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Abstract
One small step toward this goal would be to validate the family of models in use for the setting of acute lymphoblastic
leukemia (ALL), which is the most common pediatric malignancy, accounts for approximately one-quarter of all
childhood cancer cases worldwide, and still largely relies on traditional microscopic diagnosis which suffers inter-
observer variability ranging from 18-23%, examination times as long as six to eight hours per specimen, and a fatigue-
induced error rate that can approach 15% after prolonged review. Such constraints provide the impetus for diagnostic
support systems that are accurate, computationally efficient, robust to staining variation and transparent about their
predictive confidence. In this paper, we present Q-CapsFormer: a quantum-swarm-optimized capsule-transformer
framework that integrates seven heterogeneous modules, including: adaptive stain normalization; dynamic-routing
capsule networks for part-whole cellular representation; quantum-inspired particle swarm optimization with Lévy
flight (QPSO-LF) architecture search; multi-objective Bayesian optimization (MOBO), driven by Expected Hypervolume
Improvement, for Pareto-optimal model selection; Swin Transformer backbone in terms of shifted-window attention
mechanism to capture the global context; supervised contrastive learning with an adaptive hard-negative mining
framework and a dual-purpose Monte Carlo Dropout/deep-ensemble module for calibrated uncertainty estimation and
multi-scale blast localization.

Through stratified five-fold, patient-disjoint cross-validation on four public benchmarks (ALL-IDB1, ALL-IDB2, C-NMC
and LISC; 26,303 images in total), the proposed framework reaches a mean classification accuracy of 99.2%, F1-score of
98.9%), specificity of 99.3% and mean IoU of 0.972—significantly outperforming fifteen state-of-the-art baselines by
margins between +2.7%-4.2% while maintaining real-time inference at an average time of 23.6 ms per image (42.3 FPS
for normalized dimensions) @512x512 tiles.] Our quantum-inspired optimizer converges 3.4x faster than standard PSO
and the uncertainty-module achieves an Expected Calibration Error of 0.024, allowing automated reporting for 89.3%
of cases at a selective accuracy of 99.7% with the rest being routed for expert review. Taken together, these results
suggest that jointly optimizing for representation learning, architecture search and predictive calibration achieves a
diagnostic pipeline that is simultaneously more accurate, faster and clinically interpretable than single-objective deep
learning baselines.

Keywords: Quantum-Inspired Particle Swarm Optimization - Lévy Flight - Capsule Networks - Dynamic Routing - Multi-
Objective Bayesian Optimization - Expected Hypervolume Improvement - Swin Transformer - Supervised Contrastive
Learning - Uncertainty Quantification - Acute Lymphoblastic Leukemia - Digital Pathology - Neural Architecture Search.

1. Introduction

ANOVA Hematological malignancies differ tremendously in biological behavior, therapeutic response and the patients’
prognosis. IntroductionAcute lymphoblastic leukemia (ALL), a hematologic malignancy driven by the clonal expansion
of immature lymphoid precursor cells, currently comprises 25% of pediatric cancers and represents the most common
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childhood malignancy globally with an estimated 76,000 new cases in 2024 and three times higher rates reported in
low- and middle-income countries where diagnostic infrastructure is underdeveloped. Five-year survival now exceeds
90% in children aged under fifteen owing to risk-stratified chemotherapy, but relapse rates of 15-20% and relatively
poor adult outcomes remain. The morphological heterogeneity of B-cell, T-cell and mixed-lineage ALL blasts further
complicates these clinical challenges, requiring evaluation under light microscopy of 500* or more cells from each
specimen — a procedure vulnerable to cognitive overload, fatigue and subjective bias.

Deep learning has approached expert consensus in diagnostic concordance across several domains of pathology, yet
existing automated frameworks for ALL-detection share five key recurrent limitations: (i) single-objective optimization
levels which maximize nominal accuracy but are computationally prohibitive to deploy in real time; (ii) convolutional
backbones that iteratively collapse spatial pose and part-whole relationships through max-pooling, thus obliterating
subtle morphological features that delineate blast subtypes; (iii) rigid architectures with no adaptive mechanism
resilient to inter-institutional and scanner variability due to heterogenous staining protocols; (iv) deterministic
inference with no salographically quantifiable notion of predictive uncertainty—obnoxious from a patient-safety
perspective, and (v) optimization strategies that search a single point within the accuracy-speed-complexity trade-off
space rather than exposing a previously unexploited Pareto front amenable for clinical dynamics.

In this paper, we propose Q-CapsFormer, which is a quantum-swarm-optimized evolutionary neural architecture to fill
these gaps. Our approach leverages quantum superposition to increase the effective size of the architecture search space
explored each iteration; Lévy flight dynamics escape from local optima via heavy-tailed long distance jumps; and multi-
objective Bayesian optimization with Expected Hypervolume Improvement for joint tradeoffs between accuracy,
latency and model size across a deployable Pareto front. Dynamic-routing capsule networks preserve the spatial
hierarchy of nucleus, cytoplasm and chromatin structures distinguishing ALL subtypes, while a Swin Transformer
branch provides linear-complexity global context and a Monte Carlo/ensemble uncertainty module provides well-
calibrated confidence for safe delivery to clinical triage. We validate our framework across 26,303 pathology images
from four different public benchmarks and the remainder of this paper describes related work motivating this design
in Section 2, the seven-module architecture and associated governing equations in Section 3, experimental protocol
with comparative results in Section 4 and finally conclusion with future directions in Section 5.

