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Abstract

Global biodiversity loss is accelerating, prompting interna-
tional efforts such as the Kunming-Montreal Global Biodi-
versity Framework (GBF) and the United Nations Sustain-
able Development Goals to direct resources toward halting
species declines. A key challenge in achieving this goal is
having access to robust methodologies to understand where
species occur and how they relate to each other within
broader ecological communities. Recent deep learning-based
advances in joint species distribution modeling have shown
improved predictive performance, but effectively incorporat-
ing community-level learning, taking into account species-
species relationships in addition to species-environment re-
lationships, remains an outstanding challenge. We introduce
LabelKAN, a novel framework based on Kolmogorov-Arnold
Networks (KANs) to learn inter-label connections from pre-
dictions of each label. When modeling avian species distri-
butions, LabelKAN achieves substantial gains in predictive
performance across the vast majority of species. In particular,
our method demonstrates strong improvements for rare and
difficult-to-predict species, which are often the most impor-
tant when setting biodiversity targets under frameworks like
GBF. These performance gains also translate to more con-
fident predictions of the species spatial patterns as well as
more confident predictions of community structure. We il-
lustrate how the LabelKAN leads to qualitative and quanti-
tative improvements with a focused application on the Great
Blue Heron, an emblematic species in freshwater ecosystems
that has experienced significant population declines across
the United States in recent years. Using the LabelKAN frame-
work, we are able to identify communities and species in New
York that will be most sensitive to further declines in Great
Blue Heron populations. Our results underscore the criti-
cal importance of incorporating information on community
assemblage in species distribution modeling. By leveraging
species co-occurrence patterns, our approach offers deeper
ecological insights and supports more informed conservation
planning in the face of accelerating biodiversity loss. Beyond
species distribution modeling, LabelKAN provides a princi-
pled approach to capturing inter-label connections and can
generalize to diverse multi-label tasks. We hope it encourages
further research on inter-label learning across domains.

Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

Introduction
International commitments to reverse the global biodiver-
sity crisis, including the targets outlined in the Kunming-
Montreal Global Biodiversity Framework (Secretariat of the
Convention on Biological Diversity 2022) and the United
Nations’ Sustainable Development Goals (United Nations
General Assembly 2015), highlight the urgent need for ac-
curate, high-resolution information on species across large
spatial extents to effectively guide conservation. Equally im-
portant is the need to understand co-occurrence patterns and
species-species interactions, which are essential for captur-
ing the structure and dynamics of ecological communities as
a whole. Species distribution models (SDMs) are vital tools
for predicting spatiotemporal patterns of species occurrence
(Elith and Leathwick 2009). While many SDMs focus on
how these patterns are shaped by key environmental drivers
such as climate, land cover, and land-use dynamics, there
is strong ecological evidence that biotic interactions, such
as competition, predation, facilitation, and other species-
species relationships, are fundamental determinants of com-
munity structure and ecosystem function (Wisz et al. 2012).
Incorporating these well-established drivers into models is
critical, as their exclusion can lead to simplistic represen-
tations of ecological complexity. Recent advances in deep
neural networks applied to SDMs (Chen, Xue, and Gomes
2018; Bai, Kong, and Gomes 2022; Ryckewaert et al. 2025;
Hu, Si-Moussi, and Thuiller 2024) have significantly im-
proved predictive performance but often fail to properly cap-
ture these important joint community dynamics, lack inter-
pretable results for the label-label interactions, or only learn
coarse interactions. For instance, deep models frequently
over-predict common species at the expense of rare species
(Hu, Si-Moussi, and Thuiller 2024), hindering their applica-
bility to the ecological and conservation communities. This
trade-off has slowed the broader adoption of deep SDMs, as
conservation scientists rely not only on predictive accuracy
but also on the ability to explain species’ sensitivities to both
environmental factors and community-level interactions—a
necessary step for informing conservation plans and actions
(Guisan and Thuiller 2005; Ryo et al. 2021).

