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Abstract. Recent progress in CLIP-like vision-language models (VLMs)
has greatly advanced medical image analysis. However, most existing
medical VLMs still rely on coarse image-text contrastive objectives and
fail to capture the systematic visual knowledge encoded in well-defined
medical phenotype ontologies. To address this limitation, we construct
PhenoKG, the first large-scale, phenotype-centric multimodal knowl-
edge graph that encompasses around 524K high-quality image-text pairs
linked to more than 3,000 phenotypes. Building upon PhenoKG, we pro-
pose PhenoLIP, a pretraining framework that explicitly incorporates
structured phenotype knowledge into medical VLMs through a two-
stage process. We first learn a knowledge-enhanced phenotype embed-
ding space that captures the hierarchical structure of phenotype ontolo-
gies and then distill this textual knowledge into multimodal pretraining
via a teacher-guided knowledge distillation objective. To support eval-
uation, we further introduce PhenoBench, an expert-verified bench-
mark designed for phenotype recognition, comprising over 7,800 image-
caption pairs covering more than 1,000 phenotypes. Extensive experi-
ments demonstrate that PhenoLIP outperforms previous state-of-the-art
baselines, improving upon BIOMEDICA in phenotype classification ac-
curacy by 8.06% and in cross-modal retrieval by 15.03%, underscoring
the value of integrating phenotype-centric priors into medical VLMs for
structured and interpretable medical image understanding.

1 Introduction

Large-scale vision-language model pretraining, such as CLIP [21], has made sig-
nificant progress in computer vision, which has also inspired medical image anal-
ysis. Current medical VLMs [16,18,35], trained on massive collections of medical
image–text pairs through contrastive learning, demonstrate strong cross-modal
understanding and generalization capabilities. They have revolutionized a wide
range of medical visual and multimodal tasks, e.g., disease diagnosis [15,16,20],
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Fig. 1: The figure illustrates our core methods PhenoKG and PhenoLIP, from left
to right: (a) macro level visualization of PhenoKG, the first large scale phenotype
centric multimodal knowledge graph that hierarchically organizes diverse anatomical
systems; (b) unified multimodal integration that aligns phenotype images, rich visual
descriptions, and structured phenotype ontology knowledge into a single graph; and
(c) PhenoLIP, our phenotype knowledge enhanced vision language pretraining frame-
work, which first learns a structured phenotype embedding from the ontology and then
guides the vision language pretraining via distillation.

radiology report generation [14, 29], and medical visual question answering [8],
achieving expert-level performance on several benchmarks.

Conventional medical vision–language pretraining typically relies on hetero-
geneous supervision sources, such as clinical reports and large-scale image–caption
pairs from the medical literature; however, the accompanying text is often free-
form and inconsistently expressed rather than grounded in standardized clinical
terminology or a shared ontology, that weakens image–text alignment and limits
transfer to diagnosis-oriented tasks. Phenotype ontologies address this bottle-
neck by providing standardized terms and a hierarchy that captures semantic
granularity: because these phenotype terms closely reflect the language clini-
cians use in diagnosis, they make the supervision space more clinically grounded
and more consistent across specialties, while also normalizing diverse descrip-
tions into unified phenotype concepts and separating findings that are linguis-
tically similar but clinically distinct. As a result, phenotype-centric pretraining
introduces structured semantic anchors beyond raw image–text pairing, enabling
more precise and clinically meaningful medical image understanding.

In this paper, we construct the first, large-scale, phenotype-centric multi-
modal medical knowledge graph, termed as PhenoKG, providing the struc-
tured and multimodal knowledge that current VLMs lack, as shown in Figure 1.
Our approach builds upon the Human Phenotype Ontology (HPO) [9], a well-
established taxonomy of human phenotypes with rich clinical annotations and
disease associations. To incorporate multimodal information, we develop a scal-
able pipeline that automatically mines and filters medical image-caption pairs
from literature. The resulting high-quality image–caption pairs are linked to
phenotype nodes, enriching the knowledge graph with multimodal evidence. Un-
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like prior vision–language datasets built from unstructured web data [18, 23],
PhenoKG unifies visual data with structured phenotypic knowledge, bridging
medical image understanding with ontology-based priors. In total, PhenoKG
comprises 5,839 phenotype groups and 13,812 specific phenotypes. Among these
phenotypes, 3,096 are associated with image–caption pairs, yielding around 524K
image–caption pairs that establish a systematic foundation for medical Vision-
Language Pretraining.

