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Abstract

The rapid growth of digital pathology has produced vast repositories of hematoxylin and
eosin stained whole slide images, yet most of them remain unindexed or unlabelled, limiting
their utility for computational analysis. Reverse image search provides a scalable way to
organize and access these archives by retrieving visually similar images. While currently
deployed retrieval systems exist, they rely on manual configuration, highly affecting their
performance. Thus, we propose CLEAR-WSI, Constant Length Embedding & Automatic
Retrieval, a fully automated pathology reverse image search engine that leverages Vision
Transformer foundation models for histopathology together with attention-based multiple
instance learning (AttentionMIL). The AttentionMIL framework jointly identifies diagnos-
tically relevant whole slide images and predicts slide-level diagnoses. To further improve
performance, we introduce a self-reviewing classifier filtering mechanism: retrieved candi-
dates are filtered according to their predicted labels, mostly outperforming class-informed
filters. Across two public datasets, CAMELYON16 (lymph node metastases) and BRACS
(breast cancer subtypes), our method establishes new state-of-the-art results, improving
AccMV @5 from 77.49% to 89.92% on CAMELYON16, from 54.12% to 75.86% on BRACS
level-1, and from 36.47% to 51.72% on BRACS level-2. Our general-purpose, annotation-
free, dataset-agnostic, search engine that scales across diverse data sources is openly avail-
able: https://github.com/youssefwally/CLEAR-WSI

Keywords: Computational Pathology, Image Retrieval, Reverse Image Search, Founda-
tion Models, Vision Transformers, Whole Slide Images, Deep Learning.

1. Introduction

Millions of Whole Slide Images (WSI) remain unlabelled and unindexed, limiting their utility
for clinical decision support and large-scale research. Retrieval systems that enable content-
based image retrieval (CBIR), identifying diagnostically similar cases without requiring prior
diagnostic knowledge, offer a practical way to leverage this untapped data, particularly in
the case of rare diseases and situations where diagnostic confidence is low (Böttcher et al.,
2025).
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However, most CBIR systems rely on expert annotations and carefully curated datasets,
which is difficult to scale, especially for infrequent conditions. These challenges have moti-
vated the adoption of transfer learning and Foundation Models (FM), which have demon-
strated strong performance in mutation inference (Kather et al., 2020; Fu et al., 2020),
cancer grading (Bulten et al., 2022), and survival forecasting (Chen et al., 2022b; Foersch
et al., 2023). However, the potential of FM for slide-level retrieval remains underexplored
(Tizhoosh and Pantanowitz, 2024; Lahr et al., 2024).

Yottixel represents the first dedicated WSI-level search engine (Kalra et al., 2020)
and nonetheless the current state-of-the-art (SOTA) (Lahr et al., 2024). Its Bunch of
Barcodes (BoB) representation enables efficient large-scale similarity search, but depends
on manual configuration of cluster numbers and patch-sampling rates. Its embeddings scale
with patch count, producing inconsistent representation sizes, which hinder generalizability
and automation in real-world deployments.

We address these limitations and further propose a self-reviewing (SR) filter that stabi-
lizes retrieval and consistently outperforms class-informed (CI) filtering strategies by intro-
ducing CLEAR-WSI, Constant-Length Embedding & Automatic Retrieval, shown in figure
1. Evaluation across two datasets shows that our method establishes a new SOTA for WSI
retrieval. We employ Normalized Discounted Cumulative Gain (NDCG), a standard metric
in information retrieval, to assess ranking quality in this domain, following (Shi et al., 2018).

In summary, our main contributions are:
• We introduce CLEAR-WSI, a fully automated patch-count independent whole-slide-
image context-based image search engine.

• Consistent, substantial performance improvements over two differing datasets com-
pared to the current SOTA Yottixel.

• Release of the full implementation for reproducibility and community use.
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Figure 1: CLEAR-WSI vs. Yottixel (SOTA) (Kalra et al., 2020). Details in Section 3.

