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Abstract

Registering whole-slide images (WSIs) is essential for inte-
grating complementary information across histological stains,
yet remains challenging because of gigapixel resolution, pro-
nounced cross-stain appearance discrepancies, nonlinear de-
formation, tissue tearing, and partial tissue loss. Although
general-purpose registration methods have advanced substan-
tially, they are not tailored to histopathological images and
remain difficult to apply directly at gigapixel scale. In this
work, we first present GigaPath-RoMa, a pathology-adapted
dense correspondence framework for WSI registration. We
adapt RoMa, a robust dense feature matching model, to
the pathology domain through synthetic dense transforma-
tions and quality-aware certainty supervision. Furthermore,
to scale dense matching to gigapixel WSIs, we introduce
a global-to-local strategy that estimates a global correspon-
dence field from a downsampled 4096-pixel WSI view and re-
fines it across increasing WSI resolutions. Experiments on two
histological registration datasets demonstrate that GigaPath-
RoMa consistently outperforms representative classical and
learning-based methods, with particularly strong improve-
ments in robustness and tail registration errors. These results
establish pathology-adapted dense correspondence as an ef-
fective basis for accurate gigapixel WSI registration.

1 Introduction

Histological stains reveal complementary aspects of tissue
biology. Hematoxylin and eosin (H&E) depicts general mor-
phology, whereas immunohistochemistry (IHC) and other
special stains expose molecular markers and tissue-specific
structures (Wodzinski et al. 2024b; Roy et al. 2023). Joint
analysis of these signals supports annotation transfer, spatial
biomarker analysis, three-dimensional reconstruction, and
the integration of morphological and molecular evidence
(Gatenbee et al. 2023). Such analyses require accurate reg-
istration: even a small local misalignment can associate a
cell, gland, or lesion with an incorrect molecular measure-
ment. The need for automatic and reproducible alignment
has therefore motivated dedicated histological registration
benchmarks such as ANHIR (Borovec et al. 2020) and a
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growing family of whole-slide image (WSI) registration sys-
tems (Wodzinski and Miiller 2021; Gatenbee et al. 2023;
Wodzinski et al. 2024b).

WSI registration is substantially more difficult than or-
dinary image alignment. A single slide may contain hun-
dreds of millions to billions of pixels, precluding direct full-
resolution inference with modern dense matching networks.
Serial sectioning and slide preparation introduce nonlinear
deformation, folds, tears, fragmented tissue, and regions with
no valid counterpart (Figure 1). Cross-stain registration fur-
ther violates brightness and color constancy because cor-
responding structures may have markedly different appear-
ances or may only be visible under one stain (Borovec et al.
2020; Weitz et al. 2024; Elhaminia et al. 2025). Slides can
additionally differ by large translation or discrete rotation.
These effects occur jointly and at different spatial scales:
global orientation and displacement must be recovered while
fine tissue boundaries require localized nonrigid correction.

Existing histological registration methods commonly fol-
low a coarse-to-fine pipeline. They first estimate a rigid or
affine alignment and subsequently optimize a nonrigid trans-
formation at higher resolution (Wodzinski and Miiller 2021;
Gatenbee et al. 2023; Wodzinski et al. 2024b). This design
has produced strong practical systems, but local refinement
remains dependent on a sufficiently reliable initialization.
A direct tiled extension presents a related problem: a target
tile and a source tile extracted at identical coordinates need
not depict corresponding tissue after large displacement, ro-
tation, deformation, or fragmentation. Once an invalid tile
pair is passed to a local matcher, an apparently confident lo-
cal transformation can corrupt an otherwise plausible global
alignment. Thus, scaling WSI registration requires not only
an accurate local matcher, but also a reliable mechanism for
constructing and fusing local correspondences.

Dense correspondence models offer a promising basis for
this mechanism. Recent approaches have progressively im-
proved coverage and robustness through learned dense confi-
dence, coarse-to-fine refinement, and foundation-model fea-
tures (Edstedt et al. 2023, 2024). In particular, RoMa pro-
duces pixel-dense warps together with certainty estimates
and remains robust under substantial appearance and geo-
metric changes (Edstedt et al. 2024). Nevertheless, directly
transferring existing image registration methods to WSI reg-
istration faces two fundamental gaps. First, models trained
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Figure 1: Examples of cross-stain WSI pairs before and after
registration: (a) H&E and progesterone receptor (PR) IHC;
(b) H&E and estrogen receptor (ER) IHC.

on natural or general medical images are not adapted to stain-
dependent appearance, repetitive histological texture, and
partially missing tissue. Second, these methods are designed
for much lower image resolutions: globally downsampling a
gigapixel WSI discards fine tissue detail, whereas local pro-
cessing requires corresponding regions to be identified and
their predictions to be fused into a consistent high-resolution
mapping. Achieving accurate registration at gigapixel scale
therefore remains a central challenge.

