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Abstract

Traditional whole slide image (WSI) analysis
methods typically rely on the multiple instance
learning (MIL) paradigm, which extracts patch-
level features at high magnification and aggre-
gates them for slide-level prediction. However,
such exhaustive patch-level processing is com-
putationally expensive, severely limiting the ef-
ficiency and scalability of WSI analysis. To ad-
dress this challenge, we propose PathCTM (a
Pathology-oriented Continuous Thought Model)
that enables token-efficient scale-space contin-
uous reasoning for gigapixel WSIs. PathCTM
formulates diagnostic inference as a dynamic se-
quential information pursuit. It progressively tran-
sitions from low-magnification global to high-
magnification local inspection, and adaptively
terminates inference when sufficient evidence
is gathered to effectively bound decision uncer-
tainty. Specifically, it uses conditional computa-
tion for dynamic scale switching with attention-
guided region pruning, coupled with confidence-
aware early stopping. Extensive experiments
demonstrate that, compared with standard MIL-
based methods, PathCTM reduces the number
of required image patches by 95.95% and short-
ens inference time by approximately 95.62%,
while maintaining AUC without degradation.
Code is available at https://github.com/
JSGe—AI/PathCTM.
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Figure 1. (a) Traditional MIL pipeline for WSI analysis, along with
the time-cost breakdown of each stage. (b) PathCTM’s dynamic
multi-scale continuous reasoning process, following a thinking-in-
scales paradigm, as the analysis progressively refines from global
to local. (c) Performance comparison between PathCTM and
existing methods.

1. Introduction

Whole Slide Image (WSI) analysis represents one of the
most demanding tasks in computational pathology. With
advances in digital scanning, pathological slides can now
be digitized at gigapixel resolution, enabling visualization
of both tissue architecture and cellular morphology within a
single specimen. However, such ultra—high-resolution input
incurs substantial computational and storage overheads, hin-
dering the scalability and practical deployment of automated
WSI analysis in clinical settings.

The prevailing paradigm for WSI analysis (Campanella
et al., 2019; Chen et al., 2022; Gao et al., 2023) is based
on Multiple Instance Learning (MIL), which divides each
WSI into tens of thousands of high-magnification patches
for feature extraction and performs one-shot feature ag-
gregation for prediction. While this paradigm has demon-
strated strong performance in various downstream tasks,
particularly when equipped with pathology foundation mod-
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els (Vorontsov et al., 2024; Xiang et al., 2025; Xu et al.,
2024; Zhang et al., 2026), it relies on exhaustive patch-level
processing, resulting in substantial computational overhead
and inefficient inference. As illustrated in Figure 1 (a),
patch tiling and feature extraction dominate the runtime, yet
a large proportion of patches contribute negligibly to the
final prediction. Therefore, enabling models to adaptively
allocate computational resources to diagnostically informa-
tive regions across scales is crucial for achieving efficient
and clinically scalable WSI analysis.

Although existing studies (Yu et al., 2024; Dong et al., 2025)
accelerate WSI analysis, they often rely on fine-grained an-
notations or rigid cascade structures, merely mimicking
the procedural form of pathologists “coarse-to-fine”” work-
flow while lacking continuous, memory-driven reasoning
capabilities. As a result, they are limited in scalability and
frequently lead to degraded accuracy or marginal efficiency
gains. In clinical practice, pathologists conduct multi-scale
reasoning in a continuous, progressive, and memory-aware
manner. They dynamically integrate cross-scale context and
halt inspection once sufficient diagnostic evidence is gath-
ered, thereby ensuring both efficiency and reliability. This
discrepancy highlights a Reasoning Gap between current
methods and the cognitive process of pathologists.

Recently, to bridge the gap between Al systems and human
cognition, Continuous Thought Machine (CTM) (Darlow
et al., 2026) has been proposed, introducing “internal time”
for iterative reasoning. It is promising to equip existing
methods with continuous reasoning abilities, providing a
theoretical alternative. However, standard CTM is limited to
reasoning over single-scale conventional static images and
cannot be directly applied to gigapixel-level WSI analysis.
Its fundamental premise is that extending thinking time on
a fixed tensor enables deeper information extraction. In low-
resolution WSI scenarios, no amount of internal temporal
iterations can ‘“hallucinate” the missing cellular details at
coarse scales. Moreover, this framework is unable to lever-
age the intrinsic hierarchical structure of WSIs. Overall,
existing CTM architecture fails in pathological settings.

To address these challenges, we propose PathCTM, an effi-
cient continuous-reasoning paradigm for gigapixel pathol-
ogy images. PathCTM retains standard “Thinking in Time”
as its internal iterative engine, while further introducing a
novel “Thinking in Scales” mechanism that aligns iterative
reasoning with the multi-magnification hierarchy of the WSI
pyramid. This design formulates diagnosis as sequential
evidence acquisition across scales and regions, enabling effi-
cient, interpretable cross-scale inference with a substantially
reduced token budget. As illustrated in Fig. 1(b), our frame-
work consists of three core components: (i) Scale-Space
Continuous Reasoning: PathCTM performs cross-scale
continuous reasoning in the spatial dimension, establish-

ing a coherent coarse-to-fine scale-wise inference trajectory.
By enforcing state continuity across scale transitions, the
model dynamically integrates global context with local fine-
grained information; (ii) Attention-Guided Region Prun-
ing: This module transforms conventional soft attention into
a conditional hard pruning strategy driven by information
density. High-resolution features are selectively loaded for
informative regions, while error propagation is mitigated
through a joint focus filtering mechanism, thereby elimi-
nating the inherent speed bottlenecks of WSI analysis; (iii)
Confidence-Aware Early Stopping: Considering the vary-
ing difficulty of diagnostic cases, PathCTM incorporates a
confidence-aware early stopping strategy based on entropy
minimization. Inference is allowed to terminate immedi-
ately once sufficient evidence is accumulated to theoreti-
cally bound decision uncertainty, ensuring reliability with
minimal computational cost. Moreover, PathCTM is fully
compatible with existing pathology foundation models and
can be seamlessly integrated into standard MIL pipelines,
improving both inference efficiency and interpretability.

