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ABSTRACT

Measuring biodiversity is crucial for understanding ecosystem health. While prior
works have developed machine learning models for taxonomic classification of
photographic images and DNA separately, in this work, we introduce a multimodal
approach combining both, using CLIP-style contrastive learning to align images,
barcode DNA, and text-based representations of taxonomic labels in a unified em-
bedding space. This allows for accurate classification of both known and unknown
insect species without task-specific fine-tuning, leveraging contrastive learning for
the first time to fuse barcode DNA and image data. Our method surpasses previous
single-modality approaches in accuracy by over 8% on zero-shot learning tasks,
showcasing its effectiveness in biodiversity studies.

1 INTRODUCTION

As environmental change and habitat loss accelerate, monitoring biodiversity is crucial to understand
and maintain the health of ecosystems. Taxonomic classification of organisms at scale is especially
important for understanding regional biodiversity and studying species interactions.

To assist in this, researchers have used computer vision to identify organisms in images [22, 69,
72, 41] for a variety of applications such as ecological monitoring [13]. However, relying solely
on images for identifying and classifying organisms fails to consider the rich evolutionary rela-
tionship between species and may miss fine-grained differences. To better capture these distinc-
tions, researchers have used DNA sequences for genome understanding and taxonomic classifica-
tion [31, 79, 45, 8, 2, 54]. In particular, DNA barcodes [26], short sections of DNA from specific
genes such as the mitochondrial COI gene [40] in animals and ITS sequences in fungi, have been
shown to be particularly useful for species identification [2, 54]. However, collecting DNA requires
specialized equipment making it more expensive and less accessible than images. In this work, we
investigate whether we can leverage recent advances in multi-modal representation learning [50, 32]
to use information from DNA barcodes to guide the learning of image embeddings appropriate for
taxonomic classification.

Recently, BioCLIP [61] used CLIP-style contrastive learning [50] to align images with common
names and taxonomic descriptions to classify plants, animals, and fungi. While they showed that
aligning image representations to text can help improve classification, taxonomic labels, which are
not always available to the species level, are needed to obtain text descriptions. In this work, we
study whether, by aligning to DNA barcodes (instead of text) during pretraining, we can learn im-
proved representations of images for use in tasks relevant to biodiversity.

We propose CLIBD, which uses contrastive learning to map taxonomic labels, biological images
and barcode DNA to the same embedding space. By leveraging DNA barcodes, we eliminate the
reliance on manual taxonomic labels (as used for BioCLIP) while still incorporating rich taxonomic
information into the representation. This is advantageous since DNA barcodes can be obtained
at scale more readily than taxonomic labels, which require manual inspection from a human ex-
pert [23, 24, 60]. We also investigate leveraging partial taxonomic annotations, when available,
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to build a trimodal latent space that aligns all three modalities for improved representations. We
demonstrate the power of using DNA as a signal for aligning image embeddings by conducting ex-
periments for ne-grained taxonomic classi cation down to the species level. Our experiments show

our pretrained embeddings that align modalities can (1) improve on the representational power of
image and DNA embeddings alone by obtaining higher taxonomic classi cation accuracy and (2)

provide a bridge from image to DNA to enable image-to-DNA based retrieval.

2 RELATED WORK

We review work using images, DNA, and multi-modal models for ne-grained taxonomic classi-
cation of species and their application in biology. Prior work has primarily explored building
unimodal models for either images or DNA, and largely relied on ne-tuning classi ers on a set of
known species or higher-level taxa. This limits those approaches to a closed set of species, whereas
we aim to also identify unseen species, for which we have no examples in the training set.

Taxonomic classi cation of images in biology. Many studies have explored image-based taxo-
nomic classi cation of organisms [7, 69]. However, visual identi cation of species remains dif cult

due to the abundance of ne-grained classes and data imbalance among species. To improve ne-
grained taxonomic classi cation, methods such as coarse and weak supervision [67, 53, 63] and
contrastive learning [14, 74] have been developed. Despite these advances, image-based species
classi cation is still limited, so we leverage DNA alongside images to enhance representation learn-
ing while maintaining the relative ease of acquiring visual data for new organisms.

Representation learning for DNA. Much work has focused on machine learning for DNA, such

as for genome understanding [37, 34, 3, 35]. Recently, self-supervised learning has been used to
develop foundation models on DNA, from masked-token prediction with transformers [31, 8, 65,
15, 79, 2], to contrastive learning [80] and next-character prediction with state-space models [47].
While much of this work focuses on human DNA, models have also been trained on large multi-
species DNA datasets for taxonomic classi cation. BERTax [45] pretrained a BERT [18] model
for hierarchical taxonomic classi cation but focused on coarser taxa like superkingdom, phylum,
and genus, which are easier than ne-grained species classi cation. BarcodeBERT [2] showed that
models pretrained on DNA barcodes rather than general DNA can be more effective for taxonomic
classi cation. Though some of these works use contrastive learning, they do not align DNA with
images. We extend these models by using cross-modal contrastive learning to align DNA and image
embeddings, addressing the higher cost of obtaining DNA samples while improving image-based
classi cation and enabling cross-modal queries.

Multimodal models for biology. While most work on taxonomic classi cation has been limited to
single modalities, recent work started developing multimodal models for biological applications [29,
39, 77, 36]. Nguyen et al. [48] introduced Insect-1M, applying contrastive learning across text
and image modalities. BioCLIP [61] pretrained multimodal contrastive models on images and text
encodings of taxonomic labels in TreeOfLife-10M. However, these models focus oniyages

and text limiting their use with new species where taxonomic labels are unavailable. They also
miss leveraging the rich taxonomic knowledge from sources like the Barcode of Life Datasystem
(BOLD), which at the time of writing has nearly 19 M validated DNA barcodes. Although many
records include expert-assigned taxonomic labels, only 24% are labeled to the genus level and 9%
to the species level in BOLD-derived datasets like BIOSCAN-1M and BIOSCAN-5M [23, 24]. By
aligning images to DNA barcodes, we can use precise information in the DNA to align the image
representations with the task of taxonomic classi cation, without requiring taxonomic labels.

One of the few works that uses both images and DNA is the Bayesian zero-shot learning (BZSL)
approach by Badirli et al. [4]. This method models priors for image-based species classi cation
by relating unseen species to nearby seen species in the DNA embedding space. Badirli et al. [5]
similarly apply Bayesian techniques, with ridge regression to map image embeddings to the DNA
space to predict genera for unseen species. However, this approach assumes prior knowledge of all
genera and does not use taxonomic labels to learn its mapping, limiting its representational power. In
this work, we show that aligning image and DNA modalities using end-to-end contrastive learning
produces a more accurate model and useful representation space. By incorporating text during
pretraining, we can leverage available taxonomic annotations without relying on their abundance.
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Figure 1:Overview of CLIBD(a) Our model consists of three encoders for processing images, DNA barcodes,
and text. During training, we use a contrastive loss to align the image, DNA, and text embeddings.
inference, we embedgueryimage and match it to a database of existing image and DNA embeddiegs (

We use cosine similarity to nd the closest key embedding and use its taxonomic label to classify the query.

Some prior work has investigated contrastive learning of image and DNA speci cally for genetics
and histology [64, 75, 44]. These works extend contrastive learning for aligning images and text—
introduced by ConVIRT [78] for medical images and popularized by CLIP [50]—to images and
human DNA. Here, we focus on multimodal contrastive learning with DNA barcodes and images for
taxonomic classi cation. DNA barcodes (see Appendix D for background) are much shorter (400—
800 base pairs) compared to sequences used in biomedical tasks (tens of thousands of base pairs).

3 METHOD

To align representations of images, DNA barcodes, and textual taxonomic labels, we start with a
pretrained encoder for each modality and ne-tune them with a multimodal contrastive loss, illus-
trated in Figure 1. During inference, we use our ne-tuned encoders to extract featureguerya

image and match them against a database of image and DNA embeddiggsvith known tax-

onomic labels. To classify a query image, we take the taxonomic labels associated with the most
similar key. Whilst we can also query against the taxonomic text embeddings, this approach does
not work well for taxa that were not seen during training. In contrast, our model can match queries
against embeddings of labelled images and barcodes acquired after training. Thus, images and DNA
barcodes comprise a more robust and comprehensive set of records against which to query.

