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Abstract

Global biodiversity is declining at an unprecedented rate, yet little information
is known about most species and how their populations are changing. Indeed,
some 90% of Earth’s species are estimated to be completely unknown. Machine
learning has recently emerged as a promising tool to facilitate long-term, large-
scale biodiversity monitoring, including algorithms for fine-grained classification
of species from images. However, such algorithms typically are not designed to
detect examples from categories unseen during training — the problem of open-set
recognition (OSR) — limiting their applicability for highly diverse, poorly studied
taxa such as insects. To address this gap, we introduce Open-Insect, a large-
scale, fine-grained dataset to evaluate unknown species detection across different
geographic regions with varying difficulty. We benchmark 38 OSR algorithms
across three categories: post-hoc, training-time regularization, and training with
auxiliary data, finding that simple post-hoc approaches remain a strong baseline.
We also demonstrate how to leverage auxiliary data to improve species discovery
in regions with limited data. Our results provide insights to guide the development
of computer vision methods for biodiversity monitoring and species discovery.
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Figure 1: Open-Insect benchmark results on three geographical regions with varying difficulty.
The Open-Insect benchmark includes images of thousands of highly visually similar moth species,
along with non-moth arthropods, divided by geographic region. Left: Results from 38 OSR methods
on three open-set types i) Local moth, ii) Non-local moth, and iii) Non-moth (see Table 2). Right:
Visual dissimilarity across taxonomic levels: 1-hop (same genus), 2-hop (different genus, same
family), 3-hop (different family within Lepidoptera), and non-moths (different order, >4 hops).
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1 Introduction

The use of machine learning (ML) for species recognition can greatly facilitate long-term, large-scale
biodiversity conservation [80]. In recent years, significant progress has been made in developing
sophisticated ML and computer vision tools in biodiversity, including a variety of challenging
benchmarks [82, 81, 85, 10] and foundation models [23, 24, 74, 91], which span hundreds of millions
of images and hundreds of thousands of species.

Most ML models are trained with the closed-world assumption, assuming that at inference time,
the model will only encounter categories that are seen during training. However, in biodiversity
monitoring, the closed-world assumption is often violated for several reasons. Firstly, an estimated 86
percent of terrestrial species and 91 percent of marine species remain undescribed [59]. Regardless
of the size and diversity of the training dataset, unknown species can readily occur when deploying
a model in practice, especially with less well-studied groups such as insects or deep-sea fauna.
Secondly, not all described species have data available for training. For example, there are over 2
million species according to the latest Catalogue of Life checklist [9], but only 65 percent of them
have a record on the Global Biodiversity Information Facility (GBIF)!, which compiles records from
across biodiversity platforms such as iNaturalist’. Thirdly, very often, species recognition models
are trained with regional checklists of species that are of interest in specific use cases. Such models
cannot correctly identify species that are out of scope even if they are well documented.

For these reasons, open-set recognition (OSR), which aims at accurately classifying closed-set
samples (samples that belong to a category seen during training) and detecting open-set (OS) samples,
should be a crucial component of ML for biodiversity monitoring. Beyond improving the accuracy of
existing identification systems, OSR algorithms can help to pinpoint previously undiscovered species
and invasive or introduced species in specific geographic regions. Most existing OSR benchmarks
[95, 22, 34, 7] are derived from ImageNet-1K [67] and ImageNet-21K [13], which do not capture
the complexities and fine-grained categories of biodiversity data [56] or its long-tailed distribution.
While some OSR benchmarks do contain biodiversity categories, they are relatively small in scale
and focus on well-studied taxa such as birds [84] and other vertebrates [37]. As a result, performance
on these benchmarks may not accurately represent performance in new species detection for poorly
documented, highly diverse taxa.

An ideal benchmark dataset for new species detection should contain taxa with plentiful undiscovered
species. Since about two-thirds of all animals are insects [9] and over 80 percent of insect species
remain undescribed [75], we introduce Open-Insect, a large-scale, fine-grained image dataset which
focuses on insects (see Fig. 1 for examples). Open-Insect consists of closed-, open-set, and auxiliary
splits for three geographical regions: Northeastern North America, Western Europe, and Central
America. Following Tobler’s first law of geography’, we hypothesize that the difficulty of detecting
semantic shifts correlates with geographic proximity. Therefore, Open-Insect utilizes geographical
metadata to study local and non-local semantic shifts. Local open-set species may not only be harder
to detect, but also reflect challenges encountered when deploying species-recognition models in
practice. For each region, we also include a realistic auxiliary dataset for OSR methods that benefit
from training with such data.

Our contributions can be summarized as follows:

1. We introduce Open-Insect, a large-scale, extremely fine-grained biodiversity dataset focused
on insects for open-set recognition. Open-Insect allows us to benchmark the performance of
36 existing OSR methods for species discovery and invasive species detection.

2. We show that the quality of auxiliary data is crucial to improve OSR performance, and
present a simple approach to benefit from auxiliary training data.

3. We observe that the maximum softmax probability (MSP) and methods derived from it
remain a strong baseline for fine-grained OSR.

Yhttps://www.gbif.org/ (accessed 2025-01-29)
Zhttps://www.inaturalist.org/ (accessed 2025-01-29)
*Everything is related to everything else, but near things are more related than distant things.”
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2 Related Work

2.1 OSR and OOD Detection

The goal of OSR is to accurately classify the closed-set categories and detect the open-set ones [69].
OpenMax [6] is the first deep learning-based method for open-set recognition. More recent methods
include ARPL [11], OpenGAN [45], and hierarchy-adversarial learning [48]. Out-of-distribution
(OOD) detection is a broader term that refers to any setting in which one must detect test samples
drawn from a different distribution than the training distribution. The shift can be either covariate
or semantic. Covariate shift occurs when OOD samples come from a different input space, while
semantic shift arises when new categories (labels) occur in the test set [94]. The majority of recent
OOD detection methods focus on semantic shift and tackle the same problem as OSR [94], making
them suitable for species discovery as well. Hence, we also compare against these OOD detection
methods in our work.

We categorize the aforementioned OOD detection methods into 1) post-hoc, 2) training-time regular-
ization, and 3) training with auxiliary data. Post-hoc methods, as the name suggests, do not require
any further training and can be easily integrated into an existing pipeline. These methods utilize
the outputs of an already trained classifier and develop a score function to map the outputs to a real
number [6, 31, 26, 50, 49, 49, 64, 68, 54, 45, 39, 76, 29, 84, 30, 87,78, 77,73, 17, 101, 3, 51, 43, 52].
These outputs can be, for instance, features [87, 64, 49], logits [29], gradients [39], or softmax
probability [31]. For methods that require further training, a number of methods do not require extra
training data, but improve OSR performance by regularization with new loss functions or model
architectures, such as [15, 89, 11, 38, 33, 58, 40, 20, 45]. However, OSR can benefit from extra data
if they are available. Early works that explored the usefulness of auxiliary data include Entropic
Open-Set Loss [16] and Outlier Exposure [32] . Recently, an increasing number of methods have been
developed which involve training models with auxiliary data [36, 57, 96, 71, 90, 21, 19, 42, 60, 4, 5],
utilizing either labeled or unlabeled data.

2.2 Benchmarks and Datasets

OSR tasks usually involve splitting categories of a dataset into the closed and the open set. On the
other hand, OOD detection tasks typically involve taking an entire dataset, such as ImageNet [67],
as in-distribution (ID) and several other datasets as OOD, such as Texture [47] or iNaturalist [82].
OpenOOD [93] is the first benchmark to standardize the evaluation of OOD detection and OSR
methods. The 4 OOD benchmarks follow the conventional setup as mentioned above. The 4 OSR
benchmarks were constructed by splitting small-scale datasets, namely MNIST [14], CIFAR10 [46],
CIFAR100 [46], and TinyImageNet-200 [79] into the closed and the open sets. A series of datasets
has also been developed in the same way by splitting ImageNet-1K [67] and ImageNet-21K [13] to
evaluate semantic shift detection while minimizing covariate shifts, including ImageNet-OOD [95],
COOD [22], ImageNet-O [34], and OpenlmageNet [87]. OpenOOD v1.0 [93] and v1.5 [100] are the
only benchmarks, to our knowledge, to include an auxiliary dataset, TinylmageNet [79], for the 4
OQD datasets. In many works [36, 57, 5, 96, 71, 90, 21, 19, 42, 60, 4], training with auxiliary data
methods are evaluated with different ID, OOD, and auxiliary data splits, making a fair comparison of
these works challenging.