With these designs, PathCTM enables a paradigm shift that,
as illustrated in Figure 1 (c), allows it to far exceed existing
methods in inference speed without compromising accuracy.
In summary, our main contributions are as follows:

* We propose PathCTM, an efficient continuous reasoning
framework for WSI, formulated as a dynamic sequential
information search process. It emulates the pathologist’s
coarse-to-fine reasoning workflow, enables interpretable
diagnosis, and can be seamlessly integrated with pathol-
ogy foundation models.

* We design a progressive multi-scale inference strategy
driven by conditional computation and entropy minimiza-
tion. This design enables smooth cross-scale transitions,
attention-guided focus selection, and confidence-aware
termination, integrating global and local cues while mini-
mizing redundant computation.

» Extensive experiments across four diagnostic tasks show
that, compared with standard MIL methods, PathCTM
reduces inference time by 95.62% while further improving
AUC over the baselines. Analysis and visualization of
its inference trajectories further demonstrate PathCTM’s
enhanced interpretability and its dynamic, thinking-in-
scales reasoning behavior.

2. Related Work

Multiple Instance Learning. Computational pathology has
recently advanced beyond conventional diagnosis toward
diverse clinically oriented tasks and reliable Al deployment
(Zhang et al., 2025; Yang et al., 2026; Ge et al., 2025; Zhu
et al., 2025). In particular, WSI analysis has become a
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Figure 2. Overall framework of PathCTM. Formulating WSI analysis as a dynamic sequential information pursuit, the model executes
progressive continuous reasoning from low (L) to high (L — 1) magnification. If confidence is insufficient at scale L, the model utilizes
attention weights from the most confident step to perform Top-K region pruning, guiding the transition to the next scale. Cross-scale
consistency is maintained by concatenating synchronization outputs from previous scales. The inference supports confidence-aware early
stopping, terminating immediately once the confidence threshold is met to optimize efficiency.

core task in computational pathology, where MIL remains
the dominant paradigm. While methods like CLAM (Lu
et al., 2021), TransMIL (Shao et al., 2021), and ABMIL
(Ilse et al., 2018) have established strong baselines, they
suffer from high computational costs due to exhaustive pro-
cessing. Recent acceleration attempts, such as hierarchical
distillation (Dong et al., 2025), and self-reform focusing
(Yu et al., 2024) (which relies on fine-grained annotations
for training), have accelerated WSI analysis to a certain
extent. Similarly, methods such as ZoomMIL (Thandiackal
et al., 2022), HAG-MIL (Xiong et al., 2023), and EAGLE
(Neidlinger et al., 2025) attempt to reduce redundant com-
putation through multi-scale region selection or key-tile
filtering. However, these approaches often fail to address
the core bottleneck of feature extraction or suffer from ac-
curacy degradation and poor compatibility with foundation
models due to their rigid, procedural inference designs.

Continuous Thought Machines. Recently, dynamic rea-
soning and adaptive state modeling have attracted increasing
attention in visual Al systems (Yan et al., 2025; Zhu et al.,
2026; Ke et al., 2026). While conventional deep learning
models (Krizhevsky et al., 2012; He et al., 2016; Vaswani
et al., 2017) rely on static feed-forward computation, bi-
ologically plausible paradigms like LTCNs (Hasani et al.,
2021) have explored continuous temporal dynamics. Build-
ing on these, Continuous Thought Machines (Darlow et al.,
2026) further introduce neural synchrony to emulate dy-
namic thinking processes. Unlike instantaneous response
models, CTM processes information through coordinated
neural activity over time. However, CTM is designed for
single-scale static images and assumes that extending com-
putation on a fixed tensor suffices to extract deeper infor-

mation. When directly applied to WSIs, this assumption
breaks down: low-resolution inputs cannot “hallucinate” the
missing cellular details at coarse scales, while multi-step
reasoning over full-resolution WSIs is computationally in-
tractable. Our work addresses these challenges by develop-
ing a scale-aware continuous reasoning framework tailored
for WSIs.

3. Method

3.1. Overview

The core of PathCTM lies in framing WSI analysis as a
dynamic inference process designed to minimize diagnostic
uncertainty under computational constraints. Unlike static
approaches, it establishes an adaptive framework capable of
continuous reasoning across scales. As illustrated in Figure
2, the workflow proceeds through four distinct stages: (1)
feature encoding, (2) cross-scale continuous reasoning and
synchronization, (3) attention-guided region pruning via
conditional computation, and (4) confidence-aware early
stopping via entropy minimization.

Specifically, PathCTM initializes the reasoning trajectory
by extracting low-magnification features from the WSI
X € REXWX3 Tt then performs neural dynamic reasoning
over n consecutive time steps. At each step ¢, the model
evaluates the posterior distribution P(Y'|Z;) conditioned
on the current latent state Z;, and its associated entropy. If
the information gain saturates at the current scale L, the
model triggers the multi-scale dynamic switching mecha-
nism. To maximize the information-to-compute ratio, the
model utilizes the attention distribution from the most confi-
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dent time step at scale L as a proxy for information density.
It selects K high-value regions (conditional computation)
to transition into scale L — 1 for fine-grained evidence ac-
cumulation. This progressive process continues until the
diagnostic entropy drops below the acceptance margin or
the computational budget is exhausted.

For optimization, PathCTM employs a composite objective
that jointly rewards prediction accuracy and certainty. For
each internal time step ¢ € [1,...,T], the model computes
the cross-entropy loss £? alongside the confidence score C*
(defined as 1 — normalized entropy). Across all z scales,
for each scale we identify the optimal checkpoints: the
minimum-loss point ¢ and the maximum-certainty point ¢7,
defined as:

L! = CrossEntropy (7%, %)), 1€ 1,...,2] (1)

t} = argmin(L;), ¢ = argmax(Cy) 2)

13 Et} +£t,2
La=-) “——L 3
all p - 2 ( )

This dual-objective loss ensures that the model not only
learns to classify correctly (minimizing £) but also learns to
recognize when it is certain (minimizing entropy), aligning
the latent dynamics with the stopping criterion.

