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Abstract

Efficient modeling of whole-slide images (WSIs) is a central challenge in digital
pathology. A single slide can expand into tens of thousands of patch tokens, push-
ing beyond the limits of standard transformer architectures and creating prohibitive
computational costs. Existing foundational models employ efficient attention mech-
anisms, yet massive token counts remain a bottleneck. We propose SLIM (Slide-
Level Interpretable Modeling with Token Pruning), a whole-slide vision–language
framework that makes efficiency a core design principle by integrating token prun-
ing into the slide representation stage. Starting from pretrained CONCH v1.5
patch embeddings, a LongNet-based encoder models ultra-long sequences while
Cropr modules progressively discard low-utility tokens. Unlike token compression
or merging, pruning directly shortens sequences, lowering memory and latency
while preserving diagnostically relevant context. The pruning signal also offers
interpretability, echoing how pathologists scan slides by ignoring background and
focusing on salient tissue. For multimodal alignment, we adopt a CLIP-style con-
trastive objective with PubMedBERT as the text encoder, producing a compact joint
space for retrieval and classification. Experiments on TCGA and EBRAINS show
that pruning achieves a favorable efficiency–accuracy trade-off: our model matches
or exceeds the performance of scale-heavy baselines such as Prov-GigaPath, while
operating at an order of magnitude lower cost. Our results establish token pruning
as a practical and interpretable strategy for scalable whole-slide modeling.

1 Introduction

Whole-slide images (WSIs) are central to digital pathology, providing detailed tissue morphology at
gigapixel resolution and enabling tasks such as cancer grading, biomarker discovery, and prognosis.
Their sheer scale, however, creates a fundamental computational barrier: a single WSI may contain
millions of image patches, which translate into token sequences far beyond the capacity of standard
transformer architectures. Because the cost of self-attention grows quadratically with sequence length,
naïve approaches to slide-level modeling quickly become infeasible. This computational bottleneck
is not only a technical challenge but also a practical obstacle for deploying foundation models in
clinical and research settings, where efficient and reproducible methods are essential.

Recent work has sought to address these challenges by developing pathology-specific foundation
models with long-context encoders and multimodal training objectives. Such models have demon-
strated strong performance across diverse downstream tasks, including cancer subtyping, mutation
prediction, and slide–report retrieval [20, 18, 7, 19]. In parallel, general-purpose multimodal language
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models (MLLMs) such as CoCa [21] and LLaVA [12] have been adapted to the pathology domain,
supporting interactive reasoning and visual question answering over WSIs [11, 3]. Together, these
advances point to the promise of multimodal approaches for bridging image-level and language-level
understanding in pathology. Yet, they also highlight two persistent limitations: (i) reliance on massive
pretraining corpora and compute budgets, which hinders accessibility and reproducibility; and (ii)
insufficient attention to efficiency, trust, and compliance concerns, which are especially critical in
healthcare applications.

In this work, we revisit the challenge of WSI modeling from the perspective of token reduction and
efficient sequence modeling—a line of research that has recently gained momentum in the broader
transformer community. Our motivation is to explore whether these advances can be leveraged to
make multimodal slide encoders more scalable, accessible, and ultimately more suitable for clinical
integration. To this end, we introduce SLIM (Slide-Level Interpretable Modeling with Token Pruning),
an efficient framework for whole-slide vision–language modeling.

SLIM builds on high-quality CONCH v1.5 [13] patch embeddings, which eliminate the need for
patch-level pretraining. These embeddings are fed into a LongNet [6]-based slide encoder with
two-dimensional positional encodings, allowing the model to capture global spatial structure across
ultra-long sequences. To further improve scalability, we integrate Token Cropr [1], a token pruning
mechanism that learns to identify and discard low-utility tokens. Unlike token compression or
merging, pruning directly reduces sequence length while preserving task-relevant tokens, thereby
lowering memory and latency costs without substantial architectural modifications.

