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Abstract

Automating the analysis of whole-slide images has high clinical value, since characterizing cancers requires exam-
ining them in detail. Such analysis increasingly relies on vision-language models that provide patch-level zero-shot
predictions. However, these predictions remain noisy and must be refined with a few annotations. A promising
paradigm for this refinement is few-shot transduction. Rather than treating each patch independently, these meth-
ods leverage the relations between patches, together with a few annotations, to refine all predictions jointly. However,
current transductive methods are evaluated under conditions that overlook key properties of whole-slide images: (i)
datasets consist of independent patches extracted from multiple slides, ignoring the complex tissue organization;
(ii) datasets are mostly balanced, whereas a single whole-slide image exhibits severe class imbalance, with several
classes absent; and (iil) annotations are sampled at random, without reflecting how a pathologist annotates a limited
number of regions. To align the transduction paradigm to realistic whole-slide settings, we introduce the following
contributions. First, we propose SlideCRF, which adapts conditional random fields for whole-slide images by com-
bining spatial and biological cues while accounting for classes that may be absent from a given slide. Second, we
provide a set of realistic annotation protocols, based on spatially localized clicks and scribbles, modeling different
pathologist interactions, such as the iterative correction of model errors. Across four datasets, we show that Slide-
CRF outperforms current transductive methods in macro F1, improving over the zero-shot predictions by +24.2%

and +37.5% with one and 16 clicks per present class, respectively.
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1 Introduction

Accurate analysis of whole-slide images (WSIs) is crucial
for cancer diagnosis and staging, enabling pathologists
to characterize complex histopathological entities. Au-
tomating this pipeline offers substantial clinical value by
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reducing workload while enhancing diagnostic capabili-
ties [1]. However, given the gigapixel scale of WSIs, they
must first be divided into independent, non-overlapping
patches to make processing computationally feasible.

To analyze these massive patch collections, recent
frameworks have increasingly relied on histology-specific
vision-language models (VLMs) [2}4]. Pre-trained on
massive histological image-text pairs, these models ex-
hibit strong generalization capabilities that enable patch-
level zero-shot (ZS) predictions without requiring prior
annotations from pathologists. Yet, despite their promis-
ing performance, these initial ZS predictions often remain
noisy, still necessitating a limited number of expert anno-
tations for refinement [5].

In histology, the most commonly used approaches to re-
fine these VLM predictions are inductive few-shot meth-
ods [6]. These methods typically rely on few annota-
tions to train a lightweight linear classification layer or
optimize a small set of adapter parameters on top of a
frozen VLM backbone, and generate an independent pre-
diction for each patch [7H9]. In contrast, a second and
promising direction involves transductive few-shot meth-
ods [10,/11]. Rather than treating each patch indepen-
dently, these techniques jointly refine all predictions by
leveraging both expert annotations and the underlying
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relationships between patches [12}[13]. Conditional ran-
dom fields (CRFs) fit into this paradigm: by modeling
pairwise dependencies between patches, they enforce con-
sistency across neighboring predictions while refining all
patches at once [14].

Despite their conceptual advantages in modeling patch
dependencies, current state-of-the-art transductive meth-
ods, such as Histo-TransCLIP [11] and HistoCRF [14],
are evaluated under conditions that diverge sharply from
realistic clinical settings. This discrepancy manifests in
three main ways: (i) standard benchmarks use indepen-
dent patches pooled from distinct WSIs, discarding the
critical spatial context necessary to characterize complex
tissue structures; (ii) these benchmarks rely on mostly
balanced datasets, overlooking the severe intra-slide class
imbalance and frequently absent diagnostic categories
inherent to WSIs; and (iii) existing methods assume that
expert annotations are sampled randomly across the
entire slide. This ignores actual pathological workflows,
where clinicians typically annotate a limited number
of localized, contiguous regions rather than a sparse,
widespread set of patches. Consequently, because exist-
ing transductive methods were not designed with these
constraints in mind, their performance remains severely
limited when evaluated under realistic clinical conditions.

To align transductive learning with realistic clinical set-
tings, we introduce the following key contributions:

e We propose SlideCRF: a method to refine the patch-
level ZS predictions of a WSI using a few expert annota-
tions by modeling the relations between patches with a
CRF. To handle the realistic WSI setting, our method
integrates spatial and biological relations, recovering
finely structured regions while remaining robust to the
absence of classes within a slide. As shown in Figure[]
by iteratively annotating a few regions, SlideCRF pro-
gressively refines the ZS predictions and recovers the
underlying structures of the slide.

e We provide a set of realistic annotation protocols
based on spatially localized clicks and scribbles, rather
than widespread annotations, better reflecting how a
pathologist interacts with a WSI. To capture realis-
tic human-in-the-loop (HITL) dynamics, these annota-
tions can target representative regions, focus on erro-
neous regions, or iteratively correct errors. Studying
how each protocol affects refinement offers a rigorous
baseline to benchmark future progress in interactive
digital pathology.