2. Background

Traditionally, large-scale medical image archives relied on textual annotations for search
and retrieval, which often fails to capture visual similarities effectively. To address this, one
of the earliest online CBIR by (Zheng et al., 2003) allowed users to upload a query image
with search parameters which then performs similarity comparisons based on features such
as colour histograms, texture, Fourier coefficients, and wavelet descriptors.

WSI in digital pathology exceed conventional image-processing pipelines in both scale
and diagnostic context (Barker et al., 2016; Gutman et al., 2013). CBIR for histopathology,
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addresses the need to find visually and diagnostically similar regions or slides within large
archives without relying solely on textual metadata. Early and recent CBIR systems share
the core pipeline of (1) decomposing WSI into manageable regions or patches, (2) extracting
discriminative descriptors from those regions, (3) aggregating region descriptors into slide-
level indices, and (4) performing nearest-neighbour retrieval in the chosen embedding/index
space (Tizhoosh and Pantanowitz, 2024; Lahr et al., 2024).

Two practical strategies for handling WSI dominate the literature. The sub-setting
approach selects a smaller region of interest from the full slide to reduce computation and
focus search (region-centric). The tiling approach divides the slide into many patches and
either indexes patches directly or aggregates their representations into slide-level descriptors
(patch-centric) (Mehta et al., 2009; Lowe, 1999; Galaro et al., 2011; Sharma et al., 2012;
Vanegas et al., 2014). Sub-setting is efficient but requires domain knowledge to select
representative regions; tiling is more automatable but raises design choices about sampling,
aggregation, and index size (Barker et al., 2016; Gutman et al., 2013). Systems demonstrate
these design tradeoffs in practice (Tizhoosh and Pantanowitz, 2024; Lahr et al., 2024).

Recent CBIR systems in pathology have focused on patch-level or region-level similarity
search (Barker et al., 2016; Gutman et al., 2013), using handcrafted features (Zheng et al.,
2003), CNN-based embeddings (Tommasino et al., 2023), or attention-based aggregation
(Li et al., 2023). Early systems leveraged texture and colour descriptors (Zheng et al.,
2003), while more recent approaches employ deep convolutional embeddings (Tommasino
et al., 2023), deep hashing (Li et al., 2023), attention-driven multiple-instance learning (Lu
et al., 2021), and graph-based architectures to capture tissue structure and contextual rela-
tionships (Tizhoosh and Pantanowitz, 2024; Lahr et al., 2024). Multimodal and large-scale
frameworks have also emerged, ranging from early multimodal efforts to recent multimodal
foundation systems such as TITAN (Ding et al., 2025). Several works include deep hashing
and deep-learning-based retrieval studies (Chen et al., 2022a; Li et al., 2023; Hegde et al.,
2019; Tommasino et al., 2023; Shi et al., 2018) and large-scale WSI search pipelines (Wang
et al., 2023). Despite this progress, CBIR methods remain limited in scalability because they
depend on patch-level embeddings, require careful parameter tuning, and struggle to pro-
duce slide-level representations that generalize across datasets (Tizhoosh and Pantanowitz,
2024; Lahr et al., 2024).

Yottixel (SOTA) (Kalra et al., 2020), a slide-level indexing strategy inspired by bag-of-
words concepts, segments a slide into distinct regions (via clustering), samples patches to
form a mosaic, extracts features with a pretrained network, and converts them into compact
binary barcodes to build a BoB index. Yottixel showed strong retrieval speed and scalability
but depends on manual configuration (cluster counts, sampling ratios), and its index size
varies with patch sampling, producing inconsistent representation sizes across slides.

Self-supervised methods (Wang et al., 2023; Srinidhi et al., 2022; Chen et al., 2022a;
Ciga et al., 2022; Li et al., 2023) explored scalable search by using self-supervised represen-
tation learning to produce compact, transferable descriptors suitable for slide-level retrieval
and rare-case retrieval. These foundation-style visual models improve generalization across
tasks but may still require careful preprocessing (colour normalization, tissue detection)
and large-scale compute for pretraining.