Crucially, pruning also mirrors how pathologists interpret slides: they first scan tissue at low magnifi-
cation, disregard visually uninformative regions, and concentrate on areas most relevant for diagnosis.
In a similar way, SLIM allocates representational capacity to the most informative patches. This not
only improves efficiency but also enhances interpretability, since the separation between discarded
and preserved tokens reveals which regions the model considers salient for multimodal alignment,
offering greater transparency into its decision-making process.

For multimodal alignment, we adopt a CLIP-style contrastive objective [15, 4] to align slide and
report embeddings, using PubMedBERT [8] as a domain-specialized text encoder. By freezing the
text encoder and training lightweight projection layers, we obtain a compact joint embedding space
that supports retrieval and classification without requiring large-scale finetuning of language models.
Our contribution is complementary to scale-heavy foundation models such as Prov-GigaPath [20],
which pretrains tile and slide encoders on billions of tiles, and recent VQA-oriented models like TCP-
LLaVA [14], which compress tokens before feeding them into a large language model. In contrast, we
integrate token pruning into the slide representation stage itself, focusing on efficiency as a first-class
design principle. This provides a practical path toward accessible and reproducible whole-slide
vision-language models, making them feasible under realistic compute and data constraints.

In summary, our contribution is twofold. First, we introduce SLIM, a whole-slide vision–language
modeling framework that emphasizes efficiency by addressing the core bottleneck of sequence
length. Here, we extend the recently proposed Cropr [1] token pruning mechanism to digital
pathology, showing how pruning can reduce computational cost while also offering interpretability
by highlighting salient regions of the slide. Third, we demonstrate how this pruning-enabled slide
encoder can be effectively aligned with clinical text using a CLIP-style contrastive objective with
PubMedBERT, providing a practical recipe for scalable multimodal representation learning in digital
pathology. Our experimental results demonstrate that this design achieves a favorable trade-off
between efficiency and representation quality, highlighting the practicality of token pruning for WSI
vision-language models.

2 Related Work

Whole-slide foundation and multimodal models. Digital pathology increasingly turns to foun-
dation models to derive transferable slide-level representations across diseases, stains, scanners,
and institutions. This need is driven by two facts: WSIs are gigapixel-scale, making end-to-end
transformers impractical, and clinical tasks are diverse, so training one model per task is neither
data- nor compute-efficient. The prevailing recipe extracts patch embeddings with a tile encoder and
aggregates them with a slide encoder; recent work mainly differs in pretraining scale and multimodal
supervision from pathology reports.

2



Prov-GigaPath [20] couples billion-tile pretraining (DINOv2) with a LongNet-style slide encoder and
contrastive slide–report alignment, yielding strong generalization in subtyping, mutation prediction,
and zero-shot diagnostics. PRISM [18] extends the multimodal direction by pairing ViT-based tile
features (Virchow [19]) with hundreds of thousands of reports under contrastive and generative
objectives, supporting both retrieval and report generation. TITAN [7] leverages CONCH v1.5 [13]
features with a ViT slide encoder trained in multiple stages—self-supervision, synthetic captioning,
and report alignment to enable long-context modeling. HistGen [9] proposes a hierarchical local-to-
global encoder with a cross-modal context module for report generation and releases pre-extracted
DINOv2 features with ∼7.7k WSI–report pairs plus a >55k-WSI pretraining corpus. These efforts
establish the value of large-scale multimodal supervision in pathology, but they also share a limitation:
progress has been driven primarily by scale, massive corpora and compute budgets, rather than by
making slide representation intrinsically more efficient and easy to deploy.

