000examples per class contains more high frequency
information. The increase in training data appears to enable this model to better encode spatially varying environmental properties. Note,
ICA is performed independently per-model, so similar colors do not indicate correspondence between the two images.

layer with sigmoid activations. For fair companions, we
follow a similar architecture to Mac Aodha et al. (2019).
Full implementation details can be found in Appendix C.

Besides SINR, we study two other model types. The �rst
is logistic regression (Pearce & Ferrier, 2000), in which the
location encoderf � is replaced with the identity function
andh� is unchanged. Logistic regression is commonly used
for SDM in the ecology literature. It also has the virtue of
being highly scalable since it can be trained using GPU-
accelerated batch-based optimization. The second type of
non-SINR model is the discretized grid model. These mod-
els do not use a location encoder at all, but instead make
predictions based on binning the training data (Berg et al.,
2014). Full details for these models can be found in Ap-
pendix C. These baselines allow us to quantify the impor-
tance of the deep location encoder in our SINR models.

4.2. Training Data

We train our models on presence-only species observation
data obtained from the community science platform iNat-
uralist (iNa). The training set consists of 35.5 million ob-
servations covering 47,375 species observed prior to 2022.
Each species observation includes the geographical coor-
dinate where the species was observed. We only included
species in the training set if they had at least 50 observations.
Some species are far more common than others, and thus
the dataset is heavily imbalanced (see Figure A5). Later
we use this data in its entirety during training (“All”), with
different maximum observations per class (“X / Class”), or
with different subsets of classes. See Appendix D for more
details on the training dataset.

4.3. Evaluation Tasks and Metrics

We propose four tasks for evaluating large-scale species
range estimation models. We give brief descriptions here,
and provide further details in Appendix E.

S&T: eBird Status and Trends. This task quanti�es
the agreement between our presence-only predictions and
expert-derived range maps from theeBird Status & Trends
dataset (Fink et al., 2020), covering 535 bird species with a
focus on North America. The spatial extent of this task is vi-
sualized in Figure A6. Performance is measured using mean
average precision (MAP), i.e. computing the per-species
average precision (AP) and averaging across species.

IUCN: Expert Range Maps. This task compares our pre-
dictions against expert range maps from the International
Union for Conservation of Nature (IUCN) Red List (IUC).
Unlike the bird-centricS&T, this task covers 2,418 species
from different taxonomic groups, including birds, from all
over the world. The spatial extent of this task is visualized
in Figure A6. Performance is measured using MAP.

Geo Prior: Geographical Priors for Image Classi�cation.
This task measures the utility of our range maps as pri-
ors for �ne-grained image classi�cation (Berg et al., 2014;
Mac Aodha et al., 2019). As illustrated in Figure 1, we com-
bine the output of an image classi�er with a range estimation
model and measure the improvement in classi�cation ac-
curacy. The intuition is that an accurate range model can
downweight the probability of a species if it is not typically
found at the location where the image was taken. For this
task we collect 282,974 images from iNaturalist, covering
39,444 species from our training set. Each image is accom-
panied by the latitude and longitude at which the image was
taken. The performance metric for this task (“� Top-1”) is
the change in image classi�er top-1 accuracy when using
our range predictions as a geographical prior. Note that the
geographical prior is applied to the classi�er at test time –
the image classi�er is not trained with any geographical in-
formation. A positive value indicates that the prior improves
classi�er performance. UnlikeS&T andIUCN, this is an
indirect evaluation of range map quality since we assess
how useful the range predictions are for a downstream task.
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Table 1. Results for four geospatial tasks:S&T (eBird Status & Trends species mapping),IUCN (IUCN species mapping),Geo Prior
(�ne-grained image classi�cation with a geographical prior), andGeo Feature(geographical feature regression). Tasks and metrics are
de�ned in Section 4.3.We assess performance as a function of the loss function and the amount of training data (“# / Class”). Model
inputs may be coordinates (“Coords.”), environmental features (“Env.”) or both (“Env. + Coords.”). The logistic regression (“LR”) and
“Best Discretized Grid” baselines do not have an entry for theGeo Featuretask as they do not learn a location encoder. We also do not
evaluate models tagged with “Env.” on theGeo Featuretask because they are trained on closely related environmental features. Higher
values are better for all tasks.

