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Figure 1. A FungiTastic observation includes one or more photos of an observed specimen with expert-veri ed taxon labels (some
DNA sequenced) and occasionally also a microscopic image of its spores. Textual captions , observation metadata , geospatial data , and
climatic time-series data are available for virtually all observations. For a subset ( 70k photos), we provide body part segmentation masks .

Abstract

We introduce a new, challenging benchmark and a dataset,
FungiTastic, based on fungal records continuously collected
over a twenty-year span. The dataset is labelled and curated
by experts and consists of about 350k multimodal observa-
tions of 6k ne-grained categories (species). The fungi obser-
vations include photographs and additional data, e.g., mete-
orological and climatic data, satellite images, and body part
segmentation masks. FungiTastic is one of the few bench-
marks that include a test set with DNA-sequenced ground
truth of unprecedented label reliability. The benchmark is
designed to support (i) standard closed-set classi cation,
(ii) open-set classi cation, (iii) multi-modal classi cation,
(iv) few-shot learning, (v) domain shift, and many more. We
provide tailored baselines for many use cases, a multitude
of ready-to-use pre-trained models on HuggingFace, and a
framework for model training. The documentation and the
baselines are available at GitHub and Kaggle.

1. Introduction

Biological problems provide a natural, challenging setting
for benchmarking image classi cation methods [49, 56, 65,
66]. Consider the following aspects inherently present in
biological data. The species distribution is typically sea-
sonal and constantly evolving under the in uence of external

factors such as precipitation levels, temperature, and loss
of habitat, exhibiting constant domain shifts. Species cat-
egorization is ne-grained, with high intra-class and low
inter-class variance. The distribution is often long-tailed;
only a few samples are available for rare species (few-shot
learning). New species are being discovered, raising the
need for the “unknown” class option (i.e., open-set recog-
nition). Commonly, the set of classes has a hierarchical
structure, and different misclassi cations may have very dif-
ferent costs (i.e., non-standard losses). Think of mistaking
a poisonous mushroom for an edible, potentially lethal, and
an edible mushroom for a poisonous one, which at worst
means an empty basket. Similarly, needlessly administering
anti-venom after making a wrong decision about a harm-
less snake bite may be unpleasant, but its consequences are
incomparable to not acting after a venomous bite.

Common benchmarks [15, 43, 65, 68] generate indepen-
dent and identically distributed (i.i.d.) data by shuf ing and
randomly splitting it for training and evaluation. In real-
world applications, i.i.d data are rare since training data are
collected well before deployment and everything changes
over time [70]. Moreover, they fail to address the above-
mentioned aspects important in many instance of ML system
deployment: robustness to distribution and domain shifts,
ability to detect classes not represented in the training set,
limited training data, and dealing with non-standard losses.

For benchmarking, it is crucial to ensure that methods
are tested on data not indirectly “seen”, without know-
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ing [24, 27], especially given the huge dataset used for train-
ing LLMs or VLMs and possibly covering the entirety of
the internet at a certain point in time. Conveniently, many
domains in nature are of interest to experts and the general
public, who provide a continuous stream of new and anno-
tated data [48, 61]. The public’s involvement introduces the
problem of noisy training data; evaluating the robustness of
this phenomenon is also of practical importance.

In the paper, we introduce FungiTastic, a multi-modal
dataset and benchmark based on fungi observations1, which
takes advantage of the favorable properties of natural data
discussed above and shown in Figure 1. The fungi observa-
tions include photographs, satellite images, meteorological
data, segmentation masks, textual captions, and location-
related metadata. The location metadata enriches the obser-
vations with attributes such as the timestamp, GPS location,
and information about the substrate and habitat.

By incorporating various modalities, the dataset supports
a robust benchmark for multi-modal classi cation, enabling
the development and evaluation of sophisticated machine-
learning models under realistic and dynamic conditions.
The key contributions of the FungiTastic benchmark are:
• It addresses real-world challenges such as domain shifts,
open-set problems, and few-shot classi cation, providing
a realistic benchmark for developing robust ML models.

• The proposed benchmarks allow for addressing funda-
mental problems beyond standard image classi cation,
such as novel-class discovery, few-shot classi cation, and
evaluation with non-standard cost functions.

• It includes diverse data types, such as photographs, satel-
lite images, bioclimatic time-series data, segmentation
masks, contextual metadata (e.g., timestamp, camera
metadata, location, substrate, and habitat), and image
captions, offering a rich, multimodal benchmark.

