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Abstract
Few-shot classification of whole-slide images (WSIs) is fundamen-
tally challenging due to extreme data scarcity. Recent approaches
enhance supervision by injectingmulti-granular textual concept pri-
ors. However, they typically rely on generic image–text alignment,
treating all instance–concept pairs as equally plausible. Such align-
ment overlooks the diagnostic principles inherent in these textual
priors, leading to spurious matches that misguide instance aggrega-
tion: (i) cross-magnification regional coherence: tissue morphology
remains semantically consistent across magnification levels; and (ii)
microenvironment consistency: leveraging the spatial continuity
of lesion regions to filter misleading isolated artifacts. To address
this gap, we introduce C2UOT, a novel alignment strategy that re-
formulates instance–concept alignment as a principle-constrained
unbalanced optimal transport (UOT) problem. C2UOT integrates
two biologically inspired inductive bias modules: (i) enforcing par-
ent–child semantic consistency across magnifications via a guid-
ance–penalty mechanism, and (ii) applying concept-family–aware
spatial smoothing to suppress isolated artifacts while preserving le-
sion boundaries. Experiments across four datasets demonstrate that
C2UOT yields substantial gains by refining the generic alignment,
achieving results that exceed SOTA baselines. Code is available at
https://github.com/hkustgary/C2UOT.git.
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1 Introduction

Figure 1: (a) Effect of Alignment Strategy. Generic principle-
agnostic VLM-MIL alignment strategies (A1-A4) exhibit sub-
optimal performance. The denotations are Cosine Similarity
(A1), Optimal Transport (A2), Cross Attention (A3), Unbal-
anced OT (A4) and our C2UOT (A5). (b) Spurious Alignments
Detection via C2UOT.

Digital whole-slide images (WSIs) play a crucial role in cancer
diagnosis and treatment planning [6, 32]. EachWSI contains billion-
pixels that comprehensively capture diagnostically relevant mor-
phological patterns across multiple magnification scales. Existing
studies [12, 17, 26, 27, 34] focus on automating slide-level classifi-
cation of WSIs by leveraging multiple instance learning (MIL) [21],
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which treats each slide as a bag of instances and aggregates in-
stance features under weak supervision. As data are often scarce
due to rare diseases [16], in computational pathology it is essential
to formulate the task under more realistic few-shot settings.

To mitigate data scarcity in few-shot slide-level WSI classifi-
cation, recent Vision-Language MIL (VLM-MIL) frameworks [9,
23, 27, 33] commonly leverage LLMs [1, 2, 31] to generate multi-
granularity textual concepts as additional textual priors. These
priors are then aligned with multi-scale image instances using pre-
trained Vision-Language models [10, 19] to enhance representation
learning. While establishing this multi-scale to multi-granularity
alignment is essential for guiding the aggregation of instances,
current approaches typically adopt the generic instance–concept
alignment of pretrained VLMs and fail to utilize the inherent di-
agnostic principles within the multi-granularity textual concepts
themselves to constrain the alignment process. As a result, these
diagnostic principle-agnostic alignments assign substantial mass to
semantically incompatible and spurious matches, producing align-
ments that are locally plausible yet globally inconsistent with di-
agnostic logic. Our empirical analysis in Figure 1 (a) confirms this
vulnerability: when applying various generic alignment strategies
(A1-A4) within the ViLa-MIL framework, we observe suboptimal
and unstable performance, underscoring the need for diagnostic
principle guided alignment mechanisms.

To bridge this gap, we aim to develop a paradigm to align patho-
logical image instances and textual concepts, thereby, utilizes the
diagnostic principles inherent in multi-granularity textual concepts
to constrain the cross-modal matching process.

Recognizing that pathology diagnostic principles are inherently
grounded in spatial and hierarchical logic within textual concepts,
our paradigm mathematically translates these biological priors into
structural consistency constraints. Specifically, we enforce this con-
sistency in the image instance-textual concept alignment along two
complementary dimensions: (i) Cross-Magnification Regional
Coherence: Pathologists transition from coarse, low-magnification
assessments (e.g., tissue architecture) to fine-grained morphology
(e.g., nuclear atypia) at higher levels, iteratively checking that inter-
pretations remain semantically coherent within the same regional
location [22]. As shown in Figure 1 (b), if pale necrotic focus is ob-
served at low magnification, the subsequent high-magnification
analysis is semantically constrained to this specific region. Patholo-
gists will then search for fine-grained pathology concepts consistent
with this finding in the coarse high-magnification, such as coarse
chromatin (Orange Box), while disregarding concepts from irrele-
vant regions (Green Box). (ii) Microenvironment Consistency:
Lesion regions exhibit spatial continuity and similarity, meaning
instances of the same subtype typically form cohesive clusters with
crucial boundaries [14]. This allows pathologists to filter out mis-
leading isolated patches (e.g., artifacts or inflammation), which
often represent non-lesion entities. As shown in Figure 1 (b), neigh-
boring high-mag instances (at the top of the figure) within the same
tumor microenvironment should be semantically consistent.

However, operationalizing these principles within a computa-
tional framework presents distinct technical challenges:

(i) The primary challenge is mathematically translating the
inherent diagnostic principles of multi-granularity textual

concepts into a principle guided alignment objective, encour-
aging the cross-modal alignment to respect this semantic
coherence across magnifications.