2 Related Work

2.1 Transductive VLM prediction

Unlike inductive few-shot methods [7H9] that classify each
patch independently, few-shot transductive methods re-

fine all test predictions jointly, exploiting the relation-
ships between unlabeled samples in addition to a few an-
notations.

2.1.1 In natural images

EM-Dirichlet [15] was the first transductive method to
explicitly leverage the textual modality of VLMs along-
side the image embeddings: it models the samples with
a Dirichlet distribution and uses the VLM predictions to
optimize its parameters without retraining the model. In
the same spirit, TransCLIP [16] models the data distri-
bution as a Gaussian mixture and iteratively refines the
pseudo-labels obtained from VLMs, both without labels
and in a few-shot variant. More recently, StatA [17] intro-
duced a transductive approach robust to test conditions,
where the set of test samples may not contain classes
anticipated by the model. Other methods rely on graph
modeling: building upon ZLAP [18], which performs label
propagation on a graph constructed from text prompts
and unlabeled samples, ECALP [19] extends this frame-
work to the few-shot setting by incorporating annotated
samples into the graph and introduces a context-aware
feature re-weighting that calibrates similarities prior to
propagation.

2.1.2 In histology

Histo-TransCLIP |11] applies TransCLIP to histology,
jointly refining patch-wise predictions from the distri-
bution of patches in the latent space. Building on this
transductive setting, HistoCRF [14] formulates patch
classification as a CRF inference problem and combines
VLM predictions with a pairwise potential derived from
a small set of annotations to refine all ZS predictions at
once. In contrast, PADDLE [10] operates on the patches
within a local window of the WSI and, from a few
labeled patches, estimates the optimal class assignments
of these patches while penalizing a large number of
distinct predicted classes. This constraint reflects a key
characteristic of the WSI setting: only a few of the many
candidate classes are present in a given slide.

Current limitations. Despite their differences, ex-
cept PADDLE which leverages spatial proximity by re-
stricting its joint analysis on local windows, all the
mentioned methods construct relationships primarily in
the feature space, connecting patches according to their
feature similarity, without using the raw data. In
histopathology, tissue structures share biological infor-
mation and exhibit strong spatial continuity. Therefore,
relying solely on visual similarity may connect anatomi-
cally distant regions while overlooking local tissue orga-
nization. This motivates the integration of spatial and
biological information into the refinement process, which
we incorporate through a CRF combining spatial and bi-
ological cues in addition to model features.
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Figure 1: Illustration of SlideCRF on two WSIs. From a few localized clicks (top) or a few localized scribbles
(bottom), SlideCRF progressively refines the prediction and recovers spatially coherent regions.

2.2 Annotation protocols

A realistic WSI refinement method naturally raises the
question of how these annotations are generated.

2.2.1 In medical images

To reduce the burden associated with pixel-wise seg-
mentation mask delineation, weak annotations have been
widely adopted, including points , scribbles and
bounding boxes , which trade annotation density for
a much lower labeling cost.

To train methods that operate without dense super-
vision, several tools have been introduced to automat-
ically generate sparse annotations from ground-truth
masks . For scribbles, ScribbleBench samples con-
trol points inside a region and along its boundary, then
interpolates a smooth curve between them. For clicks,
points are sampled randomly within the object while
satisfying minimum-distance constraints from both the
boundary and previously sampled points, ensuring that
they remain well distributed . Alternatively, clicks are
placed on the erroneous regions of the current prediction,
typically on the largest erroneous region [26}{28], option-
ally at the point furthest from its boundary . Applied
iteratively, this correction strategy allows the prediction
to be refined over successive rounds .

2.2.2 In histology

propose a method to generate scribbles from masks
of tumoral regions. To simulate a pathologist drawing a
continuous curve along a tumor, each generated scribble
spans the whole region. Iterative correction has also been
studied: propose an interface for data annotation
that iteratively retrains a model from clicks provided by
a pathologist, and study the interactive correction of
erroneous regions, reaching high performance with only
a few scribbles. More recently, interactive foundation
models such as Vista-path propagate sparse expert

feedback into whole-slide segmentation, but rely on a
trained model.

Current limitations. Each of these tools captures a
different facet of the annotation process but none com-
bines them into a realistic benchmark covering a range
of annotation budgets, types, and interactions. To fill
this gap, we propose realistic WSI annotation protocols
that span two annotation types (clicks and scribbles) and
three pathologist interactions such as the correction of er-
rors. These protocols allow the generation of a range of
annotation budgets and reflect a pathologist annotating
distinctive regions. This provides a unified benchmark of
pathologist interactions, from which we derive practical
recommendations for annotating WSIs. The annotation
protocols are further detailed in Section [4]

3 SlideCRF

3.1 CRF Objective function

‘We propose an adaptation of CRF's for realistic WSI anal-
ysis. To handle large-scale histopathological images, we
divide them into a set of patches. The WSI is represented
as a graph G = (V,€), in which each patch corresponds
to a vertex v € V and relations between patches are rep-
resented by the set of undirected edges connecting the
vertices & [33].

We want to obtain an assignment y = (y,)vey, defining
a class label for each patch. In CRF, the joint distribution
over the hidden random variables is commonly expressed
as a Gibbs distribution:

P(Y =y) = + exp(—E(y)).