2. Related Work

Classi cation of data originating in nature, including images
of birds [6, 68], plants [21, 23], snakes [9, 47], fungi [49, 65],
and insects [22, 44] has been widely used to benchmark
machine learning algorithms, not just ne-grained visual
categorization. The datasets were instrumental in focusing
on ne-grained recognition and attracting attention to chal-
lenging natural problems.

However, the datasets are typically arti cially sampled,
solely image-based, and focused on traditional image classi-
cation. Most commonly used datasets are small by modern

standards, with a limited number of categories, which re-
stricts their usefulness for large-scale and highly diverse ap-

1A set of photographs and additional metadata describing one particular
fungi specimen and surrounding environment. Usually, each photograph
focuses on a different organ. For an example observation, see Figure 1

plications. Though performance being often saturated, reach-
ing an accuracy of 85–95 % (rightmost column of Tab. 1),
these datasets are still widely used in the community and
have reached thousands of citations in the past few years.
Many popular datasets also suffer from speci c limitations
that compromise their generalizability and robustness. Com-
mon issues include:
• Lack of Multi-Modal Data: Available datasets are pre-
dominantly image-based, with few offering auxiliary
metadata like geographic or temporal context, which is
essential for real-world applications where distribution
changes and context is important.

• Biases in Data Representation: Many datasets exhibit
regional and other biases [60], which can lead to biased
models that do not perform well across different popula-
tions or environments. This lack of diversity can severely
limit the usability of models trained on these datasets for
global applications.

• Single task focus: While current ML applications require
adaptability to tasks such as open-set classi cation, few-
shot learning, and out-of-distribution detection, many of
these datasets were not designed with these tasks in mind,
limiting their usefulness for modern benchmarking.

• Labeling Errors and Quality Control: Label errors are
prevalent in widely-used datasets [7, 64]. Mislabeling,
especially in ne-grained categories, can reduce the re-
liability of these datasets as benchmarks and reduce the
model’s ability to learn ne distinctions.

Table 1. Resent and popular ne-grained classi cation datasets.
We list suitability for closed-set (C), open-set (OS), and few-shot
(F) classi cation, segmentation (S), out-of-distribution (OOD) and
multi-modal (M2) evaluation. Modalities, e.g., images (I), metadata
(M), and masks (S), are available for training. The SOTA accuracy
is limited to the classi cation task. For TaxaBench-8k, we report
zero-shot performance. = {C, OS, FS, S, OOD, M2}

Modals. SOTA†
Dataset Classes Images I M S Tasks Accuracy

Oxford-Pets [46] 37 5k – – C 97.1 [19]
FGVC Aircraft [43] 102 10k – – C 95.4 [5]
Stanford Dogs [34] 120 20k – – C 97.3 [5]
Stanford Cars [36] 196 16k – – C 97.1 [38]
Species196 [26] 196 20k – C/M2 88.7 [26]
CUB-200-2011 [68] 200 12k C 93.1 [11]
NABirds [64] 555 49k – – C/F/M2 93.0 [16]
PlantNet300k [21] 1,081 275k – – C 92.4 [21]
DanishFungi2020 [49] 1,604 296k – C/M2 80.5 [49]
ImageNet-1k [15] 1,000 1.4m – – C/FS 92.4 [17]
TaxaBench-8k [56] 2225 9k – C/M2 37.5 [56]
iNaturalist [65] 5,089 675k – – C/FS 93.8 [58]
ImageNet-21k [52] 21,841 14m – – C/FS 88.3 [58]
Insect-1M [44] 34,212 1m – C/M2 –

(our) FungiTastic 2,829 620k 75.3
(our) FungiTastic–Mini 215 68k 74.8
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3. The FungiTastic Benchmark
FungiTastic is built from fungi observations submitted to the
Atlas of Danish Fungi before the end of 2023, which were
labeled by taxon experts on a species level. In total, more
than 350k observations consisting of 630k photographs col-
lected over 20 years are used. Apart from the photographs,
each observation includes additional observation data (see
Figure 1) ranging from satellite images, meteorological data,
and tabular metadata (e.g., timestamp, GPS location, and
information about the substrate and habitat) to segmentation
masks and toxicity status. The vast majority of observations
got all of the attributes annotated. For details about the at-
tribute description and its acquisition process, see Subsection
3.1. Since the data comes from a long-term conservation
project, its seasonality and naturally shifting distribution
make it suitable for time-based splitting. In this so-called
temporal division, all data collected up to the end of 2021 is
used for training, while data from 2022 and 2023 is reserved
for validation and testing, respectively.

