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Abstract 

Millions of natural history specimen images are now online, but poor discoverability keeps their 
rich phenotypic and evolutionary data out of reach for most users. We developed BioCosmos, a 
web platform that combines conventional biodiversity databases with emerging computer vision 
and large language models for image retrieval, visual feature recognition, and natural language 
queries. Its first implementation, LepiVerse (https://lepiverse.com), is a butterfly web portal with 
more than 600,000 specimen images aggregated from natural history museums worldwide via 
GBIF, SCAN, and Ecdysis, and curated through taxonomic harmonization and georeference 
validation pipelines. BioCosmos features visual similarity, interactive morphospace plots, and 
text- and image-based searches, alongside species pages enriched with data from GenBank, 
LepTraits, Wikipedia, and Crossref. The platform demonstrates how an open-source, low-cost 
emerging AI can make vast image collections accessible to a broad audience, while highlighting 
the digitization gap between the Global North and South. 
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Introduction 

In recent decades, the massive digitization effort of Natural History Collections (NHCs) has 
enabled worldwide access to collection-based biodiversity data for downstream research, disease 
surveillance, conservation management, citizen science, and other applications (Willis et al. 
2017, Nelson and Ellis 2018, Hedrick et al. 2020, Popov et al. 2021, Blackburn et al. 2024). 
Through increasing investments in data mobilization and aggregation by global biodiversity data 
infrastructures, such as the Global Biodiversity Information Facility (GBIF) and similar 
platforms, scientists can now query the data in bulk from multiple participating institutions via 
direct downloads or programmatically using an Application Programming Interface (API) 
(Constable et al. 2010, Nelson et al. 2012), expanding its usage for large-scale species 
distribution modeling and utilization for deep-learning (DL), among several others (Hedrick et 
al. 2020, Steinke et al. 2025). However, NHC data in general remain largely fragmented, with 
derived specimen datasets, such as genetic sequences and traits, hosted across heterogeneous 
databases or as publicly accessible spreadsheets (Gallagher et al. 2020, Soria et al. 2021, Shirey 
et al. 2022, Oskyrko et al. 2024, Sayol et al. 2024). While some tools ease data aggregation, 
retrieval, and taxonomic updates (e.g., Mozzherin et al. 2017, Elliott et al. 2026), consolidating 
disparate resources still requires users to spend hours on data cleaning, wrangling, and analytics 
to uncover evolutionary patterns, identify sampling and research gaps, or simply to choose 
research specimens to loan from NHCs. Millions of specimen images containing rich phenotypic 
traits are generally discoverable only through associated metadata (which typically does not 
include trait information) in web applications, and their use and analysis begin after interested 
individuals analyze them. There is a need for software platforms that mobilize, validate, and 
summarize these underutilized specimen images, and consolidate disparate records in one place, 
to streamline biodiversity research and its application while enhancing the value of digitized 
NHCs by making them accessible to a broad audience. 

The increasing application of DL methods in large-scale phenotypic datasets has shown 
exciting promise for revealing complex phenotypic variation, evolutionary convergence, and 
morphological diversification (Hoyal Cuthill et al. 2019, 2024, East et al. 2025). Among these 
methods, DL-based vision models have been increasingly adopted to extract biologically 
meaningful features from high-dimensional, unstructured data, such as specimen images (Zhao et 
al. 2023, Lürig et al. 2024). These models convert the unstructured data into fixed-dimension 
numerical representations, called vector embeddings. These embeddings contain information 
about  organism phenotypes by encoding visual characteristics present in the images, such as 
color, shape, and texture, in a high-dimensional latent space. Embedding models that are trained 
using approaches such as metric learning (see Lürig et al. 2021, 2024) can organize the latent 
space such that proximity reflects phenotypic similarity (Figure 1). Compared to conventional 
methods, such as manual scoring of phenotypes (e.g., Oliver et al. 2009), targeted spectrometry 
(e.g., Dalrymple et al. 2015), or geometric morphometrics (e.g., Chazot et al. 2016), which 
typically capture a predefined subset of trait features, a vector embedding represents a broader 
range of visual phenotypes across a specimen image (He et al. 2024). When integrated with 
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associated spatial, temporal, taxonomic, and phylogenetic information, the encoder model 
approach through metric learning could potentially uncover subtle evolutionary patterns that 
would otherwise remain hidden in NHCs (Zhao et al. 2023, He et al. 2024, Hoyal Cuthill et al. 
2024). 