In contrast to conventional medical VLMs such as BiomedCLIP [35] and
BIOMEDICA [18], which are typically pretrained on large but unstructured
collections of image-caption pairs, our approach is fundamentally knowledge-
driven. We propose Phenotype-centric Language–Image Pretraining, termed as
PhenoLIP, a two-stage pretraining framework designed to gradually distill the
structured multimodal medical knowledge into VLMs. We first train a phenotype
knowledge encoder on the textual ontology within PhenoKG to map phenotype
names, definitions, and relationships into a unified semantic space. Optimized
with contrastive learning, the encoder pulls semantically related phrases, such as
synonyms, definitions, and hierarchical relations, closer in the embedding space.
In the second stage, during the main vision-language pretraining on the mul-
timodal data within PhenoKG, we employ the frozen knowledge encoder as a
teacher to guide the VLM’s text encoder. Through an auxiliary knowledge dis-
tillation objective, the text encoder is regularized to align its outputs with the
teacher’s knowledge-enhanced embedding space. This process runs in parallel
with the primary image-text contrastive alignment, effectively injecting pheno-
type ontology priors into the VLM and enabling it to ground visual evidence in
fine-grained, structured phenotype concepts.

For evaluation, we introduce PhenoBench, an expert-verified benchmark
specifically designed for phenotype recognition, that contains 7,819 image-caption
pairs covering 1,187 distinct phenotypes. This task represents a fundamental
capability in medical image analysis that underpins more advanced applica-
tions, such as diagnosis, medical visual question answering, and report gener-
ation. We evaluate our final pre-trained VLMs on both PhenoBench and multi-
ple public datasets across diverse tasks, including phenotype classification, fine-
grained image-to-phenotype retrieval, and rare facial phenotype identification.
Our method outperforms state-of-the-art biomedical VLM by 8.06% average
accuracy in phenotype classification and 15.03% in cross modal retrieval on 9
downstream datasets, including our proposed PhenoBench. The results under-
score the effectiveness of our approach and highlight the transformative potential
of integrating structured knowledge with multimodal pre-training to enable more
precise and semantically-grounded reasoning in medical AI.

2 Related Work

VLP in medical image analysis. Vision–Language Pre-training (VLP) aims
to learn joint representations from large-scale image–text data. General-domain
models such as CLIP [21] and its successors [26,34] have achieved strong perfor-
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mance by aligning images and text in a shared embedding space using contrastive
learning. However, when transferred to specialized domains like medicine, these
models suffer from a vocabulary gap and limited ability to capture fine-grained
clinical semantics [23], underscoring the need for domain-specific pretraining.
Recent medical VLMs have extended CLIP-style frameworks into biomedicine.
BiomedCLIP [35] pre-trains on 15M biomedical image-text pairs from PubMed,
while PMC-CLIP [16] leverages figure-caption pairs from PubMed Central to
learn general biomedical representations.
Knowledge-enhanced medical VLMs. Beyond general medical VLMs, sev-
eral approaches have explored incorporating structured medical knowledge into
vision-language models. DermLIP [31] constructs a dermatology-specific dataset
and employs ontology-based text refinement to enhance representations. KEP [39]
and KEEP [38] focuses on pathology images and incorporates structured disease
knowledge to enhance vision-language alignment. In radiology, MedKLIP [30]
extracts report information into structured triplets and enriches entities with
knowledge-based descriptions. KAD [36] leverages a medical knowledge graph
(UMLS [4]) represented as concept–relation–concept triplets, and uses entities/re-
lations extracted from reports to guide vision–language pretraining. Although
existing knowledge-enhanced approaches excel in specialized domains, they ne-
glect the critical role of phenotype ontology knowledge. This ontology defines
atom-level, fine-grained pathology priors, providing a comprehensive knowledge
foundation for medical imaging tasks across all modalities.
Medical knowledge graph. Medical Knowledge Graphs (KGs) are essential
for organizing complex biomedical information. Large-scale KGs like UMLS [4],
OrphaNet [28], and OMIM [1] have structured vast amounts of data on termi-
nologies, rare diseases, and genes. iKraph [37], PrimgKG [6] links molecular and
genetic factors to clinical outcomes by structuring 4 million relationships across
entities like proteins, biological processes, phenotypes, and drugs. Among these,
the Human Phenotype Ontology (HPO) [9] provides a standardized, hierarchi-
cal vocabulary for human phenotypic abnormalities. However, existing medical
KGs, including HPO, are predominantly text-based and lack explicit links to
visual data, which severely restricts their utility in medical image analysis. Our
work aims to bridge this modality gap.
Medical vision-language datasets. In the recent literature, significant progress
has been made for curating large-scale, high-quality image–caption data in medi-
cal domains. BIOMEDICA [18], PMC-CLIP [16], and PMC-15M [35] constructed
datasets covering diverse medical images, charts, and related text descriptions
through automated crawling strategies. Derm1M [31] focused on dermatology,
providing rich image–caption pairs through fine-grained annotation and classifi-
cation. Quilt-1M [13] collected pathology-related videos and their subtitles from
YouTube, generating paired image–text data through multi-stage preprocessing.
Although these datasets have greatly expanded medical multimodal resources,
they remain fragmented and lack a systematic organization aligned with pheno-
type ontology systems. This absence of structured phenotype-centered knowledge
limits their effectiveness for developing comprehensive medical VLMs.
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Fig. 2: Overview of the PhenoKG construction pipeline and the PhenoLIP train-
ing process. Left: PhenoKG Construction. This illustrates the four-stage pipeline for
building our multimodal knowledge graph: (1) PhenoKG Initialization, (2) Crawling
image-caption pairs from the PMC-OA database using phenotype keywords, (3) Pre-
processing images (via clustering-based filtering and subfigure detection) and text (via
LLM-based refinement), (4) Aligning subfigures with their corresponding descriptions.
Right: PhenoLIP Pretraining. This depicts our two-stage pretraining framework. First,
a knowledge encoder is trained on PhenoKG’s textual ontology to learn a structured
phenotype embedding. Second, during vision-language pretraining, this frozen knowl-
edge encoder serves as a teacher to distill its structured knowledge into the VLM’s text
encoder, complementing the primary image-text contrastive alignment.