Other Approaches (Ding et al., 2025) extend retrieval capability by aligning image and
text modalities or pretraining on large WSI corpora. These models enable cross-modal
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Figure 2: Our pipeline, CLEAR-WSI, using CLAM (Lu et al., 2021). Details in Section 3.

retrieval and zero/few-shot transfer, and they improve robustness to distribution shifts;
however, they introduce new dependencies such as large pretraining datasets, compute, and
careful evaluation of clinical generalization.

Existing CBIR approaches for WSI expose recurring limitations relevant to deployment
and automation (Tizhoosh and Pantanowitz, 2024; Lahr et al., 2024):

• Manual hyperparameters and sampling bias: Methods that rely on clustering
+ sampling (mosaics) require manual choices (number of clusters, sampling fraction)
that affect coverage and reproducibility.

• Inconsistent representation sizes: Index sizes that scale with the number of se-
lected patches or mosaics produce variable memory and compute requirements.

• Limited context: Patch-level retrieval systems may miss slide-level context impor-
tant for diagnostics due to simple aggregation; losing spatial or structural information.

• Scalability vs. accuracy: Compact/hashed indices and binarization increase speed
but can degrade fine-grained retrieval necessary for rare or subtle morphologies.

Thus, we propose CLEAR-WSI (Constant-Length Embedding & Automatic Retrieval),
a fully automated WSI CBIR that (1) removes dependence on manual mosaic construction
and patch-count–dependent indices, (2) leverages Vision Transformer (ViT)–based foun-
dation encoders for robust patch descriptors, and (3) aggregates patch descriptors into
dimensionally-consistent, compact slide-level representations suitable for scalable retrieval
without manual configuration. The method aims to preserve diagnostic context while ad-
dressing the limitations above through automated preprocessing, unified embedding dimen-
sionality, and retrieval-optimized indexing.

3. Methodology

CLEAR-WSI is designed to identify and rank WSI or their patches based on similarity to a
given image query as illustrated in Figure 2. The process consists of (1) patch selection using
CLAM (Lu et al., 2021), (2) feature extraction with a frozen FM encoder, (3) aggregation
of patch embeddings through a trained AttentionMIL model, (4) similarity-based ranking,
(5) whole slide label prediction with the same AttentionMIL model, (6) label consistency
filtering, and (7) storage of the resulting outputs in a growing memory bank for future use.
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This modular design enables the framework to operate at both the slide and patch levels,
depending on whether patch selection and aggregation are enabled.

3.1. Patch Selection using CLAM

CLAM obtains patch-level feature embeddings by passing each WSI patch through a pre-
trained ResNet-50 encoder, then computes an attention score for each patch using a class-
specific attention network; these embeddings and scores are optimized while training on
slide-level diagnostic classification tasks so that the features capture morphology relevant
to the slide label, and the highest-attention patches correspond to regions most informative
for predicting that diagnosis.

CLAM’s feature vectors are optimized for weakly supervised slide-level classification,
not for producing stable, semantically aligned patch embeddings. The representation is
shaped by attention-based multiple instance learning (MIL) and instance-level clustering,
so it becomes highly class specific, emphasizing features useful only for the diagnostic labels
on which CLAM was trained. For retrieval, this is undesirable: class conditioned embed-
dings distort cross-class similarity structure and do not generalize further. Returning to
the raw patch and re-embedding it with an FM encoder such as UNI (Chen et al., 2024)
avoids these constraints because FM are trained to produce uniform, semantically consis-
tent, pathology-domain embeddings that preserve morphological similarity independent of
any specific downstream label.

Direct end-to-end processing of a WSI is computationally infeasible. Thus, we apply
CLAM to select a subset of M patches, such that each WSI is represented by a set of
patches X̃l:

Xl = {p1, p2, . . . , pM}, pj ∈ Rh×w×c.

CLAM assigns attention scores αj to each patch and selects the top-ranked patches:

αj =
exp(w⊤zclamj )∑M
k=1 exp(w

⊤zclamk )
, X̃l = {pj : αj ≥ τ}.