The FungiTastic benchmark is designed to go beyond
standard closed-set classi cation and support a wide range
of challenging machine learning tasks, including (i) open-set
classi cation, (ii) few-shot learning, (iii) multi-modal
learning, and (iv) domain shift evaluation. To facilitate these
tasks, we provide several curated subsets, each tailored for
speci c experimental setups. A general overview of these
subsets is provided below, with detailed statistics and further
information in the Appendix (see Table 9).

FungiTastic is a general subset that includes around 346k
observations of 4,507 species accompanied by a wide
set of additional observation data. The FungiTastic has
dedicated validation and test sets speci cally designed for
closed-set and open-set scenarios. While the closed-set
validation and test sets only include species present in
the training set, the open-set also includes observations
with species observed only after 2022 (validation) and
2023 (test), i.e., species not available in the training
set. All the species with no examples in the training
set are labeled as "unknown". Additionally, we include
a DNA-based test set of 725 species and 2,041 observations.

FungiTastic–Mini (FungiTastic–M) is a compact and chal-
lenging subset of the FungiTastic dataset designed primarily
for prototyping and consisting of all observations belonging
to 6 hand-picked genera (e.g., Russula, Boletus, Amanita,
Clitocybe, Agaricus, andMycena)2. This subset comprises
67,848 images (36,287 observations) of 253 species, greatly
reducing the computational requirements for training. Ex-
clusively, we include body part mask annotations.

2These genera produce fruiting bodies of the toadstool type, which
include many visually similar species and are of signi cant interest to
humans due to their common use in gastronomy.

FungiTastic–FS subset, FS for few-shot, is formed by
species with less than 5 observations in the training set,
which were removed from the main (FungiTastic) dataset.
The subset contains 6,391 observations encompassing
12,015 images of a total of 2,427 species. As in the
FungiTastic data, the split into validation and testing is done
according to the year of acquisition.

3.1. Additional Observation Data
This section provides an overview of the accompanying data
available for virtually all user-submitted observations. For
each type, we describe the data itself and, if needed, its
acquisition process as well. Below, we describe (i) tabular
metadata, which includes key environmental attributes
and taxonomic information for nearly all observations,
(ii) remote sensing data at ne-resolution geospatial
scale for each observation site, (iii) meteorological data,
which provides long-term climate variables, (iv) body part
segmentation masks that delineate speci c morphological
features of fungi fruiting bodies, such as caps, gills, pores,
rings, and stems, and (v) image captions. All that metadata
is integral to advancing research combining visual, textual,
environmental, and taxonomic information.

Body part segmentation masks of fungi fruiting bodies are
essential for accurate identi cation and classi cation [13].
These morphological features provide crucial taxonomic
information distinguishing some visually similar species.
Therefore, we provide instance segmentation masks for all
photographs in the FungiTastic–M. We consider various se-
mantic categories such as cap, gills, pores, ring, stem, etc.
These annotations (see Figure 2) are expected to drive ad-
vances in interpretable recognition methods [53] and evalua-
tion [29], with masks also enabling instance segmentation for
separate foreground and background modeling [8]. All seg-
mentation mask annotations were semi-automatically gener-
ated in CVAT using the Segment Anything Model [35] and
human supervision, i.e., annotators xed all wrong masks.

Figure 2. FungiTastic body part segmentation. We consider ve
different categories, e.g., the cap, gills, stem, pores, and the ring.
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Multi-band remote sensing data offer detailed and glob-
ally consistent environmental information at a ne resolu-
tion, making it a valuable resource for species categorization
(i.e., identi cation) [54] and species distribution modeling
[10, 50]. To allow testing the potential of such data and
to facilitate easy use of geospatial data, we provide multi-
band (e.g., R, G, B, NIR, elevation, and landcover) satellite
patches with 64×64 pixel resolution at 10m spatial resolu-
tion per pixel for (elevation and landcover are re-projected
from 30m), centered on observation location. The data were
extracted from rasters publicly available at Ecodatacube,
ASTER, and ESA WorldCover. The data are available in the
form of torch tensors in a shape of [6× 64× 64].

