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Figure 1: While BIOCLIP 2 is trained to distinguish species, it demonstrates emergent properties beyond the
initial training objective. Left: At the inter-species level, the embedding distribution of different species aligns
with ecological relationships; the embeddings of Darwin’s finches arrange themselves by beak size from left to
right. Right: Instead of collapsing, the intra-species variations are preserved in subspaces orthogonal to the
inter-species variation (the black lines point from the mean embedding of one variant to that of the other variant).
Orthogonality increases with scale (see Figure 3c).

Abstract

Foundation models trained at scale exhibit remarkable emergent behaviors, learning
new capabilities beyond their initial training objectives. We find such emergent
behaviors in biological vision models via large-scale contrastive vision-language
training. To achieve this, we first curate TREEOFLIFE-200M, comprising 214
million images of living organisms, the largest and most diverse biological organ-
ism image dataset to date. We then train BIOCLIP 2 on TREEOFLIFE-200M
to distinguish different species. Despite the narrow training objective, BIOCLIP
2 yields extraordinary accuracy when applied to various biological visual tasks
such as habitat classification and trait prediction. We identify emergent properties
in the learned embedding space of BIOCLIP 2. At the inter-species level, the
embedding distribution of different species aligns closely with functional and eco-
logical meanings (e.g., beak sizes and habitats). At the intra-species level, instead
of being diminished, the intra-species variations (e.g., life stages and sexes) are
preserved and better separated in subspaces orthogonal to inter-species distinctions.
We provide formal proof and analyses to explain why hierarchical supervision
and contrastive objectives encourage these emergent properties. Crucially, our
results reveal that these properties become increasingly significant with larger-scale
training data, leading to a biologically meaningful embedding space.

Models, data, and code available at imageomics.github.io/bioclip-2. T{gu. 1220, su.809}@osu.edu

39th Conference on Neural Information Processing Systems (NeurIPS 2025).
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1 Introduction

Recent advances in arti cial intelligence (Al) are transforming core scienti ¢ work ows to become
more ef cient and automated [ 2]. Tasks that once demanded overwhelming time and labor, like
inferring atomic protein folds, designing functional materials, or producing global weather forecasts,
can now be ef ciently accomplished by large-scale predictive modgl$, |, 6, 7, 8]. Particularly,

a growing class oflomain-speci c foundation modetiemonstrate capabilities that arise without
explicit de nition during training P, 10]. For example, language models trained purely on large-scale
amino-acid strings unexpectedly develop an understanding of 3D chemistry to predict atomic folds
with near-experimental accuracy, [L1]. These scale-driven emergent abilities are reshaping scienti ¢
inference and opening new avenues for data-centric discovery.

In ecology and evolutionary biology, previous efforts leveraged hierarchical taxonomic labels and
CLIP-style contrastive traininglL] to achieve pronounced species classi cation accuracy across the
tree of life [L3, 14, 15]. This work asks a simple but intriguing questiamhat properties emerge if we

scale up hierarchical contrastive traininglb answer this question, we curate EEOFL IFE-200M,
comprising214M organism images spanni®p X taxonomic classes, making it the largest and most
diverse visual catalog of life to date. Through training at scale, our maeCLIP 2 improves
species classi cation accuracy Wy:0% over BIOCLIP [13]. More importantly, we explore whether
representations learned solely through species-level supervision can generalize to diverse biological
guestiondeyond species classi cation

To probe these capabilities, we evaluBt@CLIP 2 on a variety of existing biological visual tasks,
including habitat classi cation][6], trait prediction [L7, 18], new-species identi cation1[9], and
agricultural disease detection(]. These applications push beyond simple species recognition and
apply directly to biodiversity conservation, trait organization, and agricultural health. Despite being
trained primarily with species-level supervisi@dioCLIP 2 outperforms both vision-language.g,
SigLIP [21]) and vision-only baseline®(g, DINOv3 [22]) by an average margin df0:3% on these
tasks. We then look deeper into the embedding spa&@€CLIP 2 and identify twoemergent
propertiesas the training scales up.