Multimodal LLMs for digital pathology. The recent success of multimodal large language models
(LLMs) has inspired efforts to bring language-driven reasoning to digital pathology. WSI-LLaVA [11]
adapts the LLaVA framework to whole-slide images, introducing a multi-stage training pipeline for
pathology-specific visual question answering (VQA) along with a dedicated benchmark. SlideChat [3]
extends this direction by aligning a slide encoder with an LLM through instruction tuning and
reporting strong performance on benchmark downstream tasks. These models illustrate the potential
of LLM-based approaches to provide richer explanations and language-grounded reasoning in
pathology. However, their emphasis lies in enabling dialogue and VQA capabilities rather than in
learning efficient and transferable slide-level representations.

Efficient long-context Transformers and token reduction. Beyond pathology, efficiency in long-
sequence transformers has advanced along two lines. (1) Extended attention (e.g., LongNet[6])
enlarges receptive fields via dilated attention for ultra-long contexts. (2) Token reduction shortens
sequences via merging, selection, or pruning: ToMe [2] fuses similar tokens with minimal accuracy
loss; TokenLearner [17] learns a compact, task-relevant tokens; and Token Cropr [1] prunes low-utility
tokens, achieving 1.5–4× speedups with minimal degradation. Hybrid schemes such as PACT [5]
combine pruning and merging to further reduce latency and memory in vision–language models.
Yet, token-reduction strategies remain largely unexplored in WSI modeling, where efficiency is
often pursued indirectly through larger pretraining. This gap highlights a mismatch between what
long-context Transformers can process and what real-world clinical pipelines can afford.

The works reviewed above highlight three complementary directions: large-scale pathology foun-
dation models that prioritize generalization through massive data and compute, multimodal LLMs
that focus on reasoning and instruction following, and efficiency-oriented token reduction methods
that have yet to be explored in digital pathology. Our contribution brings these strands together by
introducing learned token pruning into the slide-representation stage. Starting from high-quality
patch embeddings to avoid tile-level pretraining, we use a long-context slide encoder that dynami-
cally prunes low-utility tokens during processing. This directly reduces memory and latency while
preserving diagnostically relevant context. Crucially, the separation between retained and discarded
tokens provides an implicit saliency signal, mirroring how pathologists ignore uninformative tissue
and concentrate on diagnostically meaningful regions. In contrast to scale-heavy pipelines such as
Prov-GigaPath and PRISM, our design treats efficiency and interpretability as first-class principles,
offering a practical and effective path for vision–language modeling in digital pathology.

3 Method

Our goal is a compute-efficient whole-slide encoder that scales to gigapixel slides while remaining
interpretable. To this end, we build SLIM, a three-part architecture: (i) pretrained pathology patch
embeddings to avoid tile-level pretraining, (ii) a long-context slide encoder that preserves global
spatial structure, and (iii) learned token pruning that shortens sequences during processing without
sacrificing task-relevant context. The slide encoder produces a single [CLS] representation used for
multimodal alignment with frozen PubMedBERT via a CLIP-style contrastive objective; pruning
decisions are learned with auxiliary supervision during training and become a lightweight Top-K
selector at inference. An overview of the SLIM data flow and the placement of pruning modules
is shown in Figure 1. We next detail the dataset and preprocessing, the slide encoder, the pruning
mechanism, and the alignment objective.
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The pathology report includes specimens from the right and left pelvic 
lymph nodes, as well as the prostate, which weighed 35gm and measured 
5.5x4.3x3.5cm. In the lymph nodes, no tumors were detected in the 
excisions. However, the prostate gland was found to have 
adenocarcinoma involving the right, left, anterior, posterior, basal, 
and apical aspects, affecting 40% of the gland tissue. The Gleason 
Grade/Sum was 4+3 (7/10), and perineural, as well as extraprostatic 
perineural invasion, was identified. Seminal vesicles involvement was 
not observed but focal extraprostatic perineural invasion was. There 
was periprostatic fat involvement on the left side. High-grade PIN was 
present, and lymphovascular invasion was absent. Surgical margins were 
negative for carcinoma, and the lymph node status was negative (0/3 
right, 0/4 left). The pathologic stage was pT3a NO Mx. BPH was also 
observed, and no clinical history was provided.
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Figure 1: Overview of our SLIM model. WSI patch embeddings from CONCH v1.5 are processed
by a LongNet-based slide encoder with interleaved Cropr modules. The resulting [CLS] embedding
is aligned with PubMedBERT report embeddings through a CLIP-style contrastive objective. Details
of pruning dynamics are shown in Fig. 2, and the Cropr block design is given in Fig. 3.

