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Abstract

Whole slide image (WSI) region retrieval remains an open
challenge in computational pathology, as existing methods
struggle to represent and preserve information of all pos-
sible regions. Current approaches that rely on fixed-size
patches or slide-level retrieval are misaligned with real
clinical workflows, where pathologists often examine WSI
regions of arbitrary orientations and sizes rather than pre-
defined patches or slides. In this work, we redefine WSI re-
trieval as a semantically optimal matching problem between
arbitrary regions under spatial transformations, which ne-
cessitates a region-level representation that maintains se-
mantic consistency. To fulfill this requirement, we introduce
semantic tessellation, which organizes patch units into flex-
ible, geometry-aware region descriptors. Building on this
representation, we develop the affine identifier, a semantic
signature that enables rotation- and scale-consistent region
matching. We further derive theoretical bounds between the
tessellation-derived descriptors and the ideal pixel-level se-
mantic mask objective, showing that they reliably approxi-
mate mask-based region similarity. Together, these compo-
nents form URICA, a theoretically grounded algorithm for
robust WSI region retrieval. Experiments on large public
datasets demonstrate that URICA achieves strong and con-
sistent performance across diverse WSI retrieval tasks1.

1. Introduction
Whole slide image (WSI) [22] is a gigapixel scan of histo-
logical specimens that enables computational examination
of tissue architecture, forming the foundation of modern
digital pathology pipelines [20]. The large size and hetero-
geneous tissue organization of WSI make its regions highly
variable in orientation and size, requiring representations
that remain consistent under such spatial variations. Yet
current retrieval methods do not meet these region-level and

*Corresponding authors.
1Code is available at https://github.com/HKUSTMDI/
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Figure 1. A region retrieval example from colorectal tissue shows
a boundary between normal and tumor areas. WSI region retrieval
aims to (a) select the query region with its semantic mask, (b) find
regions exhibiting both semantic and structural similarity, and (c)
identify the most similar candidate region.

transformation-consistent requirements. Patch-based ap-
proaches [14, 37] estimate similarity from isolated patches
and therefore lack the spatial context required to reconstruct
coherent regions. Slide-level representations [19, 38] col-
lapse fine-grained morphology into global representations.
As a result, neither of these methods can retrieve region-
specific patterns, which is an essential capability for iden-
tifying clinically relevant conditions such as mucinous or
ductal carcinoma in situ [11]. This limitation arises from
a more fundamental difficulty: WSIs contain no predefined
objects, and region boundaries, orientations, and scales vary
freely, making it hard to build representations that preserve
region-level semantics under varying conditions.

The first challenge lies in representing arbitrary regions.
Segmentation-based methods [16] represent regions with
pixel-level masks of histological components, often guided

This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;
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by weakly supervised [26] or SAM-based models [15].
While such masks can express region boundaries to some
extent, they cannot enumerate or store region representa-
tions across all possible scales and rotations—making them
unsuitable for various transformation scenarios. By con-
trast, self-supervised frameworks [24] such as UNI [7] and
PathDino [1] provide robust semantic features and basic
units via large-scale pretraining. However, they offer patch-
level semantics but no explicit way to compose these units
into a consistent representation of arbitrary regions.

Another challenge is maintaining spatial and semantic
consistency during retrieval, as existing systems [5, 34] can-
not reliably match regions when rotation or scale varies.
Fig. 1 illustrates that, despite variations in rotation and scal-
ing, retrieved regions with identical normal, stroma, and
tumor semantics (dark green box) exhibit both structural
and semantic similarity to the query image, whereas re-
gions with distinct patterns (red boxes) fail to represent
structure and semantic correspondence simultaneously. Al-
though rotation-aware object detection methods [8, 12, 40]
provide partial solutions, they are ineffective in histopathol-
ogy due to the lack of well-defined objects. Taken together,
these challenges reveal a fundamental gap between current
retrieval paradigms and the fine-grained region-level de-
mands of computational pathology, underscoring the need
for robust region representation and management—an abil-
ity still largely absent in existing WSI analysis pipelines.

To address these challenges, we first formulate WSI re-
gion retrieval as a semantically optimal matching problem
under arbitrary spatial transformations, reflecting the need
to maintain spatial and semantic consistency across rota-
tion and scale variations. Meeting this objective requires
a region-level representation that can express arbitrary re-
gions and remain stable under transformation. To satisfy
this representation requirement, we introduce a semantic
tessellation that composes foundation-model patch features
into flexible descriptors capable of capturing regions while
representing their underlying semantic structure. Building
on the tessellation, we derive a transformation-invariant re-
gion signature that captures consistent semantic relation-
ships under rotation and magnification, enabling robust
region matching. We further show that the tessellation
representation closely approximates ideal pixel-level mask
matching, providing a principled bridge between practi-
cal descriptors and the ideal objective. These components
together form our approach, URICA (Uniformity Region
Affine Identifier Capture Algorithm).