3 PhenoKG & PhenoBench Construction

In this section, we detail the construction of a large-scale multimodal phenotype
knowledge graph. As illustrated in Figure 2 (left), the procedure contains two
main stages. First, we initialize its textual part based on the Human Phenotype
Ontology (HPO) (Sec. 3.1). Second, we develop an automated pipeline to aug-
ment this graph with around 524K aligned image-caption pairs obtained from
biomedical literature (Sec. 3.2), the detailed statistics are listed in Appendix 9.2.
Finally, by splitting the crawled articles, we also construct PhenoBench, an
expert-annotated benchmark for phenotype recognition evaluation.

3.1 Knowledge Graph Initialization

To establish PhenoKG, we first construct its textual part based on the Human
Phenotype Ontology (HPO) [9], a standardized ontology system for phenotypes.
We collected 19,703 phenotype terms as graph nodes, together with their def-
initions, relational edges, and synonyms from the Human Phenotype Ontology
(HPO). This collection serves as an initialized text-only phenotype knowledge
graph, comprising 19,703 nodes and 23,528 edges that represent hierarchical re-
lationships and correlations among phenotype terms. The construction details
and statistics of this process are provided in Appendix 14.1.
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3.2 Multimodal Data Collection and Processing

After constructing the textual phenotype KG, we enriched each node with mul-
timodal evidence from the biomedical literature using the following pipeline.
Data crawling. Based on the constructed knowledge graph, we first filter a
list of keywords. We retained only terminal nodes, i.e., those without outgoing
edges, and removed other non-terminal, categorical nodes such as “abnormality
of the nervous system”. Leveraging this keyword list, we processed the entire
PubMed Central Open Access (PMC-OA) corpus [22], extracting figure–caption
pairs whose captions contained exact matches to any phenotype keyword. In
addition to captions, we retrieved the corresponding in-text figure-referencing
paragraph (e.g., “...as seen in Figure 1...”), preserving contextual cues for later
disambiguation and grounding.
Image processing. As illustrated in Figure 2, raw figure–caption pairs contain
substantial noise, including compound figures and non-medical graphics (e.g.,
charts and graphs). First, to remove non-medical images, we embedded all figures
with DINOv3 and clustered the embeddings via K-means into 20 coarse clus-
ters, each further subdivided into 20 sub-clusters (400 clusters in total) [19,24].
We then manually audited the clusters, sampling representative images from
each cluster to assign a semantic label, and retained only those dominated by
medically relevant content. Second, to split compound figures, we applied a pre-
trained subfigure detector (DAB-DETR) [2, 17] to segment multi-panel figures
into subfigures. Third, we re-applied the clustering-based filter to the extracted
subfigures to eliminate residual non-medical content. This procedure yielded
around 524K medical figure–caption pairs. On expert-annotated validation sets,
our cluster-based filter attains 96.2%/93.5% precision/recall for identifying med-
ical images, and the DAB-DETR subfigure detector reaches 94.1%/92.7% pre-
cision/recall (93.4% F1). Additional implementation details are provided in Ap-
pendix 14.2, and the full human-in-the-loop evaluation in Appendix 10.
Text processing. For each retained figure, we kept the original caption and its
in-text paragraph. We then used Qwen3 [32] to synthesize a cleaned caption per
image, removing non-informative tokens and numeric artifacts while preserving
semantic content. For compound figures that were segmented into subfigures, we
further prompted the LLM with a tailored instruction to produce subfigure-level
textual descriptions consistent with the original semantics (Appendix 12.1).
Subfigure level alignment. We aligned subfigures with their corresponding
subfigure texts. If the number of subfigures and candidate texts did not match,
we conservatively retained the original compound figure–caption pair. Other-
wise, we invoked Qwen2.5-VL [3] to perform fine-grained matching. Specifically,
we rendered the compound image overlaid with subfigure bounding boxes and
unique identifiers (e.g., box_1, box_2 ) and prompted the model to map each
identifier to the most relevant text segment (Fig. 2; Appendix 12.2). An abla-
tion on overlaying boxes for prompting is reported in Appendix 10.2.
Multimodal integration. The final step was to integrate the collected image-
caption pairs into the original textual phenotype KG nodes. Since each im-
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age–caption pair is filtered by search keywords that are directly linked to the
original phenotype nodes, it is straightforward to insert them into the textual
KG structure based on keywords.

