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Abstract

Fine-grained glomerular subtyping is essential for kidney biopsy interpretation, yet it presents a harder setting than the
broad organ- or disease-level recognition tasks commonly used in vision-language model (VLM) evaluation. In this task,
all categories arise within the same renal microanatomic unit, and clinically meaningful subtypes often differ by subtle,
overlapping, and continuum-like morphological cues. Clinically valuable labels are also scarce, making fully supervised
image-only paradigms difficult to translate to practice. Although VLMs are promising for data-efficient pathology learning,
it remains unclear how their cross-modal representations should be adapted and evaluated for such within-structure
discrimination under realistic few-shot constraints. To our knowledge, this study establishes the first fine-grained renal
pathology benchmark for few-shot VLM adaptation and systematically examines how supervision level, model design, and
adaptation strategy shape both classification performance and multimodal representation structure. Beyond accuracy,
area under the receiver operating characteristic curve (AUC), F1 score, image-text alignment, positive-negative similarity
separation, embedding geometry, and confidence calibration quantified by expected calibration error (ECE), we ask
when performance gains reflect more reliable cross-modal understanding. Across renal pathology cohorts, additional
supervision consistently improves discrimination, but reliable adaptation is not explained by alignment alone; stronger
performance is associated with larger class separation, more coherent embedding organization, and better awareness of
confidence-related failure modes under domain variation. Within this retrospective two-cohort evaluation, these findings
move assessment beyond coarse classification and accuracy alone and provide comparative evidence to inform model
selection and future translational validation. Our implementation has now been publicly released for reproducibility on
GitHub at https://github.com/ddrrnn123/glo-vlms.
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1. Introduction Liu (2023); Sethi and Fervenza (2019); Schnuelle
(2023); Wilson and Messias (2022). Fine-grained glomerular

enal histopathology is central to diagnosis, sub- subtypes carry therapeutic and risk-stratification implica-
R typing, and prognosis in kidney disease Feng and tions beyond coarse lesion detection Working Group of
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the International IgA Nephropathy Network and the Re-
nal Pathology Society et al. (2009); Rafieian-Kopaei et al.
(2013); Chen et al. (2022); Lu et al. (2025); Deng et al.
(2022); Yu et al. (2025). Yet high-quality labels are expen-
sive, inter-expert agreement is limited, and cross-institution
variation in staining and scanners induces domain shift Duen-
weg et al. (2023). In nephrectomy cohorts of renal cell car-
cinoma (RCC), surgical clamping of the renal artery, veins,
or ureter produces ischemic artifacts such as glomerular
basement membrane (GBM) wrinkling and capsular disten-
tion, so many glomeruli share similar ischemic-appearing
changes. RCC patients also share common risk factors
with diabetes, hypertension, and metabolic syndrome, and
many glomeruli lie along a continuum from ischemia to
segmental and then global sclerosis, often showing GBM
wrinkling, multilayering of Bowman's capsule, and tuft-
capsule adhesions in the same glomerulus. These surgical
and clinical factors blur the boundaries between ischemic,
segmentally sclerotic, and globally sclerotic glomeruli, mak-
ing it difficult for algorithms to distinguish between these
groups. In practice, small labeled cohorts are the norm, and
clinicians often reason with a few confirmed exemplars as
references Crowley et al. (2003). Recent advances in foun-
dation VLMs have transformed computational pathology,
offering generalizable representations that bridge visual and
textual modalities Cui et al. (2022); Chanda et al. (2024);
Bilal et al. (2025); Ochi et al. (2025). However, stan-
dardized evidence for their fine-grained adaptation remains
limited, complicating principled selection across backbones
and parameter-efficient fine-tuning strategies. Prior studies
typically evaluate only a single task granularity Campanella
et al. (2019), supervision regime Lu et al. (2021), or adapta-
tion strategy at a time Yao et al. (2022), often focusing on
coarse normal-vs-diseased discrimination Wang et al. (2025),
training under full supervision Yu et al. (2025), or image-
only classification with one backbone and one split Yao et al.
(2022), and rarely characterizing how performance scales
with sample size Taher et al. (2025); Hosseinzadeh Taher
et al. (2021). At the same time, the degree to which visual
and textual features are aligned is increasingly viewed as
central to the robustness and clinical reliability of VLMs in
pathology Chen et al. (2024); Li and Tang (2024); Hanna
et al. (2025). We address these gaps by (i) establishing a
framework for fine-grained glomerular subtyping, (ii) charac-
terizing model performance in a clinically realistic few-shot
regime, and (iii) analyzing multimodal image-text feature
alignment and between-class separability. We evaluate both
general-purpose and pathology-specialized backbones across
prevailing architectures and multiple parameter-efficient
adaptation strategies across few-shot settings using Monte
Carlo resampling. Beyond measuring performance with
classification metrics, we perform a cross-modal embedding
analysis: we quantify image-text feature alignment and
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between-class separability as a function of supervision level,
task granularity, and adaptation strategy. We then relate
these representational properties to model performance and
ECE. Taken together, this reveals how supervision and adap-
tation jointly shape multimodal alignment and downstream
behavior, providing practical guidance for model selection
under realistic data constraints.
Our contributions are threefold:

1. To our knowledge, we establish the first VLM benchmark
for fine-grained glomerular subtyping in renal pathology,
targeting pathologically actionable distinctions beyond
coarse disease classification.

2. We characterize model behavior under realistic data limi-
tations by restricting supervision to a few labeled exem-
plars per class and analyzing how backbone, parameter-
efficient adaptation, and sample size jointly affect per-
formance in general-purpose and pathology-specialized
foundation models.

3. We introduce embedding-space analyses that quantify
multimodal image-text feature alignment and between-
class separability, and we show that these metrics track
downstream accuracy and confidence calibration, reveal-
ing trends that inform future cross-modal learning under
few-shot constraints.

2. Related Works

2.1 Few-shot learning for medical image classification

Renal pathologists have established morphology-based sys-
tems for fine-grained glomerular classification. Recent work
has further refined outcome assessment in focal segmen-
tal glomerulosclerosis through a new index Tervaert et al.
(2010); Bajema et al. (2018); Chan et al. (2024). Together,
these expert-defined schemas provide fine-grained and clin-
ically meaningful labels that now serve as reliable ground
truth for training Al models. However, pathology data are
inherently scarce, costly to annotate, and highly heteroge-
neous across institutions and imaging protocols Madabhushi
and Lee (2016); Shi et al. (2019); Li et al. (2025a). As
a result, few-shot learning naturally emerges as a practi-
cal and clinically aligned approach that maintains robust
performance with only a handful of examples per class.
Prior studies indicate that such methods can substantially
mitigate data scarcity and even approach fully supervised
accuracy with very limited samples Pachetti and Colantonio
(2024); Shakeri et al. (2022). Accordingly, few-shot learning
provides a compelling direction for developing reliable and
data-efficient pathology Al systems under low-annotation
constraints. However, prior work rarely reports shot-scaling
behavior or evaluates adaptation under explicit cross-center
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and the text encoder in a few-shot setting, where only a

small number of labels are provided for each glomerular subtype. For each shot, patches and their class descriptions are
encoded, and the model is updated. As the number of shots increases, the performance improves.

domain shift, leaving unclear how shot budget affects ro-
bustness and which adaptation strategy remains reliable.

In our work, we treat fine-grained renal pathology clas-
sification as a clinically grounded few-shot medical image
classification problem and disentangle the effects of three
key factors: foundation model choice, fine-tuning strat-
egy, and shot budget. Under controlled whole-slide image
(WSI)-level splits and repeated runs, we systematically vary
the backbone (general-purpose and pathology-specialized),
the adaptation method (full vs parameter-efficient updates),
and the number of labeled examples per class, and report
shot-scaling behavior across these settings. This study is
designed to provide practical insights into which combina-
tions are most data-efficient and how additional annotations
translate into measurable gains, informing model selection
and annotation investment under realistic data constraints.

2.2 Fine-grained Glomerular Classification

In recent years, deep learning and VLMs have achieved
substantive progress in fine-grained glomerular classifica-
tion. Deep learning, grounded in morphological patterns,
has produced end-to-end convolutional pipelines on WSlIs
that cover glomerulus detection, disease categorization, and
key lesion identification Yao et al. (2022); Lu et al. (2021);
Yu et al. (2025); Weis et al. (2022); Lei et al. (2024); Li
et al. (2025b). At the same time, the feasibility of VLMs
for pathology classification has been increasingly demon-
strated. These VLM-based methods have shown strong
performance Zheng et al. (2025); Guo et al. (2026). Taken
together, these studies provide converging evidence that
both deep learning and VLMs are feasible for fine-grained
glomerular classification. However, most existing studies
emphasize Top-1 performance, while practical deployment
constraints and reliability measures are rarely reported in

a unified and systematic manner. In particular, confidence
calibration (e.g., ECE) and decision-margin behavior (e.g.,
boundary margin) are seldom quantified, limiting evidence
about confidence reliability under clinical conditions. Con-
sequently, it remains unclear how these methods translate
into dependable and deployable decision support in renal
pathology workflows.

To address these limitations, we perform a systematic
evaluation of few-shot fine-grained glomerular classification
under clinically realistic data constraints. In our work, we
compare general-purpose and pathology-specialized back-
bones as well as multiple adaptation strategies under matched
shot budgets and cross-center validation, and we report not
only discrimination metrics (Accuracy, AUC, and F1) but
also confidence calibration. Moreover, we measure ECE and
boundary margin to characterize whether predicted proba-
bilities are calibrated and whether decisions are made with
a sufficient separation between competing classes. This
combined view provides a broader research assessment of
classification performance and confidence behavior under
limited supervision and cross-center variation.

2.3 Cross-modal Vision Language Models on Renal
Pathology

In clinical practice, physicians engage in a multimodal and in-
tegrative diagnostic process, synthesizing information from
diverse sources. This cross-modal verification ensures that
diagnostic reasoning is both reliable and interpretable Roth
et al. (2021); Cui et al. (2024); Jin et al. (2025). Analo-
gously, to endow artificial intelligence systems with com-
parable credibility in medical contexts, it is essential to
move beyond unimodal classification paradigms and pro-
mote modality alignment. Such alignment enables the
model to ground its predictions in coherent morphological
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and textual evidence, thereby enhancing transparency and
interpretability Kline et al. (2022); Simon et al. (2025).
Moreover, effective modality alignment contributes to im-
proved empirical performance, as it facilitates the extrac-
tion of stable and domain-general representations within
a unified semantic space Wang and Isola (2020); Xu et al.
(2024); Wang and Carvalho (2026, 2023). Despite rapid
progress in multimodal learning and pathology VLMs, most
prior studies treat downstream metrics as primary endpoints.
Consequently, feature-level analyses of cross-modal repre-
sentations in fine-grained renal pathology remain limited,
including (i) explicit alignment diagnostics, (ii) class-wise
similarity gaps/margins, and (iii) joint visualization of image
and text embeddings.

To address these limitations, we explicitly evaluate mul-
timodal representation quality alongside downstream classi-
fication performance. In our work, we adapt several general
and pathology-specialized VLM backbones to fine-grained
glomerular subtyping in a clinically realistic few-shot regime
and track how different adaptation strategies reshape the
joint image-text embedding space. Beyond reporting Accu-
racy, AUC, and F1, we quantify paired image-text alignment,
class-wise similarity separation, and embedding geometry
through visualization and clustering statistics, and we ex-
amine how these indicators co-vary with model confidence
calibration and cross-center generalization. This feature-
level perspective provides a more interpretable basis for
selecting VLM backbones and fine-tuning strategies under
limited supervision and domain shift.

2.4 Pathology Benchmarking and Challenge

In digital pathology, community-driven grand challenges
and benchmarks have been key drivers of methodological
progress by providing standardized datasets and evaluation
protocols that enable objective, like-for-like comparison and
improve reproducibility. For example, CAMELYON16/17
established a standardized setting for WSI lymph-node
metastasis detection and classification, enabling systematic
benchmarking of WSI-level tumor recognition methods Eht-
eshami Bejnordi et al. (2017); Bandi et al. (2019). More
recently, Glo-VLMs extended benchmark-style evaluation to
fine-grained renal pathology classification under few-shot
regimes, offering a structured view of current VLM capabil-
ities and their limits Guo et al. (2026); Sohail et al. (2025).
Importantly, Glo-VLMs also highlighted remaining evidence
gaps and called for stronger feature-level diagnostic analyses,
repeated runs to assess stability, and evaluation on exter-
nal datasets to probe cross-center generalization. These
observations align with recent surveys emphasizing the im-
portance of feature analysis, few-shot learning, fine-grained
recognition, and cross-center robustness in medical imag-
ing Xiong et al. (2025); Hosseini et al. (2024); Nazir et al.
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(2023); Yoon et al. (2024). However, existing evaluations
typically study these dimensions in isolation across different
datasets and experimental settings, lacking a unified and
reproducible benchmarking protocol that jointly character-
izes these key variables. This fragmentation makes method
selection difficult, undermines the stability and comparabil-
ity of reported gains, and ultimately weakens evidence for
clinical usability.

