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Abstract. While fine-grained prompt-to-patch matching has significan-
tly advanced few-shot whole-slide image (WSI) classification, it intro-
duces a critical vulnerability: the massive aggregation of local interac-
tions inherently amplifies alignment noise. Such noise stems from both
intrinsic pathological ambiguity, where shared local morphologies trigger
spurious non-target responses, and extrinsic textual unreliability, aris-
ing from incomplete or noisy LLM-generated prompts. Together, these
factors severely blur inter-class boundaries. To tackle this, we propose
Confusion-Aware Evidence Calibration (CAEC), a robust framework de-
signed to explicitly rectify alignment noise. Specifically, CAEC maintains
a dynamic confusion memory module to capture recurring misleading ac-
tivations, which guides a sample-adaptive calibrator to suppress spurious
text-guided responses. Furthermore, we introduce a morphology evidence
compensator that adaptively integrates pure visual features to anchor
predictions when text guidance is weak. Evaluated on the TCGA-RCC
and TCGA-NSCLC benchmarks, CAEC achieves state-of-the-art perfor-
mance, demonstrating remarkable robustness in data-scarce settings.

Keywords: Computational pathology · Few-shot Learning · Confusion
Calibration.

1 Introduction

Whole slide images (WSIs) serve as the clinical gold standard for tumor di-
agnosis, but their gigapixel resolution renders direct end-to-end deep learning
computationally prohibitive. Therefore, Multiple Instance Learning (MIL) [8]
has emerged as the dominant paradigm, mapping unannotated local patches to
slide-level diagnostic outcomes [11, 16, 20, 24, 14]. While effective, standard MIL
is data-intensive. This requirement conflicts with clinical realities, where pri-
vacy constraints and the natural rarity of specific cancer subtypes severely limit
dataset sizes [5, 10]. Therefore, developing robust few-shot classification methods
for WSIs remains a pressing imperative for real-world automated diagnosis.
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Fig. 1. Comparison of CAEC with existing methods. (a) Slide-level alignment aggre-
gates patches globally. (b) Prompt-to-patch matching improves local sensitivity but
accumulates mismatches. (c) CAEC performs confusion-aware evidence calibration on
aggregated patch–prompt evidence.

Recent advances in vision–language models (VLMs) [19, 13, 2] have demon-
strated strong few-shot transferability by learning aligned visual and textual
representations from web-scale image–text pairs. In computational pathology,
domain-specific VLMs [6, 7, 15] further improve this paradigm by leveraging
large-scale pathology image–text supervision to produce more domain-aligned
representations. Meanwhile, prompt learning [26, 27] has emerged as an efficient
adaptation strategy for frozen pre-trained models, enabling task-specific cus-
tomization through a small set of learnable prompts without extensive backbone
fine-tuning. Building on these developments, early VLM-based WSI classification
methods [18, 21, 3, 4] mainly integrate prompt learning into the MIL framework
through holistic slide-level alignment, where patch features are first aggregated
into a global slide representation and then matched with textual prompts (Fig.
1 (a)). Although effective, this macroscopic alignment may weaken fine-grained
multimodal correspondence by smoothing out localized phenotypic variations. To
better preserve local pathology cues, more recent methods have shifted toward a
prompt-to-patch matching paradigm [25, 22], which directly matches fine-grained
prompts with patch-level features and aggregates the resulting local similarities
into slide-level predictions (Fig. 1 (b)).

Despite improved sensitivity to local morphology, this paradigm introduces a
fundamental challenge in WSI analysis: slide-level predictions are formed by ag-
gregating thousands of patch–prompt interactions, during which alignment noise
can accumulate and be amplified, thereby blurring inter-class boundaries. Such
noise arises from two factors. First, different pathological categories may share lo-
cal morphological patterns, and prompts with different wording can encode over-
lapping visual cues. Consequently, non-target prompts may produce spuriously
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Fig. 2. Overview of CAEC. Multi-scale vision-language features are first matched to
generate base logits. Then, a Confusion-Aware Calibrator queries the confusion memory
to suppress alignment noise, while a Morphology Evidence Compensator extracts global
image features to supplement pure visual evidence. Logits from both scales are finally
fused for WSI classification. (Note: Modules across both scales share weights, except
for the logit-predicting MLP in the Calibrator).

high responses during patch-level matching, which then accumulate through ag-
gregation. Second, while LLM-generated prompt banks provide valuable seman-
tic priors, their relevance is not uniform across samples. Incomplete, noisy, or
sample-mismatched prompts can weaken vision–language correspondence and
cause text-guided matching to underutilize discriminative visual evidence.