With the growing availability of digitized specimen images in publicly accessible 
biodiversity databases, butterflies represent a promising model system for testing the potential of 
DL encoder models to uncover evolutionary patterns (Hoyal Cuthill et al. 2024, Lürig et al. 
2025, Lawrence et al. 2026). Their mostly flat wing structure and standardized specimen 
preparation are convenient for extracting and comparing visual features from specimen images 
(Oliver et al. 2009, Teng and Zhang 2024). Additionally, their remarkable variability in 
coloration, patterning, and shapes of the wings has made them popular model systems to study 
evolutionary mechanisms, such as natural selection, mimicry, and morphological convergence 
(Turner 1976, Mallet 2001, Reed et al. 2011, Suzuki et al. 2019). Recent studies have 
demonstrated that DL models can quantify phenotypic similarities from specimen images and 
reveal evolutionary convergence that is difficult to characterize using conventional 
trait-quantification approaches (Hoyal Cuthill et al. 2019, Puissant et al. 2023, 2026). Beyond 
their scientific value, butterflies are widely recognized as an important group for advancing 
conservation efforts and citizen-science initiatives (Bonebrake et al. 2010, Sanderson et al. 2021, 
Piccini et al. 2022, Rosa and Freitas 2024). Both the scientific value and public interest in 
butterflies make them an appealing use case to develop a machine-learning-enabled web 
platform that serves both academic and public audiences. Through an integration of computer 
vision DL models combined with emerging machine learning techniques, such as multimodal 
encoder models and Large Language Models (LLMs), we can design a biodiversity data platform 
that provides conventional features familiar to taxon experts and image-based trait exploration 
accessible to both experts and the general public. It will lower barriers to data access, broaden 
public engagement with biodiversity science, help identify sampling gaps, and streamline the 
generation of new hypotheses from previously underutilized specimen images. 

We developed BioCosmos to support this workflow. Its first implementation as a butterfly 
web portal, LepiVerse (https://lepiverse.com), combines more than 600,000 museum images of 
Lepidoptera with taxonomic and geographic records and linked genetic, trait, and literature 
resources. The platform supports searches based on images, natural-language descriptions, and 
conventional database fields, together with interactive exploration of image-based phenotypic 
variation. Here, we describe the data preparation, search workflows, and implementation choices 
that connect these functions. Our aim is to make digitized specimen images more useful for 
finding comparative material, exploring phenotypic similarities, and identifying questions for 
further study. 
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Figure 1. A simplified schematic illustrating encoding of specimen images into vector 
embeddings, the mapping of those embeddings into a latent vector space, and the cosine distance 
between them. The embedding numbers are for illustration only. They do not reflect the actual 
values from the images. The dots in the scatter chart represent clusters of reduced-dimensional 
embeddings. Images with similar coloration tend to have embeddings that are closer in vector 
space (θ1), and vice versa (θ2). Specimens shown from top to bottom of the chart: the Field 
Museum of Natural History (FMNH) INS125137, San Diego Natural History Museum 
(SDNHM) 150078, and Yale Peabody Museum (YPM) ENT412882. 

Data Collection 

We retrieved and compiled specimen images for seven Lepidoptera families (all butterflies) from 
biodiversity data aggregators: the Global Biodiversity Information Facility (GBIF; 
https://www.gbif.org/), Ecdysis (https://ecdysis.org/), and SCAN (https://scan-all-bugs.org/) 
(https://doi.org/10.5281/zenodo.23840624). The download procedure and data collection 
followed (Lürig et al. 2025). Briefly, 1) we downloaded occurrence records of images from the 
data aggregators; 2) filtered for occurrences of preserved specimens with at least one associated 
image; 3) used the provided download links to retrieve the images from museum providers at 
their original resolution; 4) segmented the images with Grounded SAM (Ren et al. 2024); 5) 
removed junk with a custom trained YOLO classifier (Jocher and Qiu 2024); 6) computed MD5 
hash values for cleaned images to remove duplicates; 7) renamed the images using the hash 
values; and 8) classified the images into dorsal or ventral sides with another custom trained 
YOLO classifier (Figure 2A; Lürig et al. 2025). 
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Figure 2. A schematic representation of a data preparation and presentation workflow from 
aggregation to visualization on LepiVerse: (a) data collection, (b) data harmonization and 
ingestion, (c) data presentation featuring key features provided by internal and external services. 
The workflows in panels A and B are ordered from top to bottom. Colors correspond to the 
module layers in Figure 5. 