The key contributions of this work are:
• First, we introduce tessellation, a novel structural concept

that partitions WSIs into geometrically consistent units,
enabling efficient and accurate region retrieval.

• Second, we design URICA for semantic region re-
trieval under arbitrary rotations and scaling, leveraging

affine identifier consistency and complementary tech-
niques such as the anchor selection method.

• Third, we provide a theoretical analysis demonstrating
that URICA approximates pixel-level semantic mask re-
trieval based on tessellation structure, and give efficiency
improvements ensuring optimal applications.
Experiments across diverse conditions on 29 TCGA can-

cer subtypes across 10 anatomical sites show that URICA
achieves state-of-the-art performance on both slide- and
region-level tasks. To our knowledge, this is the first ap-
proach to support the retrieval of arbitrary WSI regions.

2. Related Work
Pathology Image Representation. Computational pathol-
ogy is challenged by gigapixel WSIs and limited an-
notations. Self-supervised ViTs, including DINO-based
models [6] and CTransPath [33], learn morphological
features via contrastive objectives, while REMEDIS [2]
combines supervised transfer with contrastive adaptation.
Foundation models such as UNI [7] and PathDino [1]
improve generalization and rotational robustness through
large-scale pretraining, with further enhancements from
feature re-embedding [27] and morphological prototyp-
ing [25]. Graph-based methods [4, 9] capture tissue rela-
tionships, and weak supervision (e.g., CLAM [21], dual-
stream MIL [17]) integrate multi-scale semantics for slide-
level aggregation. Yet they remain patch- or slide-centric
and lack explicit consistency under transformations.

WSI Retrieval. The growth of digital pathology has
spurred scalable WSI retrieval for diagnostic and research
use. Yottixel [14] introduces a Bunch of Barcodes for
efficient indexing, while DRA-Net [37] uses attention to
highlight diagnostic regions. SISH [5], RetCCL [34],
and HSHR [19] adopt contrastive or hybrid self-supervised
learning to improve robustness and precision. For content-
based retrieval, Zheng et al. [36] developed a size-scalable
system, and hierarchical graph models [38, 39] preserve
spatial relations via location-aware hashing; Hu et al. [13]
further fuse reports and metadata for explainable retrieval.
System advances include in-memory spatial indexing [28],
high-performance analytics [29], and hybrid GPU–CPU ar-
chitectures [31]. Nonetheless, existing systems are largely
slide-level and do not ensure semantic or structural align-
ment under rotated or rescaled regions.

Oriented Object Detection. Rotation-aware methods
model orientation for geometric invariance. GIMI [18] in-
corporates geo-location into contrastive learning, and Steer-
ers [3] learn rotation-equivariant descriptors. ReDet [10],
AO2-DETR [8], and SA3Det [32] improve detection via
equivariant networks and adaptive proposals, while Fourier-
based contour modeling [40] refines orientation sensitivity.
However, these methods focus on discrete objects, while
WSI tissue regions are continuous and dense.
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Figure 2. Comparison between the ideal mask–based retrieval and
the feasible tessellation–based retrieval. The latter replaces oracle
semantic masks with encoder-derived patch embeddings.

3. Preliminaries
WSI region retrieval addresses the challenge of identifying
the most similar region under varying rotations and scales.
While pixel-level semantic masks are ideal but impractical,
encoder-based features offer tractable yet sparse patch-level
approximations. To bridge this gap, we define the seman-
tic tessellation, which aligns encoder-based representations
with the ideal mask formulation. Both similarity definitions
are formalized below and illustrated in Fig. 2.

3.1. Region with Segmentation Mask
A WSI I is acquired through high magnification scanning
at size W ×H . Given this scanned image, a pathology im-
age Il ∈ RWl×Hl×3 is obtained as Il = D(I, l) using a
down-sampling functionD at level l. In particular, the stan-
dard formats (e.g., .svs, .tiff) organize {Il|I} into a pyramid
structure and fixed indices for faster visualization. A WSI
set I = {I}ni=1 then consists of n such WSIs.

Given an Il and an ideal segmentation model Seg(·), an
ideal semantic maskMl = Seg(Il) ∈ RWl×Hl×d is a pixel-
level mask corresponding to Il, where d is the dimension of
the total semantic space, and Ml(x, y) ∈ Rd is a sparse
vector, which contains all the semantic information of point
(x, y) in Il. Based on this, we define a region:

Definition 1 (Region): Given a pathology image Il or a
semantic mask Ml, a WSI region rϕ ⊆ Il or a semantic
region mϕ ⊆ Ml is a rectangular area, which is described
by a descriptor ϕ = (x, y, w, h, θ) with:

rϕ = Il(ϕ) ∈ Rw×h×3, mϕ =Ml(ϕ) ∈ Rw×h×d,

where (x, y) and (w, h) are the center position and size of
regions rϕ or mϕ, respectively, with θ ∈ [−π, π), 0 ≤ x −
w/2 < x+w/2 ≤Wl, and 0 ≤ y− h/2 < y+ h/2 ≤ Hl.