To address this challenge, we propose CAEC (Confusion-Aware Evidence
Calibration), a novel framework for few-shot WSI classification that explicitly
calibrates aggregated patch-prompt evidence (Fig. 1(c)). Specifically, CAEC con-
sists of three components: (1) a Confusion Memory Module, which maintains
a category-to-prompt confusion matrix as a running prior of frequently over-
activated non-target prompts; (2) a Confusion-Aware Calibrator, which extracts
confusion patterns from visual–text interactions and predicts residual calibration
logits to suppress spurious evidence; and (3) a Morphology Evidence Compen-
sator, which adaptively supplements morphology-driven visual cues to compen-
sate for uninformative language priors, thereby enhancing the overall robustness
of the model.

2 Method

The overall pipeline of CAEC is illustrated in Fig. 2. Given an input WSI, we
extract multi-scale visual patch features and encode LLM-generated morpholog-
ical descriptions into scale-specific textual features. The framework then aligns
visual tokens with textual features to compute base logits via semantic similarity
aggregation. To mitigate alignment noise, a Confusion Memory Module dynami-
cally records over-activated non-target prompts. Using this prior, the Confusion-
Aware Calibrator performs cross-attention between visual features and the mem-
ory to predict residual calibration logits, suppressing spurious evidence in the
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base predictions. Meanwhile, a Morphology Evidence Compensator yields pure
image-based logits by aggregating patch tokens via gated pooling, compensating
for potentially incomplete or mismatched language priors. Finally, these cali-
brated and compensated logits across both scales are fused to yield the final
WSI prediction.

2.1 Feature Extraction and Base Logit Generation

Visual and Textual Feature Extraction. Following [22], a WSI is represented
as multi-scale bags of patch embeddings: X(s) = {x(s)

n }Ns
n=1, where s ∈ {h, l} de-

notes high/low magnifications (e.g., 20× and 5×). These D-dimensional embed-
dings are extracted offline via a frozen pathology VLM. Meanwhile, we generate
scale-specific prompts by querying the LLMs with a predefined template (see Fig.
2). Following CoOp [27], L learnable context tokens v1, . . . ,vL are prepended to
each raw prompt P(s)

j and encoded by a frozen text transformer to yield prompt

embeddings: t(s)j = ft

(
[v1, . . . ,vL; tokens(P(s)

j )]
)
∈ RD.

Base Logits Generation. Base logits z(s)c are computed via cosine similari-
ties sim(s)

n,j between visual tokens X(s) and prompt embeddings T (s) = {t(s)j }
Qs

j=1.
Following [22], we average the top-ks scoring patches (whose indices are denoted
as Ωj) for each prompt, and then average across all prompts P(s)

c belonging to
class c, scaled by the standard VLM logit scalar γ:

z(s)c =
γ

ks|P(s)
c |

∑
j∈P(s)

c

∑
n∈Ωj

sim
(s)
n,j . (1)

2.2 Confusion Memory Module

As discussed, aggregating prompt-patch interactions can amplify alignment noise
due to shared local morphologies, blurring inter-class boundaries. To mitigate
this, we introduce a persistent confusion memory matrix M(s) ∈ RC×Qs to track
historically misleading prompt activations and use it to calibrate logits. The
element M (s)

c,j quantifies the accumulated confusion, i.e., the degree to which the
j-th prompt erroneously aligns with class c. We initialize M

(s)
c,j to 0 if class c is

the true target of prompt j, and to a small constant ω otherwise.
The memory is dynamically updated based on aggregated prompt responses

q
(s)
j . If a non-target prompt frequently yields high aggregated scores for a spe-

cific category, it serves as a direct indicator of cross-class morphological con-
fusion. For a training slide with ground-truth class y, we establish a class an-
chor a

(s)
y = 1

r

∑
q∈S(s)

y
q by averaging its top-r target responses (denoted as

set S(s)y ). We then evaluate the confusion of non-target prompts (ϕ(s)(j) ̸= y)
against this anchor. Intuitively, non-target responses approaching or exceeding
a
(s)
y act as misleading signals. The update strength u

(s)
j is thus formulated as
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u
(s)
j = max

(
0, q

(s)
j − a

(s)
y +m

)
, where m is a margin. The memory row for class

y is then updated via an exponential moving average with a learning rate η:

M
(s)
y,j ← (1− η)M

(s)
y,j + η u

(s)
j . ∀j s.t. ϕ(s)(j) ̸= y (2)

2.3 Confusion-Aware Calibrator

Given the constructed confusion memory, directly applying the global confusion
scores as static penalties is sub-optimal, as it ignores whether these confus-
ing patterns actually manifest in the current slide. Instead of image-agnostic
suppression, we use these learned confusion priors to explicitly aggregate their
corresponding visual features, thereby generating a sample-adaptive calibration
logit based on the actual visual evidence of confusion.