Data verification, validation, and harmonization 

We developed an automated pipeline to validate and harmonize taxonomy, institution providers, 
and georeference records, implemented as packages within BioCosmos: colharmonize, 

 



 

instharmonize, and geoharmonize packages, respectively. These packages were designed to 
update and validate hundreds of thousands of occurrence records on a personal computer and 
integrate directly with the application data management pipeline (Figure 2B). We tested all 
packages on a 14-inch MacBook Pro with an Apple M2 Pro processor and 16 GB of RAM. Our 
method for taxonomy validation and harmonization used the latest available taxonomy (version 
2026-10-16 XR at the time of writing) from the Catalogue of Life (CoL; Bánki et al. 2026). We 
normalized the scientific names in both our records and CoL records. We used exact matching 
and string-distance approximations using Damerau-Levenshtein distance or Jaro-Winkler 
similarity. We matched the dataset names to CoL Name in three successive stages (species, 
subspecies, and genus), comparing canonical names with authorship removed. We retain up to 
five ranked candidates for each ambiguous match on the website for human review. To validate 
the georeferenced records, we downloaded the Database of Global Administrative Areas 
(GADM; https://gadm.org/) version 4.1 dataset (gadm_410-levels.gpkg) and validated the 
coordinates against the boundaries of GADM country and first-level administrative layer 
(ADM1; states and provinces). We ingested the validation categories into the database. For 
mismatches, we displayed the original coordinates and locality fields on the website for human 
review. To clean, update, and resolve specimen provider details, we used the Global Registry of 
Scientific Collections (GRSciColl; Schindel et al. 2016) and the GBIF dataset-publisher registry. 
We included each institution's website listed in GRSciColl or in the publisher record. Details on 
data verification and harmonization are available in Supplementary Method 1.  

After validation and harmonization, our final dataset consisted of 619,739 images across 
seven Lepidoptera families: 38.4% had valid coordinates, 23.7% had missing coordinates, and 
the rest had invalid or mismatched coordinates at the state or country level (Figure 3a). Most 
records and taxa matched the CoL taxonomy exactly (Figure 3b and c). Across the dataset, 
76.2% were dorsal images. Most images (92.8%) were retrieved from GBIF, with 53.2% of the 
total dataset contributed by both the Natural History Museum, London (NHMUK) and the 
Museum of Comparative Zoology, Harvard University, U.S. (MCZ). Nymphalidae was the most 
represented family in the dataset, accounting for 38.1% of all images, while Lysandra coridon 
was the most represented species, comprising 3.5% of the total. A large portion of the images 
were species distributed in the United States and Europe, while Brazil and Indonesia had the 
highest recorded species richness in the collection (Figure 4a–g).  
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Figure 3. Outcomes of coordinate validation against the Database of Global Administrative 
Areas (GADM) and taxonomic validation against the Catalogue of Life Extended Release (CoL 
XR): (a) proportion of georeferenced records in each validation category; (b) proportion of 
records in each taxonomic validation category; and (c) proportion of taxa in each taxonomic 
validation category. 

 



 

 
 



 

Figure 4. Overview of the dataset showing: (a) Dorso-ventral composition; (b) Proportion of 
records by institution providers; (c) Composition of records by source aggregators; (d) Global 
distribution of the sampled images; (e) Record composition by family; (f) Record species 
richness by country; (g) Top ten species in the records; (h) PCA of dorsal and ventral species 
centroids in UNICOM embedding space (6,416 species, 3,758 with both sides); (i) rarefied 
disparity for each side, showing the mean and central 95% interval across 200 subsamples of five 
species. Unless specified, the total number of records is 619,739 images. Only records with valid 
family, species, coordinates, and countries were aggregated for family and species composition 
and global distribution. Missing countries were imputed using GADM country boundaries. The 
methods and abbreviations are described in the Data verification, validation, and harmonization 
section. 