At the inter-specieslevel, the embedding distribution of different species aligns with their ecological
relationships. As shown on the left side of FigurdBloCLIP 2 embeddings of Darwin's nches
demonstrate an increasing beak size from left to right, which is not observed in the original CLIP
embedding space. We attribute the property to the adopted hierarchical taxonomic labels, which
inherently encode functional and ecological informatid®[ The hierarchical supervision at scale
pushes related species to co-locate in functionally coherent “macro-clusters.” In suctBaas@izl P

2 acquires functional trait knowledge without using explicitly labeled traits.

At the intra-specieslevel, contrary to the intuition that ne-grained differences collapse after
extensive training44, 25|, BIOCLIP 2 keeps the intra-species variatioresq, life stages and

sexes) distinct. On the right side of Figure 1, three species form tight clusters when projected onto
the “species plane,” while their intra-species variations fan out along axes orthogonal to the plane.
Such variation cues are not encoded in taxonomic labels. We theoretically prove that when species
prototypes are nearly orthogonak(, species are well separated), the contrastive objective prioritizes
orthogonality between intra-species variations and inter-species differences over raw magnitude
(Theorem 5.1). Furthermore, these variations are observed to be increasingly separable as training
data scales up. This microstructure preserves the intra-species representational diversity without
interfering with inter-species distinctions, enabling various attribute recognition applications (85.1).

We show in §5.2 through quantitative and qualitative analyses that larger-scale training improves both
inter-species ecological alignment and separation of intra-species variants. These scale-ampli ed
patterns make the embedding space more interpretable and biologically mearihgi@LIP 2
evidences that combining domain-speci ¢ scaling with structured supervision can unlock qualitatively
new emergent behaviors in scienti ¢ vision models.

2 Related Work

Emergent properties in foundation models.Emergent properties refer to the capabilities implicitly
acquired from the training process and generalized beyond the initial training objective. Large
language models (LLMSs) illustrate a variety of in-context learning skills after next-token-prediction
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Figure 2:(a) Number of images across organismal biology datagejs8Biodiversity comparison across datasets

(measured unique 7-tuples fBREEOFLIFE (TOL) datasets, species count provided by BioTroye) The taxa
distributional difference in th€ephalopodalass (octopuses, squidsc) betweernToL-200M andToL-10M.

pre-training P, 26]. Such emergence also arises in computer visiof [DINO learns semantic
segmentation through purely visual self-supervisio§],[whereas GroupViT learns semantic segmen-
tation solely through text supervisiofq]. The studies closest to this work af&[ 31]. Alper and
Averbuch-Elor explore the visual-semantic hierarchies in CLIP mo@éls Although hierarchical
semantic structures are never explicitly presented as the training supervision, CLIP models acquire
the capability of matching images with varying levels of descriptions. Abdiasi discover that

CLIP models possess disentangled representational sub-spaces for different factors of vasigtions [

It allows CLIP models to generalize across compositional out-of-distribution concepts. This work
leverages CLIP to distinguish different species with hierarchical labels, which is a different scenario
from the above work. We investigate the emergent properties under this setting.

Computer vision for ecology & evolutionary biology. Ecology and evolutionary biology are
naturally challenging for computer vision systems due to long-tail distributions, extremely ne-
grained classi cations, and a wide variety of image distributions. Existing work formalizes these
challenges into speci ¢ visual tasks such as attribute prediction [NeM]Ttrait prediction [FishNet,

16], and plant disease detection [PlantDoc, 20].

Recent advancements in computer vision have led to the development of foundation models for
biological applicationsB1oCLIP incorporates taxonomic labels in the vision-language contrastive
training, yielding promising species classi cation accuraty[ Follow-up work scaled data th62M

images [BioTrove 4], specialized the data to camera traps [CATALOG and WildCRIP33], and

added additional model modalities [TaxaBifdd]. We investigate both data and model scaling, with

a focus on both broad biological applications and any emergent properties after extensive training.