3.1 TRAINING

Contrastive learning. We base our approach on a contrastive learning scheme similar to CLIP [50],
which uses large-scale pretraining to learn joint embeddings of images and text. In contrastive learn-
ing, embeddings for paired specimens are pulled together while non-paired specimens are pushed
apart, thus aligning the semantic spaces for cross-modal retrieval. Following prior work [55], we ex-
tend CLIP [50] to three modalities by considering each pair of modalities with the NT-Xent loss [58]
between two modalities to align their representations. Let maticd, andT represent the batch

of ",-normalized embeddings of the image, DNA, and text modalities.iftheow of each matrix
corresponds to the same physical specimen instance, thud/famslD; are image and DNA fea-

tures from the same specimen, forming a positive pair. Features in differenVf@wsiD;,i 6 |,

come from different specimens and are negative pairs. The contrastive loss foispair

Tp. = T\ =
Li(\y P) = logP nexp Y DT' ; Li([b Vi= JogP nexp b, V'T
j=1 €xp V;'Dj= j=1 exp DjVj=
where is a trainable temperature initialized to 0.07 following Radford et al. [50]. The total con-
trastive loss for a pair of modalities is the sum over the loss terms for each pairs of specimens,
X
Lvp =
i=1
wherein we apply the loss symmetrically to normalize over the possible paired embeddings for each
modality [78, 55]. We repeat this for each pair of modalities and sum them to obtain the nal loss,
L=Lyp +Lpt +LvyT.

Li(\ll D)+Li([b V)

Pretrained encoders. For each modality we use a pretrained model to initialize our encoders.
Images:ViT-B* pretrained on ImageNet-21k and ne-tuned on ImageNet-1k [PNA barcodes:

!Loaded awit _base _patch16 _224 in the timm library.
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Figure 2:Data partitioning. We split the BIOSCAN-1M data into training, validation, and test partitions. The
training set (used for contrastive learning) has records without any species labels as well asaesspefcies
that are well-represented (at least 9 records per species). The validation and test setsawcladd

(not seen during training) species. These images are further split into subpartitiqnerigs(darker color)
andkeys(lighter color) for evaluation. We ensure that the validation and test sets have differenitrspecies.
Since theseenspecies are common, we have a shared set of recideysthat we use akeysfor seen species
and combine all key sets to form a reference database. We show the number of records in each box.

BarcodeBERT [2] with5-mer tokenization, pretrained using masked language modelling on 893 k
DNA barcodes [19] a dataset that is similar to but not overlapping with the DNA barcodes in the
BIOSCAN-1M dataset, making it ideal for our studiext: we use the pretrained BERT-Small [68]

for taxonomic labels. Besides these pretrained encoders, we also conduct experiments using larger
variants (see Appendix B.1.3).

3.2 INFERENCE

To use the model to predict taxonomic labels, we calculate the cosine similarity between the em-
bedded input imageg(ery) and reference image or DNA embeddingeyd sampled from available
species. We use the taxonomic label (order, family, genus, species) associated with the closest key as
our prediction. This method allows us to evaluate the model in a zero-shot setting on species which
were not seen by the model during training, provided we have appropriately labelled specimens to
use as keys. The embedding space also provides the exibility to be used for other downstream
tasks, such as a supervised classi er or a Bayesian model [4, 5].

4 TASK AND DATA

To evaluate our method, we perform taxonomic classi cation using different combinations of input
and reference modalities. The input may be a biological image or DNA sequence; this is matched
against a reference set of labelled DNA barcodes, labelled biological images, or known taxonomic
labels. We evaluate predictions at each taxonomic level by averaging accuracy over samples (micro)
and taxon groups (macro). Unlike ne-tuning a species classi cation head, our approach can iden-
tify unseerspecies using labelled reference images or DNA, without needing to know all potential
species at training time. We split the BIOSCAN-1M dataset so some species are “unseen” during
training and report prediction accuracy for both seen and unseen species to study model general-
ization. This simulates the case where once a model is deployed, there are new specimens that are
catalogued and labelled over time, which were not initially available for training the encoders.

Dataset. The BIOSCAN-1M dataset [23] is a curated collection of over one million insect data
records sourced from a biodiversity monitoring work ow. Each record in the dataset includes a
high-quality insect image, expert-annotated taxonomic label, and a DNA barcode. However, the
dataset has incomplete taxonomic labels, with fewer than 10% of records labelled at the species
level. This poses a challenge for conventional supervised methods, which require comprehensive
species-level annotations, but our method is able to exibly leverage partial or missing taxonomic
information during contrastive learning. The dataset also possesses a long-tailed class imbalance,
typical of real-world biological data. Given the vast biodiversity of insects—for which an estimated
80% is as-yet undescribed [62]—and the necessity to discern subtle visual differences, this dataset
offers a signi cant challenge and opportunity for our model.

Data partitioning. We split BIOSCAN-1M into train/val/test sets to evaluate zero-shot classi ca-

tion and model generalization to unseen species. Records for well-represented species (at least 9
records) are partitioned at 80/20 ratio irdeenandunseenwith seen records allocated to each of

the splits and unseen records allocated to val and test. All records without species labels are used in
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Table 1: Top-Imacroaccuracy (%) on BIOSCAN-1NEstset for different combinations of modality alignment
(image, DNA, text) during contrastive training. Results using DNA-to-DNA, image-to-image, and image-to-
DNA query and key combinations. As a baseline, we also show results for unimodal pretrained models before
cross-modal alignment and unimodal training using SImCKR)( We report the accuracy for seen and unseen
species, and their harmonic mean (H.Mdld: highest accitalic: second highest acc.).

Aligned embeddings DNA-to-DNA Image-to-Image Image-to-DNA
Taxa Img DNA Txt Seen Unseen H.M. Seen Unseen H.M. Seen Unseen H.M.
Order 78.8 918 8438 54.9 48.0 51.2 7.7 9.6 8.5
X — — — 69.5 59.8 64.3 — — —
X X — — — 99.6 97.4 985 — — —
X X 100.0 100.0 100.0 895 976 934 99.7 718 835
X X X 100.0 100.0 100.0 99.7 944 970 994 885 936
Family 86.2 821 84.1 28.1 217 245 0.5 0.8 0.6
X — — — 436 309 36.2 — — —
X X — — — 907 76.7 831 — — —
X X 99.1 976 983 89.1 811 849 90.2 446 59.7
X X X 100.0 98.3 99.1 90.9 818 86.1 90.8 50.1 64.6
Genus 82.1 69.4 75.2 14.2 10.3 119 0.2 0.0 0.0
X — — — 24.7 16.7 19.9 — — —
X X — — — 72.1 49.6 58.8 — — —
X X 97.7 93.0 953 74.1 59.7 66.1 734 187 298
X X X 98.2 94.7 96.4 74.6 60.4 66.8 70.6 20.8 321
Species 76.4 63.6 69.4 7.2 5.0 5.9 0.1 0.0 0.0
X — — — 14.2 8.8 10.9 — — —
X X — — — 54.2 336 415 — — —
X X 94.4 86.9 905 59.2 451 51.2 581 7.7 136
X X X 95.6 904 929 59.3 45.0 512 516 8.6 147

contrastive pretraining, and species with 2 to 8 records are divided betweensbersplits in the

val and test sets. Importantly, we ensure tivadeerspecies are mutually exclusive between the val

and test sets and do not overlap wsenspecies for labelled records. Finally, among each of the

seen and unseen sub-splits within the val and test sets, we allocate equal proportions of records as
gueries to be used as inputs during evaluation, &ags to be used as our reference database. Note

that keys from seen and unseen species are combined to form the reference database. This procedure
ensures we have a distribution of different cases in evaluation: both seen and unseen, and common
and uncommon species. See Figure 2 for split statistics and Appendix A for details.

Data preprocessing.During inference, we resize images to 256x256 and apply a 224x224 center
crop. For the DNA input, following Arias et al. [2], we set a maximum length of 660 for each
sequence and tokenize the input into non-overlapping 5-mers. Similar to Stevens et al. [61], we con-
catenate the taxonomic levels of the insects together as text input. As we did not have the common
names of each record, we used the Linnean order, family, genus, and species, up to the most speci ¢
available label per specimen. With this approach, we can still provide the model with knowledge of
the higher-level taxonomy, even if some records do not have species-level annotations.