S&T IUCN Geo Prior Geo Feature
Loss Model Type # / Class (MAP) (MAP) (� Top-1) (MeanR2)
Baselines:
N/A Best Discretized Grid (Berg et al., 2014) All 61.56 37.13 +4.1 -
L AN � full LR (Pearce & Ferrier, 2000) - Coords. 1000 26.41 0.93 -0.6 -
L AN � full LR (Pearce & Ferrier, 2000) - Env. 1000 32.91 1.23 -5.6 -
L AN � full LR (Pearce & Ferrier, 2000) - Env. + Coords. 1000 35.42 1.11 -3.9 -
L ME � SSDL (Zhou et al., 2022) SINR - Coords. 1000 62.74 42.55 +1.6 0.726
L ME � SLDS (Zhou et al., 2022) SINR - Coords. 1000 74.37 32.22 +2.1 0.734
L ME � full (Zhou et al., 2022) SINR - Coords. 1000 73.61 58.60 +1.5 0.749
L GP (Mac Aodha et al., 2019) SINR - Coords. 1000 73.14 59.51 +5.2 0.724

L AN � SSDL SINR - Coords. 10 51.12 27.63 +3.4 0.631
L AN � SSDL SINR - Coords. 100 63.98 47.42 +4.7 0.721
L AN � SSDL SINR - Coords. 1000 66.99 53.47 +4.9 0.744
L AN � SSDL SINR - Coords. All 68.36 55.75 +4.8 0.739
L AN � SLDS SINR - Coords. 10 63.73 27.14 +4.6 0.693
L AN � SLDS SINR - Coords. 100 72.18 38.40 +6.1 0.731
L AN � SLDS SINR - Coords. 1000 76.19 42.26 +6.2 0.739
L AN � SLDS SINR - Coords. All 75.78 41.11 +6.1 0.748
L AN � full SINR - Coords. 10 65.36 49.02 +4.3 0.712
L AN � full SINR - Coords. 100 72.82 62.00 +6.6 0.736
L AN � full SINR - Coords. 1000 77.15 65.84 +6.1 0.755
L AN � full SINR - Coords. All 77.94 65.59 +5.0 0.759
L AN � full SINR - Env. 10 60.10 41.68 +3.8 -
L AN � full SINR - Env. 100 74.54 66.64 +6.7 -
L AN � full SINR - Env. 1000 79.65 70.54 +6.4 -
L AN � full SINR - Env. All 80.54 69.25 +5.3 -
L AN � full SINR - Env. + Coords. 10 67.12 62.99 +4.7 -
L AN � full SINR - Env. + Coords. 100 76.88 74.49 +6.8 -
L AN � full SINR - Env. + Coords. 1000 80.48 76.07 +6.5 -
L AN � full SINR - Env. + Coords. All 81.39 74.67 +5.5 -

Geo Feature: Environmental Representation Learning.
Instead of evaluating the species predictions, this transfer
learning task evaluates the quality of the underlying geospa-
tial representation learned by a SINR. The task is to predict
nine different geospatial characteristics of the environment,
e.g. above-ground carbon, elevation, etc. First, we use the
location encoderf � to extract features for a grid of evenly
spaced locations across the contiguous United States. After
splitting the locations into train and test data, we use ridge
regression to predict the geospatial characteristics from the
extracted features. Performance is evaluated using the coef-
�cient of determinationR2 on the test set, averaged across
the nine geospatial characteristics.

4.4. Results

Which loss is best?No loss is best in every setting we con-
sider. However, some losses do tend to perform better than
others. In Table 1 we observe that, when we control for input

type and the amount of training data,L AN � full outperforms
L AN � SSDL andL AN � SLDS most of the time.L AN � full has
a decisive advantage on theS&T andIUCN tasks and a con-
sistent but small advantage on theGeo Featuretask. Both
L AN � full andL AN � SLDS perform well on theGeo Prior
task, signi�cantly outperformingL AN � SSDL . We note that
L AN � full is a simpli�ed version ofL GP from Mac Aodha
et al. (2019), butL AN � full outperformsL GP on every task.

Pseudo-negatives that follow the data distribution are
usually better. L AN � SSDL andL AN � SLDS differ only in
the fact thatL AN � SSDL samples pseudo-negatives from ran-
dom locations whileL AN � SLDS samples pseudo-negatives
from data locations (see Figure 2). In Table 1 we see
thatL AN � SLDS outperformsL AN � SSDL for all tasks except
IUCN. This could be due to the fact that someIUCN species
have ranges far from areas that are well-sampled by iNatu-
ralist. As we can see in Figure A2 (Black Oystercatcher),
L AN � SSDL can behave poorly in areas with little training
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Figure 4. Results for theS&T andIUCN tasks. All models are
trained with 1000 examples per class using theL AN � full loss. We
compare logistic regression (“LR”) models against SINR models,
using either coordinates (C), environmental covariates (E), or both
(C+E) as inputs. These values can also be found in Table 1.

data. This highlights the importance of using diverse tasks
to study range estimation methods.

