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Abstract

Breast cancer diagnosis from histopathology images remains challenging due to
two intertwined factors: severe class imbalance, where malignant cases represent
a small minority of samples, and the need to integrate discriminative features
across multiple spatial scales. Existing methods typically address imbalance and
multi-scale fusion separately, leading to biased or redundant representations.



We propose CMAF-Net, a theoretically grounded architecture that unifies infor-
mation bottleneck principles with margin-based learning to jointly tackle these
challenges. CMAF-Net employs a dual-branch CNN-Transformer backbone fused
through a Cross-Modal Attention Fusion block, which implements temperature-
controlled attention and redundancy minimization to preserve complementary
local and global features. At the classification level, we introduce an Adaptive
Class-Balanced Focal Loss that operationalizes margin theory under imbalance,
enforcing larger margins for minority classes while dynamically adapting to feature
distributions. Extensive experiments on the IDC dataset show that CMAF-Net
achieves 94.92% sensitivity and 95.52% balanced accuracy, outperforming state-
of-the-art baselines by up to 8.6% on malignant detection. Under extreme 99:1
imbalance, CMAF-Net maintains 76.45% sensitivity, demonstrating graceful degra-
dation where competing methods fail catastrophically. Cross-dataset evaluation
on BreakHis confirms robust zero-shot transfer across four magnifications with
average sensitivity of 95.61%. Ablation studies and information-theoretic analyses
validate the contributions of each component, while computational profiling shows
CMAF-Net achieves superior accuracy—efficiency trade-offs compared to prior
fusion networks. Beyond breast cancer, our framework establishes a principled
template for information-theoretic fusion under class imbalance, with implications
for rare disease detection, clinical decision support, and broader multi-modal
learning tasks.

Keywords: Information bottleneck, Cross-modal fusion, Class imbalance, Attention
mechanisms, Medical image analysis, Deep learning

1 Introduction

Breast cancer remains the leading cause of cancer-related mortality among women
worldwide, with Invasive Ductal Carcinoma (IDC) accounting for approximately 70%—
80% of all diagnosed cases [1]. Accurate and early detection of malignant tissue in
breast histopathology is essential for improving patient prognosis. Histopathological
examination remains the gold standard for diagnosis; however, its manual interpretation
is labor-intensive, subjective, and susceptible to inter-observer variability.

Automated analysis using deep learning offers promise, yet faces two critical and
interconnected challenges. First, breast histopathology datasets typically exhibit severe
class imbalance: malignant samples, though clinically vital to detect, comprise only
20%-30% of tissue samples in screening populations [2]. This imbalance biases learning
kalgorithms toward the majority (benign) classes, leading to poor generalization for
minority (malignant) cases. Second, accurate malignancy detection requires integrating
features across multiple spatial scales. Discriminative cues appear at both cellular and
tissue levels, from nuclear pleomorphism and mitotic activity at high magnification to
architectural disorganization and invasion patterns at lower resolutions [3]. Conventional
deep learning pipelines, such as CNNs [4], struggle to bridge this scale gap, while recent
transformer-based approaches [5, 6] offer improved contextual modeling but often lack
explicit mechanisms for adaptive feature fusion across scales.



Existing solutions tend to address these challenges in isolation. Class imbalance is
typically mitigated using static techniques such as resampling [7], cost-sensitive loss
functions [8], or variants of focal loss [9]. These methods, however, are not adaptive to
the evolving representation learning process. Meanwhile, multi-scale fusion strategies
often rely on naive concatenation or late ensembling, which neglect the interaction
between semantic relevance and class representation quality [10]. Such fusion approaches
may inadvertently amplify redundant majority-class features while suppressing the
sparse but critical features of minority-class malignancies. These limitations point to a
broader gap in current research: the lack of unified models that explicitly account for
class imbalance during multi-scale feature integration. In imbalanced histopathological
data, discriminative features for malignancy are both semantically rare and spatially
dispersed. Thus, the ability to fuse multi-scale features in a class-sensitive manner is
essential, not merely for accuracy but for diagnostic reliability.

To address these challenges, we propose CMAF-Net (Cross-Modal Attention Fusion
Network), a hybrid architecture that jointly mitigates class imbalance and enhances
multi-scale fusion through principled learning strategies. At the fusion level, we intro-
duce a Cross-Modal Attention Fusion (CMAF) block guided by the Information
Bottleneck (IB) principle [11], which selectively integrates CNN-derived local features
and Transformer-based global representations while minimizing redundant information.
This enables the model to retain task-relevant cues across spatial scales. At the classifi-
cation level, we incorporate margin theory for imbalanced learning [12] by designing
an Adaptive Class-Balanced Focal Loss (A-CBFL), which enforces larger margins for
minority classes and dynamically adjusts to the evolving feature distributions of the
model. By treating fusion and imbalance not as separate engineering problems but as
coupled learning constraints, CMAF-Net enhances both the robustness and clinical
reliability of automated breast cancer diagnosis.

Our work makes the following contributions to medical image analysis:

1. We introduce CMAF-Net, the first histopathology classification model that explicitly
optimizes the Information Bottleneck objective through learnable cross-modal
attention with temperature-controlled information flow.

