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A. Experimental Setup Details

This section provides an expanded description of the exper-
imental setup, complementing the settings outlined in the
main paper.

A.1. Datasets Description

We employed three publicly available spatial transcrip-
tomics (ST) datasets covering distinct tissue types, disease
contexts, and experimental platforms (as summarized in Ta-
ble S1).

(1) cSCC (ST, Cutaneous Squamous Cell Carci-
noma). The cSCC dataset [8] consists of formalin-fixed
paraffin-embedded (FFPE) cutaneous squamous cell carci-
noma samples from four patients, profiled with the Spatial
Transcriptomics platform using a spot grid with 110 µm
center-to-center spacing and 150 µm spot diameter. The
slices exhibit highly heterogeneous tumor microenviron-
ments, including keratinized tumor nests, stromal regions,
and immune cell infiltrates. Although FFPE processing typ-
ically leads to reduced RNA integrity, this dataset offers a
realistic and diverse benchmark for assessing model robust-
ness under degraded molecular quality.

(2) Her2ST (ST, HER2+ Breast Cancer). The Her2ST
dataset [1] comprises spatial transcriptomics measurements
of HER2-positive invasive ductal carcinoma (IDC) from
eight patients. Each slice was captured using the original
ST protocol on fresh-frozen breast tissue, with a spot di-
ameter of 100 µm and an inter-spot distance of 200 µm.
In total, 36 slices were included, covering tumor core and
peritumoral regions. The dataset provides high-quality his-
tology images aligned with corresponding spot-level gene
expression matrices (≈15k detected genes per slice).

(3) Human Kidney (Visium ST). The Kidney
dataset [9] represents a large-scale Visium Spatial Gene
Expression collection containing 23 patient samples span-
ning both healthy and diseased conditions (Diabetic Kid-
ney Disease and Acute Kidney Injury). All slices were ob-
tained from fresh-frozen human Kidney tissue with a 55 µm
spot diameter and 100 µm inter-spot distance. Each slice
contains between 0.3k–4k spots with over 33k expressed
genes, capturing both cortical and medullary regions at high
molecular depth. This dataset provides extensive biologi-
cal and technical variability, serving as the primary bench-
mark for assessing generalization across tissues and disease
states.

A.2. Dataset Partitioning
Each histology slice is held out in turn as the test set, while
the remaining slices are used for model training and vali-
dation. From the training pool, 10% of samples are ran-
domly reserved as a validation subset to monitor model per-
formance and trigger early stopping. This design ensures
that model assessment is always performed on unseen tis-
sue slices, thereby preventing data leakage and providing a
reliable measure of generalization across tissue slices.

Specially for the Her2ST dataset, which provides 3–6 se-
rial slices per patient across eight patients, we designate the
first slice from each patient (A1, B1, C1, D1, E1, F1, G1,
H1) as a fixed pool of evaluation candidates. In each evalua-
tion fold, one of these eight slices is held out as the test slice,
while all remaining slices, including other slices from the
same patient, are used for training, with 10% of the training
samples reserved for validation. This fixed pool with one
representative slice per patient keeps the difficulty of dif-
ferent folds comparable and guarantees that every patient is
evaluated on its own test slice.

For the cSCC and Kidney datasets, we adopt the same
slice-wise training–testing scheme. In each fold, one his-
tology slice is held out for testing, and the remaining slices
form the training pool, from which 10% of samples are re-
served for validation. This unified evaluation protocol pro-
vides a consistent and fair basis for assessing model gen-
eralization across heterogeneous tissues, disease states, and
ST platforms.

A.3. Genes Selection
Since HINGE adapts CellFM, which was trained on a fixed
24,078-gene vocabulary, we first intersect each ST dataset’s
gene list with this vocabulary to ensure compatibility. We
then follow the same criteria as in Stem [12], selecting the
intersection of genes ranked in the top 300 for both mean
expression and variance across training slices, which forms
the Highly Mean–High Variance Gene (HMHVG) set used
for training, validation, and evaluation. The selected genes
are summarized in Fig. S1.

A.4. Histology Feature Extraction
Our pipeline operates on spot-level spatial transcriptomics
data, where each spot corresponds to a spatial location on an
H&E-stained tissue slide with paired gene expression and
histology signals.