Figure 3. Satellite RGB images with 64×64 resolution extracted
from Sentinel-2A rasters available at Ecodatacube.

Meteorological data and other climatic variables are
vital assets for species identi cation and distribution
modeling [4, 30]. In light of that, we provide 20 years of
historical time-series monthly values of mean, min., and
max. temperature and total precipitation for all observations
(see Figure 8 in Appendix for example data). For each
observation site, 20 years of data was extracted; for instance,
an observation from 2000 includes data from 1980 to 2000.
However, as the available climatic rasters only extend up
to the year 2020, observations from 2020 to 2024 have
missing values for those years not covered by existing data.
In addition, we provide 19 bioclimatic variables (e.g., temp.,
seasonality, etc.) averaged over the period from 1981 to
2010. All data were extracted from CHELSA [32, 33].

Image captions. Recent advances in VLMs [1, 2, 37] have
demonstrated strong performance across tasks such as image
reasoning [1] and captioning [37] and shown that VLMs
can effectively understand and reason about ne-grained
details within images [39]. Building on these insights, we
provide text descriptions for most photographs using the
state-of-the-art open-source Malmo-7B VLM model [14].
We generate baseline captions (see Figure 4 and Figure 9,
App.) with a prompt speci cally designed to emphasize
visual characteristics relevant to fungi identi cation, while
avoiding unnecessary or potentially misleading details. The
following prompt was used to guide the caption generation:

“Describe the visual features of the fungi, such as their colour,
shape, texture, and relative size. Focus on the fungi and their
parts. Provide a detailed description of the visual features, but
avoid speculations.”

Its stem is thick and light brown, with a hint of green
at the base. The smaller mushroom on the right has a
similar light brown cap, but its rim is more pronounced
and has a white, almost translucent appearance. This
gives it a delicate, lacy look. The stem of this mush-
room is thinner and lighter in color compared to ......

Figure 4. Image caption sample. For each photograph, we use a
Malmo-7B [14] VLM to produce a realistic image caption with an
exhaustive text description.

Location-related metadata is provided for approximately
99.9% of the observations and describes the location,
time, taxonomy, and toxicity of the specimen, surrounding
environment, and capturing device. See Table 2 for
a detailed description of all available location-related
metadata. While part of the metadata is usually provided
by citizen scientists3, some attributes (e.g., elevation, land
cover, and biogeographical) are crawled externally; all with
potential to improve the classi cation accuracy and enable
research on combining visual data with metadata.

Table 2. List of available location-related metadata. For virtually
all observations (>99.9%), we provide data describing the surround-
ings or the specimen. Using such data for species identi cation
allows to improve accuracy; see [16, 49].

Metadata Description

Observation
date

Date when the specimen was observed in yyyy-mm-dd
format. Besides, three additional columns with pre-
extracted year, month, and day values are provided.

EXIF Camera attributes extracted from the image, e.g., me-
tering mode, color space, device type, exposure, etc.

Habitat The environment where the specimen was observed.
Selected from 32 values such as Mixed woodland, De-
ciduous woodland, etc.

Substrate The natural substance on which the specimen lives.
Selected from 32 values such as Bark, Soil, Stone, etc.

Taxonomic
labels

For each observation, we provide full taxonomic labels
that include all ranks from species level up to kingdom.
All are available in separate columns.

Toxicity status Whether the species is poisonous or not as a binary
value. Since non-edible species can cause serious health
issues as well, we label them as poisonous.

Location Latitude + longitude and coarser administrative divi-
sions into regions, districts, and countries.

Biogeographical
zone

One of the major biogeographical zones, e.g., Atlantic,
Continental, Alpine, Mediterranean, and Boreal.

Elevation Standardized height above the sea level.

Landcover Land cover classi cation code with values like savanna,
barren, etc. Taken from MODIS Terra+Aqua [20].

3A member of the public who actively participates in data collection,
contributing valuable information to support professional scientists.
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Figure 5. Class distribution shift on the FungiTastic–M dataset.The long-term data acquisition captures a phenomenon related to natural
changes in species presence, i.e., class prior shift. Sorted in descending order based on their occurrence in the training set. The training set
includes data from 2021 and before (215 species), the validation set from 2022 (196 species), and the test set from 2023 (193 species).

4. FungiTastic Benchmarks

The diversity and unique features of the FungiTastic dataset
allow for the evaluation of various fundamental computer
vision and machine learning problems. We present several
benchmarks, each with its own evaluation protocol. This
section provides a detailed description of each challenge and
the corresponding evaluation metrics. Metrics are further
de ned in Appendix A.