3.3 PhenoBench Construction.

In parallel with PhenoKG, we curated an independent evaluation suite, Phe-
noBench, using a matched but disjoint pipeline to prevent data leakage. We
enforced a strict split at the document and figure levels by partitioning the
source corpus using unique PMCID and FigureID. Articles and figures assigned
to PhenoBench are excluded from any training or development sets, ensuring no
overlap of images, captions, or near-duplicates across splits. All candidate im-
age–caption pairs were manually reviewed by clinical experts to confirm medical
relevance, caption fidelity to the visual content, and accurate phenotype linkage.
The final benchmark contains 7,819 image–caption pairs linked to 1,187 distinct
phenotype terms and can be used to evaluate phenotype recognition (based on
the linked phenotype terms) and image–text retrieval (based on the original
image–caption pair supervision).

4 Vision-Language Pretraining on PhenoKG

We present PhenoLIP, a vision–language pretraining framework that distills
structured phenotype knowledge from PhenoKG into joint visual–textual rep-
resentations (Figure 2). The training comprises two stages. First, we train a
phenotype-aware text encoder to capture relational structure over the pheno-
type KG (Sec. 4.1). Second, we use this knowledge-enhanced encoder to guide
vision–language contrastive pretraining, aligning images with text while injecting
KG priors into the VLM (Sec. 4.2).

4.1 Phenotype Knowledge Encoding

To leverage the phenotype knowledge in PhenoKG, we learn text embeddings
for phenotype concepts in a space explicitly regularized by ontology relations,
hierarchical structure, and lexical semantics. As illustrated in Figure 2 (Right),
we train a phenotype aware text encoder with metric learning to map each term,
its definition, its synonyms, and its hierarchical is a relations into a latent space,
enabling effective utilization of phenotype knowledge.
Problem formulation. Given a set of phenotype nodes, each can be denoted as
(Ti, Ai), where Ti represents the phenotype term, and Ai represents its related
attribute set, including various textual types: (i) the phenotype name, (ii) its
detailed definition, (iii) its synonymous names, and (iv) relational descriptions
derived from its related hierarchical (is-a) relations (e.g., “[head phenotype] is a
child phenotype of [tail phenotype] ”). Our goal is to learn a knowledge encoder
Φk(·) that satisfies:

sim(Φk(ai), Φk(a
+
i )) ≫ sim(Φk(ai), Φk(aj)), i ̸= j, (1)



8 C. Liang et al.

where sim(·, ·) denotes the similarity function, ai and a+i represent two attributes
sampled from the phenotype attribute set Ai, and aj is an attribute sampled from
another phenotype set Aj . The encoder can map related phenotype attributes
to similar vector representations, while mapping unrelated concepts to distant
vector representations.
Training pipeline. To optimize the objective in Eq. 1, we train the knowledge
encoder with a contrastive objective that pulls together multiple textual descrip-
tions of the same phenotype concept and pushes apart descriptions from different
concepts. Specifically, given a sampled attribute ai, we first sample another pos-
itive attribute pair a+i from PhenoKG and encode them into textual embeddings
with the knowledge encoder, termed as z = Φk(a), resulting in (zi, z

+
i ). Given

a mini training batch with 2B batch size, which consists of B phenotypes, each
with two randomly sampled attribute descriptions, we adopt an InfoNCE-style
loss with in-batch negatives:

Lk = − 1

2B

2B∑
i=1

log
exp(sim(zi, z

+
i )/τ1)∑2B

k=1 1k ̸=i exp(sim(zi, zk)/τ1)
, (2)

where sim(·, ·) denotes cosine similarity, τ1 is a temperature hyperparameter. By
minimizing Lk, the knowledge encoder Φk learns to project semantically related
textual attribute descriptions of the same phenotype terms more closely in the
embedding space.
Construction of positive pairs. Rather than concatenating all attributes of
a phenotype into a single sequence, we form two types of positive pairs and
encode each side independently with the shared encoder: (i) (name/synonym,
definition) pairs; and (ii) (head–relation, tail) pairs taken from ontology edges.
For type (ii), the head and relation texts are joined with a [SEP] token, and the
[CLS] embedding of the joined sequence serves as the query, which is contrasted
with the independently encoded tail text, so that the different attributes of each
phenotype are aggregated around a shared semantic anchor.
Implementation details: We adopt the pretrained PubmedBERT [10] as the
initialization of the knowledge encoder. More details are listed in Appendix 15.1.

4.2 Knowledge-Enhanced VLP

This section details of knowledge-enhanced visual representation learning, lever-
aging the former phenotype knowledge encoder Φk trained on PhenoKG.
Problem formulation. Given the image–caption pairs collected from Phe-
noKG, denoted as (xi, ci), our objective is to train a visual encoder Φv and
a text encoder Φt, such that their joint embedding space satisfies:

sim(Φv(xi), Φt(ci)) ≫ sim(Φv(xi), Φt(cj)), i ̸= j. (3)

Training pipeline. During training, as illustrated in Figure 2, we adopt InfoNCE-
style contrastive learning to align visual and textual representations. In addition,
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to ensure that the text embedding space effectively captures the hierarchical
knowledge encoded in the knowledge graph (KG), we introduce an auxiliary
knowledge distillation objective, which regularizes the learned text embeddings
to align with the pretrained knowledge encoder.