2. Our A-CBFL loss implements margin theory with dynamic scheduling, achieving
significant improvements in minority class detection.

3. We demonstrate that information-theoretic fusion naturally handles the multi-scale
nature of histopathology, from cellular details to tissue architecture, within a single
coherent framework.

4. We systematically evaluate performance across imbalance ratios from 70:30 to
99:1, demonstrating that our theoretical framework maintains effectiveness even in
screening scenarios where malignant cases are extremely rare.

The remainder of this paper is organized as follows. Section 2 reviews related
work on class imbalance Section 3 presents our theoretical framework. Section 4
details the CMAF-Net architecture and training methodology. Section 5 describes
experimental setup and datasets. Section 6 presents comprehensive results. Section
7 discusses implications, limitations, and broader impact. Section 8 concludes with
future directions.



2 Related Work

The development of CMAF-Net builds upon and synthesizes advances across multi-
ple research areas: multi-modal fusion architectures, imbalanced learning methods,
information-theoretic deep learning, and medical image analysis. In this section, we
provide a comprehensive review of these foundations, highlighting both the progress
made and the gaps that motivate our approach.

2.1 Multi-Modal and Cross-Modal Fusion Architectures

The fusion of heterogeneous features remains a central challenge in medical imaging,
with approaches evolving from simple concatenation to sophisticated attention-based
mechanisms [13, 14]. Traditional fusion strategies can be categorized into three
paradigms [15]. Early fusion concatenates raw features before processing but suffers
from dimensional explosion and fails to preserve modality-specific characteristics [16].
This becomes particularly problematic when fusing CNN and Transformer features
due to their different inductive biases [17]. Late fusion preserves modality-specific
processing but limits cross-modal interaction to the decision level, underperforming
when modalities contain complementary rather than redundant information [18, 19].
Hybrid fusion attempts to balance these approaches; TransFuse [20] exemplifies this
with parallel CNN-Transformer branches, though it lacks theoretical grounding for
handling redundancy.

Recent attention-based fusion methods dynamically weight features based on rele-
vance. CrossViT [21] pioneered cross-attention for multi-scale fusion, while MLFF-Net
[22] introduced multi-level attention modules for medical segmentation. DAFNet [23]
proposed adaptive normalization convolution that dynamically modifies weights based
on input features. Bottleneck approaches like Perceiver [24, 25] address computational
efficiency through learned compression tokens. However, these methods optimize for
computational rather than information-theoretic objectives, potentially discarding
clinically relevant features [14].

Medical imaging presents unique challenges requiring preservation of subtle features
while managing class imbalance [26]. Recent surveys reveal that most medical fusion
methods lack theoretical justification [14]. While TinyViT-LightGBM [27] achieved
97.8% accuracy in breast cancer diagnosis through efficient multi-source fusion, and Liu
et al. [28] explored CLIP-driven fusion, existing approaches fail to explicitly address
the severe class imbalance prevalent in disease detection, a critical oversight given
rare disease detection requirements. This separation of fusion and imbalance handling
ignores their fundamental interdependence: under severe imbalance, fusion strategies
must prioritize preserving sparse minority-class signals rather than treating all features
equally. This gap motivates our information-theoretic approach that explicitly considers
both redundancy minimization and class imbalance compensation within a unified
framework.

2.2 Class Imbalance in Deep Learning

Building on the fusion challenges, class imbalance presents another critical obstacle
that becomes even more complex when combined with multi-modal learning. Class



imbalance has been extensively studied, with solutions broadly categorized into data-
level, algorithm-level, and hybrid approaches[29]. At the data level, resampling methods
such as SMOTE [7] and its variants generate synthetic minority samples, but in medical
imaging, this risks creating unrealistic pathological patterns. Recent work by Mullick et
al. [30] explored GAN-based oversampling for medical images, achieving mixed results
due to the difficulty of generating realistic pathology. Zhang et al. [31] comprehensively
reviewed augmentation strategies for imbalanced medical imaging, finding that while
augmentation helps, it cannot fully address extreme imbalance where minority examples
are exceptionally rare. Chlap et al. [32] found that aggressive augmentation can even
hurt performance by introducing unrealistic variations.

Algorithm-level approaches have proven more promising for medical applications.
Classical cost-sensitive learning assigns different misclassification costs to different
classes, with recent theoretical work by Menon et al. [33] establishing connections
between cost-sensitive learning and margin theory, showing that optimal costs depend
on both class imbalance and Bayes error, which motivates our margin-based approach.
Lin et al.’s [9] focal loss revolutionized imbalanced object detection by focusing on hard
examples, spawning numerous variants. Cui et al. [8] proposed class-balanced focal
loss, while Li et al. [34] developed dice focal loss for medical segmentation. However,
these use fixed hyperparameters rather than adapting to class distributions.

Margin-based methods have shown particular promise for medical imaging. Cao
et al. [12] provided theoretical analysis showing optimal margins should scale with
class imbalance. Their LDAM loss implements this insight but doesn’t extend to multi-
modal settings. Recent work by Kini et al. [35] showed that margin-based methods are
particularly effective under label noise, which is common in medical annotations. The
importance of calibrated predictions in imbalanced settings has also gained attention,
with Menon et al. [36] showing that standard neural networks are poorly calibrated
under imbalance and Collell et al. [37] proposing post-hoe calibration methods. Our
approach addresses calibration through principled margin design rather than post-hoc
correction. These margin-based insights directly inform our theoretical framework,
providing a foundation for handling imbalance in the context of multi-modal fusion.