~ (1)

where Z is a normalizing factor and E(y) = > .. ®c(ye)
is the energy defined on the set of maximal cliques C (a
clique is a fully connected sub-graph).



If we state our problem as a Bayesian estimation
P(Y = y|X) x P(X]Y = y)P(Y = y) and taking the
negative logarithm, we obtain an objective function of the
general form:

fly)=- Z log P(xy|Yy = yy) + E(y)
veY
= D buly) D Pelye) (2)
veEV ceC

unary potentials &,  pairwise potentials ®,

Unary and pairwise potentials are the building blocks of
CRF methods. The former indicate the value that each
variable is likely to take based on its own observed vari-
ables and the latter encourage neighboring variables to
take compatible values.

3.2 Unary potential

In this work, we build on the definition of the unary po-
tential proposed in our preliminary work [14], and add a
term to be robust to the possible absence of classes within
a slide.

3.2.1 Initial prediction term

For this term, we rely on histology-oriented VLMs to ob-
tain our unary potential ¢, (y,) from patch-level predic-
tions without training a task-specific model. More pre-
cisely, we encode each patch v with the visual encoder
to get an embedding vector f, and for each class | tex-
tual embeddings t; with the textual encoder from the
average of a set of prompts (e.g., “a histology image of
{class}”) |11]. The unary potential is then computed
from the cosine similarity:

tT

f,
bo(y, = 1) = —log <softmaxl <|fu|||ltz|)> . (3

3.2.2 Class-presence term

The expert annotations A give an indication of which
classes are actually present in the slide. We exploit this
to discourage the prediction of classes that never appear
in the annotation set. The prediction of a class is driven
by its unary potential: a class with a low unary poten-
tial tends to be predicted. Let P be the set of annotated
classes. To prevent the prediction of absent classes, we
add a constant A\ to the unary potential of every unanno-
tated class | ¢ P, at every patch v:

¢v(yv = l) = d’v(yv :l) +)\Hé[l ¢ P]a

where ¥[] is the indicator function.

(4)

3.3 Pairwise potentials

The definition of the pairwise potentials differs from that
in our initial work [14] by the addition of two additional
potentials to the annotation and diversity terms originally
defined.

3.3.1 Annotation term

The first term connects each annotated patch v € A to its
set M, of highly similar patches according to their em-
bedding vectors f,, extracted using a histology-oriented
vision model. This encourages the refinement process to
align their labels with expert input, promoting consis-
tency with pathologist annotations. This leads to the
following definition of the first pairwise term:

Yow (Yo, Yu) = (1 = Oy yuw )sim(fy,, £,), (5)

where similarities are measured using the cosine simi-
larity:

T

f.f,

im(f,, f,) = —7—.
sim(fo, £0) = TE T

(6)

3.3.2 Diversity term

For the second term, we connect each patch v to its set
N, of most dissimilar patches. By linking patches that
appear different but share the same label, this term en-
courages the refinement process to adjust such inconsis-
tencies, promoting greater label diversity.

6?!@ sYw (1 - Sim(fvﬂ fw))’ (7)

¢vw (yv ) yw) =

3.3.3 Spatial term

For the third term, we use spatial connections between
patches by connecting each patch v to the set S, of its
spatial neighbors. This term acts as a smoothing incen-
tive that favors the assignment of identical labels to neigh-
boring patches. It takes the same functional form as the
annotation term (Eq. , but operates on a different set
of pairs.

3.3.4 Biological term

The last pairwise term introduces handcrafted biological
cues and encourages patches that appear different to the
vision model but are biologically similar to receive the
same label. It combines two feature groups, texture f;
and color f5:

2

ow (Yo, Yw) = (1 = 8y, y,,) Z M simz (£v, )
k=1

(8)

where the similarity is computed using a Gaussian kernel
applied to the Euclidean distance between the features
extracted from each patch:

. f " _f w 9
Slm2(fk7’ua fk}7w) = exXp (—W) . (9)



Texture concatenates gray-level co-occurrence ma-
trix [34] (contrast, homogeneity, energy, correlation) and
local binary patterns 35|, capturing the spatial arrange-
ment of pixels. Color features [36] are computed on image
patches converted in the hematoxylin-eosin-DAB (HED)
color space, and concatenate the mean and standard de-
viation of the channels corresponding to the hematoxylin
and eosin stains.

Combined pairwise potential. Combining the four
terms gives our pairwise potential:

q)p:ﬁz Z wvw(yvayw)+az Z (b'uw(y'uvyw)

vEAWEM, vEV WEN,

(i) annotation pairwise term (ii) diversity pairwise term

FY D YW ve) + DY Gy vu)

vEV WES, vEV WEN,

(iii) spatial pairwise term (iv) biological pairwise term

(10)

where «, 3, v and n are weighting factors. To be robust
to the partial presence of certain classes, « follows a step
schedule: a; = a if © < 7 and «; = 0 otherwise, where
i is the message passing iteration (see next section
and 7 is a fixed threshold. The sets N, and M, are not
fixed but are drawn at random from within a subset of the
most dissimilar or most similar patches to v each time the
pairwise potential is computed to increase the number of
connections without increasing memory load.