To address these challenges, we propose an innovative
framework, LabelKAN, which combines the strengths of
neural networks for feature extraction and latent space con-
struction with those of Kolmogorov-Arnold networks (Liu
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et al. 2025) for interpretability and improved predictive per-
formance through learned label-label interaction patterns.
We use a structured and interpretable latent space defined
by an initial model as input into a series of KANs (our La-
belKAN network). LabelKAN is then able to learn important
label-label co-occurrence patterns that are otherwise missed,
even in base models that are specifically designed to learn
their own correlative structure. Using shallow KANs, the
model learns smooth but highly informative connections be-
tween labels to improve species predictions at all levels of
rarity. Our model is then easily analyzed for community-
level understandings and co-occurrence patterns between
species through consideration of the initial (potentially in-
dependent) community predictions. We view LabelKAN as
a complementary module to existing approaches in multi-
label classification, as it can be integrated atop state-of-the-
art models to further refine predictions.

Our contributions: (1) We introduce LabelKAN, a novel
framework for improving inter-label learning that may be
applied to any base model for multi-label classification by
taking advantage of the unique strength of KANs over other
networks. (2) We show through a series of experiments that
LabelKAN improves state-of-the-art joint species distribu-
tion models for multi-label classification. (3) We analyze the
resulting LabelKAN layers and effects to identify mecha-
nisms for improving common and rare species. (4) Finally,
through a careful analysis of the Great Blue Heron, a species
of conservation concern, we demonstrate how the structured
latent space learned by the LabelKAN can be used to in-
fer novel conservation-relevant information delineating how
further declines in this species are expected to change the
structure of bird communities.

LabelKAN captures inter-label connections in a princi-
pled way and holds promise for a wide range of multi-label
tasks. We hope this work will motivate further research on
inter-label learning across domains.

Related Works
Multi-label classification: classic models include binary rel-
evance (Boutell et al. 2004), which predicts each label in-
dependently of each other, possibly sharing earlier layers
for extracting common high-level features, label power sets
(Tsoumakas, Katakis, and Vlahavas 2010), which predict
the power set of all labels, and classifier chains (Read et al.
2011), which turns the problem of multi-label classification
into a series of classification tasks where the next classifier in
the chain uses the results of the previous classifier. However,
each of these has their own limitations. Binary relevance
does not take into account any label relationships, which
often results in poor performance on rare labels. The label
power set transformation fails to scale to a large number of
labels, as the power set grows exponentially. While classi-
fier chains do take into account label relatedness, it requires
a specific ordering of the labels where earlier classifiers in
the chain do not see any information from later labels. This
results in potentially very sensitive predictive performance
highly dependent on the ordering of the labels. While there
has been work on determining the best orderings (Jin and
Nakayama 2016; Wang et al. 2016), one cannot get around

the need for some type of ordering. To counter this, there
have been a number of more recent works that aim to cap-
ture the label correlations and interdependence by captur-
ing information from all labels at once. Deep Multivariate
Probit model (Chen, Xue, and Gomes 2018), which extends
the widely-used Multivariate Probit model to leverage deep
learning for improved scalability in highly diverse species
communities (Davis et al. 2023), explicitly learns a low-
rank approximation of the correlation matrix. More recently,
(Yuan et al. 2024) uses a Graph Attention Transformer Net-
work to learn the correlations between labels through an at-
tention mechanism and a transformation of the label corre-
lations to a graph structure. Our LabelKAN model is com-
plementary to these models, as its construction allows for it
to be placed on top of any existing multi-label classification
framework, meaning any improvements to the base models
result in further improvements from LabelKAN.

The idea of using a structured and interpretable latent
space for enhanced learning and reasoning in models has
been explored in other ares (Chen et al. 2019), but to our
knowledge this is the first use of KANs on top of a structured
and interpretable latent space representing label likelihoods.

Within the ecological SDM literature, there has been a
surge of applications of deep learning methods, both for
single-species and multi-species or joint species modeling
approaches. Compared to traditional statistical modeling
frameworks in ecology, such as Generalized Linear/Addi-
tive Models (Guisan, Edwards, and Hastie 2002) or hierar-
chical models (Guillera-Arroita 2017), deep learning offers
enhanced scalability for large numbers of species, extensive
observational data, and large feature sets. These models can
often be separated into two groups, depending on the data
used: presence-absence and presence-only.