Specifically, denoting the visual embedding as vi = Φv(xi) and text embed-
ding as ti = Φt(ci), the multimodal contrastive learning loss can be defined as:

LM = − 1

B

B∑
i=1

[
log

⟨vi, ti⟩τ2∑B
j=1⟨vi, tj⟩τ2

+ log
⟨ti, vi⟩τ2∑B
j=1⟨ti, vj⟩τ2

]
, (4)

where ⟨a, b⟩τ = exp(sim(a, b)/τ) denotes the exponentiated cosine similarity
scaled by a temperature τ , and B is the training batch size. Additionally, we in-
troduce a knowledge distillation branch with the pretrained knowledge encoder
Φk(·) acting as a teacher model. For each caption ci in the batch, the teacher pro-
duces a reference knowledge embedding ki = Φk(ci). We then enforce consistency
between the student’s text embedding ti and the teacher’s knowledge embedding
ki using a text-knowledge contrastive loss, denoted as LKD. This loss function
encourages the student’s text encoder to map captions into the pre-structured
semantic space of the teacher by treating (ti, ki) as a positive pair and all other
non-corresponding pairs (ti, kj) as negatives within the batch, formulated as:

LKD = − 1

B

B∑
i=1

[
log

⟨ti, ki⟩τ3∑B
j=1⟨ti, kj⟩τ3

+ log
⟨ki, ti⟩τ3∑B
j=1⟨ki, tj⟩τ3

]
, (5)

where τ3 is the distillation temperature, reusing the notation ⟨·, ·⟩τ defined above.
The overall pretraining objective combines the multimodal contrastive loss and
the knowledge distillation loss:

LVLP = LM + αLKD, (6)

where α balances the two objectives. Further implementation details are provided
in Appendix 15.2.
Implementation details. We adopt BiomedCLIP [35] as the initialization for
the visual encoder, while the text encoder is initialized with the weights from
the trained phenotype knowledge encoder. Details are in Appendix 15.2.

5 Experiments

In this section, we introduce our experiments in detail, including evaluation
settings, related datasets, and metrics.
Evaluation settings. We assess three standard regimes: zero-shot classifica-
tion, cross-modal retrieval, and linear probing. In zero-shot classification,
the model assigns labels to unseen tasks by comparing image embeddings with
class-specific textual prompts, without fine-tuning, following CLIP [21]; prompt
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templates are in Appendix 13.1. In cross-modal retrieval, we evaluate image-
to-text and text-to-image retrieval to measure alignment between image and
phenotype descriptions. In linear probing, we freeze the encoders and train a
single linear layer on top of the visual features to gauge representation quality.

Evaluation datasets. We benchmarked on diverse biomedical datasets span-
ning 7 imaging modalities and 10 medical image analysis tasks under the three
regimes above. Dataset descriptions, splits, evaluation protocols, and their clin-
ical features are detailed in Appendix 11.

– For zero-shot classification, we employ HAM10000 [25] and DermaM-
NIST [33] for dermatology, LC25000 [5] for pathology, BreastMNIST, ChestM-
NIST, and RSNA [27] for radiology, and BloodMNIST, TissueMNIST, Reti-
naMNIST, and OCTMNIST [33] for hematology, histology, and ophthal-
mology, respectively, along with our proposed PhenoBench for phenotype
recognition.

– For cross-modal retrieval, we adopt PhenoBench across four distinct re-
trieval scenarios: I2T (image-to-text), T2I, I2P (image-to-phenotype) and
P2I retrieval. Additionally, we involve Face2Gene [11], to evaluate the model’s
performance in rare disease related facial phenotype retrieval, denoting a
fine-grained and long-tail benchmark that challenges the model to associate
subtle visual traits with corresponding phenotype concepts.

– For linear probing, we adopt six benchmark datasets: RSNA [27], HAM10000 [25],
and four datasets from MedMNIST v2 [33], including BreastMNIST, ChestM-
NIST, OCTMNIST, and RetinaMNIST. We report the results under 1%,
10%, and 100% of the training data, respectively.

Baselines. We consider two main categories of state-of-the-art vision–language
models (VLMs) for comparison, i.e., general-domain VLMs and biomedical VLMs.
The former category includes Open-CLIP [7], SigLIP2 [26], and CoCa [34], which
are pre-trained on large-scale general-domain web image–text data. The latter
category comprises PMC-CLIP [16], BiomedCLIP [35], and BIOMEDICA [18],
all pre-trained on domain-specific medical image–text data. We also compare
with knowledge-enhanced medical VLMs, including DermLIP [31], KEEP [38],
MedKLIP [30] and KAD [36], which inject medical knowledge through differ-
ent mechanisms (details in Appendix 16.1). A comprehensive cross-domain per-
formance comparison with these knowledge-enhanced baselines is provided in
Appendix 16.2.