3.1 Data and Preprocessing

Dataset curation. Our corpus is constructed from TCGA by combining slide identifiers and reports
provided by SlideBench [3] and HistGen [9]. It contains 7,568 WSIs in total, 725 from SlideBench
and 6,843 from HistGen. To prevent patient-level information leakage, we retain at most one
slide per case, ensuring that each slide corresponds to a unique case ID. We split the dataset into
training/validation/test in an 80/10/10 ratio.

Patch extraction and embeddings. WSIs are tiled into non-overlapping 512×512 patches at 20×
magnification using TRIDENT [22]. Each patch is encoded with CONCH v1.5 [13], a pathology-
specialized encoder trained on large-scale histology data. Using pretrained patch embeddings avoids
costly tile-level pretraining while providing strong domain priors.

3.2 Slide Encoder

Whole-slide images contain hundreds of thousands of patch tokens, and simply pooling their em-
beddings discards spatial dependencies critical for diagnosis. The role of the slide encoder is to
aggregate these tokens into a compact sequence while preserving long-range context and spatial
structure. This representation must be efficient enough to handle gigapixel slides yet expressive
enough to support multimodal alignment with clinical text. To meet these requirements, we adopt a
LongNet-based transformer backbone, which scales gracefully to ultra-long sequences, and enrich it
with two-dimensional rotary positional encodings that capture the grid structure of WSIs.

Backbone: LongNet. For slide-level modeling, we adopt LongNet [6], which employs dilated
attention to efficiently expand receptive fields without quadratic scaling. We prepend a learnable
[CLS] token whose embedding serves as the global slide descriptor.

2D rotary positional encodings. To encode spatial structure, we use two-dimensional rotary
positional encodings (RoPE) [10]. Patch coordinates from TRIDENT are normalized into integer grid
indices and mapped into sinusoidal rotations along x and y channels. This yields translation-consistent
embeddings while preserving locality.

3.3 Token Pruning

To make ultra-long sequences tractable, we insert Token Cropr [1] modules between transformer
blocks. Each module learns a token relevance score during training and prunes low-utility tokens
during processing, shrinking sequence length with depth while preserving task-relevant context.
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Figure 2: Pruning across layers. Retained tokens shrink across depth (light color = pruned), showing
relevant regions preserved by Cropr. Best viewed when zoomed-in and in color.

Figure 2 illustrates how the number of retained tokens decreases across layers and how the pruned
tokens implicitly highlight diagnostically salient regions.
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Figure 3: Cropr module. Each Cropr module con-
sists of a router, an aggregator, and an auxiliary head.
During training, the scorer in the router estimates
token salience, the Top-K selector retains the most
relevant tokens, and the aggregator with auxiliary
head provides supervision to learn pruning decisions
through a CLIP-style contrastive loss. At inference,
only the router remains, yielding a minimal overhead.

During training, each Cropr block consists
of a router (scorer + Top-K selector), an ag-
gregator, and an auxiliary head for a CLIP
loss, providing supervision for token rele-
vance (see Figure 3). At inference, only the
lightweight router blocks remain, introducing
negligible overhead. This design not only ac-
celerates training and inference but also pro-
duces saliency-like signals indicating which
regions are considered informative.