Concretely, each spot is associated with an RGB image
patch centered at its spatial coordinates (xc, yc) on the reg-



Table S1. Summary of spatial transcriptomics datasets aggregated by patient. Each patient entry reports spot- and gene-level ranges across
multiple slices, together with the corresponding platform.

Dataset Platform Patient Tissue Condition Samples Inter-spot Dist (µm) Spot Diameter (µm) Spots under Tissue Genes per slice Preservation Reference

Her2ST ST Patient A Breast Cancer 6 200 100 325–360 15,045–15,645 Fresh Frozen PMID: 34650042
ST Patient B Breast Cancer 6 200 100 270–295 15,109–15,387 Fresh Frozen same as above
ST Patient C Breast Cancer 6 200 100 176–187 15,557–15,842 Fresh Frozen same as above
ST Patient D Breast Cancer 6 200 100 301–315 15,396–15,666 Fresh Frozen same as above
ST Patient E Breast Cancer 3 200 100 570–587 15,097–15,701 Fresh Frozen same as above
ST Patient F Breast Cancer 3 200 100 691–712 14,861–15,067 Fresh Frozen same as above
ST Patient G Breast Cancer 3 200 100 441–467 14,992–15,258 Fresh Frozen same as above
ST Patient H Breast Cancer 3 200 100 510–613 14,873–15,029 Fresh Frozen same as above

cSCC ST Patient 2 Skin Cancer 3 110 150 638–666 17,138–17,883 FFPE PMID: 7391009
ST Patient 5 Skin Cancer 3 110 150 521–590 16,959–17,689 FFPE same as above
ST Patient 9 Skin Cancer 3 110 150 1071–1182 17,823–19,314 FFPE same as above
ST Patient 10 Skin Cancer 3 110 150 462–621 15,383–17,047 FFPE same as above

Kidney Visium ST Patient 1 Kidney Healthy 1 100 55 3007 33538 Fresh Frozen PMID: 10356613
Visium ST Patient 2 Kidney Healthy 1 100 55 3627 36601 Fresh Frozen same as above
Visium ST Patient 3 Kidney Healthy 1 100 55 4166 36601 Fresh Frozen same as above
Visium ST Patient 4 Kidney Healthy 1 100 55 2627 36601 Fresh Frozen same as above
Visium ST Patient 5 Kidney Healthy 1 100 55 956 36601 Fresh Frozen same as above
Visium ST Patient 6 Kidney Healthy 1 100 55 1034 36601 Fresh Frozen same as above

Visium ST Patient 7 Kidney Diseased 1 100 55 1322 36601 Fresh Frozen same as above
Visium ST Patient 8 Kidney Diseased 1 100 55 673 36601 Fresh Frozen same as above
Visium ST Patient 9 Kidney Diseased 1 100 55 673 36601 Fresh Frozen same as above
Visium ST Patient 10 Kidney Diseased 1 100 55 560 36601 Fresh Frozen same as above
Visium ST Patient 11 Kidney Diseased 1 100 55 534 36601 Fresh Frozen same as above
Visium ST Patient 12 Kidney Diseased 1 100 55 453 36601 Fresh Frozen same as above
Visium ST Patient 13 Kidney Diseased 2 100 55 461-904 36601 Fresh Frozen same as above
Visium ST Patient 14 Kidney Diseased 1 100 55 601 36601 Fresh Frozen same as above
Visium ST Patient 15 Kidney Diseased 1 100 55 787 36601 Fresh Frozen same as above
Visium ST Patient 16 Kidney Diseased 1 100 55 407 36601 Fresh Frozen same as above
Visium ST Patient 17 Kidney Diseased 1 100 55 317 36601 Fresh Frozen same as above
Visium ST Patient 18 Kidney Diseased 1 100 55 645 36601 Fresh Frozen same as above
Visium ST Patient 19 Kidney Diseased 1 100 55 673 36601 Fresh Frozen same as above
Visium ST Patient 20 Kidney Diseased 1 100 55 640 36601 Fresh Frozen same as above
Visium ST Patient 21 Kidney Diseased 1 100 55 507 36601 Fresh Frozen same as above
Visium ST Patient 22 Kidney Diseased 1 100 55 370 36601 Fresh Frozen same as above

istered whole-slide image (WSI). Patch extraction proceeds
as follows:
1. Coordinate-based cropping: Given (xc, yc), we extract

a square region centered at the spot on the H&E WSI.
2. Pixel normalization: Raw pixel intensities in [0, 255]

are linearly rescaled to [0, 1] before feeding patches into
the encoders.
We adopt a dual-encoder framework to jointly capture

complementary visual information from histopathology im-
ages. Each normalized image patch is independently en-
coded by two pre-trained vision backbones:
• UNI [2]: A pathology-domain vision transformer pre-

trained on large-scale histopathology datasets. It pro-
duces embeddings huni ∈ R1024 that emphasize detailed
morphology, including cellular topology, nuclear texture,
and tissue microarchitecture.

