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Abstract
1.	 The increasing volume of presence-only (PO) data generated by citizen science 

initiatives has greatly expanded biodiversity databases, but the statistical use of 
these data in species distribution models (SDMs) remains limited by strong sam-
pling biases and the absence of reliable absence information. Existing approaches 
based on Poisson point processes, such as Maxent, provide powerful tools, yet 
rely on predefined features that restrict their flexibility and scalability.

2.	 We introduce DeepMaxent, a new SDM framework that leverages neural networks 
to learn a shared, data-driven feature extractor across multiple species while re-
maining grounded in the maximum entropy principle of Maxent, enabling efficient 
learning even on very large datasets with thousands of species. DeepMaxent uses 
a normalized Poisson likelihood, which models the probability of choosing each site 
given a species, to estimate species-specific suitability surfaces directly from PO 
observations. In other words, the model predicts suitable locations for each species 
rather than predicting which species occurs at a given site.

3.	 We evaluate DeepMaxent on two contrasting datasets: the National Centre for 
Ecological Analysis and Synthesis (NCEAS) benchmark, containing six small case 
studies designed to evaluate the impact of spatial sampling biases, and the much 
larger GeoPlant, dataset covering the whole of Europe. Using PO data for calibra-
tion and independent presence–absence data for validation, DeepMaxent con-
sistently outperforms Maxent and leading deep learning-based SDMs. Compared 
with Maxent, it achieves an area under the ROC curve of 0.768 versus 0.760 on 
NCEAS, 0.860 versus 0.823 on GeoPlant and enables the use of high-dimensional 
data modalities, such as satellite images, for which Maxent is unsuitable.

4.	 DeepMaxent combines the normalized Poisson formulation of Maxent with the 
learnable features, shared among species, of deep learning approaches. This 
results in better performance than either Maxent or previous deep learning 
methods, and lower compute requirements than single-species SDMs, while the 
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1  |  INTRODUC TION

In recent years, the rapid growth of citizen science projects has con-
tributed significantly to the expansion of biodiversity databases. 
Among the different types of data collected, a large amount consists 
of presence-only (PO) observations (Bonnet et al., 2020; Callaghan 
et al., 2022). PO records have been instrumental in improving our 
understanding of species distributions and helping inform conserva-
tion strategies (Carvalho et al., 2011; Guisan et al., 2013).

Maxent (Phillips et  al.,  2006) is one of the most widely used 
and effective methods for species distribution model (SDM) based 
on PO data (Elith et  al.,  2006, 2020; Valavi et  al.,  2022; Warren & 
Seifert, 2011). Maxent generates a relative probability of species oc-
currence across space as a function of environmental variables. This 
function is applied to various predefined transformations of input envi-
ronmental variables. Maxent's output can be interpreted as the proba-
bility of observing the species in each site relative to the other sites and 
knowing that it has been observed once. This probability estimate of 
Maxent is actually equivalent to the one that is derived from a related 
Poisson regression or a spatially discretized Poisson process (Renner & 
Warton, 2013). Maxent's name arises from the fact that its formulation 
leads to finding, among all solutions that fit the PO training data, the 
one that maximizes the entropy of this spatial probability distribution. 
This behaviour, in which spatially smooth solutions are favoured for 
regions with sparse PO data, contributed to Maxent's robust perfor-
mances against many other SDM methods under such data regimes 
and in diverse contexts (Elith et al., 2006; Valavi et al., 2022).

Yet, a major issue when calibrating SDMs using PO data is spa-
tial sampling bias, which leads to clustering of PO records in areas 
with high sampling effort, typically of higher accessibility or greater 
human activity. Such bias can distort SDM outputs, leading to in-
accurate species distribution estimates (Fithian et al., 2015; Phillips 
et al., 2009; Yackulic et al., 2013).

A wide range of strategies have been proposed to correct for spa-
tial sampling bias in SDMs, including methods based on background 
points manipulation, spatial filtering of records or explicit bias mod-
elling (Boria et  al., 2014; Fithian et  al., 2015; Phillips et  al., 2009). 
Specifically for Maxent, Phillips et al.  (2009) proposed the Target-
Group Background correction (hereafter TGB), which restricts 
the background sites used by Maxent to those where at least one 
species was observed among a Target Group (TG) of species. This 
TG should contain species being sampled along with the focal one. 
Phillips et al. (2009) evaluated the TGB correction with Maxent on a 
large standardized dataset. This correction was also robust in later 

studies (Fourcade et al., 2014). Besides its simplicity and empirical 
robustness, the TGB correction also comes with theoretical guar-
antees. Indeed, with the assumptions that all species occurrences 
are drawn from independent Poisson point processes thinned by 
a same sampling bias, as it is often assumed (Botella et  al.,  2021; 
Fithian et al., 2015), and that the TG species cumulated intensities 
are constant, TGB yields an unbiased estimate of the species rela-
tive intensity across sites (Botella et al., 2020), which then applies 
within Maxent (Renner & Warton, 2013). More recent studies have 
proposed other bias corrections in the context of deep learning-
based SDMs (deepSDMs), by adapting the loss function to weight 
presences and background points (Gillespie et  al.,  2024; Zbinden 
et al., 2024).

Feature design, that is, the definition of pre-defined transfor-
mations (features) of the input variables, is an important step in 
traditional SDMs, including Maxent (Komori et al., 2024; Phillips & 
Dudík, 2008). Deep learning is a family of data-driven methods that 
removes the need for feature design by allowing the model to learn 
arbitrary non-linear features from the data using neural networks, 
backpropagation and stochastic gradient descent (Goodfellow 
et al., 2016; Hornik et al., 1989; LeCun et al., 1989). While other ap-
proaches are also capable of learning non-linear relationships, such 
as Generalized Additive Models, Multivariate Adaptive Regression 
Splines or Boosted Regression Trees (BRT), and have been used for 
SDMs (Phillips et al., 2009), deep learning methods offer a broader 
and more flexible class of models that can automatically learn rich, 
hierarchical features while integrating efficient regularization strate-
gies to mitigate overfitting (LeCun et al., 2015; Schmidhuber, 2015). 
Additionally, like other multi-species SDMs do, although typi-
cally restricted to the linear case (Ovaskainen, Tikhonov, Norberg, 
et  al.,  2017; van der Veen et  al.,  2023). deepSDMs can also learn 
shared features to simultaneously predict multiple species distribu-
tions. Furthermore, these learnt features tend to be more predic-
tive and robust the more species are included (Botella et al., 2018; 
Chen et al., 2017), leading to a recent interest in deep learning for 
multi-SDMs (Kellenberger et  al.,  2024). In addition, deepSDM ar-
chitectures can capture predictive features from structured and 
high-dimensional input data, such as remote sensing imagery (; 
Deneu et  al.,  2021; Estopinan et  al.,  2022, 2024). In spite of this, 
deepSDM performance have remained limited so far when using 
low-dimensional input variables (Zbinden et al., 2024). Besides, they 
remain susceptible to sampling biases (Zbinden et al., 2024), and po-
tentially amplifying them due to their capacity of fitting arbitrary 
functions.

formulation makes the method compatible with the integration of survey data to 
further improve sampling bias correction.