Data Presentation 

Software design, architecture, and system integration 

At a high level, the application consists of backend, frontend, and caching layers (Figure 5). The 
application also queries data via Application Programming Interfaces (APIs) from external 
services, such as GBIF, GenBank, Wikipedia, and Crossref, and hosts LepTraits 
(https://github.com/RiesLabGU/LepTraits; Shirey et al. 2022) in our database. For the backend, 
we used Python and the FastAPI framework (https://github.com/fastapi/fastapi) to build the 
application and uv (https://github.com/astral-sh/uv) to manage dependencies and the backend 
runtime. We used DuckDB (Raasveldt and Mühleisen 2019) for the analytical database and 
LanceDB (https://www.lancedb.com/)  for vector embedding storage and operations. For the 
frontend, we used TypeScript and the Next.js framework (https://nextjs.org/), and Bun 
(https://bun.com/) to manage dependencies and the frontend runtime. Our frontend dependencies 
also support the Node.js (https://nodejs.org/) runtime and the Yarn package manager 
(https://yarnpkg.com/). For computationally intensive data processing that needed to run only 
once, we created separate packages in the “/packages” directory. These packages served as 
command-line tools or backend libraries, and Jupyter Notebook files in the “/analyses” directory 
performed data analyses for this manuscript. These packages also simplified updating records 
with new data or CoL taxonomy releases. A YAML configuration file in the backend provides 
settings for data ingestion, embedding model, and vector-index construction. The backend and 
analysis packages are members of one uv workspace, and the dependencies are resolved against a 
single lockfile (uv.lock) to ensure that every component uses identical versions. All backend, 
frontend, package, and analysis code described in this manuscript are maintained in a single 
repository codebase (https://github.com/BioVisionLab/BioCosmos). 
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Figure 5. A high-level overview of the BioCosmos/LepiVerse modular architecture, illustrating 
each layer across the application stack. We used two layers of caching to minimize bandwidth to 
the backend. A specialized database for analytical workloads (OLAP; DuckDB) persists image 
occurrences, associated metadata, and taxonomy, and handles data shaping and analytics. An 
efficient vector database for vector storage and operations (LanceDB) persists image embeddings 
and handles vector operations. We stored high-resolution images and thumbnails as static files. 

Machine learning integration, image standardization, and embedding generation 

Our system integrates a Vision Model (VM) for image feature extraction, a Vision-Language 
Model (VLM) for image and text feature extraction, and a LLM for semantic text search 
orchestration and function calls. We used the Universal and Compact Representation model 
(UNICOM: ViT-L/14@336px; An et al. 2023) and the Contrastive Language-Image Pre-training 
model (CLIP: openai/clip-vit-base-patch32; Radford et al. 2021) as the VM and VLM, 
respectively. We first downscaled source images so their longest side was at most 512 px, 
preserving aspect ratio (smaller images were left unchanged). Each model’s standard 
preprocessing then resized the shorter side and center-cropped the image to 336×336 px for 
UNICOM and 224×224 px for CLIP. Embeddings were L2-normalized. We ingested the 
embeddings, image identifiers (IDs), and processed image paths into LanceDB and stored 
associated specimen occurrence records in DuckDB, keyed by image IDs. To optimize storage, 
delivery, and visualization, we converted the images to the lossy WebP format at a maximum of 
512 px on the longest side, with 128-px thumbnails. We then transferred these three datasets to 
our web backend for presentation on the website (Figure 2). 
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​ To provide optimum semantic search performance, we tested five open-weight LLMs 
(gemma-4-31b-it, mistral-small-3.1, gpt-oss-20b, meta-muse-glimmer-30b, and 
nemotron-3-nano-30b-a3b) using 18 queries across four categories: single intent, combination, 
ambiguous description, and restraint (Table 1). All the LLMs were hosted by the University of 
Florida NaviGator AI Toolkit and queried via the provided API using the OpenAI library 
(v3.16.2). We ran five replicates and measured accuracy, latency, and token consumption for 18 
queries, totaling 450 runs across all tests, models, and replicates. We spaced each case run by 0.6 
seconds to avoid hitting API rate limits. All tests were automated using the plannerbench v0.1.0 
package in the BioCosmos codebase. Across all tests and replicates, gemma-4-31b-it 
outperformed the other models on all metrics, achieving 100% accuracy, the lowest median 
latency (0.44 s), and the lowest token consumption (about 1,890 tokens per successful call) in 
query planning (Figure 6a–c). We used it as the production model for the semantic search feature 
(see the search feature below). 

