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Abstract. Offline feature extraction with pretrained encoders followed
by multiple instance learning (MIL) aggregation is still the dominant
paradigm for whole slide image (WSI) analysis, but the domain gap be-
tween natural and histopathology images limits representation quality.
End-to-end optimization can reduce this gap by training the encoder with
slide-level objectives, but it often suffers from (i) cost-driven fine-grained
and morphological information loss caused by low-magnification small in-
puts and random patch sampling, and (ii) sparse supervision from slide
labels alone. We propose PyraE2E, an end-to-end framework that turns
the intrinsic multi-resolution WSI pyramid into a dense self-supervision
signal via super-resolution (SR). For each sampled low-resolution (LR)
patch at low magnification, we use its spatially aligned high-resolution
(HR) patch at higher magnification as a reconstruction target, providing
cross-scale pixel-level supervision while keeping computation bounded
by operating on LR inputs. PyraE2E combines an embedded Cluster-
Score Sampling module to select informative LR regions with a shared
Global–Local Partitioned (GLP) encoder whose HR-informed features
are jointly optimized by an SR reconstruction head and a slide-level pre-
diction head. Joint training couples dense cross-scale supervision with
slide-level objectives, improving end-to-end representations and down-
stream WSI prediction under controlled computational cost.
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1 Introduction

Whole slide images (WSIs) are gigapixel-scale, yet training supervision is often
limited to a single slide-level label [5, 35, 59]. This severe imbalance between
data size and label granularity makes WSI recognition challenging and motivates
patch-based learning under weak supervision [23,31,32].
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Fig. 1: Motivation of the proposed PyraE2E and comparison with common end-to-end
baselines. Left: End-to-end baselines can yield suboptimal representation quality due
to (i) fine-grained and morphological information loss from LR patches and random
sampling, both used to reduce computational cost; (ii) sparse supervision from slide
labels. Middle: A WSI pyramid and our motivation: LR patches are cheap but lose fine-
grained morphology, so we encode LR inputs into HR-informed representations and use
spatially aligned HR patches as supervision without incurring HR-input cost. Right:
PyraE2E improves representation quality by (i) preserving fine-grained morphology
under low-cost LR inputs via cluster-score sampling and HR-informed encoding, and
(ii) injecting dense cross-scale reconstruction supervision.

A widely adopted solution is the two-stage weakly supervised multiple in-
stance learning (MIL) paradigm: a pretrained encoder extracts offline patch em-
beddings, and MIL aggregates them for slide-level prediction [24,40]. While this
makes gigapixel processing feasible with only slide-level labels, it introduces a
persistent domain gap: encoders pretrained on natural images are not optimized
for histopathology morphology, yielding suboptimal slide representations and a
performance bottleneck [28,38,47].

End-to-end learning is typically optimized with slide-level supervision and
offers a principled remedy by jointly optimizing the encoder and slide-level pre-
diction, allowing representations to adapt to pathology tasks and reducing the
domain gap [53]. However, in practice, current end-to-end approaches may lead to
relatively poor representations (Fig. 1, left). First, to reduce computation, practi-
cal end-to-end training commonly relies on low-magnification small patches [9,57]
and random sampling [6,55], which in turn cause fine-grained morphological in-
formation loss. Low-magnification small patches blur fine-grained cellular details,
weaken high-frequency textures, and compress continuous morphological units
(e.g ., cells, glands, tumor boundaries, and stroma) [61, 65]. In addition, cost-
driven random sampling can miss morphologically critical regions, causing key
evidence to be underrepresented during training [1, 29, 36]. Second, supervision
from slide labels alone is sparse for a long encoder–aggregator chain, making it
difficult to train intermediate representations and optimize the model [4]. Exist-
ing self-supervised auxiliaries [16, 26] remain difficult to use effectively in end-
to-end WSI training under realistic budgets. Contrastive and distillation signals
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are typically too coarse, as they mainly provide feature-level or instance-level
supervision rather than dense morphological guidance [25, 58]. Reconstruction
provides pixel-level supervision, but its cost becomes prohibitive at WSI scale,
making it difficult to embed into end-to-end pipelines [2, 60]. Therefore, the
sparsity bottleneck remains largely unresolved. Fundamentally, the bottleneck
comes from the computational cost constraint due to the gigapixel scale of WSIs
and the need to backpropagate through the encoder in end-to-end optimization,
where blindly using low-magnification small patches overlooks the fine-grained
morphological information inherent in the WSI itself. These observations raise a
key question: under realistic budgets, can we train end-to-end models with low-
magnification small inputs while still obtaining representations that encode high-
magnification, large-patch morphological information, and leverage a proper self-
supervised learning method to obtain dense supervision beyond slide labels?