5 EXPERIMENTS

We evaluate the model's ability to retrieve correct taxonomic labels using images and DNA bar-
codes from the BIOSCAN-1M dataset [23]. This includes species that were sébeor unseen

during contrastive learning. We also experiment on the INSECT dataset [4] for Bayesian zero-shot
learning (BZSL) species-level image classi cation. We report the top-1 accuracy feetmand
unseersplits, as well as their harmonic mean (H.M.). We focus on evaluating the model using var-
ious combinations of modalities on the test set. Speci cally, we assess the model's performance
when using images and DNA barcodes as inputs, matched against their respective image and DNA
reference sets, as well as the combination of image inputs matched to DNA references. In addition,
we visualize the attention roll-out of the vision transformer we used as our image encoder to explore
how the representation changes before and after contrastive learning and how aligning with different
modalities affects the focus of the image encoder.
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Figure 3:Example query-key pairdiop-3 nearest specimens from the unseen validation-key dataset retrieved
based on the cosine-similarity for DNA-to-DNA, image-to-image, and image-to-DNA retrieval. Box color
indicates whether the retrieved samples had the same species (green), genus (light-green), family (yellow), or
order (orange) as the query or, else not matched (red).

Implementation details. Models were trained on four 80GB A100 GPUs for 50 epochs with batch
size 2000, using the Adam optimizer [33] and one-cycle learning rate schedule [57] with learning
rate fromle 6to5e 5. For ef cient training, we use automatic mixed precision (AMP). We study
the impact of AMP and batch size in Appendix C.

5.1 RETRIEVAL BY IMAGE AND DNA

We conducted experiments on BIOSCAN-1M [23] to study whether the accuracy of taxonomic
classi cation improves with contrastive learning, particularly with the inclusion of DNA barcodes as
an additional modality. We compare the accuracy of models trained to align different combinations
of modalities: image (I), DNA (D), and text (T). We also assess performance by using different
modalities as the query (input at inference time) and as the key (the embedding used for matching).
As image is more readily available, we primarily focus on querying by image.

Taxonomic classi cation. In Table 1, we report the top-1 macro-accuracy on our BIOSCAN-1M

test set for seen and unseen species (see Table 8 for the top-1 micro-accuracy). We report the perfor-
mance of the different alignment models at different taxonomic levels (order, family, genus, species).
As expected, the performance drops for more speci ¢ taxa (e.g., accuracy for order is much higher
than for species), due to both the increased number of possible labels and the more ne-grained
differences between them. When we consider unseen species, there is a drop in accuracy compared
to seen species, suggesting there is a bene t to retraining encoders as more data is collected.

Are multimodal aligned embeddings usef@ar experiments show that by using contrastive learn-
ing to align images and DNA barcodes, we can 1) enable cross-modal querying and 2) improve
the accuracy of our retrieval-based classi er. Unsurprisingly, we nd that DNA-to-DNA retrieval is
the most accurate, especially for species-level classi cation. Note that while direct DNA matching
using methods like BLAST are quite effective, they tend to be slow and cannot be easily incorpo-
rated into neural networks for other downstream tasks [2]. By using contrastive learning to align
different modalities, we enhance the image representation's ability to classify (image-to-image), es-
pecially at the genus and species level where the macro H.M. accuracy jump&Zis¥hto 69%

(for genus) and:27%to 52% (for species) for our best model (I+D+T). Note that with alignment,
the DNA-to-DNA retrieval performance also improves. To verify that the improvements in uni-
modal performance come from the ow of information between modalities, we also use unimodal
contrastive loss following SIMCLR [11] to ne-tune the image encoder on BIOSCAN-1M. Results
(Table 1, second row) show that while the performance is better than the unaligned model, it is far
from the gain we see in the |+D model (see Appendix B.1 for details).

Do DNA barcodes provide a strong alignment targéi@ole 1 also shows that on BIOSCAN-1M,
using DNA provides a better alignment target than using taxonomic labels. Comparing the model
that aligns image and text (1+T, row 3) vs. the one that aligns image and DNA (I+D, row 4), we see
that the I+D model consistently gives higher accuracy than the I+T model. At the species level, the
I+D can even outperform the 1+D+T model. This is likely because the I+D+T model, despite using
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Table 2: Species-level top-1 macro-accuracy (%) of BioCLIP and our CLIBD model on the test set, matching
image embeddings (queries) against embeddings of different modalities for retrieval (image, DNA, and text
keys). Note: the BioCLIP model [61] was trained on data that included BIOSCAN-1M but used different
species splits, so it may have seen most of the unseen species during its training.

Aligned embeddings Image-to-Image Image-to-DNA Image-to-Text
Model Img DNA  Txt Seen Unseen H.M. Seen Unseen H.M. Seen Unseen H.M.
BioCLIP X X 20.4 148 17.1 — — — 4.2 3.1 3.6
CLIBD X X 54.2 336 415 — — — 576 4.6 8.5
CLIBD X X X 59.3 45.0 512 51.6 8.6 147 56.0 4.8 8.9

all known labels for each sample, only has access to species labels for 3.36% of the pretraining data.
While comprehensive species labels could yield a comparable model for taxonomic classi cation,
the money and time cost for hiring expert scienti ¢ annotators makes it impractical to scale.

Cross-modal retrievalNext we consider cross-modal retrieval performance from image to DNA.
Without any alignment, image-to-DNA performance is effectively at chance accuracy, scoring ex-
tremely low for levels more ne-grained than order. By using contrastive learning to align image
to DNA, we improve performance at all taxonomic ranks. While the cross-modal performance is
still low compared to within-modal retrieval, we see that it is feasible to perform image-to-DNA
retrieval, which unlocks the ability to classify taxa for which no images exist in reference databases.

Retrieval examples.Figure 3 shows examples of intra-modality image and DNA retrieval as well as
image-to-DNA retrieval from our full model (aligning I+D+T), for which the retrieval is successful if

the taxonomy of the retrieved key matches the image's. These examples show signi cant similarity
between query and retrieved images across taxa, suggesting effective DNA and image embedding
alignment despite differences in insect orientation and placement.

5.2 COMPARISON WITHBIOCLIP

Next we compare our aligned embedding space with that of BioCLIP [61] and investigate how well
using taxonomic labels as keys would perform. We run experiments on BIOSCAN-1M by adapting
the BioCLIP zero-shot learning demo script to perform species-level image classi cation. We use
the BioCLIP pretrained model on the BIOSCAN-1M test set, with image query and either image
or text embeddings as keys. For the text input for BioCLIP, we combined the four concatenated
taxonomic levels with their providegbenai _templates as text input, while for CLIBD, we used

the concatenated labels only.

In Table 2, we report the species-level macro-accuracy. Results on other taxonomic levels (Table 13)
follow a similar trend. We see CLIBD consistently outperforms BioCLIP, regardless of whether
images or text is used as the key, and even for CLIBD trained only on images and text. Since
BioCLIP was trained on a much broader dataset, including but not limited to BIOSCAN-1M, it may
perform worse on insects as it was also trained on non-insect domains. CLIBD can also leverage
DNA features during inference, while BioCLIP is limited to image and text modalities.

Does matching images to taxonomic labels work better than matching to image or DNA embeddings?
The performance when using text as keys is much lower than using image or DNA keys. This shows
that it is more useful to labeled samples with images (most preferred) or DNA. Nevertheless, if no
such samples are available, it is possible to directly use text labels as matching keys.

5.3 ANALYSIS

How does class size in uence performance8ince we use retrieval for taxonomic classi cation, it

is expected that performance is linked to the number of records in the key set. Figure 4 con rms this.

In general, accuracy is higher for seen species compared to unseen species in cross-modal retrieval,
but this difference is less noticeable in within-modality retrieval. This suggests that contrastive
training has better aligned the data it has been trained on, but it is less effective for unseen species.
The DNA-DNA retrieval performance remains high, regardless of number of records in the key set.

Attention visualization. To investigate how the contrastive training changed the model, we vi-
sualize the attention roll-out of the vision transformer for the image encoder [1] in Figure 5. We
reference the implementation method mentioned in Dosovitskiy et al. [21] by registering forward
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Figure 4: Average top-1 per-species accuracy, binned by count of species records in the key set, for different
qguery and key combinations. We sh@senin blue andunseenin , With size and color intensity
indicating number of binned species. In all cases, the accuracy for seen species increases with the number

of records. While the trend is similar for unseen species with intra-modal retrigvah¢ld)), cross-modal
retrieval ) andc)) achieve much lower performance, underscoring the challenge of cross-modal alignment.