Closed-set classi cation: The FungiTastic dataset is a
challenging dataset with many visually similar species, a
heavy long-tailed distribution, and considerable distribution
shifts over time. Since the ne-grained closed-set classi -
cation methodology is well-de ned, we follow the widely
accepted standard, and we, apart from accuracy, use the
macro-averaged F1-score (Fm1 ).

Open-set classi cation: In the Atlas of Danish Fungi (our
data source), new species are continuously added to the
database, including previously unreported species. This
long-term ongoing data acquisition enables a yearly data
split with a natural class distribution shift (see Figure 5), and
many species in the test data are absent in the training set.
We follow a widely accepted methodology, and we propose
to use an AUC as the main metric. Besides, we calculate
True Negative Rate at 95% True Positive Rate (TNR95)
metric.

Few-shot classi cation: All the categories with less than
ve samples, usually uncommon and rare species, form the

few-shot subset. Being capable of recognizing those is of
high interest to the experts. Since the few-shot dataset has
no severe class imbalance like the other FungiTastic subsets,
the main metric is Top1 accuracy. The macro-averaged
F1-score (Fm1 ) and Top3 total accuracy are also reported.
This challenge does not have any “unknown” category.

Chronological classi cation: Each observation in the
FungiTastic dataset has a timestamp, allowing the study of
species distribution changes over time. Fungi distribution is

seasonal and in uenced by weather, such as recent precipi-
tation. New locations may be added over time, providing
a real-world benchmark for domain adaptation methods,
including online, continual, and test-time adaptation. The
test dataset consists of fungi images ordered chronologically,
meaning a model processing an observation at time t can
access all observations with timestamps t < t.

Classi cation beyond 0–1 loss function: Evaluation of
classi cation networks is typically based on the 0–1 loss
function, such as the mean accuracy, which also applies to
the metrics de ned for the previous challenges. This often
falls short of the desired metric in practice since not all
errors are equal. In this challenge, we de ne two practical
scenarios: In the rst scenario, confusing a poisonous
species for an edible one (false positive edible mushroom)
incurs a much higher cost than that of a false positive
poisonous mushroom prediction. In the second scenario,
the cost of not recognizing that an image belongs to a new
species should be higher.

Segmentation: Acquiring human-annotated segmentation
masks can be resource-intensive, yet segmentation is vital for
advanced recognition and ne-grained classi cation methods
[8, 53]. Accurate segmentation of fungal images supports
these methods and enables automated analysis of species-
speci c morphological and environmental relationships and
revelation of ecological and morphological patterns across
locations. With its annotations, FungiTastic-M is built to ac-
commodate semantic segmentation using the standard mean
Intersection over Union (mIoU) metric and instance segmen-
tation with the mean Average Precision (mAP) metric.

5. Baseline Experiments

In this section, we describe various weak and strong base-
lines based on state-of-the-art architectures and methods
for four FungiTastic benchmarks. We report results for the
closed-set, few-shot learning, and zero-shot segmentation,
but other baselines will be provided later in the supplemen-
tary materials, documentation, or on the dataset website.
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5.1. Closed-set Image Classi cation
We train a variety of state-of-the-art CNN architectures to
establish some baselines for closed-set classi cation on the
FungiTastic and FungiTastic–M. All selected architectures
were optimized with Stochastic Gradient Descent with mo-
mentum set to 0.9, SeeSaw loss [69], a mini-batch size of 64,
and Random Augment [12] with a magnitude of 0.2. The
initial LR was set to 0.01 (except for ResNet and ResNeXt,
with LR=0.1), and it was scheduled based on validation loss.

Results: Similarly to other ne-grained benchmarks,
while the number of params, complexity of the model, and
training time are more or less the same, the transformer-
based architectures achieved considerably better perfor-
mance on both FungiTastic and FungiTastic–M and two dif-
ferent input sizes (see Table 3 and Table 8 in Appendix).
The best-performing model, BEiT-Base/p16 [3], achieved
Fm1 just around 40%, which shows the severe dif culty.

Table 3. Closed-set ne-grained classi cation on FungiTastic
(FungiTastic) and FungiTastic–M. A set of selected state-of-the-
art Convolutional- (top section) and Transformer-based (bottom
section) architectures evaluated on test sets. All reported metrics
show the challenging nature of the dataset.