3.2. Continuous Multi-scale Reasoning via Sequential
Information Pursuit

Revisiting WSI Analysis as a Dynamic Process. Unlike
traditional MIL frameworks that approximate the posterior
distribution P(Y|X) via a static, one-shot aggregation of
high-magnification patches, we formulate WSI analysis as
a dynamic sequential information pursuit. The core objec-
tive is to progressively minimize the conditional entropy
H(Y|Z,) of the diagnosis Y across time steps ¢ and mul-
tiple scales, given the evolving latent state Z;. To achieve
this, PathCTM constructs a continuous reasoning trajec-
tory that transitions from coarse-grained global context to
fine-grained local evidence.

Latent Space Dynamics. We model the reasoning process
as a recurrent dynamical system. At each scale L, the model
performs continuous reasoning for n time steps. To ensure
the temporal continuity of the information flow, the system
maintains a persistent memory state that evolves according
to the new sensory input and the previous context. Specifi-
cally, let e* denote the post-activation state and h? denote
the pre-activation state at time ¢, where the initial state el
is defined as a learnable parameter. The dynamics are gov-
erned by a synchronization module fg, , which acts as the
state transition function:

h! = fgsyn(concat(et, b?)) € RP, )

here, bt represents the output of the attention mechanism,
and D indicates the dimension of the latent space. To cap-
ture long-range temporal dependencies without unbounded
memory costs, we employ a First-In-First-Out (FIFO) his-
tory mechanism. We maintain three historical records: the
pre-activation history H* = [h!=M+1 h'] ¢ RP*XM,
the post-activation history E* = [e!, ..., e!] € RP*¥ and
the synchronized output history Sit = [SL ... S| €
RP*N " The pre-activation history H' stores states from
multiple time steps and is updated via FIFO. This ensures
that the latent state effectively summarizes the accumulated
evidence from the global view down to the current focus.

Dynamic Scale Switching as Information Maximization.
The transition between scales is driven by insufficient ev-
idence under current resolution constraints. Specifically,
when reasoning reaches the maximum time steps n at scale
L but prediction confidence fails to reach threshold 4, the
system triggers Multi-scale Dynamic Switching. This pro-
cess queries a new feature subspace at the next higher res-
olution to maximize conditional mutual information with
the diagnostic target. During transitions, the pre-activation
history H® continues to update following the FIFO rule,
preserving temporal continuity across magnifications.

Information Accumulation via Cross-scale Fusion. A
critical challenge is preventing the “catastrophic forgetting”
of global context when the model focuses on local details.
To address this, PathCTM adopts a cross-scale fusion strat-
egy that combines the synchronized output Sfufl’t from
the current fine scale with the most confident output S
from the previous coarse scale:

gt = MLP([SE 1 || sLamax)y. )

This fusion mechanism enables the model to continuously
leverage the global evidence accumulated from previous
reasoning stages during fine-grained inference, rather than
relying solely on local information at the current scale. In
this way, it effectively mitigates the risk of information loss
during focus shifts across regions and scales.

3.3. Attention-Guided Region Pruning via Conditional
Computation

Optimization Objective under Budget Constraints. The
primary bottleneck in WSI analysis is the computational
intractability of processing all high-magnification patches.
We formulate this challenge as a conditional computation
problem: given a computational budget K (number of allow-
able high-resolution patches), we seek to select a subset of
regions S that maximizes the expected information gain for
the diagnosis Y. Formally, this is an optimization problem:

S* = arg 1(Y;S|Zy), 6)

max
SCX,|S|I<K
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where X denotes the set of candidate patches at the current
scale, S* represents the optimal subset for detailed analysis,
and I(-) denotes mutual information. Since computing mu-
tual information for all candidates is infeasible, PathCTM
employs an attention-guided region pruning mechanism as a
tractable proxy. The attention distribution generated during
continuous reasoning approximates local information den-
sity, enabling the model to filter redundant, non-informative
regions and focus solely on high-value areas.

Query Generation and Attention Mechanism. To gen-
erate the query vector that guides this selection, PathCTM
leverages its latent neural dynamics. At the beginning of
training, we sample the (m,n) neurons by randomly se-
lecting oy and @,¢i0n. These are used to generate two syn-
chronized representations at each time step ¢: S, € Rf%u
and St =~ € R%in  These representations are linearly
transformed by matrices W, and W to produce the model
output §* and the attention query vector q?, respectively:

Qt =W, Sf)ut’ qt =W, Szction' )

Based on these queries, we employ standard cross-attention
to compute the attention weight matrix A’ and the output
representation b?:

A’ b" = Attn(q", Encoder(data)). (8)

The resulting b? is concatenated with the synaptic state
e'™! and used as part of the input for the next time step.
Meanwhile, each attention matrix A? is stored in a list A
to record the attention distributions across time steps.

Top-K Selection as Sparse Masking. To address the op-
timization problem during scale transitions, we employ an
attention-guided greedy selection. Departing from uniform
sampling, we enforce spatial sparsity dictated by attention
weights. We formalize the validity of this attention-based
selection criterion through the following proposition:

Proposition 1 (Attention as Influence Surrogate). Under
bounded feature norms and additive aggregation, attention
weights provide a first-order surrogate for the influence of
individual patches on the decision loss. In particular, select-
ing Top-K patches according to attention scores yields a
tractable approximation to gradient-based influence maxi-
mization.

Guided by this proposition, we identify the time step ¢* that
yields the highest prediction confidence within the current
reasoning trajectory. Leveraging the theoretical surrogate
relationship established above, we select the indices of the
top K patches to form the subset S:

S={i| Al € Top-K(A")}. )

Subsequently, high-resolution feature extraction is per-
formed exclusively for the indices in S at scale L — 1.