To provide initial biological validation of embedding space beyond species classification, 
we tested whether it recovers published butterfly mimicry. We compiled 14 Müllerian and 
Batesian pairs from the literature, comprising 18 species, for which both had dorsal images in the 
collection (Supplementary Table 1). Three pairs of Heliconius numata–Melinaea spp. were not 
tested because the collection has no dorsal images for H. numata. For each tested species, we 
computed the centroid of its dorsal UNICOM embeddings, scored each of the other 8,350 species 
by the cosine distance from this centroid to that species' nearest dorsal image, and ranked the ten 
most similar species. We compared the mean partner percentile with three null models, drawing 
random species from the whole collection, from the query species' genus, or from the partner's 
genus (10,000 permutations each). The observed mean percentile (0.997) exceeded all three null 
means (0.50, 0.69, and 0.92; p = 0.0001). All pairs, except Papilio polyxenes–B. philenor, ranked 
among the top ten most similar species in at least one direction. Six pairs, including Heliconius 
melpomene–H. erato and Limenitis archippus–Danaus plexippus, appeared on the top-ten list for 
both directions (Figure 6d). 

Morphospace analyses 

We analyzed morphospace, morphological disparity, and correlations between dorso-ventral 
visual features for all records with valid taxonomy. We used principal component analysis of 
normalized UNICOM image embeddings to describe the morphospace of taxon visual features. 
We retained the first three principal components and ingested the coordinates and variance 
proportions into the DuckDB database for display on the website. We measured morphological 
disparity for each taxon set, separately for dorsal and ventral coloration, as the sum of variances 
of the species centroids. For groups with at least five species, we rarefied disparity to five species 
to account for differences in sample sizes. To measure the correlation between dorsal and ventral 
coloration, we ran a Mantel test for each family and genus with at least five species that had 
centroids for both sides. We computed pairwise cosine distances between species centroids 
separately for the dorsal and the ventral side and assessed significance with 999 permutations. 

 



 

We ingested the results of each analysis into the application's DuckDB database (see 
Supplementary Method 2 for details). 

The morphospace results are displayed in LepiVerse on species, genus, and family pages, 
whereas the morphological disparity and dorso-ventral correlation results are only displayed on 
the family and genus pages of the website. Figure 4h shows variation in morphospaces across all 
families in the collection, revealing substantial structure of visual features across sampled 
families. Hesperiidae, Pieridae, and Papilionidae occupied relatively distinct morphospace, 
whereas Nymphalidae, Lycaenidae, and Riodinidae showed substantial overlap. Figure 4i 
compares the rarefied morphological disparity between dorsal and ventral sides of six of the 
seven families in the collection. We excluded Hedylidae because it has fewer than five species 
with centroids. Ventral disparity exceeds dorsal disparity in every family, except Papilionidae, 
although the 95% intervals overlap overall in every family. The dorsal-ventral correlation is 
available on the website’s family and genus pages with at least five species images on both sides. 
 

Table 1. Semantic search categories, case identifiers, and queries used to test the performance of 
open-weight Large Language Models (LLMs).  
No Categories Case IDs Queries 

1 Single intent color-only orange butterflies with black stripes 

2  country-only butterflies of Indonesia 

3  adm1-ambiguous-name butterflies in Georgia USA 

4  similar-scientific similar to Danaus plexippus 

5  common-name show me monarch 

6  similar-common-name monarch look-alikes 

7  similar-common-name-morpho species that resemble the blue morpho 

8  trait-only butterflies that live in the forest canopy 

9 Combination color-country blue from brazil 

10  common-name-country monarch in Brazil 

11  color-country-yellow yellow butterflies from Indonesia 

12  similar-country butterflies like Morpho menelaus from Peru 

13  color-trait spotted butterflies in disturbed habitats 

14  color-country-trait orange canopy butterflies in Costa Rica 

15 
Ambiguous 
description descriptive owl-like butterfly 

16  descriptive-country owl-like butterfly from brazil 

 