Glyphidocera  chryBioLep0l  Dichomeris gellanzen01  Glyphidocera ~_ Stomphastis  tinBioLep01 Leucoptera  pierMalaise64  Stomphastis
7 x dem BioLep1705 Janzen401 Janzen348 dem DodonaeaOman  Biolep6535 coffeella Malaise7446  DodonaeaOman
Musca Phytomyptera 01 ct Phytomyptera  Phytomyptera
crassirostris Malaise3a17 ~ Adiacinerella  Adiacinerella  wajaisenetz1051  Malaise6385 ru tibia Malaise9466 Janzen8087  Malaise6385
Rachispod: Leptocera Chironomus Chironomus Chironomus Chironomus ~ Chironomus
spuleri spuleri spuleri spuleri erythrocera lugubris lugubris pseudothummi lugubris harpi
Megaselia 5 e PSychodasp I )s Micropsectra Tanytarsus
montywoodi grus B 11GMK carbonaria unicolor pallidula laccophilus limbatellus polita brundini

Figure 5: We visualize the attention for queries fregenand unseenspecies. The “Before” and “After”
columns indicate if the prediction (at the species-level) was correct before (initial unaligned model) and after
alignment (1+D+T model). Predicted genera + species are indicated in green for correct, red for incorrect. Only
a few samples were predicted correctly before alignment and incorrect after (38 for seen and 69 for unseen).

hooks in the ViT's attention blocks to capture attention outputs and using the Rollout method to
calculate attention accumulation. We then apply the processed mask to the original image to gener-
ate an attention map of the image area. Inspired by Darcet et al. [16], we inspect the mask of each
attention block and remove attention maps containing artifacts. Ultimately, we select the forward
outputs of the second to sixth attention blocks to generate the attention map.

We show examples for both seen and unseen species. For examples where the aligned models are
able to predict correctly, we see that the attention is more clearly focused on the insect. Furthermore,
we see that only the 1+D+T model activates highly on the full insect, compared to I+T and [+D.
Thus, while quantitatively the models may perform comparably, the I+D+T yields the most visually
interpretable predictions. This is ideal for biodiversity, as interpretability is important for practical
adoption. We also visualize the embedding space before and after alignment (see Appendix B.3)
and show more examples of attention visualization (see Appendix B.4).

5.4 IMPROVING CROSSMODAL CLASSIFICATION

We now more closely investigate how we can improve cross-modal ZS classi cation, where during
inference time we have an image of an insect as a query, and we have a database of seen species (with
images and DNA), and unseen species (with just DNA). Badirli et al. [4] proposed a hierarchical
Bayesian model to classify images, using training images to learn the distribution priors and DNA
embeddings to build surrogate priors for unseen classes. Here, we consider a similar zero-shot (ZS)
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Figure 6: When we have DNA barcodes but not images of unseen species, we can use a combination of
image and DNA as key sets. We adapt CLIBD for using images as keys for seen species and DNA for unseen
species (i.e. the IS+DU strategy) to predict the species. We rst classify the input imageqagainst seen
species, using either: (a) an 1-NN approach thresholding the cosine similaritysseoreax « fic fq; or

(b) a supervised classi er predicting over all seen species and thresholding the maximum softmax probability
s = max yx by thresholdt. If s < t, we subsequently query with the image featfifeusing 1-NN with

the DNA keysf i of the unseen species and predict the unseen species of the closest DNA feltuirg
supervised classi er training, the image encoder is netuned only for use in the supervised pipeline.

Table 3: Top-1 accuracy (%) on our BIOSCAN-1M test set using the Image+DNA+Text model with image
query. We compare nearest neighbour using only DNA keys (NN DNA), vs. our two strategies to use Image
key for seen and DNA key for Unseen, either NN or a supervised linear classi er. We also compare against
BZSL [4] with our embeddings.

Micro top-1 acc Macro top-1 acc

Taxa Method  Strategy Seen Unseen H.M. Seen Unseen H.M.

Genus NN DNA 87.6 549 675 70.6 20.8 321
NN IS+DU 85.7 55.0 67.0 66.8 20.8 317
Linear IS+DU 83.6 55.6 66.8 614 211 315
BZSL IS+DU 86.8 46.5 60.6 757 144 242

Species NN DNA 742 278 404 516 8.6 147
NN IS+DU 76.1 26.2 39.0 54.8 85 1438
Linear IS+DU 72.6 255 377 416 94 153
BZSL IS+DU 76.1 176 285 62.6 7.2 129

setting using our embeddings from our pretrained model for Bayesian zero-shot learning (BZSL),
demonstrating its utility for unseen species classi cation.

We also consider a simpler strategy using the image embeddingsdmspecies, and DNA embed-

dings forunseerspecies. A two-stage approach rst determines if a new image query represents a
seen or unseen species (see Figure 6). For seen, image-to-image matching determines the species,
while for unseen, image-to-DNA matching (assuming a reference set of labeled DNA samples for
unseen species) determines the species. This is denoted by “IS-DU” (image seen - DNA unseen).

Determining seen vs. unseenMe frame the problem as an open-set recognition task [70] by using

a classi er to determine whether an image query correspondséeiar anunseerspecies. This is

useful for novel species detection as in practice we may not have a reference set of labeled samples
or even set of species labels for unseen species. We compare using a 1-nearest neighbor (NN)
classi er, and a linear supervised classi er with a ne-tuned image encoder (see Figure 6 left). See
Appendix B.2 for details. Wshow that without access to any unseen samples at inference time,
our learned embeddings can be used to distinguish between seen and im3able 15. Using

the image-to-image NN classi er, we obta#3%accuracy on seefi,/%on unseen and a harmonic

mean of80% For our linear classi er, we obtain lower accuracy on segdf), but higher on
unseen§5%), with harmonic mean of 9%

Evaluation on BIOSCAN-1M. Next we conduct experiments on BIOSCAN-1M to compare our
IS+DU strategy vs. incorporating our learned embeddings in BZSL. We also compare against query-
ing the seen and unseen DNA keys using 1-NN directly. Table 3 reports the top-1 micro and macro
accuracy of at the genus and species level (see Table 16 for order and family level classi cation). We
nd that at the genus and species level, BZSL obtains good performance for seen species but that
our simple NN-based approach actually outperforms BZSL on unseen species. Using our 1S-DU
strategy with the supervised linear classi er, we obtain the best macro top-1 accuracy on unseen
species, demonstrating titae complexity of BZSL may not be necessary
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Table 4: Macro-accuracy (%) for species classi cation in a Bayesian zero-shot learning task on the INSECT
dataset. We compare our CLIBD-with several DNA encoders: CNN encoder [4], DNABERT-2 [79], Bar-
codeBERT [2]. The baseline image encoder ResNet-101 used in Badirli et al. [4] is compared against our image
encoder before (ViT-B) and after (CLIBD-pretraining on BIOSCAN-1M (BS-1M). We indicate the pretrain-

ing set for DNA (Pre-DNA) as the multi-species (M.S.) set from Zhou et al. [79], anthropods from Arias et al.
[2], or BS-1M. We compare models both with and without supervised ne-tuning (FT) for each encoder, except
for CLIBD-D, where the comparison is with or without contrastive learning for ne-tuning on the INSECT
dataset. We highlight the baseline from Badirli et al. [4] and the variant with our ne-tuned encoders in gray.

Data sources Species-level acc (%)
DNA enc. Image enc. Pre-DNA FT-DNA FT-Img Seen Unseen H.M.
CNN encoder RN-101 - INSECT - 38.3 208 27.0
DNABERT-2 RN-101 M.S. - - 36.2 10.4 16.2
DNABERT-2 RN-101 M.S. INSECT - 30.8 8.6 13.4
BarcodeBERT RN-101 Arthro - - 38.4 16.5 23.1
BarcodeBERT RN-101 Arthro INSECT - 37.3 208 26.7
BarcodeBERT VIiT-B Arthro INSECT - 42.4 235 30.2
BarcodeBERT VIiT-B Arthro INSECT INSECT 54.1 20.1 29.3
CNN encoder  CLIBD+ - INSECT - 37.7 16.0 22.5
BarcodeBERT CLIBDF Arthro INSECT - 52.0 216 30.6
BarcodeBERT CLIBDF Arthro INSECT INSECT 485 23.0 31.2
CLIBD-D RN-101 BS-1M - - 34.7 21.3 26.4
CLIBD-D RN-101 BS-1M INSECT - 32.8 25.0 28.4
CLIBD-D CLIBD-I BS-1M - - 34.2 221 26.9
CLIBD-D CLIBD-I BS-1M INSECT INSECT 57.9 251 35.0

Evaluation on INSECT dataset with BZSL. In this experiment, we study whether our image and
DNA embeddings can improve performance when incorporated into BZSL. We evaluate on the
INSECT dataset [4], which contains 21,212 pairs of insect images and DNA barcodes from 1,213
species. We record the performance of different combinations of encoders. We start with the original
CNN-based DNA encoder and ResNet-101 image encoder pretrained on ImageNet-1K from Badirli
etal. [4]. We also consider ViT-B [21], pretrained on ImageNet-21k and ne-tuned on ImageNet-1k.
For DNA encoders, we compare against BarcodeBERT [2] (which was used to initialize our CLIBD
model), and DNABERT-2 [79], a BERT-based model trained on multi-species DNA.