To address this gap, we introduce a unified benchmark
for fine-grained renal pathology classification: under con-
trolled few-shot settings and cross-center external validation,
we systematically compare mainstream VLMs and multiple
adaptation strategies, and complement downstream metrics
with feature-level diagnostic analyses to characterize the
performance, representation and generalization relationship,
providing a reproducible basis for method comparison and
future translational evaluation.

3. Methods
3.1 Pipeline Overview

To overcome the limited generalizability of existing methods
for fine-grained pathological image classification, our ap-
proach centers on distinguishing among subtypes of diseased
glomeruli within a low-data setting. Specifically, we inves-
tigate the adaptation of VLMs to a five-class glomerular
pathology classification task, relying on only a small number
of labeled examples per category. As depicted in Fig. 1,
the pipeline begins with pathological image patches paired
with their corresponding class prompts (for example, “A
histopathology image of Atubular Glomerulus"). Both the
images and textual prompts are encoded using a pretrained
VLM backbone, which is adapted to the task either through
fine-tuning or the integration of lightweight modules. To
reflect the low-data scenario, this adaptation is performed
under few-shot conditions, where only a limited set of la-
beled exemplars per class is available to guide the alignment
between modalities. This process yields high-dimensional
embeddings for both images and prompts. Except for Clas-
sifier tuning, all methods use image—text cosine similarity
for inference: we compute the cosine similarity between
each image embedding and all class prompt embeddings,
applying a softmax transformation to produce a probabil-
ity distribution over the classes. The model then assigns
each image to the class with the highest similarity score.
For Classifier tuning, predictions are instead produced by a
learned classification head on frozen image features.

3.2 Foundation VLM Backbones

To systematically assess the influence of model design,
domain expertise, and modality alignment, we select three
VLM backbones, as illustrated in Fig. 2 parts a and b, that



From Classification to Cross-Modal Understanding

a. [

Contrastive Loss ]

[ Contrastive Loss ]

[ TextLoss

A
Image Loss
[imsoe toss )
A /
labels

] [ Image Loss ]_‘

L
4

A

[ Contrastive Loss ]
3
—| Text Loss I Fusion
Decoder

A

[ Pair-wise cosine similarity

J (

Pair-wise cosine similarity

e/

A

Image
Encoder

Text

\

Encoder / \

Image
Encoder

A

Text
Encoder

Image
Encoder

Text
Encoder

(

=
=

(e]e]=]s)

0
0
0
0

J \.

[S]=[=]s)

!

h\ Tumor metastasis found in Fig. 2. Pleuropulmonary
A photo of people ¢ s | colorectal cancer lymph blastoma... B The peripheral
;% i nodes #GlIPath multicystic lesion is...
Image from Caption from Image from Caption from Image from Caption from
Natural Image Natural Image Twitter Posts Twitter Posts PubMed PubMed
Vanilla ) Classifier \ Adapter LoRA

J

-

2D eaD

J/

(O Intermediate token

(O Template token

O

Class token

___

Trainable layer Frozen layer

Figure 2: (a) Model architectures. We compare contrastive VLMs with separate image and text encoders trained via
pairwise cosine similarity, and a CoCa-style architecture with an additional fusion/decoder branch. (b) Domain-specific
training data. We illustrate three sources of paired image-text data: natural images with generic captions, social media
posts from Twitter with informal expert commentary, and biomedical figures from PubMed with pathology-style captions.
(c) Fine-tuning strategies. We compare (i) Vanilla fine-tuning of the top layers, (ii) LoRA low-rank updates, (iii)
trainable adapters between frozen layers, and (iv) a classifier head on a frozen backbone. VLM adaptation uses only the
image—text contrastive loss, whereas Classifier tuning uses cross-entropy; no captioning loss is used.

differ in scale, architecture, and the extent of pathology-
specific training. These are: a general-purpose foundation
model (CLIP), a pathology-adapted CLIP model (PLIP),
and a pathology-native foundation model (CONCH).

= CLIP: A large-scale VLM Radford et al. (2021), trained
on roughly 400M images with natural language captions
using a symmetric contrastive learning objective. In this
work, we adopt the openai/clip-vit-base-patch16 vari-
ant, which employs a ViT-B/16 image encoder and a

Transformer-based text encoder Dosovitskiy et al. (2020).
Both encoders project their respective inputs into a shared
embedding space, normalized for cosine similarity. CLIP
enables zero-shot classification and retrieval by compar-
ing the embeddings of images against those of natural
language prompts for similarity-based matching.

PLIP: A pathology-adapted VLM Huang et al. (2023),
developed by retraining CLIP on over 200K pathology
image-caption pairs collected primarily from Twitter posts.
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The model retains the dual-encoder architecture of CLIP,
with a ViT-B/16 image encoder and a Transformer-based
text encoder, and projects both modalities into a shared
embedding space. By aligning histopathology images
with domain-specific textual descriptions, PLIP produces
embeddings that are more sensitive to pathology-specific
features and supports zero-shot classification and cross-
modal retrieval in the medical imaging domain.

= CONCH: A pathology-native VLM Lu et al. (2024), de-
veloped on the CoCa architecture Yu et al. (2022) with a
ViT-B/16 backbone. It is pretrained on 1.17M pathology
image-caption pairs curated from PubMed and related
pathology resources, combining contrastive alignment
and caption generation objectives. By integrating struc-
tured attention pooling and a fusion decoder within the
CoCa framework, CONCH learns fine-grained multimodal
representations of high-resolution histology and supports
zero-shot classification and cross-modal retrieval in the
pathology domain. In our experiments, we do not use a
captioning loss; we fine-tune CONCH using only image—
text contrastive learning with fixed class prompts.

3.3 Fine-tuning Strategies

To adapt VLMs for fine-grained glomerular classification in
few-shot settings, we examine four fine-tuning approaches,
as illustrated in Fig. 2 part c, spanning full-parameter
updates to highly parameter-efficient methods Gao et al.
(2024); Srinivasan et al. (2024); Hu et al. (2022); loffe
and Szegedy (2015). Vanilla fine-tuning modifies both
image and text encoders, while Adapter and LoRA insert
lightweight modules into the encoder to adjust internal
representations with minimal disruption. Classifier tuning
updates only the prediction head, keeping the backbone
fixed. For VLM adaptation methods (Vanilla, Adapter, and
LoRA), we compute class probabilities via cosine similarity
between image and text embeddings followed by softmax.
Since our task is classification with fixed prompts (not
caption generation), we optimize only the image—text con-
trastive loss and do not use any captioning loss. For Vanilla,
Adapter, and LoRA, we use the standard symmetric CLIP
image—text contrastive objective Radford et al. (2021). Let
S € RVXN denote the matrix of temperature-scaled cosine
similarities for a batch of IV paired image and text em-
beddings, and let yP*™ = (1,..., N) denote the diagonal
pairing targets. The final objective is

1 . )
£ITC = 5 [CE(S,ypalr) + CE(ST,ypalr)] ) (1)

The normalized embeddings, similarity scores, and direc-
tional loss terms are detailed in Appendix A. Classifier
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tuning uses standard multiclass cross-entropy; its complete
definition is also provided in Appendix A.

= Vanilla Fine-tuning Srinivasan et al. (2024): This
method unfreezes the top layers of the image and text
encoders and jointly updates their parameters along with
the task-specific head. By training these layers end-
to-end, the model adjusts its high-level representations
directly to the target task. However, this flexibility comes
at the cost of higher computational demands.

= Low-Rank Adaptation (LoRA) Hu et al. (2022): This
method injects additional trainable low-rank decompo-
sition matrices into the attention projection layers of
the top transformer blocks in both the vision and text
encoders. During training, only low-rank decomposition
matrices are updated while the original backbone weights
remain frozen. The rank r controls the dimensionality
of the adaptation subspace, and the scaling factor «
regulates the contribution of AW to the final projection.
This design reduces the number of trainable parameters
while preserving the pretrained backbone.

= Adapter Tuning Gao et al. (2024): This approach
preserves all pretrained encoder weights and introduces
lightweight bottleneck adapter modules into the Trans-
former layers Pfeiffer et al. (2020). In our setup, we
adopt sequential bottleneck adapter, which places a sin-
gle adapter block only after the feed-forward network
of each Transformer layer. Each adapter consists of a
down-projection from the hidden dimension d to a smaller
bottleneck dimension m, a non-linear activation, and an
up-projection back to d. The transformed output is then
added to the residual stream. During training, only the
adapter parameters are updated while the backbone re-
mains frozen, enabling parameter-efficient adaptation
with minimal additional overhead.

= Classifier Tuning loffe and Szegedy (2015): This
method freezes all backbone parameters and trains only
a lightweight classification head on top of the extracted
image features. We evaluate three variants: (i) a sin-
gle linear projection from the feature dimension to the
number of classes; (i) a two-layer multilayer percep-
tron (MLP) with a hidden layer and non-linear activa-
tion Guo et al. (2025); and (iii) the same two-layer MLP
augmented with batch normalization loffe and Szegedy
(2015) applied after the hidden layer. In all cases, the
classifier outputs class logits which are passed through a
softmax for prediction. For all reported Classifier tuning
results, the final classifier head maps the 512-dimensional
frozen image feature to a 512-dimensional hidden layer,
followed sequentially by batch normalization, a ReLU
activation, and dropout, before a final linear layer pro-
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(Alignment) minus mean negative class-prompt similarity, and therefore increases when matched pairs become closer
and/or unmatched class prompts become less similar. Together, these two effects capture how fine-tuning reduces
within-class image-text distance while enlarging across-class distance.

duces the C class logits. In our experiments, variant (iii)
performs best, and we use it for all reported results.

We additionally include two image-only linear-probe
baselines, ImageNet-pretrained ResNet-18 He et al. (2016)
and histopathology-specific self-supervised learning (SSL)
ResNet-18 Ciga et al. (2022), to contextualize the benefits
of cross-modal pretraining.

4. Experiments and Data

4.1 Data and Composition

We conducted experiments on two renal WSI cohorts, re-
ferred to as the Cornell dataset and the Vanderbilt dataset.

4.1.1 Cornell Dataset

The Cornell cohort retrospectively includes the non-tumoral
kidney parenchyma of eight radical nephrectomy cases,
yielding a total of 17 WSlIs, processed at the Department
of Pathology, Northwell Health, with specimens sourced
from Long Island Jewish Medical Center and Northshore
University Hospital (July 2017 to October 2019). Using the
provided annotation masks, we extracted 6,726 glomerulus-
centered patches and assigned each patch to one of five
glomerular subtypes: Atubular glomeruli (230, 3.42%),
Global glomerulosclerosis (2,500, 37.17%), Ischemic glomeruli

(502, 7.46%), Segmental glomerulosclerosis (271, 4.03%),
and Viable glomeruli (3,223, 47.92%).

4.1.2 Vanderbilt Dataset

The Vanderbilt cohort comprises 141 renal WSIs from 126
patients with linked patient-level clinical information. Tis-
sue specimens were processed as formalin-fixed, paraffin-
embedded blocks, sectioned at 3 pm, and stained with
Periodic Acid-Schiff. The cohort included 87 males and 39
females (mean age 63.4 £+ 12.0 years; median 63.8 years)
and was predominantly Caucasian (92.9%), followed by
African American (6.3%) and Asian-Pacific (0.8%). Avail-
able clinical annotations included serum creatinine, blood
urea nitrogen, creatinine clearance, hypertension, and dia-
betes; mean (median) serum creatinine, blood urea nitrogen,
and creatinine clearance were 1.68 (1.02) mg/dL, 22.82
(18.00) mg/dL, and 66.42 (72.74) mL/min, respectively.
From the WSlIs, we extracted 13,922 patches and assigned
each patch to one of five categories: Disappearing glomeruli
(434, 3.12%), Non-glomerular (4,865, 34.94%), Normal
glomeruli (3,609, 25.92%), Obsolescent glomeruli (4,289,
30.81%), and Solidified glomeruli (725, 5.21%).

809



Guo, 2026

ROC Comparison of Backbones and Fine-tuning Strategies Across Shots
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Figure 4: Receiver operating characteristic (ROC) curves across models and fine-tuning methods on Cornell
dataset. We compare two axes, model comparison (fixed strategy) and fine-tuning method comparison (fixed backbone),
by plotting true-positive rate (TPR) versus false-positive rate (FPR) across increasing shot counts.

4.2 Data Preprocessing

To standardize both the physical sampling resolution and
the model input dimensions across cohorts, image patches
were generated at a common target resolution of approx-
imately 0.50 um/pixel. The Cornell WSIs were acquired
at 20x magnification with a native pixel spacing of ap-
proximately 0.50 um/pixel, whereas the Vanderbilt WSIs
were acquired at 40x magnification with a native pixel
spacing of approximately 0.25 um/pixel, as recorded in
the WSI metadata. During patch extraction, Vanderbilt
image regions were downsampled to approximately 0.50
um/pixel to match the Cornell cohort. Individual glomeruli
were localized using the provided annotation masks, and an
annotation-derived bounding box was computed for each
glomerulus. The center of this bounding box was then used
as the center of a fixed 512 um x 512 um square field of
view. Sampling this field at approximately 0.50 um/pixel
produced a 1024 x 1024-pixel patch for downstream train-
ing. This procedure ensured consistent physical sampling
resolution and field of view across both cohorts.