Implicit neural representations signi�cantly improve per-
formance. We can assess the impact of the deep location
encoder by comparing SINR and LR in models Table 1. For
instance, if we use theL AN � full loss with 1000 examples
per class and coordinates as input, SINR outperforms LR by
over 50 MAP on theS&T task. Both methods use the same
inputs and training loss – the only difference is that SINR
uses a deep location encoder while LR does not. Figure 4
shows that same pattern holds whether we use coordinates,
environmental features, or both as inputs. For each input
type, a deep location encoder provides signi�cant bene�ts.

Environmental features are not necessary for good per-
formance. In Figure 4 we show theS&T andIUCN per-
formance of different models trained with coordinates only,
environmental features only, or both. We see that SINR mod-
els trained with coordinates perform nearly as well as SINR
models trained with environmental features. For the SINR
models in Figure 4, coordinates are 97% as good as environ-
mental features for theS&T task, 93% as good for theIUCN
task, and 95% as good for theGeo Priortask. This suggests
that SINRs can successfully use sparse presence-only data
to learn about the environment, so that using environmental
features as input provides only a marginal bene�t.

Coordinates and environmental features are complemen-
tary. Figure 4 shows that it is better to use the concatenation
of coordinates and environmental features than it is to use
either coordinates or environmental features alone. This is
true for LR and SINR. This indicates that the coordinates
and environmental features are carrying some complemen-
tary information. However, as we discuss in Appendix B.2,
environmental features introduce an additional layer of com-
plexity compared to models that use only coordinates.

Joint learning across categories is bene�cial, but more
data is better. In Figure 5 we study the effect of the amount
of training data on performance for theS&T task. We �rst
note that, unsurprisingly, increasing the number of training
examples per species reliably and signi�cantly improves

Figure 5. S&T task performance withL AN � full as a function of
the number of training examples per class (i.e. species) and number
of classes. The horizontal axis gives the set of species used for
training. “S&T” indicates that we only train on the 535 species
in the S&T task. For “S&T + X” we add in X species chosen
uniformly at random. For “All” we train on all 47k species. Note
that the “10 / Class” point for “S&T” is trained with a higher
learning rate than usual (5e� 3 instead of5e� 4) due to the small
number of training examples per epoch. The values for “All” are
also present in Table 1. All models use coordinates as input.

performance. One possible mechanism for this is suggested
by Figure 3, which shows a more spatially detailed represen-
tation emerging with more training data. More interestingly,
Figure 5 also shows that adding training data for additional
species (which are not evaluated at test time) improves per-
formance as well. That is, the model can better predict the
distributions of theS&T birds by also learning the distribu-
tions of other birds, plants, insects, etc. Intuitively, it seems
reasonable that training on more species could lead to a
richer and more useful geospatial representation. However,
the direct bene�t of additional training data for the species
of interest is far larger. If we were given a �xed budget of
training examples to allocate among species as we wished,
we should prefer to have a larger number of training ex-
amples per species (instead of fewer training examples per
species, but spread across a greater number of species).

Low-shot performance is surprisingly good.In Table 1 we
see that a SINR trained withL AN � full and only 10 examples
per category (i.e.� 1% of the training data) beats the “Best
Discretized Grid” baseline (which uses all of the training
data) on every task. SINRs seem to be capable of capturing
general spatial patterns using relatively little data. While
this is encouraging, we expect that more data is necessary
to capture �ne detail as suggested by Figure 3 and Figure 7.

How are our tasks related? In this work we study four
spatial prediction tasks. This tasks differ in their spatial do-
mains, evaluation metrics, and categories of interest, but it is
reasonable to wonder to what extent they may be related. In
Figure 6 we show the pairwise correlations between scores
on our tasks. Some tasks are highly correlated (e.g.S&T
andGeo Features, 0.92) while others are not (e.g.IUCN
andGeo Prior, 0.39).
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Figure 6. Performance correlations across our four tasks:S&T,
IUCN, Geo Prior (GP), andGeo Feature(GF). Values are Pearson
product-moment correlation coef�cients. The correlations are
computed across 12 SINR models:L AN � SSDL , L AN � SLDS , and
L AN � full for 10, 100, 1000, and All training examples per class.
All models use coordinates as input.