For presence-absence data, where we have both true pos-
itive and true negative labels for each location, there are a
number of recent models. The DMVP model (Chen, Xue,
and Gomes 2018) was also initially applied to JSDMs, be-
ing one of the first models applied to ecology that considers
the label correlations in a deep learning method, and still
exists as a state-of-the-art method. Variational Autoencoder
with Species Embeddings learned via contrastive learning,
as originally proposed in (Bai, Kong, and Gomes 2022), uses
a contrastive loss and shared latent space between label and
feature embeddings to learn species-environment and im-
plicit species-species relationships, and is another state-of-
the-art JSDM method.

In the case of presence-only data, however, we only have
true positive labels but do not have information on what
species were not present, which require different methodolo-
gies to model. The DeepMaxent model applies deep learning
to maximum entropy modeling (Ryckewaert et al. 2025), an-
other common tool in statistical ecological modeling, though
it does not take into account the label correlations. (Cole
et al. 2023) is a state-of-the-art method for presence-only
data that introduces Spatial Implicit Neural Representations
for species distribution models by learning spatial represen-
tations from the latitude and longitude for learning broad
scale geospatial distributions.

For a comprehensive review of deep learning applications
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in ecology, we refer readers to (Hu, Si-Moussi, and Thuiller
2024), though many of the models discussed focus on in-
dividual species predictions rather than explicitly modeling
the joint distributions among multiple species in an ecologi-
cal community.

Joint Species Distribution Models
A species distribution model (SDM) learns species-feature
relationships by modeling the presence/absence of a single
species as a function of features, Xlt, at a given location l
and time t, l ∈ L within a study extent L during some time
t ∈ T (Elith and Leathwick 2009; Guisan and Zimmermann
2000; Guisan and Thuiller 2005). Joint species distribution
models (JSDMs) extend this approach by simultaneously
modeling species-feature relationships for hundreds to thou-
sands of species, S, to capture observed patterns of species
co-occurrence across space and time (Ovaskainen and Soini-
nen 2011; Pollock et al. 2014; Davis et al. 2023). Our goal
is to learn a model, Mθ, parameterized by θ that predicts
whether the species s ∈ S is present (Ylts = 1), or absent
(Ylts = 0) at location l ∈ L and time t ∈ T , based on the
set of features Xl and learned species-species associations.

Kolmogorov-Arnold Networks
Kolmogorov-Arnold Networks (KANs) (Liu et al. 2025)
are a new deep learning model based on the Kolmogorov-
Arnold Representation Theorem, as opposed to the Univer-
sal Approximation Theorem for standard neural networks.
Instead of applying an activation function, such as ReLU, to
the weighted sum of the outputs of the previous layer, KANs
construct a univariate function of each input (calculated us-
ing splines) and take the weighted sum of the univariate
functions. An example KAN is shown in Figure 1a. Thus,
there is no single activation function, but instead a learned
activation function via the univariate spline. By stacking
these KAN layers, KANs can theoretically approximate any
function (Liu et al. 2025), just like neural networks. While
KANs tend to be slower to train, they also tend to be more
compact and interpretable than neural networks, due in part
to their smaller size, as well as the ability to visualize the
splines and summations applied to each input feature.

LabelKAN
We propose a novel application of KANs to learn label co-
occurrence patterns and capture how the likelihood of other
labels, conditioned on the initial features, influences each
label’s final prediction. Consider an initial model M that
takes as input a set of features X and predicts a probability
of each of the m labels occurring:

yM = σ(M(X)) ∈ [0, 1]m (1)
where σ is the sigmoid function to enforce y ∈ [0, 1]m and
m is the number of labels. We attach a KAN head Ki for
each label i to predict that takes M(X) as input and outputs
a final prediction,

yKi
= σ(Ki(M(X))) ∈ [0, 1] (2)

for each label i ∈ [m], as shown in Figure 1b.

(a) Example KAN with 4 inputs, two hidden layers of width 3, and
a final single output.

(b) LabelKAN - features are passed through a base model to get
initial predictions before being input into LabelKAN.