2.3 Information-Theoretic Deep Learning

The limitations of empirical approaches to both fusion and imbalance motivate a more
principled theoretical foundation. Information theory provides such a framework for
understanding and designing neural networks, with the Information Bottleneck principle
emerging as particularly influential. Tishby et al. [11] introduced the Information
Bottleneck principle, which Shwartz-Ziv and Tishby [38] later connected to deep
learning, showing that successful neural networks naturally compress information
during training, a phenomenon we explicitly optimize. Alemi et al. [39] developed
practical algorithms for optimizing IB in neural networks, using variational bounds to
make the problem tractable. While Saxe et al. [40] challenged some claims about IB in
deep learning, they confirmed its utility as a design principle.

Recent theoretical advances have strengthened the foundation for information-
theoretic approaches. Goldfeld and Polyanskiy [41] provided rigorous analysis of IB in
modern neural networks, while Geiger et al. [42] showed connections between IB and



generalization. These works support our use of IB for designing robust architectures.
The extension to multi-modal settings has seen limited but promising work. Federici
et al. [43] extended IB to multi-view learning, showing that minimizing view-specific
information improves generalization. Wang et al. [44] applied multi-view IB to medical
imaging but didn’t consider class imbalance.

Information measures have a long history in medical imaging, particularly for
registration and fusion. Mutual information has been the cornerstone of medical
image registration [45], with recent work by Guo et al. [46] extending MI-based
registration to deep learning. Li et al. [47] used information theory for multi-modal
medical fusion but without considering class imbalance. Elton et al. [48] showed that
information-theoretic measures provide interpretable insights into medical AI decisions,
motivating our use of information metrics for understanding fusion behavior. The high
dimensionality and noise characteristics of medical images make information-theoretic
approaches particularly attractive, as they provide principled ways to identify and
preserve diagnostically relevant signals while handling the challenges of both fusion
and imbalance.

2.4 Vision Transformers and Hybrid Architectures

Information theory provides the theoretical foundation, but practical implementation
requires appropriate architectural choices. The emergence of Vision Transformers has
created new opportunities for multi-scale feature learning and fusion. Since Dosovitskiy
et al. [5] introduced ViT, numerous variants have emerged. Liu et al. [49] developed Swin
Transformer with hierarchical representations, while Touvron et al. [50] created DeiT
for efficient training. These provide strong global features but struggle with fine-grained
details crucial in medical imaging. Chen et al. [51] pioneered transformer use in medical
segmentation, while Shamshad et al. [17] comprehensively reviewed transformers in
medical imaging, consistently finding that pure transformers underperform on tasks
requiring fine detail recognition.

This limitation has driven the development of CNN-Transformer hybrids. Dai et al.
[6] developed CoAtNet combining convolution and attention, while Graham et al. [52]
created LeViT for efficient hybrid processing. Wu et al. [53] proposed Convolutional
vision Transformers, embedding convolution within transformer blocks. For resource-
constrained medical applications, Mehta and Rastegari [54] developed MobileViT
combining the strengths of CNNs and ViTs for mobile deployment. This inspired our
choice of MobileViT for the global branch, as medical Al often requires deployment
on resource-constrained hardware. These hybrid architectures inspire our dual-branch
design, though none explicitly optimize information flow between branches, a critical
consideration under class imbalance that our CMAF block addresses.

2.5 Medical Image Analysis with Deep Learning

The unique challenges of medical imaging bring together all the aforementioned areas,
requiring solutions that simultaneously handle multi-scale features, severe class imbal-
ance, and computational constraints. The application domain of medical imaging brings
unique challenges that inform our design choices. In computational pathology, Srinidhi



et al. [55] surveyed deep learning applications, highlighting class imbalance as a critical
challenge. Dimitriou et al. [56] specifically reviewed deep learning for histopathology,
noting that multi-scale analysis is essential for accurate diagnosis. For breast cancer
detection, Spanhol et al. [57] created the BreakHis dataset, establishing benchmarks
for breast cancer histopathology. Recent work by Yan et al. [58] achieved high accuracy
but only under balanced conditions; performance degraded significantly with natural
class distributions.

The importance of multi-scale analysis in pathology cannot be overstated. Mad-
abhushi and Lee [3] showed that different magnifications reveal different diagnostic
features. Tellez et al. [59] quantified the importance of multi-scale analysis, finding
that combining multiple scales improves performance by 15-20% on average. Atten-
tion mechanisms have shown promise for pathology, with Ilse et al. [60] introducing
attention-based pooling for multiple instance learning. Li et al. [61] developed dual-
stream networks for multi-scale pathology, but their approach uses simple concatenation
rather than principled fusion. These works collectively demonstrate that successful med-
ical image analysis requires addressing fusion, imbalance, and computational efficiency
simultaneously, not as separate problems.