K E Y W O R D S
deep learning, DeepMaxent, maximum entropy principle, neural networks, presence-only data, 
sampling bias, species distribution model, Target-Group Background
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    |  3RYCKEWAERT et al.

In this study, we propose DeepMaxent, a method that combines 
the Maxent principle of maximum entropy with the data-driven feature 
extraction capabilities of deep learning methods. The DeepMaxent 
model uses PO data to jointly learn shared latent features and the 
functions that map from these features to the probability distribution 
across sites for each species. We propose a loss function, hereafter the 
DeepMaxent loss, that generalizes Maxent for modelling the probabil-
ity function with a wider class of functions, including neural networks, 
preserving the equivalence with the Poisson regression loss (Renner & 
Warton, 2013). In contrast to loss functions often used for deepSDMs, 
which attempt at modelling the relative probability of each species 
given a site, DeepMaxent aims at modelling the probability of select-
ing each site for an observation given a species, as done in Maxent (see 

Figure 1). Note that the latter is an easier objective, since modelling the 
relative probability of each species given a site requires capturing the 
relative abundances between species. Unlike the original Maxent loss, 
which is optimized accounting for the whole dataset at every optimiza-
tion step, we adopt a mini batch-based approach to ensure scalability 
in terms of data and model size. We show that the global minimizer of 
such loss is the same as the one using the full dataset to inform each 
optimization step. Similarly to Maxent, we show how the TGB correc-
tion can be implicitly incorporated into DeepMaxent to efficiently mit-
igate spatial sampling bias. We evaluate DeepMaxent and compare it 
to alternative methods on two reference benchmarks (Elith et al., 2020; 
Picek et al., 2025), both encompassing PO data for SDM training and 
presence–absence (PA) data for evaluation. We carried an extensive 

F I G U R E  1  Illustration of three species distribution modelling approaches (Maxent, DeepMaxent, and a common cross-entropy [CE]). 
Maxent relies on handcrafted environmental features and trains an independent model for each species. DeepMaxent uses a single 
deep learning model to predict multiple species simultaneously, incorporating batch normalization across samples to standardize feature 
representations. In contrast, the commonly used CE loss approach applies normalization along the species dimension, focusing on predicting 
the presence of species at each site rather than modelling species jointly.
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4  |    RYCKEWAERT et al.

comparative evaluation on the National Centre for Ecological Analysis 
and Synthesis (NCEAS) dataset (Elith et al., 2020), comprising six distinct 
regions and different biological groups. We compare DeepMaxent to 
alternative loss functions (Poisson, Cross-Entropy [CE] across species, 
Binary Cross Entropy [BCE]) with or without the TGB correction, and to 
various state-of-the-art SDMs, notably Maxent and other multi-species 
deepSDM. We also conduct sensitivity and ablation studies on this 
dataset to assess the importance of DeepMaxent's hyper-parameters 
and components. We conduct additional experiments on the GeoPlant 
dataset (Picek et  al.,  2025), including an independent comparison of 
DeepMaxent and Maxent, and an illustration of how DeepMaxent can 
leverage remote sensing input data with an assessment of the related 
performance gains compared to tabular climatic data.

2  |  MATERIAL S AND METHODS

2.1  |  DeepMaxent: Maximum entropy principle for 
SDMs based on neural networks

2.1.1  |  A generalization of Maxent's loss function

We introduce here the statistical model underlying the investigated 
methods. We consider a geographic domain  ⊂ ℝ

2 composed of K non-
overlapping spatial areas d1, … , dK ⊂  (e.g. a regular mesh), hereafter 
called sites. We consider N ∈ ℕ

∗ species indexed by j, and note yij ∈ ℕ 
the count of PO observations for species j in site i ∈

[

1,K
]

. For each site 
i ∈

[

1,K
]

, we have covariates xi ∈ ℝ
P typically encoding environmental 

factors (e.g. climate or soil properties), as well as positive intensity val-
ues 𝜆ij > 0 for and species j. We further assume �ij to be a parametric 
function of the covariates of the form �ij = �j

(

xi

)

, where we explicitly 
define �j :ℝP

→ ℝ+ as a positive intensity function mapping site-level 
covariates to expected counts. This function is then parametrized as 
�j
(

xi

)

= exp
(

bj + f�j

(

xi

)

)

 with real parameters bj , �j. The function f�j can 
be an arbitrary mapping f�j :ℝ

P
→ ℝ. In a Poisson regression setting, the 

counts yij are modelled as Poisson random variables yij ∼ 
(

�ij
)

 where 
these counts are independent between sites and species. This Poisson 
regression model notably corresponds to the discrete approximation of 
a spatial Inhomogeneous Poisson Process (IPP), and is very often used 
for SDMs (Renner et al., 2015) with a known equivalence to Maxent 
when f�j is linear in xi (Renner & Warton, 2013). Such discretization is 
common and handful to avoid the computational burden of fitting an 
IPP on a continuous spatial domain where covariates vary at high resolu-
tion, and it makes particular sense when covariates come from a stack 
of geographic rasters.

We note for convenience the intensity values (i.e. model predicted 
counts) across all sites and species by the matrix � =

{

�ij
}K,N

i=1,j=1
∈ ℝ

K×N
+

,  
and similarly Y =

{

yij
}K,N

i=1,j=1
∈ ℕ

K×N
+

 for the PO count data. The nega-
tive log-likelihood of the above described Poisson regression, hereaf-
ter the Poisson loss, is written in Equation (1).

The parameters' estimates for the Poisson loss (i.e. the maximum 
likelihood estimates of the Poisson regression) can then be noted 
(

b̂


1
, … , b̂



N
, �̂



1
, … , �̂



N

)

= argmin
b1,… ,bN ,�1,… ,�N

ℒ

(�,Y). It is noteworthy that, 

due to the equivalence from Renner and Warton  (2013), the sites 
included in the terms of Equation (1) can be interpreted as the back-
ground sites (or points) of Maxent (Phillips et al., 2009), as developed 
in the dedicated section below.

We introduce in Equation  (2) a new loss ℒ
ℋ

 derived from the 
Poisson loss of Equation  (1), named DeepMaxent loss. We can see 
from this equation that the DeepMaxent loss is a modification of the 
Poisson loss where the counts yij and intensity values �ij are normalized 
by their sum over sites, and each species term is weighted by the spe-
cies total PO count. The loss measures the discrepancy between the 
observed and predicted probability distributions of PO across sites for 
each species. Indeed, Equation (2) corresponds to a weighted sum of 
species-wise CE losses (or Kullback–Leibler divergences) between the 
empirical and predicted distribution of PO records over sites.