Figure 1: (Top) Example 3-layer Kolmogorov-Arnold Net-
work with learned activation functions. (Bottom) LabelKAN
model abstraction with KAN heads.

Although a single KAN could be used to output yK ∈
[0, 1]m, similar to the base model, we find that training a sep-
arate KAN head for each label provides better interpretabil-
ity and simplifies training. A key strength of this structure is
its flexibility: the underlying base model is interchangeable,
as we demonstrate in our experiments, as long as it produces
a prediction for each label. While scaling this approach to a
large number of labels may be challenging, each KAN head
is parallelizable on a GPU. In practice, the approach scales
effectively to the 200-label setting considered in our work.

To help ensure the separation of the label-feature and
label-label signals, we apply a binary cross-entropy loss to
the sigmoid outputs of both the base model and the La-
belKAN. By maintaining this separation, both models are
encouraged to capture domain-relevant interpretable signals.
Without this constraint, the latent space may lack meaning-
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ful structure and interpretability, and prevent the LabelKAN
from effectively learning inter-label relationships. Our loss
function includes both binary cross-entropy terms:

L = λMLBCE(yM, y) + λK
1

m

m∑
i=i

LBCE(yKi
, yi) (3)

For our tests, we choose λK = 2λM .

Experiments
We run experiments for both presence-absence (PA) and
presence-only (PO) datasets. Both runs focus on the 200
most frequently detected species in New York state during
the breeding season, representing a taxonomically diverse
group that includes both migratory and resident species.

For all experiments, we train both a set of base models
and for each base model, we use the pretrained model as a
warm start and then train the entire model end-to-end with
LabelKAN, which tends to train faster than end-to-end train-
ing from the beginning. Results of models trained fully from
scratch and with frozen base model parameters are provided
in the supplement. All LabelKAN networks are shallow net-
works with the 200 species logits as input, a single hidden
layer of size 8, and a final output layer of size 1, with one
such KAN per species.

Presence-Absence
We use species observational data from the eBird partici-
patory science program(Sullivan et al. 2014) collected dur-
ing the breeding season (May 1 - August 2) from 2014 to
2019 within New York state. This dataset consists of ”com-
plete” species checklists, in which observers report all bird
species detected at a given location and time, which are our
labels. The 200 selected species span a range of prevalence
and geographic distribution, from common (max 56.66% of
checklists) to infrequently detected species (min 0.22% of
checklists). From these species observations, we constructed
a label vector describing the detection/non-detection of the
200 species for the n = 125,389 complete checklists.

To estimate the joint occurrence of these species, we in-
corporate 102 features representing four key aspects of the
data generation process: (1) 6 observation process features
to account for variation in detection rates due to survey ef-
fort, observer expertise, and other observational biases; (2)
30 climate features (Thornton et al. 2022) capturing the ef-
fects of temperature and precipitation, including both long-
and short-term means and variability; (3) 6 topography fea-
tures (Becker et al. 2009; Amatulli et al. 2018) to account
for local geomorphology such as elevation and landform
characteristics; and (4) 60 remote sensing land cover fea-
tures (Carroll et al. 2017) to provide information on habitat
structure and vegetation characteristics. Additional details
are provided in the supplementary material.

All models are trained for a minimum of 50 epochs and
up to 200 epochs on a single NVIDIA ®Tesla ®V100 us-
ing PyTorch (Paszke et al. 2019) and AdamW optimizer
(Loshchilov and Hutter 2019) with default learning rate and

Model AUPRC AUROC
Micro Macro Micro Macro

NN 0.600 0.408 0.944 0.913
DMVP 0.603 0.410 0.948 0.914
VAE 0.612 0.421 0.949 0.916
NN-KAN 0.624 0.434 0.951 0.919
DMVP-KAN 0.624 0.436 0.951 0.919
VAE-KAN 0.631 0.446 0.952 0.921

Table 1: Results of different base models (NN - neural
network, DMVP - deep multivariate probit, VAE - varia-
tional autoencoder) with and without the LabelKAN ap-
plied (-KAN). The LabelKAN improves over all respective
base models, with the VAE-LabelKAN performing the best
across all metrics.