Table 4 shows thaihcorporating CLIBD improves BZSL accurady/ith the baseline image encoder
(RN-101), CLIBDD performs the best of the DNA encoders (both with and without DNA ne-
tuning). With BarcodeBERT, our CLIBD-outperforms both RN-101 and ViT-B. CLIBDtogether

with CLIBD-D gives the best performance with accuracy after ne-tuning of 57.9% for seen and
25.1% for unseen. This shows the bene ts of using CLIBD to learn a shared embedding space
relating image and DNA data, both in performance and exibility of applying to downstream tasks.

6 CONCLUSION

We introduced CLIBD, an approach for integrating biological images with DNA barcodes and tax-
onomic labels to improve taxonomic classi cation. It uses contrastive learning to align embeddings
in a shared latent space. Our experiments show that, using barcode DNA as an alignment target
for image representations, CLIBD outperforms models that only align images and text. Pretrain-
ing with text-encoded taxonomic labels, even when scarce at ne-grained levels, further improves
performance. We further demonstrate the effectiveness of our aligned embeddings in zero-shot
image-to-DNA retrieval. Our BIOSCAN-1M and INSECT dataset experiments showcase the value
of using barcode DNA as an alignment target. However, the availability of barcode DNA is limited
(see Appendix D for discussion) compared to human-curated image datasets with taxonomic labels
such as TreeOfLife-10M [61] and BioTrove [76]. It would be interesting to couple the rich infor-
mation found in DNA with these datasets that include natural images, and go beyond insects. It is
also possible to investigate other multi-modal learning schemes beyond CLIP. Overall, we believe
that using DNA barcodes for improved representation of organism images is a promising avenue
for future research. We hope that our work can stimulate the application of multimodal machine
learning with barcode DNA to help build improved automated tools for biodiversity monitoring.
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APPENDICES

We provide additional details on how we obtain our data split (Appendix A), additional results
(Appendix B) on the validation set, using different image and text encoders, additional details about
the cross-modal experiments, and visualize the embedding space. We also include experiments with
hyperparameter settings such as the use of automatic mixed precision and batch size (Appendix C).
In Appendix D, we provide additional information on the utility and cost of DNA barcodes.

A ADDITIONAL DATA DETAILS

Figure 7: Data partitioning strategy We rst partition species among the splits based on the presence of a
species label and the number of records per species, and then each species is designated as seen or unseen.
Records from each species are then partitioned among train (blue), validation (orange), and test (green). For
the validation and test sets, some records are usederses and the rest are used ksysfor the reference

database for retrieval.

Data partitioning process. We use a multi-stage process to establish our split of BIOSCAN-

1M [23] for our experiments (see Figure 7). Firstly, we separate records with and without species
labels. Any record without a species label is allocated for pretraining, as we cannot easily use them
during evaluation. Of the remaining records with labelled species, we partition species based on
their number of samples. Species with at least 9 records are allocated 8&@6nand unseen

with unseen records split evenly between validation and test. Species with 2 to 8 records are used
only as unseen species, with a partition of 50/50 between validation and test. This allows us to
simulate real-world scenarios, in which most of our unseen species are represented only by a few
records, ensuring a realistic distribution of species sets. Species with only one record are excluded,
as we need at least one record each to act the query and the key, respectively.

Finally, we allocate the records within each species into designated partitions. For the seen species,
we subdivide the records at a 70/10/10/10 ratio into train/val/test/key, where the keys for the seen
species are shared across all splits. The unseen species for each of validation and test are split
evenly between queries and keys. The allocation of queries and keys ensures that we have clearly
designated samples as inputs and target references for inference. We note that some samples in our
data may have the exact same barcode even though the image may differ.

Data statistics. As a result of this process, we obtain a seen split with 916 species, and unseen
val and test splits with 1771 and and 1772 species respectively (see Figure 2 in the main paper).
We present the number of species and the distribution of records across species (Figure 8) and the
average number of records per taxa level (Table 5). In Figure 8, we show the number of records for
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Figure 8:Distribution of number of records per species our BIOSCAN-1M train, query and key splits. We

show the seen and unseen species in blue and orange, with the intensity of the color indicating the number of
records for that species. Note that the seen species are shared across train, val, test while the val and test unseen
species are distinct from each other. From the distribution, we see that most of the species in the unseen splits
have fewer than 10 records (light orange).

Table 5:Data statistics.Average number of records per taxa level. Note that the seen and unseen species are
distinct, but there is overlap at other levels of the taxa (order, family, genus) between seen and unseen species.

Species seen Species unseen
Train Key ValQuery TestQuery ValKey ValQuery TestKey TestQuery
order 60007.72 634.80 487.60 487.60 545.71 496.29 593.58 537.33

family 2305.88  41.75 33.74 33.74 38.99 36.34 34.89 31.25
genus 85.63 6.10 5.17 5.17 4.98 4.73 4.56 4.36
species 21.79 2.06 1.99 1.99 1.92 1.92 1.70 1.69

each species by color intensity, with lighter hues for species with fewer records and darker hues for
species with more records. Due to the long-tailed distribution of species, there are just a few species
with a large number of records, and most species with just a few records. This is especially true for

the unseen split, where 90% of species have 4 or less records. Similarly, we see from Table 5 that
each species has an average of only 1 to 2 samples in the query set or the key set.

In Table 6, we present the number of classes at different taxonomy levels. Speci cally, we show
the overlap of classes between the seen and unseen sets at various levels. We separate the statistics
for records that do not have any species labels (which go into the pretrain split), and the those that
are used to establish the train/val/test splits. Note that in the pretrain split, the statistics are lower
bounds at the genus and species level as records are missing the species label and potential genus
label as well. Due to our data division method, there is no overlap at the species level. However, for
higher taxonomic levels there are overlaps. As the taxonomy level increases from genus to order, the
proportion of overlapping classes gradually increases, representing a larger percentage of the total
number of classes at each level.

Task dif culty. To understand the dif culty of classi cation at different levels of the taxonomy, we
consider the performance of a simple majority baseline classi er. In Table 7, we present the micro

Table 6: Taxa overlap between seen and unseen speQestlap at different levels of the taxa (order, family,

genus) between seen and unseen species. We separately report the statistics for records without species labels
(which form the pretrain set), and those that we used to build our train/val/test set. Note that for the pretrain
split, the number of classes at the genus and species level are lower bounds, as some labels are missing. Gray
highlight indicate number of classes at each taxonomy level for either seen or unseen. Cyan highlight indicate
the number of classes that overlap at that level across seen / unseen.

Pretrain (no species) Train/val/test

total seen unseen overla seen unseen overlap

order 19 10 13 10 10 14 10
family 479 129 219 112 132 239 113
genus 2731 351 686 23 521 1400 279
species 4459 0 0 ( 916 3543 0
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Table 7: Chance performancePerformance for most frequent class baseline for micro-accuracy and chance
performance (random class) for macro-accuracy (%).

Micro Macro
Seen Unseen H.M. Seen Unseen H.M.
val/test val test val test valltest val test val test

Order 76.32 58.46 57.27 66.21 65.44 10.00 7.14 833 9.09 7.69
Family 1533 24.64 19.12 1890 17.02 0.76 058 055 0.63 0.56
Genus 746 2417 1855 11.40 10.64 0.19 0.12 0.12 0.14 0.12
Species 521 1952 1214 822 7.29 0.11 0.06 0.06 0.07 0.06

and macro accuracy when the most frequent class at each taxonomy level is chosen for prediction.
The macro accuracy is the same as chance performance of selecting a class at random, while the
micro accuracy depends on the fraction of records with the most frequent class. The signi cant
difference between micro and macro accuracy indicates the large class imbalance in our dataset. This
imbalance re ects the phenomenon that some categories are more common than others in nature as
well as the sampling bias present in data collection efforts.