Our answer comes from a simple but often overlooked fact that WSIs are
stored as multi-resolution pyramids [12,19,27,64]. A low-resolution (LR) patch at
low magnification is inexpensive to process but discards fine-grained morphology,
whereas its spatially aligned high-resolution (HR) patch at higher magnification
preserves cellular detail but is costly to encode (Fig. 1, middle). Because of com-
putational constraints, end-to-end pipelines are often forced to operate on LR
inputs. Under this constraint, the challenge is to recover fine-grained morphology
from LR inputs. This suggests a natural strategy: instead of paying the full cost
of directly encoding HR patches, we seek a lightweight mechanism that injects
HR information while keeping LR patches as the encoder input. The WSI pyra-
mid makes this learnable: for each sampled LR location, the corresponding spa-
tially aligned HR patch naturally provides dense cross-scale supervision through
pixel-level reconstruction without requiring additional annotation. As illustrated
in Fig. 1 (right), this aligns directly with super-resolution (SR) [33,34,44,67], in
which the model takes an LR patch at low magnification as input, predicts the
corresponding HR patch at higher magnification, and is trained using reconstruc-
tion losses against the HR target. In end-to-end WSI learning, this SR objective
serves as a well-suited auxiliary task because it encourages the encoder to pre-
serve fine-grained morphology, provides dense supervision beyond slide labels,
and keeps computation controllable by operating on LR inputs [15,52].

Based on this insight, we propose PyraE2E, a pyramid-driven end-to-end
framework for whole slide image analysis via super-resolution. PyraE2E selects
low-cost LR patches using an embedded Cluster-Score Sampling module that ef-
ficiently leverages internal features and attention cues. The selected patches are
processed by a shared Global–Local Partitioned (GLP) encoder that produces
HR-informed representations. These shared features are then routed to two heads
for joint optimization: (i) an SR branch that reconstructs the aligned HR patch at
a higher magnification level, supervised by pixel-domain and frequency-domain
losses to densify training signals beyond slide labels; and (ii) a slide-level pre-
diction branch for the downstream task. By optimizing both branches, PyraE2E
improves representation quality and boosts slide-level prediction performance
under controlled computational cost. In summary, our contributions are:
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1. Embedded Cluster-Score Sampling Module. We introduce an em-
bedded sampling module that exploits internal features and attention cues
within the end-to-end framework to efficiently select informative patches.

2. SR Supervision for End-to-End WSI Learning. We introduce SR su-
pervision into end-to-end WSI training, where spatially aligned HR patches
provide dense pixel- and frequency-domain signals to the lightweight Global–
Local Partitioned (GLP) encoder beyond slide-level labels.

3. PyraE2E Framework. We propose PyraE2E, a pyramid-driven end-to-
end framework based on SR, which turns the intrinsic WSI pyramid into a
self-supervised signal while maintaining controllable computational cost.

2 Related Work

2.1 Two-Stage MIL for WSI Analysis

Whole slide images (WSIs) provide high-resolution tissue morphology for com-
putational pathology tasks [10,11,51], but their gigapixel scale makes direct pro-
cessing computationally prohibitive. Therefore, most existing methods follow a
two-stage multiple instance learning (MIL) paradigm: an ImageNet-pretrained
encoder [13] extracts patch-level features offline, and a separate aggregator pro-
duces slide-level predictions. Attention-based MIL [24,38] learns instance weights
to perform weighted pooling, yielding compact slide representations while sup-
pressing noise from non-diagnostic regions. Building on this idea, prior work
improves aggregation through sparse attention-based instance selection [63, 68],
long-range dependency modeling [30, 62], and structure-aware reasoning [32,69]
under weak supervision. The use of fixed offline features in two-stage pipelines
limits task adaptation and exacerbates domain gaps, motivating slide-level su-
pervised end-to-end learning.

2.2 End-to-end learning for WSI Analysis

Weakly Supervised End-to-End Learning. End-to-end learning jointly op-
timizes feature extraction and prediction, reducing the domain gap induced by
fixed pretrained encoders. Current end-to-end computational pathology methods
adopt either instance-level or slide-level supervision. Instance-level approaches
[39, 45, 46] train encoders using patch-wise pseudo-labels to ease optimization
under gigapixel constraints, but they decouple from the global slide context,
serving as a pragmatic approximation rather than true end-to-end modeling.
Currently, the mainstream end-to-end WSI paradigm is slide-level supervised
learning [9, 14, 43, 49, 53, 55], which jointly optimizes the encoder and MIL ag-
gregator using slide labels. Yet its representation quality often suffers due to
compute-driven fine-grained and morphological information loss from (i) low-
magnification small patches [9,49] and cost-driven random sampling [6,53], and
(ii) sparse slide-level supervision [14,43] over a long encoder–aggregator chain.