The Semantic Shift Benchmark (SSB) [84], Combined Out-of-Distribution Detection (COOD) [37],
and iNat21-OSR [48] include OSR or OOD detection datasets that consist of biodiversity categories.
SSB consists of an OSR dataset based on Caltech-UCSD Birds-200-2011(CUB) [86]. COOD [37]
used Norwegian vertebrates [70] as the ID set and Non-Norwegian vertebrates [70] as the OOD set to
evaluate OSR in hierarchical classification. Both SSB and COOD are relatively small-scale and focus
on well-studied groups of animals. iNat21-OSR [48] was developed to compare OSR performance at
different semantic distances from coarse to fine-grained in the taxonomic hierarchy, from the same
genus to different kingdoms. None of these datasets includes auxiliary training data.

2.3 ML for Biodiversity Monitoring

Machine learning is increasingly used in species recognition to support biodiversity monitoring. A
number of large-scale, fine-grained species recognition datasets have been introduced, such as iNat18
[82], iNat21 [81], Tree-of-Life 10M [74], and BioTrove [91]. Recently, foundation models such as
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Figure 2: Open-Insect dataset overview. Regions A, B, and C correspond to closed-sets and
local open-sets, while region D corresponds to the non-local open-set. (Region A: NE-America; B:
W-Europe; C: C-America; D: Australia.) The tree maps visualize the taxonomic distribution of moth
families in regions C and D, where nested boxes denote genera and species, and box size indicates
the relative number of images. The same family is colored consistently across the three treemaps.
Local open-set species are more similar to the closed-set than non-local ones. Biome codes and tree
maps for the other two regions are provided in the Appendix.

BioCLIP [74] and BioTrove-CLIP [91] have been developed to achieve generalization across datasets,
domains, and tasks, with insect-specific models like CLIBD [25], trained on BIOSCAN-1M [23] and
BIOSCAN-5M [24], and Insect-Foundation [61], trained on Insect-1M, marking significant progress
in this area. A detailed comparison between the insect datasets and Open-Insect is provided in the
Appendix. Some of these models achieve zero-shot classification of unseen species, by leveraging
prior knowledge of these species such as scientific names, reference images, or DNA barcodes. This
technique is not applicable to flagging undescribed species, which lack such prior information, but
can be useful for identifying rare species or supporting checklists of species of interest.

3 The Open-Insect Dataset

Of all insects, we focus on moths in this work, as moths are easily attracted to ultraviolet camera
traps [8] and many can be visually identified to the species level, allowing automatic large-scale
long-term monitoring [66, 83, 41]. These monitoring systems are expected to encounter a plethora of
novelties [65, 72], making it especially timely to develop ML-based models that can accommodate
undocumented species and accelerate species discovery. We curate Open-Insect based on the AMI
dataset [41], a large-scale, fine-grained dataset consisting of 5,364 moth species and 12 groups of
non-moth arthropods in three regions: Northeastern North America (NE-America), Western Europe
(W-Europe), and Central America (C-America) (see Fig. 2: areas inside the dashed bounding boxes
A, B, and C). We summarize the Open-Insect data distribution in Table 1.

3.1 The Closed-Set

Our benchmark dataset uses the AMI-GBIF dataset [41] as in-distribution data. We follow the
regional splits in the AMI dataset, as the first two regions represent well-documented regions, while
the last represents regions with very high biodiversity but limited data. Beside the AMI-GBIF dataset,
we compiled 2,912,168 images of 28,388 moth species from GBIF to minimize covariate shift for
open-set and auxiliary species (see the Appendix for curation details).



3.2 The Open-Sets

We designed three open-sets: 1) Local moth (O-L), 2) Non-Local moth (O-NL), 3) and Non-Moth
(O-NM), to simulate different kinds of unseen species that a model may encounter in the wild —
respectively: 1) species related to those known by the model but which are undocumented (no data or
new to science), 2) introduced or invasive species that have only recently colonized the region, and 3)
species that are not the focus of the model, but may occur in the monitoring system.

Local moths. Since we have very limited data on truly new species, we need to use described species
to simulate them. To gather a set of local open-set species, we extended each region by 1 degree in
latitude and 3 degrees in longitude, and then compiled a checklist containing species that have at least
one occurrence in the extended area (Fig. 2: areas inside the solid bounding boxes A, B, and C) and
excluded all species already present in the closed-set. Since all three regions share similar biomes
with their neighboring areas (see Fig. 2), it is likely that many of these local open-set species are also
present but yet to be observed in the given region, making them ideal substitutes for new species.

For C-America, we also include 197 images recently col-
lected from Barro Colorado Island (BCI), Panama, gath-
ered by our team to provide a maximally realistic test case.
This dataset split, referred to as O-B in Table 1, includes
133 open-set species—359 of which are likely undescribed
by science (see examples in Fig. 3). Though these species
have not gone through the formal accreditation process yet,
they exhibit over 1.5% DNA sequence divergence from
their closest matc'h @n the Barcode of Life Data (BOLD) greater than 7% DNA barcode diver-
dgtabgsg [62]: Thls is a cqmmonly u.sed threshold for dis- gence from their closest match in the
tinguishing §1m11ar but distinct sibling species [98, 63]. oI p database, well above the 1.5%
The O-B split was not used for the benchmark results re-
ported in Table 2, but to assess 1) whether methods that
perform well on Open-Insect also generalize well to po-
tentially new species, and 2) whether the OSR score threshold, determined by fixing the false positive
rate on Open-Insect, remains effective for species discovery in real-world scenarios.

Figure 3: Examples of likely novel
species from BCI. These species show

species-level cutoff.

Non-local moths. Here we simulated non-native species (such as introduced invasive species)
by selecting all species occurring in Australia (Fig. 2: region D) and falling outside the closed-
sets and local open-sets. Australia was picked since it is geographically isolated and far from all
closed-set regions. This set contains 4,662 species and 95,597 samples. In Fig. 1, we show the
visual dissimilarity of moth species at different taxonomic distances: 1-hop (from the same genus),
2-hop (from a different genus but same family), and 3-hop (from a different family). The detailed
comparison of the local and non-local open-sets are summarized in the Appendix. In short, local
open-sets have substantially more 1-hop species than non-local.

Non-moths. To evaluate ML algorithms’ performance on rejecting species that are beyond the scope
of study, but may occur in monitoring sites, we randomly sampled 35,000 images of non-moth species
from the AMI-GBIF dataset. These species are mostly other insects, along with some arachnids.
Examples are shown in Fig. 1.

3.3 Auxiliary Data

As mentioned in Sec. 2.2, when comparing OSR algorithms that use auxiliary data, it is important
that such data be consistent across methods. This motivates us to explicitly include an auxiliary
training set for each region in the Open-Insect benchmark, in contrast to previous benchmarks. By
including auxiliary datasets, our goal is not merely to expand the training set, but to curate a unified
and comprehensive benchmark to facilitate the development and evaluation of OSR methods that
were not previously evaluated with biodiversity-related datasets [84, 37, 48].

For each regional dataset, we constructed the auxiliary set (AUX) as follows. We first excluded
all species that are in the closed-set, the local open-set, or the non-local open-set. Since species
within the same genus can be highly similar, we also excluded species from any genus present in
the open-set but not the closed-set, since it is possible that a model could learn to simply declare all
species from this genus as unknown, thereby inflating performance metrics. For NE America and W
Europe, we selected 8,000 species for training, using 20 images per species. For Central America,



we selected 4,000 species, each with 20 images. We also randomly sampled a small set of images
from the auxiliary set to construct regional validation sets for hyperparameter tuning of the post-hoc
methods. Details can be found in Table 1.

4 Methods

Existing methods. Similar to OpenOOD
v1.5 [100], we divided the methods into
three categories: 1) post-hoc; 2) training-
time regularization; and 3) training with
auxiliary data. For post-hoc methods, we
evaluate all such methods in OpenOOD
v1.5 [100] and also more recent methods,
including NECO [3], FDBD [51], RP [43],
and NCI [52]. For training-time regular-

Table 1: The Open-Insect dataset. For each region,
we consider species in AMI-GBIF as the closed-set,
and species from nearby regions as local open-set. We
also provide auxiliary data with other species that are
available at train time. In addition, the Open-Insect
dataset provides a non-local open-set (O-NL) as well as
a non-moth open-set (O-NM). Species in the closed-, O-
L, or AUX sets may overlap across the three regions, but
ane not within a region. These images were compiled from
ization, we evaluate ConfBra.nch [15], G- public data on GBIF. For C-America, we also include
ODIN [38], ARPL [11], LogitNorm [89], 197 jmages of 57 potentially new species (denoted as
and RotPred [33]. Though OpenGAN [45] “0-B”) collected by our team in BCL.

is considered as post-hoc in OpenOOD
v1.5 [100], we followed OpenOOD [93]
and categorize it as “training-time regular-  Region  Type
ization” because it still requires training
the generator and the discriminator with NE-A

Moth Train Val Test
species images images  images

Closed 2,497 870,336 102,987 206,620

: O-L 617 - - 113,634
features extracted by the classifier, mak- AUX 8,000 160,000 19,439 -
ing it more complicated to use than other Closed 2,603 1.177.125 134095 268.113
post-hoc methods. We evaluated all “train- W-E O-L 458 N - 78.648
ing with extra data” methods in OpenOOD AUX 8,000 160,000 21,868 -
v1.5 [100] except for MCD [97], due to Closed 636 72,188 9,054 18,163
its extremely low closed-set classification C-A 8-; 1,3431 - - HL?Z}?
accuracy, and included Energy [54]. AUX 4000 80,000 9,054 !
Proposed baselines for training with aux- ONL 4662 B - 95597
iliary data. We additionally propose two ) O-NM - 35,000

simple baselines that utilize auxiliary data.
Let C be the number of species in the closed-set and A the number of species in the auxiliary set.
We preserve the original C-dimensional classification head and simultaneously train a second linear
classification head with either C' 4+ 1 or C + A dimensions — i.e., treating the auxiliary set either as one
new class or as A new classes. We call these two methods NovelBranch and Extended, respectively.
In our experiments, the models were optimized with the cross-entropy of both classification problems
sharing the feature extractor. At test time, the OSR scores were computed from the closed-set head
so that ID accuracy is preserved.