3.2. Region with Tessellation
While ideal region retrieval would match regions with mϕ

differences, obtaining pixel-level masks relies on perfect
segmentation models, which are rarely feasible. In practice,
vision foundation models can represent region semantics at
the patch level. Here, we redefine the semantic mask and
formally define the image encoder.

Definition 2 (Semantic Mask): Given a pathology image
Il ∈ RWl×Hl×3, the semantic mask Ml ∈ RWl×Hl×S×ds

stores semantic information of Il in semantic space Rds

over granularity ratio s ∈ [0, S]. Here Ml(x, y, s) ∈ Rds

denotes the semantic representation at location (x, y) and
granularity s, corresponding to a local descriptor ϕs =
(x, y, 2s, 2s, θ) with arbitrary θ. A semantic region is de-
noted by ms

ϕ ⊆Ml(s) for descriptor ϕ = (x, y, w, h, θ).

Definition 3 (Image Encoder): Given an Il and corre-
sponding Ml, a model Es∗(rϕ) is an image encoder if
∀ ϕ = (x, y, 2s, 2s, θ), s ≥ s∗, ∃ a global function
Ls(·) : R2s×2s → Rds such that Es∗(rϕ) = Ls(mϕ) =
eϕ ∈ Rds , where s∗ is the minimum semantic granularity
ratio of Es∗(rϕ), and ds is the size of embedding eϕ.

In Def. 3, the encoder maps a region rϕ to its seman-
tic representation mϕ at minimum granularity s∗. Existing
encoders struggle when s < s∗, so we introduce region tes-
sellation to support semantics at arbitrary granularity.

Definition 4 (Region Tessellation): Given a region rϕ with
ϕ = (x, y, w, h, θ) and a pathology image encoder Es∗(·),
the region tessellation T t

ϕ = {Vϕ, Rϕ} is an overlapping
square tiling composed of sampled semantic region anchors
mϕg

with a step size t and their adjacency relations:

Vϕ = {(mϕg
, xg, yg) | ϕg = (xg, yg, 2s, 2s, θ), m

s
ϕ(xg, yg)},

Rϕ = {(mϕu ,mϕv ) | mϕu ,mϕv ∈ Vϕ, Adj(mϕu ,mϕv )},

where T t
ϕ(xg, yg) = mϕg

, (xg, yg) = (x + x′ · cos(θ) −
y′ · sin(θ), y + x′ · sin(θ) + y′ · cos(θ)) is the center
point of anchor and x′ ∈ [−w/2, w/2], y′ ∈ [−h/2, h/2],
Adj(mϕu ,mϕv ) = {|xu − xv| = t} ⊕ {|yu − yv| = t}
is adjacency condition function, and the sampling with step
size t is performed using the Euclidean axes of rϕ

From a representational perspective, the region tessellation
samples anchor points from ms

ϕ with step size t, capturing
relative spatial relationships within the semantic mask.2

4. URICA: Region Retrieval Algorithm
To approximate mask-based region retrieval within the im-
age encoder (Def. 3) and the tessellation-based retrieval

2The complete definitions and notations are provided in Appendix B
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Figure 3. Overview of the URICA pipeline for WSI region retrieval. (a) Source WSIs are preprocessed into a foreground patch vector
database. (b) Each query region is decomposed into tessellated patches and assigned spatial affine identifiers. (c) The retrieval process
matches affine identifier sets across candidate WSIs and reconstructs the target region ϕres based on the most uniform affine alignment.

framework (Def. 4), we first analyze properties that are in-
variant to rotation and scale. For any two corresponding
region rϕ and rϕ′ , we have the following property:

Property 1 Given two regions rϕ and rϕ′ with ϕ =
(x, y, w, h, θ) and ϕ′ = (x′, y′, w ×∆d, h×∆d, θ +∆θ),
∀ ∆θ ∈ [−π, π) and ∆d > 0, an affine identifier p(·) =
(x − x0, y − y0) denotes the vector from (x0, y0) to (x, y)
within the tessellation. For any p(e) = (xe, ye) ∈ rϕ and
corresponding p(e′) = (xe′ , ye′) ∈ rϕ′ , we have:√

xe′2 + ye′2/
√
xe2 + ye2 = ∆d,

arccos

(
xe′√

xe′2 + ye′2

)
− arccos

(
xe√
x2e + y2e

)
= ∆θ,

where [
xe
ye

]
=

[
cos θ − sin θ
sin θ cos θ

] [
x∗

y∗

]
[
xe′

ye′

]
= ∆d

[
cos(θ +∆θ) − sin(θ +∆θ)
sin(θ +∆θ) cos(θ +∆θ)

] [
x∗

y∗

]
,

and x∗ ∈ [−w/2, w/2], y∗ ∈ [−h/2, h/2] is the corre-
sponding vertex between two region tessellations.