Self-Supervised End-to-End Learning. To address the sparsity of slide-
level supervision in end-to-end WSI learning, recent studies [2, 16, 25, 26, 58, 60]
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Fig. 2: Overview of the proposed PyraE2E framework. (a) Starting from low-resolution
inputs sampled by the Cluster-Score Sampling module, patches are processed by the
Global–Local Partitioned (GLP) encoder to produce features with high-resolution in-
formation. These features are then split into a super-resolution branch and a slide-level
prediction branch. (b-c) The Cluster-Score Sampling module consists of two compo-
nents: exploration and exploitation, both guided by network features and attention
scores. (d) The GLP encoder is composed of N stacked Global–Local Fusion Units and
Partitioned Spatial Mixers.

introduce self-supervised objectives as auxiliary training signals. These meth-
ods can be broadly categorized into contrastive learning-based approaches and
reconstruction-based approaches. Contrastive learning–based methods [16, 25,
58] introduce extra-cost contrastive objectives at the instance or slide level
to enhance representation discrimination under weak supervision, but the sig-
nal is coarse-grained and remains indirect compared to pixel-level supervision.
Reconstruction-based methods [2,60] employ generative reconstruction losses to
provide denser training signals during end-to-end optimization. However, the gi-
gapixel scale of WSIs makes training prohibitively expensive, so both categories
still largely rely on pretrained feature extractors rather than fully end-to-end
optimization from raw WSI patches. As a result, achieving dense, pixel-level
supervision in fully end-to-end WSI training remains challenging.

3 Method

End-to-end WSI learning is commonly constrained by two factors: (i) fine-grained
and morphological information loss caused by low-magnification small inputs and
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cost-driven random patch sampling, and (ii) sparse supervision when the encoder
and aggregator are optimized only with slide labels. PyraE2E (Fig. 2) addresses
these limitations by (1) selecting informative low-resolution (LR) patches effi-
ciently under a fixed budget and (2) injecting dense cross-scale supervision via
super-resolution (SR) reconstruction.

PyraE2E leverages the intrinsic pyramid structure of WSIs: an LR patch
at low magnification (e.g ., 5×, 512× 512) corresponds to the same physical
tissue region as a higher-resolution (HR) patch at higher magnification (e.g .,
20×, 2048×2048). Using this cross-scale correspondence, PyraE2E combines (a)
a Cluster-Score Sampling module to select LR patches and (b) a lightweight
Global–Local Partitioned (GLP) encoder that learns HR-informed representa-
tions from LR inputs. The shared features are jointly optimized by two objec-
tives: (i) an SR branch that reconstructs the paired HR patch under pixel- and
frequency-domain losses, and (ii) a slide-level prediction branch using attention-
based MIL. Importantly, MIL attention and instance embeddings are fed back
to update sampling states, forming a closed-loop end-to-end training pipeline.

3.1 Cluster-Score Sampling Module

Cost-driven random sampling can overlook diagnostically critical tissue, while
purely attention-based sampling tends to over-focus on a small set of high-
score instances and reduce morphological diversity. Inspired by the exploration–
exploitation trade-off, our Cluster-Score Sampling module balances coverage and
utility by jointly operating on instance features and attention scores.

Exploration. We aim to expose the input to more instances rather than let-
ting it be dominated by a small subset in the exploration stage. As shown in
Fig. 2(b), in each epoch, we sample K instances per slide. We reserve Ke in-
stances for exploration by uniformly sampling from the unseen set U , and allocate
the remaining Kr = K −Ke instances to exploitation from the seen set S,

U = {i | si = 0}, S = {i | si ≥ 1}. (1)

Here, si denotes how many times instance i has been sampled so far. To enable
stable online sampling, for each instance i, we maintain and update an online
state (ai, fi, si, ci): attention score ai, instance feature fi, seen count si, and
cluster label ci. All states are initialized as ai=0, fi=0, si=0, and ci=−1. In
the first epoch, since all instances satisfy si = 0, we perform exploration-only
sampling to bootstrap these states: each sampled instance yields a feature fi
from the encoder and an attention score ai from the MIL aggregator (Sec. 3.3).
Then, we run k-means every Tc epochs on the collection of instance features to
assign cluster labels ci. The number of clusters is chosen adaptively based on the
number of seen instances (details in Sec. 4.1). Therefore, each explored instance
obtains its online state (ai, fi, si, ci) via a single forward pass. In particular, its
seen count is updated from si=0 to 1, and it is thus moved into the seen set S.

Exploitation. Exploitation aims to prioritize informative tissue while maintain-
ing diversity across tissue types in the seen set S. Let nc be the size of cluster c
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and āc its mean attention. We compute a stage-wise cluster weight (Fig. 2(c)):

wc ∝

{
Norm(nc), t < Tw,

(1− λ)Norm(nc) + λNorm(āc), t ≥ Tw,
(2)

where Tw is a warm-up epoch to avoid early noise from unstable attention,
Norm(·) denotes min–max normalization, and λ balances coverage and attention-
based importance. We allocate quotas qc to clusters using a largest-remainder
scheme:

qc =

⌊
Kr ·

wc∑
c′ wc′

⌋
, (3)

and distribute the remaining Kr −
∑

c qc slots to clusters with the largest frac-
tional remainders.