(ii) Second, while multi-granularity textual concepts provide
strong microenvironment consistency to filter artifacts, en-
forcing this spatial consistency risks misidentifying genuine
but spatially isolated pathological signals (e.g., micrometas-
tases) as noise. The challenge lies in designing a selective
constraint that suppresses actual artifacts while rigorously
protecting these rare yet diagnostically paramount signals.

To address these challenges, we propose C2UOT (Consistency and
Coherence aware Unbalanced Optimal Transport), a novel align-
ment paradigm that reformulates instance-concept alignment as a
principle-constrained Unbalanced Optimal Transport (UOT) prob-
lem. C2UOT treats image instances and textual concepts as discrete
distributions, refining the generic VLM-based alignment through
two biologically-inspired inductive bias modules: (i) Cross-scale
Coherence (CSC) module. The CSC module explicitly preserves
semantic consistency between instances across multiple magnifica-
tion levels. This module penalizes assignments in the alignments
that violate predefined cross-scale hierarchy through two steps:
guidance - construct a soft target by leveraging coupled hierarchi-
cal parent–child dependencies and penalty - penalize hierarchical
violations. (ii) Microenvironment Semantic Consistency (MSC)
module. The MSC module imposes a concept family-aware spa-
tial smoothing strategy to suppress isolated signals. This module
discourages inconsistent semantic alignments among spatially ad-
jacent instances while preserving genuine but spatially isolated
pathological signals that are diagnostically crucial. Together, the
CSC and MSC modules enhance instance–concept alignment under
microenvironmental and cross-scale diagnostic constraints, provid-
ing a principle guidance signal for instance aggregation.

The contributions of this paper are summarized as follows:

• We introduce 𝐶2𝑈𝑂𝑇 , a novel alignment paradigm that uti-
lizes diagnostic principles inherent in multi-granularity tex-
tual concepts to explicitly constrain the cross-modal align-
ment process. By reformulating alignment as a principle-
constrained Unbalanced Optimal Transport (UOT) problem,
we provide a rigorous mathematical foundation to resolve
the spurious matching bottleneck in few-shot WSI analysis.

• We operationalize complex diagnostic principles by integrat-
ing two novel inductive bias modules, CSC and MSC, into
the UOT solver. These modules effectively integrate hierar-
chical cross-scale coherence and spatial microenvironment
consistency into the UOT framework via a guidance-penalty
mechanism and family-aware spatial smoothing.

• Extensive experiments on four benchmarks demonstrate that
C2UOT-MIL delivers superior performance, while addition-
ally providing interpretable and topology-aware attention
maps that remain coherent across scales.

2 Related Work
2.1 MIL in Pathology
Given the prohibitive cost of pixel-level annotations [4], WSI anal-
ysis widely adopts multiple instance learning (MIL), where each
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slide is modeled as a bag of non-overlapping patches (instances)
and only slide-level labels are available during training [20]. MIL
methods [17, 20, 26, 34] typically comprise two stages: instance
encoding, which extracts feature representations for each patch,
and instance aggregation, which combines these representations
into a slide-level embedding. Recent studies have begun exploring
WSI-specific priors to enhance MIL. For instance, HiDisc [13] uti-
lizes the inherent WSI hierarchy for representation learning, while
PANTHER [28] employs Optimal Transport to aggregate morpho-
logical prototypes. However, these methods operate exclusively
within the visual domain. In few-shot scenarios, relying solely on
limited visual data provides insufficient supervision and suffers
from severe performance degradation under extreme data scarcity.

2.2 VLM-MIL in Pathology
Recent efforts address the data scarcity in few-shot WSI classifica-
tion by shifting towards Vision-Language MIL (VLM-MIL) frame-
works [8, 9, 25, 27]. Building on vision–language models (VLMs)
such as PLIP [10], QuiltNet [11], and CONCH [19], this line of
work utilizes LLM-generated multi-granular textual concepts as
explicit semantic priors to guide instance aggregation. For example,
ViLa-MIL [27] employs a dual-scale prompt design to aggregate
coarse- and fine-grained slide features with descriptive texts, and
MSCPT [9] performs graph-based prompt tuning to capture inter-
instance context prior to slide-level prediction. FOCUS [8] leverages
semantic priors to filter out massive amounts of irrelevant informa-
tion, enabling the model to focus on the key features.

Despite these advances, most methods still treat patch–concept
alignments independently, without jointly modeling their diagnos-
tic dependencies across scales. HiVE-MIL [33] and ourmethod share
similar motivation of overcoming this limitation, but operational-
ize it differently. HiVE-MIL substantially advances hierarchical
vision–language modeling by embedding cross-scale dependen-
cies into graph connectivity, with TGDF dynamically selecting
patch–text edges through thresholding. In contrast, our CSC and
MSC terms regularize a single global UOT coupling over all patches
and all textual concepts. Unlike HiVE-MIL, this formulation induces
global competition among all patch-concept pairs and enforces di-
agnostic consistency through soft penalties, preserving potentially
informative matches that threshold-based filtering may discard.