3.4 Objective function optimization

Combining the definitions of both potentials gives the fol-
lowing objective function:

Fy) =Y dulyn) + @,

veEVY

As the solution of Eq. is intractable, a mean-field
approximation is used. This minimizes the KL-divergence
between P(Y|X) and a simpler approximation ) that can
be written as the product of independent marginal distri-
butions Q(y) = [[, Quv(yv). This results in an iterative
update equation corresponding to a message passing al-
gorithm [37] on the graph that can be written as:

(11)

Qv(l) = Zi exp ( - &v(l) -« Z (1 - 51)U;)Qu1(l)
N weN,
_Z {ﬂ Z Sow Qw(l/) + 'YZ Sow Q’w(l/
el wEeEM, wES,
U'#l
+ Z 52 vw Qw(l/):| )a
weN,

(12)

where s, = sim(f,, £,), 20w

and Qu (1) = Qu(Yw = 1)-

= D Mk sima (£ 0, i),

Algorithm 1 SlideCRF (HITL)

For 1 — Number of expert-annotation steps
Get pathologist annotations A
Initialize unary potential ¢(9) « Eq.
Iterative message passing
For i =1 — 50
Get pairwise potential @, + Eq.
Iterative update: Q() < Eq.
Update unary potential: ¢() « 5 (qﬁ(i_l) + Q(i))

Output: Predictions §j < arg max Q9

The key steps of the method are outlined in Algo-
rithm [

4 Annotation protocols

An annotation protocol is defined by two components:
an annotation type, which determines the shape of the
annotation, and an interaction type, which determines
how the pathologist selects the patches to annotate.

4.1 Annotation types

We consider two annotation types commonly used in med-
ical imaging: clicks and scribbles (mainly based on Scrib-
bleBench [24]). An example of both annotation types is
shown in Figure 2.

4.1.1 Clicks

A click is defined by a single control point (the center)
and covers a disk of radius one patch around it, yielding
five annotated patches (the center and its four neighbors).

4.1.2 Scribbles

A scribble is defined by several control points. A smooth
curve, whose length is capped at 15 patches, is then
interpolated between these points.

Generation process. In our experiments, the center
of a click and the control points of a scribble are gen-
erated automatically from the dense segmentation mask

e L
° 4 )

(b)

Figure 2: Examples of both annotation types, (a) clicks
and (b) scribbles, on two WSIs.



by a three-step process, designed to mimic a pathologist
annotating a region of a tissue class:

(i) Component selection. For each class present in the
slide, its connected components are extracted and one
is sampled with probability proportional to its area,
reflecting the tendency to annotate the largest, most
visible structure.

(i1) Control point sampling. Within the selected compo-
nent, a position is sampled from a Gaussian distribu-
tion. Its center is placed at the point furthest from the
boundary (identified by the Euclidean distance trans-
form), and its standard deviation is set to 0.4 times
that point’s distance to the boundary. The Gaussian is
further modulated by the model confidence, reflecting
the tendency to annotate central and representative re-
gions. For scribbles, the remaining control points are
determined following ScribbleBench.

(i1i) Repulsion. When several annotations fall in the same

region, the sampling probability is weighted by the

distance from already-annotated patches. This favors
successive annotations to cover different parts of the
structure.

4.2 Interaction types

We consider three pathologist interactions: representa-
tive, error-driven and human-in-the-loop (HITL).

4.2.1 Representative

Annotations target the most representative region of each
class, following the three-step generation process intro-
duced in the previous subsection.

4.2.2 FError-driven

Annotations correct erroneous patches predicted by the
model. The control points (step (i) of the generation
process) are drawn exclusively among the mispredicted
patches of the selected component. Each annotation is
thus anchored on an error.

4.2.3 Human-in-the-loop (HITL)

Rather than spending the entire annotation budget at
once, as in the representative and error-driven interac-
tions, one annotation per class is added after each in-
ference round. As in the error-driven interaction, each
new annotation is anchored on a currently mispredicted
patch, so that successive annotations progressively target
the remaining errors of the model.

Dataset Target organ  #WSI  #Cls. Patch size Patches/slide
BACH Breast (human) 10 4 4482 1.2-4.7k
CATCH Skin (canine) 70 12 4482 4.2-17.8k
SKINCANCER Skin (human) 290 11 642 0.9-35.0k
TIGER Breast (human) 93 2 4482 1.9-10.0k

Table 1: Dataset characteristics. #Cls. is the number of
tissue classes and Patches/slide is the min—max number
of extracted patches per slide. Patch sizes are in pixels.

5 Experimental Setup

5.1 Datasets

We evaluate the proposed method on four diverse
histology WSI segmentation datasets: BACH [3§|,
CATCH [39], SKINCANCER [40] and TIGER [41}}42].
These datasets span a wide range of cancer types and
species, and they differ substantially in the number of
classes, slide sizes and spatial complexity. This diver-
sity allows us to assess the robustness of the proposed
method across heterogeneous segmentation settings. For
all datasets, dense segmentation masks are available, al-
lowing patch-based evaluation.