B ADDITIONAL EXPERIMENTS

In this section, we include additional experimental results and visualizations. We provide additional
results on BIOSCAN-1M (Appendix B.1) and image to DNA retrieval results (Appendix B.2). We

also visualize the aligned embedding space (Appendix B.3) to show the model's capability in inte-
grating and representing diverse biological data, and more attention visualizations (Appendix B.4).

B.1 ADDITIONAL CLASSIFICATION RESULTS ONBIOSCAN-1M

Table 8: Top-1micro accuracy (%) on outestset for BIOSCAN-1M and different combinations of aligned
embeddings (image, DNA, text) during contrastive training. We show results for using image-to-image, DNA-
to-DNA, and image-to-DNA query and key combinations. As a baseline, we show the results prior to contrastive
learning (uni-modal pretrained models without cross-modal alignment). We report the accuracy for seen and
unseen species, and the harmonic mean (H.M.) between thalske (ighest accitalic: second highest acc.).

We also compare against unimodal training using SImCL®r@v in each taxa, indicated witk ).

Aligned embeddings DNA-to-DNA Image-to-Image Image-to-DNA
Taxa Img DNA Txt Seen Unseen H.M. Seen Unseen H.M. Seen Unseen H.M.
Order 99.1 98,5 98.8 88.8 90.8 89.8 10.5 11.0 10.7
X — — — 94.4 94.1 943 — — —
X X — — — 99.7 99.6 99.6 — — —
X X 100.0 100.0 100.0 99.6 99.7 99.6 99.7 989 993
X X X 100.0 100.0 100.0 99.7 99.6 99.6 99.7 99.3 995
Family 96.2 93.8 95.0 52.9 60.0 56.2 1.0 11 1.0
X — — — 67.5 69.7 68.6 — — —
X X — — — 95.7 922 939 — — —
X X 99.8 99.2 99.5 95.9 93.1 945 95.8 84.6 89.9
X X X 100.0 99.5 99.7 96.2 93.7 94.9 96.5 87.1 916
Genus 934 89.0 911 30.1 38.7 33.9 0.2 0.1 0.1
X — — — 43.2 48.9 459 — — —
X X — — — 87.2 771 818 — — —
X X 99.2 96.9 98.0 88.6 82.1 852 878 513 64.8
X X X 99.5 97.9 98.7 89.3 82.3 857 876 549 675
Species 90.4 846 874 18.1 268 216 0.1 0.1 0.1
X — — — 28.5 36.2 319 — — —
X X — — — 76.2 61.9 68.3 — — —
X X 97.9 948 96.3 79.2 70.0 743 751 252 377
X X X 98.4 96.3 97.3 79.6 69.7 743 742 278 404
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Table 9: Top-1macroaccuracy (%) on ouval set for BIOSCAN-1M and different combinations of aligned
embeddings (image, DNA, text) during contrastive training. We show results for using image-to-image, DNA-
to-DNA, and image-to-DNA query and key combinations. As a baseline, we show the results prior to contrastive
learning (uni-modal pretrained models without cross-modal alignment), and unimodal training using SImCLR
(X ). We report the accuracy for seen and unseen species, and the harmonic mean (H.M.) betwdssidhese (
highest accitalic: second highest acc.).

Aligned embeddings DNA-to-DNA Image-to-Image Image-to-DNA
Taxa Img DNA Txt Seen Unseen H.M. Seen Unseen H.M. Seen Unseen H.M.
Order 98.6 815 89.2 54.5 39.7 459 8.4 6.0 7.0
X — — — 59.6 55.4 574 — — —
X X — — — 89.2 85.9 875 — — —
X X 100.0 100.0 100.0 995 941 96.7 995 720 835
X X X 100.0 100.0 100.0 98.6 96.1 973 99.2 76.0 86.1
Family 87.0 75.8 81.0 29.3 234 260 0.5 0.5 0.5
X — — — 39.9 31.0 349 — — —
X X — — — 90.1 747 817 — — —
X X 99.9 964 981 896 786 837 922 485 63.6
X X X 100.0 97.9 98.9 92.9 79.7 858 886 545 675
Genus 81.2 674 737 13.8 11.4 125 0.1 0.0 0.0
X — — — 23.3 17.3 199 —
X X — — — 69.7 53.1 60.3 — — —
X X 98.1 931 955 75.4 617 679 732 233 353
X X X 99.0 95.7 973 76.0 63.1 69.0 686 255 37.2
Species 76.4 62.2 68.6 7.8 5.3 6.3 0.0 0.0 0.0
X — — — 13.7 95 11.2 — — —
X X — — — 52.4 36.9 433 — — —
X X 95.8 873 914 619 46.0 528 59.3 9.6 16.5
X X X 97.1 90.2 935 60.2 465 525 521 103 17.2

Table 10: Top-Imicro accuracy (%) on ouval set for BIOSCAN-1M and different combinations of aligned
embeddings (image, DNA, text) during contrastive training.

Aligned embeddings DNA-to-DNA Image-to-Image Image-to-DNA
Taxa Img DNA  Txt Seen Unseen H.M. Seen Unseen H.M. Seen Unseen H.M.
Order 99.2 98.4 98.8 89.3 90.7 90.0 32.2 29.8 31.0
X — — — 94.2 943 942 — — —
X X — — — 99.7 99.6 99.6 — — —
X X 100.0 100.0 100.0 99.7 99.6 99.6 99.6 98.9 99.2
X X X 100.0 100.0 100.0 99.7 995 99.6 99.7 99.0 99.3
Family 96.4 942 953 54.6 61.7 57.9 2.9 3.7 3.3
X — — — 67.6 719 69.7 — — —
X X — — — 95.9 929 944 — — —
X X 99.8 99.4 99.6 95.9 93.3 94.6 95.9 85.7 90.5
X X X 100.0 99.7 99.8 96.5 943 954 96.5 86.8 914
Genus 92.9 89.0 90.9 30.3 414 35.0 0.4 0.3 0.3
X — — — 42.9 514 46.8 — — —
X X — — — 87.1 79.3 83.0 — — —
X X 99.2 97.2 98.2 88.9 83.6 86.2 87.2 582 69.8
X X X 99.5 98.2 98.8 89.6 845 87.0 86.4 59.8 70.7
Species 89.5 84.8 87.1 18.1 316 230 0.1 0.1 0.1
X — — — 284 41.1 33.6 — — —
X X — — — 76.1 68.0 718 — — —
X X 98.1 95.2 96.6 79.7 740 76.7 754 388 51.2
X X X 98.8 965 97.6 80.0 743 77.0 733 39.6 514

Results for top-1 micro-accuracy and validation set. For completeness, we provide the top 1
micro-accuracy on the test set (Table 8), and results on the validation set (see Table 9 for macro
accuracy, and Table 10 for micro accuracy).
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Overall, we see a similar trend in results as for macro accuracy on the test set (see Table 1 in the
main paper), with the trimodal model that aligns image (1), DNA (D), and text (T) performing the
best, and the 1+D model outperforming the 1+T model. We also observe that the micro averages
(over individual samples) are much higher than the macro averages (over classes). This is expected
as the rare classes are more challenging and pulls down the macro-average.

We further examine the reproducibility of our results across training runs. In Figure 9, we plot
the mean and standard deviation of the micro and macro accuracy evaluated on our BIOSCAN-1M
validation set after training with four different random seeds. The results indicate that although
there is some uctuation, the results are mostly stable across training runs. As expected, we observe
higher variation for macro accuracy as there are many classes with only a few query records (see
Figure 8). There is also more variation for image-to-DNA, where the embeddings are less aligned.

Figure 9: Performance across four training runs for our 1+D+T model that aligns all three embeddings during
contrastive training. We plot the mean with the shaded regions for standard error for top-1 macro and micro
accuracy (%) on ouval set for BIOSCAN-1M. These plots clearly show that accuracy drops as we go from
order to species, and that DNA-to-DNA retrieval is the most accurate with second. Overall, the
standard error is within 0.5% for the micro accuracy, with higher variation in the image-to-DNA setting.