For the textual component, we generate class-specific
prompts that serve as anchors for contrastive learning. Each
of the five glomerular subtypes is represented by a stan-
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dardized phrase in the form: “A histopathology image of
{label}.” The text prompt is kept fixed in all experiments
for consistency in image-text alignment.

To ensure valid few-shot evaluation, we build class-
balanced training sets with 1, 2, 4, 8, 16, and 32 shots per
class. We enforce strict WSI-level separation and patient-
level isolation. All training patches come only from training
WSlIs. The validation set uses only WSIs that never appear
in training. For both datasets, we used the same WSI-level
split strategy: 2 WSls for training, 2 WSIs for validation, and
all remaining WSiIs for testing. The validation set therefore
contains 136 samples for Vanderbilt and 790 samples for
Cornell. The few-shot training set contains 1, 2, 4, 8,
16, or 32 samples per class, corresponding to 5, 10, 20,
40, 80, or 160 total training samples per run, respectively.
For each of the 10 independent runs, we constructed a
distinct class-balanced training set from the same training
WSIs, while keeping the validation and test WSlIs fixed.
For each run and class, we first form a 32-sample superset
from the training WSIs. We fix a per-run permutation
and derive smaller shots as prefixes of this order, where
each smaller-shot subset is fully contained within all larger-
shot sets. This design guarantees that, for example, the
4-shot configuration contains the exact images from the
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Model Method

Accuracy

Shots 0 1

2 4 8 16 32

Adapter Gao et al. (2024) 0.3352+0.0000
Classifier loffe and Szegedy (2015)  0.3352+0.0000
LoRA Hu et al. (2022) 0.3352+0.0000
Vanilla Srinivasan et al. (2024) 0.3352+0.0000

CLIP Radford et al. (2021)

0.3873+0.1108
0.1200+0.0910
0.3671+0.1132
0.3505+0.1088

0.2960+0.0881  0.4290+0.1478  0.5124+0.0656 0.5617+0.0385  0.5947+0.0689
0.2838+0.1684  0.4445+0.1244  0.4997+0.1906 0.6686+0.0722  0.7140+0.0317
0.4430+£0.1116  0.4930+0.0829  0.5845+0.0668  0.6505+0.0462  0.7028+0.0655
0.4584+0.1421  0.5344+0.1184 0.6441+0.0728 0.6634+0.0709  0.7192+0.0392

Adapter Gao et al. (2024) 0.0363-+0.0000
Classifier loffe and Szegedy (2015)  0.0363+0.0000
LoRA Hu et al. (2022) 0.0363+0.0000
Vanilla Srinivasan et al. (2024) 0.0363+0.0000

CONCH Lu et al. (2024)

0.0403+0.0022
0.3468+0.1912
0.0379+0.0009
0.3045+0.1044

0.0929+0.0536  0.4446+0.2094 0.6617+0.0381  0.7437+0.0215 0.8082+0.0224
0.4802+0.1855  0.5584+0.2574  0.4664+0.2487  0.72224+0.0670  0.7892+0.0368
0.0390+0.0010  0.0486+0.0028  0.2806+0.0567  0.6002+0.0452  0.7251+0.0198
0.476440.1280 0.6060+0.1045 0.6929+0.0409 0.7707+0.0400 0.8098+0.0160

Adapter Gao et al. (2024) 0.32834:0.0000
Classifier loffe and Szegedy (2015)  0.3283+0.0000
LoRA Hu et al. (2022) 0.3283+0.0000
Vanilla Srinivasan et al. (2024) 0.3283+0.0000

PLIP Huang et al. (2023)

0.3615+0.0669
0.4357+0.1658
0.1894+0.0739
0.3038+0.1518

0.4200+£0.1471  0.5659+0.0702  0.5707+0.0544  0.6034+0.0577  0.6361+0.0670
0.4482+0.1909  0.5254+0.1531  0.6170+0.1088  0.6599+0.0693  0.6603+0.0683
0.2788+0.0874  0.2807+0.0737  0.4696+0.0876  0.5528+0.0841  0.5899+0.0658
0.4901+0.1743  0.5830+0.1387  0.5719+0.1387  0.6184+0.1013  0.6256+0.0622

ResNet-18 He et al. (2016) Supervised Learning 0.1047+0.0000

0.1078+0.0016

0.1345+£0.0014  0.3288+0.0834  0.3466+0.1019  0.2693+0.0868  0.1159+0.0448

SSL Ciga et al. (2022) Supervised Learning 0.3491-£0.0000

0.3479+0.0003

0.1523+0.1667  0.2888+0.1584  0.2899+0.1851  0.2968+0.0874  0.1668+0.1116

Model Method

AUC

Shots 0 1

2 4 8 16 32

Adapter Gao et al. (2024) 0.446240.0000
Classifier loffe and Szegedy (2015)  0.44624-0.0000
LoRA Hu et al. (2022) 0.4462+0.0000
Vanilla Srinivasan et al. (2024) 0.446240.0000

CLIP Radford et al. (2021)

0.5518+0.0599
0.6344+0.0487
0.5476+0.0715
0.6132+0.0534

0.5766+0.0478  0.6145+0.0271  0.6645+0.0133  0.7075+0.0324  0.7317+0.0414
0.6699-+0.0309  0.7171+0.0273  0.7452+0.0291  0.7867+0.0159  0.8064+0.0153
0.5969+0.0434  0.6284+0.0274 0.7190+0.0176  0.7849+0.0159  0.8148+0.0117
0.6399+0.0553  0.6824+0.0308 0.7463+0.0161  0.7909+0.0189  0.8245+0.0135

Adapter Gao et al. (2024) 0.4400-+0.0000
Classifier loffe and Szegedy (2015)  0.4400+0.0000
LoRA Hu et al. (2022) 0.4400+0.0000
Vanilla Srinivasan et al. (2024) 0.4400+0.0000

CONCH Lu et al. (2024)

0.4908+0.0066
0.7525+0.0390
0.4877+0.0039
0.6424+0.0476

0.5577£0.0515  0.6727+0.0911  0.7626+0.0143  0.8078+0.0100  0.8556+0.0110
0.7833+0.0325 0.8016-+0.0434 0.8195+0.0281 0.8502+0.0114 0.8700-£0.0093
0.4939+0.0097  0.5028+0.0128  0.6395+0.0142  0.7381+0.0135  0.7954+0.0099
0.7113+£0.0331  0.77374+0.0239  0.7789+0.0182  0.8294+0.0269  0.8573+0.0113

Adapter Gao et al. (2024) 0.4825-:0.0000
Classifier loffe and Szegedy (2015) 0.4825+-0.0000
LoRA Hu et al. (2022) 0.4825::0.0000
Vanilla Srinivasan et al. (2024) 0.4825+0.0000

PLIP Huang et al. (2023)

0.6349+0.0208
0.6719+0.0496
0.6171+£0.0251
0.6425+0.0359

0.6120+0.0731  0.6588+0.0196  0.7060+0.0186 0.7377+0.0234  0.7685+0.0068
0.6775+0.0368  0.7239+0.0332  0.7419+0.0230  0.7752+0.0203  0.7796+0.0146
0.6298+0.0454  0.6674+0.0138  0.7109+0.0168  0.775540.0163  0.8198+0.0087
0.6721+£0.0512  0.70554+0.0256  0.7311+0.0176  0.7653+0.0170  0.8102+0.0089

ResNet-18 He et al. (2016) Supervised Learning 0.45414-0.0000

0.4544+0.0003

0.5437+£0.0004  0.500740.0356  0.5092+0.0349  0.5014+0.0569  0.4985+0.0484

SSL Ciga et al. (2022) Supervised Learning 0.4657-+0.0000

0.4645+0.0008

0.5832+0.0895  0.4632+0.0475 0.5170+0.0850 0.5112+0.0729  0.5465+0.0472

Model Method

F1

Shots 0 1

2 4 8 16 32

Adapter Gao et al. (2024) 0.1080+0.0000
Classifier loffe and Szegedy (2015) 0.1080-£0.0000
LoRA Hu et al. (2022) 0.1080-:0.0000
Vanilla Srinivasan et al. (2024) 0.10804-0.0000

CLIP Radford et al. (2021)

0.1902+0.0595
0.0722+0.0489
0.1738+0.0511
0.2108+0.0464

0.1743£0.0497  0.242510.0692  0.2992+0.0238  0.3347+0.0153  0.349540.0356
0.1797£0.0930  0.272940.0613  0.3080+0.1029  0.3991+0.0339  0.4263+0.0145
0.2111£0.0526  0.262740.0494  0.3505+0.0187  0.4013+0.0118  0.4208+0.0313
0.2480+0.0695  0.306840.0424  0.3738+0.0225  0.4055+0.0238  0.432840.0200

Adapter Gao et al. (2024) 0.03760.0000
Classifier loffe and Szegedy (2015)  0.0376-0.0000
LoRA Hu et al. (2022) 0.0376+0.0000
Vanilla Srinivasan et al. (2024) 0.03760.0000

CONCH Lu et al. (2024)

0.0439+0.0036
0.2117+0.1053
0.0409+0.0013
0.2086+0.0464

0.0856+0.0404  0.2755+0.1189  0.3892+0.0177  0.4403+0.0120  0.4821+0.0192
0.3124+0.1029 0.3248+0.1704  0.3088+0.1373  0.4590+0.0319  0.4915+0.0291
0.0421£0.0015  0.0509+0.0025  0.2050+0.0250  0.3619+0.0257  0.4331+0.0113
0.2981+0.0595 0.3799+0.0387 0.4109-£0.0275 0.4640+0.0283 0.4957+0.0197

Adapter Gao et al. (2024) 0.1492-0.0000
Classifier loffe and Szegedy (2015) 0.1492+-0.0000
LoRA Hu et al. (2022) 0.1492-0.0000
Vanilla Srinivasan et al. (2024) 0.1492-0.0000

PLIP Huang et al. (2023)

0.2317+0.0352
0.2628+0.0658
0.1409+0.0364
0.2053+0.0781

0.2482+0.0829  0.3224+0.0318 0.3408+0.0219  0.3596+0.0222  0.3852+0.0260
0.2726+£0.0766  0.3251+0.0644  0.3698+0.0465 0.3986+0.0280  0.4057+0.0218
0.1964+0.0368  0.2154+0.0305 0.3161+0.0311  0.3682+0.0415 0.4038+0.0273
0.2815+0.0836  0.3423+0.0539  0.3489+0.0472  0.3809+0.0402  0.4161+0.0233

ResNet-18 He et al. (2016) Supervised Learning 0.067940.0000

0.0693+0.0007

0.0746+0.0013  0.11654+0.0366  0.1576+0.0370  0.1289+0.0321  0.0996+0.0321

SSL Ciga et al. (2022) Supervised Learning 0.1210+0.0000

0.1221+0.0001

0.0556+0.0584  0.123340.0455 0.1564+0.0844  0.1204+0.0229  0.100240.0505

Table 1: Few-shot classification performance on Cornell. Mean+SD Accuracy, AUC, and F1 across shot settings
{0,1,2,4,8,16,32} for all backbone and adaptation pairs. Here, k-shot denotes k labeled images per class used for
fine-tuning. For the VLMs, 0-shot denotes inference without few-shot adaptation; for the ResNet-18 linear-probe
baselines, 0-shot denotes the reference result obtained with a randomly initialized linear classification head before any
few-shot training. Bold indicates the best value within each shot column (higher is better).

2-shot set plus two additional images per class, enabling a
controlled comparison across shot levels. We also maximize
diversity across runs, especially for small shots. Each run
receives a distinct round-robin slice of the per-class pool,
and we prioritize that slice to reduce overlap across runs. All
sampling uses fixed random seeds and deterministic rules.