In this work, we present GigaPath-RoMa, a pathology-
adapted dense correspondence framework for gigapixel WSI
registration. We separate pathology-domain correspondence
learning from gigapixel inference. First, we fine-tune RoMa
with pathology-derived synthetic dense transformations and
introduce quality-aware certainty supervision, so that cer-
tainty reflects both correspondence validity and localiza-
tion accuracy. Second, we introduce a multiscale strategy
for gigapixel WSI registration. A high-detail global corre-
spondence field first establishes whole-slide alignment and
then guides two levels of bounded local residual refinement.
The resulting confidence-weighted residuals are fused on a
smooth control grid to produce a continuous full-resolution
mapping. Extensive benchmarking on ANHIR and HyReCo
shows that GigaPath-RoMa outperforms all evaluated full-
coverage baselines.

We summarize the main contributions as follows:

* We adapt a general-purpose dense correspondence model
to the pathology domain using synthetic dense transfor-
mations and quality-aware certainty supervision, provid-

ing a reliability signal suited to filtering and weighting
histological correspondences.

* We introduce a global-to-local framework for gigapixel
dense registration that progressively constructs mapping-
guided local correspondences and integrates their residu-
als into a continuous full-resolution mapping.

* We conduct comprehensive experiments on ANHIR and
HyReCo, demonstrating the best performance among the
evaluated full-coverage methods.

2 Related Work

2.1 Histological and Whole-Slide Image
Registration

Histological registration must handle stain shifts, gigapixel
images, and structural discontinuities (Elhaminia et al. 2025).
ANHIR evaluates nonrigid landmark accuracy across tis-
sues and stains, while ACROBAT studies clinical H&E-THC
breast slides; both expose failures under large displacement,
damage, and partial overlap (Borovec et al. 2020; Weitz et al.
2024).

Conventional pipelines combine low-resolution initializa-
tion with patch-based or region-focused refinement (Lotz
et al. 2016; Rossetti et al. 2017; Paknezhad et al. 2020;
Jiang et al. 2019). Multiresolution intensity optimization,
as in Elastix, can be brittle across stains (Klein et al. 2010);
VALLIS instead combines tissue masking, feature-based rigid
alignment, and nonrigid micro-registration (Gatenbee et al.
2023).

Learning-based methods learn features, synthesize shared
appearance, or predict deformation (Wodzinski and Miiller
2021; Ge et al. 2022; Awan et al. 2023; Hoque et al. 2022;
Roy et al. 2023). RegWSI and DeeperHistReg combine
learned initialization with WSI-scale refinement infrastruc-
ture (Wodzinski et al. 2024b,a); SGTTA adapts style and
structure at test time, and SAR2Net retrieves spatially an-
chored regions (Zhou, Xiong, and Wu 2024; Shen, Yan, and
Zhang 2026). Wang, He, and Yan (2026) applied foundation-
model matching to heterogeneous spatial omics. Unlike
methods requiring coarse overlap or fixed local pairing, ours
constructs local pairs from an evolving dense mapping.

2.2 Image Registration and Correspondence
Methods

Intensity-based methods optimize similarity under spline,
diffusion, or diffeomorphic models (Rueckert et al. 1999;
Thirion 1998; Avants et al. 2008). VoxelMorph and Trans-
Morph instead predict dense deformation with convolutional
and transformer models (Balakrishnan et al. 2018; Chen et al.
2022), but cross-stain shifts are harder than their typical
same-modality settings.

Sparse methods range from SIFT to learned detection
and assignment with SuperPoint, SuperGlue, and Light-
Glue (Lowe 2004; DeTone, Malisiewicz, and Rabinovich
2018; Sarlin et al. 2020; Lindenberger, Sarlin, and Polle-
feys 2023), but uneven coverage limits local deformation
accuracy. Detector-free methods such as LoFTR, DKM, and
RoMa provide broader correspondence coverage (Sun et al.