• CONCH [10]: A contrastive vision–language foundation
model trained to align histopathology images with expert
pathology reports. It outputs embeddings hconch ∈ R512

that capture high-level semantic tissue context and patho-
logical attributes.
The two encoders provide complementary representa-

tions—UNI focuses on structural and morphological fi-
delity, whereas CONCH encodes semantic and contextual
information from cross-modal supervision. Their outputs
are concatenated to form a unified visual representation for

each spot:

v = ϕ(c) = [huni;hconch] ∈ R1536, (1)

which serves as the histology feature conditioning the spa-
tial expression generation network.

A.5. Baselines
ST-Net [5] integrates spatial transcriptomics and histology
through a deep convolutional network to predict gene ex-
pression directly from H&E-stained images. It employs a
DenseNet-121 backbone [6] pre-trained on ImageNet, with
a fully connected regression head for gene-level prediction.
Each 224×224 patch centered on a spatial spot serves as in-
put. Our implementation retains the original network con-
figuration and normalization strategy to ensure faithful re-
production of the published framework.

BLEEP [11] proposes a bi-modal embedding framework
for spatial gene expression prediction from H&E-stained
histology images. It aligns image and expression modalities
through contrastive learning to construct a shared embed-
ding space, using a ResNet-50 encoder for images and an
MLP for expression features. Gene expression is inferred
via query–reference imputation based on the proximity of
embeddings in the joint space. We adopt the same dual-
encoder architecture and contrastive alignment scheme as
described in the original work.

https://pubmed.ncbi.nlm.nih.gov/34650042/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC7391009/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC10356613/


TRIPLEX [3] introduces a multi-resolution deep learn-
ing framework for predicting spatial gene expression from
whole-slide histology images. The model captures comple-
mentary information at three hierarchical levels—the tar-
get spot, its local neighborhood, and the global tissue con-
text—using independent ResNet-based encoders followed
by a transformer-based fusion layer. These representations
are integrated through an efficient fusion mechanism to
jointly model fine-grained morphology and global organi-
zation. In our reimplementation, we preserve the multi-
resolution design and fusion strategy to maintain method-
ological fidelity to the original model.

MERGE [4] introduces a graph-based framework for
spatial gene expression prediction from whole-slide his-
tology images. It constructs a multi-faceted hierarchical
graph where nodes represent tissue patches, and edges cap-
ture both spatial and morphological relationships. Using a
ResNet18 encoder to extract patch features, MERGE em-
ploys a Graph Attention Network (GAT) to jointly model
short- and long-range dependencies across the tissue. The
hierarchical graph integrates intra-cluster and inter-cluster
connections, enabling efficient information propagation be-
tween morphologically similar but spatially distant regions.
We follow the original multi-faceted graph design and
SPCS-based gene smoothing to reproduce its morphology-
aware prediction behavior

Stem [12] introduces a diffusion-based generative
framework for predicting spatially resolved gene expres-
sion from H&E-stained histology images. Instead of treat-
ing prediction as deterministic regression, Stem models the
conditional distribution of gene expression given image fea-
tures, enabling one-to-many mappings that capture biologi-
cal heterogeneity. The model leverages pretrained pathol-
ogy foundation encoders (UNI [2], CONCH [10]) to de-
rive image embeddings and conditions a DiT-based diffu-
sion network for expression generation. This design allows
Stem to generate biologically diverse yet accurate predic-
tions across spatial locations. In our implementation, we
maintain the same conditional diffusion formulation and
foundation-model conditioning strategy as described in the
original paper.