This attention-driven strategy effectively acts as a sparse
mask, reducing the computational complexity from O(N)
to O(K) (where K < N). By concentrating FLOPs on the
information-dense tail of the distribution, PathCTM maxi-
mizes the information-to-compute ratio, achieving efficient
layer-wise focusing while preserving diagnostic accuracy.

Joint Attention Calibration for Suppressing Error Prop-
agation. The ambiguity of coarse-grained features often
leads to the generation of false positive candidates and the
accumulation of errors. To address this, PathCTM intro-
duces a joint attention mechanism during scale transitions.
Unlike rigid focusing methods that enforce sub-region se-
lection for all candidates (including erroneous ones), our
method jointly models all regions at each scale and re-
calibrates attention. For the selected subset S, after ex-
tracting the corresponding fine-grained features Fé_l =
{ff ' }res at scale L — 1, we compute the new weight
distribution AZ~1 via joint attention:

Ar-1_ _ expla’ £F71/VD)
Z >resexp(at - £ /VD)

This ensures the effective elimination of invalid candi-
dates without triggering subsequent sub-region selection
(as shown by the “error interception” at L — 1 in Figure 2).
It continuously filters out noisy errors, propagating only
valid regions to the high-resolution analysis stage.

VieS (10)

3.4. Confidence-Aware Early Stopping via Entropy
Minimization

Adaptive Stopping Formulation. Different diagnostic
tasks and instances exhibit varying inherent complexity.
To adaptively decouple computational cost from instance
difficulty, PathCTM introduces a confidence-aware early
stopping mechanism. We formulate the inference duration
as a stochastic stopping time 7, aiming to halt computation
once the model achieves sufficient certainty. Let ¢ 7, denote
the prediction at time step ¢ under the scale L. We quantify
the prediction certainty using the confidence score Cy p,,
defined as the complement of the normalized entropy:

H(gt,1)
logN ’
where H (-) is the Shannon entropy and N is the number of

classes. The stopping time 7 is defined as the first moment
when this confidence score exceeds the threshold §:

7 =min{(t,L) | Cy.p, > 6}. (12)

To relate diagnostic uncertainty to the lower bound of clas-
sification error, we invoke Fano’s inequality as detailed in
the following proposition:

Cip=1- an

Proposition 2 (Error Bound via Fano’s Inequality).
Fano’s inequality establishes an information-theoretic re-
lationship between the conditional entropy H(Y | Z;) and
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Table 1. Summary of experimental results across four diagnostic tasks. The best results are highlighted in bold. AUC scores are presented
in percentages (%), and Time is measured in seconds (s). FE denotes the feature extractor.

FE ‘ MODEL ‘ BRACS-3 BRACS-7 RCC-STAGING MUT-SETD2
AUCT No.Par.| TIME|| AUC?T No.Par.| TIME|| AUCT No.Par.] TIME|| AUCT No.PAT. | TIME |
CLAM 92.0+1.3 2606 74.43 |86.24+2.1 2605 74.41 | 77.3+6.0 3517 100.43|73.24+3.0 2869 81.92
ABMIL 91.94+1.3 2606 74.43 | 88.6+1.3 2605 74.41 | 74.44£8.0 3517 100.43|74.2+3.9 2869 81.92
TRANSMIL | 90.64+0.9 2606 74.44 | 86.1+1.1 2605 74.41 | 76.94+5.8 3517 100.44 | 70.14+4.1 2869 81.93
@a | WIKG 90.4+0.9 2606 74.44 | 84.4%+1.5 2605 74.41 | 81.24+7.3 3517 100.44|71.1+£2.0 2869 81.92
; DSMIL 90.6+1.2 2606 74.43 |85.3+1.5 2605 74.41 | 80.04+8.7 3517 100.43|69.94+3.9 2869 81.92
T RRT 91.6+1.5 2606 74.44 |86.0+1.5 2605 74.41 | 76.3+6.5 3517 100.43|73.5+4.1 2869 81.92
O | HDMIL 90.24+3.4 1164 33.26 |76.9+5.4 882 25.21 | 73.84£2.2 1256 35.88 | 68.94+2.1 2087 59.52
% HAG-MIL |85.2+1.1 875 25.78 | 75.7£3.6 895 26.37 | 81.3+7.3 992 29.23 | 64.7+5.2 907 26.72
O |ZooMMIL |92.24+1.8 395 11.64 |85.5+3.0 400 11.79 | 78.5+4.8 455 13.41 | 68.94+3.9 387 11.40
EAGLE 85.943.3 756 22.28 | 82.5+1.6 756 22.28 | 71.44+10.9 774 22.81 |70.54£3.4 1465 43.16
PATHCTM |93.1+1.6 183 5.34 |88.9+1.7 224 6.64 | 82.84+2.6 250 7.39 |73.9£2.6 235 6.93
CLAM 92.0+1.2 9484 210.15|87.0+1.6 11929  264.33| 79.0+£9.0 15063  333.80|74.1£2.3 11229  248.84
ABMIL 91.842.2 9484 210.17|86.9+1.5 11929  264.33| 79.7+6.6 15063  333.81|73.74£3.0 11229 248.85
TRANSMIL | 89.1+0.9 9484 210.15|85.3+1.2 11929  264.34| 79.1£5.2 15063  333.84|71.6£1.7 11229  248.87
WIKG 91.4+1.7 9484 210.18|87.1+1.4 11929 264.36| 81.247.5 15063  333.90|73.8£1.9 11229  248.90
& | DSMIL 91.3+0.5 9484 210.15|86.9+1.0 11929  264.33| 82.74+5.3 15063  333.81|69.7+£3.0 11229  248.85
2 |RRT 91.61+2.4 9484 210.16 | 87.940.5 11929  264.34| 80.3£6.6 15063  333.83|74.7£2.8 11229  248.86
Z | HDMIL 90.14+2.4 7242 160.50 | 82.1+4.7 3632 80.51 | 79.8+5.1 10709  237.33|68.8+3.1 8806 195.16
- |HAG-MIL |86.7+1.0 1486 34.32 | 75.7+3.6 895 20.67 | 80.24+3.9 1752 40.46 | 68.8+2.3 2236 51.64
ZOOMMIL |91.74+1.5 912 21.06 | 86.0+1.5 911 21.04 | 79.5+4.0 1143 26.40 | 73.6+4.6 1203 27.78
EAGLE 85.5+1.6 935 21.59 |80.3+1.9 935 21.59 | 78.0+4.5 900 20.79 | 68.8+2.3 2123 49.03
PATHCTM |93.6+1.1 349 7.95 [89.3+1.7 362 8.28 | 83.0+2.6 408 9.33 |75.4+2.8 392 9.00