2021; Edstedt et al. 2023, 2024). Pyramids, tiling, and dis-
tributed frameworks address large-image memory costs (Jena
et al. 2026).

RoMa is particularly suitable for WSI registration: its
pixel-dense warp captures spatially varying deformation
when landmarks are sparse, while certainty suppresses un-
reliable matches in background, damaged, missing, or non-
overlapping regions. Yet natural-image training and ordinary-
resolution inference do not address pathology-specific ap-
pearance or gigapixel pair construction and fusion. GigaPath-
RoMa closes these gaps through pathology adaptation and
global-to-local multiscale refinement, in which an evolving
dense mapping guides local residual matching across WSI
resolutions.

3 Methodology

3.1 Problem Formulation and Framework
Overview

Let F: Qp — R3and I : Q; — R? denote a target
(reference) whole-slide image (WSI) and a source WSI, re-
spectively. Our goal is to estimate a dense backward mapping

M:QF—)Q[, (1)

such that a location p € Qp corresponds to M (p) in the
source image. The source image registered on the target-
image grid is consequently obtained as Iy.,p (p) = I(M(p)).
This backward formulation is consistent with dense image
resampling and allows all estimated correspondences to be
represented in the coordinate system of the target WSI.

Directly applying a dense correspondence network to a
WSI is infeasible because the slide can contain hundreds of
millions to billions of pixels, whereas existing matchers oper-
ate on ordinary-resolution images. Independently matching
tiles at identical spatial coordinates is also unreliable: rota-
tion, large displacement, nonlinear tissue deformation, tear-
ing, and missing tissue can cause two equally positioned tiles
to contain unrelated structures. GigaPath-RoMa addresses
these two issues by separating pathology-domain correspon-
dence learning from gigapixel inference.

The framework consists of two stages (Figure 2). First,
we adapt a general-purpose dense correspondence model
to histopathology using synthetic dense transformations and
quality-aware certainty supervision. Second, at inference
time, we perform a discrete rotation search and estimate
a high-detail global correspondence field from aspect-ratio-
preserving WSI views. This field serves as a spatial anchor
for a two-level residual pyramid. At each level, uniformly
distributed overlapping target tiles are paired with source
search windows located by the evolving mapping. Each local
matcher predicts a bounded residual correction rather than
an independent absolute transformation. Reliable residual
observations are finally integrated into a continuous field on
a smooth control grid.

Starting from the global mapping My, the multiscale up-
date is written as

Ms+1(p) = Ms(p) =+ As(p)a 2

where A, is the fused residual field estimated at refinement
scale s.

3.2 Pathology-Adapted Dense Correspondence

Synthetic Pathology Correspondence Generation
General-purpose dense matchers are trained predominantly
on natural images and therefore do not fully capture the
stain appearance, repeated texture, weakly textured regions,
and tissue boundaries encountered in histology. We adapt
RoMa to this domain using H&E tiles sampled from
TCGA-UT (Komura et al. 2022). TCGA-UT contains
approximately 1.6 million multiresolution H&E tiles
extracted from pathologist-selected uniform tumor regions
across 32 TCGA cancer types. Given a pathology tile
X, we sample a synthetic spatial transformation 7" and
generate a paired image X’ = W(X,T). The sampled
transformations combine global geometric perturbations,
including translation, rotation, scale, anisotropic scale, and
shear, with smooth local elastic deformation. Cropping
and out-of-bound sampling additionally produce partially
valid correspondence regions that resemble tissue loss and
non-overlap.

Because 7' is known, every valid pixel has a dense ground-
truth correspondence. This provides substantially denser
supervision than sparse landmark annotations and permits
transformations to be resampled online during training. We
retain RoMa’s dense correspondence objective (Edstedt et al.
2024) and fine-tune the model with these pathology-derived
synthetic pairs.

Quality-Aware Certainty Supervision A binary validity
target does not distinguish an accurate correspondence from
a poorly localized prediction when both are valid. This dis-
tinction is particularly important for WSI registration because
certainty is subsequently used to filter and weight local resid-
uals. For a pixel p, let yya1ia(p) € {0,1} indicate whether
its synthetic correspondence is valid, and let e(p) denote the
endpoint error between the predicted correspondence and
the synthetic ground truth, measured in pixels. We define the
quality-aware certainty target as

Yeert (P) = Yvalia (p) exp (—S(Tp)) , 3)

where 7 controls the rate at which certainty decreases with lo-
calization error. Thus, invalid correspondences receive zero
target certainty, while valid predictions receive high certainty
only when their endpoint error is small. The certainty head is
optimized against this soft target together with the dense cor-
respondence objective, with gradients stopped through the
target. We denote the resulting pathology-adapted matcher
by Repath .