3 TREEOFLIFE-200M

Large-scale, clean, diverse data drives progress in machine learning. There have been efforts such as
TREEOFLIFE-10M [35] and BioTrove [L4] to create large-scale biological organismal datasets for
machine learning (ML). As shown in Figure PREEOFL IFE-10M [35] improves on prior work such

as iNat21 6] and BIOSCAN-1M B7] by increasing taxa diversity by a factor 45. BioTrove [14]
increases data scale 162V but fails to match the biodiversity of REEOFLIFE-10M. In this

work, we combine the vast breadth of Global Biodiversity Information Facility (GB3E) images

with those of the Encyclopedia of Life project (EOL39, BIOSCAN-5M [40], and FathomNet
Database41]. With nearly214million images representings2257taxa, TREEOFLIFE-200M is

the largestind most diverse public ML-ready dataset for computer vision models in biology.

Unlike BioTrove [L4], which relies solely on iNaturalist and contaib62M images but only366K

unique species, our use of museum, camera-trap, and citizen-science contributions expands the
taxonomic coverage t8:6 more taxa. Our curation efforts ensure this breadth does not come at the
cost of data quality. We quantify image type diversity from GBIE:8M museum specimei17.:8K

camera trap, antl5IM citizen science images. Beyond the taxa-wise diversity, these images also
provide more observing perspectives for the focal species. In such a way, the robustness of models
trained onTREEOFL IFE-200M is signi cantly enhanced against a variety of use cases. Speci cally,

we demonstrate tha@I10CLIP 2 yields a22:8% performance gap compared wiB1oCLIP on

camera trap images (See Table 1). We provide detailed statistics of the image number and taxa
diversity from each data provider in Figure 11.



3.1 Images

TREEOFLIFE-200M consists of images curated from four core data providers: GBIF, EOL,
BIOSCAN-5M, and FathomNet. GBIF and EOL aggregate biological data from various sources, such
as iNaturalist42], the Smithsonian Institutiondp], and Flickr [44]. BIOSCAN-5M and FathomNet

are curated collections of expert-annotated images designed to improve cataloging and identi cation
of species from highly diverse and under-represented branches of the tree of life. BIOSCAN-5M is
part of the ongoing DNA Barcoding project to improve insect identi cation (one of the most diverse
classes|nsectd. FathomNet focuses on a habitat rather than a clade: all animals that live in the
ocean. Together, these compriseREEOFLIFE-200M.

3.2 Data Curation & Filtering

We retrieve data from data providers usitigtributed-downloader  [45]. The initial retrieval

gives us222065,140images and; 359405 unique taxonomic hierarchies. We then cleaned the data,
focusing on (1) aligning taxonomic labels, (2) image quality, and (3) eliminating duplication and data
leakage. We summarize these efforts here, with more details provided in §l.

Taxonomic alignment. Curating large biological image collections from distributed data providers
requires the alignment of noisy and inconsistent taxonomic labels both between and within providers.
We develop a taxonomic alignment packageconoPyin consultation with taxonomists that resolves
entries to both a seven-rank Linnaean hierarchy and a common flaxenoPyqueries GNVeri-

er [ 46] against the GBIF Backbone, Catalogue of Life, and OpenTree hierarchies (in that order).
From the originall:36M taxa, TaxonoPy Iters 407K taxonomic hierarchies (such as synonyms,
provisional names, etc.) and yiel@52K unique taxa.

Image-quality screens Digital archives contain herbarium labels, empty camera-trap frames, and
occasional people. None add biological signal, and faces raise privacy concerns, so we drop them
to keep learning focused on organisms via three neural-network-based ItefdugBum non-
organism removal. A pre-trained CLIP-L/14 7] is used for a nearest-centroid classi er spanning

25 ne-grained subtypes (10 collection areas, each split into categories such as specimen, fossil,
drawer-label, etc.). The classi er is t t8:5K manually-curated examples and predicts a subtype for

all museum images; we drop all non-organismal imagesCéinera-trap trimming. We apply a pre-

trained camera-trap model MegaDetectbr, [48] to Iter for frames with visible animals. (iiifFace
removal. We apply a pre-trained face-detection model MTCNN][to discard images containing
human faces. We release the code used in processing the imagesrfLife-toolbox

Duplicate and leakage control.Exact duplicates in the training set are removed with MD5 hashes.
GBIF includes images from iNaturalist, a popular source for computer vision ecology benchmarks.
To prevent train-test leakage and in ated downstream scores, we compute both MD5 and perceptual
PDQ [50] hashes for every test image and purge any near or exact duplicates from training.