Metrics. Model performance is evaluated with metrics tailored to each setting.
For zero-shot classification and linear probing, we report classification accuracy
(ACC) to measure recognition and representation quality. For cross-modal re-
trieval tasks, including the rare facial phenotype matching on Face2Gene [11],
we use Recall@K (R@K) as the main evaluation metric, along with Precision,
Recall, and F1-Score to capture fine-grained matching performance in clinically
relevant retrieval scenarios.
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Table 1: Benchmarking results on zero-shot image classification (Acc). Each column
reports accuracy on the datasets of that modality: Derm.: Dermatology (DermaMNIST,
HAM10000); Path.: Pathology (LC25000); Radio.: Radiology (ChestMNIST, BreastM-
NIST, RSNA); Hema.: Hematology (BloodMNIST); Histo.: Histology (TissueMNIST);
Ophthal.: Ophthalmology (OCTMNIST, RetinaMNIST); Avg.: Average. Best method
per column is bold; second-best model is underlined.

Method Encoder Accuracy

Vision Text Derm. Path. Radio. Hema. Histo. Ophthal. PhenoBench Avg.

General VLMs

OpenCLIP [7] ViT-B GPT2 14.77 33.33 29.75 23.00 4.52 19.43 2.26 18.15
SigLIP2 [26] So400m SigLIP64 11.31 20.00 4.95 8.30 9.00 23.00 0.25 10.97
CoCa [34] ViT-B GPT2 12.63 33.00 25.87 6.55 3.39 20.55 1.38 14.77

Biomedical VLMs

PMC-CLIP [16] ResNet50 PubmedBert 41.35 45.12 29.10 21.50 5.68 43.75 7.50 27.71
BiomedCLIP [35] ViT-B PubmedBert 47.59 42.87 28.47 20.40 4.23 40.18 8.15 27.41
BIOMEDICA [18] ViT-L GPT2 56.76 57.40 37.72 9.35 5.40 26.15 6.69 28.50

PhenoLIP ViT-B PubmedBert 55.08 58.33 49.03 23.24 7.87 51.63 10.76 36.56

6 Results

In this section, we analyze the main results, comparing PhenoLIP with baselines
across all evaluated settings, followed by ablation studies, as presented in Table 1,
2, 4, and 3.

6.1 Zero-Shot Classification

We first benchmark models on their zero-shot accuracy in classifying medical
images into task-related classes.
PhenoLIP unlocks superior zero-shot capabilities. As shown in Table 1,
PhenoLIP substantially outperforms both general-domain and biomedical VLMs
across a wide range of medical imaging modalities, demonstrating its superior
capabilities in medical image understanding and perception. Notably, it achieves
the highest average accuracy of 36.56%, substantially surpassing the next best-
performing model, BIOMEDICA [18], which attained an accuracy of 28.50%.
The performance gain can be observed on 5 imaging modalities, indicating the
model’s strong generalization ability across diverse medical imaging domains.
PhenoKG delivers robust cross-specialty generalization. The strength
of our approach is particularly evident in phenotype-rich domains. In Radiol-
ogy, PhenoLIP attains 49.03% accuracy, creating a remarkable 11.31% gap with
the second-best model. Strong performance is also seen in Pathology, where its
58.33% accuracy represents a 0.93% absolute improvement over BIOMEDICA.
This trend of superior performance extends to other specialized fields like Hema-
tology (23.24%) and Ophthalmology (51.63%). Conversely, the lack of improve-
ment on the Histology (TissueMNIST) dataset is attributable to the nature of
the task, which involves classifying broad tissue types rather than phenotype-
wise abnormalities.
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Table 2: Cross-modal retrieval results on PhenoBench (7,819 images, 1,187 pheno-
types). I2T represents image-to-text retrieval and T2I represents text-to-image re-
trieval. I2P represents image-to-phenotype retrieval and P2I represents phenotype-to-
image retrieval. The best-performing model for each setting is in bold, the second-best
is underlined.

Method Encoder I2T T2I I2P P2I

Vision Text R@10 R@50 R@10 R@50 R@10 R@50 R@10 R@50

General VLMs
OpenCLIP [7] ViT-B GPT2 10.72 24.25 10.08 22.95 2.88 8.34 2.79 8.24
SigLIP2 [26] So400m SigLIP64 14.02 28.16 10.33 23.44 0.31 0.76 0.08 0.62
CoCa [34] ViT-B GPT2 9.27 22.16 7.57 18.93 2.02 6.42 1.82 5.59

Biomedical VLMs
PMC-CLIP [16] ViT-L PubmedBert 40.00 64.82 36.68 61.83 7.22 23.44 6.64 18.92
BiomedCLIP [35] ViT-B PubmedBert 32.91 56.63 32.43 56.08 3.71 13.38 3.77 12.17
BIOMEDICA [18] ViT-L GPT2 40.51 66.28 40.03 67.38 8.12 25.27 6.82 19.60