We show in Appendix A.1 that the DeepMaxent loss generalizes 
the loss of Maxent to intensity models �ij = exp

(

bj + f�j

(

xi
)

)

 which are 
not necessarily log-linear, for example, when f  is built on neural net-
works, and obviously to multiple species. That is, if �ij is log-linear, the 
DeepMaxent loss is equivalent to the one of Maxent. Furthermore, 
Appendix A.1 shows that we preserve the equivalence with the Poisson 
estimate from Renner and Warton (2013) for non log-linear intensities: 
The global minimizer of the DeepMaxent loss for the parameters of the 
probability distribution across sites 

(

�̂
ℋ

1
, … , �̂

ℋ

N

)

 is equal to the one of 
the Poisson loss 

(

�̂


1
, … , �̂



N

)

 of Equation (1), and the difference with 
the Poisson loss is that the latter provides an estimate for bj. Although 
bj is not identifiable under the DeepMaxent loss, as it cancels out in 
Equation (2), we consider it for consistency across all losses introduced 
and tested below, including the Poisson loss.

2.1.2  |  Feature extraction using neural networks

In Maxent, the intensity is defined as a log-linear function of a fea-
ture vector f(x), composed of pre-determined transformations of x . 
We extend the principle of Maxent by replacing f(x) with a feature 
extractor instantiated as a neural network g� :ℝP

↦ ℝ
C parametrized 

by �, where C is the dimensionality of the last hidden representa-
tion. The output g�(x) ∈ ℝ

C is a shared latent representation across 
all species, as illustrated in Figure B1. The intensity function �j(x) of 
species j in DeepMaxent is then given by:

(1)ℒ

(�,Y) =

1

KN

K
∑

i= 1

N
∑

j= 1

(

�ij − yij log �ij
)

,

(2)

ℒ
ℋ(�,Y)= −

1

KN

N
�

j=1

K
�

i=1

yij log

�

�ij
∑K

k=1
�kj

�

= −
1

KN

N
�

j=1

�

K
�

k=1

ykj

�

K
�

i=1

�

yij
∑K

k=1
ykj

�

log

�

�ij
∑K

k=1
�kj

�

(3)�j(x) = exp

(

C
∑

c= 1

� jcg�(x)c + bj

)

,
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    |  5RYCKEWAERT et al.

where � j ∈ ℝ
C is the species-specific weight vector and bj ∈ ℝ is the 

species-specific intercept. Collectively, the weight vectors for all spe-
cies form the matrix Γ ∈ ℝ

N×C, and the intercepts form the vector 
b ∈ ℝ

N. The function g� can automatically learn complex, non-linear 
relationships between environmental variables and the presence 
of multiple species from the data, potentially enabling the model to 
identify environmental patterns that cannot be captured by a linear 
mapping. With this multi-species architecture, similarly to many earlier 
deepSDM implementations, we have one shared g� across all species, 
which offers a key computational advantage compared to training one 
DeepMaxent model per species, given the complexity of g�. Indeed, at 
each gradient descent step, g� and its gradient are computed only once 
per site, independent of the number of species. Besides, sharing this 
representation of the environment across species yielded more robust 
performances in deepSDMs (Botella et al., 2018), especially for data-
poor species.

2.1.3  |  Batched algorithm and partition function 
approximation in DeepMaxent

One of the challenges of adapting Maxent to a deep learning frame-
work is the computation of the partition functions 

∑

k�kj for species 
j, corresponding to the denominator in Equation (2), which normal-
izes the predicted intensity �j(x) over the K sites. This may become 
problematic when the number of observed sites increases, which 
often happens when considering a large geographic domain or a 
finer spatial resolution. In this case, the number of terms K in the 
partition function becomes large, making it challenging to compute 
it exactly. To address this challenge efficiently, we leverage stand-
ard stochastic optimization techniques widely used in deep learn-
ing (e.g. mini-batch Stochastic Gradient Descent; Bottou,  1991), 
with the specificity that we approximate the normalization within 
mini-batches. Specifically, we compute the loss function on a small 
random subset of sites B ⊂ {1, … ,K}, called mini-batch, hence nor-
malizing the intensities within the mini-batch. The mini-batch-wise 
loss is then written as follows:

Note that the denominator 
∑

i∈B�j
�

xi

�

 is strictly positive under 
typical model assumptions where the Poisson intensity functions 
�j
(

xi

)

 are positive. However, the denominator 
∑

i∈Byij, representing 
the count sum for class j in the mini-batch, may be zero if no samples 
of class j are present in the mini-batch. In practice, this requires ei-
ther ensuring that each mini-batch contains at least one example of 
every class to avoid division by zero, or the addition of a small, but 
positive, ϵ. This mini-batch-wise loss makes the model optimization 
computationally feasible by computing it one mini-batch at a time 
and avoiding computing the full partition functions for every itera-
tion, and thus allows it to be scalable to large domains and trained 

efficiently with any optimiser based on random mini-batches, such 
as the commonly used Adam (Kingma, 2014). However, it must be 
noted that the batch-wise loss is not a simple approximation of the 
full loss as, for instance, the normalized occurrences tend to have a 
larger value for smaller mini-batches. Nevertheless, we provide the 
mathematical guarantee that, for any mini-batch size n (1 < n < K  ), 
minimizing the model loss on all mini-batches also minimizes the 
full loss (see Appendix  A.2). This suggests that our final estima-
tor should be close to the global minimizer of the full loss, even 
though there is not guarantee to obtain the latter due to the non-
convexity induced by the non-linear feature extractor. Similarly to 
supervised contrastive methods (Khosla et al., 2020), the intensity 
predictions could become more specific, and more concentrated 
around the occurrences, as the mini-batch size increases. A small 
mini-batch size could, on the other hand, result in smoother spe-
cies intensities. Therefore, we tested the impact of the mini-batch 
size during training on the final predictions of DeepMaxent. Note 
that, given the expression of �j

(

xi

)

 in Equation  (3), the normalized 
intensities across the mini-batch B used in Equation (4) are given by 
exp

�

𝛾⊤
j
g𝜃
�

xi

�

�

∕
∑

k∈B exp
�

𝛾⊤
j
g𝜃
�

xk

�

�

. This is a particular case of the 
normalization function commonly referred to as softmax, applied to 
the logits 𝛾⊤

j
g𝜃
(

xk

)

 over the mini-batch B.

2.1.4  |  Spatial sampling bias correction with TGB 
correction

When occurrence concentration is biased by spatial variations in 
sampling effort, a popular SDM correction approach is the TGB 
method (Phillips et al., 2009), which was initially proposed to correct 
sampling bias in Maxent. The method basically approximates the 
spatial sampling effort through the distribution of occurrences of a 
TG of species, providing background points to Maxent for each site 
where TG species were reported. In other words, TGB restricts the 
study domain to the sites with at least an evidence of sampling effort 
(one observation), which reduces the problem of false absences. The 
strategy is expected to work when TG species are reported jointly 
with the focal species (e.g. the TG is a biological group targeted by 
the same citizen science programme).