Unimodal contrastive loss. To check whether the improved unimodal performance is a result of
cross-modal contrastive learning between DNA and image, or just an artifact of training on the
domain-speci ¢ data, we conduct experiments comparing our results with ne-tuning the image en-
coder with unimodal contrastive learning. We use SimCLR-style [11] training on the image encoder
with normalized temperature scaled cross-entropy loss (NT-XEnt), and form positive pairs by using
data augmentation. For data augmentation, we used the same set of augmentations as [11] by fol-
lowing SimCLR's code, which focused on enhancing image variability. The augmentation process
begins with randomly cropping the image to a size of 224, and includes random horizontal ips and
random applications of color jitter with an 80% probability. Additionally, images are converted to
grayscale 20% of the time, and Gaussian blur is applied with a kernel size equal to 10% of the image
size, which is 22 in our case.

We see from the results (denoted Xy in Tables 1, 8, 9, and 10), that while SimCLR training im-
proves performance for image-to-image accuracy, it greatly underperforms our CLIBD multimodal
model that aligns image to DNA. This shows that while training on the BIOSCAN-1M dataset helps
to improve the otherwise generic image encoder, the signal from other modalities has the greatest
bene t to performance.

B.1.1 DIFFERENT TRAINING STRATEGIES

CLIBD with SImCLR pretraining. We investigate whether starting with an image encoder that is
already pretrained on BIOSCAN-1M images can improve the performance of our CLIBD model.
In Table 11, we show that starting with a image encoder that is ne-tuned on BIOSCAN-1M using
SimCLR, and then performing full CLIBD training (by aligning image, DNA, and taxonomic la-
bels), we achieve improved image-to-image performance, and image-to-DNA performance at ner
taxonomic levels.

ImageBind-style alignment. To determine whether it is necessary to align all the modalities to each
other, or whether it would be better use a ImageBind-style [25] training where we freeze the image
and text encoders and align the DNA encoder. For these experiments, we use BioCLIP's image and
text encoder (which are pre-aligned) and BarcodeBERT as DNA encoder.
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Table 11: Top-1macro accuracy (%) on theéestset of BIOSCAN-1M comparing starting with pre-trained
image encoder that was ne-tuned using SImCRR@r not (). We do full CLIBD training that align all three
modalities (the I+D+T model).

DNA-to-DNA Image-to-Image Image-to-DNA

Taxa SimCLR Seen Unseen H.M. Seen Unseen H.M. Seen Unseen H.M.
Order 100.0 100.0 100.0 99.7 944 97.0 99.4 885 93.6

X 100.0 100.0 100.0 99.7 98.9 99.3 99.6 75.3 84.8
Family 100.0 98.3 99.1 90.9 81.8 86.1 90.8 50.1 64.6

X 100.0 99.5 99.7 92.2 85.8 88.9 92.6 52.1 66.7
Genus 98.2 94.7 96.4 746 60.4 66.8 70.6 20.8 32.1

X 98.5 945 96.4 77.2 635 69.6 73.5 234 355
Species 95.6 90.4 929 593 450 51.2 51.6 8.6 14.7

X 95.7 89.8 92.7 622 479 541 56.5 9.7 165

Table 12: Top-Imacroaccuracy (%) on theestset of BIOSCAN-1M, binding DNA to frozen'() image and
text encoders. We compare binding only to the image (following ImageBind [25]) or aligning to both image
and text. Here, we utilized BioCLIP's image and text encoders, with BarcodeBERT for DNA encoding.

Frozen DNA-to-DNA Image-to-Image Image-to-DNA
Taxa Bind to Img DNA Txt Seen Unseen H.M. Seen Unseen H.M. Seen Unseen H.M.
Order Image A N 100.0 100.0 100.0 88.5 86.0 87.2 87.8 64.8 74.6
Image & Text ~ n 100.0 100.0 100.0 88.5 86.0 87.2 887 719 794
Family Image A N 100.0 97.6 98.8 843 68.4 755 79.6 43.1 559
Image & Text ~ n 100.0 97.2 98.6 84.3 68.4 755 781 454 575
Genus Image A A 98.2 929 955 62.6 47.1 537 56.0 179 271
Image & Text 7 A 98.9 93.2 96.0 62.6 471 537 56.5 19.7 29.2
Species Image N n 951 879 913 441 324 374 395 74 125
Image & Text 7 n 959 886 921 441 324 374 380 85 139

The rst approach follows the ImageBind paradigm, where the DNA encoder (BarcodeBERT) is
aligned only to BioCLIP's image encoder. The second approach follows our CLIBD protocol and
allows the unfrozen DNA encoder to align simultaneously with BioCLIP's image encoder and text
encoder. The results show that allowing the DNA encoder to align to both the image and text
encoders vs. just binding to the image encoder results in slightly higher performance. Compared to
the results in Table 11, it is evident that these approaches underperform compared to our proposed
method CLIBD across all query and key combinations. Note that since we start with BioCLIP's
pretrained models, and since BioCLIP's training data includes BIOSCAN-1M, it is not guaranteed
thatunseerspecies labels are actually unseen during training.

B.1.2 COMPARISON WITHBIOCLIP

Full taxonomic comparison with BioCLIP. In Table 13, we compare the performance of BioCLIP
vs. CLIBD on classi cation for all four different taxonomic levels. We see that our CLIBD with [+T

is able to outperform BioCLIP at every taxonomic level. From Table 1, we see that the 1+D model
can already outperform our I+T model. By incorporating DNA barcodes (I+D+T), we are able to
achieve the best performance.

B.1.3 USING LARGER MODELS

Experiments with OpenCLIP. We conduct experiments using OpenCLIP as our text and image
encoder, as well as larger ViT and BERT models. We train our full trimodal model (with image,
DNA, text alignment), and report the species-level top-1 macro accuracy on our validation set for
BIOSCAN-1M in Table 14.
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Table 13: Comparison of top-1 macro-accuracy (%) of BioCLIP and our CLIBD model on the test set, matching
image embeddings (queries) against embeddings of different modalities for retrieval (image, DNA, and text
keys). Note: the BioCLIP model [61] was trained on data that included BIOSCAN-1M but used different
species splits, so it may have seen most of the unseen species during its training.

Aligned embeddings Image-to-Image Image-to-DNA Image-to-Text
Taxon. level Model Img DNA  Txt Seen Unseen H.M. Seen Unseen H.M. Seen Unseen H.M.
Order BioCLIP X X 73.3 69.2 712 — — — 386 355 37.0
CLIBD X X 99.6 97.4 985 — —_ — 99.6 774 871
CLIBD X X X 99.7 944 97.0 994 88.5 93.6 99.2 747 852
Family BioCLIP X X 56.9 422 485 — — — 189 146 164
CLIBD X X 90.7 76.7 83.1 — — — 949 499 654
CLIBD X X X 90.9 81.8 86.1 90.8 50.1 64.6 95.8 50.9 66.5
Genus BioCLIP X X 33.8 243 283 — — — 9.5 5.9 7.3
CLIBD X X 72.1 49.6 588 — — — 819 819 297
CLIBD X X X 74.6 60.4 66.8 70.6 20.8 321 83.0 216 343
Species BioCLIP X X 20.4 148 171 — — — 4.2 3.1 3.6
CLIBD X X 54.2 33.6 415 — — — 576 4.6 8.5
CLIBD X X X 59.3 450 512 51.6 8.6 14.7 56.0 4.8 8.9

Table 14: Species-level top-1 macro accuracy (%) orvalset for BIOSCAN-1M with CLIBD using different

image and text encoders. Results use image embedding to match against different embeddings for retrieval (Im-
age, DNA, and Text). We compare using the OpenCLIP (OC) pretrained model with other models. For these
experiments, we used OpenCLIP ViT-L/14 [30] which is pre-trained on OpenAl's dataset that combines mul-
tiple pre-existing image datasets such as YFCC100M [66]. For timm ViT-B/it6 (base _patchl6 _224)

and timm ViT-L/16 {it _large _patchl6 _224) [73] both are trained on ImageNet [17]. We also used
bert-base-uncased as our text encoder, which was pretrained on BookCorpus [81]. For the DNA en-
coder, we use BarcodeBERT (except for the rst row, where we do not align the DNA embeddings). We
highlight in gray the setting that uses the same vision and text encoder that we used in our other experiments.