the classification error probability P,. In particular, high
conditional entropy necessarily implies a non-negligible
lower bound on the achievable error probability, thereby
providing a theoretical motivation for confidence-aware
early stopping.

By enforcing a lower bound on the potential classification
error, this mechanism transforms PathCTM into an adaptive
inference framework. It aligns the inference termination
criterion with the reliability objective, enabling the model
to output reliable predictions during dynamic reasoning.

Dynamic Reasoning and Efficiency Trade-off. The in-
ference proceeds as a sequential hypothesis testing process.
If at any step ¢ within scale L, the confidence condition
Ct,1 > 6 is met, the system interprets the latent state Z, as
capturing sufficient evidence and terminates to output gy r..
Otherwise, the model switches to scale L — 1 to resolve
ambiguity. This process iterates until the stopping condi-
tion is met or the maximum reasoning budget is exhausted.
Through this adaptive strategy, PathCTM optimizes a joint
objective of minimizing prediction error and computational
FLOPs, effectively balancing accuracy and efficiency by
allocating minimal resources to “easy” instances while re-
serving deep, multi-scale computation for “hard” cases.

4. Experiments
4.1. Datasets and Implementation Details

We evaluated the proposed PathCTM framework on four
diagnostic tasks across three publicly available datasets: (1)
the BRACS (Brancati et al., 2022) dataset, used for breast

cancer subtype classification, which includes a high-level
category classification task (BRACS-3) and a fine-grained
subtype analysis task (BRACS-7); (2) the MUT-HET-RCC
(Acosta et al., 2022) dataset, used for gene mutation predic-
tion (MUT-SETD2); and (3) the RCC dataset from TCGA
project (Weinstein et al., 2013), used for renal cell carci-
noma staging (RCC-staging). Detailed dataset information
and training configurations are provided in the Appendix.

To validate the effectiveness of our method, we system-
atically compared PathCTM with several state-of-the-art
(SOTA) MIL methods, including CLAM (Lu et al., 2021),
ABMIL (Ilse et al., 2018), TransMIL (Shao et al., 2021),
WIKG (Li et al., 2024), DSMIL (Li et al., 2021), RRT
(Tang et al., 2024), HDMIL (Dong et al., 2025), ZoomMIL
(Thandiackal et al., 2022), HAG-MIL (Xiong et al., 2023),
and EAGLE (Neidlinger et al., 2025). Notably, SMT (Yu
et al., 2024) was excluded as it requires fine-grained anno-
tations for training, precluding a fair comparison on these
datasets. To ensure a fair comparison, all methods were
evaluated using two feature extractors: CONCH (V1.5)(Lu
et al., 2024) and UNI(V2)(Chen et al., 2024).

Performance was evaluated from three perspectives: (1)
macro AUC score; (2) the average number of processed
patches per slide (No. Pat.); and (3) the total inference time
(Time), which includes patch tiling, feature extraction, and
model inference. It should be noted that, in this study, “Patch
Tiling” refers to the full data preparation pipeline from the
raw WSI to the point just before patches are fed into the
encoder. Beyond coordinate generation, this process also
includes computationally heavy sliding-window decoding,
multi-scale coordinate mapping, and I/O-intensive image
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Figure 3. Visualization of PathCTM’s adaptive continuous reasoning on a single BRACS slide under varying task difficulties (left:
BRACS-3; right: BRACS-7). The top panels display the top-5 attended patches at each scale, focusing on key regions exhibiting
architectural distortion and nuclear atypia. The bottom panels track the dynamic trajectory of confidence and class prediction probabilities.

BN L Em L] W L2 L3 2024), and TITAN (Ding et al., 2025). Table 2 reports
100 the results on the BRACS dataset, where PathCTM (using
SR CONCH V1.5) is evaluated against these slide-level models.
§° 50 Similar to MIL-based methods, current slide-level founda-
§ tion models also face notable speed bottlenecks, whereas
g PathCTM exhibits a substantial advantage in efficiency.
0

BRACS-3 BRACS-7  RCC-staging  MUT-SETD2 Furthermore, PathCTM adapts its computational budget

Figure 4. The distribution of early-stopping scales of PathCTM to task difficulty via its confidence-aware early-stopping.
across four datasets. (6 = 0.9) On easier tasks such as BRACS-3, many cases can already

achieve high confidence at lower magnifications, leading to

a much smaller number of required patches (183 patches
patch extraction. In frameworks such as CLAM, these /O ~ on CONCH). In contrast, more fine-grained tasks such as
costs are often hidden inside the feature extraction loop, BRACS-7 require slightly deeper reasoning (224 patches)
whereas we explicitly separate I/O from model inference to to discriminate subtle subtype differences. As shown in

more accurately expose the true end-to-end bottlenecks. Figure 4, a similar trend appears in staging and mutation
prediction tasks, where the majority of cases must progress
4.2. Performance and Efficiency Analysis to the highest magnification to achieve sufficient diagnostic

certainty. This aligns with clinical characteristics: staging
demands examination of tumor—stroma interfaces and inva-
sion fronts, while mutation prediction depends on cell-level
morphological cues. In comparison, subtype classification
relies more heavily on broader tissue-architecture patterns
and often converges earlier. Overall, these results show that
PathCTM adjusts its inference depth in a thinking-in-scales
manner, stopping early on easy cases and reasoning deeper
on difficult ones, striking an efficient balance between com-
Additionally, we compare PathCTM with existing slide- ~ Putational cost and diagnostic accuracy.

