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Abstract. Foundation Models (FMs) based on the self-supervised DI-
NOv2 architecture have become the standard approach for feature ex-
traction in computational pathology. In these models, embedding size
is typically inherited from the FM and treated as a fixed design choice
rather than a hyperparameter. However, there is growing evidence that
embeddings produced by this class of FMs exist in a space with an in-
trinsic dimensionality substantially lower than the number of dimen-
sions in the embedding. This suggests that embeddings can be projected
into more compact representations, saving substantial computational
resources for downstream tasks. This work evaluates three projection
techniques (principal component analysis (PCA), uniform manifold ap-
proximation and projection (UMAP), and Gaussian random projection
(GRP)) via downstream classification and utilises five datasets covering
four tissue types (colorectal, breast, skin, thorax), and across four FMs:
three histopathology FMs (UNI, UNI2-h, and Hibou-L) and DINOv2 as
a general-purpose baseline. Across the 20 dataset—encoder pairs, PCA
recovers 99% of full-dimensional classification ROC-AUC at a median
target dimension of 9, reducing dense float32 feature storage by 113.8 x—
170.7x relative to 1024-D and 1536-D embeddings. Furthermore, com-
pressing to the estimated intrinsic dimensionality preserves near-parity
or surpasses full-dimensional performance for the histopathology FMs,
whereas DINOv2 shows greater degradation at lower dimensions.

Keywords: Foundation Models - Dimensionality Reduction - Compu-
tational Pathology - PCA - Intrinsic Dimensionality.

1 Introduction

Foundation Models (FMs) based on the self-supervised DINOv2 [25] architecture
have rapidly become the standard approach for feature extraction in computa-
tional pathology [29,9]. Histopathology FMs such as UNI [4], UNI2-h [4] and
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Hibou-L [22] extract high-dimensional embeddings from hematoxylin and eosin
stained tissue patches (H&E), providing general-purpose representations for sev-
eral downstream tasks, including cancer subtyping [12], tissue classification [28§],
and biomarker prediction [2]. More than twenty histopathology FMs are now
publicly available [19], and they have demonstrated strong performance across
diverse datasets [24], making them a widely adopted building block for compu-
tational pathology pipelines.

However, deploying pathology FMs at scale imposes practical compute and
storage limits. Whole-slide images (WSIs) are gigapixel-scale and often several
gigabytes at diagnostic resolution; they are tiled into 224 x 224-px patches, yield-
ing ~10k-40k patches per slide depending on magnification [17]. Each patch is
encoded as a high-dimensional vector (typically 1024 D or 1536 D). With 1024-D
float32 embeddings, one slide produces ~40-160 MB of features; for a moder-
ate cohort of 10,000 WSIs, this implies ~0.4-1.6 TB of embedding storage per
encoder. During downstream training, transferring these features between CPU
and GPU memory becomes a bottleneck, and model memory and compute scale
linearly with embedding dimensionality.

Despite these constraints, embedding dimensionality is typically inherited
from the FM and treated as a fixed design choice rather than a hyperparame-
ter [24]. While pruning, distillation, and quantization can reduce FM parameter
counts and inference costs which typically requires retraining or fine-tuning the
encoder, there’s been little investigation into whether patch embeddings from
frozen pretrained FMs can be projected to a lower-dimensional subspace with-
out degrading performance. It remains unclear what the effective dimensionality
of these representations is, whether this holds across tissues, and FM scale, and
how different compression methods trade off accuracy, robustness, and efficiency.

Our contribution is empirical rather than algorithmic. We systematically
evaluate dimensionality reduction for histopathology FM embeddings across four
encoders, three projection methods, and five datasets spanning four tissue types.
PCA recovers 99% of full-dimensional classification ROC-AUC at a median of
just 9 dimensions, corresponding to 113.8x—170.7x lower dense feature storage
for 1024-D and 1536-D embeddings. Histopathology FMs retain near-parity with
full-dimensional baselines when compressed to their estimated intrinsic dimen-
sionality, while DINOv2 shows larger degradation at low dimensionality.

