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Abstract. Few-shot Whole Slide Image (WSI) classification is chal-
lenged by extreme label scarcity and gigapixel resolution. While Vi-
sion-Language Models (VLMs) offer a promising route via text-guided
retrieval, they often suffer from discriminative sparsity: rigid selection
can either overlook key diagnostic regions or include excessive back-
ground. We propose Spectral-Semantic Consensus (SSC), a patch selec-
tion framework that couples distributed budget prompt retrieval with
spectral knowledge projection selection. SSC consists of two comple-
mentary modules: (1) a Distributed Budget Prompt Consensus (DBPC)
module that employs shared learnable prompts with distributed selec-
tion budget to improve the coverage of heterogeneous, diagnostically
relevant patches; (2) a Spectral Knowledge Projection (SKP) module
that selects patches by their alignment with subspace spanned by prin-
cipal components (spectral components) derived from textual priors,
thus reducing task-irrelevant regions. To adapt aggregation of the two
modules, we further introduce an Uncertainty-guided Fusion mechanism
that calibrates module contributions using retrieval uncertainty, empha-
sizing spectral alignment when semantic matching becomes unreliable.
By aligning visual evidence selection with the spectral geometry of do-
main knowledge, SSC provides a robust and principled paradigm for
data-efficient computational pathology. Experiments on TCGA-NSCLC,
CAMELYON16, and UBC-OCEAN demonstrate consistent and substan-
tial gains over strong baselines in few-shot regimes. Code is available at:
https://github.com/Hanyul124/sscl

Keywords: Few-Shot Learning - Whole Slide Image - Multiple instance
learning.

1 Introduction

Computational pathology increasingly relies on deep learning to analyze Whole
Slide Images (WSIs) for diagnosis and biomarker discovery. However, WSIs are
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gigapixel-scale, making dense annotations costly and motivating the widespread
use of Multiple Instance Learning (MIL), where supervision is available only at
the slide level [BITO/4I8ITI]. In clinically relevant scenarios such as rare diseases
and novel subtypes, WSI classification further becomes a few-shot weakly su-
pervised problem [T7I27[T8]6]. This setting is particularly challenging due to the
discriminative sparsity: diagnostically informative regions often occupy less than
5% of a slide. Thus, evidence selection must be both precise and comprehensive
under a low signal-to-noise ratio.

VLMs have recently been introduced to inject textual priors into WSI analy-
sis [7I22124126]. Works such as QUILT [9] and MI-Zero [I4] establish patch—text
alignment via large-scale pretraining. Later methods (e.g., ViLa-MIL [22], FO-
CUS [7]) adapt these priors to WSIs by handling resolution heterogeneity and
redundancy. However, current text-guided selection remains limited by two is-
sues. First, coarse-grained semantic collapsing: prompt sets are often averaged
into a single class prototype, which suppresses semantic variance and under-
retrieves heterogeneous pathological patterns. Second, rigid semantic matching:
selecting patches solely by maximal text—image similarity tends to miss diag-
nostically relevant regions that deviate from canonical “textbook” appearances,
leading to high false negatives or background contamination.

To address these gaps, we propose Spectral-Semantic Consensus (SSC), a
text-guided patch selection framework for few-shot WSI classification. Consider-
ing independent semantics in each prompt and visual appearance deviation from
formal pathological descriptions, we introduce two complementary modules to
identify informative patches under discriminative sparsity: a learnable prompt
guided patch selection with distributed selection budget for semantic coverage
and a spectral projection module for knowledge subspace alignment consistency.
The selected patches are integrated by an uncertainty-guided fusion strategy
that adaptively balances the two modules based on retrieval uncertainty.

Our contributions are threefold:

1. Patch selection based on Distributed Budget Prompt Consensus
(DBPC). We introduce DBPC, which uses shared learnable prompts with dis-
tributed budget and a consensus-based retrieval strategy to broaden evidence
coverage and reduce sensitivity to any single query under few-shot supervision.
2. Patch selection based on Spectral Knowledge Projection (SKP).
We propose SKP, which selects patches by the score of their projection onto the
subspace spanned by spectral components derived from textual knowledge.