Here, zclamj denotes the feature embedding of patch pj , and τ is a threshold. This
produces a compact yet informative subset of patches for downstream retrieval.

3.2. Feature Extraction and Aggregation

For each WSI Xl, selected patches pj ∈ X̃l are embedded by a ViT–based FM encoder fθ:

zFM
j = fθ(pj), zj ∈ Rd.

where fθ is a deep feature extractor parameterized by θ that maps each image patch into a
latent representation. To capture the varying relevance of patch embeddings, a attention-
based multi-instance learning (AttentionMIL) model is trained to weigh patches accord-
ing to their contribution to the WSI label. Afterwards, the attention scores βj from the
AttentionMIL are utilised to form a fixed-length global representation Zl for each WSI Xl

such that
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Zl =

|X̃l|∑
j=1

βjfθ(pj), pj ∈ X̃l

3.3. Ranking by Similarity

Given a query embedding Zq and a database D = {Z1, . . . , ZN}, similarity is measured
using cosine similarity. The ranking is defined as:

π(q) = argsorti=1..N CosineSim(Zq, Zi).

3.4. Label Consistency Filtering

To improve retrieval robustness, we apply post-retrieval filtering strategies that enforce label
consistency. Specifically, we evaluate two schemes:
1.) SR Classifier Filtering: A retrieved item i is retained if and only if its predicted
label ỹi matches the query label yq:

πSR(q) = {i ∈ π(q) | ỹi = ỹq}.

2.) CI Filtering: Ground-truth labels are used to filter the ranked list:

πCI(q) = {i ∈ π(q) | ỹi = yq}.

Each embedding and prediction learned or processed for a query image are also added
back into the memory bank for future comparisons.

Lastly, the top-k ranked items from π̃(q) form the retrieval candidate set π̃k(q), where
π̃(q) is either π(q), πSR(q), πCI(q) depending on the chosen filtering method.

3.5. Evaluation Metrics

We assess retrieval performance by evaluating how effectively the pipeline ranks relevant
WSIs. A WSI is considered relevant if its label matches the label of the query image.

3.5.1. Majority-Vote Accuracy

We report majority-vote accuracy (AccMV @k) at Top-1, Top-3, and Top-5 such that:

AccMV @k =
1

N

N∑
i=1

1 {yq = mode({yj : j ∈ π̃k(q)})} .

3.5.2. Normalized Discounted Cumulative Gain (NDCG)

In addition to AccMV @k, we use NDCG (Järvelin and Kekäläinen, 2002) as an evaluation
metric in the context of WSI CBIR. NDCG is widely adapted in recommender system
evaluation (Mao et al., 2021; Belloǵın et al., 2011; Xue et al., 2017; He et al., 2020; Rendle
et al., 2009; He et al., 2017) however, it is rarely adapted in WSI CBIR evaluation. Unlike
accuracy-based measures, NDCG explicitly accounts for the ranking position of relevant
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results, rewarding models that place correct matches earlier in the retrieval list. Thus, we
follow (Shi et al., 2018) and report NDCG evaluation metrics.

Formally, NDCG at cutoff k is defined as:

NDCG@k =
1

λ

k∑
i=1

2reli − 1

log2(i+ 1)
, reli =

{
1 if ỹi = yi,

0 otherwise.

where reli is the binary relevance score of the i-th ranked item, and λ is a normalization
constant ensuring NDCG@k ∈ [0, 1]. The logarithmic discounting penalizes relevant results
that appear lower in the ranking, thereby providing a more nuanced measure of retrieval
quality compared to accuracy-based metrics alone.

4. Datasets

This study leverages two publicly available Hematoxylin and Eosin (H&E)-stained datasets
widely used in contemporary computational pathology. The datasets differ in their clinical
diagnosis, scale, and labelling schemes, thereby providing complementary challenges for
evaluating our retrieval framework.

4.1. CAMELYON16

The CAMELYON16 dataset (Bejnordi et al., 2017) is among the earliest benchmarks for
automated metastasis detection in lymph node tissue. It provides large WSI from sentinel
lymph node biopsies and supports binary classification. It contains 399 WSI, comprising
160 tumours and 239 normal cases with varying resolutions.