In DeepMaxent, which models multiple species simultaneously, 
the TGB strategy emerges implicitly by considering all samples 
within a mini-batch in the computation of the partition function. 
This makes the implementation of TGB particularly efficient, as the 
calculation of the intensity prediction for each species is recycled to 
be used for the TGB-enhanced partition function.

2.1.5  |  L2-regularization implementation in 
DeepMaxent

Maxent makes use of L1 penalization, on the species weights � j that 
model the relation between the features and the density prediction. 
The L1 term, known as LASSO penalty, encourages � j to become 

(4)

ℒ

�

�̃i∈B, Ỹi∈B

�

= −
1

∣ B ∣ N

�

i∈B

N
�

j= 1

yij
∑

i∈Byij + ϵ
log

�

�j
�

xi

�

∑

i∈B�j
�

xi

�

�

.
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6  |    RYCKEWAERT et al.

sparse, thus selecting a subset of features. The L1 regularization is 
important in Maxent due to a number of features that grows more 
than quadratically with the number of environmental variables. In 
DeepMaxent, the latent features are learnt to maximize prediction 
performances and can be kept to a fixed dimensionality, remov-
ing the need for feature selection (Goodfellow et  al.,  2016). For 
DeepMaxent, we employ L2 regularization, that is, a penalty on the 
Euclidean norm of the � j and the rest of the model weights, which 
encourages small but non-zero weights, which tends to induce a 
smoothing of the estimated species intensities. The intercept term b, 
on the other hand, is not penalized, since it controls only the baseline 
level of the intensity function per species and does not affect the ef-
fective capacity of the model. The total loss function thus becomes:

where � is the weight decay coefficient. This term penalizes large 
weight values, encouraging the model to learn smaller weights without 
enforcing sparsity.

2.2  |  Evaluation of model performance

2.2.1  |  Datasets

For our experiments, we used two openly available datasets: (i) 
one from the NCEAS (Elith et  al.,  2020) and (ii) GeoPlant (Picek 
et al., 2025).

The NCEAS dataset
This dataset includes 52,605 PO records (for SDM training) and 
PA (for SDM evaluation) data from six global regions: Australian 
Wet Tropics (AWT), Canada (CAN), New South Wales (NSW), New 
Zealand (NZ), South America (SA) and Switzerland (SWI) (Elith 
et al., 2020). Each regions is associated with a specific set of species, 

and sometimes from several biological groups (see Table 1), with a 
total of 226 anonymous species. The dataset provides specific en-
vironmental variables with specific spatial resolution for each re-
gion, including climatic, soil or location variables (see more details in 
Elith et al., 2020). The total area of all regions is of 13,607,500 km2 
(Table 1), so that there is 0.004 PO records per km2 on average when 
pooling all species and regions. However, the spatial concentration 
of records is extremely heterogeneous across regions and taxonomic 
groups, varying from 0.0002 records/km2 in SA to 0.887 records/km2 
in SWI, as computed from Table 1.

Various SDM methods have been evaluated using this dataset 
(Elith et  al.,  2006; Phillips et  al.,  2009; Valavi et  al.,  2022; Zbinden 
et al., 2024), which allows for a direct comparison of DeepMaxent's 
performance to many state-of-the-art SDM methods. Phillips 
et al. (2009) studied spatial sampling biases and found that the PO data 
in certain regions (AWT, CAN and SWI) contained high levels of such 
biases, making this a good benchmark to assess model robustness.

The GeoPlant dataset
Described by Picek et  al.  (2025), we use this dataset to evaluate 
DeepMaxent under a different data regime, with 100 times more PO 
records, much more concentrated in space, and 40 times more spe-
cies covered, than NCEAS. Indeed, GeoPlant contains 5,079,797 PO 
observations of 9709 plant species (i.e. almost half of Europe's flora) 
from 13 selected datasets of the Global Biodiversity Information 
Facility (www.​gbif.​org), to be used for model training. These re-
cords cover 38 European countries spanning a total area of about 
5,914,500 km2, with 0.859 records per km2 on average. This spatial 
concentration in Geoplant is thus 200 times higher than the average 
of NCEAS, and comparable to the one of the SWI region, but for 
an area 150 times larger. Additionally, 88,987 PA records from the 
European Vegetation Archive were used for model evaluation.

Within GeoPlant, two types of input data were considered in this 
work for training SDMs. The first configuration (Bioclim-GeoPlant) 
used bioclimatic variables aggregated to a 10 km resolution, en-
abling direct comparison with MaxEnt. The second configuration 

(5)ℒtotal

(

�̃, y; �, �
)

= ℒ
ℋ

(

�̃, y; �, �
)

+
�

2

(

∥ � ∥2
2
+ ∥ � ∥2

2

)

TA B L E  1  The total number of species, the occurrence number in presence-only (PO) data and the total number of species presence in 
presence–absence (PA) data for each region and biological group.

Code Location Biological group Species number

Occurrences number

Area (‘000’ km2)PO PA

AWT Australian wet tropics Bird 20 3105 340 24

AWT Australian wet tropics Plant 20 701 102 24

CAN Ontario, Canada Bird 20 5063 14,571 979.3

NSW New South Wales Bates 10 187 570 76.2

NSW New South Wales Birds 7 1781 1839 76.2

NSW New South Wales Plants 29 680 5329 76.2

NSW New South Wales Reptile 8 675 1008 76.2

NZ New Zealand Plant 52 3088 19,120 265.4

SA South America Plant 30 2220 152 12,223.2

SWI Switzerland Tree 30 35,105 10,013 39.6
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    |  7RYCKEWAERT et al.

(LandSat-GeoPlant) focused on applying deep learning-based ap-
proaches to multi-band time series of satellite data. Only methods 
that include a neural network feature extractor were considered 
here. We used Landsat-based covariates at 30 m resolution, derived 
from the seasonally aggregated and gap-filled GLAD analysis-ready 
dataset (Potapov et  al.,  2020) and accessed via the EcoDataCube 
platform (Witjes et al., 2022). These data covered six spectral bands: 
Red (R), Green (G), magenta (B), Near Infrared (NIR), Shortwave 
Infrared 1 (SWIR1) and Shortwave Infrared 2 (SWIR2).

2.2.2  |  Evaluation metrics

To directly compare our results to Phillips et  al.  (2009), Zbinden 
et al. (2024) and Valavi et al. (2022), we evaluated our method per-
formances with the area under the ROC curve (AUC) computed for 
each species across the PA plots, none of which were used in model 
training. The AUC is the empirical probability that a presence site 
has a higher model-predicted value than an absence site. In other 
words, it measures the model's ability to distinguish between pres-
ence and absence classes based on its predicted scores. The NCEAS 
dataset being decomposed into regions and biological groups, we 
first averaged each species-wise AUC per biological group and then 
per region (across groups), and then took the average over regions as 
our general performance metric.