Implementation details. The implementation follows OpenOOD* [93]. We used a ResNet-50
backbone [27] for all methods, following a standard practice in the OSR [48], OOD detection
[93, 100], and species recognition literature [81]. We used the AdamW optimizer [55] and applied
cosine scheduling [28] to the learning rate. The weight decay was constant (10~%) during training.
All basic classifiers were trained from scratch for 120 epochs, with 0.01 initial learning rate (Ir) and 6
warm-up epochs. For all training methods (with or without auxiliary data), we fine-tuned species-level
classifiers for 30 additional epochs, with 0.001 initial Ir and 2 warm-up epochs. We trained three
basic classifiers per region and report the mean and standard deviation of their performance in Table
2. The models for training methods were fine-tuned using one randomly selected basic classifier.
More training details can be found in the Appendix.

Using pre-trained weights. It has been shown that ImageNet pre-trained weights can improve
accuracy on species recognition when the training set is small [81]. Since the C-America closed-set
is much smaller than those for the other two regions, we trained a ResNet50 classifier using the
ImageNet-1K pretrained weights to see if we can further improve the OSR performance. No moths
are present in ImageNet-1K, so using the pre-trained weights should not affect evaluation on local

*https://github.com/Jingkang50/OpenOOD/tree/main (accessed 2025-01-29)
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Table 2: Benchmarking results on Open-Insect. We evaluate approaches falling into three categories:
i) post-hoc methods, ii) training-time regularization, and iii) training with auxiliary data. Results are
shown for the three regions in Open-Insect: NE-America, W-Europe, C-America. For each of the
three open-set splits — local (L), non-local (NL), and non-moth (NM) — the AUROC is reported along
with the accuracy of the closed-set. The best result within each category is bold, and the overall best
result is bold and underlined. For post-hoc methods, we report the meansiandard deviation) from three
training runs.

NE-America ‘W-Europe C-America

L NL NM | Acc | L NL NM | Ace. | L NL NM | Acc.
Post-hoc methods
OpenMax [6] 70003 75918  63.8as 68904 75908  60.0 16 81903 82703 86.6(3
MSP [31] 86.7 03 93602 94303 86.0 07y 93206 94500 86.7 02 88002  89.004
TempScale [26] 86.8 03 93702 941y 86.000.6) 93.5 05  94.5 o) 850176 86.5145 893 062
ODIN [50] 84703 9500 89203 8140, 89507 8616 83505 84803 85603
MDS [49] 73.6 4 79207 94401 .74 T11eo 94104 82.1 03 83504 9214
MDSEns [49] 53202 53602 62203 50500 56.002 625 04 58201 60704 693
RMDS [64] 799as 879a3  904a2 79209 88214  90.5 g 85003 87102 9190y
Gram [68] B - , - - , 46100 50900 505 o)
EBO [54] 72860 7824y 910Ge 69762 76004 888 85303 86704 91803
GradNorm [39] 49305  5200p3 22907 Sllos 52502 2506 30an  321ao 18305
ReAct [76] 73.1e9 7998 9lley 700 2ep 7876  89.652 83.6 04 85105 914y
MLS [29] 738Gy 7194wy  9l4gas 7074 77266  89.3 65 86.503 87903 91604
KLM [30] 5 S - 89.7 | - - - 88.4 83503 84704 88303 | 854
VIM [87] 72545 78057  834a0y | 0D | 68663y 7635y 805y | O 83303y 84803 9I2Ses | O
KNN [78] 64.3 176 69.0i7 70.3 353 673 14y 71106 74.8 230 80.9 02 81.803 8833
DICE [77] 592016 629 (54 746 264 573 109y 623153 784 @13 23205 21.50¢ 13803
RankFeat [73] 61.3 3¢ 64.8 43 69.7 13.7) 52.6 04 513 653) 63.5 82) 723 733 (5 86.4 (12)
ASH [17] 12500 18067 915 a4 69262 75900  89.1 0 82905 84505 92005
SHE [101] 58504s 629054 675 co2) 58409 612056 685 (i 18604 940s 877 0n
NECO [3] 51.2 26 55.2 a3 522 a3 e = - 69.7 (03) 70.0 (02 66.8 (0.6)
FDBD [51] 80.532 88.1p9 93802 7821  86.1ug 91350 86.0 03 87802 91.604
RPyisp [43] 86.7 03 93602 94303 86.0 07y 93206 94500 86.8 02 88102  89.14
RPopn [43] 8170 91508 907 0 82.1as 9ldas  923as 8420 86502 8910
RPggo [43] 70856 T46ws 893 ws Giday  PSew 8070 85705 87601 92503
RPGraaNorm [43] 39.6 09y 384an 179wy 43.6 13 4ldaoe 214y 214 05 20005 127 09
NCI [52] 7213 71845 91664 709 29y 77462  89.8 0 85103 87003 92404
Training regularization
ConfBranch [15] 67.2 70.5 93.8 89.8 61.4 59.2 90.8 86.0 79.8 81.9 91.0 85.5
OpenGAN [45] 41.1 41.7 12.7 88.6 | 52.7 56.9 282 879 46.1 48.6 40.6 822
LogitNorm [89] 80.6 87.3 95.3 85.5 | 80.8 87.7 95.6 845 87.6 89.5 90.5 85.7
ARPL [11] 82.1 87.5 93.6 89.7 | 814 86.2 93.2 88.6 858 873 89.8 85.1
G-ODIN [38] 80.7 88.7 93.6 90.0 | 80.6 89.2 96.5 88.7 727 74.4 71.4 83.1
RotPred [33] 71.6 85.7 95.9 89.7 739 859 96.2 88.6 822 84.9 91.3 85.3
Training with auxiliary data
OE [32] 79.8 86.3 90.1 853 | 754 84.6 89.6 83.6 895 94.0 92.1 84.0
UDG [92] 75.1 81.9 91.5 80.8 - - - - 80.8 83.1 87.9 76.0
MixOE [99] 862 925 94.4 90.3 | 852 91.9 94.1 89.1 862 87.9 90.1 84.9
Energy [54] 87.4 951 925 896 | 84.6 94.8 89.5 884 90.0 938 912 842
NovelBranch (Ours) | 85.5 94.1 90.0 89.9 | 83.9 93.8 91.7 88.6 878 89.7 91.1 85.6
Extended (Ours) 835 922 86.1 89.8 82.6 91.9 89.4 88.6 86.9 89.0 89.3 85.8

or non-local open-sets. Additionally, we finetuned two ViT-B-16 models [18] - one trained with
ImageNet-1K and the other is the visual encoder of BioCLIP [74], a foundation model for species
recognition which is increasingly used for biodiversity-related tasks. We evaluated the performance
of the two models on a subset of the open-set, excluding moths that are in its training set. Details of
this subset are presented in the Appendix.

5 Results

We present the performance of 38 OSR methods in Table 2. Following OpenOOD v1.5 [100], we
consider open-set samples as positive and closed-set samples as negative, and use the area under the
ROC curve (AUROC) as the evaluation metric for OSR. We report the classification accuracy (Acc.)
for the closed-set and AUROC for OSR for each method on the Open-Insect benchmark. Some of the
methods listed in Table 2 under “Training regularization” and “Training with auxiliary data” require
combination with a post-hoc method of the user’s choice. In these cases, we tested 4 simple yet
effective post-hoc methods: MSP[31], EBO [54], MLS [29], and TempScale [26]. Results in Table 2
show the best performing method of each. Full results are listed in the Appendix. We also report
more recently proposed OSR metrics, including OSCR [16], AUOSCR [84], OpenAUC [88], and
OOSA [12] in the Appendix. Some results are shown as “-” either due to extremely long inference
time (KLM) or very large memory requirement (Gram, NECO and UDG).