3. Uncertainty-guided Fusion of DBPC and SKP. An uncertainty-guided
fusion strategy balances two modules based on DBPC retrieval uncertainty of the
selected patches. SSC consistently improves over strong MIL and VLM baselines
in label-scarce regimes.

2 Methodology

We study few-shot WSI classification under the Multiple Instance Learning
(MIL) setting. A gigapixel slide X € R¥XWX3 ig partitioned into N non-
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Fig. 1. Overview of SSC. (a) DBPC retrieves diverse patches with distributed se-
lection budget over prompts. (b) SKP selects patches via projection onto a principal
semantic subspace of text tokens. (¢) Uncertainty-guided Fusion balances DBPC and
SKP selections. (d) Cross-modal attention aggregates compressed tokens for slide pre-
diction.

overlapping tissue patches {z;}Y ;, where only slide-level labels Y € {0,...,C —
1} is given. Each patch is encoded by a frozen pretrained backbone f(-) to obtain
a bag of embeddings B = {b;}}¥_,, where b; = f(z;) € RP. Our goal is to identify
a compact set of informative patches and aggregate them to predict Y.

SSC is a text-guided patch slection for WSI classification (Figure [I)). Given
patch embeddings B, our method selects informative tokens via two parallel
routes: the Distributed Budget Prompt Consensus module and the Spectral
Knowledge Projection module. These outputs are adaptively fused by the uncer-
tainty of DBPC selected patches, and further compressed by SVTC [21], then
aggregated with the prompt queries through cross-modal attention to produce
the slide-level prediction.

2.1 Distributed Budget Prompt Consensus (DBPC)

In few-shot MIL, the main challenge is unstable supervision: a single retrieval
query can overfit spurious textures and miss heterogeneous diagnostic cues.
DBPC addresses this by evenly allocating the selection budget across multi-
ple prompts, followed by aggregating patch scores over the selected prompts
(consensus). Reducing to single-prompt similarity when only one prompt selects
the patch, improving evidence coverage and training stability. We construct a
text sequence P-[tsoT, V, Etext], where V = {v, }X_| are K learnable prompts,
Eicxt 18 the fixed token sequence of a class-specific description. The frozen text
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encoder 7 outputs token features T = T (P) € RM*P We use the K outputs
corresponding to V as query tokens @ = {g}}X, € REXD,

Given patch features B = {b;}Y;, we compute cosine similarities S; ) =
cos(b;, qi ). For each query gi, we select the top-r patches with

!

We compute a per-patch consensus confidence by averaging similarities over the
selected prompts:
DBPC _ Zi(:l Li kS k
si ==, (2)
Ek:l Lin+e
where 1; j indicates whether patch 7 is selected by prompt £. If a patch j is not
selected by any prompt, we set sPPF¢ = 0. Each prompt selects r patches and
gives these patches confidence scores S; ;. In the adaptive fusion stage, patches
in DBPC are selected based on the consensus confidence score sPBFC ranking.
The total number of patches scored at this stage is < L. The learnable prompts,
also denoted @, serve as queries reused for subsequent cross-modal aggregation.
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Fig. 2. Spectral heterogeneity of text embeddings. Comparison of the principal
components of text-token embeddings across three datasets. For each dataset, the left
bar denotes the total number of tokens (Total tokens), while the right bar denotes the
number of principal components required to explain 95% of the variance (k95). The

annotation above reports the ratio ~——+2_
Total tokens

2.2 Spectral Knowledge Projection (SKP)

DBPC relies on explicit text—image similarity and may respond strongly to back-
ground regions or artifacts. SKP complements DBPC with a spectral-based
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patch selection: it scores patches by their projection energy onto a principal
semantic subspace induced by knowledge text tokens. This design is motivated
by the anisotropy of pretrained text embeddings, which concentrates in a low-
dimensional manifold [5JIT]. As shown in Figure [2] pathology text embeddings
exhibit distinct concentration patterns, motivating us to model textual knowl-
edge priors with a low-dimensional spectral structure. The resulting subspace
serves as a global structural prior, reducing task-irrelevant responses without
requiring keyword-level matches.