2.6 Positioning Our Contributions

Our work synthesizes insights from these diverse areas while addressing critical gaps.
While information theory provides elegant frameworks and margin theory offers optimal
solutions for imbalance, few works successfully implement these theories in practical
architectures. We bridge this gap through careful architectural design that directly
optimizes theoretical objectives. Despite extensive work on both fusion and imbalanced
learning, the intersection remains unexplored. We show that these challenges are
fundamentally connected and benefit from unified treatment. Existing fusion methods
optimize for natural images where class balance is less critical. Medical imaging’s
unique requirements (extreme imbalance, multi-scale diagnosis, interpretability needs)
motivate our specialized approach. Finally, while theoretical papers provide guarantees
and empirical papers show results, few works validate theoretical predictions through
careful measurement. Our information-theoretic analysis provides concrete evidence
for theoretical frameworks.

By addressing these gaps, CMAF-Net advances both the theoretical understanding of
information fusion and its practical application to challenging real-world problems. The
next section develops our theoretical framework, showing how information bottleneck
principles naturally address both fusion and imbalance challenges.

3 Theoretical Framework

The design of CMAF-Net rests on a rigorous theoretical foundation that unifies
information-theoretic principles with statistical learning theory. In this section, we
develop the mathematical framework that motivates our architectural choices and
provides performance guarantees under class imbalance. We begin with the information
bottleneck principle for single-modal learning, extend it to multi-modal fusion, and
show how it naturally connects with margin theory for imbalanced classification.



3.1 Information Bottleneck for Representation Learning

The Information Bottleneck (IB) principle, introduced by Tishby et al. [11], provides
an information-theoretic framework for learning optimal representations. Given input
X, target Y, and learned representation Z, the IB objective seeks to maximize the
mutual information I(Z;Y) while minimizing I(Z; X):

Lig =—-1(Z;Y)+ B 1(Z; X) (1)
where 8 > 0 controls the compression-relevance trade-off. This formulation elegantly
captures the notion that good representations should be predictive (I(Z;Y) large)
while discarding task-irrelevant information (I(Z; X) small).
Recent work by Goldfeld and Polyanskiy [41] established that optimizing Equation
1 provides generalization guarantees. Specifically, they showed that the generalization
error is bounded by:

Ean <1 2HEX) | (1) @)

n n
where n is the sample size. This bound motivates compression even when training
data is abundant, as it directly impacts generalization.
Direct optimization of Equation 1 requires estimating mutual information in high-
dimensional spaces, a notoriously difficult problem. Following Alemi et al. [39], we
employ variational bounds. For I(Z;Y), we use:

I(Z;Y) 2 Ep(z ) [log q(yl2)] + H(Y) 3)
where ¢(y|z) is our classifier and H(Y) is the entropy of labels. For I(Z; X), we
use the variational upper bound:

1(Z; X) < Epa)[KL[p(z[2)||r(2)]] (4)
where r(z) is a variational approximation to the marginal p(z). In practice, we

model r(z) as a standard Gaussian, encouraging representations to be distributed
around a simple prior.

3.2 Multi-Modal Information Bottleneck

Consider two feature extractors processing the same input: a CNN producing spatial
features Z, = fs(X) and a Vision Transformer yielding contextual features Z; = f;(X).
The naive approach would concatenate these features, but this ignores potential
redundancy between modalities.

We propose a multi-modal extension of IB that explicitly accounts for inter-modal
redundancy:

LyvvaB = —1(Ziusea; YY) + B - [[(Zs; X) + 1(Zy; X)) — B2 - [(Zs; Zy) (5)
The key innovation is the —fs - I(Zs; Z;) term, which penalizes redundant

information between modalities. This encourages the feature extractors to capture
complementary aspects of the input.



We establish several important properties of our multi-modal IB formulation.
For By > 0, the optimal representations Z; and Z; minimizing Lyvip satisty
I(Z5Y|Z) > 0 and I(Zf;Y|ZF) > 0 unless one modality is sufficient for perfect
prediction. This can be proven by contradiction: if I(Z%;Y|Z}) = 0, then Z} provides
no additional information about Y given Z;. Since I(Z%; X) > 0 and I(Z};Z;) > 0
(assuming non-trivial features), we could achieve a lower objective by setting Z* = (),
contradicting optimality. This theorem guarantees that our formulation encourages
genuinely complementary features rather than redundant representations.

Our multi-modal 1B framework also provides a principled foundation for ensemble
learning. By encouraging complementary representations, we effectively reduce variance
through diverse predictions while maintaining low bias through joint optimization.
This connects to classical ensemble theory [62] while providing information-theoretic
tools for optimization.

3.3 Information Bottleneck Under Class Imbalance

Under severe class imbalance, the standard IB formulation can lead to degenerate
solutions. With class priors mp = 0.7 and m; = 0.3 (typical in medical imaging), a
representation that simply ignores the minority class can achieve I(Z;Y) & 0.61 nats
(the entropy of the biased predictor).

To address this, we propose a class-weighted IB objective:

Lows = — Z we - 1(Z;Y|C =c)+ - 1(Z; X) (6)
ce{0,1}

where w, are class weights. This formulation ensures that the representation must
be informative about both classes, not just the majority.