5.2 Patch extraction

Each slide is tiled into non-overlapping patches (448x448
px, reduced to 64x64 for SKINCANCER, whose slides
are sometimes considerably smaller). Background tiles
are discarded with a per-dataset tissue filter: a grayscale
standard deviation threshold (< 0.025) for BACH, a low-
saturation HSV criterion for CATCH, and a tissue-mask
coverage ratio (> 0.5) for SKINCANCER and TIGER.
Each retained patch receives a single label. For datasets
annotated with polygons (BACH, TIGER) it is the first
polygon intersecting the patch, defaulting to healthy when
none applies. For the densely-masked datasets (CATCH,
SKINCANCER) it is the pixel-majority class within the
patch. This yields between ~ 950 to ~ 35,000 labeled
patches per slide, reflecting the wide range of slide sizes
across datasets. A summary of the datasets’ characteris-
tics is presented in Table

5.3 Implementation details

Each slide is segmented independently: the model has
access to all of its unlabeled patches and to a set of anno-
tated patches sampled according to the protocols of Sec-
tion We vary the annotation budget b € {1,2,4,8,16}.
It is expressed in annotation actions so that protocols
compared at equal budgets involve the same number of
annotation actions. A single click and a single scribble
each count as one action, and a budget of b corresponds
to b actions per class present in the slide. As in [14],
we use CONCH [2] to define the unary potential, while
UNI-2h [43] provides the features used to build the pair-
wise potential. The weighting factors are set to a = 0.1,
B =~ =0.5,m = 0.2 (texture), o = 0.1 (color), and



the Gaussian kernel defining the biological affinity uses
a standard deviation of ¢ = 0.1. The pairwise potential
terms are sparsified to |N,| = 4 and |(M,| = |S,| = 8
connections per patch. Mean-field inference is run for
50 propagation steps; the diversity term is removed at
T = 25 (i.e., halfway through inference) and the class-
presence prior is set to A = 0.02. These hyperparameters
were determined on a validation set of 20 slides randomly
sampled from SKINCANCER (the largest dataset) and
excluded from the test set. These hyperparameters are
fixed once and kept identical across all runs on all four
datasets, which is consistent with our realistic setting. An
ablation study (Section evaluates the contribution of
each term in the pairwise potential.

5.4 Baselines

We compare SlideCRF against two few-shot inductive
baselines, linear probe and Tip-Adapter-F, and four
transductive ones. Among the transductive methods,
we distinguish two families. Probabilistic approaches
(Histo-TransCLIP, PADDLE) fit a distribution over
the unlabeled patches and refine all predictions jointly
through this global distribution. Graph-based approaches
(ECALP, HistoCRF) instead build a graph over patches
and propagate labels along its edges, so that refinement is
driven by explicit pairwise relations. Among all baselines,
ECALP is the closest to our setting, as it also combines a
few annotations with VLM textual embeddings for label
propagation; SlideCRF differs by additionally modeling
spatial and biological pairwise potentials within a CRF.
We additionally report the ZS CONCH prediction as a
reference baseline. Whenever available, official implemen-
tations and recommended hyperparameters are used for
each baseline.

5.5 Evaluation metrics

Performance is measured with the balanced accuracy and
the macro F1. Balanced accuracy is the average, over the
classes present in the slide, of the per-class recall, i.e.,
the fraction of each present class’s patches that are cor-
rectly retrieved. As it averages over the classes present in
the slide, balanced accuracy does not directly take into
account the prediction of classes that are absent from
the slide. Macro F1 is the average F1 score of each
class, which combines recall with precision, the fraction of
patches predicted as a class that truly belong to it. Both
metrics are computed per slide and then averaged over
all evaluated patients in the dataset. We repeat each ex-
periment over five random seeds, with each seed drawing
a different set of annotations.

6 Experiments

6.1 SlideCRF matches or outperforms

baselines

Table 2] summarizes the comparison against the baselines.

SlideCRF delivers substantial gains over the ZS pre-
diction: with only one annotation per class present in the
slide, it already improves by 429.0% in balanced accuracy
and +24.2% in macro F1, and these gains keep growing
with the annotation budget (up to +43.5% and +37.5%,
respectively).

The two top-performing approaches are SlideCRF and
ECALP. Both of these methods leverage transductive
graph-based learning and deliver highly competitive re-
sults. While SlideCRF secures the highest average score
across both metrics, driven by a more pronounced lead
in macro F1, it performs nearly on par with ECALP in
balanced accuracy.

Beyond predictive performance, these methods differ
significantly in computational cost (Table . SlideCRF
processes a slide of approximately 10° patches in about
38 seconds, remaining 13 times faster than ECALP.

Within the graph-based methods, SlideCRF improves
substantially over HistoCRF [14], showing that adding
spatial and biological information, together with the
class-presence prior, raises performance by +10.3% in bal-
anced accuracy and +12.4% in macro F1 at an annotation
budget of one.