beta parameters, which were selected through hyperparame-
ter sweeps. Model sizes were chosen to balance performance
and training time, with similar improvements across differ-
ent sizes. The best-performing model is selected based on
the epoch with the lowest validation loss, with early stop-
ping triggered after 10 consecutive epochs without improve-
ment. We train three base models, including two state-of-
the-art JSDMs with publicly available code.: (1) NN, a sim-
ple feedforward neural network; (2) DMVP, the Deep Mul-
tivariate Probit model (Chen, Xue, and Gomes 2018; Davis
et al. 2023); and (3) VAE, a Variational Autoencoder with
contrastive learning to capture label correlations (Bai, Kong,
and Gomes 2022). The NN consists of five hidden layers
(sizes [128, 256, 256, 128, 64]) using the ReLU activation
function and a dropout of 0.05. Input and output sizes cor-
responding to the number of input features and species, re-
spectively. The DMVP consists of three hidden layers (sizes
[128, 256, 128]) and a latent dimension of 32 for the low-
rank correlation matrix, also with ReLU activation func-
tions and a dropout of 0.05. The VAE consists of an encoder
and decoder, each with three hidden layers (sizes [128, 256,
128]), a latent dimension of 32, and a species embeddings
space of size 128, also with ReLU activations and dropout
of 0.5 applied throughout.

For each model we calculate both micro-aggregated and
macro-aggregated statistics for the area under the precision-
recall curve (AUPRC) and area under the receiver-operator
curve (AUROC), where micro-aggregation computes met-
rics by pooling all predictions into a single class and macro-
aggregation computes the metrics across each class sepa-
rately and then takes the mean. We chose these metrics as
they are able to represent results across all labels and within
labels, with both metrics being important for consideration
within class imbalanced datasets (McDermott et al. 2025).

The results in Table 1 show that LabelKAN improves per-
formance across all metrics compared to the respective base
models alone, regardless of the base model, with the VAE +
LabelKAN having the best performance.

Presence-Only
For the presence-only dataset, we use iNaturalist (iNatu-
ralist) data from the SINR paper (Cole et al. 2023), sub-
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Model Mean Average Precision
SINR 0.494
SINR + LabelKAN 0.534

Table 2: Results of the Spatial Implicit Neural Representa-
tion (SINR) model on presence-only data with and without
LabelKAN, trained on iNaturalist data and tested on eBird
S&T data.

Model AUPRC AUROC
Micro Macro Micro Macro

NN 0.617 0.414 0.948 0.903
LabelKAN 0.631 0.446 0.952 0.921

Table 3: Results of using the same base model (VAE) but
changing out the LabelKAN for a standard deep neural net-
work. The neural network yields negligible improvement,
whereas LabelKAN achieves substantial performance gains.

set to just the 200 New York state species. For this exper-
iment we just use the longitude and latitude coordinates as
features, passed through an encoder that generates sin and
cos of the coordinates. We use the full ”assume negative”
loss proposed in (Cole et al. 2023) to train the base SINR
model with and without LabelKAN. All models are trained
for a minimum of 10 epochs, up to 50 epochs, on a single
NVIDIA ®Tesla ®H100 using PyTorch (Paszke et al. 2019)
and AdamW optimizer (Loshchilov and Hutter 2019). For
each model we calculate the mean average precision, as was
done in the original SINR paper, with results shown in Ta-
ble 2 on just the eBird status and trends dataset provided by
(Cole et al. 2023), subset to the 200 species1. Just as with
the presence-absence data, we see an improvement with the
addition of LabelKAN.

Ablation Study
To determine whether the observed performance gains are
due to the extra KAN layers, or whether similar improve-
ment could be achieved by applying any model for inter-
label learning, we conduct an additional experiment. Using
the same base models as before, we replace the LabelKAN
with a neural network to do the label learning, effectively
creating a deeper architecture while retaining the structured
latent space. As shown in Table 3, replacing the KAN with
another model for label learning yields no significant perfor-
mance gain over the base model, suggesting that the benefits
are specific to the KAN architecture.