STFlow [7] formulates spatial gene expression predic-
tion as a generative modeling problem via whole-slide flow
matching. Instead of independent spot-level regression, it
models the joint distribution of gene expressions across
all spatial locations, capturing cell–cell interactions and
global dependencies. The model employs an E(2)-invariant
Transformer denoiser with local spatial attention and lever-
ages pretrained pathology foundation encoders for feature
extraction. We adopt the same flow matching formulation
and spatial attention architecture as described in the origi-
nal work to ensure methodological consistency across base-
lines.

Variant PCC-50 ↑ PCC-200 ↑ MSE ↓ MAE ↓
Scratch 0.2511 0.1804 1.9176 1.1215
Decoder-Tune 0.4726 0.3374 0.9814 0.7716
Backbone-LoRA 0.4599 0.3163 0.9975 0.7774
HINGE 0.4801 0.3355 0.9481 0.7638

Gauss-Diff 0.3437 0.2084 1.8403 1.0447
Mask-Diff (NoCurr) 0.4702 0.3203 0.9641 0.7691
Mask-Diff (RandMask) 0.4889 0.3427 0.9500 0.7729
Mask-Diff (HINGE) 0.4801 0.3355 0.9481 0.7638

Hist-Affine-LN 0.2892 0.2187 1.9070 1.1176
SoftAdaLN (NoSoftNorm) 0.3707 0.2432 1.3417 0.9050
SoftAdaLN (NoIdInit) 0.4008 0.2873 1.2219 0.8592
SoftAdaLN (Full) 0.4801 0.3355 0.9481 0.7638

ResNet-50 0.4348 0.2956 0.9945 0.8001
UNI 0.4668 0.3208 0.9530 0.7667
CONCH 0.4091 0.2630 1.0895 0.8133
UNI + CONCH 0.4801 0.3355 0.9481 0.7638

Table S2. Ablations on Her2ST. Component-wise analysis of
HINGE variants on the Her2ST (A1) dataset.

Variant PCC-50 ↑ PCC-200 ↑ MSE ↓ MAE ↓
Scratch 0.2517 0.2072 1.7576 1.1192
Decoder-Tune 0.4702 0.3627 0.9066 0.7552
Backbone-LoRA 0.4558 0.3271 1.0054 0.7984
HINGE 0.4871 0.3815 0.8956 0.7467

Gauss-Diff 0.2592 0.1673 1.7559 1.0054
Mask-Diff (NoCurr) 0.4725 0.3735 0.9086 0.7591
Mask-Diff (RandMask) 0.4707 0.3703 0.8985 0.7514
Mask-Diff (HINGE) 0.4871 0.3815 0.8956 0.7467

Hist-Affine-LN 0.2285 0.1869 1.7018 1.0957
SoftAdaLN (NoSoftNorm) 0.3962 0.2899 1.3680 0.9486
SoftAdaLN (NoIdInit) 0.4160 0.3030 0.9644 0.8015
SoftAdaLN (Full) 0.4871 0.3815 0.8956 0.7467

ResNet-50 0.4455 0.3247 0.9811 0.8008
UNI 0.4699 0.3642 0.9675 0.7884
CONCH 0.4535 0.3557 1.0675 0.8151
UNI + CONCH 0.4871 0.3815 0.8956 0.7467

Table S3. Ablations on Kidney. Component-wise analysis of
HINGE variants on the Kidney (IU-F52) dataset.

A.6. Implementation Details

Our approach is implemented using PyTorch (version 2.1.0)
with Python 3.9, and models are trained on NVIDIA A800
GPUs with CUDA 12.1. We employ mixed precision train-
ing, utilizing PyTorch’s native Automatic Mixed Preci-
sion (AMP) for computational efficiency. To ensure repro-
ducibility, the random seed is consistently set at 42 across
all experiments. The model is optimized using AdamW
with a learning rate of 1 × 10−4, weight decay of 0.0, and
a global batch size of 32. We adopt a MultiStepLR sched-
uler with decay milestones at epochs [20, 30] and a decay
factor of 0.2. The training process is capped at a maximum
of 50 epochs, with an early stopping mechanism triggered
if there is no improvement in validation MSE for 5 consec-
utive epochs after an initial validation warmup period of 15