4.3 Experimental Design

To ensure robust and stable model optimization, we per-
formed a systematic exploration of key hyperparameters.
Training was conducted using the AdamW optimizer with an
initial learning rate of 3 x 104, incorporating a linear warm-
up stage followed by scheduled decay to ensure smooth and
stable convergence. To further strengthen generalization
and mitigate overfitting, we uniformly applied data augmen-
tation using the Albumentations Buslaev et al. (2020) library,
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AUC Comparison of Fine-tuning Methods Across Models and Types
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Figure 5: Discrimination across subtypes on Cornell. This figure summarizes per-class discrimination performance
across 10 runs. For each glomerular subtype, we report the distribution of AUC across VLM backbones, fine-tuning
strategies, and shot settings. GSG and SSG denote Globally Sclerotic Glomerulus and Segmentally Sclerotic Glomerulus,

respectively.

including vertical and horizontal flips, transpose, random
90° rotation, blur-based perturbations (MotionBlur, Medi-
anBlur, Blur), and contrast/texture adjustments (CLAHE,
RandomBrightnessContrast, Sharpen), and employed early
stopping with consistent patience and minimum-delta set-
tings across all experiments. For parameter-efficient adap-
tation, we set LoRA rank to r = 16 and scaling factor to
a = 32, and set the adapter bottleneck hidden dimension to
m = 64. For Classifier tuning, we used an MLP BatchNorm
head with one hidden layer; the input feature dimension
is 512. We optimized only the classifier-head parameters
using AdamW with a learning rate of 1 x 1072 and weight
decay of 1 x 10~*; the hidden dimension was set to 512,
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and the dropout rate was set to 0.1. The ResNet-18 and
SSL baselines use the same WSlI-level splits and few-shot
budgets as the VLM experiments. All experiments were
conducted on an NVIDIA RTX 6000 Ada Generation with
48 GB of VRAM. For quantitative results, we report the
mean and standard deviation over 10 independent runs.
Uniform Manifold Approximation and Projection (UMAP)
visualizations are generated from the run achieving the
highest AUC.
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Alignment and Similarity Gap Across Models
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Figure 6: Alignment and similarity gap across models on Cornell. This figure shows shot-wise trajectories of
Alignment and Similarity Gap for CLIP, PLIP, and CONCH under different fine-tuning strategies. Similarity Gap is
defined as mean positive similarity (Alignment) minus mean negative similarity. CLIP and PLIP are demonstrated in

both regular and enlarged panels to show their behavior.

4.4 Evaluation Metrics

We evaluated all methods on a five-class glomerular clas-
sification task using a fixed train-validation split and stan-
dardized class prompts. Performance was reported using
overall accuracy, macro-AUC, and F1 score, with identical
data augmentation and early stopping applied to ensure a
fair comparison Wang and Carvalho (2024).

In addition to standard metrics, we further assessed in-
ternal representation alignment by measuring the alignment
and similarity gap, as depicted in Fig. 3. Alignment quanti-
fies the average cosine similarity between paired image-text
embeddings, reflecting how well the two modalities are
semantically matched, and is computed in Eq. 2:

N
Alignment = % > cos(zi, wy,). (2)
i=1
The similarity gap measures the mean separation be-
tween the positive class prompt and the negative class
prompts, capturing the model's discriminative ability in
distinguishing aligned from unaligned class-level representa-
tions and is defined in Eq. 3:

N

1
Similarity Gap = N Z cos(z;, Wy,)
i=1
1 c (3)
- cos(zi, We).
{CEEPIPD
cFY;

where z; denotes the normalized image embedding of the
i-th sample, y; is its class label, C'is the number of classes,
and w,. denotes the normalized text embedding of the
prompt for class c. The negative term averages over all class
prompts other than the ground-truth class prompt for each
image. Therefore, the similarity gap increases when positive
class-prompt similarity rises, negative class-prompt similarity
decreases, or both. Together, these two metrics provide
complementary perspectives on multimodal consistency. We
also visualized multimodal feature distributions using UMAP
for dimensionality reduction and kernel density estimation
(KDE) for density-based visualization to provide qualitative
insights. UMAP was chosen as it provides a compact yet
faithful two-dimensional representation of the embedding
space, facilitating visual comparison of inter-class and cross-
modal distributions. All UMAP embeddings and KDE
visualizations were produced using consistent settings across
experiments.

Beyond alignment-based measures, we report Intra-Class
Distance and Silhouette Score. For intra-class distance,
let x; denote the image representation used for geomet-
ric analysis and y; its class label. For Classifier tuning,
X; is the penultimate hidden representation of the tuned
MLP head fed by fixed 512-D CONCH features; for the
other fine-tuning strategies, x; is the corresponding image
embedding produced by the tuned encoder. We obtain
the two-dimensional UMAP projection u; = UMAP(x;)
using fixed hyperparameters and seed across experiments.
Intra-class distance is the mean pairwise euclidean distance
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among same-class samples in the UMAP space, as shown
in Eq. 4:

ICD—|C|Z 5 > -l (4)

i<j

yi=y;=c

where C is the set of classes and n, is the number of samples
in class c. To assess separability in the same representation
space, we compute the Silhouette score Rousseeuw (1987)
on {x;} with cosine distance. For each sample, a; denotes
its mean distance to samples in the same class, whereas
b; denotes its minimum mean distance to any other class.
The final score is

1 N bi—ai

N ; max{a;, b;}’

1

S = Se[-1,1]. (5)
Detailed definitions of a; and b; are provided in Appendix A.

To quantify model confidence and better characterize
decision boundaries, we additionally evaluate ECE Guo et al.
(2017) and boundary margin, defined as the top-1 vs. top-2
probability gap. We compute top-1 ECE using M = 15

equal-width confidence bins over [0, 1]:

o |
ECE = )

m

B,,) — conf(By,)|. (6)

lace(
Here, N is the number of test samples and |B,,| is the
number of samples in bin B,,; lower ECE indicates better-
calibrated predicted probabilities. The bin-level accuracy
and confidence definitions are provided in Appendix A.

We quantify boundary margin as a simple proxy for deci-
sion boundary sharpness in the model’s predicted probability
space. For each sample ¢ with predicted class probabilities
pi = softmax(s;), let p( ) and pg ) denote the largest and
second-largest entries in p;, respectively. The boundary
margin is defined in Eq. 7:

(1)

Ap; = b; (2)

_p’L

(7)

Larger Ap; indicates a clearer separation between the top
prediction and the closest alternative, suggesting that the
sample lies farther from the decision boundary in the model’s
predicted probability space.

For clinical label-quality assessment, we additionally
performed an expert label audit on a balanced subset of
500 Cornell patches, with 100 patches sampled from each
of the five classes. Three doctors independently reviewed
the class assignment of each patch using the same five-class
schema. We quantified inter-rater reliability using Fleiss’
K Fleiss (1971), which measures agreement beyond chance.
Its final form is

"U |

P -
1—

KR =

(8)

|
o
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where P is the mean observed agreement and P, is the
expected agreement by chance. Their detailed computation
is provided in Appendix A. In our study, N =500, n = 3,
and £ = 5. We computed physician recall within each
ground-truth class and a one-vs-rest Fleiss' x for each class
by collapsing that class against the remaining four classes.
The Average entry in the class-wise k row is therefore a
macro-average across the five one-vs-rest Fleiss' x values.

5. Results
5.1 Model Validation
5.1.1 Classification Performance

Tables 1 and S1 show a shared supervision trend across
Cornell and Vanderbilt datasets: performance improves as
shots increase, and AUC changes are the most consistent
among the three metrics. In both ROC-AUC plots from
Figs. 4 and S1, curves progressively shift toward the upper-
left region. At higher shots, the strongest configurations are
dominated by CONCH-based models, with CONCH with
Vanilla leading most high-shot endpoints and CONCH with
Classifier giving the top AUC on Cornell.

Across backbones, CONCH shows the strongest medium-
to-high-shot behavior on both datasets. Cornell presents a
low-shot regime where PLIP is competitive, but CONCH
becomes dominant from moderate supervision onward. On
the Vanderbilt dataset, CONCH remains the most competi-
tive backbone through most shot settings, while CLIP and
PLIP improve more gradually and stay behind at high shots.
Across adaptation strategies, Vanilla exhibits the most per-
sistent cumulative gains and most frequently attains the
best medium /high-shot results, especially for Accuracy and
F1. Adapter and LoRA are generally intermediate, with
LoRA often narrowing the gap at higher shots. Classifier
tuning is the most dataset-dependent strategy: it is strong
for CONCH-AUC on Cornell, but it is consistently weak
on the Vanderbilt dataset across backbones. The clearest
cross-dataset split is therefore observed in Classifier tun-
ing, which performs competitively on Cornell but degrades
on the Vanderbilt dataset. A second split is in improve-
ment breadth: Cornell shows broader gains across multiple
backbone-strategy combinations, whereas the Vanderbilt
dataset concentrates its strongest gains in CONCH with
Vanilla adaptation. Qualitatively, the Cornell and Vanderbilt
boxplots show a shared supervision trend: as shots increase,
AUC medians generally move upward and the distributions
become more concentrated, with Vanilla frequently yield-
ing the strongest high-shot profiles (Figs. 5 and S2). In
Cornell, method trajectories are comparatively aligned, and
backbone-level differences are present but moderate. By
class, GSG and Viable tend to show higher and tighter dis-
tributions, whereas Ischemic and SSG remain broader with
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KDE and UMAP Visualization of the CONCH Model Under Various Fine-Tuning Methods and Shot Settings
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Figure 7. UMAP /KDE visualization of embeddings across shots on Cornell. This figure shows text and image
embeddings from the best CONCH run across shot settings. For Classifier tuning, text is not updated and only image-side
embeddings are shown. Specifically, for Classifier tuning we visualize the penultimate hidden representation of the tuned

MLP head (fed by fixed 512-D CONCH features), which changes as the head is updated. The companion Table 2

reports Intra-Class Distance and Silhouette Score.

longer whiskers, indicating greater classification difficulty.

In the Vanderbilt dataset, the most salient pattern is
stronger separation across adaptation strategies. Vanilla,
and in several settings LoRA, show clearer upward median
shifts and tighter high-shot boxes, while Classifier tuning
remains consistently lower and more dispersed across back-
bones and classes. Relative to Cornell, this method-level
divergence is substantially larger in the Vanderbilt dataset
and becomes the dominant qualitative feature of the boxplot
results.

5.1.2 Cross-Multimodalities Comparison

As shown in Figs. 6 and S3, Cornell and Vanderbilt datasets
exhibit the same directional pattern in cross-modal metrics.
With increasing supervision, Alignment generally rises, and
Similarity Gap shifts from near-zero to clearly positive values.
Across backbones, Adapter most often gives the highest
Alignment, whereas Vanilla most often gives the largest
Similarity Gap, with LoRA typically in between.

The main cross-dataset difference is therefore the strength
of these trends. Cornell shows steeper increases and clearer
method separation, especially at medium-to-high shots and
most visibly on CONCH. Vanderbilt follows the same or-
dering but with flatter trajectories and more overlap across
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Method Intra-Class Distance Silhouette Score
Model
Shots 0 1 2 4 8 16 32 0 1 2 4 8 16 32
Adapter Gao et al. (2024) 2.5430 24421 24591 25170 3.1200 2.6249 24683 0.0373 0.0330 0.0318 0.0307 0.0701 0.0677 0.0803
CLIP Radford et al. (2021) Classifier loffe and Szegedy (2015) 2.5430 2.4863 2.3897 2.6498 2.7732 28545 29882 0.0373 0.0490 0.0292 0.0718 0.0884 0.0807 0.0968
' LoRA Hu et al. (2022) 2.5430 2.3812 2.4981 25857 3.0166 2.5515 2.4130 0.0373 0.0332 0.0310 0.0331 0.0591 0.0557 0.0968
Vanilla Srinivasan et al. (2024) 2.5430 2.6376 2.3177 2.3004 2.5726 2.3463 2.6607 0.0373 0.0440 0.0279 0.0410 0.0773 0.0665 0.1252
Adapter Gao et al. (2024) 3.0591 3.1978 3.4481 3.1913 3.0749 3.0657 2.8749 0.1812 0.1794 0.1729 0.1614 0.1931 0.2150 0.3158
CONCH Lu et al. (2024) Classifier loffe and Szegedy (2015) 3.0591 2.9927 3.0976 2.8299 3.6277 3.6330 3.6131 0.1812 0.1870 0.2002 0.1775 0.2929 0.2301 0.2887
’ LoRA Hu et al. (2022) 3.0591 3.1626 3.0679 3.1751 3.2274 3.1471 3.0469 0.1812 0.1805 0.1806 0.1800 0.1774 0.1767 0.1873
Vanilla Srinivasan et al. (2024) 3.0591 3.3166 3.2381 3.0948 3.1859 2.8229 2.3254 0.1812 0.1864 0.1792 0.2041 0.3027 0.3453 0.3923
Adapter Gao et al. (2024) 46734 47702 53012 45804 4.6559 4.5383 4.3455 0.0768 0.0801 0.0768 0.0677 0.1049 0.0900 0.0975
PLIP Huang et al. (2023) Classifier loffe and Szegedy (2015) 4.6734 4.0596 5.0829 4.5074 4.2935 4.4788 4.4356 0.0768 0.1336 0.1356 0.1350 0.1314 0.1450 0.1548
: LoRA Hu et al. (2022) 46734 48622 43826 50877 4.7062 4.7701 5.0552 0.0768 0.0711 0.0703 0.0687 0.0915 0.0964 0.1260
Vanilla Srinivasan et al. (2024) 46734 46071 46863 5.1612 4.7397 4.8918 4.9956 0.0768 0.0790 0.0762 0.0862 0.0951 0.1109 0.1214

Table 2: Intra-Class Distance and Silhouette Score on Cornell.