 

17  descriptive-glasswing glasswing butterfly 

18 Restraint ignore-generic-terms show me red butterfly species 

 

Search Features 

BioCosmos provides three search options: conventional text, image, and semantic text searches. 
The conventional text search accepts standard text with options to limit searches by database 
fields, such as taxonomy, traits, or coordinate points within a fixed 50km radius. It queries the 
database directly and returns species pages and image occurrences that match the query. The 
image search accepts JPEG, PNG, or WEBP input. It uses the UNICOM model to generate 
embeddings and find the closest cosine distance to the UNICOM specimen embeddings in the 
vector database. Semantic search allows natural language queries and uses gemma-4-31b-it to 
parse the user query into one or more predefined search functions and their parameters (Table 2; 
Figure 7). The model receives only the query and prompt instructions to match with provided 
functions. It does not see or interpret the search results. This design keeps a human in the loop 
for evaluating the biological relevance of the results. 

The function uses CLIP for color-based and UNICOM for image-similarity search, 
respectively. For instance, a user searching for “butterflies like Morpho menelaus from Peru” 
will be parsed by the LLM into an image-similarity search for butterfly species "Morpho 
menelaus" and a geographic filter for "Peru". Other queries, such as “monarch look-alikes”, are 
parsed into an image-similarity search for the common name “monarch”, and the UNICOM 
embeddings of that species are queried for the closest cosine distance. Location, trait, and 
common-name functions first restrict the candidate species set, and the CLIP or UNICOM 
searches rank only within that set. Because CLIP text-to-image and UNICOM image-to-image 
distances lie on different scales, we rescale each search's cosine distances to 0.5–1 within its 
candidate pool and average them across searches that retrieve a species. If no embedding search 
is used, we list matching species alphabetically. Trait searches retrieve information from the 
existing LepTraits fields rather than infer ecological traits from specimen images. 

To minimize retrieval latency, we indexed the image embeddings. We evaluated different 
vector indexing algorithms by search latency and recall@10, defined as: 
 

 𝑅𝑒𝑐𝑎𝑙𝑙@10 =  
| 𝑅

10
 ∩ 𝐺|

|𝐺|

 
where R10 is a set of top 10 retrieved images, and G is the ground truth obtained by computing all 
pairwise cosine distances directly (without running optimized searches on an index). We tested 
three vector indexing algorithms available in LanceDB v0.39.0 against embeddings generated by 
CLIP and UNICOM. The IVF-HNSW-SQ index reached the best trade-off between recall and 
latency for both models. At the query settings used on BioCosmos (80 probes, refine factor 2), it 
reached recall@10 of 1.000 (UNICOM) and 0.999 (CLIP) at a mean of 4.1 ms and 3.9 ms per 

 



 

query, compared with 633 ms and 378 ms for exact search (Figure 6e). We used the algorithm to 
index the final LanceDB dataset (see Supplementary Method 3 for details). 

 
Table 2. Semantic text query functions and expected input parameters provided to the Large 
Language Model. The model selects the functions that match the query and supplies their 
parameters. 
Functions Input parameters 

search_by_common_name Common name (string, max 200 chars) 

search_by_image_similarity Reference species (string, max 128 chars; a scientific name, common 
name, or genus) 

search_by_location Country (ISO 3166-1 alpha-2 code, required); state/province (string, 
1-100 chars, optional) 

search_by_color Color description (string, max 200 chars) 

search_by_traits At least one of LepTraits fields: canopy 
(closed/open/mixed/generalist/edge); diapause_stage 
(egg/larva/pupa/adult); disturbance (tolerant/avoidant); edge 
(associated/avoidant); flight_months (list of jan-dec); host_breadth 
(specialist/generalist); hostplant_family (plant family, letters only, up to 
64 chars); moisture (wet/dry); oviposition (single/clustered); voltinism 
(univoltine/bivoltine/multivoltine); wing_size (small/medium/large) 

 
 
 
 
 

 



 

 
 



 