This objective encourages certainty to encode correspon-
dence quality rather than validity alone. It does not assume
that the output is a perfectly calibrated probability on every
unseen stain pair; instead, it provides a more informative
reliability signal for the quality-controlled WSI inference de-
scribed below.

3.3 Automatic Rotation Alignment and Global
Correspondence

Histological sections may be stored under different discrete
orientations. We therefore align their coarse orientation be-
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Figure 2: Pipeline of GigaPath-RoMa. (a) Synthetic pathology pairs adapt RoMa using dense correspondence and quality-aware
certainty supervision; (b) global alignment guides multiscale local refinement and control-grid fusion.

fore estimating the final mapping. Low-resolution views of
the two WSIs are first constructed while preserving their
aspect ratios. For each candidate rotation

re O ={0°90° 180° 270°}, )

we rotate the source-image view by r, apply the pathology-
adapted matcher, and compute a correspondence score S,
from its dense matching certainty. The selected orientation
is

7 = arg max S,. &)

re0
All subsequent matching is performed against the oriented
source image I = 7(I). The final correspondences are

transformed back to the coordinate system of the original
source WSI, so the orientation operation does not alter the
definition of M.

After rotation alignment, we construct a second pair of
aspect-ratio-preserving WSI views with a maximum side
length of 4096 pixels. The pathology-adapted matcher re-
tains its 560-pixel coarse reasoning stage while enabling
high-resolution refinement and prediction upsampling at the
WSI-view resolution. We apply Ry,,,, to obtain the initial
global field

My = Ry (F<0>,f<°>) . 6)
The predicted coordinates are rescaled from these WSI views
to the original slide coordinate systems, yielding M. The
4096-pixel prediction retains substantially more spatial detail

path

than the orientation-search view while remaining tractable
for whole-image inference. Nevertheless, it is used as a
global anchor rather than treated as a full-resolution solution:
it captures orientation, large displacement, and coarse-to-
intermediate tissue correspondence, while local stages cor-
rect the remaining error.

3.4 Mapping-Guided Multiscale Residual

Matching

We refine M, at two strictly increasing image scales. The
same refinement algorithm is used for every dataset, but the
pyramid levels are selected from the native WSI dimensions
so that a level contains multiple 2048 x 2048 tiles without
producing an intractable tile count. We choose the finest
computationally feasible level and use half of that resolution
as the preceding level. Thus, the medium-resolution ANHIR
images use 0.5 and 1.0x, whereas the much larger native-
resolution HyReCo slides use 0.0625x and 0.125x. At each
level, fixed-size overlapping tiles are distributed uniformly
across the target domain. Uniform spacing avoids a narrow,
atypical edge tile while preserving complete coverage and
approximately 50% overlap.

At refinement scale s, let p; be the center of the target
tile 7. Instead of extracting a source tile at the same spatial
coordinate, we query the current correspondence field:

qi = M (p;). (7

A source-image search window is then centered at g;. This
mapping-guided construction conditions local matching on



the alignment accumulated from all coarser stages. It is es-
sential when the corresponding tissue is displaced from the
target tile coordinate or when only part of the tile overlaps
the source section.

The target tile and its predicted source search region are
passed to the pathology-adapted matcher. For a sampled tar-
get location p;; in tile ¢, the local prediction, converted to
WSI coordinates, is denoted by M %! (p;;). We formulate
its contribution as a residual observation

dij = M7 (pig) — Mi(pij). ®)
This formulation prevents a local tile prediction from directly
replacing a globally plausible mapping. It also supplies a
natural zero-residual prior: where local evidence is absent or
unreliable, the current mapping is retained.

Refinement proceeds from coarser to finer WSI resolu-
tions. The tile size is fixed in level pixels, so its physical
footprint decreases as resolution increases and progressively
finer tissue structure becomes available. To prevent a late
local mismatch from damaging the global solution, the norm
of each fused level update is clipped by a scale-dependent
trust bound,

[As®)ll2 < ps,  pst1 < ps, ©
with full-resolution bounds of 8 and 4 pixels from coarse to
fine in the selected two-level configuration. After residuals
at scale s are fused and bounded, the updated field M, is
used to relocate every source search window at the next scale.
Consequently, local correspondence construction and map-
ping estimation form a closed coarse-to-fine process: a better
mapping produces better-aligned search regions, which in
turn provide more reliable residual evidence.