3.3 Taxa Coverage

The International Union for Conservation of Nature (IUCN) estim&tédM species have been
described$1]. Following curation, there are nea68K unique taxa labeled to the level of species

in TREEOFLIFE-200M.! Based on the most recent IUCN Red List assessnigiht TREEOFL IFE-

200M demonstrates a particularly strong representation of threatened specieg/dthcoverage
(36;370species). This coverage establishes that the approach to integrating diverse data sources used
in TREEOFLIFE-200M is a valuable resource for conservation research, providing representation for

a substantial majority of species prioritized for global conservation action.

Notably, TREEOFLIFE-200M adds diverse clades that are extremely under-represented in prior work
like TREEOFLIFE-10M and BioTrove. Figure 2c compares the distribution of taxonomic names in
the class ofCephalopoddetween REEOFLIFE-10M and TREEOFLIFE-200M. While they share
overlaps, there are clades almost completely absenREEOFL IFE-10M. These under-represented
clades receive a substantial in ux of samplesTiREEOFL IFE-200M (1;102 new taxa). Another

INot all images contain full 7-rank Linnaean taxa; for instar@3% of BIOSCAN-5M images are not
labeled to the species level. Thus, the unique taxa with non-null species is a more appropriate comparison.



Table 1:Zero-, one-, and ve-shot species classi cation top-1 accuracy adi@sssks for different models.
Bold andunderlinedentries indicate thbestandsecond besiccuracies, respectivelgloCLIP 2 outperforms
both strong general- (CLIP, SigLIP, DINOv3) and domain-speciB+gCLIP, BioTrove-CLIP) baselines.
“Camera Trap” is mean performance acrbsmmera-trap datasets; Appendix F.4 contains more details.
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Zero-Shot Classi cation

CLIP (ViT-L/14) 66:5 1:3 9.0 117 295 617 7:6 6:5 256 352 255
SigLIP 61.7 24 27.3 207 341 81:8 369 28:5 545 47:6 39:6
BioTrove-CLIP 394 1.0 205 157 110 64:4 382 157 316 24:6 262
BIOCLIP 58:8 6:1 34:9 205 318 882 409 19:0 385 371 37.6
BIOCLIP 2 74:9 3.9 55:3 27:7 53:8 96:8 83:8 251 57:8 76:8 55:6

One-Shot Classi cation
CLIP (ViT—L/14) 427 o8 289 06 290 o4 170 08 360 2.8 587 28 207 2.2 567 21 744 1.9 343 o0 398

SIgL|P 39.9 0:9 284 0:5 323 0:6 20:6 1:3 37.8 2:6 66:3 5:3 287 0:9 64:1 3:0 81.7 2:3 388 0:7 439
Supervised-IN21K 43:8 o5 235 1.2 152 1.1 182 1.5 306 2.7 638 44 2614 1.4 528 35 752 44 316 o7 381
DINOV3 483 1.1 365 08 88 o7 188 16 430 ,, 668 47 275 15 648 ;, 9211 2, 415 o2 448
BioTrove-CLIP  61:9 ., 264 o5 571 ;, 209 o, 312 23 697 ,, 47:3 ,, 558 34 835 11 349 4 489
BioCLIP 5714 1.2 297 11 571 ;.4 204 o9 350 28 67:7 39 446 20 595 25 837 18 449 o, 500
BioCLIP 2 82:4 1:1 @ 0:4 74:6 0:4 28:4 0:7 48:1 2:2 85:8 4:5 70:3 2:6 67:6 1:1 ﬂ 1:9 59:5 0:9 64:1

Five-Shot Classi cation
CLIP (ViT-L/14) 682 .3 482 1.5 5006 o7 301 o7 539 22 759 1.2 314 25 783 1.4 926 o7 533 o4 582