PhenoLIP ViT-B PubmedBert 63.30 81.92 66.61 87.68 13.84 36.88 12.77 31.30

6.2 Cross-modal Retrieval.

In this section, we evaluate the cross-modal retrieval performance of Pheno-
LIP on two fronts: first, on the diverse PhenoBench dataset for both standard
image-caption and phenotype-centric retrieval, and second, on the challenging
Face2Gene [11] benchmark for identifying rare phenotypes.
PhenoLIP enhances cross-modal retrieval performance on PhenoBench.
In Table 2, we present the cross-modal retrieval results on PhenoBench, covering
diverse medical image-caption pairs. Its diversity is summarized in Table 2. As
shown by the results, in the standard I2T retrieval, PhenoLIP achieves an R@10
of 63.30%, surpassing the second-best model, BIOMEDICA [18], by a remarkable
margin of 22.79%. Similar improvement can be observed in the T2I task, where
our model’s R@10 of 66.61% exceeds BIOMEDICA’s 40.03%. This demonstrates
that PhenoLIP has learned a significantly more accurate and robust alignment
between various medical images and their corresponding textual descriptions.
PhenoLIP enables better alignment between visual features and phe-
notypes. Crucially, PhenoLIP’s advantage becomes even more pronounced in
the more challenging and clinically meaningful phenotype-centric retrieval tasks.
In the I2P retrieval setting, our model attains an R@10 of 13.84%, nearly dou-
bling the performance of the runner-up, BIOMEDICA (8.12%). Similarly, for P2I
retrieval, PhenoLIP reaches an R@10 of 12.77%, markedly surpassing BIOMED-
ICA’s 6.82%. Its substantial lead in both I2P and P2I tasks, across a challeng-
ing vocabulary of 1187 distinct phenotype classes, confirms that our PhenoLIP
method has successfully established a robust, bidirectional alignment between
visual features and their specific clinical phenotype representations.
PhenoLIP demonstrates better perception of rare phenotypes. To as-
sess the model’s ability to identify rare phenotypes from the long tail of the
distribution, we introduce a rare phenotype retrieval task, linking medical facial
images with related phenotype terms. As shown in Table 4, PhenoLIP consis-
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Table 3: Benchmarking results on Linear Evaluation (Acc) across different data ra-
tios. The best-performing model for each setting is in bold, and the second-best is
underlined.

RSNA BreastMNIST ChestMNIST OCTMNIST RetinaMNIST HAM10000 Avg.

1% 10% 100% 1% 10% 100% 1% 10% 100% 1% 10% 100% 1% 10% 100% 1% 10% 100% 1% 10% 100%

General VLMs

OpenCLIP [7] 77.07 79.52 81.61 32.05 73.72 83.33 51.31 52.88 53.69 67.40 73.20 73.10 43.50 55.00 61.75 52.81 68.65 77.23 54.02 67.16 71.79
SigLIP2 [26] 54.55 68.90 77.50 32.50 73.50 83.00 51.05 52.50 53.80 67.00 72.90 72.50 43.80 54.50 61.00 53.24 66.67 72.57 50.36 64.83 70.06
CoCa [34] 77.29 79.59 81.36 36.54 78.21 82.05 51.62 52.85 53.48 43.75 55.75 59.50 52.24 56.92 58.37 55.45 66.67 72.94 52.82 65.00 67.95

Biomedical VLMs

PMC-CLIP [16] 82.49 83.74 83.76 26.92 75.00 82.05 49.50 53.70 55.19 76.20 69.90 71.60 45.00 56.50 60.00 54.13 64.36 75.25 55.71 67.20 71.31
BiomedCLIP [35] 81.99 83.66 83.99 51.92 79.49 84.62 51.31 54.46 55.03 68.20 73.80 74.10 43.50 55.75 59.00 59.74 65.02 72.61 59.44 68.70 71.56
BIOMEDICA [18] 80.09 82.94 83.44 37.82 77.56 85.90 51.99 53.57 54.45 61.40 76.40 76.70 43.50 55.50 63.50 57.76 69.31 73.60 55.43 69.21 72.93

PhenoLIP 83.06 83.36 84.11 49.36 74.36 86.54 52.65 54.71 55.15 73.90 78.30 77.10 43.50 57.75 61.75 62.71 69.31 77.89 60.86 69.63 73.76

Table 4: Rare facial phenotype identification results on the Face2Gene [11] dataset
(321 images). Each image is associated with 21 phenotypes on average, and the retrieval
pool contains 993 candidate phenotypes. The best result per column is in bold, and
the second best is underlined.