Methods cSCC Her2ST Kidney

PCC-50 ↑ PCC-200 ↑ MSE ↓ MAE ↓ PCC-50 ↑ PCC-200 ↑ MSE ↓ MAE ↓ PCC-50 ↑ PCC-200 ↑ MSE ↓ MAE ↓

Linear (ζ=1) 0.8728 0.7957 1.2067 0.8627 0.4922 0.3524 1.0802 0.8220 0.4817 0.3751 0.8986 0.7495
Cosine 0.8641 0.7868 1.1760 0.8392 0.4652 0.3294 1.1293 0.8383 0.4579 0.3469 1.0026 0.7999
ζ = 0.5 0.8743 0.7964 1.2196 0.8576 0.5090 0.3578 1.1948 0.8619 0.4567 0.3485 0.9886 0.7948
ζ = 2 0.8657 0.7828 1.3044 0.8990 0.4913 0.3450 1.0377 0.7888 0.4773 0.3729 0.9504 0.7829
ζ = logT G 0.8755 0.8021 1.0096 0.7793 0.4817 0.3751 0.8976 0.7445 0.4871 0.3815 0.8956 0.7467

Table S4. Masking schedules. Results under different masking schedules on representative slices from the cSCC (P2 ST rep3), Her2ST
(A1), and Kidney (IU-F52) datasets.

epochs. To stabilize early-stage training, we implement a
curriculum learning scheme where the first 5 epochs are re-
stricted to mask ratios ≤ 20% before exposing the model to
the full diffusion schedule.

B. Additional Visualization Results

In this section, we present additional visualizations of
marker-gene spatial expression predictions across all three
datasets used in our experiments (Figs. S2–S4). These qual-
itative results complement the quantitative metrics in the
main paper by providing a more fine-grained view of spatial
localization patterns across datasets and tissue sections.

For the cSCC dataset, Fig. S2 shows spatial expression
maps for KRT6A, KRT10, and GJB2 on multiple tissue sec-
tions. Beyond the P2 ST rep3 slice shown in the main text,
we include additional cSCC slices to illustrate how the pre-
dicted localization patterns of these markers behave across
different sections rather than on a single example.

We follow the same protocol on the Her2ST and Kid-
ney datasets. For Her2ST, Fig. S3 visualizes predictions for
GNAS, ERBB2, and FASN on multiple tissue sections. For
the Kidney dataset, Fig. S4 shows FXYD2, ATP1B1, and
PODXL on representative slices. These examples are meant
to complement the quantitative results in the main paper
by visually inspecting whether the predicted marker-gene
maps preserve the expected spatial structures and localiza-
tion patterns across datasets and sections.

To further quantify spatial coherence beyond point-wise
errors, we additionally report gene-wise structural similar-
ity (SSIM) between the predicted and ground-truth 2D ex-
pression maps. Specifically, for each slice and each gene,
we compute SSIM on the corresponding 2D spatial expres-
sion maps, and then aggregate the results per slice and fi-
nally average across slices. We highlight representative
marker genes (KRT6A, GNAS, FXYD2) in Fig. S5 as refer-
ences from cSCC, Her2ST, and Kidney, respectively. This
SSIM-based evaluation provides a complementary perspec-
tive to MSE/MAE/PCC by emphasizing structural agree-
ment of spatial patterns (e.g., contiguous regions and tissue-
level organization) rather than purely per-spot deviations.

In addition, for the Kidney dataset we visualize gene–

gene correlation matrix heatmaps computed across multiple
slices (Fig. S6). These co-expression maps provide a com-
plementary perspective to the marker-gene expression plots
by highlighting gene–gene dependencies at the tissue level.

C. Additional Ablation Studies

We extend the ablation analysis from the main paper to the
Her2ST (A1) and Kidney (IU-F52) datasets to verify that
our design choices are not specific to cSCC. In all cases, we
reuse the same protocol, metrics, and variant definitions as
in the main-text ablations.

On the Her2ST (Table S2) and the Kidney dataset (Ta-
ble S3), we report the same suite of ablations as in the
main text. Each table includes the Scratch baseline and all
variants that reuse the pre-trained CellFM backbone, com-
pares Gaussian and masked diffusion objectives (includ-
ing the HINGE schedule with curriculum), and lists con-
ditioning designs such as Hist-Affine-LN and the full Sof-
tAdaLN module, along with different histology encoders
(UNI, CONCH, and UNI+CONCH). The experiments fol-
low the same protocol and metrics as the cSCC ablations in
the main paper.