For class c at scale s ∈ {h, l}, we retrieve the top-K confusing prompts
{t(s)c,k}Kk=1 from M(s). Using these as queries and patch embeddings X(s) as
keys/values, we employ cross-attention to aggregate the confusion-conditioned
visual feature f

(s)
c,k . The feature f

(s)
c,k is processed by an MLP gs(·) to compute

a logit offset. We then average these offsets across the K prompts and apply a
hyperbolic tangent activation function scaled by a learnable parameter αs:

δ(s)c = αs tanh

(
1

K

K∑
k=1

gs(f
(s)
c,k )

)
. (3)

The term δ
(s)
c functions as a sample-adaptive calibration signal. Finally, the base

prediction z
(s)
c is refined by ẑ

(s)
c = z

(s)
c + δ

(s)
c .

2.4 Morphology Evidence Compensator

As discussed, incomplete or mismatched LLM prompts can weaken the cor-
respondence between visual and textual cues, causing text-guided matching to
underutilize discriminative visual evidence. To address this, we introduce a Mor-
phology Evidence Compensator to adaptively integrate pure morphological ev-
idence based on its representation reliability. Specifically, at each scale s, we
aggregate the visual patch tokens x(s)

n into a global representation g(s) via gated
attention pooling [21, 25]. This feature is mapped to image-based logits v(s) =
himg(g

(s)) ∈ RC via an MLP himg. Since pure visual representation quality varies
across heterogeneous WSIs, naively adding these logits could introduce bias.
Thus, we predict a slide-specific reliability gate r(s) = σ

(
hgate(g

(s))
)
∈ (0, 1) to

dynamically modulate the visual contribution. Finally, the gated visual logits
are fused with the memory-calibrated logits ẑ(s) across both scales for the final
WSI prediction: z =

∑
s∈{h,l}

(
ẑ(s) + r(s)v(s)

)
.
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2.5 Training Objective

We supervise the final logits with standard cross-entropy loss. To stabilize train-
ing and encourage each component to be individually discriminative, we also
apply auxiliary losses to the scale-wise calibrated logits and the compensated
logits:

L = LCE(z, y) +
1

2

∑
s∈{h,l}

(
LCE(ẑ

(s), y) + LCE(v
(s), y)

)
. (4)

3 Experiments

Datasets and Evaluation Protocol. We evaluate our method on two TCGA
benchmarks: TCGA-RCC (860 WSIs) and TCGA-NSCLC (1,042 WSIs) 4. Fol-
lowing [21], datasets are split 4:3:3 into training, validation, and test sets. For
N -shot training, we randomly sample N ∈ {4, 8, 16} slides per class. We report
Accuracy (ACC), Area Under the Curve (AUC), and Macro-F1 score using 5-fold
cross-validation, where the validation set is used for early stopping and model
selection, and final metrics are computed on the test set.

Implementation Details. Following [22], WSIs are cropped into patches
at 5× and 20× magnifications, with features extracted via TRIDENT [23] using
the frozen VLM CONCH [15]. Scale-specific descriptions generated by GPT-4o
[1] are prepended with L = 16 learnable context tokens. For base logits, we
aggregate the top-100 patch similarities (ks = 100) per prompt across scales.
The confusion memory w, initialized to 10−5, is updated via EMA (η = 0.02,
m = 0.01) using the top-2 target responses (r = 2) as anchors to retrieve the
top-3 confusing prompts (K = 3) for fine-grained calibration. The framework
is trained end-to-end in PyTorch [17] on a single RTX 3090 GPU using Adam
[9] (LR: 10−4, weight decay: 10−5, batch size: 1) for up to 80 epochs, with a
10-epoch early stopping patience.

Comparisons with State-of-the-Art. Table 1 presents the quantitative
results, demonstrating our framework’s state-of-the-art performance across most
data-scarce settings. Notably, on the TCGA-NSCLC dataset, our method ex-
hibits remarkable resilience. In the extreme 4-shot setting, it attains 93.64%
AUC and 84.78% Macro-F1, outperforming the second-best method by 3.55%
and 3.37%, respectively. For 4-shot TCGA-RCC, our method achieves the highest
AUC (97.18%). Although F1 and ACC are slightly lower than HiVE, the superior
threshold-independent AUC indicates stronger overall feature separability. These
consistent improvements underscore the effectiveness of our proposed framework.
On one hand, the model explicitly calibrates aggregated patch-prompt interac-
tions to suppress spurious responses. Concurrently, when sample-mismatched
prompts weaken vision-language correspondence, the morphology evidence com-
pensator adaptively integrates pure morphological features. Working in synergy,
these two mechanisms effectively sharpen inter-class boundaries and ensure over-
all diagnostic robustness.
4 https://portal.gdc.cancer.gov/
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Table 1. Results on TCGA-RCC and TCGA-NSCLC under 4, 8, 16-shot settings. The
best results are in bold, and the second-best results are underlined.