Difficulty of the three open-set types. Fig. 1 summarizes results for each of the three types of
open-sets in each of the three regions. The maxima shown in the box plots show a clear trend
that local open-set species are substantially more difficult to detect than non-local and non-moth



open-set species. This validates our hypothesis that novel species from the same geographical
region are more challenging to detect. One explanation for this is that open-set species that are
geographically closer are also, on average, taxonomically closer to the species seen during training
(see Table 6). Taxonomically closer open-set species are harder to detect as they tend to exhibit
more visual similarity with closed-set species [84, 48]. However, for all regions, the best performing
method can achieve over 85% AUROC, indicating strong potential for automating species discovery
with OSR in computer vision.

Effect of pre-trained weights. In general, we observe increased AUROC and closed-set accuracy
when we utilize the ImageNet-1K pre-trained weights to initialize the weights of the base classifier.
All of them outperformed their training-from-scratch counterpart. Our results show that for small-
scale dataset, leveraging pre-trained weights can be helpful for OSR, even if neither the closed-set nor
the open-set categories are included in the pre-training dataset. Our proposed methods achieve the two
highest AUROC on local open-set, 91.19 (Extended) and 92.05 (NovelBranch) and LogitNorm has
the best performance of non-local open-set, with the AUROC increasing from 94.04 to 95.38 (see the
Appendix for the full result). When comparing the BioCLIP weights with the ImageNet-1K weights
of ViT-B-16, we find that BioCLIP weights give better performance on a subset of Open-Insect,
where open-set species present in BioCLIP’s training set are excluded (see Table 3).

5.1 Post-hoc Methods

Though no method consistently outperforms the

others across datasets, we observe that maxi- Taple 3: Comparison of pretrained weights.

mum softmax probability (MSP) [31] and MSP- QSR performance of models finetuned from Bio-
based methods, namely TempScale [26] and CLIP or ImageNet-1K.

RPysp [43], remain a strong baseline. For open-
set moth species (both local and non-local),

TempScale performs the best for NE-America o rained Weights  Method L NL Ace
and W-Europe and RPysp performs the best for ) MSP 9022 91.61
C-America BioCLIP MLS 90.7 92.7 91.14
) EBO 90.58 92.6
Stability. Most post-hoc methods show stable MSP  85.02 85.39
performance across the three training runs, with ImageNet-1K MLS 8559 8631 83.59
standard deviations below 5. However, KNN EBO 852 85.98

[78], DICE [77], and SHE [101] have much

higher standard deviation, as for some runs, the

AUROC is smaller than 50, indicating that the OSR scores of positive (open-set) samples are generally
lower than negative (closed-set) samples. We present the complete results of the three runs of these
methods in the Appendix.

Inference efficiency. For species discovery, OSR methods are expected to be applied to a continuous
stream of data over the long term, making inference efficiency a key consideration. Besides, the
domain of biodiversity monitoring is often constrained by limited computing resources. Therefore,
we also evaluate the efficiency of the post-hoc methods at inference time. OpenMax [6], MDS [49],
and RMDS [64] are slower than other methods, and KLM [30] is notably much slower. We list
the set-up time and inference time of all post-hoc methods in the Appendix. Setup only needs to
be performed once during deployment, while inference must continue to run as new data arrive.
The table also indicates which methods require access to training or validation data during setup.
This information can be important for end-users, as these data may not always be available, and the
requirements to process them can be complicated.

5.2 Training-time Regularization

These methods require further training, but they only utilize the closed-set during training time. For
regions with more closed-set data (NE-America and W-Europe), training-time regularization does
not improve the performance of local or non-local OSR, but it can slightly improve the performance
of non-moth OSR. The opposite holds for regions with a much smaller closed-set (C-America).

Recent post-hoc and training-time regularization methods have been shown [93] to have a substantial
improvement over the MSP baseline for coarser-grained OOD detection, such as using ImageNet [67]
for ID and iNaturalist [82] for OOD. The inconsistent performance observed with the Open-Insect



benchmark highlights the value of evaluating methods with a fine-grained biodiversity dataset focused
on semantic shift rather than inferring performance only from more generic OOD datasets.

5.3 Auxiliary Data

Realistic selection of auxiliary data helps. Methods using auxiliary data exhibit an increase in
performance for local and non-local OSR in Table 2, especially for C-America, on which there is
an increase of 3.28 percentage points (pp). We believe the efficacy of the auxiliary data is due to its
realistic nature. For biodiversity monitoring, expert knowledge can be used to choose species that
might be similar to open-set species — for example, moths from other regions.

To empirically verify this claim, we train the Energy method for C-America while replacing our
auxiliary data with TinyImageNet (TIN) [79], and compare the OSR performance in Table 4. We
chose TIN as it is the auxiliary data used by OpenOOD [93] for all 4 open-sets. We find that using
TIN reduces OSR performance significantly, by 4.82 pp on local (L) and 5.54 pp on non-local (NL)
open-sets. This suggests the importance of realistic auxiliary data selection for training.

Species diversity matters in auxiliary data. We

also investigate the impact of species diversity on Taple 4: Ablation study on auxiliary
OSR performance. We fix the total number of im- Jatasets. We report AUROC for OSR perfor-
ages and vary the number of species and images per mance and accuracy on the closed-set. AUX
species. We report results for C-America using the  jg the auxiliary dataset used for training. TIN

proposed NovelBranch approach with pretrained Im- = TinyImageNet, OI-CA = Open-Insect C-
ageNet weights (which performs best for the local America.

open-set). We observe that the OSR performance
improves as the number of species in the auxiliary
dataset increases for local novel species, but has
slightly less effect for non-local open-set species (see TIN 8525 88.16 9385 84.17
the Appendix). This suggests that data curation ef- OLCA 9007 937 9133 84.19
forts may focus on increasing the number of species.

AUX L NL NM  Acc.

5.4 Performance on BCI Data

To test if the performance on the Open-Insect Bench-

mark can be generalized to likely undescribed species  Figure 4: TPR@5 (BCI) vs. AUROC (C-
in the wild, we evaluate the post-hoc methods with  America O-L post-hoc methods). Overall,
the BCI images, a highly realistic test case for species  models that perform well on C-America O-L
discovery. While AUROC captures the overall per- )50 tend to achieve higher performance on
formance of a model across all thresholds, a specific  the BCI data.

threshold must be selected to determine whether a

species is from the open-set in real-world scenarios. 80 r~
Given the limited number of taxonomists available — °

. . = 60 a
to verify new species and the large scale of data col- Q
¥e<.:ted by camera traps during long-term monitoring, = 0 ®
it is crucial to select a threshold that ensures a reason- n@ﬁ $e
able False Positive Rate (FPR) while maintaining a & o0l o
high True Positive Rate (TPR), or recall. Here, we L o0
consider open-set species as positive and closed-set ole. e | | |
species as negative. To achieve this goal, we con- 0.60 0.65 0.70 0.75 0.80 0.85
sider the following metrics: the TPR of detecting AUROC (C-America O-L)

0O-BCI images when the supremum of the FPR of

flagging closed-set species as open-set is 7, denoted

by TPR@7. We visualize the result in Fig. 4: the x-axis gives the AUROC of different methods when
evaluated on the C-America local open-set, while the y-axis gives the TPR (rate of correctly detecting
open-set species), where the threshold is set so that the FPR (misclassifications of closed-set species
as open) is lower than 5%. We observe that post-hoc models that perform well on C-America O-L
(high AUROC) also tend to achieve higher performance (high TPR@5) on BCI, indicating the OSR
performance on Open-Insect is a good approximation for species discovery in the wild.



5.5 Explainability of the OSR Methods

Table 5: OSR performance of MPS on dif-
ferent test data types. Performance dropped
drastically when the insect was masked in the

Explainability of the OSR methods is very important
when encouraging domain experts to adopt ML-based
tools for species discovery. One common concern

is that models only use background features instead tmage.

of species-level fine-grained features to determine

whether the species from the open-set or not. We Test Data Type AUROC  Acc.
conducted an experiment to empirically verify that Original image 80.01  71.01
background features are not enough to achieve good Moth masked 46.57 1.63
OSR performance on Open-Insect. Specifically, we Background masked ~ 76.01 ~ 64.14

masked the insect or the background in a subset of
images (see the Appendix for details).

We ran our C-America classifier on this subset and evaluated the closed-set classification accuracy
and the OSR performance of MSP, a well-performing post-hoc method. We observe that using the
original images gives the highest closed-set accuracy (Acc.) and the best OSR performance (AUROC)
(Table 5). When the insect was masked, the model was forced to rely solely on the background and
the insect’s silhouette. Acc. dropped to just 1.63%, and AUROC decreased to 46.57%, close to 50%
(the performance of a random classifier). When the background was masked, the model still achieved
performance comparable to that on the original images, though Acc. and AUROC decreased by 4%
and 6.87%, respectively. When masking the background, parts of the insect such as legs and antennae
were also inadvertently masked, which may explain the slight drop.