4.2. BRACS

The BReAst Carcinoma Subtyping (BRACS) dataset (Brancati et al., 2022) contains H&E
WSI of breast carcinoma subtyping. Unlike CAMELYON16, BRACS is designed for multi-
class classification with a hierarchical label structure. At level-1, slides are categorized into
three groups; at level-2, level-1 classes are refined further into subclasses; with a total of
seven subclasses in level-2. The BRACS dataset comprises 547 whole-slide images cate-
gorized into 265 benign tumors (44 normal, 147 pathological benign, and 74 usual ductal
hyperplasia), 89 atypical tumors (41 flat epithelial atypia and 48 atypical ductal hyperpla-
sia), and 193 malignant tumors (61 ductal carcinoma in situ and 132 invasive carcinoma).
All slides are scanned at 40× magnification and include two-level hierarchical labels.

5. Experimental Setup

CLEAR-WSI consists of four stages: feature extraction, training, memory bank construction,
and evaluation. Dataset-splits were done according to the respective dataset release.

We utilise 4 different ViT-based FM for feature extraction; DeiT (Touvron et al., 2021),
MoCov3 (Chen et al., 2021), Prov-GigaPath (Xu et al., 2024) and UNI (Chen et al., 2024).
DeiT and MoCov3 are trained on general images, with DeiT using a distillation-based
objective and MoCov3 using a self-supervised architecture on ImageNet-1K, providing effi-
cient general-purpose visual representations but limited transfer to histopathology. Thus,
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we finetune both on CAMELYON16 (Bejnordi et al., 2017) and BRACS (Brancati et al.,
2022). In contrast, Prov-GigaPath and UNI are pathology FMs. Prov-GigaPath is trained
on 1.3 billion tiles from more than 170,000 WSI. UNI is pretrained on more than 100 mil-
lion tissue patches from over 100,000 diagnostic WSI. Therefore, we do not finetune them.
These models differ primarily in domain specificity and scale: DeiT and MoCov3 capture
general visual features, whereas Prov-GigaPath and UNI provide domain-specialized repre-
sentations optimized for computational pathology.

In the training stage, the AttentionMIL model is trained to aggregate patch-level em-
beddings into slide-level representations while simultaneously predicting slide-level labels.
Once trained, the pipeline is applied to the validation set in order to construct a memory
bank : for every slide, we store its embedding, the predicted label obtained from the trained
AttentionMIL or the corresponding ground-truth label, according to which filtering mecha-
nism that will be tested. This memory bank serves as the retrieval database against which
all subsequent queries are compared. During evaluation, test slides are processed through
the pipeline. Depending on the chosen filtering strategy, SR or CI, the ranked retrieval
results are refined to enforce label consistency. In the case of CI filtering, we assume that
the label of the query WSI is known, thus filtering with the ground truth label. Note that
all WSI in the memory bank only have predicted labels. While in the case of SR filtering,
we assume that the user does not know the label of the query WSI, thus using a predicted
label for the query WSI from the AttentionMIL. The ground truth labels of the test
set are only used when evaluating the retrieved WSI.

Beyond its static role during evaluation, the memory bank is designed as an ever-growing
repository. Each query processed through the retrieval pipeline is not only compared against
the existing entries but also added back into the memory bank together with its embed-
ding and predicted label. This incremental update mechanism allows the memory bank to
continuously expand as more queries are made, effectively transforming it into a dynamic
knowledge base. Over time, the system benefits from a richer and more diverse set of stored
representations, which can improve retrieval performance and enhance the adaptability of
the framework to evolving data distributions.

6. Results

We assess retrieval performance on CAMELYON16 (binary) and BRACS (multi-class with
level-1 and level-2 labels) using Majority-Vote Accuracy (AccMV@k) and NDCG@k for
k ∈ {1, 3, 5}. A fixed memory bank is constructed from the validation split, and all test
queries are ranked against this bank. We report CI only for UNI as it is the best performing
model. However, other models consistently followed the same pattern as UNI.