3 Preliminaries and Background
This work tackles few-shot slide-level WSI classification under
weak (slide-level) supervision. Given a gigapixel WSI 𝑋 and its
corresponding slide-level label 𝑌 ∈ {0, 1}, the most fundamental
WSI classification objective is to train a parameterized model 𝑓𝜃
that minimizes the expected cross-entropy (CE) loss:

min
𝜃

E(𝑋,𝑌 ) [CE(𝑓𝜃 (𝑋 ), 𝑌 )] (1)

Specifically, a gigapixel WSI 𝑋 is typically digitized as a multi-
resolution image pyramid. We denote the set of available magni-
fication levels as L = {𝑙1, 𝑙2, . . . , 𝑙𝐿}, where lower levels capture
coarser macroscopic patterns and higher levels represent finer mi-
croscopic details. However, due to the prohibitive resolution of 𝑋 ,
direct optimization is computationally intractable. Standard MIL

paradigms [17, 18, 20, 26, 34] alleviate this by partitioning 𝑋 into a
bag of patch instances 𝐼 , as defined below:

Definition 3.1. Instance Features. For each magnification level
ℓ , the WSI is partitioned into non-overlapping instances. A pre-
trained image encoder 𝐸𝐼 (·) extracts instance embeddings I (ℓ ) =

{𝐸𝐼 (𝑥 (ℓ )
(𝑖 ) ) : 𝑥 (ℓ )

(𝑖 ) ∈ 𝑋 (ℓ ) } = {z(ℓ )(𝑖 ) }
𝑁ℓ

𝑖=1, where 𝑁ℓ is the number of
instances at level ℓ . The complete set of instances across all levels
is denoted as I = {I (ℓ ) }𝐿ℓ=1.

We mathematically formulate the spatial and hierarchical depen-
dencies among these instances as an Instance Graph, denoted as
G𝑖 = (V𝐼 , E𝑠𝑝 , Γ𝑠𝑐 ). Here, V𝐼 is the set of all instance embeddings
𝐼 . The within-level undirected edges E𝑠𝑝 connect spatially grid-
adjacent patches, capturing the local tissue microenvironment. The
cross-level directed edges Γ𝑠𝑐 capture pyramidal containment, link-
ing a parent patch at a lower magnification to all spatially enclosed
child patches at a higher magnification.

Consequently, compared with the slide-level loss in Eq. (1), the
generic MIL objective is reformulated to optimize the aggregation
of these instances via a function Φ:

min
𝜃

E(𝑋,𝑌 ) [CE(𝑓𝜃 (Φ(𝐼 )), 𝑌 )] . (2)

However, in the few-shot regime, optimizing Eq. (2) is particularly
challenging due to the limited training data, therefore additional
supervision is necessary. To solve this problem, recent VLM-MIL
approaches [27, 33] introduce multi-granular textual concepts𝑈 to
enrich instance representations and guide the aggregation process.

Definition 3.2. Concept Features. Each magnification level ℓ
is associated with a set of morphological concepts 𝐶 (ℓ ) . A text
encoder 𝐸𝑇 (·) maps each concept 𝑐 (ℓ )( 𝑗 ) into a semantic embedding
J (ℓ ) = {𝐸𝑇 (𝑐 (ℓ )(𝑖 ) ) : 𝑐 (ℓ )(𝑖 ) ∈ 𝐶 (ℓ ) } = {u(ℓ )

(𝑖 ) }
𝑀ℓ

𝑖=1, where 𝑀ℓ is the
number of concepts at level ℓ . The complete set of concepts is
denoted as𝑈 = {u( 𝑗 ) }𝑀𝑗=1.

Similar to the visual domain, we structure these textual con-
cepts into a Concept Graph, denoted as G𝑐 = (V𝑐 , E𝑐 , Γ𝑐 ). Here, V𝑐
contains all semantic embeddings. The cross-level directed edges
Γ𝑐 map established diagnostic dependencies, linking a coarse ar-
chitectural parent concept to its specific fine-grained cytological
descendants. The within-level undirected edges E𝑐 connect sibling
concepts that share the exact same parent node, defining a cohesive
semantic concept family.

4 Method
As established in Section 3, the efficacy of VLM-MIL methods relies
heavily on instance-concept alignment. However, current generic
alignment strategies treat instance-concept pairs independently,
leading to diagnostically implausible spurious alignments. To ad-
dress this bottleneck, we formulate the instance-concept alignment
as a principle-constrained Unbalanced Optimal Transport problem
(Sec. 4.1). Specifically, we introduce C2UOT, which mathematically
encodes diagnostic principles into the alignment process via two
inductive bias modules: the Cross-scale Coherence (CSC) module
(Sec. 4.2) and the Microenvironment Semantic Consistency (MSC)
module (Sec. 4.3). An overview of C2UOT is illustrated in Figure 2.
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Figure 2: Framework overview of C2UOT-MIL

4.1 Problem Formulation
To incorporate additional supervision (Concept Graph G𝑐 ), existing
VLM-MIL methods [9, 23, 27, 33] guide the instance aggregation
by computing a generic cross-modal alignment matrix T̂ ∈ R𝑁×𝑀

+ .
Each entry T̂𝑖, 𝑗 represents the pairwise similarity between an in-
stance 𝑧𝑖 and a textual concept 𝑢 𝑗 , derived independently in the
shared VLM latent space. The objective is formulated as:

min
𝜃

E(𝑋,𝑌 ) [CE(𝑓𝜃 (Φ(𝐼 , T̂)), 𝑌 )], (3)

where Φ aggregates instance features into slide-level represen-
tations: sslide = (T̂W𝜙 (1⊤ (T̂W𝜙 ))

−1)⊤z. W𝜙 ∈ R𝑀×1
+ is a train-

able concept-importance weight vector that projects the multi-
granularity textual alignments into scalar instance-level attention
scores, and z ∈ R𝑁×𝑑 is the stacked instance feature matrix.