6 Conclusion

We present the Open-Insect benchmark, a large-scale, fine-grained dataset focused on highly similar
insect species. By minimizing covariate shifts of the auxiliary and open-sets from the closed-sets,
our dataset allows for a more rigorous evaluation of OSR methods and will provide valuable insights
for the future development of these methods. We evaluated 38 OSR methods and found that simple,
efficient post-hoc approaches can perform well, achieving over 85% AUROC in detecting fine-grained
open-set species. Besides, we show that selecting auxiliary data based on expert knowledge can
further improve the OSR performance, with species diversity in the auxiliary dataset playing a key role
in performance gains. Our findings also show that methods effective on the Open-Insect benchmark
appear to generalize well to images of actual undescribed species.

Positive impacts. We hope that the Open-Insect benchmark will draw attention to the problem of
species discovery and enable further work within the ML research community on OSR and OOD
detection methods for biodiversity. Such work stands to benefit the biodiversity protection efforts
across the world, the fight against climate change (which is exacerbated by biodiversity loss), and the
preservation of ecosystem services on which humanity depends.

Potential negative impacts and safeguards. We emphasize that computer vision tools for biodiver-
sity should not be seen as a replacement for domain experts in ecology (who are already very limited
in number) — rather as a tool to enable such experts to gather and interpret data across more species,
geographies, and timepoints than heretofore possible. Besides, classifiers for species recognition and
OSR might be misused to identify species of high economic value, which may inadvertently facilitate
illegal wildlife trafficking. It is thus important to engage with conservation experts to assess potential
misuse before such models are deployed.

Limitations. Our benchmark only evaluates OSR performance on high-resolution images and does
not include lower-resolution images, such as those from camera traps, due to the limited availability
of annotated trap data. Furthermore, due to limited computational resources, we do not perform
multiple training runs for “training regularization” and “training with auxiliary data” methods.
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1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The main claims made in the abstract and introduction summarize the paper’s
contributions and scope.

Guidelines:

* The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: We discussion the limitations in Sec. 6.
Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate "Limitations" section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [NA]
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Justification: This paper does not include theorems.
Guidelines:

* The answer NA means that the paper does not include theoretical results.

* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: We provide training details in Sec 4 as well as App. B.1. Our code is
available at https://github.com/RolnickLab/0Open-Insect. Our datasets are ava-
iable athttps://huggingface.co/datasets/yuyan-chen/open-insect and https:
//huggingface.co/datasets/yuyan-chen/open-insect-bci.

Guidelines:

* The answer NA means that the paper does not include experiments.

* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.
If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.
Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
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Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: Our datasets are hosted on huggingface: https://huggingface.co/
datasets/yuyan-chen/open-insect and https://huggingface.co/datasets/
yuyan-chen/open-insect-bci. Our code is available at https://github.com/
RolnickLab/Open-Insect.

Guidelines:

» The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.
6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: We provide training details in Sec 4 as well as App. B.1. Our code is available
athttps://github.com/RolnickLab/0Open-Insect.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

¢ The full details can be provided either with the code, in appendix, or as supplemental
material.

7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?
Answer: [Yes]

Justification: The main results are reported in Table 2. We report the mean and standard
deviation for post-hoc methods from three training runs. Other training methods were only
trained once, and we discuss this limitation in Sec. 6.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.
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8.

10.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

« It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

¢ For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.
Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes],
Justification: We provide these information in Sec. B.1, C.3, and 4.
Guidelines:

* The answer NA means that the paper does not include experiments.

 The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: The research conducted in the paper conforms with the NeurIPS Code of
Ethics.

Guidelines:

¢ The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]
Justification: We discuss both positive and negative impacts in Sec. 6.
Guidelines:

* The answer NA means that there is no societal impact of the work performed.
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11.

12.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [Yes]
Justification: We discuss safeguards in Sec. 6.
Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: Our codebase is built using OpenOOD [93]. We cite the paper of OpenOOD
and include the URL of the GitHub repository in Sec. 4. Our dataset partially builds
upon data from the AMI dataset [41]. We cite this paper in Sec. 3.1. We include the

license of the AMI dataset in the Open-Insect dataset hosting on huggingface https:
//huggingface.co/datasets/yuyan-chen/open-insect.

Guidelines:

» The answer NA means that the paper does not use existing assets.
* The authors should cite the original paper that produced the code package or dataset.

 The authors should state which version of the asset is used and, if possible, include a
URL.
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13.

14.

15.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

 If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]

Justification: Our datasets are hosted on huggingface: https://huggingface.co/
datasets/yuyan-chen/open-insect and https://huggingface.co/datasets/
yuyan-chen/open-insect-bci. Our code is available at https://github.com/
RolnickLab/Open-Insect. Details about training and limitations are discussed in the
main text and the Appendix. Both datasets are distributed under the CC-BY-NC 4.0 License.
The code is distributed under the MIT License.

Guidelines:

* The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justification: This paper does not involve crowdsourcing nor research with human subjects.
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
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Justification: This paper does not involve crowdsourcing nor research with human subjects.
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.
16. Declaration of LLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [NA]
Justification: This research does not involve LLMs.
Guidelines:

* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

¢ Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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Technical Appendices and Supplementary Material

A Dataset

A.1 Biome list

1: “Tropical and Subtropical Moist Broadleaf Forests", 2: “Tropical and Subtropical Dry Broadleaf
Forests", 3: “Tropical and Subtropical Coniferous Forests", 4: “Temperate Broadleaf and Mixed
Forests", 5: “Temperate Coniferous Forests", 6: “Boreal Forests/Taiga", 7: “Tropical and Subtropical
Grasslands, Savannas, and Shrublands®, 8: “Temperate Grasslands, Savannas, and Shrublands",
9: “Flooded Grasslands and Savannas", 10: “Montane Grasslands and Shrublands", 11: “Tundra",
12: “Mediterranean Forests, Woodlands, and Scrub", 13: “Deserts and Xeric Shrublands", 14:
“Mangroves", 98: “Lake", 99: “Rock and Ice".

A.2 Choice of degrees in latitude and longitude

We wanted to choose surrounding areas that are small enough so that the species can simulate
undescribed species, but at the same time, large enough so that we have a relatively diverse species
distribution. Since typically the variation in species is higher across latitudes than longitudes due
to climatic shifts [35], we chose 1 degree in latitude and 3 degrees in longitude. We also visualize
the biomes of each region in Fig. 2 to show that the surrounding regions are very similar to the
in-distribution regions.

A.3 Global moth data curation

We curate the global list of moth species from GBIF [1]. Together, the moth and butterfly families
make up the order Lepidoptera. While there are over 100 families of moths, there are only seven
families of butterflies. Therefore, we exclude the butterfly families from the order Lepidoptera
to get only moth families and their corresponding species. Next, we consider only those species
whose taxonomic status is classified as accepted in the backbone. This process results in a total
of 46,983 species. Simultaneously, we download metadata for all Lepidoptera observations that
include images using GBIF’s occurrence search tool [2]. We then fetch images for the moth species,
limiting to 1,000 images per species class. This effort yields 4.5 million images. Following the
data cleaning procedures outlined in [41], we remove images with duplicate URLs, problematic
sources, thumbnails, and non-adult images using a life stage classifier. After these steps, we have 3.8
million images remaining. Additionally, we eliminate any species that have fewer than five images in
the dataset and only include images with the following licenses: CC BY 4.0, CC BY-NC 4.0, CC
BY-NC-SA 4.0, CCO 1.0 (Public Domain), CC BY-SA 4.0, No Rights Reserved, CC BY 3.0, CC
BY-SA 3.0. This finalizes our globla data to have 28,388 species and 2,912,168 images.

A.4 The Open-Insect Dataset

We compare the data distribution of local and non-local open-set datasets of three regions: Northeast-
ern North America (NE-America), Western Europe (W-Europe), and Central America (C-America)
in Table 6 and visualize the taxonomic distribution in Fig. 5.

Table 6: Geographic and taxonomic distance of Open-Insect open-set splits. Comparison of the
local and non-local open-set datasets.