2.2.3  |  Implementation details

NCEAS dataset
For the NCEAS dataset, the feature extractor g� was implemented as 
a multilayer perceptron (MLP) with rectifier linear unit non-linearities 
and skip connection between hidden layers (see Figure B1) in order 
to mitigate potential vanishing gradient issues when exploring 
deeper architectures (He et al., 2016). The use of an MLP as a feature 
extractor was justified both by the structure of the input data (vec-
tors of environmental variables for each site) and as a standard ref-
erence in deep learning-based multi-species SDMs (Hu et al., 2025; 
Kellenberger et al., 2024; Zbinden et al., 2024).

In this study, the parameters related to the neural network ar-
chitecture and the optimizer, referred to as hyper-parameters, 
were selected through a cross-validation procedure. The search in-
cluded the number of hidden layers, learning rate, mini-batch size 
and weight decay, and was performed using spatially blocked folds 
based on geographical data (Roberts et al., 2017; Valavi et al., 2019). 
As suggested in Zbinden et al. (2024), the cross-validation was per-
formed using PO data (see details in Appendix C). All models were 
trained for 100 epochs. Once cross-validation has been performed, 
the hyper-parameter values were chosen to be the same for all re-
gions and biological-groups. These hyper-parameters were: two hid-
den layers, Adam as optimizer, a learning rate of 0.0002 and a both 
the mini-batch size and hidden layer size of 250. Each loss function 
was evaluated both with and without TGB correction. Among the 

hyper-parameters tested, these values consistently yielded the best 
results for all loss functions (see Annex C). Regarding weight decay 
�, we did not observe any performance improvement across the 
tested loss functions, except in the case of DeepMaxent, where it 
led to better results. The final model was then calibrated with these 
hyper-parameter values on the whole PO data and applied to the PA 
data. To account for variability arising from model initialization, each 
model was trained and evaluated across 10 different random seeds, 
following the same procedure as used in Zbinden et al. (2024).

For the NCEAS dataset, although DeepMaxent implicitly imple-
ments TGB correction, we additionally added random background 
points in locations with no species observations to verify that adding 
such points would not contribute to improve model performance. 
Background points were sampled uniformly from the raster data, 
producing a dataset 10 times larger than the PO occurrences. This 
procedure ensured a consistent representation of environmental 
conditions across the study area and maintained a percentage-based 
approach to guarantee comparability across datasets (e.g. SWI or 
CAN).

GeoPlant datasets
For the Bioclim-GeoPlant dataset, we used the same MLP architec-
ture as for NCEAS. This choice was again driven by the structure 
of the data, consisting of 19 bioclimatic variables. For the LandSat-
GeoPlant dataset, each occurrence in our dataset was represented 
as a multidimensional data cube of 6 spectral bands × 4 seasons × 
21 years, which serves as input to the model (see Figure  I20). As a 
feature extractor, we used the adapted ResNet-18 model proposed 
in Picek et al. (2025). The output features from the ResNet-18 were 
processed through two fully connected layers, resulting in the final 
predictions. The number of epochs was fixed at 20 throughout 
the training process and each hidden layer was composed of 250 
neurons.

For both GeoPlant datasets, cross-validation was not performed 
due to computational constraints. Instead, a validation set was cre-
ated by randomly splitting the PO data to select the best model. This 
approach ensured that model performance was assessed without 
excessive computational overhead. The hyper-parameters used for 
training were adapted from Picek et al.  (2025), maintaining consis-
tency with previously established configurations.

2.2.4  |  Baseline losses

We implemented the Poisson regression loss (see Equation 1), using 
the same neural network architecture as in DeepMaxent to model �j, 
to test the effect of the density normalization in DeepMaxent on the 
estimator quality. Other commonly used loss functions in deep learn-
ing, and notably for SDMs, namely CE over species (Brun et al., 2024; 
Deneu et al., 2021) and BCE (Benkendorf & Hawkins, 2020; Zbinden 
et al., 2024) were implemented. The CE loss over species, ℒCE(�,Y) 
(Equation 6), measures for each site the deviation between a pre-
dicted probability distribution across species and the associated 
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8  |    RYCKEWAERT et al.

empirical distribution based on the species observations in that site. 
In this case, the predicted probabilities are obtained by normaliz-
ing the intensity values over the species � ≔

{

�ij
}K,N

i=1,j=1
, at each site 

separately, implemented using the softmax function:

The BCE loss, ℒBCE

(

�,Y
�

)

, was implemented for the case where 
Y
�
∈ {0, 1} is treated binary variable of Y, taking the value 1 if the 

species was observed at least once in the pixel, and 0 otherwise. 
Unlike the CE case, where the probabilities across species are re-
quired to sum to 1 in each site, the predicted probability of a spe-
cies learned using BCE does not directly restrict the probabilities 
of other species. In this setting, the softmax function reduces to a 
sigmoid function. The BCE loss is defined as:

where � is the logistic sigmoid function here applied to the linear pre-
dictor, or ‘logit’, of each species log

(

𝜆ij
)

= 𝛾⊤
j
g𝜃
(

xi

)

+ bj.

3  |  RESULTS

3.1  |  Comparative analysis of SDM methods

Table 2 shows the performances of various traditional SDM meth-
ods, including Maxent, BRT with or without TGB correction, and 
the recent neural network model for multi-species proposed by 
Zbinden et al. (2024), all evaluated with the average AUC per region, 
along with overall average (Phillips et al., 2006; Valavi et al., 2022; 
Zbinden et al., 2024). It also contains the performance of our main 
DeepMaxent implementation and the baseline deep learning losses, 
with and without the TGB correction.

Without TGB sampling bias correction, performances are over-
all lower and close among methods, ranging from 0.716 to 0.723 in 
overall average AUC (Table 2), except for the CE loss which achieves 
0.731. Except for the latter, we observe no general performance 
gain for the tested deep learning losses (BCE, Poisson, DeepMaxent, 
ranging from 0.719 to 0.720) compared to the literature methods, 
for example, Maxent (0.721) or the best SDM Ensemble of Valavi 
et al. (2022) (0.723).