Few-shot geometric metrics under three backbones:

CLIP, CONCH, and PLIP across shot settings {0, 1,2,4,8,16,32} and four fine-tuning strategies. Intra-Class Distance
measures within-class compactness in the UMAP space (lower is better), and Silhouette Score measures cluster separability
in the original embedding space using cosine distance (higher is better). For Classifier tuning, both metrics are computed
from the penultimate representation of the tuned MLP head.

methods in several settings. In short, the two datasets
share a consistent trend structure, while differing in effect
magnitude.

Consistent with the alignment/similarity trends, the
UMAP projections (Figs. 7 and S4) show progressively
improved structure with increasing shots: image clusters
become more compact, class-wise regions become more
separable, and text anchors move closer to their correspond-
ing image groups in the stronger settings. On Cornell, this
refinement is most evident for CONCH with Vanilla, where
high-shot embeddings form the clearest modality-consistent
organization. On Vanderbilt, the same directional improve-
ment is present, but Adapter and Vanilla remain closer to
each other in visual quality, with less pronounced separation
between the two.

The quantitative geometry metrics follow the same pat-
tern (Tables 2 and S3). In Cornell, high-shot CONCH with
Vanilla most clearly combines lower Intra-Class Distance
with higher Silhouette, matching the cleaner UMAP layout.
In Vanderbilt, both Adapter and Vanilla improve the geome-
try, but their gap is modest, again reflecting weaker method
separation than in Cornell. Across both datasets, Classifier
tends to show less coherent geometric behavior, which is
also visible as less stable cluster structure in UMAP.

5.1.3 Confidence Calibration and Decision Boundary
Margin Analysis

We additionally report ECE and boundary margin (Tables 3
and S2) to characterize confidence quality and decision
boundary behavior. Lower ECE indicates better calibration,
while higher margin indicates clearer class separation.

On Cornell, metrics are broadly aligned: increasing
supervision generally improves classification quality, cali-
bration, and margin in stronger settings, particularly for
high-shot CONCH and Vanilla adaptation, whereas the ex-
treme low-shot regime shows the main discrepancy, with
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some settings remaining low-performing despite produc-
ing high-confidence and poorly calibrated predictions, as
indicated by ECE.

On Vanderbilt, the trend is more heterogeneous across
methods. Although classification improves at higher shots
for the better adaptation strategies, ECE often remains
comparatively high, and method-level differences become
more pronounced with supervision. The clearest mismatch is
concentrated in Classifier tuning, where confidence-related
signals remain strong while classification quality stays weak
across multiple backbones.

Cross-dataset divergence is therefore most evident along
two axes: strategy and shot regime. Strategy-wise, Classi-
fier tuning is the largest split between datasets; shot-wise,
Cornell mismatches are mainly early-shot, whereas Vander-
bilt mismatches are more persistent in medium-to-high-shot
settings.

5.2 Clinical Validation
5.2.1 Expert Label Audit

To assess label reliability from a clinical perspective, we
conducted an expert label audit on a balanced subset of 500
Cornell patches (100 per class). The class-wise summary
is reported in Table 4. When agreement was computed
jointly across all 500 reviewed patches and all five classes,
the overall multiclass Fleiss’ x was 0.762, indicating sub-
stantial agreement. This overall value is distinct from the
table's Average one-vs-rest k entry (0.7615), which is a
macro-average across classes rather than a single multiclass
agreement estimate. Among the 500 reviewed patches,
365 (73.0%) received identical labels from all three raters,
and 489 (97.8%) received the same label from at least two
raters.

Agreement was not uniform across classes. Global
Glomerulosclerosis showed near-perfect inter-rater agree-
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Model Method

ECE (Top-1)

Shots 0 1

2 4 8 16 32

Adapter Gao et al. (2024) 0.1220+0.0000
Classifier loffe and Szegedy (2015)  0.1220+0.0000
LoRA Hu et al. (2022) 0.1220+0.0000
Vanilla Srinivasan et al. (2024) 0.1220+0.0000

CLIP Radford et al. (2021)

0.1336+0.0583
0.1317+0.0625
0.1119+0.0523
0.1702+0.0726

0.0832+0.0511  0.1926+0.0830 0.1784+0.0450  0.1460+0.0370  0.1307+0.0490
0.1067+0.0370  0.1411+0.0984  0.0932+0.0471 0.0618+0.0312 0.0476+0.0219
0.1631£0.0520  0.22314+0.0716  0.0798+0.0271  0.0641+0.0271  0.0525+0.0428
0.1150+0.0848  0.1597+0.0813  0.0741+£0.0377  0.0822+0.0489  0.0829+0.0341

Adapter Gao et al. (2024) 0.1790-+0.0000
Classifier loffe and Szegedy (2015)  0.1790-+0.0000
LoRA Hu et al. (2022) 0.1790+0.0000
Vanilla Srinivasan et al. (2024) 0.1790+0.0000

CONCH Lu et al. (2024)

0.8659+0.0064
0.1875+0.1001
0.8672+0.0013
0.4287+0.1241

0.7665+0.0889  0.3776+0.2461 0.1841+0.0353  0.1462+0.0238  0.1234+0.0178
0.2588+0.1676  0.3281+0.1150  0.27274+0.1230  0.3610+0.1562  0.2004+0.1815
0.8657+0.0021  0.8349+0.0121  0.5096+0.0671  0.2203+0.0330  0.1575+0.0167
0.2662+0.1084  0.19384+0.0695 0.1255+0.0405 0.1104+0.0262  0.0954+0.0192

Adapter Gao et al. (2024) 0.11204-0.0000
Classifier loffe and Szegedy (2015)  0.1120+0.0000
LoRA Hu et al. (2022) 0.1120+0.0000
Vanilla Srinivasan et al. (2024) 0.1120+0.0000

PLIP Huang et al. (2023)

0.1102+0.0501
0.2462+0.0928
0.3033+0.0983
0.3047+0.1390

0.1022+0.0888  0.1736+0.0550 0.0658-:0.0203 0.0763+0.0423  0.0582+0.0383
0.2587+0.1440  0.1898+0.1135 0.1523+0.1122  0.0826+0.0540  0.0780+0.0514
0.1900+£0.0762  0.1710+0.0563  0.1203+0.0584  0.1388+0.0824  0.1407+0.0672
0.1433+0.0988  0.1161+0.0988  0.1347+0.0901  0.1023+0.0794  0.1226+0.0622

ResNet-18 He et al. (2016) Supervised Learning 0.2614+0.0000

0.2523+0.0015

0.2496+0.0025 0.1039+0.0364 0.1005+0.0359  0.0889+0.0678  0.16554-0.0494

SSL Ciga et al. (2022) Supervised Learning 0.0877-£0.0000

0.0896-+0.0004

0.2444+0.0280 0.1550+0.0519  0.1619+0.1059  0.1056+0.0441  0.1104+0.0765

Model Method

Boundary Margin (Mean)

Shots 0 1

2 4 8 16 32

Adapter Gao et al. (2024) 0.00060.0000
Classifier loffe and Szegedy (2015)  0.0006-0.0000
LoRA Hu et al. (2022) 0.0006+0.0000
Vanilla Srinivasan et al. (2024) 0.00060.0000

CLIP Radford et al. (2021)

0.0589+0.0185
0.0181+0.0156
0.0642+0.0247
0.2218+0.1082

0.0459+0.0220  0.0525+0.0197  0.1491+£0.0294  0.2230+0.0484  0.2762+0.1015
0.1023+£0.1293  0.1488+0.1683  0.3085+0.2280  0.5333+0.1413  0.5879+0.0519
0.0773+£0.0342  0.0520+0.0132  0.3226+0.0685 0.4614+0.0681  0.5753+0.0503
0.2319+£0.1293  0.1751+0.0861  0.4876+0.0757  0.5545+0.0902  0.6614+0.0283

Adapter Gao et al. (2024) 0.0114+0.0000
Classifier loffe and Szegedy (2015)  0.0114+0.0000
LoRA Hu et al. (2022) 0.0114+0.0000
Vanilla Srinivasan et al. (2024) 0.0114+0.0000

CONCH Lu et al. (2024)

0.8240+0.0147
0.0191+0.0208
0.8208+0.0018
0.5468+0.0561

0.7493+0.0601  0.6818+0.0787 0.7192:0.0404 0.7987+0.0322 0.8731+0.0145
0.0191£0.0164  0.0681+0.0640 0.0503+0.1048  0.1979+0.2749  0.5042+0.2995
0.8201+0.0036 0.7858+0.0168 0.6286+0.0259  0.6797+0.0277  0.7864+0.0144
0.5566+0.0605 0.6510+0.0941  0.6797+0.0552  0.7877+0.0592  0.8298+0.0438

Adapter Gao et al. (2024) 0.0016-+0.0000
Classifier loffe and Szegedy (2015)  0.0016+0.0000
LoRA Hu et al. (2022) 0.0016+0.0000
Vanilla Srinivasan et al. (2024) 0.0016+0.0000

PLIP Huang et al. (2023)

0.1646+0.0216
0.1031+0.0937
0.2311+0.0583
0.3785+0.1417

0.1466+0.0315  0.14184+0.0268 0.3196+0.0546 0.4138+0.0739  0.4688+0.0348
0.1439+£0.1589  0.2292+0.2142  0.3272+0.1777  0.4813+0.1514  0.4694+0.1190
0.1814+0.0509  0.18134+0.0398  0.3407+0.0591  0.4850+0.0384  0.5315+0.0222
0.3038+0.0939  0.35354+0.0609 0.4180+0.0727  0.4564+0.0483  0.5517+0.0525

ResNet-18 He et al. (2016) Supervised Learning 0.0914-£0.0000

0.0885+0.0004

0.1355+0.0016  0.135540.0350  0.0733+0.0142  0.1057+0.0397  0.0521+0.0057

SSL Ciga et al. (2022) Supervised Learning 0.0481+0.0000

0.0475+0.0002

0.0896+0.0341  0.0266+0.0056  0.0213+0.0047  0.0358+0.0165  0.0244+0.0070

Table 3: ECE and boundary margin on Cornell. ECE (Top-1) and boundary margin mean scores (Mean+SD) across
shots {0, 1,2,4,8,16,32}. Column-wise best values are bolded (lower is better for ECE; higher is better for boundary

margin).

ment, while Ischemic Glomeruli showed the lowest agree-
ment. Viable Glomeruli had high class-wise physician re-
call/sensitivity but lower one-vs-rest inter-rater &, indicating
that per-class recognition and agreement do not always
move together. Overall, the expert audit supports the relia-
bility and clinical plausibility of the benchmark labels while
also showing that some classes are more challenging than
others. We focused this audit on the Cornell subset because
Cornell serves as the primary fine-grained glomerular sub-
type benchmark in this study, and its five classes represent
closely related morphologic subtypes with known boundary
ambiguity, particularly across ischemic change, segmental
sclerosis, and global sclerosis.

5.3 Discussion

Across both cohorts, increasing supervision consistently
improves downstream discrimination. At the same time,
the gain profile differs by dataset: Cornell shows steeper
and more stable improvements, whereas Vanderbilt follows
the same direction with smaller effect size and stronger
method sensitivity. This overall pattern indicates that few-
shot scaling is reproducible across centers, but its practical
benefit still depends on backbone and adaptation choice

under dataset-specific distributions.

From the backbone perspective, pathology-specialized
models outperform general CLIP, with CONCH showing the
strongest high-shot ceiling. The advantage of CONCH/PLIP
over CLIP is consistent with domain-informed pretraining:
pathology-native representations start from a more rele-
vant semantic prior and require fewer labels to reach useful
discrimination. The further separation between CONCH
and PLIP at higher shots likely reflects architectural and
objective-level differences in multimodal pretraining, which
become more visible once supervision is sufficient to exploit
model capacity. In practical terms, this suggests a two-stage
pattern in which domain knowledge dominates early-shot
utility, while representational flexibility determines high-shot
headroom.

From the adaptation perspective, Vanilla is the most
consistently effective at medium-to-high shots, while Classi-
fier tuning is the least robust. Vanilla fine-tuning can jointly
reshape feature geometry and decision boundaries rather
than only reweighting a fixed embedding space. Adapter
and LoRA provide useful but more constrained updates,
and they often improve progressively with additional labels.
By contrast, Classifier tuning is highly conditional: it can
appear competitive when frozen features are already well
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Metric Atubular Glomeruli  Global Glomerulosclerosis  Ischemic Glomeruli  Segmental Glomerulosclerosis  Viable Glomeruli  Average
Doctor 1 0.6900 1.0000 0.9700 0.8000 0.9500 0.8820
Doctor 2 0.6900 1.0000 0.4100 0.7600 0.9500 0.7620
Doctor 3 0.7300 1.0000 0.7100 0.9100 0.9000 0.8500
One-vs-rest Fleiss’ « 0.8419 0.9835 0.5497 0.7422 0.6900 0.7615

Table 4: Human pathologist performance baseline on a blinded glomeruli subset. Class-wise pathologist recall
and inter-pathologist agreement are reported to contextualize model performance. Recall is computed within each
ground-truth class. Fleiss' k is computed per class using a one-vs-rest formulation; the Average entry for this row is the

macro-average of the five one-vs-rest Fleiss’ x values.

aligned, but it degrades rapidly when representation shift
is non-trivial, producing unstable behavior across datasets
and shot regimes.