Knowledge principal subspace. We build a content-token mask on text
tokens by discarding PAD/SOT/EOT while keeping learnable context tokens.
Let the retained tokens be X = [zy,...,zpr,] " € RMexD,

To stabilize cross-modal matchi%, we whiten X before getting the principal

components. With mean p = ﬁf Y 1 Tm and covariance X' = W(X -
1u")T(X —1u"), we perform eigendecomposition ¥ = HAH" and define the

whitening matrix:
W = H/le_l/zHT7 /16_1/2 = diag((max()\l, e))_l/Q, oy (max(Ap, 6))_1/2) ,

where € clamps small eigenvalues. The whitened tokens are X, = (X — 1" )W.
We apply SVD, X,, = USV ", and retain the top-d, components V, € RDxds
which explain a variance ratio p.

Patch scoring and selection. Given patch embeddings {b;};, SKP scores
each patch by its projection energy onto the subspace spanned by V,,:

bi=(bi =W, ST =0V, |13 (3)
Patches with larger s?XP

In this module, patches are ranked by s

are more aligned with the principal textual semantics.
SKP “and we keep the top-L patches.

%

2.3 Uncertainty-guided Fusion, Aggregation, and Objective

We adaptively fuse DBPC and SKP based on the DBPC retrieval uncertainty.
Let p = [sPBPC]Y, be the raw DBPC scores over N patches and 7 = softmax(p).

The normalized entropy is

H(w) = —@ Z m; log(m; + €). (4)

This yields module ratios apgpc = 1 — H(w) and agkp = H(w). We select
|apspcL| top-ranked patches by sPBPC and |askpL| by s$XP. We take the
union of the two sets and thus keep at most L patches. SVTC then compresses
the resulting tokens [21].

We use @ as queries to attend to the selected visual tokens. A linear classifier
produces the slide logits. The loss is given by

L= Lcr + ALaiv, (5)
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Table 1. Balanced ACC (%) in few-shot WSI classification (4/8/16-shot) on TCGA-
NSCLC, CAMELYON16, and UBC-OCEAN. Best and second-best results are marked
in bold and underline.

Balanced ACC (%)

4-shot 8-shot 16-shot
TRANS-MIL[20]| 71.2+6.1 77.2+4.2 84.6+3.9
ILRA-MIL[25] | 69.3+10.2 74.8+£7.1 84.3+3.1
WIKG-MIL|[12] | 66.7£9.6 76.44+3.5 79.8+£7.2
TCGA-NSCLC| Vila-MIL|22] 78.0+8.2 84.2+5.0 87.94+3.2
AMD-MIL[13] | 70.9+8.8 77.9+5.5 85.1+4.9
TDA-MIL [19] | 71.7£8.4 80.9+4.4 86.6+4.7
SSC (Ours) | 80.1+7.2 84.9+2.7 87.8+2.8

TRANS-MIL[20]| 55.1+4.7 58.0£5.5 68.0+£13.3
ILRA-MIL[25] | 53.6+4.2 65.24+10.6 76.2+10.0
WIKG-MIL[12] | 53.0+4.7 65.3+8.4 76.44+10.8
CAMELYON16| Vila-MIL|22] 61.6£1.0 62.2+£2.7 68.1+5.8
AMD-MIL[I3] |60.3+10.4 78.0+7.0 86.7£5.3
TDA-MIL [19] | 64.8+11.5 74.6+9.2 77.6+6.6
SSC (Ours) [73.5+12.2 82.5+8.1 90.44+4.1

TRANS-MIL[20]| 60.046.8 69.8+7.3 78.1+2.2
ILRA-MIL[25] | 63.246.1 68.945.7 76.844.0
WIKG-MIL[12] | 63.847.0 71.2+6.6 77.64+6.0
UBC-OCEAN | Vila-MIL[22] | 60.4+5.7 70.9+2.7 77.1+4.1
AMD-MIL[13] | 63.1+7.8 70.945.5 79.1£3.9
TDA-MIL [19] | 61.948.7 70.0+5.7 77.1+4.0
SSC (Ours) | 73.7+6.1 77.0+5.3 80.4+2.6