Prop. 1 shows that for regions with identical tessellations,
rotation and scaling shift correspond to the angle and scale
shift of any affine identifiers in this region3. Building on this
property, we propose URICA (Uniformity Region Affine
Identifier Capture) for retrieving arbitrary regions in pathol-
ogy images under varying scales and orientations. URICA
uses a precomputed patch data source from I and a pre-
trained encoder Es∗(·). Given unit patches of size s∗ and

3The complete proof is provided in Appendix C.

tessellated queries, it estimates affine parameters, validates
them, and selects the most uniform subset to retrieve can-
didate regions with descriptors ϕres. As shown in Fig. 3
(a), all target WSIs I ∈ I are divided into patches rϕ∗ with
s∗ and indexed with semantic embeddings before region re-
trieval. Specifically, Otsu’s method [35] computes the bi-
nary thumbnail Ib at 5× magnification. For each patch,
given descriptor ϕ∗ = (x, y, s∗, s∗, 0), we locate the cor-
responding binary patch on Ib and compute its black pixel
ratio:

ratio =
Nblack

Ntotal
=

∑W
x=1

∑H
y=1 I(x, y)

H ×W
,

where I(x, y) is the indicator of a black pixel: I(x, y) = 1
if (x, y) is black and 0 otherwise. Given a threshold τ , we
label a patch as foreground if its black-pixel ratio exceeds
τ , and as background otherwise. Foreground patches are
encoded by an Es∗(·) and indexed to form the patch source,
which supports basic patch retrieval Rp(· | I, Es∗(·)).

4.1. Uniformly Affine Identifier Computation
Fig. 3 (b) shows that when a query region rϕq

is provided,
URICA constructs a tessellation T t

ϕq
= {Vϕq

, Rϕq
} of

patches based on the predefined step size t, and builds affine
identifiers between selected patches. For a selected vertex
vϕq

∈ Vϕq
in (x∗, y∗), the top-k semantically similar patch

locations are identified with the basic patch vector retrieval
process:

{rϕ∗
res

}k = Rp

(
vϕq |I, Es∗(·)

)
,

where k represents the queue length of the retrieval results.
Within the tessellation, the query affine identifier p is

defined by the direction from a selected vertex vϕ∗ to vϕ′ ,
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Figure 4. Correspondences between query (solid) and retrieved
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The candidate (grey) and retrieved (green) regions were proposed
with the shared centric position (brown) across dash combinations.

thereby encoding semantic relationships in space. The anal-
ogous identifier pres is obtained from their patch retrieval
results. Fig. 3 (c) shows the details.

Aggregating over all anchor pairs vϕ∗ ̸= vϕ′ ∈ Vϕq
,

URICA estimates the shift of angle and scale ratio by:

p = (x′ − x∗, y′ − y∗), pres = (x′res − x∗res, y
′
res − y∗res),

∆θ = arccos

(
p · pres

∥p∥ · ∥pres∥

)
, ∆d =

∥pres∥
∥p∥

, (1)

where (x∗, y∗), (x′, y′) ∈ ϕq , (x∗res, y
∗
res), (x

′
res, y

′
res) ∈

ϕres, with ∆θ and ∆d denoting the angle and scale ratio
shifts between the affine identifier.

4.2. Region Candidate Reconstruction
While Prop. 1 guarantees global consistency of transforma-
tions with rotation and scaling, URICA exploits this by val-
idating uniformity in ∆θ and ∆d across query and retrieved
regions. For each tessellation vertex pair, it computes angle
and scale variation sets ∆θ and ∆d with Eq. 1, and selects
consistent subsets θ∗ and d∗ with minimal average variance:

{θ}∗ = argmin
{θ}∗,|S|≥2

1

|{θ}∗|
∑

θ∈{θ}∗

(
θ −

∑
θ

|{θ}∗|

)2

, (2)

{d}∗ = argmin
{d}∗,|S|≥2

1

|{d}∗|
∑

d∈{d}∗

(
d−

∑
d

|{d}∗|

)2

. (3)

Then, URICA estimates the angle and scale ratio of the re-
trieved region relative to the query region by calculating the
average angle and scale shifts over the consistent subsets:

θ∗ =
1

|{θ}∗|
∑

θ∈{θ}∗

θ, d∗ =
1

|{d}∗|
∑

d∈{d}∗

d, (4)

where θ∗ and d∗ are used to locate the retrieved results.
Leveraging the shared query starting anchor (x∗, y∗)

along with its validated angle θ∗ and scale d∗, URICA en-
ables the location of retrieval candidates within the center-
point identifier. Fig. 4 shows that with the target point as
the shared starting point, each query affine (blue and purple
solid arrows) can ideally yield several retrieved affine iden-
tifiers (dashed arrows). When a subset exists such that the
angle and scale shifting are uniform (arrows in green box),
the angle and scale of the retrieved region candidate can be
relocated. Specifically, in the region proposal step of Fig. 3
(c), the final descriptor ϕres can be computed by:

wres = w · d∗, hres = h · d∗, θres = θ∗, (5)[
xres
yres

]
=

[
cos θ∗ − sin θ∗

sin θ∗ cos θ∗

]
·
[
x∗ − xc
y∗ − yc

]
+

[
x∗res
y∗res

]
, (6)

where (x∗res, y
∗
res) is the retrieved patch position (target

point in Fig. 4) corresponding to (x∗, y∗), and (xc, yc) is the
query region center. For a tessellation with n anchors and
patch queue length k, URICA thus generates n×k candidate
regions, ranks them by similarity to the query embedding,
and returns the top-k most similar ones4.