The cross-modal results add an important complemen-
tary view. Adapter tends to maximize alignment, whereas
Vanilla more often enlarges the similarity gap and improves
geometric separability. This difference is expected because
alignment and similarity gap are complementary rather than
interchangeable: higher alignment mainly reflects stronger
positive-pair attraction, while a larger similarity gap requires
simultaneous separation from mismatched classes. Accord-
ingly, Adapter can lead alignment without always yielding
the best classification, whereas Vanilla is more consistently
associated with cleaner UMAP geometry (lower intra-class
distance and higher silhouette in the strongest settings).
Again, Cornell and Vanderbilt show the same direction
but different intensity, with clearer method separation on
Cornell.

Calibration and boundary analyses further refine this
picture. The key failure mode is confident error, which
is more persistent on Vanderbilt. High margin alone is
not sufficient for reliability if calibration is poor. In this
setting, confidence-related signals can remain strong while
correctness stays low, creating a clinically relevant mismatch.
In our results, this mismatch is concentrated in low-shot
extremes on Cornell but persists into medium/high-shot
settings on Vanderbilt for less robust strategies, indicating
greater confidence fragility under external domain shift.

When model failure occurs, it is concentrated in two
recurring scenarios. First, errors are most likely for glomeruli
that lie along the morphological continuum from ischemic
change to segmental sclerosis and then global sclerosis,
where subtle structural differences make discrimination more
difficult under a single-label five-class formulation. This
interpretation is consistent with the broader and less stable
class-wise behavior observed for the more difficult categories,
particularly Ischemic and SSG. Second, failure also arises
under external domain shift, especially on Vanderbilt and
for weaker adaptation strategies such as Classifier tuning,
where confidence-related signals can remain strong even
when classification quality is limited. In this setting, the
dominant risk is not simply low confidence, but confident
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error, indicating that a high decision margin alone is insuffi-
cient evidence of reliable performance under cross-center
variation.

These cross-center differences are consistent with, but
cannot be attributed solely to, institution-specific appear-
ance variation, including staining and scanner effects, su-
perimposed on cohort heterogeneity. Within the two evalu-
ated cohorts, increasing the target-cohort shot budget was
associated with improved discrimination, embedding geom-
etry, and cross-modal separation, particularly for stronger
backbones and Vanilla adaptation. However, calibration
fragility and method sensitivity persisted on Vanderbilt even
at medium-to-high shot settings. Therefore, the present
results suggest that additional in-domain supervision may
help adaptation to center-specific visual variation, but they
do not establish general mitigation of domain shift. Broader
multi-center evaluations spanning additional scanners, stain-
ing protocols, and patient populations are needed to test
this hypothesis.

The timing analysis adds a computational-efficiency per-
spective to the performance results in Tables S4 and S5.
Image-only baselines achieve the highest raw throughput,
but their weaker discrimination shows that speed alone does
not characterize overall model performance. Within VLMs,
PLIP and CLIP generally run faster, whereas CONCH pro-
vides stronger high-shot discrimination at a higher inference-
time cost. Adaptation effects on throughput are method-
and cohort-dependent: Classifier tuning is often the fastest
VLM adaptation strategy, but its weaker robustness off-
sets this computational advantage; Adapter tuning offers a
potentially useful trade-off in some settings, although its
throughput advantage over Vanilla is not consistent across
cohorts. For CONCH, Adapter improves throughput relative
to Vanilla on Vanderbilt but not on Cornell. For future
translational evaluation, model comparison should jointly
consider discrimination, calibration, and inference through-
put rather than any single metric; these benchmark-level
comparisons do not by themselves establish clinical utility.

Taken together, within this retrospective two-cohort
benchmark, the findings support a research-oriented model-
selection pattern rather than a deployment rule. Pathology-
specialized backbones provided stronger low-shot initializa-
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tion, CONCH with Vanilla adaptation achieved the strongest
discrimination when sufficient supervision was available, and
Adapter tuning may warrant consideration when throughput—
performance trade-offs are important. Calibration and mar-
gin analyses should accompany discrimination metrics in
subsequent validation studies, particularly because confi-
dent errors persisted under cross-center variation. These
observations can inform the design of prospective evalua-
tions but should not be interpreted as recommendations for
clinical deployment or safety.

5.4 Limitations

This study has several limitations. First, we use a single
fixed text template for class prompts across all experiments.
This design improves experimental control and compara-
bility across backbones and adaptation strategies, but it
also limits the richness of textual supervision and may un-
derestimate the contribution of prompt design and textual
priors to downstream vision-language performance. Fu-
ture work should evaluate richer textual inputs, including
morphology-specific descriptions, clinically relevant contex-
tual information, and more structured reasoning-oriented
prompts, together with systematic prompt sensitivity analy-
ses.

Second, our few-shot experiments use repeated random
class-balanced subsets while keeping the WSI-level train,
validation, and test split fixed. This design was chosen to
enable controlled shot-scaling comparisons, so that differ-
ences between 1-, 2-, 4-, and higher-shot settings primarily
reflect the addition of training examples rather than changes
in WSI composition, staining, scanner characteristics, tissue
quality, or validation-set difficulty. The fixed validation
WSils also provide a consistent basis for early stopping and
hyperparameter selection across shot settings and adapta-
tion strategies. However, this design does not fully quantify
split-to-split variability, and the conclusions may still be
influenced by the particular WSI partition used in this study.
Repeated WSI-level resampling or cross-validation would ad-
dress this complementary question more directly and should
be considered in future larger-scale evaluations.

Third, we formulate glomerular morphology as a single-
label five-class task. Although this setting provides a con-
trolled benchmark, it may not fully capture the full spectrum
of morphologic variation observed in practice, particularly
along transitions from ischemic change to segmental scle-
rosis and then global sclerosis. A more clinically faithful
extension would represent lesions with multi-label annota-
tions or lesion tags, allowing overlapping findings to be
modeled explicitly while improving interpretability and bet-
ter reflecting pathological continuity.

Fourth, this study is retrospective and includes a limited
number of cohorts and centers. Although the Vanderbilt

cohort provides a cross-center evaluation under a distinct
label schema and appearance distribution, the present de-
sign does not assess prospective workflow performance,
human—Al interaction, or clinical safety, and it cannot es-
tablish broad generalizability across institutions, scanners,
staining protocols, or patient populations. Accordingly, the
throughput, calibration, and representation analyses should
be interpreted as comparative research evidence rather than
evidence of clinical readiness.

Finally, the expert label audit was limited to the Cornell
subset. Similar annotation ambiguity may also affect Van-
derbilt, especially near boundaries among disappearing, nor-
mal, obsolescent, solidified, and non-glomerular categories.
However, Vanderbilt uses a different label schema from
Cornell, and an equivalent blinded multi-rater re-annotation
workflow was not available for the current study. Future
work should extend expert-audit analysis to external cohorts
using harmonized review protocols.

6. Conclusion

In this study, we frame fine-grained glomerular subtyping
as a clinically motivated few-shot problem and use it to
jointly examine supervision, adaptation strategy, and multi-
modal representation. We show that performance improves
consistently with additional supervision, with meaningful
gains already emerging from only a handful of labeled ex-
emplars per class. Pathology-specialized VLM backbones
offer a clear advantage in the extreme low-shot regime,
but this gap narrows as more supervision becomes avail-
able. We also find that adaptation strategy governs not
only accuracy but also how image and text features are
organized. These observations indicate that multimodal
alignment alone is not sufficient; how the model reshapes
decision boundaries under limited labels is equally critical.
Taken together, within this retrospective two-cohort setting,
our results provide comparative evidence for model selec-
tion and annotation allocation under the evaluated data
constraints. Alignment- and separability-based metrics may
serve as candidate research indicators for future prospec-
tive multi-center validation, but they do not by themselves
establish clinical readiness.
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Appendix A. Detailed Mathematical Definitions

This appendix provides the detailed standard formulations
underlying the compact final definitions retained in the main
text.

A.1 Training Objectives

For a paired image x; and class prompt y;, let fg and g4
denote the image and text encoders, respectively, and let 7
denote the temperature. The normalized embeddings and
temperature-scaled similarities are

_ folw) _ 9s(wi) v
Vi= T ti= 5 —— Sij = .
[ fo ()l g6 (i)l T
(S1)
The two directional losses and their symmetric average are
i exp(sii)
Lisi=—— —,
' N Z: j 1 eXp(SZJ)
1 X exp(s 92
Et—>i = N Z p “) ) ( )
i=1 2= 1eXp(3ﬂ)
1
Litc = 3 (Lisst + L14) -

For Classifier tuning, z; . denotes the logit for class ¢ among
C classes, and the multiclass cross-entropy objective is

exp(zic)

) ['cls
ZTC:1 exp(2i,r)

S — Z log pi 4. (S3)

i=1

Dic =

A.2 Standard Evaluation Metrics

For the Silhouette score computed in the original embedding
space with cosine distance, let n. denote the number of
samples in class c¢. The mean within-class distance a; and
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the minimum mean distance to another class b; are

cos Xza X]
i J#i
Yi=Yi (S4)
b; = mln— Z deos(Xi, X;).
CEY; Ne yj=c

The individual coefficient is s; = (b; — a;)/ max{a;, b;},
and the dataset-level score reported in the main text is the
mean of s; over all samples.

For top-1 ECE, let §; = arg max, p; . and ¢; = max, p; .
denote the predicted class and confidence. For each of the
15 equal-width bins B,, over [0, 1], bin accuracy and confi-
dence are

acc( |B ‘ZGZB: 1{yz: z 5
(S5)
conf(B, Z qi-
zeB

Empty bins contribute zero to the weighted ECE sum.

For Fleiss' k, consider N samples rated by n raters into
k classes, and let n;; be the number of raters who assign
sample ¢ to class j. The per-sample and mean observed
agreement are

1 k

_ 1 X
=N > P
i=1
The marginal class proportion and chance-expected agree-
ment are

k
1 _
pj:Niznijy Pe:ZIﬁ (S7)
n < —
i=1 j=1
Substitution of P and P. into Eq. 8 yields the reported
agreement statistic.

Appendix B. Additional Results on Vanderbilt
Dataset

This appendix provides supplementary results on the Van-
derbilt dataset to support the main findings and improve
reproducibility.

B.1 Result Analysis on Vanderbilt

Fine-tuning strategy. Across Vanderbilt shot settings,
adaptation strategy is the dominant source of performance
variation (Table S1; Fig. S1). Vanilla fine-tuning provides
the most consistent gains from low to high supervision,
with CONCH with Vanilla reaching the strongest overall
high-shot endpoint. Adapter and LoRA are generally inter-
mediate and remain competitive in specific regimes, but
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ROC Comparison of Backbones and Fine-tuning Strategies Across Shots

Shot 2

Shot 8

Shot 32

True Positive Rate
True Positive Rate

—— Adapter, AUC=0.5739
LoRA, AUC=0.5824
—— Classifier, AUC=0.3716
—— Vanilla, AUC=0.7080
—— Zero-shot, AUC=0.5492

True Positive Rate

—— Adapter, AUC=0.6826
LoRA, AUC=0.5962
—— Classifier, AUC=0.3375
—— Vanilla, AUC=0.8036
—— Zero-shot, AUC=0.5492

—— Adapter, AUC=0.8546
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—— Classifier, AUC=0.3444
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—— Zero-shot, AUC=0.5492
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Figure S1:
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—— CLIP, AUC=0.7237
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o4 06
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ROC curves across models and fine-tuning methods on Vanderbilt dataset. \We compare backbones

under fixed strategies and strategies under fixed backbones by plotting TPR versus FPR across increasing shot counts.

their trajectories are less uniformly strong across all metrics.
By contrast, Classifier tuning is the least stable strategy
on Vanderbilt and frequently degrades as shot increases,
including severe collapse for CONCH and CLIP in both
Accuracy and F1.

Backbone domain knowledge. Backbone pretraining
domain relevance is clearly reflected in both low-shot and
high-shot behavior. In 0-shot AUC, pathology-specialized
backbones substantially exceed general CLIP, indicating a
stronger pathology prior before adaptation. With additional
supervision, CONCH preserves the highest ceiling across
metrics, while PLIP remains competitive but typically below
CONCH at medium-to-high shots. CLIP improves with
supervision, especially under Vanilla/LoRA, but remains
behind pathology-native backbones in the strongest Van-
derbilt settings. This pattern is consistent with a domain-
knowledge effect that improves both initialization quality
and attainable high-shot performance.