Method Retrieval Metrics (%) Matching Metrics (%)

R@5 R@10 R@50 Prec. Recall F1

General VLMs

OpenCLIP [7] 6.97 11.94 39.80 1.63 2.56 1.81
SigLIP2 [26] 6.85 11.80 39.50 1.50 2.10 1.75
CoCa [34] 4.48 7.46 38.31 1.04 2.21 1.25

Biomedical VLMs

PMC-CLIP [16] 6.75 11.60 49.50 1.65 3.20 2.17
BiomedCLIP [35] 6.84 11.73 49.84 1.80 3.77 2.22
BIOMEDICA [18] 3.48 7.46 43.28 1.10 2.37 1.36

PhenoLIP 7.49 12.05 55.05 2.08 4.56 2.62

tently outperforms the other evaluated methods across all metrics in this highly
challenging setting. The model’s advantage is most evident in the retrieval, where
it achieves the highest scores with an R@5 of 7.49% and R@50 of 55.05%. It also
leads in direct phenotype matching, attaining the best F1-score of 2.62%. The
low absolute matching scores across all models reflect the task’s extreme diffi-
culty, as each image has, on average, 21 related phenotypes within a vast pool of
993 facial phenotype candidates. Despite this challenge, PhenoLIP’s consistent
top-ranking performance demonstrates its enhanced ability to capture subtle
visual signatures of rare diseases.

6.3 Linear Probing

Table 3 presents the linear probing results, which evaluate the quality and trans-
ferability of the learned visual representations. Our PhenoLIP model demon-
strates remarkable performance across 18 evaluation settings (6 datasets at three
data ratios), PhenoLIP achieves the best average performance at all three data
ratios, including 1%, 10%, and 100%.
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Table 5: Ablation study results. We evaluate the impact of different encoder initial-
izations, knowledge distillation, and data curation strategies on image-to-text (I2T)
retrieval, text-to-image (T2I) retrieval, and classification performance. BCLIP denotes
vision encoder of BiomedCLIP, PMB and KB denotes PubmedBert and our pretrained
knowledge encoder. Our full model, combining all components, achieves the best results
across all tasks. The Best results and related configurations are in bold.

Encoder Know. Data I2T T2I Cls.

Vision Text Distill. Cur. R@10 R@50 R@10 R@50 Acc

Scratch KB 28.15 45.33 31.04 49.81 2.13
CLIP KB 47.20 68.91 51.72 73.05 6.44

BCLIP KB 50.11 71.22 53.68 75.90 7.02
CLIP PMB 49.53 70.88 54.88 78.14 6.95

BCLIP PMB 53.42 74.10 58.03 81.25 7.81
CLIP PMB ✓ 58.91 78.54 62.19 84.33 9.57
CLIP PMB ✓ ✓ 60.13 79.62 63.55 85.18 9.98

BCLIP PMB ✓ ✓ 63.30 81.92 66.61 87.68 10.76

The representations from PhenoLIP demonstrate exceptional data efficiency
in low-data scenarios. For instance, using just 1% of the labels for the ChestM-
NIST and HAM10000 datasets, it achieved the top position with accuracies of
52.65% and 62.71%, respectively. As the data ratio increases to 10%, its supe-
riority in the ophthalmology modality becomes prominent, achieving first place
on both OCTMNIST and RetinaMNIST with 78.30% and 57.75% accuracy.
When using the full 100% dataset, the model sustains its leading performance,
achieving the top rank on several datasets, including RSNA, BreastMNIST, and
HAM10000, with respective accuracies of 84.11%, 86.54%, and 77.89%. These
leading results across diverse modalities, spanning X-ray, dermatoscopy, ophthal-
mology, and ultrasound, provide compelling evidence that the representations
learned by PhenoLIP are highly effective and robust in low-data regimes and
high-data scenarios, indicating excellent generalization capabilities.

6.4 Ablation Studies

To demonstrate the impact of each component of our method, we conduct a
series of ablation studies with the cross-modal retrieval task on PhenoBench
for: (i) different encoder initializations, (ii) our proposed knowledge distillation
loss, and (iii) data curation strategies. As shown in Table 5, we can draw the
following key observations (detailed discussion is listed in Appendix 18):

– Encoder initialization: Domain-specific pre-trained encoders, such as Biomed-
CLIP and PubmedBERT, serve as stronger baselines, confirming the value
of biomedical-informed representations.

– Knowledge distillation loss: The proposed LKD contributes significantly
to performance gains. By aligning the VLM’s text encoder with the frozen
phenotype knowledge encoder, it effectively injects structured ontological
knowledge into the model.
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– Data curation strategies: Our fine-grained data curation pipeline, in-
cluding subfigure detection and LLM-based caption refinement, consistently
improves model performance. These steps reduce noise from compound fig-
ures and enhance alignment between images and text, leading to more robust
vision-language representations.

– Knowledge graph components: We further evaluate the contribution of
different components (definitions, synonyms, and relational structure) in the
phenotype knowledge encoder, detailed in Appendix 18.1. The results show
that both semantic definitions and hierarchical graph topology significantly
contribute to the overall vision-language pretraining.

7 Conclusion

In this work, we presented PhenoLIP, a phenotype-ontology-aware vision–language
pretraining framework that integrates structured phenotype knowledge into med-
ical VLMs. Built upon our newly curated large-scale multimodal knowledge
graph PhenoKG and evaluated with the expert-verified benchmark PhenoBench,
PhenoLIP achieves substantial gains in phenotype recognition, diagnostic classi-
fication, and retrieval tasks. These results highlight the importance of combining
medical VLMs with phenotype-centric knowledge to achieve more accurate and
interpretable medical image understanding.
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