2 Related Work

In the standard computational pathology pipeline, a pretrained encoder is frozen
and its patch-level embeddings are passed to a lightweight downstream head that
is trained for a target task. Models such as UNI, UNI2-h, and Hibou-L produce
embeddings of 1024 or 1536 dimensions, a choice inherited from the ViT [7] ar-
chitecture rather than derived from the input data. Recent benchmarking studies
indicate that these models are converging on downstream task performance |2,
24], suggesting that further gains may not come from scaling encoders but from
examining whether the resulting embeddings are efficiently structured.
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For general image classification, Chandranegara et al. [3] evaluated dimen-
sionality reduction of 384-D DINO-VIiT features to as few as 5 dimensions using
principal component analysis (PCA) [6], neighbourhood components analysis
(NCA) [10], and uniform manifold approximation and projection (UMAP) [20].
In contrast, we evaluate modern histopathology FMs across multiple tissues
and encoders. Retrieval-focused work has also evaluated pretrained CNN and
foundation-model features for content-based medical image retrieval [18], but
not AUC-preserving compression of histopathology FM embeddings across en-
coders and tissues. Modern histopathology FMs have also been shown to encode
site-specific artifacts such as staining procedures and scanner differences [11],
suggesting that not all embedding dimensions encode diagnostically relevant in-
formation.

Adjacent work has addressed the computational cost of high-dimensional
embeddings through distillation [8] and vector quantization of spatial token se-
quences [16], but none target compression of the embeddings produced by the
FM. Notably, Filiot et al. [8] observe explicitly that the intrinsic dimension of
foundation model representations requires further investigation.

Experimental evidence suggests that deep neural network representations sit
on a lower-dimensional manifold than their embedding dimensionality. Intrinsic
dimensionality in trained networks is orders of magnitude smaller than layer
width, particularly in final layers as shown by Ansuini et al. [1]. Estimates across
several histopathology FMs are also consistent with substantial redundancy [27].
These findings suggest that histopathology FM embeddings can be projected to
substantially lower dimensions while preserving downstream task performance,
yet no evaluation of post-hoc dimensionality reduction has been conducted across
multiple encoders, tissue types, and projection methods.

3 Methodology

The study consists of three stages: embedding, projection, and evaluation. Let
I; be an image patch and let f,,(I;) = x; € R% be its embedding under encoder
m. For projector p and target dimension k, a transform T}, , 1 : R — R* was
fitted using training embeddings only, giving zgk) = T pk(x;). A downstream
Logistic Regression (LR) classifier h,, ,  was then fitted on the projected train-
ing representations and evaluated on the unchanged held-out test split. The four
encoders were UNI, UNI2-h, Hibou-L, and DINOv2; the projection methods were
PCA, UMAP, and Gaussian Random Projection (GRP).

Default library settings were used unless noted [26]. GPU logistic regression
frequently failed to converge on UMAP projections at certain target dimension-
alities, so we performed a per-dimension training-only sweep on Katherl00K
embeddings (UNI2-h), testing inverse regularisation strength, solver tolerance,
and max iterations near library defaults. The selected configuration was fixed
and applied across all subsequent experiments; no test set was used for pro-
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Table 1. Dataset summary. Counts refer to labelled central patches used for feature
extraction; SPIDER also provides surrounding context patches, which were not used
in this study.

Dataset Organ Classes Train Test Total
Kather100K Colorectal 9 100,000 7,180 107,180
SPIDER-CRC Colorectal 13 63,989 13,193 77,182
SPIDER-Breast Breast 18 80,858 12,034 92,892
SPIDER-Skin Skin 24 131,164 28,690 159,854
SPIDER-Thorax Thorax 14 63,319 14,988 78,307

jector or classifier hyperparameter selection. Code is available online!. Cached
embeddings will be linked there when released.