Batch Training time  Memory Aligned embeddings Image-to-Image Image-to-DNA Image-to-Text
OC size Epoch (perepoch) CUDA  Image DNA  Text Seen Unseen H.M. Seen Unseen H.M. Seen Unseen H.M.
X 200 15 1.3 hour 70.1GB  OpenCLIP(L/14) OpenCLIP 54.4 36.7 438 — — — 539 7.1 126
X 200 15 1.4 hour 84.1GB  OpenCLIP(L/14)X OpenCLIP 56.8 411 477 364 9.0 144 512 75 13.0
7 200 15 1.5 hour 37.4GB  timm(B/16) X BERT(small) 52.7 377 440 321 70 115 447 52 9.4
7 500 38 0.6 hour 82.1GB timm(B/16) X BERT(small) 57.8 402 475 445 98 160 514 6.1 109
7 200 15 1.5 hour 72.5GB  timm(L/16) X BERT(base-uncased) 55.9 40.1  46.7 345 81 131 41.1 6.3 109

We select OpenCLIP ViT-L/14 [30] as a representative of a pretrained vision-language model that is
trained with contrastive loss. As the OpenCLIP model requires a large amount of memory, we use
a batch size of 200. From Table 14, we see that using OpenCLIP ( rst two rows), we do achieve
better performance (especially for image to text) compared to our choice of Timm VIT B/16 and
BERT-small for the image and text encoder at batch size of 200 (row 3). To disentangle whether
the better performance is from the prealigned image and text embeddings or from the larger model
size, we compare with training with a larger batch size (with similar CUDA memory usage, row 4)
and larger unaligned image and text encoder, e.g. Timm ViT-L/16 and Bert-Base (row 5). Using a
larger batch size brings the image-to-image performance close to that of the model with OpenCLIP
(row 2), and can be improved even further with larger batch size (see Table 20). However, the
image-to-text performance is still lower, indicating that the pretrained aligned image-to-text model
is helpful despite the domain gap between the taxonomic labels and the text that makes up most of
the pretraining data for OpenCLIP.

B.2 ADDITIONAL CROSS-MODAL RETRIEVAL RESULTS

Details about the seen/unseen classi er for the IS-DU strategyor the NN classi er, we compute

the cosine similarity of the image query features with the image features of the seen species. If
the most similar image key has a similarity higher than threshgld is consideredseen In the
supervised ne-tuning approach, we add a linear classi er after the image encoder and ne-tune the
encoder and classi er to predict the species out of the set of seen species. If the softmax probability
exceedd,, the image is classi ed aseen

We tunedt; andt, on the validation set using a uniform search over 1000 values between 0 and 1,
maximizing the harmonic mean of the accuracy for seen and unseen species. We report the binary

23



Published as a conference paper at ICLR 2025

Table 15: Accuracy (%) of our 1+D+T model in predicting whether an image query corresponds to a seen or
unseen species, as a binary classi cation problem (evaluated on our BIOSCAN-1M test set). For the “DNA’
strategy with nearest neighbour (NN), we use the nearest DNA feature to classify into seen or unseen. It serves
as a form of “oracle” as it has access to the samples from unseen species. For the “IS+DU” strategy and NN, we
threshold the highest cosine similarity score against image keys. For the supervised linear classi er (Linear),
we threshold the con dence score of the prediction over seen species. We report accuracy for seen and unseen
species, and their harmonic mean (H.M).

Method Strategy Seen Unseen H.M.
NN (oracle) DNA 82.16 76.21 79.07
NN IS+DU  83.29 76.83 79.93
Linear IS+DU  73.27 85.14 78.76

Table 16: Top-1 accuracy (%) on our BIOSCAN-1M test set using the Image+DNA+Text model with image
query. We compare nearest neighbour (NN) using only DNA keys, vs. our two strategies to use Image key for
seen and DNA key for Unseen, either NN or a supervised linear classi er. We also compare against BZSL [4]
with our embeddings.

Micro top-1 acc Macro top-1 acc

Taxa Method  Strategy Seen Unseen H.M. Seen Unseen H.M.
Order NN DNA 99.7 99.3 995 994 885 936
NN IS+DU 99.4 99.2 993 99.3 893 941

Linear 1IS+DU 99.5 99.2 993 99.3 88.3 935
BZSL 1IS+DU 99.4 98.2 98.8 98.9 5906 744

Family NN DNA 96.5 87.1 91.6 90.8 50.1 64.6
NN IS+DU 94.6 87.1 90.7 83.0 526 644
Linear 1IS+DU 94.7 87.0 90.7 82.8 51.2 63.3
BZSL IS+DU 95.6 80.3 87.3 88.0 325 475

classi cation results on our BIOSCAN-1M test set in Table 15. In these experiments, we use the
I+D+T model with images as the queries.

BSZL details In BZSL [4], the authors used a two-layer Bayesian model with features extracted
from pretrained image and DNA encoders. The model relies on hyperparameters, which shape the
size and scaling of the posterior distribution used in Bayesian inference and thus signi cantly affect
its performance. Tuning the hyperparameters on the validation split of the INSECT dataset allows
for a practioner to tradeoff between accuracy for seen vs. unseen classes. In our experiments, we
use the same search space as in the original paper for our hyperparameter tuning, which takes about
4 hours. We nd that the resulting accuracy is volatile and that expanding the search space can lead
to an impractical search time.

Order and family results for BIOSCAN-1M. In Table 16, we report the performance of the direct
image-to-DNA matching (NN with DNA), as well as our IS+DU strategy (with the NN and linear
classi ers), as well as BZSL with embeddings from our CLIBD. In the IS-DU strategy, for both the
NN and linear classi er, if a image is classi ed agen we will use image-to-image matching to
identify the most similar key, and classify the species using that key. Otherwise, we match the image
query features with the DNA key features for unseen species.

Results show that at the order and family-level, direct image-to-DNA matching and NN with 1S-DU
gives the highest performance, with BZSL being the worst performing.

B.3 EMBEDDING SPACE VISUALIZATION

To better understand the alignment of features in the embedding space, we visualize a mapping of the
image, DNA, and text embeddings in Figure 10. We use UMAP [42] with a cosine similarity metric

applied to the seen validation set to map the embeddings down to 2D space, and we mark points in
the space based on their order classi cation. We show the embedding space before alignment (a),
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(a) No alignment (b) Align image and text

(c) Align image and DNA (d) Align all three modalities

Figure 10: Embedding visualization for order levelle visualize the embedding space wita alignment

(a), image and textaligned (b),image and DNA aligned (c), andill three modalities aligned (d) over the

seen validation set generated using UMAP on the image, DNA, and text embeddings, using a cosine similarity
distance metric. Marker hue: order taxon. Marker lightness: data modality.

with image and text (b), image and DNA (c), and all three modalities. We see that after aligning the
modalities, samples for the same order (indicated by hue), from different modalities (indicated by
lightness) tend to overlap each other. We observe that, for some orders, there are numerous outlier
clusters spread out in the space. However, overall the orders demonstrate some degree of clustering
together, with image and DNA features close to one another within their respective clusters. Fur-
thermore, we note the text embeddings tend to lie within the Image or (more often) DNA clusters,
suggesting a good alignment between text and other modalities.

B.4 ATTENTION MAP VISUALIZATION
We provide more attention map visualization samples in Figure 11, Figure 12 and Figure 13, includ-
ing both success cases and failure cases. Beneath each attention map, we show the closest retrieval

for that model. From the gure, we see that the retrieved images are all highly similar to the query
image. This illustrates the challenges of using image alone to perform taxonomic classi cation.

C IMPLEMENTATION DETAILS AND HYPERPARAMETER SELECTION

In this section, we provide experiments to validate the choice of hyperparameter settings and design
choices we made for ef cient training of our model.

25






	Introduction
	Related Work
	Method
	Training
	Inference

	Task and data
	Experiments
	Retrieval by image and DNA
	Comparison with BioCLIP
	Analysis
	Improving cross-modal classification

	Conclusion
	Additional data details
	Additional Experiments
	Additional classification results on BIOSCAN-1M
	Different training strategies
	Comparison with BioCLIP
	Using larger models

	Additional cross-modal retrieval results
	Embedding space visualization
	Attention map visualization

	Implementation details and hyperparameter selection
	Trainable vs fixed temperature
	Automatic mixed precision
	LoRA vs full fine-tuning
	Batch size experiments

	Discussion of utility and cost of DNA barcodes
	When are DNA barcodes useful?
	Workflow for species identification
	Acquisition cost
	Computational and storage costs