Dataset Methods TCGA-RCC TCGA-NSCLC

AUC F1 ACC AUC F1 ACC

16
-s

ho
t

CLAMSB [16] 98.48±0.47 90.09±0.98 91.32±1.09 95.37±0.50 89.27±1.86 89.29±1.84

TransMIL [20] 97.88±0.66 87.74±0.99 89.61±0.96 93.94±2.25 86.36±3.93 86.41±3.87

WiKG [12] 97.44±0.49 87.16±1.09 89.53±0.65 89.91±1.87 82.25±2.69 82.31±2.65

ViLa-MIL [21] 95.46±2.03 87.20±3.59 89.22±2.42 90.51±4.35 84.70±5.85 84.87±5.52

MSCPT [4] 97.65±0.85 89.30±1.20 91.53±1.15 91.73±2.80 84.81±1.95 83.55±3.00

FOCUS [3] 98.25±0.40 91.06±1.74 92.25±1.45 95.17±0.73 87.64±3.49 87.69±3.41

MAPLE [25] 98.45±0.57 90.60±1.77 91.94±1.24 89.89±9.79 83.86±9.18 83.91±9.12

HiVE [22] 98.75±0.33 92.23±1.30 93.19±1.27 95.79±0.82 90.12±1.12 90.13±1.12

Ours 98.89±0.20 92.73±1.01 93.88±0.79 96.27±0.93 90.64±2.03 90.64±2.02

8-
sh

ot

CLAMSB [16] 97.77±0.52 87.80±1.40 89.84±1.02 95.91±1.14 90.19±1.47 90.19±1.47

TransMIL [20] 97.34±0.53 86.36±1.86 88.76±1.41 93.37±1.53 86.77±2.97 86.79±2.95

WiKG [12] 96.56±0.67 83.71±1.22 86.20±1.50 90.37±1.25 82.72±1.78 82.76±1.76

ViLa-MIL [21] 94.72±0.96 84.43±1.75 87.52±1.28 90.40±2.56 81.71±3.64 81.92±3.57

MSCPT [4] 96.80±1.15 86.61±1.85 87.83±1.75 92.74±2.10 85.20±2.50 85.25±2.45

FOCUS [3] 97.75±0.65 88.95±1.13 90.31±1.10 94.91±2.36 87.41±2.24 87.44±2.24

MAPLE [25] 97.69±0.56 89.23±1.96 90.47±2.15 86.87±13.24 80.21±11.67 80.31±11.62

HiVE [22] 98.07±0.50 89.45±2.43 91.47±1.55 95.77±0.96 90.31±2.77 90.32±2.76

Ours 98.64±0.23 91.70±1.42 93.02±1.39 96.13±1.30 90.43±2.38 90.45±2.37

4-
sh

ot

CLAMSB [16] 95.36±3.61 82.85±6.81 85.35±6.92 86.97±9.02 77.75±8.51 77.88±8.49

TransMIL [20] 94.28±3.73 81.89±4.78 83.80±5.20 80.69±7.30 72.69±6.44 72.95±6.10

WiKG [12] 93.31±2.86 79.19±5.02 82.33±4.76 81.06±4.03 70.65±3.87 71.22±3.21

ViLa-MIL [21] 88.82±4.58 74.58±11.22 79.30±7.91 77.94±10.42 71.89±6.96 71.99±6.87

MSCPT [4] 95.30±2.85 84.20±4.10 86.36±3.90 86.60±4.90 75.41±6.20 79.03±6.10

FOCUS [3] 96.47±2.55 84.84±5.68 86.59±5.64 88.17±6.44 78.31±5.94 78.46±5.92

MAPLE [25] 94.81±6.66 84.62±9.14 85.81±10.13 88.14±6.87 79.18±6.04 79.27±5.97

HiVE [22] 96.84±0.84 87.27±2.97 89.26±2.87 90.09±4.87 81.41±4.46 81.47±4.41

Ours 97.18±1.30 86.81±3.54 88.53±3.55 93.64±0.71 84.78±1.71 84.87±1.61

Ablation Study. Table 2 details the ablation study on TCGA-RCC. The
baseline struggles in extreme low-data regimes (82.14% F1 at 4-shot). Integrat-
ing the Confusion-Aware Calibrator (CC) yields a +2.76% F1 improvement,
validating its ability to suppress spurious patch-prompt responses. Furthermore,
the Morphology Evidence Compensator (MEC) enhances robustness by provid-
ing morphology-driven visual cues when language priors are uninformative. By
integrating these capabilities, the full framework effectively rectifies inter-class
confusion and overcomes the fundamental challenge of alignment noise accumu-
lation, achieving optimal performance across all settings.