Before fusion, we filter unreliable residuals from back-
ground, missing tissue, or incorrect search regions. Corre-
spondences with low certainty or excessive displacement are
removed, and tiles must contain sufficient tissue and a suffi-
cient number of retained samples. Robust within-tile statis-
tics suppress residual outliers and reject tiles with excessive
median absolute deviation (MAD). The remaining observa-
tions are weighted by correspondence certainty and spatial
proximity. Finally, we retain a tile update only when it im-
proves grayscale normalized mutual information (NMI) be-
tween the target and locally warped source; otherwise, the
current mapping is preserved.

3.5 Graph-Regularized Control-Grid Fusion

The retained residual observations are interpolated into a
continuous update on a regular control grid. Indexing all re-
tained residuals by i, let G; € R? denote the displacement at
control node 7, and let B;G denote the bilinearly interpolated
grid displacement at observation i. We minimize

E(G) = wil| BiG — dil|3 + Aprior Y_IIG;1I3

J

10
+ Asmooth Z HG7 - Gk”%’ o

(4,k)EEa
where w; is the residual reliability weight, and £ contains
four-neighbor control-grid edges. The three terms fit the re-
tained observations, penalize drift from the global anchor,

and encourage neighboring control nodes to vary smoothly.
Robust reweighting limits the influence of inconsistent ob-
servations. Bilinear interpolation of the optimized grid gives
As(p), which updates the mapping through Eq. (2) before
the next refinement level.

4 Experiments
4.1 Datasets and Metrics

For domain adaptation, synthetic transformations pair H&E
tiles from TCGA-UT and provide dense correspondence and
certainty supervision without manual annotations or images
from either evaluation dataset (Komura et al. 2022).

We evaluate on two cross-stain datasets. ANHIR spans
tissues, stains, orientations, and resolutions; our fixed man-
ifest has 222 pairs and 19,967 landmark correspondences
(Borovec et al. 2020). HyReCo contains high-resolution
H&E slides paired with slides stained for CD8, CD45, Ki-67,
or PHH3; excluding seven corrupted archive images leaves
27 pairs and 428 landmarks (Wodzinski et al. 2024b). Every
method uses the same manifests.

For a target landmark p;, its corresponding source land-
mark ¢;, and an estimated backward mapping M, we compute
the target registration error (TRE) as

ei = [|M(pi) — qill2- (11

ANHIR follows the benchmark convention for relative TRE,
r'TRE; = e;/Dy, where Dy is the source-image diagonal
(Borovec et al. 2020); HyReCo TRE is converted to pum
using the source slide’s axis-specific pixel spacing. We report
pooled mean, median, and 95th-percentile (P95) errors, plus
the median per-pair median for HyReCo. Metrics in the two
units are reported separately.

4.2 Baseline Methods

We compare three reproducible WSI pipelines: VALIS,
which combines tissue preprocessing, feature-based rigid
alignment, and nonrigid micro-registration (Gatenbee et al.
2023); DeeperHistReg, a deep-initialized multistage frame-
work whose outputs we convert from padded, downsam-
pled coordinates back to native coordinates (Wodzinski et al.
2024a); and LDDMM-Demons, a smooth intensity-based
baseline with automatic orientation handling (Thirion 1998;
Avants et al. 2008). We include only locally verified im-
plementations that export dense transformations and run on
identical manifests.

4.3 Implementation

Pathology adaptation uses seed O for Python, NumPy, and
PyTorch, 560 x 560 inputs, batch size 2, and 5,000 mixed-
precision AdamW steps at 10~° with a frozen encoder. The
certainty loss weight is 0.01 and its base 7 is 4 pixels, scaled
at coarser prediction levels. Inference parameters are shared
across datasets except for pyramid scales. The global view
has a maximum side length of 4096 pixels; RoMa matches
coarsely at 560 x 560 and upsamples its prediction (Edstedt
et al. 2024). Uniform local grids use 2048 x 2048 tiles, 1024-
pixel overlap, 512-pixel source margin, 256-pixel sampling
stride, and 512-pixel control spacing.
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Figure 3: Qualitative comparison on three HyReCo H&E—-CD45 pairs. Each displayed crop covers a 1024 x 1024 pixel region
in the native WSI coordinate system, located by the red box in the corresponding whole-slide thumbnail. Green and magenta
contours show target and registered-source edges, respectively; blue dots are target landmarks, and red dots are the corresponding
transformed source landmarks. Red landmarks are absent from the VALIS panels when their transformed locations fall outside
the displayed region because of large registration errors. Lower TRE indicates better registration.