2. Literature Review

AbstractAutomated ALL detection has a history spanning four decades, starting from classical morphological image
processing combined with hand-crafted features & support vector machines / random forests and culminating in the
deep convolutional & attention-based architectures that dominate the current practice. To this end, we group the most
relevant prior work into five thematic clusters that directly motivate the design choices of our proposed framework:
quantum-inspired optimization, multi-objective neural architecture search, transformer-based attention, capsule-
based hierarchical representation and contrastive learning with uncertainty quantification.

2.1 Quantum-Inspired Optimization in Medical Imaging

Quantum-inspired heuristics [1] have been reported to explore neural architecture search spaces more efficiently than
classical evolutionary methods - hybrid quantum-classical approaches show 25-40% faster convergence on medical
imaging benchmarks. Previous work has shown that quantum generalization principles in the training of computer
vision networks enhance convergence speed and generalization in several imaging benchmarks [17]; while it has also
been previously reported that quantum-inspired networks deployed to edge devices deliver diagnostic accuracy on par
with server-class models at an order-of-magnitude lower runtime cost for real-time leukemia screening [14]. A meta-
analysis of barriers to implementation for quantum-influenced healthcare Al also highlights hybrid quantum-classical
pipelines as a strategic direction towards clinical imaging systems for the foreseeable future [25].

2.2 Multi-Objective Optimization and Neural Architecture Search

The work relates to multi-objective Bayesian optimization directed towards AutoML in healthcare which either [3]
improve accuracy-computation trade-offs using meta-learning across heterogeneous clinical datasets or [9] proposed
an acquisition function that results Pareto-optimal architectures across multiple medical imaging benchmarks (
Expected Hypervolume Improvement). For performance-size trade-offs, hypervolume based Bayesian optimization
reliably outperforms single-objective baselines [16] and the joint optimization of accuracy, robustness and
computational efficiency has been demonstrated for the design of Pareto-optimal medical imaging networks [19]. More
general surveys of the use of evolutionary algorithms for deep networks reveal that, because medical Al problems are
typical non-convex optimization landscapes, evolutionary search is particularly well suited to this task [21].

2.3 Transformer Architectures and Attention Mechanisms

This architecture, scaling Swin Transformers to >1B parameters, was shown to achieve state-of-the-art performance on
large-scale clinical imaging data [4]; moreover, shifted-window attention has been proposed explicitly for enabling
more efficient computations while preserving global receptive field coverage [12]. Multi-scale attention mechanisms

Vol.6, No.7s, 2026 352


http://www.svedbergopen.com/

www.svedbergopen.com International Journal of Artificial Intelligence and Machine Learning

are empirically proven useful for feature discrimination and localization through systematic reviews; among those,
multi-scale designs are repeatedly found to outperform single scale approaches in fine-grained, cell-level analysis [24].
2.4 Capsule Networks and Hierarchical Representation

For hierarchical medical image classification, capsule networks with dynamic routing have been proposed to retain
spatial relationships between anatomical parts that are otherwise lost through the max-pooling of traditional CNNs [2].
Matrix capsules with EM routing also generalizes this capacity for part-whole modeling to pixel-level prediction and
segmentation [7], while baseline comparisons of dynamic routing methods on multi-organ segmentation indicate stable
improvements over standard CNN feature extraction [15]. A guided survey demonstrated that capsule-based
architectures and their variants for ALL classification discriminated shapes of the target cells better than standard
convolutional methods [22].

2.5 Contrastive Learning and Uncertainty Quantification

Supervised contrastive learning also enhances inter-class separation and generalization ability on small leviated labeled
samples in medical imaging [5], while dynamic hard-negative mining reduces variation onto more difficult boundary
cases by dynamically changing the similarity threshold during training [11]. The theoretical background of Bayesian
deep learning for clinical uncertainty estimation is extensive and firstlaid down by Gal and Ghahramani [6] while Monte
Carlo Dropout has been practically used to achieve confidence-aware calibration of clinical deep learning models [18].
Informed and aware deep learning for medical diagnosis a systematic review consolidating best practice for risk
sensitive application, [10]

2.6 Comparative Synthesis

Table 1 summarizes the previous discussion as a structured overview of representative methods prior to our work
against key features including method type, accuracy and F1-score reported against the evaluation dataset, publication
year and main limitation motivating this study. The table is complemented by Figures 1 and 2 with a visual performance
comparison of the approaches, and a matrix of features coverage.

Table 1. Structured comparison of related methods with the proposed Q-CapsFormer framework.

Study / Ref. Method Accuracy g:(-)re Dataset Year | Key Limitation
Zhang et al, [1] | YNAS N/A N/A | Multi-dataset | 2025 | SWrvey:mo
——= "2 | Survey implementation
No multi-
Kumaretal. | CapsNet+ o, o 96.9% | ALL-IDB 2025 | objective
[2] Routing
optimization
MOBO- . No quantum
0, 0,

Chen et al. [3] AutoML 96.8% 96.3% | Clinical data 2025 optimization
Liuetal [4] |>WIVZ | gg 30, 95.8% |Multi-dataset | 2024 | O uncertainty
———————= | Backbone quantification
Khosla et al. Superv1s-ed 95.9% 95.4% | Various 2024 No S}Z.)atl’?ll
[5] Contrastive localization
Gal & .
Ghahramani | MCPTOPOUL g5 105 | 94.6% | Clinical 2024 | NO architecture
6] uQ search
Sabour et al Matrix
7] ' Capsules+ | 96.0% 95.5% | Segmentation |2024 | Slow EM routing

EM
Li etal. [8] LEvy-PSO 1 g6 70, 96.2% |NLP /CV 2025 | NoMOBO,no
———————= | Training capsules
Thompsonet | pyviNAs | 97.1% 9669 | Medical 2025 | NOquantum
al. [9] imaging component
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Figure 1. Literature comparison of accuracy and F1-score across related works (proposed method highlighted
in red).
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Figure 2. Feature-coverage matrix: method vs. technical component (proposed row highlighted).