Interpretability and Visualization. Fig. 3(a) displays the top-2 confusing
prompts autonomously mined by our dynamic memory, such as CCRCC confus-
ing with CHRCC’s “perinuclear halos” or LUAD with LUSC’s “keratinizing foci”.
Fig. 3(b) presents two representative WSIs where these confusing prompts yield
spuriously high similarities with visual patches (exceeding or approaching the
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Table 2. Ablation study of individual components on the TCGA-RCC dataset.

Model 4-shot 8-shot 16-shot

AUC F1 AUC F1 AUC F1

Baseline 94.90±1.98 82.14±1.20 98.01±0.36 86.96±2.38 98.29±0.37 90.34±0.70

Baseline+CC 96.01±1.60 84.90±0.54 98.20±0.37 89.05±3.14 98.33±0.46 91.05±1.58

Baseline+MEC 96.38±1.32 85.04±3.27 98.21±0.22 90.01±1.21 98.04±0.34 91.31±1.23

Ours 97.18±1.30 86.81±3.54 98.64±0.23 91.70±1.42 98.89±0.20 92.73±1.01

CCRCC:
- Cytoplasmic flocculence and uniform nuclear atypia 
(from CHRCC)
- Perinuclear halos surrounding eosinophilic granular 
cytoplasm (from CHRCC)
CHRCC:
- Delicate arborizing capillaries surrounding nests of clear 
cells (from CCRCC)
- Clear cells with distinct membranes and optically empty 
cytoplasm (from CCRCC)
PRCC:
- Cytoplasmic flocculence and uniform nuclear atypia 
(from CHRCC)
- Delicate arborizing capillaries surrounding nests of clear 
cells (from CCRCC)

LUAD:
- Abrupt keratinizing foci within solid nests 
- Atypical squamous cells with dense, glassy cytoplasm
LUSC:
- Back-to-back crowded glands lacking intervening stroma
- Mitoses scattered among crowded glandular structure

Atypical squamous cells with dense, glassy cytoplasm

Perinuclear halos surrounding eosinophilic granular cytoplasm

Base Logits: [5.06, 5.15, 4.61]
Final Logits: [6.14, 4.71, 3.64]           Pred=CCRCC, GT=CCRCC

Base Logits: [4.18, 4.21]
Final Logits: [4.41, 3.13]                    Pred=LUAD, GT=LUAD

(a) Top-2 Confusing Prompts (b) Confusing Prompt Similarity and Logit Correction (c) Logit Margin Distribution

Fig. 3. Interpretability of the proposed method. (a) Top-2 confusing prompts captured
by the dynamic memory. (b) Confusing Prompt Similarity and Logit Correction. (c)
Logit Margin Distribution (True Logit − Max Other Logit), demonstrating enhanced
inter-class separability after calibration.

true class prompts), leading to incorrect baseline predictions (see Base Logits).
Remarkably, our method recognizes this ambiguity and explicitly rectifies the
prediction, restoring the true class as the dominant Final Logits. Furthermore,
Fig. 3(c) illustrates the logit margin distribution. The clear upward shift from
base to final margins confirms that our method effectively rectifies ambiguous
samples across the decision boundary, globally sharpening inter-class separation.

4 Conclusion

In this paper, we propose Confusion-Aware Evidence Calibration (CAEC), a
robust framework designed to tackle the inherent amplification of alignment
noise in fine-grained vision-language WSI classification. To overcome the se-
vere blurring of inter-class boundaries, our method unites two complementary
mechanisms. First, a sample-adaptive calibrator, guided by a dynamic confusion
memory, suppresses spurious responses caused by intrinsic pathological ambi-
guity. Concurrently, a morphology evidence compensator integrates pure visual
features to anchor predictions, overcoming extrinsic textual unreliability. By ex-
plicitly mitigating these dual sources of noise, CAEC sharpens inter-class bound-
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aries. Extensive experiments on the TCGA-RCC and TCGA-NSCLC datasets
demonstrate that CAEC consistently achieves state-of-the-art performance.
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