Datasets

Five open-access datasets of labelled histopathology patches were selected for
this study: Kather100k [13] and the skin, colorectal, thorax, and breast datasets
from Supervised Pathology Image-DEscription Repository (SPIDER) [23]. All
patch datasets are 224 x 224 pixel images extracted at 0.5 microns per pixel
(MPP) from Whole Slide Images (WSIs).

Table 1 summarises the datasets. For SPIDER, we used the central labelled
patches and the official train-test split, which is performed at slide level to pre-
vent patches from the same WSI appearing in both splits.

Embedding

Vision FMs map each image patch to a fixed-length embedding vector. Dimen-
sionality reduction methods then project these high-dimensional embeddings
into a lower-dimensional space while aiming to preserve the structure needed for
downstream analysis.

Image patches from each dataset were encoded using UNI [4] (widely adopted),
UNI2-h [4] (state-of-the-art), and Hibou-L [22] (largest histopathology pretrain-
ing corpus), with DINOv2-L [25] as a general-purpose reference. DINOv2-L was
included to compare pathology-specific and general-purpose self-supervised ViT
encoders. This comparison does not isolate pretraining domain causally because
the models also differ in training data, objectives, and scale. For each embedded
dataset, the intrinsic dimensionality (ID) was estimated using the Maximum
Likelihood Estimation (MLE) [15].

Projections

Dimensionality reduction was performed using three projection techniques: Prin-
cipal Component Analysis (PCA), Uniform Manifold Approximation and Pro-

! https://github.com/davemor /hdims
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jection (UMAP), and Gaussian Random Projection (GRP). PCA identifies or-
thogonal directions of maximal variance, UMAP preserves local neighbourhood
structure as a nonlinear manifold method, and GRP employs a randomly gen-
erated projection matrix as a stochastic baseline.

For each method, embeddings were projected to multiple target dimensional-
ities from k£ = 1 up to k = d rounded to the nearest fiftieth dimension, where d is
the dimensionality of the original embedding space. We evaluated all dimensions
for £ < 50, and then at increments of 50. For every target dimensionality, the
projection transform was learned using the training embeddings only.

For each dataset—encoder—projector combination, ROC-AUC retention and
the recovery dimension are

AUCy

Ry = 2k
"7 AUCh’

dgg = mln{k : Rk; Z 099}
Thus, dgg is a descriptive operating point based on observed test performance,
not a statistically established non-inferiority boundary.

UMAP requires hyperparameters that can materially affect downstream per-
formance, so we used a training-only two-phase procedure: sweep a small set of
target dimensions and hyperparameters, then re-run selected settings across the
full dimensionality range. GRP results use one random projection per dataset—
encoder—dimension and are not variance-characterised over projection seeds.

Evaluation

Downstream utility of the projections was evaluated via patch-level classification.
We trained and evaluated an LR classifier and computed accuracy and ROC-
AUC, with paired bootstrap confidence intervals for ROC-AUC (1000 resamples;
95% CI). We report our main analysis in terms of ROC-AUC because it is
insensitive to class imbalance within the dataset.

4 Results

At full dimensionality (d=1536 for UNI2-h, d=1024 for all other FMs), Logistic
Regression achieved a mean ROC-AUC of 0.969 with a standard deviation of
0.051 and a mean accuracy of 0.800 with a standard deviation of 0.163 across
all patch-level datasets and encoders. Mean values were computed by evaluating
each dataset—encoder pair separately and then averaging the resulting scores;
datasets were not pooled before metric computation. The intrinsic dimensionality
(ID) of the full embeddings, estimated using MLE, ranged from 9 (Hibou-L
on Kather100K) to 20 (UNI2-h on SPIDER-CRC), with histopathology FMs
averaging 14.6 and DINOv2 averaging 17.05, computed from the unrounded
MLE estimates.