Tiles require 2% tissue, certainty > 0.10, and 12 retained
samples. Fusion uses prior and smoothness weights of 0.5
and 0.05, respectively, with two robust iterations; updates are
accepted only when NMI is at least 1.0 and exceeds that of
the current mapping. The selected scales are 0.0625x and
0.125x for HyReCo (median native long side of 220,572
pixels), and 0.5 and 1.0x for ANHIR (10,987 pixels). At
the coarse and fine levels, residuals above 256 and 128 native
pixels, respectively, are rejected. The corresponding MAD
thresholds are 64 and 32 pixels, and the update bounds are 8
and 4 pixels. Scales are fixed within each dataset.

The three-level ablation prepends 0.03125x on HyReCo
or 0.25x on ANHIR, with residual, MAD, and update lim-
its of 512, 128, and 16 native pixels. Baselines use aspect-
ratio-preserving views of at most 4096 pixels; mappings are
evaluated in native WSI coordinates. Experiments used two
40-GB NVIDIA A100-SXM4 GPUs and an AMD EPYC
7763 CPU. GigaPath-RoMa and DeeperHistReg used paral-
lel single-GPU shards; VALIS and LDDMM-Demons used
parallel 14-thread CPU shards. Each configuration was eval-
uated once on its complete fixed manifest; failed jobs were
retried without ensembling, and tables report these single-
run evaluations. The supplementary code and data package
provides all preprocessing, experiment, and analysis code
with step-level comments, complete parameters, and hard-
ware/software versions; it will accompany the public code
release. Generative Al tools were used for language polish-

ing and programming assistance; all resulting content was
verified by the authors, who take full responsibility for the
manuscript.

4.4 Quantitative Comparison

Tables 1 and 2 summarize the final controlled reruns, in-
cluding both the complete two-level GigaPath-RoMa and its
Global-4096 variant without local refinement. On HyReCo,
the Global-4096 variant already reduces mean, median, and
P95 TRE by 8.9%, 9.7%, and 4.0%, respectively, relative
to VALIS, the strongest complete baseline. Local multiscale
refinement further reduces these errors by 1.6%, 7.5%, and
1.4%, yielding total reductions of 10.4%, 16.4%, and 5.4%
relative to VALIS. DeeperHistReg has a competitive median
but a much larger mean and P95, revealing severe outliers,
while LDDMM-Demons produces substantially larger errors
and a heavier error tail.

On ANHIR, the Global-4096 variant and full GigaPath-
RoMa perform similarly: local refinement slightly improves
mean and P95 rTRE while the Global-4096 median is
marginally lower. Both substantially outperform Deeper-
HistReg, the strongest baseline that completes the entire
manifest; the full model reduces mean, median, and P95
rTRE by 37.2%, 20.2%, and 27.2%, respectively. VALIS
succeeds on only 196 of 222 pairs despite a retry; we report
its successful-pair statistics for completeness but exclude it
from the strict full-manifest ranking. All other methods com-



Table 1: Quantitative comparison on ANHIR using the mean,
median, and 95th percentile (P95) of rTRE. Reported values
are multiplied by 10°; lower is better. VALIST is evaluated
on 196 successfully registered pairs, with failures on the
remaining 26 pairs.

Method Mean | Median| P95

GigaPath-RoMa  3.145 1.404 11.433
Global-4096 3.156 1.397 11.501
DeeperHistReg 5.005 1.758 15.708
VALIS' 107.861  3.427 485.245
LDDMM 58.431 8.235 380.949

Table 2: Quantitative comparison on HyReCo using the
mean, median, P95, and pair-level median TRE. TRE is re-
ported in pum; lower is better. Pair-med. denotes the median
of the per-pair median TRE.