Across datasets, CLEAR-WSI using a frozen UNI foundation encoder, AttentionMIL
aggregation, cosine similarity ranking, and CLEAR-WSI built on SR+UNI filtering, con-
sistently surpasses Yottixel (Table 1). On CAMELYON16, CLEAR-WSI built onSR+UNI
achieves AccMV@5 of 89.92% and NDCG@5 of 89.07%, surpassing Yottixel’s 77.49% and
73.69%. The performance gains extend to early ranks as well; with Top-1 accuracy and
NDCG@k of 89.92% and 90.02% versus 75.96% and 76.21% for Yottixel. On BRACS level-
1, CLEAR-WSI built on SR+UNI improves SOTA at AccMV@5 from 54.12% to 75.86% and
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Table 1: WSI retrieval performance: AccMV (⇑) and NDCG(⇑) @k = 1, 3, 5; ∗finetuned.
Pipeline CAMELYON16 BRACS-1 BRACS-2

NDCG|AccMV NDCG|AccMV NDCG|AccMV

@
k
=
1

Yottixel-K (SOTA) 76.21|75.96 49.91|49.41 33.61|32.94
CLEAR-WSI (SR DeiT∗) 69.30|68.99 52.20|51.72 38.93|37.93
CLEAR-WSI (SR MoCov3∗) 67.00|66.67 54.48|54.02 28.30|27.59
CLEAR-WSI (SR Prov-GigaPath) 73.14|72.87 51.06|50.57 30.58|29.89
CLEAR-WSI (CI UNI) 96.93|96.90 43.87|43.68 10.53|10.34
CLEAR-WSI (SR UNI) 90.02|89.92 67.00|66.67 44.24|43.68

@
k
=
3

Yottixel-K (SOTA) 74.59|78.29 49.58|54.12 31.25|36.47
CLEAR-WSI (SR DeiT∗) 65.45|67.44 51.47|52.87 32.56|34.48
CLEAR-WSI (SR MoCov3∗) 67.10|72.09 54.45|50.47 28.81|25.28
CLEAR-WSI (SR Prov-GigaPath) 67.99|71.32 51.20|49.43 33.18|35.63
CLEAR-WSI (CI UNI) 97.69|99.22 42.02|45.98 11.24|16.09
CLEAR-WSI (SR UNI) 89.56|89.15 66.82|72.41 44.94|48.28

@
k
=
5

Yottixel-K (SOTA) 73.69|77.49 48.64|54.12 29.17|36.47
CLEAR-WSI (SR DeiT∗) 65.84|70.54 51.44|57.47 31.48|36.78
CLEAR-WSI (SR MoCov3∗) 67.07|72.87 55.30|62.07 28.99|29.89
CLEAR-WSI (SR Prov-GigaPath) 65.99|65.89 52.18|54.02 32.42|36.78
CLEAR-WSI (CI UNI) 97.23|98.93 41.39|50.57 11.46|14.94
CLEAR-WSI (SR UNI) 89.07|89.92 66.98|75.86 43.19|51.72

NDCG@5 from 48.64% to 66.98%, while on the more challenging BRACS level-2, AccMV@5
rises from 36.47% to 51.72% with NDCG@5 from 29.17% to 43.19%.

These improvements are consistent across different k and demonstrate superior rank
quality as captured by NDCG. Variants using DeiT, MoCoV3, and Prov-GigaPath encoders
are sometimes competitive, particularly on BRACS, but generally UNI outperfomes them,
highlighting the importance of domain-tuned foundation features for slide level retrieval.
CI filtering, which assumes oracle access to the query’s ground truth label, yields near-
ceiling measures on CAMELYON16, validating the quality of the learned representations
and aggregation; however, on BRACS it does not match SR due to label prediction noise.
Together, the results show that the proposed pipeline is both accurate and rank-sensitive,
retrieving correct diagnoses and surfacing them early in the list.