NE-America ‘W-Europe C-America
Local Non-local Local Non-local Local Non-local
Species Images Species Images | Species Images Species Images | Species Images Species Images
1-hop 463 66,370 553 11,919 323 44,119 802 16,962 772 46,731 151 3,428
2-hop 147 46,407 3,810 77,967 132 33,796 3,482 71,355 908 61,651 3238 68,508
3-hop 7 857 299 5,711 3 733 378 7,280 44 3,497 1,273 23,661

A.5 Comparison to related work

Taxonomic level. BIOSCAN-1M (B-1M) [23], BIOSCAN-5M (B-5M) [24], and our Open-Insect,
focus on insects, while Insect-1M [61] consist of insects and other arthropods. B-1M and B-5M
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Figure 5: Visualization of the Open-Insect taxonomic distribution. Tree maps (a)—(f) show the
taxonomic composition of moth families in Open-Insect across three regions. Each nested box
represents a genus or species, and box size reflects the relative number of images. The same family
is colored consistently across regions. Local open-set species display taxonomic distributions more
similar to their corresponding closed-set species, indicating shared families and comparable visual
traits. In contrast, the non-local open-set samples from Australia (g) exhibit markedly different
taxonomic and color patterns, reflecting greater divergence from the training regions.
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mainly focus on flies and use Barcode Index Numbers (BINs) as labels (< 10% of these BINs
correspond to species, while others are higher order taxonomic groups of various levels). Our dataset
focuses on moths and all samples are identified to species level. This allows us to evaluate the
difficulty of OSR in highly fine-grained recognition and at specified taxonomic levels.

Data type. While all datasets include images, the image types are different. Open-Insect and Insect-
1M contain images of museum specimens and live insects in the wild. B-1M and B-5M consist of
microscope images of specimens collected using Malaise traps. While Malaise trap specimens are
often too small and mangled for species-level identification, Open-Insect was designed to support
species-level identification and new species discovery, focusing on more readily identifiable camera
trap images, as well as slightly larger insects that can be visually identified.

Benchmark tasks: The intended applications of the other three datasets are very different from
those of Open-Insect. B-1M and B-5M assess the effectiveness of multi-modality by aligning image
data and DNA barcodes, while Insect-1M was curated to train a foundation model for insects and
other arthropods using images and text. Open-Insect is designed for visual species identification
where DNA barcodes or text description may not be available. Given the strong covariate shift and
difference in tasks between B-1M / B-5M and Open-Insect, it is not possible to directly evaluate OSR
performance of models trained on B-1M and B-5M using Open-Insect.

B Methods

B.1 Training details

All images were resized to 126 by 126. We followed the data pre-processing implementation in
OpenOOD [93]. All models were trained with 1 RTX8000 GPU, with 16 CPUs, 16 workers, and 100
GB of CPU memory in total.

Training from scratch. All species recognition classifiers were trained from scratch for 120 epochs
with a batch size of 512 for each region. We used the AdamW optimizer [55] with an initial learning
rate of 0.01. The learning rate was decayed with cosine scheduling [28] with the first 6 epochs being
warm-up epochs.

Fine-tuning. For all training methods (whether requiring extra data or not) , we fine-tuned the
species-level classifiers for 30 additional epochs with a batch size of 512 except for RotPred, which
was trained with a batch size of 256 due to a larger memory requirement. Similarly, we used AdamW
as the optimizer with cosine scheduling for learning rate scheduling. The initial learning rate was
0.001, with the first two epochs as warm-up.

C Additional results

C.1 All metrics

We show the Open-Set Classification Rate (OSCRO curve [16] of the basic classifier with MSP as the
post-hoc method across the three regions in Fig. 6. We also report the Area Under the OSCR curve
(AUOSCR) [84], OpenAUC [88], and Operational Open-Set Accuracy (OOSA) [12] in Tables 7,
8, and 9. AUOSCR, OpenAUC, and OOSA depend on the closed-set accuracy, whereas AUROC
is independent of it. The closed-set accuracies reported in Table 2 are computed in the standard
manner, using the argmax of the logit vector. Hence, all post-hoc methods have the same closed-set
classification accuracy. However, some post-hoc methods also provide an alternative way to derive
predictions. In such cases, we report the metrics computed using both (1) the standard approach
and (2) the post-hoc prediction method (denoted with *) in the subsequent tables if the metrics are
drastically different.

C.2 OSR performance when using ImageNet-1K pretrained weights
We present the result in Table 10. There is no result for OpenMax as it requires prediction of the test

set to cover all training species. Though the ground truths of the test set cover all training species, the
predictions of this model do not.
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Table 7: Full results of NE-America. AUROC, AUOSCR, OpenAUC, and OOSA are averaged
across three open-set splits: Local, Non-Local, and Non-Moth. For post-hoc methods, we present the
result of one of the three runs.

Method AUROC AUOSCR OpenAUC OOSA ACC
MSP 91.7 85.1 85.1 84.5 89.8
TempScale 91.7 85.1 85.1 84.5 89.8
ODIN 88.9 81.9 81.9 81.0 89.7
MDS 82.2 71.5 71.5 77.8 89.8
MDSEns 55.9 50.7 50.7 50.0 89.8
MDSEns* 55.9 1.2 1.2 50.0 1.9
RMDS 87.0 81.2 81.2 80.6 89.8
Gram - - - - -
EBO 82.2 774 77.4 76.8 89.8
GradNorm 43.8 37.1 37.1 50.2 89.8
ReAct 81.8 76.6 76.6 60.8 89.8
ReAct* 81.8 19.5 19.5 54.6 219
MLS 83.2 78.4 78.4 71.7 89.8
KLM - - - - -
VIM 81.8 76.9 76.9 74.8 89.8
KNN 84.7 78.7 78.7 77.3 89.8
DICE 78.7 73.8 73.8 50.0 89.8
DICE* 75.0 7.8 7.8 51.3 8.8
RankFeat* 65.2 224 224 50.3 32.0
RankFeat 65.2 60.3 60.3 50.0 89.8
ASH 82.1 76.3 76.3 76.3 87.8
SHE 75.5 69.8 69.8 68.4 89.8
NECO - - - - -
FDBD 89.6 83.9 83.9 83.2 89.8
RPumsp 91.7 85.1 85.1 84.5 89.8
RPopin 88.6 81.6 81.6 82.4 89.7
RPego 80.1 75.5 75.5 75.2 89.8
RPGradNorm 31.9 25.7 25.7 50.0 89.8
NCI 83.1 78.3 78.3 774 89.8
ConfBranch  77.1 72.8 72.8 72.0 89.8
OpenGAN 31.8 25.8 25.8 434 88.6
LogitNorm 87.7 79.7 79.7 81.0 85.5
ARPL 87.7 82.8 82.8 80.8 90.0
GODIN 87.7 82.0 82.0 81.7 90.0
RotPred 86.4 80.0 80.0 79.0 89.7
OE 854 774 77.4 78.8 85.3
UDG 82.8 71.4 71.4 73.7 80.8
MixOE 91.0 85.3 85.3 84.1 90.3
Energy 91.7 83.9 83.9 82.6 89.6
NovelBranch  89.9 82.5 82.5 80.4 89.9
Extended 87.2 80.2 80.2 77.7 89.8
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Table 8: Full results of W-Europe. AUROC, AUOSCR, OpenAUC, and OOSA are averaged across
three open-set splits: Local, Non-Local, and Non-Moth. For post-hoc methods, we present the result
of one of the three runs.

Method AUROC AUOSCR OpenAUC OOSA ACC
MSP 91.5 84.0 84.0 83.9 88.7
TempScale 91.6 84.0 84.0 84.0 88.7
ODIN 88.0 80.2 80.2 79.5 88.7
MDS 81.6 76.0 76.0 76.6 88.7
MDSEns 56.3 50.4 50.4 51.7 88.7
MDSEns* 56.3 1.2 1.2 50.1 1.9
RMDS 87.7 80.7 80.7 80.5 88.7
Gram - - - - -
EBO 81.3 75.7 75.7 75.6 88.7
GradNorm 41.7 34.5 34.5 50.0 88.7
ReAct 81.9 75.8 75.8 72.4 88.7
ReAct* 81.9 13.6 13.6 53.5 14.8
MLS 82.2 76.6 76.6 76.5 88.7
KLM - - - - -
VIM 81.0 75.2 75.2 74.8 88.7
KNN 84.3 77.2 77.2 75.9 88.7
DICE 80.7 74.5 74.5 72.4 88.7
DICE* 80.7 3.0 3.0 50.0 32
RankFeat 60.8 55.9 55.9 51.8 88.7
RankFeat* 60.8 30.5 30.5 53.0 41.5
ASH 81.3 75.7 75.7 72.5 88.7
SHE 73.8 66.9 66.9 66.4 88.7
NECO - - - - -
FDBD 88.9 82.3 82.3 82.0 88.7
RPumsp 91.5 84.0 84.0 83.9 88.7
RPopiN 89.7 81.7 81.7 83.5 88.6
RPeBo 79.2 73.9 73.9 74.1 88.7
RPGradNorm 33.1 26.4 26.4 50.0 88.7
NCI 82.2 76.5 76.5 76.2 88.7
ConfBranch T1.7 67.3 67.3 67.4 88.6
OpenGAN 459 40.8 40.8 47.1 87.9
LogitNorm 88.0 78.9 78.9 80.6 84.5
ARPL 86.9 81.1 81.1 79.2 89.0
GODIN 88.7 81.7 81.7 81.5 88.8
RotPred 85.3 77.6 77.6 77.0 87.9
OE 83.2 73.0 73.0 74.6 83.6
UDG - - - - -
MixOE 90.4 83.8 83.8 82.9 89.1
Energy 89.7 81.0 81.0 79.7 88.4
NovelBranch  89.8 81.6 81.6 80.5 88.6
Extended 88.0 80.0 80.0 78.5 88.6
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Table 9: Full results of C-America. AUROC, AUOSCR, OpenAUC, and OOSA are averaged across
three open-set splits: Local, Non-Local, and Non-Moth. For post-hoc methods, we present the result
of one of the three runs.