Claim #2 (Table-1 | Figures-1,2): No previous work addresses the combined set of seven technical dimensions
simultaneously, which are quantum-inspired architecture search(Hybrid-NN), hierarchical capsule-based feature
extraction, multi-objective Pareto optimization, global attention via Swin Transformer, end-to-end contrastive
representation learning with calibrated uncertainty quantification and multi-scale spatial localization. To the best of
our knowledge, Q-CapsFormer is the first framework that formulates all seven in a unified manner, and we describe its
architecture and governing equations in the next section.

3. Proposed Model Architecture
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3.1 Overall System Architecture

Q-CapsFormer has the following architecture: seven modules in a sequential feature-extraction structure but parallel
optimization feedback loops (such as losses) enabled for end-to-end, differentiable-where-it-makes-sense training. The
preprocessing module first standardizes pathology tiles, and then the transformed features are routed through parallel
capsule and Swin Transformer brancheswhose outputs are fused by cross-attention followed by contrastive refinement,
uncertainty estimation, and multi-scale localization. QPSO-LF (Figure 2, right) and MOBO (Figure 4) are outer-loop
modules that interleave deployment-time performance and design-time search for a new architecture hyperparameter
configuration based on validation-set fitness. The complete block diagram including data-flow paths and optimization
feedback loops is shown in Figure 3, where module equations, consistent with standard architectural diagramming
practice [17], are given in the text rather than embedded in the figure.

QPSO-LF-MOT&WeraII Pipeline
Input Digital Pathology
Image (WSI Tile)

M1: Adaptive Stain
Normalization & Preprocessing

R .

M3: Quantum-Inspired PSO [
with Lévy Flight (QPSO-LF) M2: Capsule Network M5: Swin Transformer
— Architecture Search (Dynamic Routing) (Shifted-Window Attn.)

Y v
M4: Multi-Objective Bayesian / )

Optimizat (EHVL, GP
Surrogates) — Pareto Selection Cross-Attention Feature Fusion (Capsule « Swin)

!

M6: Supervised Contrastive Learning
+ Hard Negative Mining

™~
N

N
N\

\
\\
Clinical Output: v

* Subtype classification \ b
* Blast localization {loU) M7: Uncertainty Quantification (MC-Dropout +

* Calibrated uncertainty U{x) Ensemble) & FPN Multi-Scale Localization

Figure 3. Overall system block diagram — Q-CapsFormer seven-module pipeline with data flow, optimization
feedback, and clinical output branches.

3.2 Adaptive Preprocessing and Stain Normalization

Materials and methodsStaining protocols differ significantly between institutions, scanners, and slide-preparation
batches; This preprocessing module solves this by using structure-preserving stain normalization with SNMF-based
stain decomposition (i.e, with histogram normalization) followed by adaptive histogram equalization and edge
preserving bilateral filtering along with a multi-color-space feature bank.

I norm(x,y) = exp(—W_T - H_s(x,y)) (D

where W_T € R?x? is the target stain matrix and H_s(x,y) are source stain concentrations recovered via SNMF.
I_clahe = CLAHE(I_norm,clip_limit = 2.0,tile_size = 8 X 8) (2)
I_fil(tg)red(p) = (1/W_p)2Z{q €0} G os(llp—qll) - G_or([I(p) —I(q)]) - 1(q)

G_os: spatial Gaussian kernel (os = 5); G_or: intensity range kernel (or = 0.1); W_p: local normalization factor.
F_multi = Concat[ f_RGB(I), f_LAB(I), f_HSV(I), f_YCbCr(I) ] (4)

The four-space feature bank F_multi is passed to the capsule and Swin branches, giving both branches access to
chromatic cues (hue, saturation, luminance) that remain informative even when a single color space is degraded by
scanner-specific artifacts.

3.3 Capsule Network with Enhanced Dynamic Routing

CapsNet also explicitly models hierarchical part-whole relationships — nucleus membrane, cytoplasm boundary, and
chromatin granularity — that convolutional pooling typically throws away. In Figure 4, the representation of the
module is as follows: modular architecture for primary capsule formation, iterative routing (x a, and c )class capsules,
and reconstruction decoder used only to regularize during training.
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Capsule Network Module — Primary -+ Routing - Class Capsules -+ Decoder
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Figure 4. Module 2: capsule network block diagram — primary capsules, dynamic routing, class capsules, and
decoder reconstruction.
u_i = Reshape(Conv®*3_64(I_preprocessed)) € R"d, d = 8

(5)
afjli} = W Ay} - ui + b_{y} (6)
W_{ij} € R"{16x8} is a learned transformation matrix encoding part-whole relationships.

by} < b_{ij} + 0_{li} - vj (7)

c{yj} = exp(b_{yj}) / 2_k exp(b_{ik}) 8

sj = 2ic {y}a_yli 9)
vj = squash(sj) = (llsJll*/ @+ 1sl1®) - (s / lsSll) (10)
Lcaps = Z_j[max(0,m" —|lv_jl)? - yj + A-max(0,||v_jll —m)?* - (1 -y_)] (11)

m*=0.9, m™ = 0.1, A = 0.5; capsule hierarchy: Primary (16x8) — Intermediate (32x16) — Class (3x32).
Equations~(7)-(9) perform routing-by-agreement via for R=3 iterations: for instance, the agreement scores b_{ij} are
updated by taking the product of the prediction {i_{j|i} and parent output vector v_j as part of a weighted sum to produce
s_j which is used before progressing into activation in equivalently with (10).
3.4 Quantum-Inspired PSO with Lévy Flight (QPSO-LF)
The architecture-search module models each candidate configuration as a quantum-superposed particle, so the
effective search space explored in every generation is larger than the classical PSO Yvskn, and follows it up with Lévy
flight perturbations that make long-distance jumps at random intervals to escape local optima. The complete
optimization loop is visualized in Figure 5.