Method Mean | Median | P95 | Pair-med. |
GigaPath-RoMa 18.619 5.919 45.888 6.164
Global-4096 18.921 6.400 46.559 7.170
VALIS 20.769 7.084 48.502 7.258
DeeperHistReg ~ 66.495 8.019 345.926 8.092
LDDMM 460.898  73.507 984.527 62.158

plete both manifests. Table 1 reports rTRE multiplied by 103;
Table 2 reports TRE in pm, with Pair-med. denoting the me-
dian per-pair median. Lower is better throughout.

Figure 3 compares three challenging HyReCo H&E-
CD45 pairs. GigaPath-RoMa aligns landmarks and local
tissue boundaries more closely than VALIS and Deeper-
HistReg. Missing red landmarks in the VALIS panels lie
outside the displayed crops because of large registration er-
Tors.

4.5 Ablation Studies

We first study the effect of pathology-domain fine-tuning by
comparing the original RoMa checkpoint with the pathology-
adapted checkpoint using identical Global-4096 initialization
and two-level Pyr2 refinement. Both variants completed all
222 ANHIR and 27 HyReCo pairs. As shown in Table 3,
pathology adaptation reduces the mean, median, and P95
errors on ANHIR by 20.2%, 15.7%, and 13.0%, respectively.
The improvements on HyReCo are smaller but consistent
across all three metrics.

Table 3: Ablation study of pathology-domain fine-tuning.

Dataset Matcher Path FT Mean | Median | P95 |

ANHIR Original RoMa  — 3.942 1.665 13.145
Path-adapted v 3.145 1.404 11.433

HyReCo Original RoMa  — 18.965 5.929 46.173
Path-adapted v 18.619 5.919 45.888

We next evaluate the number of residual-refinement levels
using independently executed Global-4096, Pyr2, and Pyr3
branches initialized by numerically identical Global-4096
mappings. This is an online ablation rather than an offline
replay: each finer-level tile location depends on the mapping
produced by the preceding level. Table 4 reports complete
results on all 222 ANHIR and 27 HyReCo pairs.

Table 4: Ablation study of multiscale refinement configura-
tions. M, F, and C denote mid, fine, and coarse levels.

Dataset  Variant Levels Mean| Median| P95 |
ANHIR Global-4096 None 3.156 1.397 11.501
Pyr2 M+F 3.145 1.404 11.433
Pyr3 C+M+F  3.146 1.404 11.441
HyReCo Global-4096 None 18.921 6.400 46.559
Pyr2 M+F 18.619 5.919 45.888
Pyr3 C+M+F 18.582 5.893 46.054

HyReCo benefits most from multiscale refinement. Com-
pared with the Global-4096 variant, Pyr2 reduces mean, me-
dian, and P95 TRE by 1.6%, 7.5%, and 1.4%, respectively. In
contrast, the changes on ANHIR are small and mixed across
the three metrics. This difference is likely because HyReCo
contains substantially higher-resolution WSIs than ANHIR
(median native long side of 220,572 versus 10,987 pixels),
making local fine-grained correspondence more important
for recovering details that are lost in the global view.

Adding a third refinement level provides little additional
benefit. On HyReCo, Pyr3 lowers mean and median TRE by
0.2% and 0.4% but increases P95 by 0.4% relative to Pyr2.
On ANHIR, the differences between Pyr2 and Pyr3 remain
below 0.1% for all three metrics, and the pairwise compar-
isons are mixed. The added coarse level therefore provides
no consistent accuracy or tail-error benefit across datasets.
We select the two-level configuration for the final model be-
cause it matches the three-level variant while avoiding an
additional full tiling and fusion stage.

5 Conclusion

In this paper, we present GigaPath-RoMa, a pathology-
adapted dense correspondence framework for gigapixel
cross-stain WSI registration. Synthetic pathology corre-
spondences and quality-aware certainty supervision adapt
RoMa to histology, while a global-to-local multiscale strat-
egy enables gigapixel inference. Results on ANHIR and
HyReCo show that GigaPath-RoMa outperforms VALIS,
DeeperHistReg, and LDDMM-Demons. Global-4096 pro-
vides strong alignment, while local refinement is most bene-
ficial for very high-resolution slides, allowing the inference
strategy to be selected according to image scale and accuracy
requirements. Current limitations include manual quality-
control thresholds and the computational cost of multiscale
dense matching. Future work will explore adaptive thresholds
and schedules, uncertainty-guided tile selection, model com-
pression, topology-preserving constraints, and downstream
effects on biomarker analysis and 3D reconstruction.
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