Within each cluster, when t < Tw we sample uniformly to avoid early noise
from unstable attention. After Tw, we rank instances with a seen-penalized score:

ri = Norm(ai)− βNorm(si), (4)

and select the top-qc instances according to ri within each cluster. They are then
forwarded through the model and we use refreshed cluster labels to update their
states (ai, fi, si, ci). We update ai and fi with EMA:

fi ← α2fi + (1− α2)f̂i, ai ← α1ai + (1− α1)âi, (5)

where f̂i and âi are from the current forward pass, and α1, α2 ∈ [0, 1).

3.2 Global–Local Partitioned (GLP) Encoder

Most end-to-end WSI pipelines rely on low magnification and small patches to
meet computational constraints, which may sacrifice subtle morphology. PyraE2E
employs the Global–Local Partitioned (GLP) encoder (Fig. 2(d)), an efficient
shared backbone that learns HR-informed representations from LR inputs. We
emphasize that “HR-informed” refers to learning under HR-supervised SR losses
(Sec. 3.3), which means HR patches are used only as reconstruction targets and
are never fed into the encoder at training or inference.

Given an LR patch x ∈ R3×H×W , we first extract shallow features and then
refine them with N identical blocks. Each block contains (i) a Global–Local
Fusion Unit (GLFU) and (ii) a Partitioned Spatial Mixer (PSM). GLFU in-
jects coarse contextual cues while preserving local details; PSM performs spatial
mixing on only a subset of channels for efficiency. Within each block, we apply
GLFU and add it back via a residual connection, followed by PSM with a second
residual.

Global–Local Fusion Unit (GLFU). Inspired by global–local representa-
tion modeling [20, 41, 67], GLFU fuses a global stream and a local stream in a
lightweight manner. Let Ft−1 ∈ RC×H×W denote the input to block t (with F0
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as shallow features extracted by a 3×3 convolution). We apply a 1×1 projection
and obtain two feature streams via channel partition:

[X,Y] = Split
(
ConvC→2C

1×1 (Ft−1)
)
, (6)

where Split(·) divides channels into two equal parts, and Conva→b
1×1 (·) denotes a

1× 1 convolution that maps channels from a to b while preserving resolution.
The global unit downsamples the global stream X with strided max pooling

(factor s) and applies a depthwise 3× 3 convolution:

Xs = DWConv3×3(MaxPools(X)) , (7)

and produces a gated global feature:

Xg = X⊙ Interp(α⊙Xs + β ⊙Var(X)) , (8)

where α,β ∈ RC×1×1 are learnable per-channel weights, Var(·) is channel-wise
variance, and Interp(·) applies a 1×1 convolution followed by GELU and then
upsamples to the original resolution.

The local unit refines local stream Y using a lightweight local mixer that
performs depthwise expansion, pointwise mixing, and projection:

Yl = L(Y). (9)

Here, L(·) is a sequential convolutional module consisting of (i) an expanded
depthwise 3×3 convolution that lifts channels from C to 2C (implemented with
groups = C), followed by (ii) a 1 × 1 pointwise mixing in the 2C space with
GELU, and (iii) a 1×1 projection back to C. We fuse both streams and project:

G(Ft−1) = ConvC→C
1×1 (Xg +Yl) , (10)

where G(Ft−1) ∈ RC×H×W denotes the GLFU output given the input Ft−1.

Partitioned Spatial Mixer (PSM). PSM mixes spatial information on only
a subset of channels. Given F′

t−1 = Ft−1 +
(
G(Ft−1)

)
∈ RC×H×W , which serves

as the input to the subsequent PSM after GLFU, we first expand channels with
a 1× 1 convolution with GELU:

H = ConvC→2C
1×1 (F′

t−1). (11)

We split H = [Hp,Hr] along channels, where Hp contains a fraction p of chan-
nels. Only Hp undergoes 3× 3 spatial mixing with GELU, followed by concate-
nation and projection back to C:

M(F′
t−1) = Conv2C→C

1×1

(
[Conv3×3(Hp),Hr]

)
, (12)

where [·, ·] denotes channel concatenation, andM(F′
t−1) ∈ RC×H×W is the PSM

output given the input F′
t−1.
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3.3 End-to-End Joint Optimization

End-to-end WSI baselines supervise the encoder only via slide-level loss, which
is often too sparse for long pipelines. We therefore adopt joint optimization: the
GLP encoder produces a shared feature map z = F0 + FN , which is routed to
(i) an SR branch supervised by pixel and frequency reconstruction losses using
cross-scale paired HR crops obtained via pyramid coordinate mapping (same
tissue region), and (ii) a slide-level prediction branch for classification.