The fundamental limitation of current approaches lies in the
diagnostic principle-agnostic nature of alignment (mathematically,
the construction of T̂). While current methods compute pairwise
similarity independently, this alignment ignores the diagnostic
structures (Γ𝑐 , E𝑐 ) inherent in the multi-granular concept graph.
Consequently, T̂ permits a high volume of spurious matches that
are locally plausible in the VLM embedding space but globally
violate established diagnostic logic.

To resolve this bottleneck, our objective is to reformulate the
instance-concept alignment from a naive similarity computation
(i.e., T̂) into a principle-constrained Unbalanced Optimal Transport
(UOT) problem between the instance distribution and the concept
distribution. We aim to replace the principle-agnostic T̂ with an
optimal transport plan T∗ ∈ R𝑁×𝑀

+ . This transforms the overall
WSI classification into a bi-level optimization framework:

min
𝜃

E(𝑋,𝑌 ) [CE (𝑓𝜃 (Φ (I,T∗)) , 𝑌 )] , (4)

T∗ = argmin [⟨T,D⟩ + 𝜏D𝐾𝐿 (T) + 𝜆Ω(T,G𝑖 ,G𝑐 )] , (5)

where D = −𝑙𝑜𝑔𝐾Θ denotes the pairwise cost matrix between vi-
sual instances and textual concepts, computed using the kernel
𝐾Θ (𝑟, 𝑞) = exp(− 1

𝜎2



𝑊𝑧 zr −𝑊𝑢 u𝑞


2
2).𝑊𝑧 and𝑊𝑢 are projection

heads of instances and concepts, respectively. 𝜎 is a learnable band-
width that controls the sharpness of the cost matrix. Larger values
of D(𝑟,𝑞) impose stronger penalties on matching instance z𝑟 with
concept u𝑞 . D𝐾𝐿 (T) = KL(T1𝑀 | |a) + KL(T⊤1𝑁 | |b) serves as the
marginal relaxation term, where a and b represent the marginal dis-
tributions of the visual instances and textual concepts, respectively.
Unlike standard OT, which strictly enforces mass conservation and
forces all visual instances to align with all concepts, this relaxation
term parameterized by 𝜏 allows the UOT solver to naturally discard
pathologically irrelevant instances or unmatchable concepts.

The inner optimization in Eq. (5) seeks an optimal transport plan
T∗ that minimizes the cross-modal transport cost of the original
transport plan T while being constrained by inductive bias terms
Ω(·), which ensure that T∗ adheres to diagnostic principles encoded
in the concept graph.

Specifically, to operationalize these principles, we decouple Ω(·)
into two complementary modules:

Ω(T,G𝑖 ,G𝑐 ) = Ω𝑐𝑠𝑐 (T,G𝑖 ,G𝑐 ) + Ω𝑚𝑠𝑐 (T,G𝑖 ,G𝑐 ). (6)

The first inductive bias term Ω𝑐𝑠𝑐 enforces cross-scale coherence,
and the second term Ω𝑚𝑠𝑐 preserves microenvironment semantic
consistency. Details of these two modules are described in the
following sections.

4.2 Cross-scale Coherence (CSC) Module
Recall that when pathologists examine aWSI, they inherently follow
a top-down diagnostic principle: microscopic details must alignwith
the macroscopic context. For example, if a broad region is identified
as a pale necrotic focus at a low magnification (e.g., 5x), the high-
magnification patches (e.g., 20x) within this specific region should
not be confidently matched to healthy stroma concepts. The CSC
module is designed to encode this diagnostic principle inherent
in multi-granularity textual concepts into the alignment process.
We treat the alignment results from the low-magnification parent
patches as a soft target and propagate them down to their child
patches. Any transport assignments that attempt to violate this
established diagnostic principle are penalized.
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Specifically, CSC enforces the diagnostic principle guided align-
ment through a two-step penalty mechanism on the transport plan:
(1) Guidance. First, it propagates the parent’s (low magnification)
diagnostic information to create a soft target U. (2) Penalty. Then,
this soft target U is used in conjunction with a graph-based incom-
patibility mask to compute the final penalty Ωcsc, which penalizes
any assignments in T that violate this cross-scale hierarchy.

Step 1: Construct the Soft Target (Guidance). The transport plan
T(𝑝 ) of a parent instance is propagated to its children z(𝑠 ) , to serve as
a diagnostic prior. Building on a common assumption in hierarchical
Bayesian [15] modeling that parent nodes provide priors for their
descendants, the soft target for child instances is computed as:

U = A⊤scT ∈ R𝑁×𝑀
+ , (7)

where Asc ∈ {0, 1}𝑁×𝑁 is an adjacency matrix induced by Γsc in G𝑖 .
Each row ofU is the result of this propagation:U(𝑠,:) =

∑
𝑝 (Asc) (𝑝,𝑠 ) ·

T(𝑝,:) . This operation encodes the expected concept distribution
(the soft target) for a child instance z(𝑠 ) by summing the transport
plan of all its parent instances z(𝑝 ) , where (Asc) (𝑝,𝑠 ) = 1.