5. Theoretical Approximation Bounds
URICA uses tessellation as a sparse structure to approxi-
mate the ideal pixel-based similarity. In this section, we
study their relation through a probabilistic formulation and
derive bounds. First, we give a hypothesis of coincidence:

Hypothesis 1 (Degree of Coincidence) Given an image
encoder Es∗(·) and a semantic mask Ms

l ∈ RWl×Hl×ds

with granularity s > s∗, the standard degree of semantic
coincidence δ of two patches is determined by their center
points, where ∀ x, x∗ ∈ [0,Wl] and y, y∗ ∈ [0, Hl], we
have:

δ =

(
2s− |x− x∗|

2s

)α(
2s− |y − y∗|

2s

)α

∈ [0, 1],

where α denotes the degree of correlation.

In Hyp. 1, the parameter δ measures semantic correlation
between observed (vertex) and unobserved pixels. For re-
gions with known point-wise similarities, the bounds for
unobserved points depend on semantic alignment. Given
the cosine similarity ψ ∈ [0, 1] of corresponding anchors rϕ
at granularity s, we estimate upper and lower bounds for un-
observed points using positional deviation δi. Aggregating
across all anchors, the similarity range between two regions
rϕ1

and rϕ2
with the same tessellation vertex similarities is:

Sim(rϕ′
1
, rϕ′

2
) = min

{
Simi(rϕ1

, rϕ2
|ϕ)
}
i
,

Sim(rϕ′
1
, rϕ′

2
) = max

{
Simi(rϕ1

, rϕ2
|ϕ)
}
i
,

4The complete algorithm is provided in Appendix D.
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where each ϕ′1 and ϕ′2 denotes a local subregion centered at
(a1, b1) and (a2, b2) with size 2s× 2s.

These bounds describe the local similarity variation in-
ferred from the anchor-based tessellation. For the given ver-
tices and ∀ (x, y) ∈ S , we can obtain the average interval
length L(sim(x, y)) of the corresponding similarity as:

L(sim(x, y)) = E(sim(x, y))− E(sim(x, y))

Based on the symmetry of the above probability model
and a high probability, the integral

∫∫
S L(sim(x, y))ds

can be used to quantify how closely the tessellation-based
task approximates the ideal task. By guaranteeing the∫∫

S L(sim(x, y))ds < 1 + ξ, we can have:

(2s)4α

(2s− t)4α
− (2s− t)2α

(2s)2α
=

ψ∗(1 + ξ)

2(1− ψ∗)4
(7)

Eq. 7 shows that, given an encoder with minimum semantic
granularity s∗, the displacement similarity coefficient α can
be estimated from existing WSIs. The tessellation step t is
chosen so that the statistical error in comparing ψ > ψ∗ to
segmentation-mask-based similarity does not exceed ξ5.

6. Improving Efficiency
URICA’s complexity has two main components: tessel-
lation size n∗ = wt × ht and retrieval queue length k.
Each anchor queries the HNSW index for top-k similar
patches in O(k log(cn)), where c is the average number
of patches per WSI, yielding a total retrieval complexity of
O(n∗k log(cn)). To reduce this cost, we perform anchor
selection on the semantic tessellation T t

ϕ = (Vϕ, Rϕ) via
K-Means or spectral clustering, selecting ka representative
centers. This reduces the retrieval complexity to:

O(ka · k log(cn)), (8)

where ka is the number of selected anchors.
Affine identification selects the subset of k2n∗ identi-

fiers with minimal variance. Exhaustive subset enumera-
tion yields exponential cost (O(2k

2n∗
)), so we adopt Bag

of Shifting (BoS). BoS partitions angle [−π, π] and scale
[0.5, 2] into bags (Ba, Br), assigning each (∆θ,∆d) to in-
tervals, with twin bags offset by half an interval to reduce
boundary errors. The average variance per interval esti-
mates (θ∗, d∗), reducing identification complexity to:

O(ka · k2). (9)

Together, anchor selection and BoS reduce the original
O(n∗k log(cn)) retrieval and exponential identification cost
to O(kak log(cn)) and O(ka · k2), respectively, delivering
an order-of-magnitude speedup when ka ≪ n∗ and en-
abling URICA to operate efficiently on large-scale WSIs.