Both transductive probabilistic methods exploit anno-
tations poorly. Histo-TransCLIP shows almost no sen-
sitivity to the number of annotation actions, suggesting
that it makes little use of the expert-provided annotations
(its average balanced accuracy increases by only +1.2%
between b = 1 and b = 16). PADDLE does benefit from
additional annotations but remains far below the graph-
based methods on every dataset.

Among inductive methods, Linear Probe gains little at
low budgets. In contrast, Tip-Adapter-F leverages the an-
notations effectively: its performance increases substan-
tially as the number of annotated patches grows, making
it the strongest non-graph baseline at large budgets.

Visually (see Figure[3)), ECALP and HistoCRF produce
noisier predictions at region borders, as they rely solely
on embedding similarities and ignore explicit spatial in-
formation, whereas SlideCRF enforces spatial smoothness
through its spatial pairwise potential, yielding cleaner
and more coherent regions.

6.2 Ablation studies

We evaluate the contribution of the novel components of
our method: the spatial and biological terms, the weight-
ing factor «, and the class-presence term A. Unless stated



Table 2: Balanced accuracy (%) and macro F1 (%) for WSI patch classification with varying annotation budgets
be{1,2,4,8,16} clicks (in the representative interaction) across four datasets and their average. ZS is the CONCH
zero-shot baseline. Bold: best per column; underline: second best.

Balanced accuracy (%)

Macro F1 (%)

DatasefApproach Method ZS 1 2 4 8 16 ZS 1 2 4 8 16
rduetive  Linear Probe sy 025 539 575 643 69.0 437 OS5 BLO 53T 578 6LO
Tip-Adapter-F © 492 539 602 67.0 738 489 514 548 583 622

m H' < a = =44 =44 =44
0 e isto-TransCLIP 54.7 55.5 55.8 552 55.0 55.0 55.5 55.9 55.3 554
Eg Probabilistic b\ pprg U8 402 434 458 475 493 BT 9 385 411 427 443
ECALP 72.4 75.8 78.8 805 823 594  63.0 65.7 66.8 69.9
Graph-based  HistoCRF 41.8 570 60.6 64.1 67.0 69.1 43.7 447 466 49.0 504 516
SlideCRF 65.1 71.1 77.6 82.2 84.7 60.6 65.2 69.5 72.1 73.8
Inductive  Linear Probe 490 005 5l4 569 646 TL3 a9 438 462 504 560 6L5
- Len Tip-Adapter-F Y449 510 605 701 76.4 430 49.2 587 66.8 TLT
O b opabilistic  Histo-TransCLIP g0 396 420 431 437 439 g9 101 422 433 437 438
> PADDLE Y176 184 198 215 23.2 <9229 235 252 27.2  29.0
o ECALP 76.7 81.6 84.2 86.0 87.0 63.5 67.0 69.7 71.9 74.0
Graph-based HistoCRF 39.0 50.7 55.1 59.0 625 644 36.9 465 494 523 549 56.6
SlideCRF 76.0 78.3 80.5 82.6 841 64.3 66.1 67.9 69.4 70.6
x nductive | Linear Probe g 335 408 497 588 6638 g0 128 132 139 154 170
& Tip-Adapter-F © 326 431 559 669 749 Y137 196 272 336 375
z . Histo-TransCLIP 256 25.9 261 26.1 25.9 192 191 191 19.0 189
g Probabilistic  prpp1E U8 414 483 555 618 674 90 383 456 529 591 646
Z ECALP 544  61.1 66.0 685 69.9 475 552 612 651 675
% Graph-based HistoCRF 148 60.6 67.7 743 79.3 83.3 9.0 480 532 585 633 676
SlideCRF 68.8 75.4 81.4 854 88.4 57.6 63.9 70.2 75.2 79.6
Inductive  Linear Probe oup TT5 718 786 800 814 o1 Tl TLS TLT 729 T4l
REUCHE  mip Adapter-F o765 7T 797 818 84.0 702 711 726 743 76.2
E Probabilistic  Histo-TransCLIP o7 805 808 80.7 806 805 o1 TAL 43 TA4 T44  Tad
< PADDLE 795 763 787 800 81.0 ©642 683 714 T2.9 742
= ECALP 81.6 83.8 85.4 86.4 87.4 735 757 777 794 81.0
Graph-based HistoCRF 747 769 775 783  T87  79.2 69.1 67.0 67.5 680 680 67.9
SlideCRF 764 789 823 850 87.1 730 75.8 79.3 82.4 84.7
Induetive  Linear Probe g 935 560 60.6 669 721 g7 453 457 474 505 534
5: Tip-Adapter-F P 508 564 641 714 773 1439 478 533 583 619
< b obabilistie  Histo-TransCLIP g 901 L1 5L5 514 513 g7 AT1 478 482 481 481
& HSUC pADDLE P 429 466 499 527 55.2 1309 440 477 505 53.1
% ECALP 713 756 786 804 81.7 61.0 652 68.6 70.8 T3.1
Graph-based  HistoCRF 426 61.3 652 689 719 740 397 515 541 569 59.1  60.9
SlideCRF 71.6 75.9 80.4 83.8 86.1 63.9 67.7 717 748 7T7.2

Table 3: Total runtime (in seconds) on an NVIDIA A10
GPU, as a function of the number of patches.