level foundation models, including CHIEF (Wang et al.,

2024), GigaPath (Xu et al., 2024), PRISM (Shaikovski et al.,

Table 1 presents a comprehensive comparison with existing
SOTA methods. PathCTM outperforms baselines in 7 out of
8 experimental settings,while only slightly trailing ABMIL
on the MUT dataset (CONCH). Most notably, PathCTM
delivers an order-of-magnitude boost in efficiency, reducing
inference time by 95.62% compared to standard MIL meth-
ods. This efficiency gain is most significant with the UNI
extractor.
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Table 2. Comparison results of PathCTM with slide-level foundational models, with AUC presented in %.

MODEL BRACS-3 BRACS-7 RCC-STAGING MUT-SETD2
AUC 1t TIME | AUC 1t TIME | AUC 1t TIME | AUC 1t TIME |
CHIEF 88.13£2.71  20.18 | 85.17£1.59  20.11 76.44+£5.39  27.23 | 72.13+3.46  22.21
GIGAPATH 85.08+£2.47 175.79 | 80.86+2.30 221.11 | 73.39+£6.16 279.19 | 72.4942.65 208.13
PRISM 88.96+2.38 113.85 | 85.584+1.41 115.52 | 74.38+£5.00 144.32 | 72.204+2.83 107.58
TITAN 91.82+1.42  74.45 86.72+£1.18  74.42 | 79.084+5.57 100.45 | 73.44+£3.46 81.93
PATHCTM | 93.10+1.58 5.34 88.90+1.74 6.64 82.84+2.55 7.39 73.94+2.61 6.93
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Figure 5. The impact of the selected patch number K and confi-
dence threshold ¢ on prediction accuracy and inference efficiency.

4.3. Visualization and Interpretability Analysis

Figure 3 visualizes PathCTM’s adaptive inference trajec-
tory on a randomly selected BRACS slide under diagnostic
tasks of varying difficulty. Morphologically, as the scale
advances and the model acquires increasingly rich seman-
tic information, both confidence and prediction probability
exhibit an upward trend. At each scale, the top-5 patches
are precisely localized within epithelial regions and ductal
structures. These regions effectively capture architectural
distortion and nuclear atypia, which are critical for differen-
tiating fine-grained breast cancer subtypes.

Behaviorally, PathCTM demonstrates an awareness of task
complexity, a capability quantitatively validated by the dy-
namics curves. In the simpler lesion-type classification
(BRACS-3) task (left), the model determines that coarse-
grained features are sufficient. This judgment manifests in
the curve as a steep upward trend—confidence rapidly satu-
rates and triggers the threshold at the Scale L-1, terminating
inference early to avoid redundancy. Conversely, in the
more challenging lesion-subtype (BRACS-7) task (right),
the model “realizes” the insufficiency of current evidence
and advances reasoning to a deeper level (L.-2) to capture
subtler cellular-level evidence and resolve uncertainty. The
curve displays a step-wise growth, particularly characterized
by significant jumps in confidence across scale boundaries,
proving that fine-grained features are indispensable for elim-
inating uncertainty in difficult cases. This dynamic process

Table 3. Ablation study of PathCTM components on BRACS-3
using CONCH. I: Attention-guided Region Pruning; II: Multi-scale
Synchronous Fusion; III: Confidence-aware Early Stopping.

I 1 I | No.Par. | ACC 1 AUC 1
3529 78.32£1.03  93.72+0.44
v 246 76.2841.41 93.07+0.61
v v 246 78.31£1.48 93.59+1.14
o vV 183 78.314+1.48  93.10+1.58

closely aligns with the “coarse-to-fine”” diagnostic logic of
pathologists: allocating more attention to complex cases
while maintaining efficiency on typical ones. This not only
validates the efficiency of PathCTM but also demonstrates
the high clinical interpretability of its decision-making pro-
cess. Supplementary visualizations for RCC staging are in
the Appendix to illustrate the model’s adaptability to cases
of varying difficulty within the same task.

4.4. Ablation Study and Parameter Analysis

We evaluated the contributions of PathCTM’s core modules
on BRACS-3 (Table 3). The baseline suffered from high
computational costs. Introducing Attention-guided Region
Pruning drastically reduced patch usage with minimal accu-
racy trade-off. Subsequent Multi-scale Synchronous Fusion
recovered performance by preserving cross-scale context.
Finally, Confidence-aware Early Stopping further optimized
efficiency by terminating inference at high certainty, main-
taining accuracy with minimal computation.

PathCTM allows for flexible balancing of inference effi-
ciency and accuracy according to specific diagnostic re-
quirements. Further parameter analysis (Figure 5) reveals
the impact of patch count (K) and confidence threshold
() on this trade-off. Regarding K, while increasing the
patch count initially enhances accuracy, gains saturate be-
yond K = 10 due to information redundancy; hence, we
adopt K = 10 as the default. Similarly, prediction stability
is achieved within § € [0.8,1.0]. We recommend setting
0 = 0.9, as extending reasoning beyond this point yields
negligible accuracy improvements, whereas terminating at
this threshold effectively optimizes inference speed while
ensuring reliable predictions.
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5. Conclusion

In this work, we present PathCTM, an efficient continuous
reasoning framework for WSI compatible with pathology
foundation models. By mirroring the pathologist’s coarse-
to-fine workflow via adaptive pruning and confidence-aware
stopping, PathCTM dynamically highlights diagnostic re-
gions during cross-scale reasoning and substantially accel-
erates inference. Experiments show that PathCTM achieves
high diagnostic accuracy and significant computational ef-
ficiency across multiple datasets, while exhibiting a clear
global-to-local diagnostic logic that enhances interpretabil-
ity. This paradigm offers a promising direction for scalable,
efficient, and clinically aligned WSI analysis.
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in gigapixel whole slide image analysis. PathCTM can
lower inference cost and latency, making computational
pathology models more suitable for clinical and research
applications. However, this method is intended to assist
pathologists rather than replace them, and further validation
on diverse clinical datasets is required before deployment.