5The detailed proof is provided in Appendix E

7. Experiments
Since URICA integrates semantic tessellation, affine iden-
tification, and theoretical bounding into a unified retrieval
framework, we evaluate how each component contributes to
overall performance. We therefore articulate three research
questions (RQ) to guide our experiments:
• RQ1: Can URICA achieve consistent and robust retrieval

performance across diverse tissue subtypes and organ sys-
tems in slide-level and region-level WSI retrieval tasks?

• RQ2: How do anchor selection strategies and module
configurations influence the accuracy–efficiency trade-
offs in URICA’s multi-vertex retrieval pipeline?

• RQ3: How does the tessellation step, informed by the ge-
ometric bound function, influence the coverage, similar-
ity, and retrieval latency in large-scale WSI region search?
We evaluate URICA on 24,811 TCGA6 WSIs (13.481

TB) covering 29 cancer subtypes from 10 anatomical sites.
In our experiments, WSIs are tiled into 224 × 224 patches
at 5× magnification with step t. Patch embeddings are ex-
tracted via the UNI [7] encoder and indexed with the Mil-
vus [30] database based on the HNSW [23] method along
with spatial metadata. The experiment assesses slide re-
trieval for coarse matching and inter-region retrieval for
fine-grained ones. Evaluation metrics include mMV@k
(mean majority voting) for slides, and mSim@k (mean fea-
ture similarity) and mIoU@k (mean spatial overlap) for re-
gions with top-k results7.

7.1. (RQ1) WSI Retrieval Tasks Results
For experiment results, slide retrieval results are summa-
rized in Tab. 1, and region retrieval main results in Tab. 2.
Appendix F.2 gives the detailed results.

Table 1. Slide retrieval results on different subtypes of TCGA

Site Slide Num. mMV@5

Yottixel SISH RetCCL HSHR URICA

Pul. 3395 70.73 68.36 84.27 78.45 99.26
Uri. 4198 90.33 88.09 93.67 92.65 98.80
Mel. 1100 96.61 95.12 93.87 97.52 97.36
Bra. 3625 93.38 91.60 85.98 93.74 99.81
Gl. 3565 66.97 57.04 54.57 69.22 97.90
Liv./PB. 1446 89.05 86.27 89.35 91.97 95.78
Gyn. 3610 88.55 85.34 87.14 90.42 98.95
Pro./Tes. 1585 97.38 97.44 98.16 99.10 97.92
Hem. 421 90.38 90.51 90.71 96.40 99.04
End. 1866 92.49 89.80 94.31 95.19 98.98

Total 24811 87.73±09.6 84.96±12.0 87.00±13.0 90.87±10.3 98.38±01.2

To evaluate the slide retrieval task effectiveness, URICA
is compared with Yottixel [14], SISH [5], RetCCL [34], and
HSHR [19], using the best reported results on the TCGA
dataset. Tab. 1 presents the slide retrieval performance
across different cancer subtypes. The results show that
URICA achieves 98.38 ± 1.17% retrieval accuracy across

6https://portal.gdc.cancer.gov/
7More experiment details and results are provided in Appendix F
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Table 2. Inter-region retrieval experiment results of different methods on different subtypes of TCGA data with top-5 Results.

WSI Site Query Slide Method Sample Method Adjacent Method URICA (ours) WSI Site Query Slide Method Sample Method Adjacent Method URICA (ours)

mSim@5 mIoU@5 mSim@5 mIoU@5 mSim@5 mIoU@5 mSim@5 mIoU@5 mSim@5 mIoU@5 mSim@5 mIoU@5 mSim@5 mIoU@5 mSim@5 mIoU@5

Pul. 2763 0.6812 0.1656 0.8582 0.3163 0.1671 0.0262 0.9402 0.6416 Liv./PB. 886 0.6572 0.1505 0.8557 0.2788 0.1401 0.0189 0.8525 0.5551
LUAD 1320 0.6833 0.1673 0.8633 0.3187 0.1721 0.0287 0.9489 0.6302 CHOL 55 0.6003 0.1147 0.8493 0.2665 0.1081 0.0152 0.9391 0.6251
LUSC 1335 0.6846 0.1662 0.8536 0.3171 0.1647 0.0251 0.9346 0.6576 LIHC 520 0.6634 0.1457 0.8653 0.2676 0.1388 0.0178 0.8014 0.4930
MESO 108 0.6208 0.1432 0.8506 0.2763 0.1534 0.0177 0.8907 0.5422 PAAD 311 0.6570 0.1649 0.8409 0.2998 0.1481 0.0215 0.8603 0.5821