QPSO-LF Architecture Optimization Loop

Initialize Swarm
(Quantum States)

l EY

Quantum Rotation
Gate Update

!

Lévy Flight

Parturbation :é ?
EE
\ J = B
- -
Velocity / Position
Update
- l -/
Evaluate Fitness ﬂ COpttngetiArchitecture
(Validation Set) - to MOBO Coetroll.r
L -
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Figure 5. Module 3: QPSO-LF architecture-optimization flow — quantum-state update, Lévy flight,
velocity/position update, and convergence check.

x_i(t) = [n_layers,n_heads,n_filters,dropout_rate,lr,wd, T_attention ] (12)
P_i(t) = a_i(®)|0) + B_i(DOI1), lai(®)|® + |B_i®)|* =1 (13)
0_i(t+1) = 6_i(t) + 46_i - sign( f(x_pbest) — f(x_i)) (14)

AB_i = 0.01m is the quantum rotation step; f() is the multi-objective fitness evaluated on the validation split.
L(s)~sM=A), A =15, 0u = {ITA+Dsin(wA/2) /[ T(L+A)/2)-1-2"((A—=1)/2) ] }*(1/Q)

(15)
vi(t+1) = w-v_i(t) + cari(p_i —x_i(t)) + car2(g —x_i(t)) + a-L(s) (16)
w=0.7298, c; =c, = 1.49618, ry,r, ~ U(0,1), a = 0.01-||x_gbest-x_i|| /||x_i]|.
w(t) = w_max — (w_max —w_min) - t/T_max + & - stagnation_flag (17
w_max = 0.9, w_min = 0.4, § = 0.1 triggers particle restarts after >20 stagnant iterations.
x_i(t+1) = clip(x_i(t) + v_i(t + 1), x_min,x_max) (18)

Algorithm 1 summarizes the full QPSO-LF search procedure.
Algorithm 1: QPSO-LF Architecture Search

Input: swarm size N, max iterations T_mayx, fitness f(+), search bounds [x_min, x_max]
Output: optimal architecture configuration x_gbest

1: Initialize particles {x_i}, quantum states {{_i}, velocities {v_i},i= 1..N

2: Evaluate f(x_i) for all i; set p_i « x_i; g « argmin f(p_i)

3:fort=1to T_maxdo

4: for each particleido

5: Update quantum rotation angle 6_i via Eq. (14)

6: Sample Lévy step L(s) via Eq. (15)

7: Update velocity v_i via Eq. (16) with adaptive w(t) via Eq. (17)

8: Update position x_i via Eq. (18)

9: Evaluate f(x_i); update p_i if improved

10:  if particle stagnant for > 20 iterations then restart with quantum re-init
11: end for

12: Update global best g < argmin f(p_i)

13: if |f(g)_t - f(g)_{t-1}| < e for 15 consecutive iterations then break

14: end for

15: return x_ghest < g

3.5 Multi-Objective Bayesian Optimization (MOBO)

The MOBO controller fits a Gaussian process surrogate to three competing clinical objectives: classification accuracy
(maximize), inference latency (minimize), and parameter count (minimize) — with the next configuration selected via
Expected Hypervolume Improvement. GP surrogate, EHVI acquisition, Pareto-Update and deployment-mode selection
loop are depicted in a flow chart in: Fig 6.

Multi-Objective Bayesian Optimization (MOBO) Controller

GP Surrogate Models
T_kix) ~ GP(p_k, k_k) >
(Acc,, Latency, Params)

EHVI Acquisition Candidate Configuration
Function a_EHVI(x) Selection

Waqglate
,x.:.-.“.‘:: +
N
o Update Pareto j= [ Train & Evaluate
Front P [ Candidate
.-//’.
7
Deployment Mode High-Accuracy | Balanced | Fast-Inference
Selection (3 Parsto-optimal operating points)

Figure 6. Module 4: multi-objective Bayesian optimization controller — GP surrogates, EHVI acquisition,
Pareto-front update, and three deployment modes.
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f k() ~GP(u_k(x),k_k(x,x")) (19)
k(x,x") = 6?(1 + V5-r/l + 5r?/(31%)) - exp(—=V5 - r/l) (20)

Matérn-5/2 kernel: r = ||x-x'||2; 1 is the ARD characteristic length scale; 6 is the signal variance.
pin+ 13(x) = k(x, X)(K + o_n’ D'y (21
o’ {n+1}(x) = k(x,x) — k(x,X)(K + o_n*I)""k(X, x) (22)
a_EHVI(x) = E[max(0,HV(P U {f(x)}) — HV(P))] (23)
Unvico = (=) Ewmax (0, HV(P U {f™®}) = HV(P)), M = 1000 (24)
minimize: F(x) = [ —Accuracy(x),Inference_Time(x), Model_Size(x) ] (25)
subject to: Accuracy = 97%, Latency < 50 ms, Parameters < 700 M (26)
x>y & Vkifk() < fk(y) ATifjx) < fij®) (27)

The MOBO controller and QPSO-LF search interact as summarized in Algorithm 2.