Analyses
Moving beyond aggregate predictive performance, we ana-
lyze the effects on individual species. First, we examine how
predictive performance and learned patterns by LabelKAN
vary with species rarity. Then, we conduct a detailed case

1The S&T dataset only had 189 shared species, so metrics
were calculated on the shared species, though all 200 species were
trained and predicted

(a) LabelKAN error vs. species prevalence

(b) Neural Network label learner error vs. species prevalence

Figure 2: Comparison between LabelKAN (top) and a Neu-
ral Network label layer (bottom) as a function of the mean
change in error versus the species prevalence. On average,
the LabelKAN model performs better at all prevalence levels
over its base model, with only 7.5% of species performing
worse, with the worst performance reduction of only 0.4%.
In contrast, for the Neural Network, nearly 25% of species
perform worse than the base line model, with a worst per-
forming species degradation of 1.16% average error.

study of the Great Blue Heron, an emblematic species expe-
riencing significant decline across New York state (Johnston
et al. 2025; Fink et al. 2023).

Rare Species
Considering species co-occurrence may particularly benefit
rare species, as information from co-occurring species may
improve rare species predictions. Here, we examine the ef-
fects of LabelKAN on rare versus common species.

Given a LabelKAN model, we have predictions from both
the base model M and the LabelKAN layers Ki. For each
species i < n, we consider the true label yi and the pre-
dicted values σ(M(x)i) and σ(Ki(x)) from the base model
and LabelKAN, respectively, given features x. We compute
the mean absolute error in predictions across the test set
X,Y ∈ T to get eiM = 1

|T |
∑

x,y∈T |yi − σ(M(x)i)| and
eiK = 1

|T |
∑

x,y∈T |yi − σ(Ki(x))|. We then analyze the
difference eiM − eiK, where positive values indicate that the
base model, on average, outperforms LabelKAN for species
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Figure 3: Predictions for the American Robin, a common
species, on August 1, 2019. LabelKAN (left) results in more
confident predictions (closer to the 0/1 value) across the spa-
tial extent than the base VAE (right).

i, and negative values indicate improved performance from
LabelKAN. Figure 2a shows these results for the best per-
forming model, LabelKAN, and its base model, the VAE,
as a function of species prevalence, the average species oc-
currence rate across the study area. While 7.5% of species
have reduced performance, most rare species do benefit from
LabelKAN. More common species show notably improved
performance. In contrast, when replacing LabelKAN with
a standard Deep Neural Network for label learning (Fig-
ure 2b), we see that while some species improve, this of-
ten comes at the expense of many other species, resulting
in minimal overall improvement. In the next section, we ex-
plore the potential reasons for performance gains in rare ver-
sus common species and show that the mechanisms behind
these improvements differ.

Learned Patterns
In this section, we examine the patterns learned by La-
belKAN models. Due to the use of KANs, it is possible to
visualize and interpret the functional form and effects of in-
dividual input features - in this case, species logit values - by
inspecting the learned univariate functions and the strength
of each connection, as described in the original KAN papers
(Liu et al. 2025, 2024). As discussed in the previous section,
LabelKAN improves performances for both rare and com-
mon species, but with more substantial error reduction for
common species. We propose that these improvements arise
from two different mechanisms: for common species, per-
formance gains result from increased confidence in the base
model’s initial predictions; for rare species, improvements
stem from leveraging information from other, co-occurring
species in conjunction with its own initial prediction.

Take the American Robin as an example - the most preva-
lent species in the study region, appearing in 56.66% of
eBird checklists for New York. As shown in Figure 3, the
predicted occurrence maps from both the base model and
LabelKAN show similar spatial patterns. However, the La-
belKAN predictions are more confident (closer to 0 or 1),
which translates into improved performance metrics. Addi-
tionally, looking at the strength of each input species on the
resulting prediction (Liu et al. 2025, 2024), shows that the

(a) American Robin

(b) Northern Shoveler

Figure 4: Subset of the learned functions and edge connec-
tions from the LabelKAN model for the American Robin
(top) and Northern Shoveler (bottom), the most and least
prevalent species respectively, showing the top 5 contribut-
ing species. Each plot has, for the first layer, the average
relative strength (Liu et al. 2025). For the American Robin,
most of the signal comes from itself, whereas for the North-
ern Shoveler, the signal strength from the input species logits
is more distributed across co-occurring species.