Uri. 3209 0.6929 0.1684 0.8602 0.3065 0.1564 0.0239 0.9306 0.6485 Gyn. 2562 0.6752 0.1557 0.8599 0.2960 0.1486 0.0212 0.7993 0.5730
BLCA 588 0.6325 0.1462 0.8424 0.2540 0.1332 0.0168 0.8402 0.5943 UCEC 811 0.6570 0.1424 0.8572 0.2556 0.1284 0.0157 0.7397 0.5539
KIRC 1805 0.7105 0.1748 0.8632 0.3200 0.1607 0.0254 0.9560 0.6706 CESC 358 0.5943 0.1306 0.8443 0.2625 0.1292 0.0154 0.6443 0.4366
KICH 265 0.7242 0.1815 0.8649 0.3172 0.1701 0.0287 0.9400 0.5571 UCS 95 0.6611 0.1349 0.8522 0.2780 0.1433 0.0135 0.9601 0.6361
KIRP 551 0.6846 0.1649 0.8671 0.3130 0.1607 0.0246 0.9617 0.6563 OV 1298 0.7099 0.1725 0.8664 0.3318 0.1669 0.0268 0.9538 0.6764

Mel. 645 0.6414 0.1472 0.8422 0.2556 0.1391 0.0168 0.7295 0.4862 Pro./Tes. 1126 0.6512 0.1633 0.8407 0.2978 0.1399 0.0221 0.8563 0.5864
UVM 97 0.6316 0.1393 0.8455 0.2227 0.1308 0.0127 0.9584 0.7000 TGCT 292 0.6614 0.1658 0.8415 0.3607 0.1382 0.0218 0.7296 0.4792
SKCM 548 0.6432 0.1486 0.8416 0.2614 0.1405 0.0176 0.7009 0.4594 PRAD 834 0.6477 0.1624 0.8404 0.2989 0.1405 0.0221 0.9019 0.6250

Bra. 2939 0.6919 0.1561 0.8727 0.2883 0.1551 0.0222 0.9223 0.6427 Hem. 286 0.6842 0.1605 0.8575 0.2846 0.1493 0.0194 0.8887 0.6160
GBM 1739 0.6786 0.1551 0.8649 0.2918 0.1528 0.0224 0.8863 0.6117 DLBC 77 0.6675 0.1522 0.8636 0.3112 0.1621 0.0208 0.9550 0.6317
LGG 1200 0.7112 0.1575 0.8841 0.2832 0.1585 0.0218 0.9678 0.6817 THYM 209 0.6904 0.1635 0.8552 0.2748 0.1446 0.0189 0.8693 0.6114

Gl. 2690 0.6546 0.1655 0.8456 0.3087 0.1468 0.0245 0.8637 0.5953 End. 1163 0.6673 0.1491 0.8564 0.2741 0.1464 0.0189 0.8931 0.6393
COAD 1140 0.6642 0.1676 0.8475 0.3132 0.1458 0.0247 0.8573 0.5959 ACC 229 0.7169 0.1647 0.8587 0.2996 0.1672 0.0197 0.8929 0.6662
ESCA 215 0.6002 0.1388 0.8353 0.2666 0.1202 0.0169 0.5939 0.4923 PCPG 242 0.6686 0.1402 0.8651 0.2619 0.1540 0.0189 0.9387 0.6292
READ 389 0.6402 0.1601 0.8483 0.3041 0.1441 0.0243 0.9619 0.6160 THCA 692 0.6505 0.1471 0.8527 0.2699 0.1368 0.0187 0.8836 0.6263
STAD 946 0.6613 0.1712 0.8444 0.3147 0.1552 0.0260 0.8646 0.5959 - - - - - - - - - -

Table 3. Ablation experiment results in inter-region retrieval experiment of URICA on different subtypes of TCGA data.

Selection BoS mSim/mIoU@5 mTPQ
Pul. Uri. Mel. Bra. Gl. Liv./PB. Gyn. Pro./Tes. Hem. End.

Fixed
Position

0.937/0.645 0.957/0.653 0.756/0.454 0.927/0.626 0.885/0.608 0.899/0.556 0.851/0.570 0.898/0.579 0.896/0.592 0.889/0.615 24.29

✓ 0.911/0.643 0.954/0.661 0.678/0.447 0.902/0.613 0.845/0.594 0.897/0.568 0.825/0.570 0.866/0.572 0.876/0.589 0.871/0.620 29.60

KMeans
Clustering

0.951/0.657 0.946/0.655 0.806/0.519 0.937/0.641 0.878/0.603 0.918/0.609 0.833/0.585 0.876/0.590 0.924/0.629 0.934/0.646 21.50

✓ 0.940/0.641 0.930/0.648 0.729/0.486 0.922/0.642 0.863/0.595 0.852/0.555 0.799/0.573 0.856/0.586 0.888/0.616 0.893/0.639 21.41

Spectral
Clustering

0.916/0.587 0.922/0.599 0.945/0.441 0.867/0.544 0.849/0.553 0.817/0.478 0.770/0.491 0.847/0.540 0.832/0.505 0.851/0.543 43.15

✓ 0.830/0.529 0.868/0.560 0.581/0.363 0.817/0.517 0.787/0.510 0.709/0.434 0.660/0.426 0.795/0.496 0.749/0.485 0.780/0.498 22.99

sites, demonstrating its effectiveness in leveraging founda-
tion models for coarse-grained tasks.