We derive the optimal class weights by connecting to Bayes risk minimization.
For binary classification with class priors my, m; and equal misclassification costs, the
weights minimizing Bayes risk satisfy w;/wo = /7o/m1. This can be shown using
Fano’s inequality [63] and minimizing the bound on error probability with respect to we.
This theorem provides theoretical justification for our class weighting scheme, showing
that square-root weighting optimally balances information preservation across classes.

3.4 Margin Theory and Information Bottleneck

Recent work by Cao et al. [12] established that optimal margins for imbalanced
classification should scale with class frequency. Specifically, for class ¢ with prior 7,
the optimal margin satisfies:
* —1/4
Ve X g (7)
We now show how this connects to our information-theoretic framework. For a
linear classifier with features Z, the margin . for class ¢ and the conditional mutual
information I(Z;Y|C = ¢) satisfy:

Ye> V2 - I(Z;Y[C=c)—e (8)



where € depends on the feature distribution. This connection can be established
through the Fisher information and Cramér-Rao bound, relating information content
to separability. This theorem establishes that maximizing class-conditional mutual
information (our objective) directly improves classification margins, precisely what’s
needed for imbalanced learning.

3.5 Unified Framework: IB-Guided Margin Learning

Synthesizing our theoretical results, we propose a unified objective that combines
multi-modal IB with margin-based learning;:

*CCMAF = - ch . I(qused§ Y‘C = C)

+ 81 [[(Zs; X) + 1(Zi; X)) (9)
- 52 . I(Zs§ Zt)
—1/4)

+ ‘cmargin (’YC X T,

This objective simultaneously maximizes task-relevant information for each class,

minimizes input complexity, reduces inter-modal redundancy, and enforces optimal
margins based on class frequency.

3.5.1 Temperature-Controlled Attention as Information Bottleneck

The theoretical objective in Equation 9 is challenging to optimize directly. We show that
cross-modal attention with learnable temperature provides a tractable approximation
to the information bottleneck.

Consider the attention mechanism with temperature parameter 7:

N

A(7) = softmax (?}; > , a=A(7)

Let Zattended = 9 ; a;V; denote the attended features and Zsource € {K,V} the
source features. By the Markov chain property Zsource = (Q, K, V) = & = Zattended
and the data processing inequality:

I(Zattended; Zsource) S I(OZ, K) = H(Oé) - H(Oé|K)

The key insight is that the attention entropy H (o) = — >, o log a; varies mono-
tonically with temperature. As 7 — 0, attention sharpens toward a one-hot distribution
(minimum entropy); as 7 increases, attention becomes more uniform (maximum entropy
log N for N keys).

Under mild regularity conditions—specifically, when keys are drawn from a distri-
bution with bounded support and the conditional entropy H(a|K) is bounded by a
constant C—we obtain the approximation:

I(Zattended§ Zsource) ~ — IOgT + ]E[H(Oé)] (10)



This shows that temperature 7 directly controls the information bottleneck: smaller
7 (sharper attention) preserves more information, while larger 7 (diffuse attention)
enforces stronger compression.

3.6 Convergence and Sample Complexity
3.6.1 Non-Asymptotic Convergence Analysis

We establish convergence guarantees for gradient descent on Lconvar under the following
standard assumptions:

(A1) Lcmar is L-smooth: VL) — VL(O)|| < L||6' — 6]
(A2) Bounded gradient variance: E¢[||V£(6;€)||?] < G? for stochastic samples &
(A3) Learning rate schedule: 7, = 1y/v/t with n9 < 2/L

Starting from the descent lemma for smooth functions:

L 2
L(0r1) < L) = m(VLEG). 20) + =5 e

where g; is the stochastic gradient at iteration t.
Taking expectations over the stochastic gradient (with E[g;] = VL£(6;) and
Efllgell?] < o + [VL(O:)]?):

BlCia] < Ble] - (1- 22 ) BOVLP +

Ln?a?

Summing from ¢ = 1 to T and using the fact that Zle ne ~ O(KT) for our
learning rate schedule, we obtain:

0.2

: 2(Lo— L")
2 A=~ e
min BV < 2225 0 () )

This establishes an O(1/T) convergence rate to a stationary point, with the variance
term decreasing with batch size B. While the rate is independent of class imbalance,
the constants may depend on minority class characteristics.

3.6.2 Sample Complexity under Class Imbalance

We now analyze the sample requirements for achieving e-optimal performance for each
class. Consider class ¢ with prior probability 7. and n, training samples.

Step 1: Concentration. For bounded loss ¢ € [0, 1], Hoeffding’s inequality gives
us with probability at least 1 — ¢:

c cl > 2nc

where R, is the true risk and RC is the empirical risk for class c.



Step 2: Adaptive margin complexity. To compensate for class imbalance, we
enforce larger margins for rare classes. With margin 7, o< m¢ 1 4, the Rademacher
complexity of the margin-regularized hypothesis class F,, becomes:

d"iTi/2

Uz

Rnc(}-’yc) =0

where d is the effective feature dimension. The factor Wi/ 2

between margin scaling and class frequency.
Step 3: Sample requirement. Combining the concentration and complexity
bounds, to achieve expected risk within e of the Bayes optimal, we require:

arises from the interaction

—1/2
ne =0 <7Tc€2 - polylog(d, 1/6)) (12)

This result quantifies how minority classes (small 7.) require O (e 1/ 2) more samples
than majority classes. Our IB regularization mitigates this burden by learning more
informative representations that effectively reduce the feature dimension d, thereby
improving the sample efficiency for all classes, especially minorities.