Because feature storage, memory footprint, and tensor-transfer volume scale
linearly with embedding dimensionality, the practical storage impact can be es-
timated directly as IV - k - dpytes, Wwhere N is the number of patches, k is the
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Table 2. Analytical dense float32 feature-storage estimates. Ratio columns give re-
ductions relative to full 1024-D or 1536-D embeddings and proportional reductions
in feature-memory and CPU-GPU transfer volume; they are not wall-clock measure-
ments.

Representation Dim. Bytes/patch MB/10k patches 1024-D ratio 1536-D ratio

Full 1024-D 1024 4096 40.96 1.0x -
Full 1536-D 1536 6144 61.44 — 1.0x
PCA median dgg 9 36 0.36 113.8x% 170.7x
PCA k=50 50 200 2.00 20.5x 30.7x
Best observed dgg 4 16 0.16 - 384.0x

embedding dimension, and dyytes = 4 for float32 features. Table 2 reports ana-
lytical dense-array estimates, excluding file-format metadata, indexing, compres-
sion, and filesystem overhead. The 384 x ceiling corresponds to the best observed
case in Table 3: UNI2-h has 1536-D embeddings and recovers 99% ROC-AUC
at dgg = 4 on Katherl00K. The median dgg = 9 corresponds to 113.8x—170.7x
smaller dense feature arrays depending on the encoder.

As embeddings are projected into lower dimensions, aggregate classification
ROC-AUC remains consistent above 50 dimensions. Across the 20 patch-level
dataset—encoder pairs, PCA retains 99% of full-dimensional ROC-AUC at a
median target dimension of 9. Figure 1 shows the mean Logistic Regression
ROC-AUC across all foundation models and datasets at each dimension for each
projector. At the aggregate level, mean performance approaches 99% retention
at 50 dimensions for all three projectors; this does not imply that every pair
reaches the threshold.

Table 3 shows an expanded view of the minimum dimensions for 99% of their
full dimensional ROC-AUC retention for each dataset shown for PCA, UMAP,
and GRP. Histopathology FMs and DINOv2 differ markedly in their compression
behaviour. For example, on SPIDER-Breast, histopathology FMs recover around
8-10 dimensions with PCA while DINOv2 requires 100. Under UMAP, DINOv2
reaches the 99% threshold only on Kather100K.

Figure 2 summarises performance at 9 dimensions, the median dimension that
recovers 99% of the full dimensional ROC-AUC. PCA at d = 9 achieves near-
parity with full-dimensional baselines for histopathology FMs across datasets,
while DINOv2 exhibits a consistent performance gap. On Katherl00K, repre-
sentative paired-bootstrap 95% Cls for full versus d = 9 ROC-AUC were 0.994—
0.996 versus 0.996-0.997 for UNI, and 0.990-0.993 versus 0.979-0.982 for DI-
NOv2. These marginal intervals are not a paired non-inferiority test.

To test whether this behaviour depended on the downstream classifier, we
repeated the PCA d = 9 comparison using Multi-layer Perceptron (MLP) and
XGBoost [5] classifiers in addition to LR. Across the five patch-level datasets,
mean ROC-AUC retention relative to full-dimensional embeddings was 98.5%
for LR, 98.9% for MLP, and 98.8% for XGBoost. The same encoder pattern
was observed across classifiers: histopathology FMs retained 99.2-99.6% of full-
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Fig. 1. Aggregate impact of dimensionality reduction on classification per-
formance. The left plot shows aggregate performance from full dimensionality down
to 50 dimensions. The right plot zooms into the low-dimensional domain (k < 50),
where PCA has the highest mean ROC-AUC until approximately 10 dimensions. Solid
lines denote the mean ROC-AUC for each projector at each dimension; shaded regions
denote +1 standard deviation across the 20 dataset—encoder pairs and show cross-task
dispersion rather than confidence intervals. Individual recovery dimensions are reported
in Table 3.