The TGB bias correction brings a consistent performance improve-
ment for all methods, including the ones in the literature and our im-
plementations. However, not all approaches respond equally strongly to 
TGB. For instance, Maxent gains 0.039 in overall averaged AUC by using 
TGB, and it is the same for BRT. Regarding our implemented baseline 
losses, TGB induces an AUC gain of 0.011 for the CE loss, 0.045 for the 
BCE loss and 0.040 for the Poisson loss. Finally, DeepMaxent achieves 
an improvement of 0.048 with TGB, resulting in the highest overall 
AUC (0.768). These results show that the proposed DeepMaxent is well 
adapted to this bias correction technique while it enables leveraging the 

predictive potential of multi-species neural networks for spatial density 
estimation. The largest region average AUC gains were mostly seen in 
regions CAN and AWT, where spatial sampling bias is the strongest ac-
cording to Phillips et al. (2009). Note that the best method of Zbinden 
et al. (2024), achieving an overall averaged AUC of 0.755, incorporated 
both random and TGB points as absences in their BCE loss and their 
results specifically showed the key role of the TGB points in this perfor-
mance. DeepMaxent with TGB also had the best AUC in four of the six 
regions (CAN, NSW, NZ, SWI), showing that it is robust across regions 
and biological groups (NSW includes four biological groups, see Table 1). 
BCE with TGB is the second-best method in overall AUC (0.764). In con-
trast, using TGB, CE and Poisson yield poorer overall AUC (0.745 and 
0.759) than Maxent (0.760) or BRT (0.759).

Indeed, although we would expect similar results for DeepMaxent 
and Poisson when using the same TGB strategy, given the equiv-
alence of their global minimizer (see Appendix  A.1), DeepMaxent 
resulted in a 0.023 gain in AUC, closing the gap towards a perfect 
score by close to 10% (i.e. 10% less mis-ordered pairs of presence 
and absence sites) compared to Poisson, a significant gain according 
to statistical tests (Appendix E).

Figure  2 shows AUC scores by observation abundance class 
(rare, common and abundant) for each loss function, averaged over 
all regions. Averaging takes into account region-specific abundance 
class distributions (see Appendix I17).

DeepMaxent consistently outperforms the other losses across all 
abundance classes, while BCE ranks second in every class. Poisson 
loss performs moderately well for abundant and common species. 
For rare species, the Poisson loss is dominated by the many zero-
observation terms, which directly penalize the predicted intensities 
via the �ij component. This tends to enforce uniformly low intensity 
values, potentially leading to underfitting beyond what data scar-
city alone would justify. In contrast, CE shows the opposite trend: 
It achieves its best results for rare species, but lower AUC scores 
for abundant and common species, suggesting that its sensitivity to 
class imbalance limits its overall effectiveness in these abundance 
regimes. These results suggest that DeepMaxent is particularly well 
suited for modelling species with heterogeneous distributions and 
low occurrence counts, where classical Poisson-based methods may 
underperform due to their tendency to over-penalize predictions in 
data-sparse regions.

Estimated probabilities for can01, a rare species, differ widely 
depending on the loss function applied (see Figure 3). For this spe-
cies, PO data are rare, while PA data are more abundant. In con-
trast, the maps generated for can02, a common species, give much 
more consistent estimates between the different methods (see 
Appendix G8).

Table 3 reports the general averaged AUC values for different 
loss functions evaluated on two datasets, Bioclim-GeoPlant and 
Landsat-GeoPlant, using TGB sampling bias correction.

On the Bioclim-GeoPlant dataset, the DeepMaxent model 
achieves the highest average AUC (0.860), outperforming all losses, 
including BCE (0.839), Poisson (0.837) and CE (0.830), as well as the 
Maxent model (0.823). These results highlight the improved predictive 

(6)ℒCE(�,Y) = −
1

K

K
�
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N
�
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    |  9RYCKEWAERT et al.

capacity of DeepMaxent when using environmental variables from 
Bioclim. A similar result is observed on the Landsat-GeoPlant dataset, 
where DeepMaxent also performs best with a general averaged AUC 
of 0.887, closely followed by BCE (0.885), while CE and Poisson yield 
lower performances (0.829 and 0.862, respectively). DeepMaxent 
performs well on satellite time series data. BCE Loss also performs 

well in this context, especially for a large dataset. Notably, the standard 
deviations across random initializations are very small for all models 
(≤0.002), indicating high consistency across runs.

3.2  |  Sensitivity study

Table 4 shows the average AUCs calculated for all regions, accord-
ing to six different values for each hyper-parameter: mini-batch size, 
number of hidden layers and weight decay. A detailed analysis of 
AUC values for each region is provided in Appendix  D. The gen-
eral performance of DeepMaxent-TGB was quite robust to hyper-
parameter choices, with the largest difference in average AUC 
across all tested values being only 0.010, illustrating the model's sta-
bility with respect to mini-batch size, number of hidden layers and 
weight decay. In particular, DeepMaxent with TGB kept a general 
average AUC above 0.764, that is, above the best results using all 
other methods, for all tested mini-batch sizes, ranging from 10 to 
2500. Qualitatively, a smaller mini-batch size induces smoother spe-
cies intensity maps, while larger mini-batch size tends to concentrate 
the intensity in higher abundance areas, as illustrated for one species 

TA B L E  2  Comparison of method performance by region-averaged area under the ROC curve (AUC) and general averaged AUC over all 
regions.

Regions

avgAWT CAN NSW NZ SA SWI

Results from the literature

Single-species models

Maxent [1] 0.686 0.587 0.700 0.738 0.804 0.809 0.721

BRT [1] 0.681 0.577 0.701 0.735 0.795 0.816 0.718

RF down-sampled [1] 0.675 0.572 0.715 0.746 0.813 0.818 0.723

Ensemble [1] 0.683 0.580 0.710 0.749 0.806 0.812 0.723

IWLR-GAM [1] 0.674 0.595 0.689 0.747 0.796 0.798 0.716

Maxent (using TGB) [2] 0.732 0.716 0.741 0.738 0.798 0.837 0.760

BRT (using TGB) [2] 0.700 0.728 0.738 0.740 0.792 0.842 0.757

Multi-species models

Zbinden et al. [3] 0.704 0.714 0.719 0.741 0.815 0.838 0.755

Results from our implementations

Baseline losses

CE 0.701 0.661 0.732 0.724 0.772 0.793 0.731 ± 0.001

CE (using TGB) 0.727 0.708 0.739 0.732 0.771 0.792 0.745 ± 0.001

BCE 0.656 0.600 0.718 0.736 0.804 0.799 0.719 ± 0.002

BCE (using TGB) 0.722 0.730 0.743 0.738 0.804 0.849 0.764 ± 0.002

Poisson loss 0.658 0.599 0.714 0.737 0.804 0.799 0.719 ± 0.002

Poisson loss (using TGB) 0.712 0.730 0.732 0.729 0.801 0.849 0.759 ± 0.002

Proposed loss

DeepMaxent 0.654 0.593 0.718 0.744 0.803 0.810 0.720 ± 0.001

DeepMaxent (using TGB) 0.712 0.732 0.752 0.753 0.806 0.850 0.768 ± 0.001

Note: The best average AUC for each column is highlighted in bold, while the second-best averaged AUC is italicized. The references correspond to 
results from the following articles: [1] Valavi et al. (2022), [2] Phillips et al. (2009) and [3] Zbinden et al. (2024).