7. Discussion

The improvements stem from three complementary design choices: First, patch count inde-
pendent slide representations produced via ViT-based foundation encoders and Attention-
MIL aggregation; avoiding the dependence on mosaic size, clustering hyperparameters and
variable embeddings size that constrains Yottixel. This produces compact, consistent, and
morphology aware slide embeddings. Second, CLAM-guided patch selection focuses compu-
tation on diagnostically salient regions, reducing noise prior to FM embedding and enabling
the aggregator to capture context while remaining efficient. Third, SR filtering introduces
a lightweight, automated consistency constraint: by retaining only neighbors whose pre-
dicted labels match the query’s predicted label, the method stabilizes retrieval, especially
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in heterogeneous archives where visually similar but label-inconsistent slides would other-
wise degrade the ranked list. SR filtering is deployable and robust: even with imperfect
classification, prediction consistency tends to align with morphology, reinforcing coherent
neighborhoods and improving both accuracy and NDCG.

Comparative analysis across encoders underscores the importance of pathology-adapted
pretraining for retrieval. UNI consistently delivers the strongest performance across datasets
and ranks, suggesting that large, domain-tuned ViTs capture stable, semantically mean-
ingful features crucial for slide level similarity. Using NDCG, adds essential sensitivity to
rank positions that accuracy alone cannot capture. The observed NDCG gains parallel,
and often amplify, the accuracy improvements, showing that our pipeline not only identifies
more correct matches but also prioritizes them near the top of the list.

The system’s automation and flexibility carry practical benefits. Unlike Yottixel, our
approach removes manual choices for cluster counts and sampling rates and is invariant to
patch count, simplifying deployment across diverse archives. The same pipeline supports
slide and patch level queries, enabling indexing of heterogeneous datasets without retooling.
Although we evaluate with a static validation memory bank, the architecture supports
continual growth, allowing the bank to densify over time as more queries are processed.
Beyond whole slide images, our framework generalizes to whole slide images derived patches,
where initial patch-level tests show promising results.

Limitations include the size and variability of datasets. Further, SR filtering depends on
a reasonably calibrated classifier; integrating uncertainty aware filtering, open set retrieval,
and out of distribution detection would enhance robustness. Prospective user studies are
needed to assess interpretability and impact on diagnostic workflows.

8. Conclusion

We introduce a fully automated, patch count independent WSI retrieval framework that
combines FM embeddings, AttentionMIL aggregation, and SR label-consistency filtering.
Across CAMELYON16 and BRACS datasets, the method establishes new SOTA perfor-
mance, improving AccMV@5 from 77.49% to 89.92% on CAMELYON16, from 54.12% to
75.86% on BRACS level-1, and from 36.47% to 51.72% on BRACS level-2, with an increases
in NDCG that confirm better early-rank relevance. By using NDCG in WSI retrieval, we
provide a more informative assessment of ranking quality that aligns with clinical needs.
The resulting system is general purpose, annotation-free at retrieval time, dataset agnos-
tic, and publicly available, supporting both slide and patch level queries and designed for
continual memory bank growth.

Future work will pursue large scale indexing with approximate nearest neighbor search,
uncertainty-aware filtering and open-set handling, and prospective clinical studies to quan-
tify benefits for diagnostic decision support.
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H. Touvron, M. Cord, M. Douze, F. Massa, A. Sablayrolles, and H. Jegou. Training data-
efficient image transformers & distillation through attention. In International Conference
on Machine Learning, volume 139, pages 10347–10357, 2021.

J. A. Vanegas, S. Randhawa, and I. K. Sethi. Automatic classification of histopathology
images using color and texture features. Journal of Pathology Informatics, 5(1):23, 2014.

X. Wang, Y. Du, S. Yang, J. Zhang, M. Wang, J. Zhang, W. Yang, J. Huang, and X. Han.
RetCCL: clustering-guided contrastive learning for whole-slide image retrieval. Medical
Image Analysis, 83:102645, 2023.

H. Xu, N. Usuyama, J. Bagga, S. Zhang, R. Rao, T. Naumann, C. Wong, Z. Gero,
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