Approach Method ~ 103 ~ 104 ~ 10°
Inducti Linear Probe 6.3 12.6 32.6
nauctve Tip-Adapter-F 0.1 5.1 25.8
Probabilistic  Histo-TransCLIP 0.1 1.0 4.4
TObAvIISIC  pADDLE 0.8 11.4 40.5
Cranh-based  ECALP 8.0 142.6  490.9

Taph-based - glideCRF 3.2 12.6 37.8

otherwise, all ablations use an annotation budget b = 4
clicks (in the representative interaction) and A = 0.02.

6.2.1 Spatial and biological terms

Table [ highlights the improvements in balanced accuracy
and macro F1 achieved by incorporating spatial and bio-
logical terms into SlideCRF, compared to the HistoCRF
baseline.

The spatial term is by far the largest contributor, yield-
ing gains of +5.9% in balanced accuracy and +8.1% in
macro F1. This is expected, since tissue in a WSI is spa-
tially organized into coherent regions, making a patch’s
class highly predictive of its neighbors. As shown in
Figure [4. the spatial term acts as a smoothing mecha-
nism that promotes label consistency across neighboring
patches.

The biological term, combining texture and color cues,



HistoCRF

SlideCRF Ground Truth

X

Figure 3: Qualitative comparison of graph-based meth-
ods on a SKINCANCER slide with b = 4 clicks (in the
representative interaction). SlideCRF recovers spatially
coherent regions, whereas the other methods ECALP and
HistoCRF leave noisier, fragmented boundaries.

further improves macro F1 by +5.4%. They allow us
to refine the boundaries between the present classes. In
Figure [l we can see that the biological term, in partic-
ular the texture, helps distinguish papillary dermis (light
pink) from hypodermis (dark pink) classes. Although
both correspond to pink tissue with few visible nuclei from
a semantic perspective, their textures differ markedly as
shown in the examples of Figure The color, in turn,
helps distinguish papillary dermis from basal cell carci-
noma: while papillary dermis is composed of pink colla-
gen, basal cell carcinoma consists of blue basaloid cells.

6.2.2 Diversity weighting factor and class-

presence term

Table [p| reports the effect of the weighting factor « of the
diversity term and the class-presence term A on the bal-
anced accuracy and the macro F1 score. The role of the
diversity term is to promote label diversity, and therefore
increase the number of predicted classes. Setting « uni-
form allows the propagation of classes missed by the ZS
predictions. This explains the gains in both balanced ac-
curacy and in macro F1, compared to the version without
this term.

However, in WSIs, some classes may be absent. We
therefore adopt a step schedule that sets a to 0 halfway
through the propagation (o non-uniform), so as to miti-
gate the spread of absent labels. We report results on two
datasets that illustrate two contrasting cases: in BACH,
nearly all classes are present, whereas in CATCH only 4
of the 12 classes are present on average. On CATCH,
the step schedule reduces the number of predicted classes
while slightly increasing balanced accuracy and macro F1.
On BACH, where absent labels are not a concern, perfor-
mance is essentially unaffected. These behaviors are also
visible qualitatively in Figure [6]

Performance when the class-presence term A is added
is also reported. This term is complementary to o non-
uniform, but is derived from the annotations and acts
on the unary potential. This mechanism provides a sub-
stantial additional improvement, increasing balanced ac-

curacy and macro F1 on both datasets, with +12.3% and
+3.3% on CATCH, respectively, while reducing the num-
ber of predicted classes.

6.2.3 Limitation of class-presence term

To reflect a clinical setting in which a pathologist may
overlook a small region, we evaluate the case where a
class present in the slide is left unannotated. On CATCH,
we omit the least, 2nd-least and 3rd-least prevalent class
from the annotations and measure how the class-presence
term affects the recall of the unannotated class and the
macro F1. As shown in Figure[7] at the chosen strength
(A = 0.02), the unannotated class is never erased and
retains 17-24% of its recall, while macro F1 stays high.
Suppression becomes severe only for A > 0.1, where the
unannotated class collapses to 5% recall or below, and
vanishes entirely at A = 0.25.

Table 4: Contribution of each term to the pairwise po-
tential: the spatial and biological terms are added cu-
mulatively on top of the annotation and diversity terms.
Balanced accuracy (%) and macro F1 (%) are averaged
over the four datasets.

Pairwise terms Balanced accuracy (%) Macro F1 (%)

Annotation + Diversity 74.3 58.2
+ Spatial 80.2 66.3
-+ Biological (SlideCRF) 80.4 7.7
(HistoCRF) (SlideCRF)
Base + Spatial + Biological Ground Truth

Figure 4: Effect of the addition of the spatial and biologi-
cal pairwise terms on a SKINCANCER slide. The spatial
term recovers more coherent tissue regions, while the bi-
ological term sharpens class boundaries.