Figure 6. Performance tests and validation for machine learning features: (a) a scatter plot of 
open-weight model accuracy versus latency at the 50th percentile, and (b) versus token usage per 
successful call. (c) percentage of accuracy by test case across five runs. The query for each case 
ID is defined in Table 1. (d) Partner rank of known mimicry pairs from the literature among 
UNICOM visually similar species. The dashed vertical line marks the top ten and the dotted line 
the chance median; pairs with mutual top-ten results are shaded and in bold. Asterisks indicate 
context dependent mimicry type depending on local ecology. (e) Recall@10 against mean query 
latency (ms) for each index type, in separate panels for UNICOM and CLIP embeddings. Each 
line is an index's frontier across query-time settings, and exact-search latency is given as a note. 
 
 

 
Figure 7. Simplified schemas of three search features available at BioCosmos highlighting data 
flows from frontend request (azure) to backend processing (yellow) and output production 
(lime): (a) conventional database search, (b) image search utilizing UNICOM embeddings, and 
(c) semantic search utilizing a large language model (LLM) for query parsing and function calls. 
Semantic searches using vector embeddings are ranked by cosine distance, rescaled within each 
search's candidate pool. The frontend parses the output JSON for visualization. 
 

 



 

 
Figure 8. Feature screenshots of the LepiVerse butterfly portal: (a) semantic search results on 
“owl-like butterfly from Brazil”; (b) species page overview showing the Morpho rhetenor page; 
(c) family page showing morphospace of Lycaenidae; (d) the Biology section of the species page 
showing results for Danaus plexippus. The interface supports light and dark themes that users 
can toggle in the navigation menu. For consistency, all screenshots in this figure use the dark 
theme. 

User interfaces 

LepiVerse is the butterfly portal that integrates BioCosmos features for both internally and 
externally managed resources (Figure 2c). The key features are as follows: three search functions 
for standard query, semantic text search, and image search (see Figure 8a for search result 
interface); data-rich species pages, covering specimen galleries, visually similar species, 
distribution map, classification, genetic and trait data, Wikipedia pages, and literature (Figure 8b 
and d); higher taxon pages covering full taxonomy of all families and genera within Lepidoptera 

 



 

available from the CoL accounts and the count and proportion of data available in the database; 
statistics of the data by taxonomy, country, specimen providers, and data aggregators. 

On each species and higher-taxon page, we provide an interactive plot to explore the 
morphospace of species coloration based on its latent space in UNICOM. Users can filter and 
highlight to compare to other species within the same genus or family. The morphospace panels 
include principal component analyses of the vector embeddings up to PC3 for family and genus 
pages, and within-group variance, dorsum and ventrum disparity, and Mantel test results 
correlating the dorsum and ventrum embeddings (Figure 8c). 

Discussion 

We developed BioCosmos as a unified biodiversity data platform that enhances the use of 
specimen images from natural history collections (NHCs) while providing comprehensive 
features for studying taxonomy, distribution, and phenotypic diversity. The first implementation 
of the platform on the butterflies portal (LepiVerse) provides a proof of concept for BioCosmos's 
potential to improve access to and dissemination of image-based NHCs. Over recent decades, 
digitization efforts have increased the accessibility and use of natural history collections 
(Hedrick et al. 2020). Early digitization efforts largely focused on specimen inventory and 
collection management, such as tracking specimen loans at the Museum of Comparative Zoology 
(MCZ), Harvard University. Subsequently, digital specimen images have enabled new forms of 
access, with the Harvard University Herbaria experiencing substantial growth in specimen image 
distribution despite stable rates of physical loans (Hedrick et al. 2020). More recently, digitized 
specimens have expanded for large-scale data analytics, predicting species distribution, 
analyzing phenotypic variation, and reconstructing evolutionary and ecological changes. 
BioCosmos demonstrates how digital specimen records can be used with emerging machine 
learning techniques. These include using computer vision to extract visual features from 
specimen images to study complex coloration, and using vision-language and large-language 
models to enable natural-language queries of large digitized NHCs, an approach proposed as 
Digitization 2.0 in Hedrick et al. (2020).    