majority of the signal for the American Robin comes from it-
self. The edge strength of American Robin is 0.68 compared
to the next closest being 0.21, indicating that LabelKAN is
mainly boosting the model’s confidence in its original pre-
diction. While the full model is too large to visualize in its
entirety, Figure 4a shows a subset of the learned KAN struc-
ture for the American Robin, clearly highlighting that the
majority of the signal comes from the species itself, where
the signal strength from the input species is much higher
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Figure 5: Predictions for the Least Flycatcher, a rare species,
on August 1, 2019 for the VAE + LabelKAN (left) and base
VAE (right). Despite the KAN only receiving information
about the predicted community from the VAE, it signifi-
cantly improves the species predictions in the Adirondacks
and southwestern New York compared to the base model
(validation by experts at the Cornell Lab of Ornithology),
showing the value of learning from co-occurring species.

for the American Robin, with only small weights from other
species.

By comparison, for the least prevalent species, the North-
ern Shoveler, the edge strength associated with itself is much
lower - only 0.283. The next highest contributor, the Bona-
parte’s Gull, has an edge strength of 0.17, which is much
closer to the target species edge score than in the case of
the American Robin. As shown in Figure 4b, the top 5 con-
tributing species for the Northern Shoveler, looking at the
strength of the signal coming from the species inputs, have a
more evenly distributed signal reflecting greater importance
of co-occurring species.

LabelKAN also improves the spatial patterns of species
distributions made by the base model. For example, consider
the Least Flycatcher, a relatively uncommon species ob-
served on only 2.6% of checklists. As shown in Figure 5, the
base VAE model struggles to differentiate locations within
the Adirondacks region and predicting a relatively low prob-
ability of presence across the entire range where the Least
Flycatcher is present. In contrast, LabelKAN is able to pro-
duce predictions that more closely align with known distri-
butions of the Least Flycatcher within the Adirondacks (val-
idation by experts at the Cornell Lab of Ornithology), just
by using information from the logit values of species pre-
dictions from the base VAE. This suggests that LabelKAN
is able to learn important co-occurrence patterns and extract
meaningful signals from the presence of other species.

Great Blue Heron
Next, we explore the potential impacts of changing species
populations on bird communities by focusing on the Great
Blue Heron, an emblematic species undergoing rapid popu-
lation declines (Johnston et al. 2025; Fink et al. 2023).

From the LabelKAN model, we compute predictions for
each species i as yKi

= σ(Ki(M(X))). Here, the output of
M(X) can be interpreted as learning a species-structured la-
tent space from the environmental input features, where the

(a) Predicted probability of presence of the Great Blue Heron for
August 1, 2019 (left) and the map with forced degradation (right).

(b) Relative change in median predicted probability due to forced
degradation of the Great Blue Heron

Figure 6: Great Blue Heron analysis. Shown are the top 10
species most negatively and positively impacted by changes
in Great Blue Heron occurrence. A synthetic 60% decline in
occurrence of the Great Blue Heron may be associated with
notable impacts on several other water-associated birds.

latent space is constructed from the logits of each species re-
gional in the community. This latent space allows us to syn-
thetically generate initial logits and see the resulting com-
munity of species from the altered predictions. To assess the
potential effects of a substantial decline in the Great Blue
Heron population, we synthetically set its logit value to a
large negative number - specifically, the 1st percentile of all
logit values for this species - and quantify how predictions
for other species change relative to their original values. Al-
though the full joint distribution of the latent space is un-
known and sampling out of distribution may lead to poor
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predictions, we believe that this approach still yields mean-
ingful insights into how other species and communities may
be affected. By choosing the manipulated logit within the
observed range for the Great Blue Heron, we ensure that the
perturbation remains realistic. Original and modified distri-
butions of the Great Blue Heron are shown in Figure 6a.