Step 2: Penalize Hierarchical Violations (Penalty). This step penal-
izes semantic inconsistencies between parent and child instances by
integrating the soft target U with the predefined concept hierarchy
structure G𝑐 . To achieve this, we introduce a boolean incompatibil-
ity mask P, which mathematically represents concept pairs that are
not in a hierarchical parent–child relationship.

Intuitively, since U encodes the expected concept distribution
propagated from a parent to its children, the matrix product UP
highlights concept alignments that are incompatible in terms of the
hierarchical structure Γ𝑐 . The CSC module penalizes cases where
the transport plan T aligns with these incompatible alignments:

Ωcsc (T,G𝑖 ,G𝑐 ) = ⟨UP, T⟩𝐹 =

𝑁∑︁
𝑖=1

𝑀∑︁
𝑖′=1

(UP) (𝑖,𝑖′ ) T(𝑖,𝑖′ ) . (8)

Here, P = 11⊤ − R, where R ∈ {0, 1}𝑀×𝑀 is the reachability
matrix derived from the edge set Γ𝑐 . A penalty is incurred when a
child instance z(𝑖 ) is assigned mass to a hierarchically incompatible
concept u(𝑖′ ) (i.e., T(𝑖,𝑖′ ) > 0).

Formally, this mechanism can be formalized by the following
proposition, which proves that Ω𝑐𝑠𝑐 suppresses alignments that
violate the cross-scale coherence.
Proposition 4.1. The CSC module Ωcsc is a non-negative penalty
term that is minimized if and only if for every child instance z𝑠 and
its parent z𝑝 , the transport assignment T(𝑠,𝑞′ ) is non-zero only for
concepts u𝑞′ that are descendants of the concepts u𝑞 to which the
parent has non-zero assignment T(𝑟,𝑞) .

4.3 Microenvironment Semantic Consistency
(MSC) Module

Tumor microenvironments are usually spatially continuous, so an
isolated tumor patch within healthy tissue is more likely to be an
artifact than a true lesion. The MSC module exploits this continuity
to filter out such misleading isolated signals. However, applying a
naive global spatial smoothing would be catastrophic, as it would
blur sharp tissue boundaries and erase genuine but spatially isolated
pathological signals, such as crucial micrometastases. To solve this
problem, MSC introduces a concept-family-aware smoothing strat-
egy. We strictly confine the spatial smoothing process to occur only

within the same semantic concept family, thereby eliminating ran-
dom high-frequency noise while preserving the sharp boundaries
between distinct tissue types.

Mathematically, we operationalize this family-wise smoothness
on the transport plan T by computing the Dirichlet energy for
each concept family independently. For each parent concept u(𝑖 ) ,
we define a diagonal mask B(𝑖 ) ∈ {0, 1}𝑀×𝑀 , which identifies the
subset of concepts in T corresponding to a single semantic concept
family, comprising all child concepts that share u(𝑖 ) as their parent
node. This inductive bias term is then defined as the sum of these
independent family energies:

Ωmsc (T) =
∑︁
𝑖∈Vc

Tr
(
(TB(𝑖 ) )⊤Lsp (TB(𝑖 ) )

)
(9)

where Lsp := diag(Asp1) − Asp is the combinatorial Laplacian [5]
induced by E𝑠𝑝 . The effectiveness of Ωmsc is guaranteed by the
following proposition:

Proposition 4.2. Minimizing Ω𝑚𝑠𝑐 is mathematically equivalent
to applying a low-pass denoising filter to each concept family. The
filter 𝐻𝜂 = (𝐼 + 𝜂𝐿𝑠𝑝 )−1, with spectral response 𝑔(𝜆𝑖 ) = (1 + 𝜂𝜆𝑖 )−1,
is able to suppress spatially isolated high-frequency noise. Therefore,
minimizing Ω𝑚𝑠𝑐 effectively suppresses spurious alignments.

4.4 Solver and Complexity Analysis
The formulation in Eq. (5) can be efficiently solved using the scaling-
iteration Sinkhorn method [3]. The complexity of solving Eq. (5)
consists of kernel construction and Sinkhorn iterations. Kernel
construction computes the cost matrix D, which costs O(𝑁𝑀𝑑).
Each Sinkhorn iteration incorporates two inductive bias modules
yields a per-iteration cost of O(𝑁𝑀2) for 𝐿sink iterations, leading
to a total complexity of O(𝑁𝑀𝑑 + 𝐿sink𝑁𝑀2). As 𝑑 and 𝐿sink are
constants, the effective complexity scales linearly to O(𝑁𝑀2). In
practice, 𝑀 is usually small (< 102), so the computation remains
manageable in realistic applications.

5 Experiment
We conduct experiments to investigate the proposed framework
and answer the following research questions.

• RQ1: How does the overall performance of our framework
compare against SOTA baselines?

• RQ2: How effectively do the proposed modules mitigate
spurious alignments and improve the final performance?

• RQ3: How robust is the proposed framework and what is
its practical computational cost?