SR Branch. Given the HR-informed feature map z ∈ RC×H×W , we recon-
struct an HR (super-resolved) RGB patch via a 3× 3 convolution followed by a
PixelShuffle layer [50] with upscaling factor r:

x̂SR = PixelShuffler

(
ConvC→3r2

3×3 (z)
)
∈ R3×(rH)×(rW ). (13)

Here, PixelShuffler(·) upsamples features by rearranging channel groups of size r2
into an r× r spatial neighborhood, converting a tensor of shape (3r2)×H ×W
into an RGB image of shape 3 × (rH) × (rW ). We supervise x̂SR using the
paired HR patch xHR cropped from the WSI pyramid, with a pixel-domain and
a frequency-domain loss:

LPIX =
∥∥x̂SR − xHR

∥∥
1
, LFFT =

∥∥F(x̂SR
)
−F

(
xHR

)∥∥
1
, (14)

where ∥ · ∥1 denotes the element-wise ℓ1 norm, and F(·) denotes the 2D fast
Fourier transform (FFT) applied per channel. The FFT term encourages preser-
vation of high-frequency morphology that may be smoothed by pixel losses alone.

Slide-Level Prediction Branch. We obtain an instance embedding for each
patch via attention pooling over spatial locations:

f̂ = AttnPool(z) ∈ RD. (15)

For each WSI, the instance embeddings {f̂i}Ki=1 are fed into an attention-based
aggregator [24, 53], which computes the attention scores {âi}Ki=1 and slide-level
predicted probabilities ŷ as

âi =
exp

(
v⊤( tanh(Vf̂⊤i )⊙ σ(Uf̂⊤i )

))
∑K

j=1 exp
(
v⊤( tanh(Vf̂⊤j )⊙ σ(Uf̂⊤j )

)) ,
ŷ = Aggregator

(
{f̂i}Ki=1, {âi}Ki=1

)
,

(16)

where ⊙ denotes element-wise multiplication and σ(·) is the sigmoid gate. We
return {âi}Ki=1 as sampling scores and {f̂i}Ki=1 as features for clustering in the
Cluster-Score Sampling module (Sec. 3.1).

Overall Objective. We jointly optimize SR reconstruction and WSI classifica-
tion with a weighted sum of losses:

Ltotal = αLPIX + β LFFT + γ LCE + δLKLD. (17)
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Here, LCE is the slide-level cross-entropy loss, LKLD is a cluster-wise KL regu-
larizer that encourages the attention mass to be more evenly distributed among
instances within the same cluster, mitigating attention collapse to a few patches.

In summary, our end-to-end training loop proceeds as follows: (i) The Cluster-
Score Sampling module selects K instances per WSI from LR pyramid level. (ii)
GLP encodes each selected LR patch and outputs a shared feature map. (iii) The
SR head reconstructs the paired HR patch, while the MIL head outputs f̂i and
âi. (iv) We backpropagate Ltotal to update the shared encoder and both heads.
(v) We update the online state (ai, fi, si, ci), where ai and fi are updated by
EMA, si is incremented upon sampling, and ci is refreshed by running k-means
every Tc epochs, closing the loop between sampling and representation learning.

4 Experiments

4.1 Experiment Settings

Datasets. To evaluate PyraE2E, we conduct experiments on three public WSI
benchmarks: TCGA-RCC, TCGA-NSCLC, and TCGA-BRCA. TCGA-RCC is a
three-class classification task, including 940 slides from clear cell (TCGA-KIRC,
519), papillary (TCGA-KIRP, 300), and chromophobe (TCGA-KICH, 121) renal
cell carcinoma. TCGA-NSCLC is a binary lung cancer subtyping task between
LUAD and LUSC, containing 1,053 slides (541 LUAD and 512 LUSC). TCGA-
BRCA is a binary breast cancer subtyping task between IDC and ILC, containing
985 slides (787 IDC and 198 ILC). All datasets provide slide-level labels.

Evaluation Metrics. We evaluate classification performance using accuracy
(ACC) and the area under the ROC curve (AUC). For the quality of super-
resolution (SR), we report Peak Signal-to-Noise Ratio (PSNR), Structural Sim-
ilarity Index (SSIM), and Learned Perceptual Image Patch Similarity (LPIPS).

Compared Methods. We compare PyraE2E with representative and state-of-
the-art WSI classification paradigms on the above three datasets, covering two-
stage MIL, foundation-model-based, self-supervised, and end-to-end pipelines.
Specifically, for two-stage MIL baselines, we adopt a ResNet [21] encoder and
evaluate MeanMIL, MaxMIL, ABMIL [24], CLAM [38], TransMIL [48], RRT-
MIL [54], FOCUS [18], SMMILE [17], and 2D Mamba [66]. For foundation mod-
els, we evaluate UNI [7] and CONCH [37]. For self-supervised learning, we in-
clude SimCLR [8] and CDSR [36] in the main comparison, and further report
ICMIL [56] in the efficiency comparison. For end-to-end methods, we compare
against C2C [49], Streaming [42], the ABMILX end-to-end pipeline [53]. To en-
sure a fair comparison, we use ABMIL and ABMILX as aggregators for feature-
based pipelines based on foundation-model and self-supervised features, while
end-to-end baselines use their original aggregation heads.