First, we construct a 3× 3km grid across New York state
and predict the probability of each species being present at
each location on the first of every month during the breeding
season (May - August). We then subset these predictions to
areas where at least 30% of the surrounding 3 × 3km area
is classified as water habitat in the set of environmental fea-
tures used by the base VAE. From these initial predictions,
we extract the logit values produced by the base model for
each location and date. To a simulate a decline in the Great
Blue Heron, we modify its logit value to be equal to the 1st
percentile of all predicted logits for this species across the
validation set. These modified logits are then passed through
the LabelKAN heads so that we can compute the relative
change in predictions for all other species.

We present the median relative change in the predicted
presence of a subset of species whose prevalence in water
habitats exceeds their overall prevalence across New York
state. The results, sorted by effect size, are shown in Figure
6b. A synthetic decline in the occurrence of the Great Blue
Heron by 60% results in notable decreases in several other
bird species, including the Bald Eagle, Mute Swan, Belted
Kingfisher, and the Green Heron, each showing around
a 10% decrease in occurrence. These species align well
with the ecological expectations of experts given known co-
occurrence patterns. Some of the species that show poten-
tial increases in occurrence, such as the Blackpoll Warbler,
White-eyed Vireo, and Horned Lark, typically occupy differ-
ent habitats (forest, scrub, and grasslands, respectively) than
the Great Blue Heron and are unlikely to directly co-occur,
suggesting that their predicted increases may reflect broader
community-level shifts rather than direct associations with
the Great Blue Heron.

Discussion
Our proposed LabelKAN method is able to capture strong
species-species co-occurrence patterns beyond what stan-
dard joint species distribution models are able to capture. In
addition to this, unlike with many standard methods, KANs
are able to capture higher order interactions between species
within a community as KANs are capable of modeling any
function of their inputs, just as with a standard neural net-
work (Liu et al. 2025). We note that while we are able to
capture these strong co-occurrence signals, LabelKAN is a
correlative model and cannot make causal inference, so truly
understanding what species may be impacted by the decline
of the Great Blue Heron is difficult to fully capture.

In this work, we focused on separating out the impacts of
the community learning on each individual species by con-
structing a KAN per species. However, because each KAN
has as input the entire species initial likelihood predictions,
by doing this our methods will naively scale quadratically
with the number of species. We leave further improvements

for future work, such as learning k representative communi-
ties as k KANs that output multiple species at a time.

While most of the work has been focused on presence-
absence data, we also see similar improvements with
presence-only data and training. We leave further investiga-
tion on presence-only data for future work.

Conclusion
We introduced LabelKAN, a novel framework that applies
a series of KANs to the outputs of a base multi-label
classification model. LabelKAN leverages the underlying
community structure among labels based on the individ-
ual likelihoods of each label, independent of the specific
base model architecture. Our results demonstrated that the
performance gains are not merely a byproduct of the two-
stage prediction process. Rather, the KAN itself plays a
critical role in improving label predictions, by maintaining
species-level information when trying to capture commu-
nity structure. Incorporating this domain knowledge into the
model yields a 2 − 3% increase in both micro and macro-
aggregated AUPRC. LabelKAN effectively learns label-
label co-occurrence patterns without greatly compromising
performance on any individual species. Moreover, the in-
terpretability of KANs allows for inference on the learned
label-label structure. We identified two potential mecha-
nisms for the improved performance on rare and common
labels alike, one that enhances rare label predictions by pool-
ing signal from co-occurring labels, and another that boosts
the confidence of predictions for more common labels.

This powerful inter-label learning combined with the
structured latent space from the base model, allows us to
analyze scenarios involving the decline of specific species.
By focusing on a careful study of the Great Blue Heron,
a species experiencing range-wide population declines, we
were able to identify the communities of species that may be
most at risk due to their ecological association with it. This
approach offers a pathway for targeted conservation efforts
aimed at ecologically-associated and co-occurring species.

LabelKAN’s modular approach for capturing inter-label
connections from a structured latent space makes it appli-
cable to a wide range of multi-label tasks. LabelKAN is
able to make stronger inferences about the effects between
co-occurring labels; and its shallow and more interpretable
KANs improve understanding of the strength and potential
functional forms of the effects. We hope LabelKAN will in-
spire further work across diverse domains.
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