This mechanism also allows for flexible, per-
sample control of pruning rates, even at infer-
ence, and yields substantial sequence-length
reductions without modifying the backbone.
Clinically, it mirrors how pathologists work:
skimming broad tissue at low magnification
and concentrating on diagnostically informa-
tive regions. The resulting kept–vs.–pruned
token sets serve as implicit saliency maps, exposing which areas the model prioritizes for multimodal
alignment and improving interpretability without additional supervision.

Router (Scoring and Selection). Given input tokens X ∈ RM×D, a cross-attention based scorer
assigns token relevance:

A = CrossAttn(Q, X), am =

N∑
n=1

Anm. (1)
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where Q ∈ RN×D are learnable queries and A ∈ RN×M are attention weights. The Top-K tokens
by score are kept:

Xkeep = Top-K(X |a), Xprune = X \Xkeep. (2)
The [CLS] token is always preserved.

Aggregator and Auxiliary Head (Training Only). To provide supervision, Cropr reuses A to
compute attention-weighted features:

Z = softmax(
A√
D
)X, Ẑ = MLP(LN(Z)) + Z, (3)

which are fed into an auxiliary prediction head. A stop-gradient ensures Cropr-specific losses do not
backpropagate into the main encoder. At inference, both the aggregator and head are discarded.

Inference-Time Simplification. At test time, we avoid constructing the full attention map A. Since
a =

∑
n QnK(X)⊤, we pre-aggregate the queries q̄ =

∑
n Qn and compute:

a = q̄K(X)⊤, (4)

where K(X) are token keys. Thus, each Cropr reduces to a single dot-product plus Top-K selection,
as efficient as random pruning but with learned saliency.

Pruning schedule. Cropr modules are inserted after each transformer block except the last. We
specify a global keep rate ρ (e.g., ρ = 0.2 corresponds to pruning 80% of tokens overall). Let M (0)

denote the number of prunable tokens before the first Cropr. Each of the L−1 Cropr modules then
applies the same per-block keep rate k = ρ1/(L−1), so the sequence length evolves multiplicatively as

M (ℓ+1) =
⌊
kM (ℓ)

⌉
.

After the last Cropr, this yields M (L−1) ≈ ρM (0) prunable tokens. The final transformer block does
not alter the count; including the always-kept [CLS], the model processes ≈ M (L−1) + 1 tokens.
This schedule distributes pruning evenly across depth while ensuring that the global target keep rate
is satisfied. At inference, pruning rates can be reduced further without retraining since the scorer no
longer depends on the auxiliary head.

3.4 Multimodal Alignment

We align slides and reports with a CLIP-style contrastive objective [15, 4]. For a batch of size B, slide
embeddings vi and text embeddings ti are normalized and scored sij = ⟨vi, tj⟩/τ . The InfoNCE
loss is applied symmetrically:

LCLIP = − 1
2B

B∑
i=1

[
log

exp(sii)∑
j exp(sij)

+ log
exp(sii)∑
j exp(sji)

]
. (5)

As the text encoder, we use PubMedBERT [8], a domain-specialized biomedical language model. To
reduce compute, PubMedBERT is frozen and only a projection layer is trained. On the vision side,
the [CLS] token passes through a projection to the same space.

3.5 Implementation Details and Complexity

Our LongNet has six transformer blocks, each with 16 heads, embedding dimension 768, and MLP
hidden size 3072. Dilation ratios follow 1,2,4,8,16 for segment lengths up to 16k tokens. The model
contains approximately 66 million parameters. Training runs for 20 epochs (2 warmup) with AdamW
(lr = 5×10−4, weight decay 0.1, cosine schedule). Batch size is 16 with BF16 precision and gradient
checkpointing. All LayerNorms, however, are computed in FP32 for numerical stability. Cropr uses
one learnable query, single head, and a lightweight MLP auxiliary head (discarded at inference).