FungiTastic–M – 2242 FungiTastic – 2242

Architecture Top1 Top3 Fm
1 Top1 Top3 Fm

1

ResNet-50 [25] 61.7 79.3 35.2 62.4 77.3 32.8
ResNeXt-50 [71] 62.3 79.6 36.0 63.6 78.3 33.8
Ef cientNet-B3 [62] 61.9 79.2 36.0 64.8 79.4 34.7
Ef cientNet-v2-B3 [63] 65.5 82.1 38.1 66.0 80.0 36.0
ConvNeXt-Base [42] 66.9 84.0 41.0 67.1 81.3 36.4

ViT-Base/p16 [18] 68.0 84.9 39.9 69.7 82.8 38.6
Swin-Base/p4w12 [41] 69.2 85.0 42.2 69.3 82.5 38.2
BEiT-Base/p16 [3] 69.1 84.6 42.3 70.2 83.2 39.8

5.2. Few-shot Image Classi cation
Three baseline methods are implemented. The rst baseline
is standard classi er training with the Cross-Entropy (CE)
loss. The other two baselines are nearest-neighbor classi -
cation and centroid prototype classi cation based on deep
embeddings extracted from large-scale pre-trained vision
models, namely CLIP [51], BioCLIP [59] and DINOv2 [45].

Standard deep classi ers are trained with the CE loss to
output the class probabilities for each input sample. Nearest
neighbors classi cation (k-NN) constructs a database of
training image embeddings. At test time, k nearest neighbors
are retrieved, and the classi cation decision is made based on
the majority class of the nearest neighbors. Nearest-centroid-
prototype classi cation constructs a prototype embedding
for each class by aggregating the training data embeddings
of the given class. The classi cation depends on the image
embedding similarity to the class prototypes. These methods
are inspired by prototype networks proposed in [57].

Results: While DINOv2 [45] embeddings greatly out-
perform CLIP [51] embeddings, BioCLIP [59] outperforms
them both, highlighting the dominance of domain-speci c
models. Further, the centroid-prototype classi cation al-
ways outperforms the nearest-neighbor methods. Finally, the
best standard classi cation models trained on the in-domain
few-shot dataset underperform both DINOv2 and CLIP em-
beddings, which shows the power of methods tailored to the
few-shot setup. For results summary, refer to Table 4.

Table 4. Few shot classi cation on FungiTastic–Few-shot. Pre-
trained deep descriptors with the nearest centroid and 1-NN nearest
neighbor classi cation (Left) and fully supervised (max 4 examples
per class) classi er with cross-entropy-loss (Right). All pre-trained
models are based on the ViT-B architecture, CLIP [51], and Bio-
CLIP [59] with patch size 32 and DINOv2 [45] with patch size 16.

Model Method Top1 Top3

CLIP
1-NN 6.1 –
centroid 7.2 13.0

DINOv2
1-NN 17.4 –
centroid 17.9 27.8

BioCLIP
1-NN 18.8 –
centroid 21.8 32.6

Architecture Input Top1 Top3

BEiT-B/p16
224×224 11.0 17.4
384×384 11.4 18.4

ConvNeXt-B
224×224 14.0 23.1
384×384 15.4 23.6

ViT-Base/p16
224×224 13.9 21.5
384×384 19.5 29.0

5.3. Experiments with Additional Metadata
We provide baseline experiments using tabular metadata
(habitat, month, substrate) based on previous work [49]. Ta-
ble 5 shows that all the attributes improve all the metrics.
Individually, the addition of the habitat attribute results in
the biggest gains in accuracy (2.3%), followed by substrate
(1.2%) and month (0.9%). Overall, habitat was the most ef -
cient way to improve performance. With the combination of
Habitat, Substrate, and Month, we improved the Ef cientNet-
B3 model’s performance on FungiTastic-M by 3.62%, 3.42%
and 7.46% in Top1, Top3, and F1, respectively, indicating
the gains are mostly orthogonal. Using the MetaSubstrate
instead of Substrate resulted in performance lower by 0.2%,
0.5%, and 0.3% in Top1, Top3, and F1, respectively.

Table 5. Ablation on a combination of observation-related data.
Utilizing a simple yet effective approach based on previous work
[49], we measure performance improvement using Habitat, Sub-
strate, andMonth and their combination. We also test how replacing
Substrate variables with MetaSubstrate affects performance. Evalu-
ated with Ef cientNet-B3 on FungiTastic-M test set.