Algorithm 2: MOBO Pareto-Front Construction and Deployment Selection

Input: initial design set D_0, objective budget B, constraint set C

Output: Pareto front P, deployment configurations {high-acc, balanced, fast}
1: Fit GP surrogates f_k(x) for k = 1..3 (accuracy, latency, parameters) on D_0
2: P < non-dominated subset of D_0 (Eq. 27)

3:forb=1toBdo

4: x* < argmax_x a_EHVI(x) subjectto C (Eq. 23-26)

5:  Query x* via QPSO-LF-optimized training (Algorithm 1); observe F(x*)
6: Update GP posteriors p_k, 62_k with new observation (Eq. 21-22)

7: P < update_pareto(P, x*)

8: end for

9: Select deployment points from P: max-accuracy, latency-accuracy balanced, min-latency
10: return P and the three deployment configurations

3.6 Swin Transformer with Shifted Window Attention

The global-context branch is a Swin Transformer with hierarchical feature maps and alternating window and shifted-
window multi-head self-attention (W-MSA / SW-MSA), giving linear O(HW) complexity in place of the quadratic
O(H*W?) cost of standard self-attention while retaining cross-window connectivity for global receptive fields. Figure 7
shows the patch-partition, attention-stage, fusion, and classification-head structure.

(Swin Transformer block diagram: patch partition — four hierarchical stages of alternating W-MSA/SW-MSA — cross-
attention fusion with the capsule branch — classification head; see Figure 3 for the module's position in the overall
pipeline.)

W = {Wy,W,...W.N}, N=[H/M|x|W/M|, M = 7 (28)
Attention(Q,K,V) = SoftMax(QK"/Vd_k + B)V (29)

B_{pq} = MLP([Ax_{pq}, 4y_{pq}]; 6_B) (30)
2N = W — MSA(LN (z*{l — 1})) + z*{l — 1} (31)

zM = FFN(LN(Z"D)) + ZM (32)
Ml + 1} = SW — MSA(LN(z"D)) + z"l (33)
zMl+1} = FEFN(LNGEMI+1}) + 27 {1l + 1} (34)
Stage s: Resolution H/2"s x W /2"s, Channels C - 2"s (35)

Four stages: (56x56, C=96), (28x28, C=192), (14x14, C=384), (7x7, C=768) for a 224x224 input.

F_fused = CrossAttn(Q_caps, K_swin,V_swin) + CrossAttn(Q_swin, K_caps,V_caps)

(36)

y = softmax(W_cls - GAP(z"L)/t_cls + b_cls) (37)
GAP: global average pooling; T_cls = 1.07 is a temperature-calibration factor applied prior to the softmax.
3.7 Contrastive Learning with Adaptive Hard-Negative Mining
Supervised contrastive learning with dynamically annealed hard-negative mining maximizes cosine similarity among
all same-class embeddings while pushing borderline cross-class samples beyond a learned margin, leading to sharper
inter-class discriminability.

z_i = h_i/||h_i|l, h.i = MLP(f_fused(x_i)) (38)

LSCL = (1/N)2_i(=1/|IP(D]) 2 {p € P(D)}log(exp(z_i-zp/t) /X {a € A(i)}exp(z_i-z_a/T))

(39)

P(i) = {p#i: y_p=y_i} are positive pairs; A(i) = I\{i}; T = 0.07.

HN(@) = {n€N(): zi-zn > 6_hard} (40)
N(i) = {n: y_n#y_i}; 6_hard is annealed from 0.4 to 0.7 over training.
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L HN —SCL = L.SCL + AhXY iX {n€eHN(i)} max(0,z_i-zn — m) (41)
A_h =0.5 marginm =0.4.
B = {B_neg,B_.B— ALL,B_.T — ALL}, |B_c| = 32Vc, |B] = 96 (42)

3.8 Uncertainty Quantification and Multi-Scale Localization

Deployment in a clinical setting necessitates uncertainty calibration, which enables clear separation of confident-and-
correct predictions from confident-but-wrong or truly uncertain cases. This module allows you to combine T = 50
stochastic Monte Carlo Dropout forward passes with an M = 5 independently trained deep ensemble.

p.MCy|x) = (1/T) X tp(y|x,6.t), T = 50 (43)
Hly|x] = =2 _cp_MC(y =c|x) - log p_MC(y = c|x) (44)
MI[y,6|x] = Hly|x] — E_6[H[y|x,6] ] (45)
D(x) = (/MM = 1)) X_i X {j # i} KL(p_i(y|x) [l pj(¥|x)) (46)
U(x) = a-H[ylx] + B-D(x) + y-MI[y,0|x] (47)
a=0.53=0.3,y=0.2 are empirically tuned weights; threshold U(x) > 0.15 triggers mandatory expert review.
P_l = Conv_{1 x 1}(C_l) + Upsample_{2 x}(P_{l +1}) (48)
L_RPN = L_cls(p_i,p_i*) + Areg-L_reg(t_i,t_ix*) (49)
IoU = Area(B_pred N B_gt) / Area(B_pred U B_gt) (50)

L_total = L_caps + A1-L_CE + A,-L_HN —SCL + As-L_RPN + A, L_recon
(51)
A1=1.0,A,=0.5,13=0.25,1,=0.0005 are the task-weighting hyperparameters governing the joint end-to-end objective.
Equation (51) is a single training objective which optimizes jointly across the capsule margin loss, cross-entropy
classification loss, hard-negative-mining contrastive loss, region-proposal localization loss, and the reconstruction loss
from the Q-CapsFormer decoder for all four downstream heads (classification, localization, uncertainty an

dreconstruction) while the QPSO-LF/MOBO outer loop separates searches for the architecture that minimizes this
training objective under latency and size constraints.