Datasets ‘ Methods ‘

where Lcg is a standard cross-entropy. To reduce redundancy among the K
query tokens, with q; indicates fs-normalized i-th query token, we define a
temperature-scaled similarity distribution

exp(d; -4 /7)

K ~ ~ K
S exp(@ - 4 /7)
then minimize the normalized row-wise entropy

K

K =2y Aijlog(Aij + €)
log K

Aij =

1
‘Cdiv - ? . (6)

i=1
3 Experiments
Datasets. We validate the proposed framework on three distinct histopathology

benchmarks spanning lung, breast, and ovarian malignancies. We use TCGA-
NSCLC [23] for binary subtyping, distinguishing between lung adenocarcinoma
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Table 2. F1 Score and AUC in the same experiment settings as Table [I| Names of
compared methods are abbreviated by omitting the "-MIL" suffix.

Data_‘Methods‘ F1 Score (%) AUC (%)

sets ‘ ‘ 4-shot 8-shot 16-shot 4-shot 8-shot 16-shot
o TRANS | 70.8£6.2 76.9£4.3 84.3+4.2 77.947.2 85.545.1 93.1£2.3
= ILRA |67.9+11.9 73.6%£8.7 84.2+3.2 79.3+8.6 86.3+6.3 91.8£2.8
8 WIKG | 62.6+15.5 76.0+£3.8 79.2+7.8 78.248.6 85.7+4.2 91.0+4.6
= Vila 77.8+8.4 84.2+5.0 87.943.2 84.5+10.6 91.2+5.1 94.8+1.9
ECD AMD | 69.24+12.6 77.7+£5.6 84.9+5.1 79.9+7.9 86.8£6.0 93.6+2.3
O TDA 69.8+11.8 80.6+4.5 86.2+5.2 81.3+9.1 89.4+5.9 95.3+1.3
= SSC 79.84+7.4 84.842.7 87.842.8 87.7+8.3 91.9+3.1 94.9+2.2
o TRANS | 51.1£8.4 54.0+£9.9 64.2+18.3 58.9+6.2 59.947.3 74.4+13.0
E ILRA 50.9+5.3 63.1£12.7 73.8£11.8 55.1+£4.8 74.5+8.2 85.7+7.7
[©) WIKG | 47.448.0 60.9+14.4 73.24+16.3 56.6+7.1 74.4+8.6 85.3+7.3
E Vila 40.4+3.1 47.5+£8.7 57.94+13.3 50.44+4.9 54.1£5.9 62.849.9
E AMD | 56.8414.9 77.1£7.9 86.0£5.9 67.3+8.4 85.4+6.0 93.5+3.6
< TDA 63.6+13.9 74.3+9.6 76.5+8.6 68.6+£11.5 82.8+6.1 85.84+3.8
© SSC |67.8+18.2 81.7+8.2 89.9+4.2 74.4+1.8 88.8+5.4 95.0+-2.6
TRANS | 56.2£5.8 65.1£7.0 74.843.0 86.1+2.7 91.3£2.2 94.1+£1.9

<Z: ILRA 58.4+7.0 64.5+5.8 72.844.9 87.9+3.0 90.2+2.3 93.2+1.1
ca) WIKG | 58.946.7 65.1+£5.3 74.6+5.8 89.14+3.0 92.1£2.1 94.3+2.1
8 Vila 55.7+6.2 67.9+3.2 74.5+4.2 83.7+3.7 89.7£2.4 93.9+1.7
&) AMD 58.6+6.1 65.8+4.4 75.244.1 87.9+3.6 91.74£2.0 94.9+1.4
g TDA 56.9+6.5 66.1+7.3 74.9+3.6 86.4+3.2 91.1+£1.5 94.3+1.3
SSC 70.24+6.7 74.7+4.9 78.3+2.7 92.6+2.3 93.3+1.9 95.6+0.8

(541 slides) and squamous cell carcinoma (512 slides). For metastasis detec-
tion, we utilize CAMELYON16 [2], which comprises 399 whole slide images
(159 tumor-positive and 240 normal). To assess multi-class performance, UBC-
OCEAN [1] is employed, covering five ovarian carcinoma subtypes: high-grade
serous (221), endometrioid (122), clear cell (98), along with low-grade serous
and mucinous carcinomas (43 each). All datasets are stratified into training,
validation, and testing sets with a 6:2:2 ratio. Consistent with standard Few-
Shot Learning (FSL) protocols, we conduct experiments by randomly sampling
k € {4,8,16} support slides per class.