The development of accessible biodiversity informatics tools is particularly urgent given 
growing concerns about declining taxonomic expertise. The shortage, further exacerbated by 
limited taxonomic education globally, has been recognized as a challenge for biodiversity 
discovery and conservation efforts (Engel et al. 2021, Groom et al. 2026). BioCosmos helps to 
address these challenges by making existing biodiversity knowledge more accessible to both 
specialists and non-specialists. BioCosmos features, particularly image-based retrieval and 
interactive phenotypic data exploration, could help users find relevant specimens and recognize 
phenotypic variation across major taxonomic ranks up to the family level. To support taxonomic 
work and education, we integrate the whole Catalogue of Life taxonomy for Lepidoptera 
(Cachuela-Palacio 2006, Hobern et al. 2021) and design an intuitive interface to track taxonomic 
changes, type information, name usages, and higher taxon taxonomy, listing all available records 
in each rank regardless of whether we have representative images in the database. We enhanced 
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the species page with the Crossref library to help track taxon-specific scientific literature. 
Nevertheless, our computational approaches complement, rather than replace, traditional 
taxonomic expertise, which requires hands-on experience with physical specimens (Engel et al. 
2021). 
​ Developing a sustainable, non-profit web application that integrates deep learning and 
large-language models presents substantial challenges in maintaining computational resources 
needed to operate the system. We mitigated this issue by designing BioCosmos to minimize 
unnecessary computation and limit the LLM to the generation of function calls that initiate 
database queries. We also precomputed embeddings and static results, such as visually similar 
species, and implemented multiple caching layers to limit runtime computation for each user 
request. Model selection is another key consideration in designing AI-powered applications, as 
model size alone does not reliably indicate performance or computational efficiency (Hoffmann 
et al. 2022). Our LLM test results showed that the 31-billion-parameter Gemma model 
outperformed all other models (20B-30B parameters) in accuracy and had the lowest latency and 
token consumption, despite being the largest model we tested. Furthermore, all the models we 
use, both LLMs and other DL models, are open-weight and hosted internally or institutionally, so 
other institutions can replicate or adapt our approach. Together, these strategies show that careful 
model selection, precomputation, caching, and lightweight system design are important for 
balancing operational costs with the functionality, accessibility, and replicability of AI-assisted 
biodiversity informatics platforms. 

In addition to its application to studying butterfly diversity, BioCosmos demonstrates the 
feasibility of developing resource-efficient AI-assisted platforms that extend the scientific utility 
of existing digitized natural history collections (NHCs). Our evaluation of the UNICOM vision 
model shows its potential for identifying mimetic pairs using global butterfly image datasets. 
However, in some tested samples, the top ten results only return mimetic matches in one 
direction. The asymmetry is technically and biologically plausible. Retrieval performance 
depends on consistent lighting, specimen positioning, and color calibration across images (East 
et al. 2025). In some species, mimetic pairs vary by distribution and sex (Puissant et al. 2023). 
Misidentification of specimens is widespread in natural history collections and could distort the 
results, and taxonomic harmonization alone would not fix it (Goodwin et al. 2015). Because deep 
learning is rapidly evolving, BioCosmos’s modular architecture offers an opportunity to adapt 
new models, and fine-tuning existing models could improve retrieval performance. Expanding 
deep learning features to detect potential specimen misidentification will increase the value of 
the platform. Nonetheless, BioCosmos is designed to aid discovery and hypothesis formulation. 
We harmonized and resolved institutional records to simplify locating and further examining the 
findings using physical collections. 

Despite considerable progress in specimen digitization, substantial portions of global 
natural history collections remain digitally inaccessible (Johnson et al. 2023). Our dataset 
showed that most specimen images came from digitization efforts in the United States and 
England. This digitization geography was concentrated far from the most diverse regions in our 
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dataset and mirrors the spatial, taxonomic, colonial-legacy, and collector biases of the underlying 
natural history collections (Troudet et al. 2017, Daru et al. 2018, Moura et al. 2026). These 
biases propagate downstream and distort subsequent uses of the collections (Beck et al. 2014, 
Lipiński 2026), and BioCosmos is no exception. Coordinated efforts to develop affordable 
digitization tools and invest in supporting museum digitization are needed to cover these gaps, 
while ensuring data-sharing practices always credit the natural history museums that host and 
maintain the collections (Rouhan et al. 2017, Hedrick et al. 2020). 
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