SigLIP 64:2 0.3 474 1.1 549 o7 352 0:5 56:9 2.0 8L6 1.4 455 1.6 811 0.7 941 o7 578 o6 619
Supen/ised-lNZlK 575 0:4 40:1 0:6 30:1 0:7 30:3 0:2 483 2:6 772 1:4 39.6 1:9 78.0 1:1 92:8 0:9 488 0:4 54.3
DINOv3 72:3 0:4 57:8 1:6 197 0:7 34:2 0:6 @ 2:8 833 1:4 441 1:6 w 1:1 98:8 0:5 62:6 0:5 619
BioTrove-CLIP M 0:2 44:6 0:6 77:0 0:8 34:2 0:6 47:9 2:0 @ 1:0 @ 0:8 751 0:8 96:2 0:7 51:3 0:2 65:6
BioCLIP 782 03 492 1.1 780 06 339 06 543 22 857 1.7 616 1.9 817 1.1 967 06 657 04 685
BIOCLIP 2 92:4 o5 505 ,., 89:3 o4 44:3 11 67:7 19 9414 g 85:0 11 839 o 984 o, 77:2 o4 78:3

example is55;085 taxa of Fungiin TREEOFLIFE-200M, close to4 of that in TREEOFLIFE-
10M (14;793. The improved diversity facilitates accurate species classi cation of these clades, as
evidenced in Table 14@:9% absolute improvement oven8CLIP on zero-shot Fungi benchmark).

4 BIoCLIP 2 and Species Classi cation

B1oCLIP adopts a hierarchical multi-modal contrastive training framework, where images are asso-
ciated with their corresponding hierarchical labels including taxonomic labels, scienti ¢ names, and
common namesl3]. Different from one-hot labels, taxonomic labels inherently encode hierarchical
biological information from different levelslp]. In combination with an auto-regressive text encoder,
BIOCLIP yielded superior species classi cation performance on both zero- and few-shot settings. In
this work, we stick with the hierarchical contrastive training recipe and focus on the impact of scale.

Modi cations. In addition to the signi cantly larger and more diverse dataset, we also scale model
capacity by adopting a larger vision transformer (ViT-L/14 pre-trained on LAION4ZB53, 54]).

An auxiliary replay mechanism is introducesh| 56] to maintain general-domain understanding for
broader applications3[3, 57]; a portion of CLIP training data (LAION-2B) is interleaved simultane-
ously with species contrastive learning. We ablate this decision and nd that the experience replay
improves biological understanding and performance across diverse tasks in §6.

We trainB1oCLIP 20on32NVIDIA H 100GPUs forl0 days on214M organismal biology images
with hierarchical labels an86M randomly-sampled image-text pairs from LAION-2B 80 epochs.
We provide the training details in §D.

4.1 Species Classi cation Performance

We evaluatBIOCLIP 2 on species classi cation tasks in Table 1. We use the same benchmarks as
BioCLIP [13], including seven tasks from Meta-Alburdd] and Rare Specie$§]. We substitute



Table 2:Biological visual tasks beyond species classi catiBold andunderlinedentries indicate thbestand
second besiccuracies. See §H for task and evaluation methodology details.
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CLIP (\ﬁT—L/l4) 279 0:2 834 0:1 61.6 0:6 18:2 0:1 22:3 3:3 42:7
SigL|P 319 0:1 83:2 0:1 @ 0:6 18:6 0:2 28:2 5:3 45:8
Supervised-IN21K 294 .1 758 o:2 527 16 14:9 o1 251 1.1 39:6
DINOv3 37.9 44 85.7 4., 48.0 28 312 4, 403 ., 48:6
BioTrove-CLIP 221 o0 825 o1 457 o7 20:4 o2 377 12 417
BioCLIP 30:1 o2 827 o1 659 o3 26:8 0.4 395 5.3 49.0
BIOCLIP 2 398 0.4 8911 o1 695 1.1 48:6 o5 40:4 37 57:5
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Figure 3:(a) The model performance on ve downstream tasks under different scales of traininglojata.