Imbalance hurts performance, but not too much. In
Table 1 we notice that a SINR trained with all of the training
data often performs worse than a SINR trained on up to 1000
examples per class. This pattern is clearest for theIUCN and
Geo Prior tasks. Capping the number of training examples
per class reduces the amount of training data, but it also
reduces class imbalance in the training set (some categories
have as many as� 105 training examples). It seems that the
bene�t of reducing class imbalance outweighs the bene�t
of additional training data in these cases. However, it is
important to keep in mind that the performance drops we
are discussing are small. For instance, for a SINR trained
with L AN � full and coordinates as input, switching from
1000 training examples to all of the training data changes
performance by -0.79 MAP for theS&T task, -0.25 MAP
for the IUCN task, -1.1� Top-1 for theGeo Prior task,
and +0.004 for theGeo Featuretask. Given the extreme
imbalance in the training set and the fact that we do not
explicitly handle class imbalance during training, it may be
surprising that the performance drops are not larger.

Loss function rankings may not generalize across do-
mains. The presence-only SDM problem in this work and
the single positive image classi�cation problem in Cole et al.
(2021) are both SPML problems. Despite this formal equiv-
alence, it does not seem that the best methods for SPML
image classi�cation are also the best methods for presence-
only SDM. Zhou et al. (2022) show that their “maximum
entropy” loss performs much better than the “assume nega-
tive” loss across a number of image classi�cation datasets.
However, all of the “maximum entropy” losses in Table 1
(L ME � SSDL , L ME � SLDS , L ME � full ) underperform their
“assume negative” counterparts (L AN � SSDL , L AN � SLDS ,
L AN � full ). Thus, the benchmarks in this paper are comple-
mentary to those in Cole et al. (2021) and may be useful in
developing a more holistic understanding of SPML learning.

4.5. Limitations
It is important to be aware of the limitations associated
with our analysis. As noted, the training set is heavily
imbalanced, both in terms of the species themselves and
where the data was collected. In practice, some of the most
biodiverse regions are underrepresented. This is partially
because some species are more common and thus more
likely to be observed than others by iNaturalist users. We
do not explicitly deal with species imbalance in the training
data, other than by showing that the ranking of methods
does not signi�cantly vary even when the training data for
each species is capped to the same upper limit (see Table 1).

Reliably evaluating the performance of SDMs for many
species and locations is a long standing challenge. To ad-
dress this issue, we present a suite of complementary bench-
marks that attempt to evaluate different facets of this spatial
prediction problem. However, obtaining ground truth range
data for thousands of species remains very dif�cult. While
we believe our benchmarks to be a signi�cant step forward,
they are likely to have blind spots, e.g. they are limited to
well-described species and can contain inaccuracies.

Finally, care should be taken before making conservation
decisions based on the outputs of models such as the ones
presented here. Our goal in this work is to demonstrate the
promise of large-scale representation learning for species
distribution modeling. Our models have not been calibrated
or validated beyond the experiments illustrated above.

5. Conclusion

We explored the problem of species range mapping through
the lens of learning spatial implicit neural representations
(SINRs). In doing so, we connected recent work on im-
plicit coordinate networks and learning multi-label classi-
�ers from limited supervision. We hope our contributions
encourage more machine learning researchers to work on
this important problem. While the initial results are encour-
aging, there are many avenues for future work. For example,
our models make no use of time (Mac Aodha et al., 2019),
do not account for spatial bias (Chen & Gomes, 2019), and
have no inductive biases for encoding spatially varying sig-
nals (Ramasinghe & Lucey, 2022).
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Figure 7. Visualization of SINR predictions for Wood Thrush when varying the amount of training data (rows) for different loss functions
(columns). Model predictions are generated at the centroid of the rendered hexagons for a coarse H3 grid (resolution three), signifying
locations where we can evaluate the model outputs for theS&T task. We convert the predictions to binary values using the threshold that
maximizes the F1 score on theS&T data. This is done for each con�guration independently. In practice this threshold would be chosen by
a practitioner to meet particular project requirements. A model that matches theS&T task exactly would show only green and light grey
hexagons. All models improve their range maps when given access to more data, as expected.L AN � SSDL overestimates the western
range extent and misses the southern extent with few examples, but re�nes these extents with additional data.L AN � full starts off with
most of the range covered (few “False Negative” hexagons) and proceeds to tighten the boundaries with more data. The range predicted
by L AN � SLDS is somewhere in between. All models use coordinates as input.
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Sitzmann, V., Zollḧofer, M., and Wetzstein, G. Scene repre-
sentation networks: Continuous 3d-structure-aware neu-
ral scene representations.NeurIPS, 2019.