Complexity. Let Cattn ∝
∑L

ℓ=1 M
2
ℓ be attention cost. With Cropr, Mℓ shrinks linearly with depth,

turning Cattn from quadratic in M to a much smaller sum of squares. Because the inference-time
Cropr scorer reduces to a single vector–matrix product a = q̄K(X)⊤ per module (no auxiliary head,
no materialized attention), overhead is negligible compared to the savings from smaller Mℓ.
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4 Experimental Results

4.1 Datasets and Evaluation Setup

We evaluate our model on two datasets: the held-out test set of our curated TCGA dataset (Sec. 3.1)
and the publicly available EBRAINS dataset [16]. On TCGA, we perform both linear probing and
retrieval-based evaluation, while on EBRAINS we restrict to linear probing due to limited availability
of paired text annotations.

TCGA test set. For linear probing and zero-shot classification, we follow a setup similar to
evaluation on TCGA-OT in TITAN [7], using OncoTree codes to define tumor-type labels. OncoTree
codes could not be determined for 10 cases, leaving 747 samples available for classification, spanning
42 diagnostic classes. For linear probing, we discard the classes with less than 10 samples, resulting
in a dataset of 630 samples and 21 classes. For zero-shot classification, we use the text prompts and
templates from the evaluation on TCGA-OT in TITAN [7]. The zero-shot results are presented in
Appendix section A.

EBRAINS dataset. For linear probing on EBRAINS, we apply a minimum class size threshold of
30 to mitigate class imbalance. After filtering, the dataset contains 2,319 slides across 30 diagnostic
categories, providing a moderately large-scale benchmark for evaluating cross-dataset generalization.

Baselines. We compare SLIM against two reference models. First, Prov-GigaPath [20], a LongNet-
based foundation model trained on 171,189 WSIs with approximately 85M parameters, representing
a scale-heavy approach reliant on massive pretraining. Second, a LongNet backbone without Cropr,
which shares the same architecture and training protocol as our model but processes all tokens without
pruning, referred to as “SLIM (No Pruning)”, thereby isolating the effect of token pruning.

Evaluation metrics. For linear probing, we report a broad set of metrics to capture performance
beyond overall accuracy. Balanced accuracy accounts for class imbalance, while Cohen’s kappa
and its normalized-weighted variant (NW Kappa) measure agreement beyond chance. We further
include weighted F1 to reflect the trade-off between precision and recall across imbalanced classes,
and AUROC to evaluate discrimination quality independent of threshold.

For retrieval experiments on the TCGA dataset, we report both ranking-based and recall-based
metrics. The average rank (Img2Text / Text2Img) reflects the mean position of the correct match in
the retrieval list, with lower values indicating stronger alignment. Recall at 10 (R@10) measures
the proportion of queries where the correct counterpart appears among the top ten retrieved results,
providing a thresholded view of retrieval quality.

4.2 Experiments on TCGA Dataset

Table 1 reports linear probing results across multiple classification metrics, while Table 2 summarizes
retrieval performance. Several important findings emerge from these experiments. First, SLIM
consistently outperforms the scale-heavy Prov-GigaPath baseline [20] across nearly all classification
metrics. Despite using far fewer training slides, our framework achieves higher accuracy, balanced
accuracy, weighted F1, and AUROC, demonstrating that efficiency-first design can rival or even
surpass large-scale pretraining strategies. This highlights the value of token pruning as an alternative
to brute-force scaling. Second, comparing our two variants reveals that pruning does not degrade
downstream accuracy, in fact, it slightly improves it. While SLIM shows a small drop in Kappa
and NW Kappa scores, it achieves higher accuracy, balanced accuracy, and weighted F1 compared
to the no-pruning backbone, SLIM (No Pruning). This indicates that pruning not only reduces
sequence length and computation but may also act as a form of regularization, focusing the model on
diagnostically relevant tokens.