Habitat – – – – –
Month – – – – –
Substrate – – – – – – –
MetaSub. – – – – – – –

Top1 +2.3 +0.9 +1.2 +0.9 +3.1 +3.0 +2.7 +1.9 +1.6 +3.6 +3.3
Fm
1 +4.0 +1.1 +2.3 +1.5 +6.0 +5.9 +5.1 +4.0 +3.2 +7.5 +6.8

Top3 +2.3 +0.5 +0.8 +0.6 +2.7 +2.9 +2.6 +1.5 +1.1 +3.4 +3.1
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5.4. Segmentation
A zero-shot baseline for foreground-background binary
segmentation of fungi is evaluated on the FungiTastic–M
dataset. The method consists of two steps: 1. The Ground-
ingDINO [40] (the ‘tiny’ version of the model) zero-shot
object detection model is prompted with the text ‘mushroom’
and outputs a set of instance-level bounding boxes. 2. The
bounding boxes from the rst step are used as prompts for
the SAM [35] segmentation model. All the experiments are
conducted on images with the longest edge resized to 300
pixels while preserving the aspect ratio.

Results: The baseline method achieved an average per-
image IoU of 89.36%. While the model exhibits strong
zero-shot performance, it sometimes fails to detect mush-
rooms. These instances often involve small mushrooms,
where a higher input resolution could enhance detection,
and atypical mushrooms, such as very thin ones. Another
common issue is SAM’s tendency to miss mushroom stems.
The results for the simpli ed foreground-background seg-
mentation task underline the need for further development of
domain-speci c models. Qualitative results, including ran-
dom images and examples where the segmentation performs
best and worst, are reported in Figure 6.

Figure 6. Zero-shot Fungi segmentations on FungiTastic–M
benchmark. Random samples (top section), best IoU samples
(mid), and worst IoU samples (bottom). Highlighted pixels corre-
spond to: true positives , false positives , and false negatives .

5.5. Open-set Image Classi cation
While constructing baselines for the FungiTastic open-set
benchmark, we approached open-set classi cation as a bi-
nary decision-making problem, where the model determines
whether a new image belongs to a known class or a novel
class. This method serves as an initial step in the classi ca-
tion pipeline, deciding if a closed-set classi er is suitable for
recognizing a given sample. We evaluate several approaches
for open-set classi cation:
• Maximum Softmax Probability [28] (MSP): Uses the high-
est probability from softmax output from a closed-set clas-
si er as the open-set score.

• Maximum Logit Score [67] (MLS): Uses the highest logit
output from a closed-set classi er as the open-set score.

• Nearest Mean Score (NM): Computes the mean embed-
ding for each class, then calculates the Euclidean distance
between an image embedding and the nearest class mean.
We use features and logits from the BEiT-Base/p16

closed-set classi er baseline, trained on the full dataset (i.e.,
FungiTastic) at a 384×384 resolution. To explore the po-
tential of general pre-trained representation, we compare
the fully-supervised model with generic features from a pre-
trained DINOv2 model [45]. Using DINOv2 features, we
train a simple linear layer to obtain MSP and MLS scores.
Note that BEiT represents the best model from the closed-set
classi cation baseline.

Results: The MLS method achieved the best open-set
classi cation performance on both backbones. With BEiT-
Base/p16, MLS achieves a TNR95 of 27.7% and an AUC
of 83.9%, which are the highest AUC across all methods.
DINOv2, in contrast, achieves the best TNR95 with a score
of 36.9% using the MLS method, though its AUC is slightly
lower at 74.5%. The MSP method also performs well with
DINOv2, reaching a TNR95 of 32.5% and an AUC of 82.4%.
However, the NM method, which relies on feature embed-
dings rather than classi er outputs, signi cantly underper-
forms in both metrics. See Table 6 for more details.

Table 6. Open-set classi cation baselines. Overall, the results
are inconclusive and highly metric-dependent. The MLS (Max.
Logit) method with the BEiT-Base/p16 backbone yields the highest
AUC (83.9%), while the DINOv2 backbone with MLS achieves
the highest TNR95 (36.9%). The NM (Nearest Mean) method
consistently underperforms in both metrics across both backbones.
For the AUC metric, MLS with a BEiT backbone ( ne-tuned on
the FungiTastic closed-set dataset) outperforms other approaches.
However, both MSP (Max. Softmax) and MLS using DINOv2
linear layer are better when TNR95 performance is considered.