Table 3. Minimum dimensions for 99% ROC-AUC recovery relative to the full-
dimensional baseline. dip: MLE intrinsic dimensionality. P: PCA. U: UMAP. G: GRP.
“—": threshold never reached. Full embeddings are 1024-D (UNI, Hibou-L, DINOv2)
or 1536-D (UNI2-h). Kather: Katherl00K [13]; CRC, Breast, Skin, and Thorax: SPI-
DER [23].

UNI UNI2 Hibou DINOv2
Dataset dp P U G dp P U G dp P U G dp P U G
Kather 13 5 8 42 13 4 6 33 9 8§ — 26 14 11 300 25
CRC 19 2 33 20 5 1 33 13 7 2 38 18 23 — 100
Breast 17 10 5 100 17 &8 &8 100 11 9 25 37 18 100 — 150
Skin 16 11 4 46 17 10 6 40 12 10 8 39 18 36 — 100
Thorax 15 4 40 15 8 8 45 11 9 9 37 17 23 — 100

dimensional ROC-AUC on average, while DINOv2 showed larger degradation
(95.8-96.7%).
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Fig.2. PCA at d = 9. ROC-AUC at PCA d = 9 versus full-dimensional ROC-AUC
across dataset—encoder pairs. Points near or above the diagonal indicate preserved
classification performance.

5 Discussion

Patch-level histopathology FM embeddings contain substantial redundancy: for
the median case, PCA retains at least 99% of full-dimensional ROC-AUC in
fewer than 10 dimensions, yielding over two orders of magnitude lower dense
feature storage for common 1024-D and 1536-D encoders. This is consistent
with related work [3]. As a slide-level stress test, we also evaluated the SR386
cohort from SurGen [21], a binary slide-level dataset with 255 training and 84
test slides. The 9-D conclusion did not transfer directly: PCA at d = 9 gave
LR ROC-AUCs of 0.59-0.66 versus 0.75-0.90 at full dimensionality, while 99%
recovery required 20-35 dimensions across encoders. Thus, the strongest claim
should remain scoped to patch-level classification; slide-level tasks may still allow
large storage reductions, but require task-specific validation.

The linear method, PCA, provides the highest ROC-AUC until single digit
dimensions. This may indicate the intrinsic dimensions of the embedding space
are sitting on a linear manifold. Since only one nonlinear projector (UMAP)
was evaluated, future work should test autoencoders [14] and NCA, and cor-
roborate the manifold hypothesis with additional ID estimators. Histopathology
FMs required fewer dimensions to recover 99% ROC-AUC than DINOv2, de-
spite comparable intrinsic dimensionalities; this is consistent with, but does not
prove, greater projection robustness from domain-specific pretraining.

PCA at d =9 yields over 100x smaller dense feature arrays for the encoders
studied (Table 2), proportionally reducing stored-feature size, CPU-GPU trans-
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fer volume, and the input-dependent parameter count of downstream models.
These are analytical reductions rather than measured end-to-end speedups, and
they do not reduce FM image-encoding time. Lower-dimensional embeddings
may also support larger-scale clustering or similarity search.

Limitations. The 99% threshold is descriptive rather than a statistical non-
inferiority margin, and representative bootstrap intervals cover selected compar-
isons rather than every dimension. The study concerns H&E patch classification
with ViT-based encoders; CNNs, other modalities, dense prediction, retrieval,
and slide-level tasks require separate validation. Reconstruction and neighbour-
hood preservation were not evaluated; the study measures discriminative infor-
mation and does not assume invertibility.

6 Conclusion

This work shows that histopathology image embeddings from foundation models
can be projected into far fewer dimensions with little loss of performance in
the evaluated patch-level classification tasks. PCA provided the strongest low-
dimensional performance: 9 dimensions was the median, rather than a universally
sufficient target, required to retain 99% of full-dimensional ROC-AUC across
the 20 dataset—encoder pairs. This corresponds to over 100x lower dense feature
storage for the encoders studied here, subject to task-specific validation.

Disclosure of Interests. The authors have no competing interests to declare that
are relevant to the content of this article.
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