Implementation Details. We use 5× RGB patches of 512×512 as inputs. The
Cluster-Score Sampling module selects K=160 instances per WSI from LR pyra-
mid level, with a warm-up of Tw=30 epochs. Every Tc=10 epochs, we adaptively
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Table 1: Comparison with state-of-the-art methods for WSI classification on TCGA-
RCC, TCGA-NSCLC, and TCGA-BRCA (mean±std). “E2E” denotes whether the
model is trained in an end-to-end manner. “–L” denotes the method with ABMIL
aggregator, while “–X” denotes the method with ABMILX aggregator.

Encoder Method E2E
TCGA-RCC TCGA-NSCLC TCGA-BRCA

ACC AUC ACC AUC ACC AUC

ResNet

MeanMIL ✗ 85.4±1.4 95.2±0.3 80.8±1.3 89.6±0.5 83.8±1.0 87.0±2.3

MaxMIL ✗ 88.2±2.0 97.6±0.4 85.2±2.0 93.6±1.7 83.8±4.2 83.6±0.8

ABMIL ✗ 89.1±0.7 98.4±0.4 88.3±2.1 95.8±1.4 88.9±1.5 92.0±3.3

CLAM ✗ 90.5±0.9 98.7±0.1 89.9±2.1 95.5±2.2 88.7±1.2 93.5±1.7

TransMIL ✗ 90.2±0.9 97.9±0.5 85.7±1.9 93.7±1.3 87.9±1.8 91.9±0.8

RRT-MIL ✗ 90.3±0.8 99.1±0.1 87.0±2.5 95.6±1.7 87.8±2.3 93.8±2.6

FOCUS ✗ 91.6±2.3 98.9±0.7 89.5±1.7 96.0±1.7 87.7±1.7 93.0±2.5

SMMILE ✗ 91.2±1.2 98.9±0.3 86.8±2.5 94.7±1.8 85.0±4.8 92.9±2.0

2D Mamba ✗ 90.6±1.5 98.3±0.9 89.6±1.7 96.2±1.3 90.1±1.7 94.0±1.4

UNI ABMIL ✗ 92.0±1.0 99.1±0.1 90.7±0.7 97.1±0.5 91.2±0.5 94.7±0.4

ABMILX ✗ 91.5±0.9 99.0±0.2 90.1±2.6 96.1±2.1 93.2±0.8 95.1±0.5

CONCH ABMIL ✗ 91.6±0.5 98.1±0.2 91.0±0.8 97.0±0.5 90.6±0.6 95.0±1.0

ABMILX ✗ 92.8±0.6 99.3±0.3 91.8±1.0 97.0±0.6 92.0±0.3 94.7±0.9

ResNet SimCLR-L ✗ 90.1±1.2 98.0±0.4 89.7±2.3 96.6±1.2 88.3±3.7 92.2±1.2

SimCLR-X ✗ 90.2±1.7 97.7±0.3 90.1±2.2 96.7±1.3 89.2±2.3 92.9±1.6

CDSR ABMIL ✗ 89.9±2.4 97.8±0.5 88.3±2.1 95.7±0.5 87.3±2.4 90.9±3.6

ABMILX ✗ 90.9±1.2 98.2±0.3 89.0±1.3 95.9±0.5 87.4±1.6 91.5±3.5

ResNet
C2C ✓ 90.3±0.7 98.0±0.2 88.8±1.7 94.8±1.1 88.0±1.9 88.6±0.8

Streaming ✓ 90.2±1.1 97.9±0.2 90.2±1.1 96.2±0.4 88.0±1.1 88.0±2.9

ABMILX ✓ 91.3±1.3 98.1±0.1 90.2±1.0 96.3±0.3 87.0±3.9 90.1±4.5

GLP PyraE2E-L ✓ 90.6±2.0 97.8±0.6 91.4±0.8 97.5±0.7 90.0±0.7 92.5±1.0

PyraE2E-X ✓ 93.1±1.2 98.3±0.2 92.0±1.4 97.6±0.4 90.5±1.3 93.5±0.7

set the number of clusters c ∈ {2, 4, 6, 8} based on the predefined seen-instance
count thresholds {500, 1500, 3500}. The shared GLP encoder uses N=8 identi-
cal blocks to produce HR-informed features. In the SR branch, we reconstruct
a ×4 super-resolved RGB patch with r=4 (to 20×, 2048× 2048), supervised by
the spatially corresponding HR patch only during training; inference requires no
HR ground truth. We jointly optimize the SR and slide-level prediction branches
with loss weights (α, β, γ, δ) = (1.0, 0.05, 0.5, 0.5) for LPIX,LFFT,LCE,LKLD, re-
spectively. Please refer to Supplementary Material for more details.