5.1 Experimental Setup
Datasets. We evaluate the proposed framework on four publicly

available datasets [7, 30]: TCGA-NSCLC, TCGA-BRCA, TCGA-RCC
and CAMELYON, covering slide-level subtyping and survival risk
classification tasks in histology. Following the experimental pro-
tocol of current works [8, 9, 27], we evaluate our method under
𝐾-shot settings, where 𝐾 ∈ {4, 8, 16}. For each 𝐾-shot configura-
tion, we sample exactly 𝐾 WSIs per class. Results are reported as
the mean ± standard deviation of ACC, F1, and AUC over five-fold
cross-validation. For fair comparison, the exact same few-shot splits
are utilized across all methods.
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Table 1: Few-shot WSI classification under 16 -shot setting across 3 datasets.

TCGA-NSCLC TCGA-BRCA TCGA-RCC

Mod. Method AUC ACC F1 AUC ACC F1 AUC ACC F1

V

Mean Pooling 0.8648±0.037 0.7877±0.039 0.7868±0.043 0.7556±0.045 0.6414±0.043 0.6165±0.043 0.9617±0.026 0.8678±0.059 0.8515±0.033
ABMIL [12] 0.9094±0.017 0.8601±0.021 0.8579±0.014 0.7525±0.012 0.6917±0.031 0.6681±0.021 0.9671±0.019 0.8819±0.021 0.8621±0.024
DSMIL [17] 0.9219±0.027 0.8269±0.034 0.8266±0.031 0.7325±0.035 0.6952±0.035 0.6339±0.031 0.9745±0.024 0.9091±0.025 0.8957±0.022
CLAM [20] 0.9428±0.023 0.8742±0.025 0.8817±0.022 0.7651±0.015 0.6963±0.012 0.6752±0.016 0.9754±0.027 0.9127±0.047 0.9029±0.028
Trans-MIL [26] 0.9318±0.019 0.8635±0.012 0.8671±0.013 0.7561±0.021 0.6869±0.025 0.6621±0.022 0.9775±0.023 0.9169±0.029 0.8956±0.017
DTFD-MIL [34] 0.9524±0.029 0.8743±0.026 0.8703±0.022 0.7727±0.032 0.6986±0.023 0.6709±0.024 0.9779±0.021 0.9024±0.014 0.8876±0.011
WiKG [18] 0.9165±0.041 0.8394±0.038 0.8375±0.038 0.7491±0.039 0.6607±0.027 0.6291±0.024 0.9815±0.025 0.8991±0.025 0.8716±0.031
RRT-MIL [29] 0.9379±0.013 0.8697±0.016 0.8719±0.018 0.7672±0.029 0.7041±0.031 0.6782±0.032 0.9793±0.035 0.8426±0.039 0.8261±0.041

VL-S
FOCUS [8] 0.9526±0.012 0.8734±0.019 0.8638±0.018 0.7828±0.031 0.7342±0.033 0.6903±0.032 0.9776±0.028 0.9097±0.022 0.8815±0.025
TOP [25] 0.9067±0.011 0.8436±0.009 0.8417±0.012 0.7562±0.017 0.6918±0.017 0.6629±0.015 0.9786±0.026 0.9128±0.024 0.8962±0.021

VL-M
ViLa-MIL [27] 0.9174±0.026 0.8487±0.021 0.8422±0.020 0.7567±0.014 0.6824±0.016 0.6661±0.021 0.9756±0.021 0.8987±0.029 0.8758±0.021
MSCPT [9] 0.9316±0.032 0.8672±0.031 0.8615±0.031 0.7819±0.029 0.7068±0.023 0.6681±0.022 0.9754±0.021 0.9111±0.022 0.8992±0.022
HiVE-MIL [33] 0.9443±0.023 0.8604±0.038 0.8602±0.040 0.7428±0.066 0.7255±0.016 0.6701±0.054 0.9713±0.011 0.9018±0.021 0.8974±0.025

C2UOT-MIL 0.9671±0.013 0.8896±0.018 0.8894±0.017 0.8038±0.014 0.7422±0.018 0.7033±0.017 0.9826±0.018 0.9205±0.024 0.9124±0.041
V: vision-only MIL; VL-S: vision–language single-scale; VL-M: vision–language multi-scale. We report AUC/ACC/F1, mean±std(5-fold). best result in bold, second-best result with an underline.

Baselines. We compare our framework with SOTA methods
across various MIL approaches, including (1) Vision-only (V)
methods: standard MIL methods that do not incorporate any lan-
guage priors: Mean-Pooling, ABMIL [12], DSMIL [17], CLAM [20],
TransMIL [26], DTFD-MIL [34], WiKG [18] and RRT-MIL [29] (2)
Vision–Language Single-Scale (VL-S) methods: evaluates the
contribution of language priors under a single (20x) magnification
setting: FOCUS [8] and TOP [25]. (3) Vision–Language Multi-
Scale (VL-M)methods incorporate multi-granular textual concepts
in conjunction with multi-level image instances: ViLa-MIL [27],
MSCPT [9] and HiVE-MIL [33].

Implementation Details. Our C2UOT-MIL is implemented by
using C2UOT as a principled enhancement atop the ViLa-MIL [27].
Specifically, C2UOT replaces the image-text alignment component
while retaining the visual prototype-attention branch of ViLa-MIL.
We train both the baselines and C2UOT-MIL using the Adam opti-
mizer with 𝑙𝑟 = 1 × 10−4 and weight decay 1 × 10−5. For a fair com-
parison, all vision-language baselines employ the same CONCH
model [19] as the feature extractor for both image and text em-
beddings. We follow the most commonly used setting in VL-M
research [9, 27, 33] to obtain the instance graph, which sets 𝐿 = 2
and operates on both the 5× and 20× magnification levels of the
WSI. At each level, CLAM [20] is used for WSI pre-processing, crop-
ping patches to 512 × 512 pixels. Following standard practice in
current VLM-MIL works [9, 23, 27, 33], we employ an LLM with
the prompt design adopted from HiVE-MIL to obtain textual con-
cepts. Specifically, all vision-language baselines use GPT-5 [24] to
generate the concept graph.