11



Spatial Implicit Neural Representations for Global-Scale Species Mapping

Skreta, M., Luccioni, A., and Rolnick, D. Spatiotemporal
features improve �ne-grained butter�y image classi�ca-
tion. In Tackling Climate Change with Machine Learning
Workshop at NeurIPS, 2020.

Tancik, M., Srinivasan, P., Mildenhall, B., Fridovich-Keil,
S., Raghavan, N., Singhal, U., Ramamoorthi, R., Barron,
J., and Ng, R. Fourier features let networks learn high
frequency functions in low dimensional domains. In
NeurIPS, 2020.

Tang, K., Paluri, M., Fei-Fei, L., Fergus, R., and Bourdev,
L. Improving image classi�cation with location context.
In ICCV, 2015.

Tang, L., Xue, Y., Chen, D., and Gomes, C. Multi-entity
dependence learning with rich context via conditional
variational auto-encoder. InAAAI, 2018.

Teng, M., Elmustafa, A., Akera, B., Larochelle, H., and Rol-
nick, D. Bird distribution modelling using remote sensing
and citizen science data.Tackling Climate Change with
Machine Learning Workshop, ICLR, 2023.

Terry, J. C. D., Roy, H. E., and August, T. A. Thinking
like a naturalist: Enhancing computer vision of citizen
science images by harnessing contextual data.Methods
in Ecology and Evolution, 2020.

Valavi, R., Elith, J., Lahoz-Monfort, J. J., and Guillera-
Arroita, G. Modelling species presence-only data with
random forests.Ecography, 2021.

Valavi, R., Guillera-Arroita, G., Lahoz-Monfort, J. J., and
Elith, J. Predictive performance of presence-only species
distribution models: a benchmark study with reproducible
code.Ecological Monographs, 2022.

Van Horn, G., Mac Aodha, O., Song, Y., Cui, Y., Sun, C.,
Shepard, A., Adam, H., Perona, P., and Belongie, S. The
inaturalist species classi�cation and detection dataset. In
CVPR, 2018.

Verelst, T., Rubenstein, P. K., Eichner, M., Tuytelaars, T.,
and Berman, M. Spatial consistency loss for training
multi-label classi�ers from single-label annotations. In
WACV, 2023.

Watson, R., Baste, I., Larigauderie, A., Leadley, P., Pas-
cual, U., Baptiste, B., Demissew, S., Dziba, L., Erpul,
G., Fazel, A., et al.Summary for policymakers of the
global assessment report on biodiversity and ecosystem
services of the Intergovernmental Science-Policy Plat-
form on Biodiversity and Ecosystem Services. IPBES
Secretariat, 2019.

Yang, L., Li, X., Song, R., Zhao, B., Tao, J., Zhou, S., Liang,
J., and Yang, J. Dynamic mlp for �ne-grained image

classi�cation by leveraging geographical and temporal
information. InCVPR, 2022.

Zheng, J., Ramasinghe, S., Li, X., and Lucey, S. Trading po-
sitional complexity vs. deepness in coordinate networks.
In ECCV, 2022.

Zhou, D., Chen, P., Wang, Q., Chen, G., and Heng, P.-
A. Acknowledging the unknown for multi-label learning
with single positive labels. InECCV, 2022.

12



Spatial Implicit Neural Representations for Global-Scale Species Mapping

Appendix
A. Additional Results

A.1. How much does performance vary when we re-train a SINR?

The goal of this section is to provide a sense for how much variance in the performance of a SINR is due to randomness
in the training process. We showS&T results for multiple independently trained SINRs in Figure A1. First, we observe
that (as expected) performance varies more when training on 10 examples per class than it does when training on 100 or
1000 examples per class. Second, we note that deviation from the mean is typically less than 0.5 MAP and always less than
1.0 MAP. This provides some context for understanding whether a difference between two models is likely to be “real” or
merely due to randomness.

Figure A1. S&T results for SINRs trained with theL AN � full loss and varying amounts of training data. For each training data level, we
show the mean-subtracted performance for 5 independent training runs. For this �gure, the training examples selected for each class are
re-sampled for each run. Thus, the randomness we see in this �gure combines the randomness due to retraining and the randomness
due to training data selection. Deviation from the mean is typically less the0:5 MAP, and is always less than1:0 MAP. All models use
coordinates as input.