4.2 Model Performance Analysis

Table 1 presents the quantitative experimental results of multiple frameworks
on three datasets. Overall, PyraE2E demonstrates strong competitiveness across
datasets. Compared with non-foundation two-stage baselines, PyraE2E achieves
consistently strong performance. Moreover, PyraE2E also surpasses standard
end-to-end pipelines, suggesting that the gain does not come from end-to-end
training alone. Instead, it stems from turning the intrinsic WSI pyramid into an
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Table 2: Ablation studies on TCGA-NSCLC with ABMILX aggregator. (a) Ablation
study on the sampling strategy, where “Attn” refers to Attention, and “Emb” indi-
cates whether the strategy is implemented inside the end-to-end training loop with-
out external preprocessing. “Time” reports the additional training time per epoch
(min) relative to random sampling. (b) Loss sensitivity study. The total loss is
Ltotal = αLPIX + βLFFT + γLCE + δLKLD, where LPIX and LFFT are super-resolution
losses in the pixel and frequency domains, respectively.

(a) Sampling strategy.

Cluster Attn. Emb. ACC AUC Time

✗ ✗ ✓ 89.9±0.8 96.3±1.3 0
✓ ✗ ✓ 90.7±0.9 97.0±0.7 +3.3m
✓ ✗ ✗ 90.5±0.7 96.9±0.4 +8.1m
✗ ✓ ✗ 91.1±1.0 97.1±0.6 +9.6m
✓ ✓ ✓ 92.0±1.4 97.6±0.4 +4.2m

(b) Loss sensitivity.

Variant α β γ δ ACC AUC

0.5× SR .5 .025 .5 .5 91.2±1.3 97.2±0.6

default 1.0 .05 .5 .5 92.0±1.4 97.6±0.4

2× SR 2.0 .10 .5 .5 91.8±1.2 97.5±0.4

w/o FFT 1.0 0 .5 .5 86.2±1.8 93.6±0.9

w/o KLD 1.0 .05 .5 0 90.5±1.4 96.2±0.6

SR-based self-supervised signal that injects cross-scale dense supervision, alle-
viating the morphological information loss induced by low-magnification small
patches and random sampling, which improves end-to-end representations. To
further assess generalization beyond the TCGA cohorts, we also report additional
external validation results on Camelyon16 in the Supplementary Material.

PyraE2E achieves a strong balance between accuracy and efficiency. Com-
pared to self-supervised baselines, PyraE2E achieves better performance while
requiring lower computational cost in practice. Moreover, PyraE2E achieves per-
formance comparable to foundation models on several datasets, indicating that
our framework can approach the performance of foundation models pretrained on
large data at lower computational cost. Computational cost is further analyzed
in Sec. 4.4.

4.3 Ablation Study

In this section, we conduct ablation studies to verify the effectiveness of the
sampling strategy and loss design in PyraE2E. We report ACC and AUC on
TCGA-NSCLC.

Ablation on the Sampling Strategy. We evaluate the impact of different
sampling strategies in our model, as shown in Table 2a. The combination of
cluster and attention achieves the best results, highlighting that our Cluster-
Score Sampling module, with both components, offers more efficient sampling
for the model. Meanwhile, compared with its embedded counterpart, the exter-
nal clustering strategy [49] and the external attention strategy [36] incur higher
overhead while offering no additional performance gain. This supports our em-
bedded design, which is faster and performs better.

Loss Sensitivity Analysis. We further conducted a loss sensitivity analysis. As
shown in Table 2b, PyraE2E remains stable across 0.5×–2× SR weights, with
the default setting achieving the best ACC and AUC. This stability suggests
that SR does not dominate optimization toward non-diagnostic high-frequency
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Table 3: Efficiency comparison on TCGA-NSCLC with ABMILX aggregator. “E2E”
indicates end-to-end training, “SSL” indicates self-supervised learning, “FM” indicates
foundation-model encoders and “Params” denotes the number of model parameters
used for feature extraction and slide-level prediction. All measurements are conducted
on a single NVIDIA A800 GPU unless specified. For UNI/CONCH, pretraining cost
and training time are taken from their official Hugging Face model cards (multi-A100
setups), where “>” indicates the time would be longer on a single A800. Inference
time (s/slide) for UNI/CONCH is measured by us on the same A800 under the same
strategy as other methods.

Method E2E SSL FM Pretrain Cost Training Time Inference Time Params AUC

SimCLR ✗ ✓ ✗ 80G 6.4d 11.3s 28M 96.7
ICMIL ✗ ✓ ✗ 80G 2.3d 8.2s 9M 95.3
CDSR ✗ ✓ ✗ 80G 2.1d 12.6s 128M 95.9

UNI ✗ ✗ ✓ 32×80G >1.3d 17.0s 307M 96.1
CONCH ✗ ✗ ✓ 8×80G >0.9d 7.8s 90M 97.0

C2C ✓ ✗ ✗ – 0.8d 3.2s 24M 94.8
Streaming ✓ ✗ ✗ – 1.8d 2.1s 21M 96.2

Ours ✓ ✓ ✗ – 1.1d 3.1s 2M 97.6

noise, but instead serves as auxiliary dense supervision for the shared encoder.
This behavior is further supported by the design that SR is constrained by both
sampling and joint optimization: Cluster-Score Sampling applies SR supervi-
sion to diagnostic regions, as shown in Fig. 4, while LCE keeps features aligned
with slide labels and LKLD avoids attention collapse. Moreover, drops without
FFT or KLD indicate the importance of frequency-domain loss and attention
regularization. Specifically, LFFT complements pixel-domain reconstruction by
constraining high-frequency morphological cues, while LKLD stabilizes cluster-
wise attention and promotes more consistent slide-level aggregation.