3.7 Theoretical Insights and Design Principles

Our theoretical framework yields several key insights that guide the practical design
of CMAF-Net. The learnable temperature parameters in our attention mechanism
directly control the information bottleneck tightness, providing a principled way
to balance feature preservation and compression. Without explicit penalization of
I(Zs; Zy), fusion methods waste model capacity on redundant features; our theory
shows this is particularly harmful under class imbalance where efficient use of minority
samples is crucial. The optimal information preservation differs by class based on
their frequency, motivating our class-balanced focal loss with adaptive parameters.
Furthermore, maximizing class-conditional mutual information improves margins,
providing a unified view of representation learning and imbalanced classification. Finally,
the theoretical guarantees show that proper fusion can achieve better sample complexity
than any single modality, but only when redundancy is controlled.

These theoretical insights directly inform the architectural design of CMAF-Net,
which we detail in the next section. By grounding each component in rigorous theory, we
ensure that our practical implementation inherits the favorable properties established
here.

4 Methodology

Building upon the theoretical foundations established in Section 3, we now present
the CMAF-Net architecture, a practical instantiation of our information-theoretic
framework designed to address the dual challenges of multi-scale fusion and class
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Fig. 1: Overall CMAF-Net architecture.The model processes histopathology
images through dual branches: (i) a spatial CNN branch (ResNet) for local texture
encoding, and (ii) a MobileViT-Transformer branch for long-range contextual rea-
soning. Features from both branches are fused in (iii) the Cross-Modal Attention
Fusion (CMAF) block, which employs learnable head-wise temperature parameters
7(") and information bottleneck (IB) regularization to balance feature discrimination
and redundancy suppression. The fused features pass through fully connected layers
with Adaptive Class-Balanced Focal Loss for final classification.

imbalance in medical image analysis. Our methodology translates abstract theoretical
principles into concrete architectural components, training strategies, and optimization
techniques.

4.1 Architectural Overview

CMAF-Net employs a dual-branch architecture that processes input images through
complementary pathways before fusing representations via our Cross-Modal Attention
Fusion (CMAF) block. Figure 1 illustrates the complete architecture, which comprises
four key components: a spatial feature extractor capturing local morphological pat-
terns through CNN-based processing, a contextual feature extractor modeling global
relationships via transformer-based branch, the Cross-Modal Attention Fusion mech-
anism implementing information-theoretic principles, and an adaptive classification
head ensuring class-balanced prediction with optimal margins.

4.2 Dual-Branch Feature Extraction

The spatial branch employs ResNet-18 [4] as the backbone, chosen for its optimal
balance between capacity and efficiency. For input image x € R?24X224x3 the spatial



features are extracted as Fg = fresnet(X) € RA'XW'XDs where H = W' =7 (after
standard ResNet pooling) and Dy = 512.

We modify the standard ResNet-18 in several ways to better suit histopathology
analysis. Before entering the network, images undergo Macenko normalization [64]
to reduce stain variation through optical density transformation and stain matrix
manipulation. We add skip connections from earlier layers to preserve fine-grained
details, combining features from multiple ResNet stages through 1x1 convolutions and
upsampling. Following recent insights [65], we incorporate spatial attention to focus
on diagnostically relevant regions by combining average and max pooling followed by
sigmoid activation.

The contextual branch employs MobileViT [54], a hybrid architecture combining
convolution’s inductive biases with transformer’s global modeling capacity. For the
same input x, contextual features are extracted as Fy = fyrobileviT(X) € R "XW'xDy
where D; = 480 (MobileViT’s output dimension).

Key modifications for medical imaging include adapting the patch size from stan-
dard ViT’s 16x16 to 8x8, which better suits histopathology’s fine-grained features.
We augment standard positional encodings with scale-aware embeddings based on
local gradient magnitude, helping the model recognize tissue boundaries. To manage
computational costs, we employ Nystrom approximation [66] for efficient self-attention
computation using landmark key vectors.

4.3 Cross-Modal Attention Fusion (CMAF) Block

The CMAF block represents our key architectural innovation, implementing the informa-
tion bottleneck principles from Section 3 through careful design of attention mechanisms
and regularization. Given spatial features F; and contextual features F;, we compute
cross-modal attention through H = 8 parallel heads. For each head h, we project
features into query, key, and value spaces with per-head dimension d, = D;/H = 60.

Each attention head has a learnable temperature parameter 7(") that controls
information flow:

NG (13)

The temperature parameters are initialized as 7" ~ LogNormal(0,0.1) and
learned through backpropagation. Lower temperatures create sharper attention (tighter
information bottleneck), while higher temperatures produce uniform attention (loose
bottleneck).

To explicitly minimize redundancy I(Zs; Z;), we introduce several regularization
terms. An attention diversity loss encourages different heads to attend to different
patterns by maximizing the Frobenius norm of pairwise attention differences. Entropy
regularization promotes focused attention when beneficial through learned per-head
weights, allowing adaptive compression. An orthogonality constraint ensures spatial
and attended features capture different information by penalizing their inner product.