References

Acosta, P. H., Panwar, V., Jarmale, V., Christie, A., Jasti,
J., Margulis, V., Rakheja, D., Cheville, J., Leibovich,
B. C., Parker, A., et al. Intratumoral resolution of driver
gene mutation heterogeneity in renal cancer using deep
learning. Cancer research, 82(15):2792-2806, 2022.

Brancati, N., Anniciello, A. M., Pati, P., Riccio, D., Scog-
namiglio, G., Jaume, G., De Pietro, G., Di Bonito, M.,
Foncubierta, A., Botti, G., et al. Bracs: A dataset for
breast carcinoma subtyping in h&e histology images.
Database, 2022:baac093, 2022.

Campanella, G., Hanna, M. G., Geneslaw, L., Miraflor, A.,
Werneck Krauss Silva, V., Busam, K. J., Brogi, E., Reuter,
V. E., Klimstra, D. S., and Fuchs, T. J. Clinical-grade
computational pathology using weakly supervised deep
learning on whole slide images. Nature medicine, 25(8):
1301-1309, 2019.

Chen, R. J., Chen, C,, Li, Y., Chen, T. Y., Trister, A. D., Kr-
ishnan, R. G., and Mahmood, F. Scaling vision transform-
ers to gigapixel images via hierarchical self-supervised
learning. In Proceedings of the IEEE/CVF conference
on computer vision and pattern recognition, pp. 16144—
16155, 2022.

Chen, R. J., Ding, T., Lu, M. Y., Williamson, D. F., Jaume,
G., Song, A. H., Chen, B., Zhang, A., Shao, D., Shaban,
M., et al. Towards a general-purpose foundation model
for computational pathology. Nature medicine, 30(3):
850-862, 2024.

Darlow, L., Regan, C., Risi, S., Seely, J., and Jones, L.
Continuous thought machines. Advances in Neural Infor-
mation Processing Systems, 38:21548-21594, 2026.

Ding, T., Wagner, S. J., Song, A. H., Chen, R. J., Lu, M. Y,,
Zhang, A., Vaidya, A. J., Jaume, G., Shaban, M., Kim,
A., et al. A multimodal whole-slide foundation model for
pathology. Nature Medicine, pp. 1-13, 2025.

Dong, J., Jiang, J., Jiang, K., Li, J., and Zhang, Y. Fast and
accurate gigapixel pathological image classification with
hierarchical distillation multi-instance learning. In Pro-
ceedings of the Computer Vision and Pattern Recognition
Conference, pp. 30818-30828, 2025.

Gao, Z., Mao, A., Wu, K., Li, Y., Zhao, L., Zhang, X., Wu,
J., Yu, L., Xing, C., Gong, T., et al. Childhood leukemia
classification via information bottleneck enhanced hier-
archical multi-instance learning. IEEE Transactions on
Medical Imaging, 42(8):2348-2359, 2023.

Ge, J., Zhang, D., Zhan, Y., Liu, J., Gong, T., Wu, J., Crispin,
M., Li, C., and Gao, Z. Progis: Prototype-guided in-
teractive segmentation for pathological images. [EEE
Transactions on Medical Imaging, 2025.

Hasani, R., Lechner, M., Amini, A., Rus, D., and Grosu,
R. Liquid time-constant networks. In Proceedings of the
AAAI Conference on Artificial Intelligence, volume 35,
pp. 7657-7666, 2021.



Thinking in Scales: Accelerating Gigapixel Pathology Image Analysis via Adaptive Continuous Reasoning

He, K., Zhang, X., Ren, S., and Sun, J. Deep residual learn-
ing for image recognition. In Proceedings of the IEEE

conference on computer vision and pattern recognition,
pp. 770-778, 2016.

Ilse, M., Tomczak, J., and Welling, M. Attention-based deep
multiple instance learning. In International conference
on machine learning, pp. 2127-2136. PMLR, 2018.

Ke, H., Morris, J., Liu, Y., Kitai, S., Oguchi, K., Ding, Y.,
and Wang, H. Deformba: Vision state space model with

adaptive state fusion, 2026. URL https://arxiv.

org/abs/2605.21308.

Krizhevsky, A., Sutskever, 1., and Hinton, G. E. Imagenet
classification with deep convolutional neural networks.
Advances in neural information processing systems, 25,
2012.

Li, B., Li, Y., and Eliceiri, K. W. Dual-stream multiple
instance learning network for whole slide image clas-
sification with self-supervised contrastive learning. In
Proceedings of the IEEE/CVF conference on computer
vision and pattern recognition, pp. 14318-14328, 2021.

Li, J., Chen, Y., Chu, H., Sun, Q., Guan, T., Han, A., and He,
Y. Dynamic graph representation with knowledge-aware
attention for histopathology whole slide image analysis.
In Proceedings of the IEEE/CVF conference on computer
vision and pattern recognition, pp. 11323-11332, 2024.

Lu, M. Y., Williamson, D. F., Chen, T. Y., Chen, R. J., Bar-
bieri, M., and Mahmood, F. Data-efficient and weakly su-
pervised computational pathology on whole-slide images.
Nature biomedical engineering, 5(6):555-570, 2021.

Lu, M. Y., Chen, B., Williamson, D. F., Chen, R. J., Liang,
I, Ding, T., Jaume, G., Odintsov, 1., Le, L. P., Gerber,
G., et al. A visual-language foundation model for com-
putational pathology. Nature medicine, 30(3):863—-874,
2024.