F I G U R E  2  Comparison of average area under the ROC curve 
(AUC) values across all regions by loss and abundance classes on 
National Centre for Ecological Analysis and Synthesis (NCEAS) 
dataset.
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10  |    RYCKEWAERT et al.

in the region CAN in Figure 4. The L2 regularization (weight decay) 
has an important impact on DeepMaxent performance. It has a small 
but consistently positive impact on the performance up to a value 
of 3 × 10

−4 (see Table 4), while further increasing the weight decay 
value results on a performance degradation due to oversmoothing 
(see Figure  4). Varying the number of hidden layers in the neural 
network architecture of DeepMaxent from one to two had almost 
no effect, with a same general averaged AUC of 0.767 (Table 4), and 
the AUC softly and progressively decreased for three (0.766), four 
(0.764), five (0.762) and six layers (0.759).

4  |  DISCUSSION

In this study, we propose DeepMaxent, a new SDM method for PO 
data that generalizes Maxent to multi-species deep neural networks 
with a direct relationship to a Poisson count loss. DeepMaxent can 
be trained with a scalable batched algorithm, and implicitly imple-
ments the TGB sampling bias correction initially proposed for Maxent 
(Phillips et  al.,  2009). We conduct an extensive evaluation of the 
method on two SDM benchmark datasets: NCEAS (Elith et al., 2020) 
and GeoPlant (Picek et al., 2025), which together span a wide range 

F I G U R E  3  Estimated relative probabilities for the species can01 (a rare species with 16 PO points): (a) presence-only (PO) data, yellow 
points; (b) presence–absence (PA) data where green corresponds to presences, and magenta to absences. (c–f) Estimated from different loss 
functions: (c) DeepMaxent; (d) binary cross-entropy (BCE); (e) cross-entropy (CE); (f) Poisson loss.
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    |  11RYCKEWAERT et al.

of species, biological groups, regions and data regimes. The NCEAS 
dataset enables comparison with a broad set of state-of-the-art SDM 
methods previously evaluated on this dataset (Phillips et  al.,  2009; 
Valavi et al., 2022; Zbinden et al., 2024), such as Maxent and BRT. We 
also use NCEAS to compare the DeepMaxent loss against batched 
implementations of alternative losses (Poisson, BCE, CE), and to as-
sess the efficiency of the implicit TGB bias correction compared to 
uniform random background for each loss. Consistent with previous 
findings on traditional SDM methods (Barber et  al.,  2022; Phillips 
et al., 2009; Ranc et al., 2017), deepSDMs benefit strongly and sys-
tematically from TGB regardless of the loss function. DeepMaxent is 
well adapted to the TGB correction as it outperforms the same model 
architecture trained using the three alternative losses: the Poisson 
loss from which it derives, the CE over species (Brun et  al.,  2024; 
Deneu et al., 2021) and the BCE loss (encoding occurrences as pres-
ence and pseudo-absences; Benkendorf & Hawkins, 2020; Zbinden 
et  al.,  2024). DeepMaxent with TGB achieves the highest average 
AUC across all NCEAS regions and outperforms all other methods in 
four of the six regions (see Table 2). It notably surpasses the single-
species Maxent and BRT methods with TGB correction.

More broadly, our results illustrate that, like other SDM meth-
ods, deepSDMs must properly account for spatial sampling biases 

to reveal their performance potential. This can be achieved through 
the compatibility of DeepMaxent and TGB, but many other pro-
posed bias correction methods could bring further improvements 
to DeepMaxent (e.g. Boria et al., 2014; Botella et al., 2021). Future 
efforts could consider more sophisticated bias correction strategies, 
such as adapting background sampling strategies to biases spe-
cific to each biological group and species, as these biases are often 
a major source of variation in the performance of SDMs (Schartel 
& Cao,  2024), or explicitly model spatial sampling effort (Botella 
et al., 2021; Warton et al., 2013).

For feature extraction on the NCEAS dataset, DeepMaxent 
with a fully connected neural network with just two hidden layers 
is found to be optimal across most regions. This simple MLP archi-
tecture performs well on tasks involving low-dimensional and un-
structured tabular data. While deep learning is often associated with 
large models, simpler architectures can be more efficient and ben-
eficial for such tasks. For more complex tasks such as the GeoPlant 
dataset, DeepMaxent is compatible with any type of neural network 
architecture, allowing the model to obtain the best overall results on 
Landsat-GeoPlant using a convolutional architecture for time series.

In multi-species settings, DeepMaxent, like other deepSDMs 
(and some specific approaches such as concurrent ordination; van 
der Veen et al., 2023), reduces overall computational cost by learning 
a single feature extractor shared across species (Ba & Caruana, 2014; 
Raghu et al., 2017), in contrast to most methods that rely on more 
resource-intensive, per-species computations (Merow et al., 2014). 
Similar ideas of reducing multi-species complexity into shared la-
tent dimensions exist in statistical ecology (e.g. concurrent ordina-
tion [van der Veen et al., 2023] and community-level driver models 
[Ovaskainen, Tikhonov, Dunson, et  al.,  2017]), but DeepMaxent 
implements it through deep neural feature learning rather than ex-
plicit latent-variable modelling. It is important to note that each layer 
added increases the number of model parameters. Although these 
parameters are shared between the different species, this increase 
in complexity can lead to overfitting, particularly when data are lim-
ited or noisy. A prudent approach, therefore, is to start with simple 
architectures and then gradually make the model more complex, by 
adding hidden layers, as long as validation performance continues to 
improve. A deterioration in validation performance then serves as a 
warning signal that the model is becoming too complex in relation to 
the amount of information available in the training data.

TA B L E  3  Comparison of method performance by general 
averaged area under the ROC curve (AUC).

Loss AUC

Results for Bioclim-GeoPlant

Maxent 0.823

CE 0.830 ± 0.001

BCE 0.839 ± 0.001

Poisson loss 0.837 ± 0.002

DeepMaxent 0.860 ± 0.001

Results for Landsat-GeoPlant

CE 0.829 ± 0.001

BCE 0.885 ± 0.002

Poisson loss 0.862 ± 0.002

DeepMaxent 0.887 ± 0.001

Note: The best average AUC for each column is highlighted in bold, 
while the second-best averaged AUC is italicized. All methods use TGB 
for the background samples.

TA B L E  4  Average area under the ROC curve (AUC) values for DeepMaxent-Target-Group Background (TGB) across all regions, calculated 
for six different values of each hyper-parameter: mini-batch size, number of hidden layers and weight decay. The default values used are a 
mini-batch size of 250, two hidden layers and a weight decay of 3e-4.

Mini-batch size AUC Hidden layers AUC Weight decay AUC

10 0.765 1 0.767 0 0.762

25 0.765 2 0.767 3e-5 0.763

100 0.767 3 0.766 1e-4 0.765

250 0.767 4 0.764 3e-4 0.767

1000 0.766 5 0.762 1e-3 0.765

2500 0.764 6 0.759 3e-3 0.757
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12  |    RYCKEWAERT et al.