Method AUROC AUOSCR OpenAUC OOSA ACC
MSP 87.6 79.5 79.5 80.6 85.0
TempScale 85.6 76.3 76.3 77.8 83.2
ODIN 86.4 78.1 78.1 42.5 85.0
MDS 85.8 77.9 77.9 79.2 84.6
MDSEns 62.6 54.5 54.5 55.8 85.0
MDSEns* 62.6 9.3 9.3 50.6 11.7
RMDS 85.6 76.2 76.2 78.6 83.2
Gram 50.9 43.1 43.1 50.0 85.0
EBO 87.5 79.6 79.6 81.4 85.0
GradNorm 28.9 21.0 21.0 50.0 85.0
ReAct 86.2 78.0 78.0 50.8 84.5
MLS 88.3 80.2 80.2 81.5 85.0
KLM 85.1 77.5 71.5 79.4 85.0
VIM 86.5 78.8 78.8 79.7 85.0
KNN 84.4 76.6 76.6 77.6 85.0
DICE 20.8 13.2 13.2 50.0 85.0
DICE* 20.8 12.1 12.1 50.0 82.7
RankFeat 76.6 69.7 69.7 69.0 85.0
RankFeat* 76.6 539 53.9 65.9 60.4
ASH 87.5 79.6 79.6 81.4 85.0
SHE 82.6 75.1 75.1 74.1 85.0
NECO 65.4 57.5 57.5 424 84.7
FDBD 88.1 80.0 80.0 81.0 85.0
RPumsp 87.7 79.6 79.6 80.6 85.0
RPopin 87.5 79.2 79.2 425 85.0
RPego 88.2 80.4 80.4 82.1 85.0
RPGradNorm 18.7 11.2 11.2 50.0 85.0
NCI 87.7 79.7 79.7 81.0 85.0
ConfBranch  84.2 77.1 77.1 77.9 85.5
OpenGAN 45.1 355 35.5 50.0 82.2
LogitNorm 89.2 81.0 81.0 82.3 85.7
GODIN 72.8 63.7 63.7 63.4 83.1
RotPred 86.1 78.2 78.2 79.4 85.3
OE 91.9 80.5 80.5 83.0 84.0
UDG 83.9 70.1 70.1 75.3 76.0
MixOE 88.1 79.7 79.7 81.4 84.9
Energy 91.7 80.4 80.4 82.9 83.8
NovelBranch ~ 89.5 81.0 81.0 82.5 85.6
Extended 88.4 80.1 80.1 81.0 85.8
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Table 10: Benchmarking results on Open-Insect for C-America with ImageNet-1K pretrained
weights. We evaluate approaches falling into three categories: i) post-hoc methods, ii) training-time
regularization (without auxiliary data), and iii) outlier exposure with auxiliary data. Results are shown
for the C-America. For each of the three open-set splits — local (L), non-local (NL), and non-moth
(NM) - the AUROC is reported along with the accuracy of the closed-set test set. Since C-America is
the dataset with the smallest training dataset, we also report results using ImageNet-1K pretrained
weights compared to the models trained from scratch in Table 2.

C-America

L NL closed-set Acc.
Post-hoc methods
OpenMax
MSP 86.01 87.02
TempScale 8542 86.54
ODIN 69.83 70.72
MDS 86.95 88.39
MDSEns 57.1  59.38
RMDS 89.0 91.35
Gram 38.06 42.7
EBO 86.48 88.72
OpenGAN 6441 68.17
GradNorm 37.05 35.6
ReAct 86.62 88.79
MLS 87.61 89.67
KLM 87.36 88.5 SELE
VIM 88.05 89.74
KNN 86.3 88.01
DICE 19.12  16.5
RankFeat 68.33 69.27
ASH 85.19 86.67
SHE 57.55 60.8
NECO 80.87 81.76
FDBD 87.76  88.97
RP-MSP 86.0 87.15
RP-ODIN 70.28 73.75
RP-EBO 85.35 88.09
RP-GradNorm | 27.62 25.73
Training-time regularization
ConfBranch 81.38 93.23 89.69
LogitNorm 88.41 95.38 89.86
ARPL 87.99 92.17 89.29
G-ODIN 71.02 6593 88.42
RotPred 80.28 92.04 89.28
Training with auxiliary data
OE 89.16 93.32 88.71
MCD 88.54 91.38 88.38
UDG 82.27 88.97 7891
MIXOE 90.07 94.24 89.12
Energy 90.64 93.66 88.0
NovelBranch 92.05 95.35 89.83
Extended 91.19 93.75 90.67
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Figure 6: OSCR curves of the basic classifier with MSP as the post-hoc method across three
regions. The x-axis is the False Positive Rate (FPR) and the y-axis is the Correct Classification Rate
(CCR).

Table 11: Benchmarking results on Open-Insect with different training and post-hoc method
combinations. We present the results obtained from different combinations of training methods (with
or without auxiliary training data) with selected post-hoc methods. Results are shown for the three
regions in Open-Insect: NE-America, W-Europe, C-America. For each of the three open-set splits —
local (L), non-local (NL), and non-moth (NM) — the AUROC is reported. The colored | AUROC are
those shown in Table 2.

NE-America W-Europe C-America
Training Post-hoc L NL NM L NL NM L NL NM
Training regularization
MSP 77.45 84.28 94.0 76.87 85.19 88.7 87.35 89.12 90.22
EBO 80.55 87.25 95.32 80.77 87.72 95.61 87.3 89.54 90.01
LogitNorm MLS 80.58 87.29 95.31 80.78 87.73 95.59 87.27 89.44 90.15
TempScale | 79.96 86.5 94.99 79.2 86.06 94.87 87.56 89.5 90.47
Training with auxiliary data
MSP 79.75 86.33 90.12 75.36 84.58 89.6 89.54 94.03 92.16
OE MLS 56.43 52.96 54.37 53.68 47.23 44.7 84.58 86.13 88.28
EBO 55.82 52.05 53.1 50.71 42.65 39.19 73.26 68.79 75.8
TempScale | 79.48 86.36 90.14 75.38 84.58 89.61 89.51 94.04 92.14
MSP 74.11 80.22 92.56 - - - 80.76 83.08 87.89
UDG MLS 75.1 81.94 91.48 - - - 80.36 81.75 85.9
EBO 71.73 77.45 75.45 - - - 72.1 70.65 70.9
TempScale | 74.63 80.19 92.1 - - - 80.51 82.31 87.34
MSP 86.16 92.45 94.39 85.21 91.93 94.1 86.19 87.94 90.12
MixOE MLS 72.43 78.56 90.61 69.34 75.95 90.04 85.51 87.06 91.03
EBO 72.03 78.01 90.29 68.9 75.35 89.73 84.91 86.36 90.57
TempScale | 86.99 93.99 94.81 85.7 93.58 94.64 86.04 88.03 89.94
MSP 81.86 86.97 93.58 80.81 84.46 93.3 86.32 88.33 90.13
Energy MLS 87.37 95.12 92.53 84.64 94.79 89.53 89.91 93.62 91.49
EBO 87.21 94.98 91.6 84.34 94.6 88.05 89.99 93.79 91.22
TempScale 82.1 87.53 94.82 81.04 85.04 94.76 87.39 89.76 91.56
MSP 82.5 87.74 93.5 81.16 86.15 93.02 86.54 88.08 90.47
NovelBranch MLS 85.51 94.07 89.98 83.94 93.76 91.74 87.77 89.65 91.10
EBO 85.31 93.92 88.96 83.67 93.63 90.82 87.67 89.54 90.82
TempScale | 83.17 88.86 95.19 81.94 87.79 95.06 87.20 88.95 91.84
MSP 82.4 87.76 93.39 80.98 85.89 92.82 85.78 86.88 90.34
Extended MLS 83.49 92.15 86.08 82.63 91.94 89.38 86.91 89.03 89.31
EBO 83.25 91.94 84.86 82.33 91.75 88.29 86.81 88.94 88.95
TempScale | 83.09 88.89 95.11 81.78 87.48 94.89 86.37 87.55 91.81
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Table 12: AUROC scores for post-hoc methods with high standard deviation across three training
runs. We highlight the AUROC in red when the OSR scores for positive (open-set) samples are
generally lower than those for negative (closed-set) samples.