Neidlinger, P., Lenz, T., Foersch, S., Loeffler, C. M., Clus-
mann, J., Gustav, M., Shaktah, L. A., Langer, R., Dislich,
B., Boardman, L. A., et al. A deep learning framework
for efficient pathology image analysis. arXiv preprint
arXiv:2502.13027, 2025.

Shaikovski, G., Casson, A., Severson, K., Zimmermann, E.,
Wang, Y. K., Kunz, J. D., Retamero, J. A., Oakley, G.,
Klimstra, D., Kanan, C., et al. Prism: A multi-modal gen-
erative foundation model for slide-level histopathology.
arXiv preprint arXiv:2405.10254, 2024.

Shao, Z., Bian, H., Chen, Y., Wang, Y., Zhang, J., Ji, X., et al.
Transmil: Transformer based correlated multiple instance
learning for whole slide image classification. Advances

in neural information processing systems, 34:2136-2147,
2021.

10

Tang, W., Zhou, F., Huang, S., Zhu, X., Zhang, Y., and Liu,
B. Feature re-embedding: Towards foundation model-
level performance in computational pathology. In Pro-
ceedings of the IEEE/CVF conference on computer vision
and pattern recognition, pp. 11343-11352, 2024.

Thandiackal, K., Chen, B., Pati, P., Jaume, G., Williamson,
D. F,, Gabrani, M., and Goksel, O. Differentiable zoom-
ing for multiple instance learning on whole-slide images.

In European Conference on Computer Vision, pp. 699—
715. Springer, 2022.

Vaswani, A., Shazeer, N., Parmar, N., Uszkoreit, J., Jones,
L., Gomez, A. N., Kaiser, L., and Polosukhin, I. At-
tention is all you need. Advances in neural information
processing systems, 30, 2017.

Vorontsov, E., Bozkurt, A., Casson, A., Shaikovski, G.,
Zelechowski, M., Severson, K., Zimmermann, E., Hall,
J., Tenenholtz, N., Fusi, N., et al. A foundation model for
clinical-grade computational pathology and rare cancers
detection. Nature medicine, 30(10):2924-2935, 2024.

Wang, X., Zhao, J., Marostica, E., Yuan, W, Jin, J., Zhang,
J., Li, R., Tang, H., Wang, K., Li, Y., et al. A pathology
foundation model for cancer diagnosis and prognosis
prediction. Nature, 634(8035):970-978, 2024.

Weinstein, J. N., Collisson, E. A., Mills, G. B., Shaw, K. R.,
Ozenberger, B. A., Ellrott, K., Shmulevich, 1., Sander, C.,
and Stuart, J. M. The cancer genome atlas pan-cancer
analysis project. Nature genetics, 45(10):1113-1120,
2013.

Xiang, J., Wang, X., Zhang, X., Xi, Y., Eweje, F.,, Chen, Y.,
Li, Y., Bergstrom, C., Gopaulchan, M., Kim, T., etal. A
vision—language foundation model for precision oncology.
Nature, 638(8051):769-778, 2025.

Xiong, C., Chen, H., Sung, J. J., and King, I. Diagnose like
a pathologist: transformer-enabled hierarchical attention-
guided multiple instance learning for whole slide image
classification. In Proceedings of the Thirty-Second Inter-
national Joint Conference on Artificial Intelligence, pp.
1587-1595, 2023.

Xu, H., Usuyama, N., Bagga, J., Zhang, S., Rao, R., Nau-
mann, T., Wong, C., Gero, Z., Gonzilez, J., Gu, Y., et al.
A whole-slide foundation model for digital pathology
from real-world data. Nature, 630(8015):181-188, 2024.

Yan, K., Shi, X., Guo, H., Wang, W., Zhang, Z., and Qin, C.
Drqa: Dynamic reasoning quota allocation for controlling
overthinking in reasoning large language models. arXiv
preprint arXiv:2508.17803, 2025.


https://arxiv.org/abs/2605.21308
https://arxiv.org/abs/2605.21308

Thinking in Scales: Accelerating Gigapixel Pathology Image Analysis via Adaptive Continuous Reasoning

Yang, C., Zhao, W, Tang, Y., Lu, J., Ge, J., Liu, Q., Gao, Z.,
and Li, C. Haaf: Hierarchical adaptation and alignment
of foundation models for few-shot pathology anomaly
detection. In Proceedings of the ACM Web Conference
2026, pp. 9263-9274, 2026.

Yu, X., Luo, H., Hu, J., Zhang, X., Wang, Y., Liang, W.,
Bei, Y., Song, M., and Feng, Z. Hundredfold accelerating
for pathological images diagnosis and prognosis through
self-reform critical region focusing. In 33rd Int. Joint
Conf. on Artificial Intelligence, pp. 1607-1615, 2024.

Zhang, D., Ge, J., Liu, J., Wang, C., Gong, T., Gao, Z.,
and Li, C. Stadis: Stability distance to detecting out-of-
distribution data in computational pathology. Medical
Image Analysis, pp. 103774, 2025.

Zhang, D., Gong, Z., Pang, X., Liu, J., Lu, J., Cui, H., Ge,
J., Zeng, Z., Yi, K, Li, Y., et al. Care: A molecular-
guided foundation model with adaptive region model-
ing for whole slide image analysis. arXiv preprint
arXiv:2602.21637, 2026.

Zhu, C., Lin, Y., Shao, J., Lin, J., and Wang, Y. Pathology-
aware prototype evolution via llm-driven semantic disam-
biguation for multicenter diabetic retinopathy diagnosis.
In Proceedings of the 33rd ACM International Confer-
ence on Multimedia, pp. 9196-9205, 2025.

Zhu, C., Lin, Y., Chen, S., Wang, Y., and Lin, J. Medeyes:
Learning dynamic visual focus for medical progressive
diagnosis. In Proceedings of the AAAI Conference on Ar-
tificial Intelligence, volume 40, pp. 13916-13924, 2026.

11