The model performance on differentiating and aligning different life stages and ¢ex&be separation and
orthogonality evaluation of models trained with different amounts of data.

Birds-525 p0] with NABirds [61] due to data inaccessibility. Additionally, we collect a test set
of IDLE-OO Camera Traps from the Labeled Information Library of Alexandria: Biology and
Conservation (LILA-BC) p2, 63, 64, 65, 66, 67] to illustrate more realistic species classi cation
applications in the wild. The results suggest substantial improvemeBso@LIP 2 overBiIoCLIP.
Particularly, attributed to more comprehensive species and image type coveiererairL IFE-
200M, we observe ove20% zero-shot improvement on Camera Trap, Fungi, and Rare Species. On
averageBIOCLIP 2 surpasses the second-best model&y% and provides 80:1% improvement

over the original CLIP model that serves as weight initialization. Information on baselines is in §E.

5 Emergent Properties from Scaling Hierarchical Contrastive Learning

5.1 Beyond Species Classi cation

Biology's organization extends beyond species taxonomies; if scaling truly induces emergent behavior,
model representations learned through species-level supervision should transfer to problems far
removed from species classi cation. We collect and benchmark models on ve visual benchmarks
that push past species ID: habitat classi cation (ecological cont&&}) frait prediction (evolutionary

studies) |8, 17], new-species identi cation (biodiversity monitoring){], and agricultural disease
detection P0]. For each task, we keep the evaluated models frozen and extract the corresponding
sample embeddings. The embeddings are subsequently processed using machine-learning techniques
(e.g, support vector classi ers). Detailed evaluation procedures are listed in §H.

Table 2 presents the performance comparison anBo@LIP 2, vision-language baselines, and
vision-only models. Although no information on these tasks is explicitly described during training,
BIOCLIP 2yields an average performance improvemerit4€8% over the original CLIP baseline.
DINOv3 is commonly believed to capture ne-grained visual features and is adopted for diverse
visual tasks [22, 68, 69]. NeverthelesspBLIP 2 yields arB:9% performance gap over DINOv3.



Figure 4:t-SNE embedding visualization of FishNet test set for models trained with different amounts of data.
The leftmost plot is the original LAION-2B CLIP ViT-L/14. As the training data scales, freshwater sh become
more distinct from saltwater sh and brackish sh, despite no explicit supervision, demonstrating that data scale
contributes to emergent properties in model representations.

5.2 Scaling Trends

Better species classi cation with more species-labeled data is expected, but its effect on other, non-
species classi cation tasks is unexpected. To better understand the relationship between training
data scale and non-species classi cation performance, we apply the same hierarchical training with
varying sizes of datatM, 10M, 50M, and214M samples. The smaller datasets are randomly sampled
from the complete set without losing taxa representativeness. We compare the performance of the
baseline CLIP ViT-L/14 and the four obtained models on ve non-species classi cation tasks in
Figure 3a. A consistent improvement is observed as the volume of training data increasgilfrom

to 214M. In AwAZ2, for example, thelM model is worse than the baseline. However, the model
gradually learns more generalized representations for different attributes across species and obtains
improved performance as data scales up.

Next, we investigate how scale affects representations within species. We collect two groups of
images with intra-species appearance variations: life stage variations from N&vand sex
variations from NABirds $1]. We ask whether scaling hierarchical contrastive training collapses
all images of one species onto a single prototype or still distinguishes juveniles from adults and
males from females. We accordingly design two complementary tasks for each type of variation:
(i) alignment where a species classi er trained on one variang ( juvenile images) is expected to
recognize the species on the other varigng ( adult images), and (ififferentiation where the task

is to tell the variants apare(g, juvenilevs adult). As illustrated in Figure 3b, data scale steadily
improves cross-variant species recognition. But at the same time, the model also bbetigres
distinguishing the variants themselves.

5.3 Emergent Properties and Qualitative Analysis

Why does scaling data boost tasks that are never supervised during hierarchical contrastive training?
We look deeper intIOCLIP 2's embedding space and identify two emergent properties that
generalize beyond species classi cation.