For inter-region retrieval, we compare URICA with three
direct baselines: the Slide Method, which retrieves regions
using slide-level global embeddings; the Sample Method,
which samples candidate regions from the whole WSI and
encodes them with foundation-model embeddings; and the
Adjacent Method, which reconstructs regions from local
neighboring patches. As shown in Tab. 2, URICA consis-
tently surpasses the Slide Method and Adjacent Method by
large margins on both mSim@5 and mIoU@5, and achieves
the best mIoU@5 across all reported sites and subtypes.
URICA also attains the best mSim@5 in most cases, with
only a few exceptions where the Sample Method is slightly
better. The gains are especially notable in pulmonary (Pul.),
urinary (Uri.), and gastrointestinal (Gl.) tissues, where
URICA substantially improves spatial overlap while pre-
serving high semantic similarity. Its strong performance
on smaller or more heterogeneous subtypes further sug-
gests robust region composition under sparse or variable
morphological patterns. Compared with baselines that rely
on global descriptors or rigid adjacency, URICA better pre-
serves region structure across transformations through tes-
sellation and affine-identifier matching.

Fig. 5 visualizes region retrieval results across multiple
tissue sites, showing that URICA preserves both semantic
consistency and spatial morphology under transformations.

7.2. (RQ2) Ablation Study
We evaluate the impact of anchor selection strategies and
module configurations through two ablation studies. First,
Tab. 3 compares URICA’s performance across ten tissue
sites under different settings. K-Means-based anchor se-
lection achieves the best accuracy–efficiency trade-off, out-
performing Fixed Position and Spectral Clustering in inter-
region retrieval, while BoS primarily benefits Spectral Clus-
tering by reducing latency at a modest accuracy cost.

Second, Fig. 6 examines the effect of anchor ratios.
Ratios below 0.5 (0.2–0.4) degrade accuracy, whereas the
maximum ratio (1.0) attains peak accuracy but incurs high
computational overhead. A ratio of 0.6 strikes an optimal
balance, maintaining near-peak accuracy (within 4.2% loss)
while substantially reducing runtime, making it well-suited
for practical retrieval tasks.

7.3. (RQ3) Step of Tessellation
Based on Hyp. 1, we estimate α by sampling 100 sets of
(224, 224) patch pairs from 421 WSIs on hematopoietic
(hem. with DLBC and THYM) across magnifications, us-
ing the UNI encoder E224(·). For each set, we measure the
cosine similarities between diagonally paired patches and
derive an instance-specific αi value based on the divergence
of semantic similarity under controlled spatial offset8.

8The estimated result is provided in Appendix F.3
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Figure 5. The rank-1 and rank-5 region retrieval results visualization of URICA across sites with original direction source illustrations.
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Figure 6. The differences between the region retrieval result of the
full anchor and the selected anchor on TCGA.

The observation determined α = 3 in Eq. 7, yielding
an optimal tessellation step size of t ≈ 60 (sampling ratio
η = 0.7). As shown in Fig. 7, a large step (e.g., t = 224)
causes sparse coverage and lower retrieval accuracy, while
a small step (e.g., t = 50) improves accuracy but increases
latency and storage. The chosen t = 60 achieves a good
balance, reaching 0.7850 in Similarity@5 and 0.5956 in
IoU@5, while being 31.6% faster and 30% more storage-
efficient than the smaller-step baseline. This shows that α
provides a reliable control parameter for selecting an effec-
tive tessellation granularity and validates Hyp. 1 in practice.

7.4. Limitations

While designed for region-level retrieval, URICA has three
limitations. First, it is less effective for tiny or irregular re-
gions, where tessellation and affine matching become unre-
liable. Second, its performance depends on encoder quality
and may drop under staining variation, scanning artifacts,
or rare lesion patterns. Third, it requires large-scale indexed
data, and its advantage is reduced on small targets.
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Figure 7. The region retrieval result of different tessellating steps
in hematopoietic WSIs of TCGA.

8. Conclusion
In this work, we presented URICA, a unified framework for
WSI region retrieval that addresses the fundamental chal-
lenges of representing arbitrary regions and preserving se-
mantic consistency under rotation and scale variations. By
reformulating retrieval as semantically optimal matching,
and by introducing semantic tessellation together with the
affine identifier, URICA provides a transformation-robust
region representation capable of composing encoder-based
semantics into coherent, geometry-aware descriptors. Our
theoretical analysis establishes that tessellation-based simi-
larity tightly approximates ideal mask-level retrieval, while
extensive experiments across 29 TCGA cancer subtypes and
10 anatomical sites confirm state-of-the-art performance in
both slide- and region-level tasks. Beyond digital pathol-
ogy, URICA offers a scalable and domain-agnostic foun-
dation for region retrieval in other high-resolution, seman-
tically dense imaging domains, such as remote sensing and
astronomy. Future extensions will explore encoder-agnostic
variants and integration into clinical workflows.
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