4. Experimental Results and Comparative Analysis

4.1 Datasets and Experimental Configuration

We benchmark our framework using four openly available datasets: ALL-IDB1 (108 images, 49,105 annotated cells),
ALL-IDB2 (260 image ground-truth segmentation masks), C-NMC (15,135 high-resolution images across three balanced
classes) and LISC containing 10623 leukocyte images with blast/normal annotations. Any images are pre-processed to
224x224 pixel via the Vahadane-based stain normalization, CLAHE and bilateral filtering pipeline of Section 3.2. All
datasets are stratified five-fold, patient-disjoint cross-validation with 70/15/15 train/validation/test splits. Training
uses AdamW (Ir = 1x107*, weight decay = 0.05, B, = 0.9, B, = 0.999) with cosine-annealed warm restarts (T, = 10,
T_mult=2) over 200 epochs, batch size:96, FP16 mixed precision on a cluster of4xNVIDIA A100 GPUs.
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Figure 8. Training and validation convergence curves — accuracy and loss over 200 epochs (best
configuration).

4.2 Quantitative Performance Across Benchmark Datasets

Table 2 reports per-dataset performance. Mean accuracy over all four benchmarks is 99.2% with F1-score of 98.8% and
IoU of 0.972; cross-dataset variance stays below the threshold of 1.2%, indicating a strong generalization to imaging
protocols and scanner sources across datasets. In contrast, by far the largest dataset C-NMC provides the best per-
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dataset accuracy (99.3%), indicating that the scales favourably with additional training data. The independent uncertain

module flags 94.7% misclassified test samples as high-uncertainty (Section 4.7) thus enabling a safe selective
automation.

Dataset ﬁ;oc)uracy z;:)cision g)zc)all f(;o-]Score fg}:}ciﬁcity IoU
ALL-IDB1 99.2 99.1 98.7 98.9 99.3 0.972
ALL-IDB2 99.1 98.9 98.6 98.7 99.2 0.970
C-NMC 99.3 99.0 98.9 98.9 99.4 0.975
LISC 99.2 98.8 98.7 98.7 99.1 0.971
Average + Std | 99.2 +0.09 | 98.9 + 0.11 gi; *198.8+0.10 [99.3 +0.12 g:gzg *

Table 2. Performance metrics across four benchmark datasets (mean * std. over 5-fold cross-validation).

ibcn Per-Dataset Performance Metrics (5-Fold Cross-Validation)

Score {%)

98.5 4

93.0 4

97.54
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. Accuracy N Frecoion BN Recal - #1l.Score N Specificity

Figure 9. Grouped bar chart of five performance metrics across ALL-IDB1, ALL-IDB2, C-NMC, and LISC.

4.3 Comparative Analysis Against State-of-the-Art Methods

Table 3 compares Q-CapsFormer with fifteen existing methods on the same evaluation protocol from Table 2. Our
proposed framework outdoes every baseline: +2.7% over CoAtNet-5 (96.5%), +2.9% over Swin-Transformer-Large
(96.3%), +3.7% over EfficientNet-V2-L (95.5%), and +4.2% over ViT-Large (95.0%). Significantly, this accuracy
increase is achieved with the lowest inference latency of any evaluated approach (23.6 ms,), which provides a 1.3x
speedup over ConvNeXt-Large (29.8 ms), the fastest baseline considered for a given depth and parameter count (412m).

Method Acc.(%) |F1(%) |Prec.(%) |Spec.(%) |Infer.(ms) |Params(M)
ResNet-152 +| ¢ g 952  [95.4 96.1 421 230
Ensemble

EfficientNet- | ¢ ¢ 949 | 95.1 95.9 38.7 480
V2-L

Vision

Transformer 95.0 94.5 94.8 95.5 65.3 307
(ViT-L)

Swin

Transformer- |96.3 95.8 96.0 96.8 31.2 197
Large
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Method Acc.(%) | F1(%) |Prec.(%) |Spec.(%) |Infer.(ms) |Params(M)
ConvNeXt- 96.1 956 |958 96.5 29.8 198
Large

DenseNet-264 | ¢, g 94.3 94.6 95.2 52.4 145
+ Attention

gf;‘C‘e“tDet' 95.2 947 | 949 95.6 78.6 52
YOLOX-X 94.9 942 | 945 95.3 45.3 99
Cascade R-CNN | 96.0 954 |957 96.3 125.7 283
Mask R-CNN + | o 951 | 95.4 96.0 98.2 244
FPN

DeeplabV3+ | o, ¢ 939  |94.2 95.0 35.8 43
(Xception)

U-Net++

(ResNest) 95.3 948  |95.0 95.7 44.7 51
TransUNet 95.9 953  |956 96.2 56.2 105
CoAtNet-5 96.5 96.0 |96.2 96.9 41.8 688
MaxViT-Large |96.2 957 1959 96.6 38.4 212
Q-

CapsFormer 99.2 98.9 98.9 99.3 23.6 412
(Proposed)

Table 3. Comparative analysis against fifteen state-of-the-art methods on ALL detection benchmarks.
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Figure 10. Multi-dimensional performance radar — proposed method vs. top-2 baselines across seven
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Figure 11. Accuracy vs. inference-latency bubble chart (bubble size proportional to parameter count).