Papillary dermis Hypodermis Papillary dermis Basal cell carcinoma

(a) (b)

Figure 5: Visual difference on SKINCANCER patches (a)
between papillary dermis (fine collagen) and hypodermis
(empty, honeycomb-like fat vacuoles), separated by tex-
ture; (b) between papillary dermis (pink collagen) and
basal cell carcinoma (blue basaloid cells), separated by
color.



Table 5: Contribution of the weighting factor v and the
class-presence term . npreq/ng: = avg. predicted vs.
present classes per slide.

Dataset Metric a =0 « uniform « non-uniform +X #0

Bal. Acc 42.3 68.2 68.2 80.5

CATCH Macro F1 38.1 63.2 64.6 67.9
Npred/Nge  4.1/3.7 12.9/3.7 10.1/3.7 7.6/3.7

Bal. Acc 52.2 74.3 72.8 77.6

BACH Macro F1 49.4 66.4 66.9 69.5
Npred/Nge  3.5/3.4 4.0/3.4 3.9/3.4 3.4/34

Uniform o Non-Uniform o SlideCRF Ground Truth

# e

FooF » ¢

Figure 6: Effect of the mechanisms handling absent
classes on a SKINCANCER slide. Setting o to 0 halfway
to the propagation (non-uniform «) and adding the class-
presence term (SlideCRF) progressively suppress the pre-
diction of absent classes, unlike a uniform a.

q =& Recall least prevalent L 60
354 == Macro F1 —== 2nd-least prevalent
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20 3

Macro F1 (%)

Recall of the unannotated class (%)
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- 35

T
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T
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Class-presence term strength A

Figure 7: Effect of the class-presence term strength A on
the macro F1 when a class in the slide is not annotated
(least-, 2nd-least- and 3rd-least prevalent). It is impor-
tant to notice that a moderate strength improves macro
F1 without erasing an unannotated class.

6.3 HITL interaction yields the best per-
formance

The results of the different annotation protocols are sum-
marized in Figure |8} On most of the datasets, scribbles
match or outperform clicks, most clearly in macro F1 at
high budget: unlike a spatially compact click, a scribble
spans a wider range of tissue structures and thus covers
more diverse patches. For the same annotation budget,
i.e., the same number of pathologist actions, this provides
richer supervision and improves propagation.

We then investigate whether correcting errors itera-
tively through a HITL procedure is more effective than
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annotating the full budget at once. On every dataset,
clicks-error HITL increasingly outperforms clicks-error as
the budget grows, reaching +6.1% in macro F1 on average
at 16 annotations per class. HITL continuously retargets
the residual errors of the current, progressively improved
prediction, allowing it to correct systematic confusions.
This iterative benefit also extends to scribbles: scribble-
error HITL improves over single-step scribble-error by
+5.3% in macro F1 on average at 16 annotation actions.

Practical recommendation. On average, iterative
error correction (HITL) yields the best performance,
followed by single-step representative annotation, with
single-step error-driven annotation ranking last. As for
the choice of modality, scribbles are the preferable de-
fault, matching or surpassing clicks on most datasets at
a comparable budget.

50 BACH 75 CATCH
&\ 75
)
o 70
St
<
]
= 65
60
12 4 8 16 12 4 8 16
Annotation Budget Annotation Budget
% SKINCANCER 100 TIGER
95
90
85
80
75
70
12 4 8 16 12 4 8 16
Annotation Budget Annotation Budget
85 Average
sl = rrrre Clicks
IS == == == (Clicks+Error
g7 == Clicks+Error (HITL)
g wl ffe2 | e Scribble
§ == == == Scribble+Error
65 = Scribble-+Error (HITL)
60
12 4 8 16
Annotation Budget

Figure 8: Macro F1 (%) of the considered annotation pro-
tocols with varying annotation budgets b € {1,2,4,8,16}
across four datasets and their average. Lines share a color
per annotation type and a style per interaction type.



7 Conclusion

We introduce SlideCRF, a CRF tailored to a realistic
clinical setting of WSI analysis, where a few expert
annotations and the relations between patches are
exploited to refine patch-level predictions. To account
for the spatial organization and the severe class imbal-
ance specific to WSIs, our formulation combines terms
integrating spatial and biological information with a
term that penalizes the prediction of classes that are
never annotated. Across four diverse datasets, SlideCRF
outperforms strong baselines in both balanced accuracy
and macro F1, highlighting its potential for clinically
realistic WSI refinement. Our annotation study further
shows that iterative error correction yields the largest
gains, confirming the value of keeping the pathologist in
the loop.

Future Work. Several directions remain open. A
natural next step is to validate the proposed annotation
protocols directly with pathologists, in order to confirm
their clinical realism. Efficiency and accuracy could also
be improved by exploiting patches at multiple resolutions,
following the pyramidal structure of WSIs. Beyond his-
tology, our framework could be extended to 3D medical
images, where volumes exhibit analogous spatial connec-
tivity. More broadly, quantifying how each protocol af-
fects refinement provides a common ground for comparing
future interactive annotation methods, which is essential
before deploying them in routine clinical practice, where
pathologist annotation time is scarce and directly con-
strains diagnostic throughput.
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