The final fusion employs learned gates that dynamically balance local and global
information. These gates are generated through 1x1 convolution of concatenated

(h) (g (MNT
Agltl) = softmax <Qs (K ) >



attended and spatial features followed by sigmoid activation. The gated fusion combines
features as Frysed = 8 © Fattended + (1 — g) © F, which preserves local features when
global context is uninformative, emphasizes fusion when complementary information
exists, and provides interpretability through gate activation analysis.

4.4 Adaptive Class-Balanced Focal Loss (A-CBFL)

Our loss function operationalizes the margin theory from Section 3, adapting focal loss
for optimal performance under imbalance. Following our theoretical framework, we
set focusing parameters based on class frequency as 7. = Ypage - (ﬂ'maj / 7TC)1/ 4 where
Yhase = 2.0 is the baseline focusing parameter.

Static class weights prove suboptimal during training. We employ exponential
scheduling where weights transition from inverse frequency weighting initially to
balanced weighting at convergence. This creates a curriculum effect where the model
first learns general features before focusing on challenging class boundaries.

The complete A-CBFL combines focal loss with our theoretical insights:

N 1
La-cBFL = — Z Zac(t) “Yic * (1= pic)™ - log(pic)
i=1 c¢=0
+ )\smooth : H(pz)
where p;. is the predicted probability for class ¢, and the entropy term H(p;)
provides label smoothing for better calibration.

(14)

4.5 Training Strategy

Training proceeds through three carefully orchestrated stages that progressively increase
model complexity while maintaining stability. In the first stage (30 epochs), we train
branches independently with standard cross-entropy loss using a learning rate of 1073
with cosine annealing to establish strong unimodal features. The second stage (40
epochs) introduces the CMAF block with frozen feature extractors, using a learning
rate of 10~* with warmup while gradually increasing IB regularization weight. The final
stage (30 epochs) unfreezes all parameters for end-to-end fine-tuning with a learning rate
of 107° and cyclic scheduling, applying the full A-CBFL loss with dynamic weighting.

We employ domain-specific augmentations that preserve diagnostic features, com-
bining color jittering within histopathology-realistic ranges, spatial transformations
including rotation (£30°), flipping, and elastic deformation, and stain augmentation
using adversarial stain transfer [59].

For optimization, we use AdamW [67] with decoupled weight decay, adaptive
gradient clipping based on gradient norm history, and Sharpness-Aware Minimization
[68] for better generalization. Several design choices ensure practical deployability,
including mixed precision training with FP16 for forward passes while maintaining
FP32 master weights, gradient checkpointing to trade computation for memory, and
Flash Attention [69] for memory-efficient computation.

Throughout training, we monitor several quantities to ensure proper behavior. We
track information metrics including feature compression (I(Zs; X) and I(Zy; X)), inter-
modal redundancy (I(Zs; Z;)), and task relevance (I(Zysea; Y)). Attention statistics



reveal temperature evolution per head, attention entropy distribution, and gate activa-
tion patterns. Class-specific metrics include per-class gradient norms, effective learning
rates after weighting, and margin evolution.

These implementation details ensure that our theoretical framework translates
into a practical, deployable system that achieves strong empirical performance while
maintaining interpretability and efficiency.

5 Experimental Setup

5.1 Datasets

We conduct our primary evaluation on the IDC dataset [70], which contains 277,524
RGB patches of size 50x50 pixels extracted from 162 whole-slide images of breast
cancer specimens. The dataset exhibits natural class imbalance with 198,738 benign
(71.6%) and 78,786 malignant (28.4%) patches. Following standard protocol [71], we
resize patches to 224 x224 using bicubic interpolation, apply Macenko normalization
for stain consistency, split data into 70% training, 10% validation, and 20% testing
sets, and ensure patient-level separation where no patient appears in multiple splits.

For assessing generalization, we use the BreakHis dataset [57] containing 7,909
histopathological images from 82 patients. Images are captured at four magnifications
(40x, 100%, 200x, 400x) and include eight breast tumor types. We evaluate on
BreakHis without any fine-tuning to assess zero-shot transfer capability.

To systematically study behavior under extreme imbalance, we create controlled
scenarios by undersampling the minority class to achieve 80:20 ratio (49,685 malignant
samples), 90:10 ratio (22,082 malignant samples), 95:5 ratio (10,460 malignant samples),
and 99:1 ratio (2,006 malignant samples).

5.2 Evaluation Metrics

Given the imbalanced nature of our-task, we employ comprehensive metrics. Primary
metrics include sensitivity (recall) for minority class detection, balanced accuracy
accounting for both classes equally, and area under precision-recall curve (AUPRC),
which is more informative than AUROC for imbalanced data. Secondary metrics
comprise Matthews Correlation Coefficient for overall correlation quality, F1-score as
harmonic mean of precision and recall.