Retrieval experiments in Table 2 show that pruning has minimal effect on cross-modal alignment.
SLIM maintains comparable average ranks and recall@10 scores to the no-pruning backbone, despite
processing substantially fewer tokens. This suggests that the model can preserve alignment quality
while operating at a fraction of the computational cost. Together, these findings demonstrate that
token pruning offers a favorable efficiency–accuracy trade-off on TCGA. By reducing token counts
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Table 1: Linear probing results on TCGA. Token pruning improves accuracy and F1 over the
no-pruning baseline and outperforms Prov-GigaPath with far less compute.

Model Accuracy Bal. Acc. Kappa NW Kappa Weighted F1 AUROC
SLIM (No Pruning) 0.905 0.919 0.918 0.927 0.902 0.998
SLIM 0.921 0.931 0.888 0.905 0.919 0.996
ProvGigaPath 0.825 0.790 0.617 0.745 0.829 0.973

without sacrificing performance, SLIM enables whole-slide vision–language modeling under realistic
compute budgets while retaining strong classification and retrieval ability.

Table 2: Retrieval results on TCGA. Cross-modal retrieval performance in image-to-text and
text-to-image settings. Pruning maintains retrieval quality while reducing sequence length.

Model Img2Text Avg. Rank Text2Img Avg. Rank Img2Text R@10 Text2Img R@10
SLIM (No Pruning) 32.021 32.338 0.316 0.357
SLIM 31.925 31.563 0.308 0.355

4.3 Experiments on EBRAINS Dataset

We further assess our model on the EBRAINS dataset using linear probing (Table 3). Compared to
the TCGA results, performance on EBRAINS is generally lower for our model variants, reflecting the
domain shift between datasets. Prov-GigaPath achieves the highest scores overall, benefiting from its
large-scale pretraining on hundreds of thousands of WSIs. Nonetheless, our Cropr-enabled SLIM
model closely matches the no-pruning backbone across all metrics, with slightly higher accuracy
and balanced accuracy despite operating on shorter sequences. This again suggests that pruning
can be applied without sacrificing generalization, even under distribution shift. Importantly, while
Prov-GigaPath holds an advantage in absolute accuracy on EBRAINS, our model is more lightweight
and trained on a much smaller dataset, showing the practical efficiency of our approach.

Table 3: Linear probing on EBRAINS. Classification results under domain shift. While Prov-
GigaPath achieves the strongest absolute performance, our Cropr-enabled model matches the no-
pruning backbone with higher efficiency.

Model Accuracy Bal. Acc. Kappa NW Kappa Weighted F1 AUROC
SLIM (No Pruning) 0.707 0.622 0.696 0.695 0.690 0.970
SLIM 0.711 0.654 0.650 0.660 0.693 0.970
ProvGigaPath 0.802 0.756 0.737 0.756 0.797 0.984

The confusion matrices for EBRAINS are provided in the Supplementary. As noted in neuropathology
practice, several tumor classes in this dataset (e.g., IDH-mutant versus IDH-wildtype astrocytomas,
or oligodendrogliomas defined by 1p/19q co-deletion) are inherently difficult to distinguish on H&E
morphology alone without molecular profiling. The observed misclassifications therefore reflect
both model limitations and the underlying diagnostic challenges, highlighting the importance of
multimodal integration in future work.

4.4 Effect of Pruning Rate

Table 4 compares different pruning rates against the no-pruning baseline. On TCGA, accuracy,
balanced accuracy, and F1 steadily increase up to 80% pruning, surpassing the baseline and showing
that Cropr not only reduces sequence length but can also improve discriminative performance by
removing redundant tokens. In contrast, EBRAINS shows a different pattern: modest pruning around
50% gives small improvements, but heavier pruning reduces performance across most metrics. This
difference likely reflects dataset characteristics. TCGA is large and relatively homogeneous, offering
more redundancy to prune away, whereas EBRAINS is smaller and more variable, making aggressive
pruning riskier. Overall, these results suggest that pruning is not simply a way to save computation;
under the right conditions it can also enhance predictive accuracy, though the optimal rate depends
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on dataset properties. Importantly, in both datasets pruning consistently highlights diagnostically
informative regions, reinforcing its value for both efficiency and interpretability.