Nearest Mean Max. Logit Max. Softmax
Backbone TNR95 AUC TNR95 AUC TNR95 AUC

BEiT-Base/p16 23.2 73.9 27.7 83.9 25.3 79.8
DINOv2 12.1 69.2 36.9 74.5 32.5 82.4
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5.6. Vision-Language Fusion
To evaluate the relevance of the available textual data (i.e.,
photograph captions) for species classi cation, we provide
baselines that use a sequence classi cation variant of the
lightweight DistilBERT [55] model trained as a classi er
on textual descriptions only. The model was trained for 10
epochs using the standard cross-entropy loss, with logits
obtained from a classi cation head applied to the pooled
features of the class token in DistilBERT. For evaluation, we
use text descriptions generated for the images in the test set.

Results: The DistilBERT classi er achieves a Top1 ac-
curacy of 31.2% on FungiTastic-M and 24.1% on the full
benchmark; signi cantly lower than fully supervised BEiT
classi ers. However, this is still a strong result, given that
it relies solely on textual descriptions. A simple ensemble
that averages logits from the image and text classi ers shows
potential for improved accuracy, indicating that the two meth-
ods are complementary. VLM-based descriptions capture
useful details often missed by the image model. Further
analysis shows the ensemble improves performance mainly
on common categories, while the image classi er performs
better on rare ones. This trade-off likely accounts for the
drop in Fm1 and overall accuracy on the full benchmark. For
more details, see Table 7 and Figure 7.

Table 7. Vision-Language fusion performance. DistillBERT
uses text descriptions of images for species classi cation. Fusion
method predictions are the mean of DistillBERT and BEiT logits.

FungiTastic–M – 2242 FungiTastic – 2242

Architectures Top1 Top3 Fm
1 Top1 Top3 Fm

1

DistillBERT 31.2 50.2 11.5 24.1 39.1 8.8
BEiT-Base/p16 67.3 83.3 40.5 70.2 83.2 41.1

Fusion 67.7 83.8 39.8 69.0 82.6 40.0

Figure 7. Vision-Language fusion – accuracy dependence on
class frequency. Like the vision model (BEiT-Base/p16), the
language model (DistillBERT) struggles with infrequent classes.
Fusion improves accuracy mainly for species with over 100 samples.
The test set is binned by class frequency into deciles (x-axis).

6. Conclusion

In this work, we introduced the FungiTastic, a comprehen-
sive and multi-modal dataset and benchmark. The dataset
includes a variety of data types, such as photographs, satellite
images, climatic data, segmentation masks, and observation
metadata. FungiTastic has many interesting features, which
make it attractive to the broad ML community. With its
data sampling spanning 20 years, precise labels, rich meta-
data, long-tailed distribution, distribution shifts over time,
the visual similarity between the categories, and multimodal
nature, it is a unique addition to the existing benchmarks.

In the provided baseline experiments, we demonstrate
how challenging the FungiTastic Benchmarks are. Even
state-of-the-art architectures and methods yield modest F-
scores of 39.8% in closed-set classi cation and 9.1% in few-
shot learning, highlighting the dataset’s challenging nature
compared to traditional benchmarks such as CUB-200-2011,
Stanford Cars, and FGVC Aircraft. The proposed zero-shot
baseline for the simplest segmentation task, binary segmen-
tation of fungi fruiting body, achieved an average IoU of
89.36%, which still shows the potential for improvement
in ne-grained visual segmentation of fungi. The open-set
baselines show that discovering novel classes remains a dif -
cult task, demanding new techniques tailored to ne-grained
recognition. Additionally, results with non-domain-speci c
vision-language models reveal a surprisingly strong perfor-
mance of such models. The fusion experiments of VLMs
with supervised models con rm the challenge of accurately
classifying rare species in highly imbalanced datasets.

Limitations lie in the data collection process, which af-
fects the overall distribution. Most of the data comes from
Denmark, and bias is further introduced through "random"
sampling. Therefore, some species are more common in
frequently sampled areas or are favored by collectors. Some
recent observations also miss metadata, which can reduce
the effectiveness of classi cation methods that rely on it.

Future work includes setting up and running future chal-
lenges [31], expanding baseline models, adding new test sets,
and exploring extra data like traits and species descriptions
to enhance multi-modal performance.
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