4.4 Computational Cost Analysis

Table 3 summarizes the efficiency comparison in terms of pretrain GPU mem-
ory cost, training time, inference time, parameters, and AUC on TCGA-NSCLC.
Overall, PyraE2E is more efficient than the self-supervised and foundation-model
pipelines in Table 3, with lower training/inference time under comparable evalu-
ation settings, while remaining competitive in AUC. Compared with end-to-end
baselines, PyraE2E achieves comparable efficiency with improved performance.

This advantage mainly comes from three factors. First, PyraE2E operates on
low-magnification patches with improved sampling, which directly reduces the
input cost and shortens training. Second, we adopt a lightweight encoder built
on depthwise–pointwise mixing and partitioned spatial interaction, where spatial
mixing is applied to only a subset of channels. This design avoids heavy atten-
tion blocks and wide feature widths, keeping the parameter count and optimiza-
tion overhead low. Third, by tackling key optimization challenges in end-to-end
training, our framework better realizes two core advantages of end-to-end WSI
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Dataset PSNR SSIM LPIPS

TCGA-NSCLC 25.1±4.8 0.67±0.17 0.38±0.07

TCGA-RCC 24.5±2.6 0.64±0.14 0.39±0.05

TCGA-BRCA 23.7±4.5 0.62±0.17 0.40±0.10

(a) Super-resolution metrics. (b) Visual comparison of super-resolution quality.

Fig. 3: Super-resolution quality and visualization.

Fig. 4: Feature and sampling visualization. The features and sampling strategy of
“Baseline” are taken from the end-to-end baseline [49]. All results are reported on the
Camelyon16 dataset [3], which provides patch-level annotations.

learning: (i) it performs feature extraction and slide-level prediction in a single
pass, eliminating pretraining cost and enabling faster inference than both self-
supervised and foundation-model pipelines; and (ii) it learns task-focused rep-
resentations optimized directly for the downstream objective, leading to higher
performance than self-supervised pipelines.

4.5 Visualization Analysis

Super-Resolution Quality Analysis. To evaluate the effectiveness of the SR
branch, we perform ×4 super-resolution by taking 512×512 LR patches as input
and reconstructing their spatially aligned 2048 × 2048 HR counterparts. Given
the complexity and multi-scale nature of WSI data, the quantitative results in
Fig. 3(a) indicate that the model achieves reasonable fidelity in this challenging
cross-scale setting. As shown in Fig. 3(b), the SR reconstructions are visually
consistent with the HR ground truth, suggesting that the learned representations
capture informative HR cues.

Feature and Sampling Visualization. To verify the effectiveness of our sam-
pling module and instance features, we conduct a visualization analysis, as shown
in Fig. 4. The left two figures show the visualization results of the model’s sam-
pling. It can be seen that random sampling covers fewer diagnostic regions, while
the regions sampled by the Cluster-Score Sampling module better cover the tu-
mor and exhibit diversity, providing better inputs for the model. The right two
figures embed the features into a two-dimensional space using UMAP [22]: the
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features extracted by the end-to-end baseline [49] are relatively dispersed in the
feature space, with obvious overlap between tumor and normal instances. In con-
trast, our features can aggregate instances of the same class more densely while
enlarging the gap between different classes, indicating improved representations.

5 Conclusion

End-to-end learning often suffers from (i) fine-grained and morphological infor-
mation loss caused by low-magnification inputs and cost-driven patch sampling,
and (ii) sparse supervision from slide labels alone. We propose PyraE2E, an end-
to-end framework that turns the intrinsic multi-resolution Whole Slide Image
(WSI) pyramid into dense self-supervision via super-resolution (SR). PyraE2E
mitigates information loss through an embedded Cluster-Score Sampling mod-
ule to efficiently select informative low-resolution regions. These regions are pro-
cessed by a shared Global–Local Partitioned (GLP) encoder, which reconstructs
spatially aligned high-resolution patches and is jointly optimized for both SR and
slide-level prediction. On three TCGA datasets, PyraE2E achieves strong per-
formance, showing SR as an effective auxiliary task for capturing the large-scale
and fine-grained morphology of WSIs. Future work includes extending SR to
more downstream tasks, designing SR encoders better tailored to WSI morphol-
ogy, and leveraging SR as a lightweight objective to encode larger regions (even
whole slides) with fewer patch partitions to reduce structure fragmentation.
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