5.2 RQ1: Overall Performance Comparison
We first analyze the performance under the 16-shot setting. As
summarized in Table 1, C2UOT-MIL achieves new state-of-the-art

Figure 3: Other Few-shot Settings.

results on all datasets, surpassing the second-best VL baseline by
1.45% on TCGA-NSCLC (average AUC 0.9671) and 2.1% on TCGA-
BRCA, which shows the efficiency of the proposed method. Under
smaller few-shot settings, as shown in Figure 3, the advantage of
C2UOT-MIL becomes more pronounced. For example, on TCGA-
NSCLC with 4-shot supervision, C2UOT-MIL attains an AUC of
0.9492, whereas ViLa-MIL reaches only 0.8115. This 13.77% gap far
exceeds the 4.97% gap in the 16-shot setting. This widening margin
suggests that with very limited supervision, spurious alignments in-
creasingly undermine general VL models. In contrast, C2UOT-MIL
introduces diagnostic principles to prevent pathologically implau-
sible alignments that harm the model performance.

5.3 RQ2: Effectiveness Analysis
This section validates our core premise that generic VLM-MIL mod-
els suffer from generic instance-concept alignments which mis-
guide slide-level classification. First, we provide empirical evidence
demonstrating that alignment quality is the fundamental bottle-
neck in few-shot WSI classification (Sec 5.3.1 and Sec 5.3.2). Second,
we validate how explicitly enforcing diagnostic principles via our
proposed modules actively refine spurious matches and improve
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Table 2: Instance-level tumor discrimination and bag-level
classification on CAMELYON.

Methods
CAMELYON𝐼𝑛𝑠𝑡 CAMELYON𝐵𝑎𝑔

AUC F1 AUC F1

CLAM 0.6729±0.078 0.5211±0.192 0.8324±0.163 0.7756±0.201
ViLa-MIL 0.7244±0.049 0.6137±0.121 0.9339±0.024 0.8917±0.067

C2UOT-MIL 0.7687±0.046 0.6542±0.043 0.9536±0.062 0.9125±0.061

Figure 4: Experiments of Alignments Perturbation.

classification performance (Sec 5.3.3 and Sec 5.3.4). Finally, we pro-
vide qualitative visual proof of the refined alignments (Sec 5.3.5).

5.3.1 Impact of Spurious Alignments onWSI Prediction. We
first investigate whether instance-concept alignment quality di-
rectly affects slide-level classification performance. To this end, we
evaluate on the CAMELYON dataset under 16-shot, which uniquely
provides binary labels for each individual patch (tumor vs. normal).
This enables us to examine how alignment quality at the instance
level (CAMELYON𝐼𝑛𝑠𝑡 ) translates into slide-level prediction qual-
ity (CAMELYON𝐵𝑎𝑔). In our framework, an instance is considered
positive if the total transport mass assigned to the positive concept
set (i.e., all textual concepts describing the tumor) in the optimal
transport plan 𝑇 exceeds that assigned to the negative concept set.
Patch labels are only used during testing.

As shown in Table 2 and Figure 5, the generic alignment used in
ViLa-MIL yields suboptimal accuracy, suggesting prevalent spuri-
ous alignments. C2UOT-MIL rectifies this, boosting CAMELYON𝐼𝑛𝑠𝑡
AUCby 4.43%. Consequently, CAMELYON𝐵𝑎𝑔 improves from 0.9339
to 0.9536, confirming that correcting instance-level alignments di-
rectly enhances global WSI classification.
5.3.2 Robustness to Alignment Perturbation. To further vali-
date whether alignment quality is a critical bottleneck of classifi-
cation performance, we simulate aggravated spurious alignments
by injecting additive noise 𝜖 ∈ [0.0, 0.3] into a subset (10%, Fig-
ure 4 (a) and 20%, Figure 4 (b)) of the initial instance-concept cost
matrix elements. As shown, the degradation of baseline models con-
firms their fatal vulnerability to low quality alignments. In contrast,
C2UOT-MIL maintains a flat performance curve. Even under high
perturbation, our framework effectively filters the injected noise
by constraining the transport plan to comply with the immutable
structural constraints inherent in the concept graph. This proves
that our framework possesses an inherent corrective capability that
refines spurious matches into diagnostically plausible ones.

Figure 5: Qualitative visualization of tumor localization.

Figure 6: Effects of diagnostic principles & hyperparameters.

5.3.3 Effects of key components in C2UOT-MIL. We conduct
an ablation study on two TCGA datasets under the 16-shot setting,
as shown in Table 3. It can be observed that UOT without MSC
and CSC obtains the worst performance across all datasets. Adding
the MSC module yields a further +1.06% to +1.7% improvement,
confirming the effectiveness of enforcing microenvironment con-
sistency. Finally, enabling CSC and MSC together achieves the best
overall results. The complementary effects of diagnostic principle-
guided inductive bias modules suppress spurious alignments during
instance aggregation, confirming the effectiveness of each compo-
nent and their synergy within C2UOT-MIL.