Cross-modal indicators. Cross-modal trajectories follow
the expected direction with increasing supervision (Fig. S3):
Alignment tends to rise, and Similarity Gap moves from
near-zero toward positive values. UMAP/KDE visualiza-
tions (Fig. S4) and geometric summaries (Table S3) show

progressively clearer organization at higher shots, especially
for CONCH with Vanilla and CONCH with Adapter. How-
ever, compared with the Cornell trend strength, Vanderbilt
shows flatter curves and more method overlap in several set-
tings, indicating weaker separation in representation quality
despite directional improvement.

Calibration and boundary margin. Confidence-related
behavior is more heterogeneous than discrimination metrics
on Vanderbilt (Table S2). Even when AUC and Accuracy
improve, ECE often remains high at medium and high shots,
and Classifier tuning shows pronounced calibration failure
in high-shot settings. Boundary margin generally increases
with supervision for stronger methods, but high margin does
not always correspond to high correctness. This mismatch
indicates persistent confident-error risk under Vanderbilt
domain conditions.

B.2 Cross-Center Comparison

Comparing Cornell and Vanderbilt reveals shared directional
trends but different effect magnitudes. In both centers, per-
formance improves with shot count, pathology-specialized
backbones outperform general CLIP, and Vanilla is usually
the most reliable adaptation strategy at medium-to-high
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AUC Comparison of Fine-tuning Methods Across Models and Types
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Figure S2: Discrimination across subtypes on Vanderbilt. This figure summarizes per-class discrimination performance
across 10 runs. For each glomerular subtype, we report the distribution of AUC across VLM backbones, fine-tuning

strategies, and shot settings.

shots. However, Vanderbilt exhibits stronger method sensi-
tivity and weaker absolute discrimination endpoints, espe-
cially in Accuracy and F1, while Cornell shows steeper and
more stable gains across multiple backbone-strategy pairs.

The largest center-level divergence is Classifier tuning.
On Cornell, Classifier tuning can remain competitive for
CONCH (including strong AUC at higher shots), whereas
on Vanderbilt it degrades substantially across backbones
and metrics, with poor robustness as supervision grows.
A second divergence appears in confidence quality: Cor-
nell high-shot settings more often achieve jointly favor-
able discrimination and calibration, while Vanderbilt retains
higher ECE in many high-performing configurations. Taken
together, these results support a consistent cross-center
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conclusion: trend direction is reproducible, but practical
reliability remains center-dependent and requires strategy-
specific validation under external distribution shift.
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Alignment and Similarity Gap Across Models
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Figure S3: Alignment and similarity gap across models on Vanderbilt. This figure shows shot-wise trajectories
of Alignment and Similarity Gap for CLIP, PLIP, and CONCH under different fine-tuning strategies. Similarity Gap is
defined as mean positive class-prompt similarity minus mean negative class-prompt similarity. CLIP and PLIP are shown
in both full-scale and zoomed-in panels for readability.
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Figure S4: UMAP /KDE visualization of embeddings across shots on Vanderbilt. This figure shows text and
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Model

Method
Shots

Accuracy

0

1

2

4

8

16

32

CLIP Radford et al. (2021)

Adapter Gao et al. (2024)
Classifier loffe and Szegedy (2015)
LoRA Hu et al. (2022)

Vanilla Srinivasan et al. (2024)

0.2873+0.0000
0.2873+0.0000
0.2873+0.0000
0.2873+0.0000

0.1898+0.0688
0.1456+0.0739
0.2531+0.0667
0.2505+0.0851

0.2118+0.0615
0.1091+0.0450
0.2683+0.0577
0.2924+0.0668

0.2364+0.0630
0.1079+0.0201
0.2820+0.0703
0.2699+0.0658

0.3426+0.0316
0.0935+0.0275
0.2667+0.0400
0.3245+0.0460

0.3575+0.0182
0.0796+0.0176
0.3407+0.0364
0.3266+0.0404

0.3514+0.0174
0.0691+0.0070
0.4025+0.0283
0.4023+0.0267

CONCH Lu et al. (2024)

Adapter Gao et al. (2024)
Classifier loffe and Szegedy (2015)
LoRA Hu et al. (2022)

Vanilla Srinivasan et al. (2024)

0.3281+0.0000
0.3281+0.0000
0.3281+0.0000
0.3281+0.0000

0.3576+0.0386
0.1283+0.0608
0.3666-0.0065
0.2856+0.0722

0.2977+0.0677
0.0812+0.0380
0.3657+0.0114
0.3867+0.0712

0.3168+0.0518
0.1461+0.1012
0.3421+0.0274
0.4416+0.0542

0.3639+0.0520
0.0574+0.0251
0.2944+0.0317
0.4689+0.0267

0.4173+0.0291
0.0504+0.0112
0.3515+0.0297
0.4623+0.0301

0.5053+0.0321
0.0475+0.0088
0.4421+0.0067
0.5111+0.0441

PLIP Huang et al. (2023)

Adapter Gao et al. (2024)
Classifier loffe and Szegedy (2015)
LoRA Hu et al. (2022)

Vanilla Srinivasan et al. (2024)

0.1773+0.0000
0.177340.0000
0.177340.0000
0.1773£0.0000

0.1691£0.0139
0.1414+0.0560
0.1981£0.0475
0.2314+0.0574

0.1681+0.0278
0.1326+0.0497
0.2380+0.0816
0.2403+0.0700

0.17764:0.0352
0.132440.0317
0.20804:0.0949
0.3096+0.0399

0.166140.0127
0.106340.0221
0.32624:0.0367
0.330140.0667

0.194440.0455
0.106740.0313
0.322740.0457
0.328940.0478

0.212440.0331
0.098940.0230
0.399240.0280
0.385240.0243

ResNet-18 He et al. (2016)

Supervised Learning

0.1560+0.0000

0.3486+0.0002

0.2481+0.0006

0.2196+0.0772

0.1355+0.0815

0.2261+0.0824

0.2192+0.0641

SSL Ciga et al. (2022)

Supervised Learning

0.2504+0.0000

0.2529+0.0014

0.0650+0.0195

0.2145+0.0749

0.2430+0.0880

0.2072+0.0960

0.1568+0.0900
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Shots

AUC
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32

CLIP Radford et al. (2021)

Adapter Gao et al. (2024)
Classifier loffe and Szegedy (2015)
LoRA Hu et al. (2022)

Vanilla Srinivasan et al. (2024)

0.4096+0.0000
0.4096+0.0000
0.4096+0.0000
0.4096+0.0000

0.5454+0.0452
0.4145+0.0594
0.5526+0.0285
0.5630+0.0349

0.5519+0.0496
0.4289+0.0407
0.5374+0.0340
0.5622+0.0335

0.56584-0.0458
0.4094+0.0407
0.56024:0.0291
0.5769+0.0278

0.6215+0.0215
0.391440.0275
0.58554:0.0258
0.607940.0280

0.6243+0.0154
0.3796+0.0335
0.6607+0.0283
0.658140.0280

0.614940.0069
0.375940.0161
0.7168+0.0189
0.723740.0139

CONCH Lu et al. (2024)

Adapter Gao et al. (2024)
Classifier loffe and Szegedy (2015)
LoRA Hu et al. (2022)

Vanilla Srinivasan et al. (2024)

0.5492+0.0000
0.5492+0.0000
0.5492+0.0000
0.5492+0.0000

0.5815+0.0070
0.3852+0.0722
0.5840+0.0016
0.6252+0.0460

0.5739+0.0081
0.3716+0.0573
0.5824+0.0028
0.7080+0.0441

0.5875+0.0225
0.3818+0.0639
0.5806+0.0063
0.7560+0.0294

0.6826+0.0596
0.3375+0.0316
0.5962+0.0106
0.8036+0.0148

0.7797+0.0186
0.3393+0.0179
0.6828+0.0146
0.8289+0.0175

0.8546+0.0108
0.3444+0.0072
0.7860+0.0039
0.8547-+0.0085

PLIP Huang et al. (2023)

Adapter Gao et al. (2024)
Classifier loffe and Szegedy (2015)
LoRA Hu et al. (2022)

Vanilla Srinivasan et al. (2024)

0.5502+0.0000
0.5502+0.0000
0.5502+0.0000
0.5502+0.0000

0.5542+0.0101
0.4485+0.0649
0.5749+0.0330
0.6028+0.0264

0.5577+0.0157
0.4156+0.0367
0.5905+0.0389
0.6147+0.0287

0.5626+0.0220
0.437440.0462
0.5781+0.0474
0.6370+0.0269

0.5579+0.0104
0.4199+0.0337
0.6412+0.0177
0.6478+0.0345

0.5674+0.0193
0.4201+0.0269
0.6766+0.0464
0.6962+0.0233

0.5928+0.0476
0.4043+0.0215
0.7719+0.0095
0.7686+0.0146

ResNet-18 He et al. (2016)

Supervised Learning

0.5065+0.0000

0.5681+0.0002

0.4338+0.0007

0.5167+0.0544

0.4761+0.0364

0.524540.0506

0.526240.0605

SSL Ciga et al. (2022)

Supervised Learning

0.5588--0.0000

0.5566+0.0005

0.4917+0.0209

0.4872+0.0385

0.4971+0.0677

0.5346+0.0645

0.452440.0588
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F1
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CLIP Radford et al. (2021)

Adapter Gao et al. (2024)
Classifier loffe and Szegedy (2015)
LoRA Hu et al. (2022)

Vanilla Srinivasan et al. (2024)

0.1049+0.0000
0.1049+0.0000
0.1049+0.0000
0.1049+0.0000

0.1362+0.0438
0.0987+0.0420
0.1796+0.0426
0.1706+0.0462

0.1519+0.0314
0.0774+0.0318
0.1879+0.0265
0.1878+0.0372

0.1666+0.0353
0.0894+0.0171
0.2026+0.0322
0.213240.0405

0.2392+0.0159
0.0801+0.0179
0.2182+0.0271
0.2528+0.0270

0.2468+0.0101
0.0711+0.0149
0.2676+0.0238
0.2608+0.0363

0.239240.0099
0.0620+0.0052
0.3131£0.0212
0.3096+0.0223

CONCH Lu et al. (2024)

Adapter Gao et al. (2024)
Classifier loffe and Szegedy (2015)
LoRA Hu et al. (2022)

Vanilla Srinivasan et al. (2024)

0.1894-£0.0000
0.1894-£0.0000
0.1894-£0.0000
0.1894-£0.0000

0.2331£0.0202
0.0833+0.0332
0.2298+0.0079
0.2242+0.0450

0.2006+0.0396
0.0602+0.0270
0.2417+0.0103
0.3017+0.0556

0.225340.0272
0.08524:0.0357
0.2416+0.0121
0.3552+0.0469

0.2762+0.0394
0.0547+0.0161
0.2197+0.0184
0.3795+0.0223

0.335140.0224
0.0495+0.0117
0.2783+0.0187
0.3750+0.0180

0.411140.0240
0.049240.0068
0.346340.0067
0.4118+0.0315

PLIP Huang et al. (2023)

Adapter Gao et al. (2024)
Classifier loffe and Szegedy (2015)
LoRA Hu et al. (2022)

Vanilla Srinivasan et al. (2024)

0.1361+0.0000
0.1361+0.0000
0.1361+0.0000
0.1361+0.0000

0.1369+0.0091
0.1136+0.0376
0.1592+0.0326
0.1792+0.0403

0.1377+0.0216
0.0988+0.0207
0.1899+0.0638
0.1973+0.0472

0.1453+0.0239
0.1080+0.0182
0.1678+0.0726
0.2305+0.0291

0.1391+0.0113
0.0918+0.0150
0.2628+0.0249
0.2469+0.0508

0.1548+0.0258
0.0928+0.0226
0.2698+0.0325
0.2702+0.0313

0.1749+0.0222
0.0815+0.0099
0.3179+0.0224
0.3013+0.0195

ResNet-18 He et al. (2016)

Supervised Learning

0.0792+0.0000

0.1686+0.0001

0.0850+0.0001

0.1129+0.0310

0.0924+0.0433

0.1335+0.0413

0.1696+0.0428

SSL Ciga et al. (2022)

Supervised Learning

0.1205+0.0000

0.1234+0.0014

0.0386+0.0133

0.1262+0.0230

0.1528+0.0415

0.1206+0.0417

0.102540.0440

Table S1: Few-shot classification performance on Vanderbilt. Mean+SD Accuracy, AUC, and F1 across shot
settings {0,1,2,4,8,16,32} for all backbone and adaptation pairs. Here, k-shot denotes k labeled images per class
used for fine-tuning, and 0-shot denotes the zero-shot baseline. Bold indicates the best value within each shot column