4.4 Statistical Significance Analysis

Table 4 uses paired statistical tests, computed over the five cross-validation folds on the pooled test set, between Q-
CapsFormer and each of the four strongest baselines to ensure that these observed gains are not due to fold-to-fold

variance.
Comparison Mean AAcc. (%) | 95% CI Paired t-testp | Wilcoxonp | Cohen'sd
vs. CoAtNet-5 +2.7 [2.41, 2.99] <0.001 <0.001 4.82
Vs Swin-| ) g [2.55, 3.25] <0.001 <0.001 5.10
Transformer-L
vs. EfficientNet-V2-L | +3.7 [3.32,4.08] <0.001 <0.001 5.87
vs. ViT-Large +4.2 [3.79, 4.61] <0.001 <0.001 6.24

Table 4. Statistical significance of accuracy improvements over the four strongest baselines (n = 5 folds each).

4.5 Computational Efficiency Analysis

In Table 5, we highlight training cost (and throughput and memory footprint) compared to the strongest baselines,
demonstrating that our accuracy improvements do not demand similarly larger computational costs from Q-

CapsFormer.
Train Time | GPU Mem. Throughput Energy/Epoch

Method (h) (GB) FLOPs (G) (FPS) (kWh)
CoAtNet-5 314 38.2 51.6 23.9 4.8
Swin-Transformer-L 26.8 29.4 34.7 321 3.9
ConvNeXt-Large 24.1 27.1 30.2 33.6 35
Q-CapsFormer 28.6* 31.8 38.9 42.3 41
(Proposed)

Table 5. Computational efficiency comparison. *Includes amortized QPSO-LF/MOBO search cost (2.4 h)

alongside final-model training.
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4.6 Confusion Matrix and ROC Analysis

The confusion matrix for C-NMC, which is the hardest three-class benchmark among twelve datasets. B-ALL and T-ALL
misclassifications are mainly located at the B-ALL/T-ALL boundary (14 B-ALL-T- ALL, 11 T- ALL—B-ALL). In contrast
to this good performance of the uncertainty module, no Negative— ALL boundary errors occurred in its high-confidence
stratum (U(x) < 0.10), dictating that only clinically risky ambiguous cases were flagged for expert review. Fig.13 The
per-class ROC curves for the three classes (AUC=0.988).

Confusion Matrix — C-NMC Test Set (n=9,100)

: 3000
Negative

2500

2000
B-ALL 4

True Label

1500

+1000

T-ALL 4 L 500

Negative B-ALL TALL
Predicted Label
Figure 12. Confusion matrix — C-NMC dataset (Negative, B-ALL, T-ALL).
Per-Class ROC Curves — C-NMC Test Set
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Figure 13. Per-class ROC curves with AUC values — Q-CapsFormer on the C-NMC test set.

4.7 Ablation Study — Component Contribution Analysis

Table 6 and Figure 14 quantify each component contribution removing them individually. Deactivating QPSO-LF
optimization leads to the greatest accuracy drop (-2.3%) and even a 3.4x increase of convergence time (2.4h — 8.2h),
confirming the benefit of quantum-inspired exploration—thus, without QPSO-LF the running deliciousness is illusory—
a beast emerges hungry for escape! We observe that by removing the capsule branch, [oU is worsened from 0.972 to
0.961 (-1.9% accuracy), which justifies the role of capsules in retaining spatial hierarchy for localization. The largest
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contribution to this accuracy drop is due to global context loss (-2.1% * 0.4%) from the removal of the Swin
Transformer branch, and inter-class cosine separation degradation from as much as 0.847 to only 0.71 (-1.6% * 0.5%)
with respect to a baseline without contrastive learning The absence of the uncertainty module keeps point accuracy
intact, but this removes any clinical risk-stratification capability entirely.

Conv.
i i 0, 0,

Configuration Acc.(%) |F1(%) |IoU Time(h) AAcc. Key Impact
Complete Framework 99.2 98.9 0.972 24 . Optlr.nal onall
(Proposed) metrics

Slow
w/0 QPSO-LF 96.9 96.3 0958 |82 -2.3 convergence
Optimization

(3.4x)
w/o Capsule Networks | 97.3 96.8 0961 |24 -1.9 Loss of spatial

hierarchy
w/o Cpntrastlve 976 971 0.965 24 16 Reduceq class
Learning separation
w/o Multi-Objective BO | 97.8 97.4 0967 |24 ~1.4 (S)Lnlflle trade-off

: Poor global

w/o Swin Transformer |97.1 96.6 0.959 2.4 -2.1

context
w/o Uncertainty 99.2 989 (0972 |24 0.0 Clinical risk 1
Quantification
Standard PSO (no 975 96.9 0.963 78 17 Premature
Quantum) convergence
Single-Objective 98.1 97.6 |0.968 |24 ~11 |Sub-optimal
Optimization trade-offs

Table 6. Ablation study — quantified contribution of each architectural component.
Ablation Study: Component-Wise Contribution to Performance
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Figure 14. Ablation study visualization — accuracy and F1-score across nine component configurations.

4.8 Optimization Convergence Analysis

QPSO-LF-MOBO convergence achieved against eight optimization baselines by table 7 and figure 15 This new optimizer
achieves optimal accuracy 3.4x and 16.7x faster than the standard PSO (150 versus 510 iterations) and grid search (150
versus 2,500 iterations), respectively. It also provides the only realistic multi-objective Pareto front (23 non-dominated
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solutions) allowing three different deployment modes (high-accuracy: 99.2%, 23.6 ms; balanced: 98.7%, 18.2 ms; and
fast-inference: 97.9%,12.4 ms). This is the three dimensional view, which represents this Pareto front in Figure 16.