L NL NM
Method Runl Run2 Run3 Meangunguddeviiony | Run1 Run2 Run3  Mean(undud deviion | Run1  Run2  Run3  Mean sundard deviation)

NE-America

KNN [78] | 76.61 39.49  76.90 64.33 (17.57) 8443 3824 8432 68.99 (21.75) 95.83 2041 94.80 70.35 (35.32)
DICE [77] | 67.47 42777 67.38 59.21 (1162 7446 41.15  73.11 62.91 (1539 9432 37.38 9221 74.64 (26.36)
SHE [101] | 68.56 38.17 68.67 58.47 (1435 7623  36.87 75.62 62.91 (1841 88.49 2475 89.19 67.47 0.22)
W-Europe

KNN [78] | 76.00 51.13  74.79 67.30 (1145 85.15 4334 8491 71.13 (19.65) 9520 35.19 93.95 T4.78 (28.00)
DICE [77] | 68.66 42.54  60.84 57.35 1095 79.13  42.03 6579 62.32 (15.35) 9437 4836 9251 78.41 (21.26)
SHE [101] | 67.13  44.63 63.47 58.41 (986) 73.65 39.18 70.75 61.19 (1561) 87.83 3427 83.54 68.55 (24.30)

C.3 Comparing the efficiency of post-hoc methods

All methods were evaluated with 1 RTX8000 GPU, 8 CPUs, 8 workers, and 100 GB CPU memory.
The classifier used is the ResNet50 C-America classifier. In Table 13, if “Data needed for setup” is
“Train”, the setup time was calculated with 3,167 images, a subset of C-America training images.
If “Data needed for setup” is “Val”, the setup time was calculated with 2,000 images, a subset of
C-America validation images. Setup only need to be done once and the time needed is independent
of the number of test images. Here, the inference time in Table 13 is the time to process 4,000
test images (2,000 closed-set and 2,000 open-set). Inference time increases as the number of test
images increases. Some methods require hyperparameters. We indicate this by placing v'in the
“Hyperparameter Search” column of Table 13.

Table 13: Comparison of post-hoc method efficiency. We compare the efficiency of post-hoc
methods in terms of setup time, access to training data, inference efficiency, and hyperparameter
search requirements. Times are reported in seconds.

Method Setup time Dataneeded Inference time Hyperparameter

(Sec.) for setup (Sec.) search

OpenMax [6] 10.47 (2.47) Train 34.24 (2.82)

MSP [31] 7.52 (1.98)

TempScale [26] 5.63 (1.96) Val 5.16 (0.86)

ODIN [50] 11.05 (229) v
MDS [49] 17.24 (1.29) Train 66.92 (7.89)

MDSEns [49] 10.90 (1.65) Train 9.21 (024 v
RMDS [64] 27.12 (1.56) Train 70.41 (222)

Gram [68] 19.12 (1.64) Train 17.19 (193 v
EBO [54] 4.92 (0.9 v
GradNorm [39] 10.91 (157

ReAct [76] 6.12 (1.67) Val 5.65 (0.43) v
MLS [29] 10.74 (1.77)

KLM [30] 7.71 (2.12) Val 1180.58 (9.89)

VIM [87] 22.57 (2.19) Train 8.73 (2.01) /
KNN [78] 11.54 (2.25) Train 6.85 (0.93) v
DICE [77] 10.46 (1.65) Train 6.12 (0.34)

RankFeat [73] 19.40 (1.87)

ASH [17] 6.10 (1.22 v
SHE [101] 10.71 (2.13) Train 5.87 (0.72)

NECO [%] 16.85 3.71) Train 6.74 (2.02) v
FDBD [51] 10.30 (1.55) Train 5.97 (1.30) /
RPwisp [43] Train 9.88 (3.46)

RPopix [43] Train 9.90 (0.30) v
RPggo [43] Train 4.93 (0.42) Ve
RPGradNorm [43] Train 9.94 (3.16)

NCI [52] 9.53 (1.88) Train 5.18 (0.75) Ve
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Figure 7: Species diversity of the auxiliary dataset. We vary the number of species in the auxiliary
dataset, while keeping the total number of images fixed to 80,000.

D Explainability of OSR methods

We constructed the following dataset to empirically verify that background features are not enough to
achieve good OSR performance on Open-Insect. We first used Grounding DINO [53] to detect and
generate a bounding box around the insect in each image, then used it as an input prompt to Segment
Anything (SAM) [44], which segmented the insect. Finally, we replaced the segmented region with
the average value of the surrounding pixels. We applied this pipeline to a subset of Open-Insect
C-America. Since both object detection and segmentation were done by models, errors can occur.
Hence, we manually verified a (randomized) subset of the processed images and discarded the rest,
ultimately obtaining 859 valid closed-set and 1433 valid local open-set images for our experiments.
We show an example in Fig. 1.

We believe the slight drop of performance when the background is masked can be explained by the
quality of the machine-generated masks. During verification, we noticed that the masks generated by
SAM often miss legs and antennae (see Fig. 9). As a result, when masking the background, parts of
the insect such as legs and antennae were also inadvertently masked, which may explain the slight
drop in performance compared to the original images.

e o R
(a) Original image (b) Moth masked (c) Background masked

Figure 8: An example from the subset we used for the explainability experiment. The mask was
automatically generated by SAM and the color of the mask is the average value of the surrounding
pixels.

E Performance of BioCLIP on Open-Insect
BioCLIP [74], a foundation model for species recognition, is increasingly used for biodiversity-

related tasks. Hence, we conducted additional experiments to evaluate the OSR performance obtained
directly from BioCLIP as well as models finetuned from BioCLIP vision encoder weights.
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(a) Original image (b) Moth masked (c) Background masked

Figure 9: A mask generated by SAM which misses legs and antennae.

E.1 Off-the-shelf performance of BioCLIP on Open-Insect

Since not all closed-set species of Open-Insect are included in BioCLIP’s training set and some open-
set species overlap with BioCLIP’s training data, we evaluated BioCLIP’s off-the-shelf performance
on a subset of Open-Insect. We include closed-set species that are included in Tree-of-Life 10M
(training data of BioCLIP) [74] or "seen" by BioCLIP and open-set species that are “unseen” to
evaluate its OSR performance. We list the number of species of each regional split in Table 14. We
also include 4,633 “unseen” non-local moth species in this subset.

Table 14: Number of species in each region of the Open-Insect subset. Seen closed-set species
appear in both the Open-Insect and BioCLIP training sets, while unseen open-set species are open-set
species in Open-Insect and do not appear in BioCLIP training set.

Category NE-America W-Europe C-America
Seen closed-set 1260 177 71
Unseen open-set 418 447 1537

We compared BioCLIP’s performance on this subset with our ResNet50 classifiers trained from
scratch. We used three simple post-hoc methods, MSP, MLS, and EBO. We find that open-set
recognition on Open-Insect is challenging for BioCLIP, likely because Lepidoptera (moths and
butterflies) represent less than 2% of the species in its training data (Table 15).

Table 15: Comparison of BioCLIP’s performance on the Open-Insect subset with our ResNet50
classifiers trained from scratch.

NE-America ‘W-Europe C-America

Model Post-hoc Method L NL  closed-set Acc. L NL  closed-set Acc. L NL  closed-set Acc.
MSP 6524  60.38 68.83  69.30 7483 73.33

BioCLIP MLS 7786  72.96 2437 | 76.44 79.54 37.56 | 79.64 85.72 55.75
EBO 5594  56.19 56.05 57.10 53.08 63.73
MSP 87.71 9397 85.61 92.74 83.89 84.52

Ours MLS 7525 76.96 90.49 | 69.64 7549 89.07 | 74.63 74.61 78.52
EBO 74.60 75.93 68.99 74.57 71.89 7171

E.2 Using BioCLIP pretrained weights

It has been shown that using ImageNet pretrained weights can help closed-set accuracy [81] and that
there is a positive correlation between the closed-set and open-set performance [84]. The results we
show in Table 10 show that those observations hold for Open-Insect as well. Since BioCLIP was
trained on more domain specific data, we finetuned two ViT-B-16 models [18] for C-America - one
with BioCLIP pretrained weights, and the other with ImageNet-1K pretrained weights, to compare
the effect of different pretraining data.

Both models were fine-tuned for 30 epochs with all 636 C-America closed-set species with 224 x 224
images. We only finetuned the last block and kept other parameters frozen. The OSR performance
was evaluated with all 636 closed-set species, 1537 “unseen” local (L) open-set, and 4,633 “unseen”
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non-local (NL) open-set species. We present the results in Table 3. We find that using BioCLIP
weights is more effective than ImageNet-1K.
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