(higher is better).
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Model Method ECE (Top-1)
Shots 0 1 2 4 8 16 32
Adapter Gao et al. (2024) 0.0870+0.0000  0.1341+0.0581  0.1248+0.0411  0.1073+0.0427  0.0952+0.0318  0.1410+0.0332  0.1527+0.0423
CLIP Radford et al. (2021) Classifier loffe and Szegedy (2015)  0.0870+0.0000  0.2010-£0.0774  0.2289+0.0972  0.3632+0.1739  0.4579+0.1404  0.5120+0.1267  0.5888+:0.0369
' LoRA Hu et al. (2022) 0.087040.0000  0.0841+0.0443 0.0610+0.0348 0.0577+0.0339 0.1809+0.0313  0.2759+0.0410  0.2606+0.0323
Vanilla Srinivasan et al. (2024) 0.0870£0.0000  0.1920+0.1212  0.1451+£0.0759  0.1143+0.0501 0.1928+0.1120  0.3420+0.0484  0.3088+0.0394
Adapter Gao et al. (2024) 0.1447+0.0000  0.5159+0.0422  0.5653+0.0639  0.52354+0.0452  0.4120+0.0726  0.3881+0.0330  0.3368+0.0371
CONCH Lu et al. (2024) Classifier loffe and Szegedy (2015) 0.144740.0000 0.0958+0.0510  0.1492+0.0247  0.1432+0.0943  0.3790+0.1544  0.5958+0.1671  0.7206+0.0133
' LoRA Hu et al. (2022) 0.1447+0.0000 0.5180+0.0112  0.4996+0.0168  0.5042+0.0269  0.5205+0.0365 0.4185+0.0263  0.3632+0.0060
Vanilla Srinivasan et al. (2024) 0.1447+0.0000  0.45524+0.0770  0.3772+0.0707  0.3467+0.0590  0.3481+0.0320  0.3570+0.0354  0.3254+0.0413
Adapter Gao et al. (2024) 0.0429+0.0000 0.2369+0.0313  0.23531+0.0539  0.2254+0.0434  0.2199+0.0338  0.194940.0752  0.2247+0.1242
PLIP Huang et al. (2023) Classifier loffe and Szegedy (2015)  0.04294+0.0000 0.2584+0.1010  0.2107+0.1731  0.3677+0.1989  0.5620+0.0383  0.5245+0.0923  0.5485+0.0280
g ’ LoRA Hu et al. (2022) 0.0429+0.0000  0.230340.0547  0.1777+0.0853  0.2135+0.0813  0.0482+0.0290 0.1580+0.1389  0.3000-£0.0354
Vanilla Srinivasan et al. (2024) 0.0429+0.0000  0.2790+0.1210  0.1788+0.0723  0.1176+0.0618  0.1597+0.1122  0.329740.0766  0.3367+0.0341
ResNet-18 He et al. (2016) Supervised Learning 0.2112+0.0000  0.0223+0.0008 0.1735+0.0022  0.1328+0.0599  0.1827+0.0833  0.1069+0.0597 0.0818-+0.0326
SSL Ciga et al. (2022) Supervised Learning 0.024340.0000 0.0295+0.0012 0.2131+0.0274 0.0757+0.0155 0.0818+0.0348 0.0847+0.0549 0.1102-0.0581
Model Method Boundary Margin (Mean)
Shots 0 1 2 4 8 16 32
Adapter Gao et al. (2024) 0.0013+0.0000  0.0807+0.0361  0.0901+0.0316  0.09154+0.0311  0.2123+0.0647  0.2749+0.0407  0.2781+0.0606
CLIP Radford et al. (2021) Classifier loffe and Szegedy (2015)  0.0013+0.0000  0.1139+0.0468 0.116640.0966  0.2580+0.1813  0.3326+0.1363  0.3833+0.1299  0.4605+0.0483
’ LoRA Hu et al. (2022) 0.0013+0.0000  0.0844+0.0236  0.0793+0.0233  0.07874+0.0298  0.1989+0.0323  0.3947+0.0476  0.4592+0.0379
Vanilla Srinivasan et al. (2024) 0.0013+0.0000  0.1888+0.0642 0.1909+0.0614  0.1366+0.0300 0.2732+0.0842  0.4595+0.0205 0.5216+0.0277
Adapter Gao et al. (2024) 0.0099+0.0000  0.7657+0.0305  0.7441+0.0368 0.7087+0.0649  0.6133+0.0537  0.6634+0.0224 0.7206-+0.0184
CONCH Lu et al. (2024) Classifier loffe and Szegedy (2015)  0.0099+0.0000  0.0128+0.0114  0.0231+0.0141  0.0426+0.0498  0.2173:+0.1444  0.4645+0.1902  0.6049+0.0245
’ LoRA Hu et al. (2022) 0.0099+0.0000 0.7878+0.0162 0.7512+0.0290 0.7145+0.0204 0.6587+0.0122  0.6024+0.0170  0.6656-£0.0057
Vanilla Srinivasan et al. (2024) 0.009940.0000  0.5539+0.0508  0.6001+£0.0677  0.6389+0.0348 0.6846+0.0295 0.6863+0.0331 0.6957+0.0335
Adapter Gao et al. (2024) 0.0012+0.0000  0.1698+0.0247  0.1668+0.0280  0.1673+0.0136  0.1491+0.0301  0.1526+0.0654  0.2038+0.1620
PLIP Huang et al. (2023) Classifier loffe and Szegedy (2015) 0.001240.0000 0.1728+0.0720  0.1204+0.1606  0.2904+0.1981  0.4717+0.0547  0.4235+0.1052  0.4406+0.0488
€ ' LoRA Hu et al. (2022) 0.0012+0.0000  0.1875+0.0342  0.1742+0.0234  0.1730+0.0181  0.1215+0.0151  0.2423+0.1584  0.4967+0.0216
Vanilla Srinivasan et al. (2024) 0.0012+0.0000  0.2693+0.1311  0.1617£0.0329  0.1697+0.0732  0.2475+0.1235  0.4444+0.0975 0.5302+0.0482
ResNet-18 He et al. (2016) Supervised Learning 0.0818£0.0000 0.0811+0.0005 0.1743+0.0030  0.0928+0.0309  0.0851+0.0308 0.0782+0.0176  0.053440.0070
SSL Ciga et al. (2022) Supervised Learning 0.0286+0.0000  0.0275+0.0002 0.0669-+£0.0189  0.0261+0.0058  0.0216+0.0043  0.0276+0.0077  0.0254+0.0070

Table S2: ECE and boundary margin on Vanderbilt. ECE (Top-1) and boundary margin mean scores (Mean+SD)
across shots {0,1,2,4,8,16,32}. Column-wise best values are bolded (lower is better for ECE; higher is better for
boundary margin).

Method Intra-Class Distance Silhouette Score
Model
Shots 0 1 2 4 8 16 32 0 1 2 4 8 16 32
Adapter Gao et al. (2024) 24820 24937 25021 23861 25315 27667 2.7161 -0.0291 -0.0342 -0.0334 -0.0379 -0.0365 -0.0326 -0.0364
CLIP Radford et al. (2021) Classifier loffe and Szegedy (2015) 2.4820 3.1019 3.0256 2.7763 2.8256 2.8579 2.7962 -0.0291 0.0044 0.0468 0.0548 0.0087 0.0488 0.0484
’ LoRA Hu et al. (2022) 24820 25154 25903 2.5607 2.5249 2.3678 2.3518 -0.0291 -0.0329 -0.0370 -0.0402 -0.0329 -0.0051 -0.0155
Vanilla Srinivasan et al. (2024) 24820 2.6004 2.6157 2.5036 2.5971 2.5205 2.3991 -0.0291 -0.0336 -0.0312 -0.0332 -0.0176 0.0039  0.0300
Adapter Gao et al. (2024) 2.3550 23776 2.3699 23708 23757 23952 23008 0.1032 0.1045 0.1047 0.0801 0.0998 0.0403 0.1108
CONCH Lu et al. (2024) Classifier loffe and Szegedy (2015) 2.3550 2.8274 2.8359 2.7550 2.7543 2.7021 2.7898 0.1032 0.1917 0.1596 0.1622 0.1811 0.1547 0.1842
’ LoRA Hu et al. (2022) 2.3550 2.3608 23951 23772 23838 23512 23034 0.1032 0.1026 0.1016 0.1007 0.0959 0.0933 0.0790
Vanilla Srinivasan et al. (2024) 2.3550 23704 23716 2.3556 2.3633 2.3199 2.2636 0.1032 0.0982 0.0994 0.0972 0.0981 0.0978 0.1125
Adapter Gao et al. (2024) 3.2031 3.1782 3.1748 3.2420 3.2093 3.2110 3.1746 0.0316 0.0315 0.0288 0.0314 0.0315 0.0314 0.0301
PLIP Huang et al. (2023) Classifier loffe and Szegedy (2015) 3.2031 3.1665 3.2837 3.3406 3.2480 3.6128 3.2242 0.0316 0.0373 0.0566 0.0700 0.0724 0.0546 0.0740
: LoRA Hu et al. (2022) 3.2031 3.2644 3.1885 3.2145 3.1509 3.1498 2.9115 0.0316 0.0316 0.0322 0.0315 0.0321 0.0316 0.0625
Vanilla Srinivasan et al. (2024) 3.2031 3.2055 3.2171 3.1875 3.2082 3.2044 3.0516 0.0316 0.0312 0.0302 0.0294 0.0439 0.0651 0.0837

Table S3: Intra-Class Distance and Silhouette Score on Vanderbilt. Few-shot geometric metrics under three
backbones: CLIP, CONCH, and PLIP across shot settings {0, 1,2,4, 8,16, 32} and four fine-tuning strategies. Intra-Class
Distance measures within-class compactness in the UMAP space (lower is better), and Silhouette Score measures cluster
separability in the original embedding space using cosine distance (higher is better). For Classifier tuning, both metrics
are computed from the penultimate representation of the tuned MLP head.
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Model Method Samples/s (1 + o)
0-shot 38.8668 + 0.0000
Adapter Gao et al. (2024) 39.1536 + 0.0325
CLIP Radford et al. (2021) Classifier loffe and Szegedy (2015)  41.5737 + 0.4636
LoRA Hu et al. (2022) 41.2589 £ 0.4928
Vanilla Srinivasan et al. (2024) 40.7104 £+ 0.6712
0-shot 29.3611 + 0.0000
Adapter Gao et al. (2024) 30.6423 + 0.2150
CONCH Lu et al. (2024) Classifier loffe and Szegedy (2015)  31.4967 + 0.0799
LoRA Hu et al. (2022) 29.5964 + 0.2099
Vanilla Srinivasan et al. (2024) 30.6389 £ 0.4046
0-shot 42.3505 + 0.0000
Adapter Gao et al. (2024) 43.6870 + 0.4841
PLIP Huang et al. (2023)  Classifier loffe and Szegedy (2015)  42.4355 + 0.5230
LoRA Hu et al. (2022) 43.4285 + 0.7742
Vanilla Srinivasan et al. (2024) 42.6651 + 0.6393
ResNet-18 He et al. (2016) Supervised Learning 47.0729 + 1.2160
SSL Ciga et al. (2022) Supervised Learning 52.5185 + 3.5419

Table S4: Inference throughput on Cornell. Samples processed per second during inference on a 1,000-sample
timing subset, summarized as mean+SD. For VLMs, the 0-shot row reports base model inference timing, while Adapter,
Classifier, LoRA, and Vanilla rows summarize shots {1,2,4,8,16,32}. ResNet-18 and SSL rows summarize shots
{0,1,2,4,8,16,32}. Higher values indicate faster inference; bold indicates the highest mean throughput.

Model Method Samples/s (u £ o)
0-shot 32.6514 + 0.0000
Adapter Gao et al. (2024) 35.9904 £ 5.9719
CLIP Radford et al. (2021) Classifier loffe and Szegedy (2015)  39.5126 + 0.4368
LoRA Hu et al. (2022) 38.7514 + 0.5405
Vanilla Srinivasan et al. (2024) 36.5264 £ 6.3853
0-shot 27.6750 £ 0.0000
Adapter Gao et al. (2024) 28.3857 £ 0.6497
CONCH Lu et al. (2024) Classifier loffe and Szegedy (2015)  31.2421 + 0.3824
LoRA Hu et al. (2022) 20.0971 + 0.6714
Vanilla Srinivasan et al. (2024) 27.4787 + 4.3375
0-shot 39.7531 + 0.0000
Adapter Gao et al. (2024) 41.6119 + 0.7270
PLIP Huang et al. (2023)  Classifier loffe and Szegedy (2015)  40.0198 + 0.9968
LoRA Hu et al. (2022) 40.1168 + 1.6200
Vanilla Srinivasan et al. (2024) 39.8413 + 5.0300
ResNet-18 He et al. (2016) Supervised Learning 43.1835 + 0.9697
SSL Ciga et al. (2022) Supervised Learning 45.8984 + 1.8326

Table S5: Inference throughput on Vanderbilt. Samples processed per second during inference on a 1,000-sample
timing subset, summarized as mean+SD. For VLMs, the 0-shot row reports base model inference timing, while Adapter,
Classifier, LoRA, and Vanilla rows summarize shots {1,2,4,8,16,32}. ResNet-18 and SSL rows summarize shots
{0,1,2,4,8,16,32}. Higher values indicate faster inference; bold indicates the highest mean throughput.
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