First, the embedding distribution of different specatigins with their ecological and functional
relationships Figure 4 shows t-SNE plot§ ()] of FishNet test set embeddings at four training scales,
colored by whether the sh can live in freshwater or not. In the baseline CLIP plot (left), freshwater
and non-freshwater sh have a large portion of overlap. Larger training sets progressively separate the
two groups in the embedding space. We note that there is no explicit constraint to arrange meaningful
distribution across species in contrastive loss, highlighting the emergence at scale.

Second, the intra-species variations preserved and separateérigure 5 shows t-SNE plots of
BIoCLIP 2 embeddings of three species from NeWT exhibiting life-stage variation. In the 2D plots
(top), different species (shown in different colors) tighten progressively from left to right, which is

a direct consequence of scaled contrastive training. At the same time, the intra-species variations
are preserved and better separated than the baseline CLIP model (leftmost sub- gure). We further
project the embeddings onto 3D spaces created by singular value decomposition (SVD, bottom),
which reveals that the intra-species variations lie in subspaces roughly orthogonal to the species span.
Therefore, the existence of intra-species variation does not interfere with inter-species distinctions.
8F contains more empirical observations.



Figure 5:The embedding distribution of life stage variations under different scales of training data. The 2D
distributions are obtained using t-SNE. For the 3D distributions, we rst run SVD with the mean embedding of
each species. The rst two singular vectors are used to construct the gray plane that captures most inter-species
differences. The embeddings are then projected into the 3D space with an additional orthogonal dimension. The
straight lines point from the mean embedding of juvenile images to that of the adult images. As the training
scales up, the intra-species variations are preserved in the subspace orthogonal to the inter-species differences.
Orthogonality improves with data scale, as evidenced by the decreasing explained-variance ratio

5.4 Formal Analysis

We next askwvhythese two properties of inter-species ecological alignment and intra-species variation
separation emerge with scale.

Inter-species ecological alignmentAs training data increases, species that share proximal taxonomic
labels are pulled toward common textual prototypes at multiple levels. As related taxa typically
share morphology, behavior, and ecological characteristics, this multi-level supervision aligns visual
similarity with functional similarity [L5]. With more samples per species providing supervision at
scale, embeddings of species in the same family or genus form coherent macro-clusters. In effect, the
embeddings extracted by®&CLIP 2 are more separable for different ecological groups.

Intra-species variation separation.While the inter-species ecological alignment can be explained

by hierarchical supervision, the intra-species variationsxatencoded in taxonomic labels. The
preservation of intra-species variations also contradicts the common intuition of contrastive training
effects. Therefore, we investigate the optimization of contrastive loss. We propose the following
theorem to suggest that subspace orthogonal to inter-species differences is allowed after extensive
training to accommodate intra-species variations.

Theorem 5.1. Let be the prototypes of species, with as the prototype of specigsLet be
temperature. If different  are nearly orthogonali(e., species are well separated), the intra-species
variation for species is constrained by

f [

1 X ' exp(  «)=
> > > . _ S .
— Wk k ;. where wy=P :
22 oo «@xp( 3 K)=)

Proof. See 8C. O

Thus, as long as the variations distributed in a subspace orthogonal to the inter-species distinctions,
the scale of won't interfere with the overall contrastive optimization. The orthogonality is qualita-
tively supported by Figure 5. To further quantify it, we calculate the explained-variancei mtithe

ratio in the intra-species variation that is captured by the species sfjaife rst obtain an orthonor-

the matrix stackingn intra-species variation difference vectors with dimengloiThe explained-
variance ratio calculates the energy fraction inside species sparbiyU > D k2 =kD k2 , where

k kg denotes the Frobenius normZ. We show the ratio change as the data scales up in Figure 3c.
The results suggest that the intra-species variations are increasingly orthogonal to the species differ-
ences. Due to the orthogonality, the existence of intra-species variations will not interfere with the
inter-species distinctions. The observation of smaller projection areas in Figure 5 at the species span
also indicates better species classi cation accuracy after extensive contrastive training.
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