A.2. Additional Qualitative Results

To build some intuition for the behavior ofL AN � SSDL , L AN � SLDS , andL AN � full , we compare these losses on three species
that are known to have interesting ranges in Figure A2.

B. Additional Discussion

B.1. How do the benchmark tasks proposed in this paper compare to existing SDM benchmarks?

Presence-only SDM is notoriously tricky to evaluate (Beery et al., 2021), and there are few public benchmark datasets
available for the task. Here we will discuss the two most relevant lines of prior work that have approached this evaluation
problem (one from the ecology community and one from the machine learning community), and discuss where our
benchmark is similar and different.

To the best of our knowledge, Elith et al. (2006) was the �rst attempt to systematically compare presence-only SDM
algorithms across many species and locations. That work compared 16 SDM algorithms on a collection of taxonomically-
speci�c datasets from 6 different regions, covering a total of 226 species. Presence-only data was used for training and
presence-absence data was used for evaluation. Unfortunately the data was not made publicly available until Elith et al.
(2020). There are two main issues with this benchmark. First, the benchmark is not suitable for studying large-scale joint
SDM. It has a small number of species overall, and there are at most 54 covered in any region. Second, the species in the
dataset are anonymized. This makes it impossible to use their dataset to study large-scale SDM, because we cannot increase
the size of their training with external data nor can we evaluate our trained models on their test data.
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Figure A2. Loss function comparison (columns) for three different species of birds (rows). All models were trained with 1000 examples
per class. See Figure 7 for an explanation of the plots. These species were chosen for visualization because their ranges have interesting
complementary properties. (Top Row) Barn Swallow is a species that occurs across the globe. (Middle Row) Blue Rock-Thrush is a
species whose range goes from the data richWestern Palearctic biogeographic realm, through a data sparse area, and back to a more data
rich area of eastern Asia. (Bottom Row) Black Oystercatcher is a species whose range hugs the west coast of the United States. Unlike in
other visualizations, these maps for Black Oystercatcher do not use a mask to �lter out predictions from non-land regions. Here, we
speci�cally wanted to see if the models learned to follow the coastline. We observe thatL AN � SLDS incorrectly expands the range into the
Paci�c. All models use coordinates as input.

Another line of work comes from the GeoLifeCLEF series of datasets and competitions (Botella et al., 2018a; 2019; Deneu
et al., 2020; Cole et al., 2020; Lorieul et al., 2021; 2022). These benchmarks represent an attempt to scale up presence-only
SDM, with the 2022 dataset covering 17k species with 1.6M species observations the U.S. and France. As in our benchmark,
all of their training data is drawn from community science projects. The primary limitation of the GeoLifeCLEF benchmarks
is that they use spatially biased presence-only data at test time, evaluating the problem as an information retrieval task
instead of a spatial prediction task.

Our benchmark can be viewed as a signi�cant expansion of the GeoLifeCLEF line of work. Instead of being geographically
limited to France and the U.S., we allow data from anywhere in the world. (See Figure A6 for a visualization of the
spatial coverage of theS&T andIUCN tasks.) Instead of evaluating with presence-only data, we use presence-absence data
like Elith et al. (2020). However, unlike Elith et al. (2020), we work at a large scale that allows us to study data scaling
in SDM. Our indirect evaluation tasks (Geo PriorandGeo Feature) add complementary dimensions to presence-absence
evaluation, and have no counterpart in Cole et al. (2020) or Elith et al. (2020).

B.2. Environmental Covariates vs. Coordinates

One important characteristic of any SDM is whether or not it isspatially explicit. Spatially explicit SDMs include geospatial
coordinates as part of the model input (Domisch et al., 2019). Traditional covariate-based SDMs include only environmental
features (e.g. altitude, distance to roads, average temperature, etc.) in the input (Elith & Leathwick, 2009).

Covariate-based SDMs are often understood to re�ecthabitat suitability, because they learn a relationship between
environmental characteristics and observed species occurrence patterns. A covariate-based SDM will make the same
predictions for all locations with same covariates, even if those locations are on different continents. Furthermore, covariates
sets must be selected by hand and are often limited in their spatial resolution and coverage.

By contrast, spatially explicit SDMs can model the fact that a species may be present in one location and absent in another,
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