We further study different masking schedules on rep-
resentative slices from the cSCC, Her2ST, and Kidney
datasets (Table S4). In this experiment, we vary the for-
ward masking schedule ᾱt while keeping the rest of the
setup fixed. We consider a linear schedule (Linear), a co-
sine schedule (Cosine), and two power-law schedules of the
form ᾱt =

(
1− t

T

)ζ
with ζ ∈ {0.5, 2}. In addition, we in-

clude a variant where the exponent is set to ζ = logT G for
a prescribed global masking level G, which serves as the
default schedule in our other experiments. Results are re-
ported for all three datasets using the same evaluation met-
rics as in the main text.

With a full T -step run, we also evaluate the intermediate
estimate x̂0(t) at several t values. MSE/MAE decrease and
PCC increases until convergence, without late-step degrada-
tion (Fig. S7(a)), suggesting progressive refinement rather
than error accumulation under our progressive unmasking
scheme. In addition, fixing the trained model (with T ), we
vary the inference budget K and report final metrics vs. K.



Method Type Steps Time/slide (s) ↓ spots/s ↑ PCC@50 ↑ Time@HR (s) ↓
ST-Net Reg. 1 0.7162 890.82 0.739 13.97
BLEEP Reg. 1 48.1776 13.24 0.785 991.29
TRIPLEX Reg. 1 10.8633 58.45 0.805 OOM
Stem Gen. 1000 230.1942 2.77 0.823 4138.51
STFlow Gen. 10 0.2431 2624.83 0.692 OOM

HINGE (scGPT) Gen. 5 1.1643 547.97 0.806 37.3242
HINGE (CellFM) Gen. 5 23.3428 26.46 0.874 453.06
HINGE (CellFM) Gen. 50 257.7769 2.48 0.877 4411.02

Table S5. Inference efficiency (OOM: Out of Memory).

A small K already approaches the full-T result, giving a
clear quality–speed trade-off (Fig. S7(b)).

Finally, we examine the effect of the masking horizon T
on the same three datasets (Fig. S8). For each dataset, we fix
the masking schedule and vary T over several values, and
then record the corresponding performance metrics. We vi-
sualize these results as curves of each metric versus T , pro-
viding a summary of how the choice of masking horizon
interacts with our masked diffusion formulation on cSCC,
Her2ST, and Kidney slices. Unless otherwise specified, we
set T = 50 as the default masking horizon in our experi-
ments.

D. Inference efficiency
(i) Inference latency. We add a runtime comparison of re-
gression and generative baselines (Table S5). At our default
setting (HINGE (with-CellFM), T=50), throughput is 2.48
spots/s, comparable to Stem (2.77 spots/s) while achieving
higher PCC. (ii) Quality–speed trade-off (T ). HINGE ex-
poses the denoising steps as a practical test-time scaling:
reducing T from 50 to 5 increases throughput by ∼11×
(2.48→26.46 spots/s, exceeding BLEEP in this setting)
while keeping PCC nearly unchanged (0.877→0.874; Ta-
ble S5, Figure S7). This shows HINGE reaches near-full ac-
curacy with few steps, enabling practical inference through-
put. (iii) High-resolution case. Inference is batched over
spots and scales approximately linearly. Time@HR in Ta-
ble S5 summarizes this regime, where some baselines are
OOM while HINGE completes inference.
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Figure S1. Selected genes used across different datasets.



Figure S2. Spatial gene expression predictions for KRT6A, KRT10, and GJB2 on the cSCC dataset.



Figure S3. Spatial gene expression predictions for GNAS, ERBB2, and FASN on the Her2ST dataset.



Figure S4. Spatial gene expression predictions for FXYD2, ATP1B1, and PODXL on the Kidney dataset.
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Structural Similarity Index Measure (SSIM) quantifies spatial coherence of predicted expression maps
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Figure S5. Gene-wise SSIM with marker genes highlighted.



Figure S6. Gene–gene correlation heatmaps on the Kidney dataset.



Inference steps K: multi-step refinement improves and saturates
progressive refinement without late-step degradation

T=20 reverse steps

(a) (b)

Figure S7. Step-wise analysis of masked diffusion sampling.

Figure S8. Masking horizon T . Evaluation metrics as functions of the masking horizon T on representative slices from the cSCC, Her2ST,
and Kidney datasets.
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