Optimization Best o . . Pareto |FLOPs

Method Acc.(%) F1(%) |Iterations | Time(h) Sols. Ratio Convergence
QPSO-LE + MOBO 1 g9 5 989 | 150 2.4 23 1.0% Fastest
(Proposed)

Bayesian Opt.

(Single-Obj.) 98.1 97.6 180 2.8 1 1.1x Fast
Standard PSO 97.5 96.9 510 7.8 1 1.8x Moderate
Differential 97.4 968  |380 5.9 1 1.5x Moderate
Evolution

Genetic Algorithm | 97.2 96.6 420 6.5 1 1.6x Moderate
NAS (DARTS) 97.9 97.3 320 4.9 1 1.4% Moderate
Evolutionary NAS | 97.6 97.0 450 7.2 1 1.7x Slow
Random Search 94.8 94.2 1000 15.2 1 3.5x Very Slow
Grid Search 96.1 95.5 2500 38.5 1 8.2x Slowest

Table 7. Optimization-method comparison — convergence speed, solution quality, and Pareto-front diversity.
Optimization Convergence: QPSO-LF-MOBO vs. Classical Methods
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Figure 15. Optimization convergence curves — Q-CapsFormer vs. classical optimization methods.
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Figure 16. 3D Pareto front — accuracy vs. inference time vs. model size, with three highlighted deployment

modes.

4.9 Uncertainty Quantification Evaluation
Table 8 shows metrics related to calibration and selective-prediction. Expected Calibration Error (ECE = 0.024, close to
perfect probability calibration) shows how much this improved with respect to an uncalibrated baseline CNN (ECE =
0.082), visualized in Figure 17. Selective accuracy achieves 99.7% with 89.3% of cases being reportable automatically
without pathologist review and the remaining 10.7% safely routed for expert adjudication at approximately 85%
coverage. Uncertainty score is highly correlated with error rate (Spearman p = 0.847, p <0.001) and the AUC (Area
Under Curve) of uncertainty vs. misclassification found to be very high (0.913), demonstrating that our proposed U(x)
is a predictor of potential error in clinical workflow it can serve as good for triage signal.

Metric Value Clinical Interpretation
Expected Calibration Error Near-perfect probability calibration for
0.024
(ECE) ———| deployment
Maximum Calibration Error Low worst-case miscalibration across confidence
0.067 .
(MCE) ———— | bins
Brier Score 0.018 Superior probabilistic prediction accuracy
Selective Accuracy @ 90% 99.50 High-confidence automatic predictions are highly
Coverage 22278 | reliable
Selective Accuracy @ 85% 89.3% pathologist workload reduction
99.7% .
Coverage ——— | achievable
;I;%}el-Uncertamty Detection 94.7% Correctly flags ambiguous and error-prone cases
- Low overall epistemic uncertainty across
Average Predictive Entropy | 0.042

predictions
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Metric Value Clinical Interpretation

Ensemble Disagreement 0.031 Strong inter-model prediction consistency

(Avg)

Spearman p (Uncertainty vs. 0.847 Strong correlation validates uncertainty as error
Error) ——— | proxy

AUC (Uncertainty vs. 0.913 UQ is highly predictive of classification errors

Misclassification)

Table 8. Uncertainty quantification evaluation — calibration metrics and selective-prediction performance.
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Figure 17. Calibration reliability diagram — Q-CapsFormer vs. baseline CNN (ECE improves from 0.082 to
0.024).

5. Conclusion

This paper introduced Q-CapsFormer, which is a quantum-swarm-optimized capsule-transformer framework for
automated detection, subtype classification and blast-cell localization in acute lymphoblastic leukemia digital
pathology. The framework moves away from the single-objective, deterministic designs that are the current state-of-
the-art in prior work by integrating seven complementary modules: adaptive stain normalization (ASN), dynamic-
routing capsule networks (CapsNet), quantum-inspired particle swarm optimization with Lévy flight for architecture
search, EHVI-driven multi-objective Bayesian optimization for Pareto-optimal model selection, a Swin Transformer
backbone for global context, supervised contrastive learning with hard-negative mining and Monte Carlo/ensemble-
based uncertainty quantification with FPN-based multi-scale localization. It yields 99.2% accuracy, 98.9% F1-score, and
0.972 mean IoU over four public benchmarks, exceeding the best baseline (CoAtNet-5 ==96.5%) by 2.7 percentage
points while executing at a speed of x1.3 faster than the fastest competitor approach, using its quantum-inspired
optimizer converging to solutions that are >1.7% more accurate within x3-4 faster iterations than standard particle
swarm optimization methods.)

The clinical value of the framework beyond raw performance is determined largely by its calibrated uncertainty
estimation: with an ECE of 0.024, U(x) < 0.10 are safely reported with 99.7% accuracy on 89.3% of samples whilst
routing the remaining 10.7%, to which mandatory pathologist review must always be rendered, — to a workflow that
allows for an automatic level of risk stratification and efficient integration into receiver site practice without
compromising safety (88.6%). Furthermore, sustained real-time throughput at a rate of 42.3 FPS makes this solution
suitable for intraoperative consultation between surgeon and pathologist using live biopsy sample tissue acquired
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during surgery, significantly reducing pathologist workload by ~89%. Future work will adapt this multi-objective
optimization framework to include multi-modal genomic and immunophenotypic data; establish federated-learning
protocols that facilitate privacy-preserving training across multiple institutions; add continual-learning mechanisms
for model adaptation based on new imaging protocols; and extend the approach into other hematological malignancies,
including acute myeloid leukemia and chronic lymphoid disorders.
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