Implementation Details. WSIs are pre-processed using the CLAM [15]
toolset and extract 512x512 patches at 20x or 40 x magnification. For pathology-
specific knowledge synthesis, we utilize a large language model (Gemini 3). Both
visual and textual modalities are embedded into a D = 512 dimensional space
using the CONCH [16] encoder. In the SSC framework, we initialize 5 learnable
prompts and set maximum token budget 8192 before SVTC. The model is op-
timized via AdamW (LR = 1 x 10~*) for up to 80 epochs, with early stopping
applied based on the best validation performance. The weight A in the training
objective is 0.2.
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Evaluation Metrics. Classification performance is assessed using Balanced
Accuracy, Fl-score, and AUC. To ensure robust evaluation, we implement a
ten-fold cross-validation protocol, using unique data splits for each fold. We
report the mean and standard deviation across all folds to represent the final
performance.

Results and Discussion. Tables [1| and [2 show that SSC improves perfor-
mance consistently across Balanced ACC, F1 and AUC, with the largest margins
in the low-shot regime. On CAMELYON16 [2], where slide-level labels are de-
termined by rare, small positive foci amid overwhelmingly irrelevant instances,
SSC outperforms the strongest competing baseline by +8.7 BACC, +4.2 F1
and +5.8 AUC in the 4-shot setting, and the advantage remains clear at 8-shot
(+4.5 BACC, +4.6 F1, +3.4 AUC) and 16-shot (+3.7 BACC, +3.9 F1, +1.5
AUC). On the five-class UBC-OCEAN [I], SSC shows even larger gains under
4-shot supervision (e.g., +9.9 BACC and +11.3 F1 over the best baseline), while
still maintaining measurable improvements as supervision increases (up to +1.3
BACC, +3.1 F1, +0.7 AUC at 16-shot). On TCGA-NSCLC, SSC achieves con-
sistent wins in the low-shot settings (e.g., +2.1 BACC, +2.0 F1, +3.2 AUC at
4-shot) and remains competitive at 16-shot where multiple baselines approach
saturation (less than 0.1 BACC/F1 and 0.4 AUC of the best results). Over-
all, SSC improves data efficiency without sacrificing performance as supervision
increases, and the trends are consistent across metrics and datasets.

Ablation Study. As shown in Fig results (mean with error bar) on BACC,
F1, and AUC are reported for m = 4, 8, 16 shots under three settings. BASE-
LINE setting indicates using the embedding of a histopathology of {class name}
to directly select patches while keeping the following SVTC [2I]. DBPC consis-
tently improves over BASELINE, while adding SKP yields further gains, with
the highest margins under the most constrained budget (m = 4) and sustained
benefits in larger shots. These results indicate that both components are com-
plementary and jointly enhance robustness across metrics and selection regimes.

B BASELINE [ BASELINE+DBPC [ BASELINE+DBPC+SKP

m=4 m=16

0.950
0.941
0805 0.897 0904 - 0802 0899 0.926

10

0.9 0735 0678

Score

BACC F1 AUC BACC F1 AUC BACC F1 AUC

Fig. 3. Ablation of prompt components across different number of shots m.
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4 Conclusion

We present SSC, a novel framework for few-shot WSI classification that uses
knowledge subspace projection score selection to complement prompt-based con-
sensus retrieval. SSC unifies two modules via uncertainty-guided fusion to adapt
selection based on prompt consensus retrieval uncertainty, capturing wider range
of patches with subtle diagnostic clues under extreme few-shot scenarios. Exten-
sive experiments validate the effectiveness of this assess-then-fuse principle and
achieve competitive results in data-efficient pathology diagnosis, while the inter-
pretability of the principal subspace remains a direction for future work.
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