Table 3: Key components ablation on NSCLC and BRCA for
slide-level classification.

Components TCGA-NSCLC TCGA-BRCA

UOT MSC CSC AUC F1 AUC F1

✓ 0.9428±0.069 0.8697±0.122 0.7622±0.054 0.6850±0.027
✓ ✓ 0.9591±0.009 0.8826±0.018 0.7728±0.046 0.6918±0.032
✓ ✓ ✓ 0.9671±0.013 0.8894±0.017 0.8038±0.014 0.7033±0.017

5.3.4 Effects of Diagnostic Principle Constraints. To rigor-
ously verify that the performance gains of C2UOT-MIL stem specifi-
cally from enforcing diagnostic principles, we introduce aConstraint
Coverage Ratio 𝛼 ∈ [0.1, 1]. We rank instance-concept pairs by their
Violation Scores, which are defined as hierarchical contradictions
for CSC and spatial isolation for MSC. We then apply penalties only
to the top 𝛼 fraction. As shown in Figure 6(a), increasing 𝛼 from 10%
(less penalty) to 100% (full penalty) yields a clear, monotonic rise in
AUC, with the peak attained at 100%. This shows that C2UOT-MIL
detects and suppresses spurious alignments via explicit constraints
thus improving performance.
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Figure 7: Interpretability analysis on the TCGA-NSCLC dataset. Including: (a) Concept contributions of WSIs, (b) Visualization
of the original WSI and (c) Attention heatmaps of C2UOT-MIL. (d) High alignment patches focused by C2UOT-MIL

5.3.5 Explainability Analysis. To qualitatively demonstrate the
efficacy of C2UOT in refining spurious alignments, we visualize
two representative WSIs from distinct classes in TCGA-NSCLC.
As shown in Figure 7 (a), the LUAD slide exhibits stronger align-
ments to LUAD-related concepts and vice versa. Figure 7 (b) and (c)
show the raw WSI and the attention heatmap derived from C2UOT-
MIL, respectively. The model assigns high attention to true tumor
regions while effectively suppressing normal tissue. Finally, we
sample representative instances with high and low attention val-
ues, respectively. As shown in Figure 7 (d), tumor instances display
significant nuclear atypia, whereas the normal instances exhibit
features of benign tissue. This experiment indicates C2UOT-MIL
produces pathologically meaningful alignments, thereby delivering
strong interpretability.

5.4 RQ3: Robustness and Algorithmic Efficiency
A practical clinical framework must be resilient to system-level
variations. Here, we evaluate the robustness of C2UOT-MIL on the
TCGA-NSCLC dataset under the 16-shot setting with respect to
hyperparameter variations.

5.4.1 Robustness toHyperparameters. Here, we analyze C2UOT-
MIL’s sensitivity to its two hyperparameters in Figure 6 (b). The
coefficient 𝜆 controls the weight of inductive bias terms in Eq. (5).
As 𝜆 increases from 0.1 to 0.3, model performance increases sig-
nificantly, indicating MSC and CSC are essential. Beyond 𝜆 > 0.3,
performance remains flat over a wide range (0.3 to 1.0), demon-
strating C2UOT-MIL’s robustness. We also assess the sensitivity
to 𝜏 in Eq. (5) and observe that performance is also stable across a
broad span of values.

5.4.2 Algorithmic Efficiency. We compare the computational
cost of different VL-M methods in Table 4 on the TCGA-NSCLC
dataset. We report the FLOPs of a single forward pass and the

Table 4: Comparison of computational cost.

Method FLOPs(G) Average GPU
Memory (MB)

Peak GPU
Memory (MB)

ViLa-MIL [27] 119.72 518.84 769.15
MSCPT [9] 983.28 1988.23 2736.62
C2UOT-MIL (Ours) 712.25 554.02 712.28

mean and peak GPU memory allocated during the correspond-
ing inference process. While ViLa-MIL has the lowest overhead, its
principle-agnostic alignment severely caps its performance. Among
other models, C2UOT-MIL demonstrates remarkable efficiency, re-
quiring only 712.25G FLOPs and 712.28 MB of peak GPU memory,
which is nearly a 4× reduction in GPU memory usage compared to
MSCPT [9].

6 Conclusion
In this work, we introduce C2UOT, a diagnostic principle-guided
alignment paradigm that overcomes the limitations of principle-
agnostic generic alignment in VLM-based methods. By casting in-
stance–concept matching as a principle-constrained UOT problem,
C2UOT explicitly embeds pathologists’ diagnostic principles into
the alignment process. It further refines generic VLM-based align-
ment with two biologically inspired inductive bias modules: Cross-
Scale Coherence (CSC), which enforces parent–child semantic con-
sistency across magnification levels, and Microenvironment Seman-
tic Consistency (MSC), which performs concept-family-aware spa-
tial smoothing to suppress isolated artifacts. Experiments on four
benchmarks demonstrate that instance-concept alignment quality
is a critical bottleneck for slide-level prediction. By effectively re-
fining generic alignments, C2UOT-MIL consistently outperforms
SOTA baselines across all shot settings, delivering profound gains
in the most data-scarce regimes.
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