Table 4: Classification Performance at Different Pruning Rates. Bold highlights the best score per
dataset. On TCGA, performance improves steadily up to 80% pruning, surpassing the no-pruning
baseline, suggesting that Cropr removes redundant tokens while preserving diagnostic signals. On
EBRAINS, moderate pruning offers slight gains over the baseline, but performance declines at higher
pruning levels, reflecting dataset-specific sensitivity.

Dataset Pruning Rate Accuracy Bal. Acc. Kappa NW Kappa Weighted F1 AUROC
TCGA No pruning 0.905 0.919 0.918 0.927 0.902 0.998

50% 0.857 0.868 0.882 0.887 0.854 0.996
60% 0.857 0.832 0.850 0.867 0.839 0.995
70% 0.889 0.903 0.851 0.873 0.880 0.996
80% 0.921 0.931 0.888 0.905 0.919 0.996
90% 0.873 0.848 0.887 0.897 0.847 0.997

EBRAINS No pruning 0.707 0.622 0.696 0.695 0.690 0.970
50% 0.716 0.645 0.696 0.681 0.700 0.973
60% 0.694 0.649 0.636 0.649 0.679 0.962
70% 0.711 0.637 0.611 0.641 0.701 0.974
80% 0.711 0.654 0.650 0.660 0.693 0.970
90% 0.677 0.611 0.623 0.636 0.673 0.971

4.5 Efficiency Analysis

Table 5: FLOPs per slide. Pruning progres-
sively reduces computation relative to the no-
pruning baseline, while Prov-GigaPath is over
10× more costly due to its larger scale.

Model / Prune Rate FLOPs Relative
No pruning 2.32T 1.0×
50% pruning 1.68T 0.72×
60% pruning 1.54T 0.66×
70% pruning 1.38T 0.59×
80% pruning 1.20T 0.52×
90% pruning 0.98T 0.42×
Prov-GigaPath 23.1T 9.9×

We measure efficiency by computing FLOPs on
a representative slide with 17,182 patches. The
no-pruning baseline requires 2.32T FLOPs, while
pruning progressively lowers this cost (Table 5).
At a pruning rate of 0.8, FLOPs are halved, and
at 0.9 they drop by over 50%. In contrast, Prov-
GigaPath consumes 23.1T FLOPs for the same
slide–more than 10× higher due to its larger scale.
These results show that pruning within the en-
coder delivers substantial computational savings
without degrading retrieval or classification ac-
curacy (Sec. 4.2–4.4), making whole-slide vi-
sion–language modeling practical under realistic
hardware constraints.1

5 Conclusions

We introduced SLIM, an efficiency-first framework for whole-slide vision–language modeling that
integrates token pruning directly into the slide encoder. By interleaving LongNet blocks with Cropr
modules, SLIM shortens sequences while preserving diagnostically relevant content, reducing both
memory footprint and FLOPs. Experiments on TCGA and EBRAINS show that pruning preserves,
and in some cases even improves, classification and retrieval performance, with outcomes shaped by
the interplay of pruning rate, model depth, and dataset characteristics. Efficiency analysis further
confirm that our Cropr-based encoder achieves substantial computational savings, over an order of
magnitude compared to scale-heavy baselines such as Prov-GigaPath, while remaining competitive
in downstream tasks. Together, these findings establish token pruning as a practical design principle
for resource-conscious digital pathology models. Looking ahead, SLIM offers a lightweight and
interpretable component for multimodal GenAI frameworks that integrate histology, reports, and
molecular data into clinically useful systems.

1Measured on a 193,224×90,014 WSI: Using 512×512 patches, our encoder produces 17,182 tokens,
whereas Prov-GigaPath with 256×256 patches produces 54,023 tokens, contributing to its higher FLOP count.
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