F I G U R E  4  Estimated relative probabilities for the species can01 and can02 (CAN) by varying mini-batch size and weight decay, while 
keeping other hyper-parameters at their default values (mini-batch size = 250, hidden layers = 2, weight decay = 3 × 10

−4). Smaller mini-batch 
sizes correspond to 10, and larger sizes to 3000. For weight decay, smaller values correspond to 3 × 10

−6, and larger values to 0.1.
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More broadly, the proposed approach is flexible regarding the 
type of input and species observation data and should facilitate 
data integration approaches in the future by using neural networks. 
In the case of more structured input data, the neural network ar-
chitecture could also be adapted to ingest other types of inputs 
(e.g. spatial remote sensing imagery), which might lead to capturing 
complementary spatio-temporal environmental patterns (Deneu 
et  al.,  2021; Estopinan et  al.,  2022). Importantly, DeepMaxent is 
the first method to bridge the gap between deep learning and point 
process-based SDM (Renner et  al.,  2015). Using a point-process 
formulation of species distributions within our loss framework, 
the present work focuses on PO data through a Poisson likelihood. 
However, this formulation is general and could, in principle, be ex-
tended to incorporate other types of ecological observations, such 
as PA surveys (Fithian et al., 2015), detection/non-detection histo-
ries (Koshkina et al., 2017), or abundance and imperfect count data 
(Dorazio,  2014). In such extensions, all observation types would 
remain linked to the same underlying predicted ecological inten-
sity, while each type would be associated with its own appropriate 
observation likelihood. When these likelihoods involve additional 
parameters (e.g. detection probabilities), they could be jointly es-
timated within the same optimization framework or through hier-
archical extensions under suitable independence assumptions (see, 
e.g. Isaac et al., 2020).

These approaches for combining various observation types, 
called integrated SDMs, have recently been highlighted as a prom-
ising avenue to enhance the reliability of SDMs (Isaac et al., 2020; 
Miller et al., 2019; Mostert & O'Hara, 2023). Extending DeepMaxent 
with this approach could use standardized datasets to disentangle 
the real relative abundance of each species from detection biases, 
while harnessing the extensive geographical coverage of opportunis-
tic PO data. To further increase ecological realism, the DeepMaxent 
framework could be extended to incorporate species co-occurrence 
patterns, following the principles of Joint SDMs (Pollock et al., 2014). 
This integration, which involves modeling the joint probability of 
species occurrences given the environment, has already proven fea-
sible within deepSDM architectures (Chen et al., 2017).

Maxent and log-linear Poisson regression have been shown to be 
equivalent in terms of the estimated probability across sites (Renner & 
Warton, 2013), and we found a similar equivalence between the more 
general DeepMaxent and Poisson losses, in that they share the same 
global minimizer when applied to a single species (Appendix A.1). This 
would lead us to expect similar results for DeepMaxent and Poisson, 
but DeepMaxent consistently outperformed Poisson in our experi-
ments. One key difference that could explain the discrepancy lies in 
the treatment of the absolute intensities in the multi-species setting: 
In the un-normalized Poisson loss, the model will try to capture dif-
ferences in observation counts between species, leading to more im-
portance in the loss for frequently observed species. In contrast, the 
DeepMaxent loss normalizes intensities across sites for each species, 
which removes the effect of the number of observations in the per-
species loss magnitude and decouples parameter updates from ab-
solute intensity. Additionally, the stochastic mini-batch optimization 

interacts with this normalization, further differentiating the parameter 
estimates between the two losses.

Even though the CE loss has the best results without TGB correc-
tion, and thus appears natively less sensitive to spatial sampling bias, 
its performances with TGB remain below the rest of the methods, 
which benefit more from this correction (DeepMaxent, BCE, Poisson, 
Maxent). This limited performance may be due to the loss of informa-
tion on the spatial variations of the intensity for each species when 
normalizing the intensity across species for each site. More broadly, 
regarding the estimation of multiple species spatial intensities from bi-
ased PO data, these results suggest that learning to classify the most 
likely observed species (Brun et al., 2024; Deneu et al., 2021; Estopinan 
et al., 2022) per site leads to sub-optimal results.

In addition to the smoothing of species spatial densities achieved 
by the DeepMaxent loss function, which induces entropy maximiza-
tion, this study highlights that L2 regularization can be used to fur-
ther encourage smoothing of predicted probabilities (see Figure 4). 
By penalizing large model parameters, L2 reduces overfitting and 
produces smoother predictions, resulting in more gradual changes 
in species probability across space and improved performance in PO 
settings, potentially alleviating overfitting in the low-data regime.

Concerning the optimization process of DeepMaxent, we pro-
vided a mathematical guarantee to justify the use of a stochas-
tic batched gradient descent algorithm and we further showed 
that varying the batch size (from 10 to 2500) had little impact on 
general performances (see Table  4). From a computational per-
spective, this algorithm is highly scalable for large datasets, as it 
drastically reduces memory and computational requirements by 
processing only one mini-batch at a time. Moreover, it can take full 
advantage of GPU parallelization, further accelerating training and 
enabling efficient handling of high-dimensional or large-scale data 
(see Appendix H). Yet, the mini-batch size may affect the learn-
ing trajectory due to the approximation of the partition function, 
and we noticed its influence on the final model behaviour. Similar 
to increasing the weight decay, we observed that decreasing the 
mini-batch size may smooth species spatial densities. Although 
mini-batch size is one of the least sensitive hyper-parameters, 
identifying an optimal mini-batch size remains important, and it 
may interact with other hyper-parameters such as the learning 
rate and number of epochs.

One classical limitation of PO-based SDMs is that PA data are 
often unavailable to validate model hyper-parameters. To address 
this issue, we evaluated hyper-parameter tuning directly on PO data 
and found that it reliably identifies suitable values, thereby removing 
the need for PA data during model training. The corresponding anal-
yses are provided in Appendix C.

Overall, DeepMaxent provides improvements over both tra-
ditional PO SDMs and previous deep learning-based approaches 
on a variety of case studies. It leverages neural networks to learn 
complex, high-order non-linear relationships directly from data, 
enabling flexible and expressive modelling, while benefiting from 
the principles behind the success of the original Maxent. However, 
several methodological directions remain open. Future extensions 
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could integrate additional ecological information, such as species 
traits or phylogenetic relationships, to model inter-species de-
pendencies more explicitly, an approach explored in models like 
HMSC (Ovaskainen, Tikhonov, Dunson, et  al.,  2017). Additionally, 
DeepMaxent could offer a framework for developing and testing 
bias-reduction strategies in deepSDMs, such as improved back-
ground sampling or observation models, to enhance robustness in 
heterogeneous and biased datasets.
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