5.3 Baseline Methods

We compare CMAF-Net against state-of-the-art methods across three categories. CNN
architectures include ResNet-50 [4] as a deeper variant of our spatial branch, DenseNet-
121 [72] with dense connections for feature reuse, EfficientNet-B3 [73] optimized through
neural architecture search, and ConvNeXt-T [74] representing modern pure ConvNet
design. Vision Transformers comprise ViT-S/16 [5] as the standard vision transformer,
Swin-T [49] with hierarchical transformer using shifted windows, and DeiT-S [50] for
data-efficient vision transformer training. Fusion methods include TransFuse [20] for
CNN-Transformer fusion in medical imaging, HRFNet [75] as a high-resolution fusion



network, and MMTM [76] implementing multi-modal transfer modules. For imbalance-
specific methods, we evaluate standard Focal Loss [9], CB Loss [8] with class-balanced
weighting using effective numbers, LDAM [12] implementing label-distribution-aware
margin loss, and BalancedSoftmax [77] with adjusted softmax for long-tail recognition.

5.4 Implementation Details

Experiments were conducted on NVIDIA A100 80GB GPUs using PyTorch 2.0 with
CUDA 11.8 and mixed precision via Automatic Mixed Precision. Key hyperparameters
include batch size of 128 (64 per GPU with gradient accumulation), stage-specific
learning rates of 1073, 10~%, and 107> for the three training stages, weight decay of 10~4
for all non-bias parameters, IB regularization weights 81 = 0.01 and 52 = 0.005, and
temperature initialization following 7 ~ LogNormal(0, 0.1). All models were trained
for 100 epochs total with early stopping based on validation balanced accuracy, best
model selection using validation AUPRC, and five runs with different random seeds to
ensure statistical significance.

6 Results and Analysis
6.1 Main Results on IDC Dataset

Table 1 presents comprehensive performance comparison on the naturally imbalanced
IDC dataset. CMAF-Net achieves significant improvements across all metrics, with
particularly strong gains on minority class detection, the primary clinical concern.

Table 1: Performance comparison on IDC dataset with natural 71.6:28.4 class imbal-
ance. Results show mean + std over 5 runs. Bold indicates best performance, underline
second best.

Method Sensitivity Specificity Balanced AUPRC MCC F1 Params

(%) (%) Acce (%) (M)
CNN Baselines

ResNet-50 72.34+2.1 95.23+0.9 83.79+1.3 0.812+0.02 0.745%0.03 0.798+0.02 23.5

DenseNet-121 76.45+1.8 94.89+0.9 85.67+1.2 0.834+0.02 0.778+0.02 0.823+0.02 7.0

EfficientNet-B3 81.23+1.6 94.45+0.9 87.84+1.0 0.867+0.01 0.823+0.02 0.856+0.01 12.0

ConvNeXt-T 83.56+1.5 95.34+0.8 89.45+0.9 0.882+0.01 0.845+0.02 0.871+0.01 28.6

Vision Transformers

ViT-S/16 79.34+1.7 95.124+0.9 87.23+1.1 0.856+0.01 0.81240.02 0.84540.02 22.1

Swin-T 82.45+1.6 95.34+0.8 88.89+1.0 0.876+0.01 0.834+0.02 0.862+0.01 28.3

DeiT-S 80.12+1.7 95.67+0.8 87.89+1.0 0.863+0.01 0.823+0.02 0.8514+0.01 22.4

Fusion Methods

TransFuse 84.23+1.5 95.12+0.8 89.67+0.9 0.887+0.01 0.856+0.02 0.878+0.01 34.2

HRFNet 85.67+1.4 95.01+0.8 90.34+0.8 0.895+0.01 0.867+0.01 0.885+0.01 31.8

MMTM 83.89+1.5 95.23+0.8 89.56+0.9 0.884+0.01 0.851+0.02 0.874+0.01 29.5

With Imbalance Methods

ResNet-50 + Focal 81.45+1.6 94.78+0.9 88.12+1.0 0.869+0.01 0.834+0.02 0.856+0.01 23.5

ResNet-50 + CB 82.89+1.5 95.01+0.8 88.94+0.9 0.878+0.01 0.845+0.02 0.864+0.01 23.5

EfficientNet-B3 + LDAM 84.67+1.4 95.124+0.8 89.89+0.9 0.886+0.01 0.859+0.01 0.872+0.01 12.0

TransFuse 4+ BalancedSoftmax 86.34+1.4 95.23+0.8 90.7840.8 0.901+0.01 0.8724+0.01 0.88940.01 34.2

CMAF-Net (Ours) 94.924+0.8 96.12+0.6 95.524+0.4 0.943+0.01 0.9214+0.01 0.938+0.01 12.3
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Fig. 2: Performance comparison on IDC dataset showing sensitivity, balanced accuracy,
and AUPRC across all methods. CMAF-Net (rightmost) achieves the highest scores
across all three metrics, with particularly notable improvement in sensitivity (94.92%)
compared to all baselines.

The results reveal several insights about CMAF-Net’s performance. Most notably,
CMAF-Net achieves 94.92% sensitivity on the minority malignant class, representing a
22.58% absolute improvement over the ResNet-50 baseline and 8.58% over the best
competing method (TransFuse + BalancedSoftmax). This improvement, clearly visible
in Figure 2, directly translates to detecting 226 additional cancers per 1,000 malignant
cases, a clinically significant enhancement that could save lives in screening programs.

Unlike methods that trade specificity for sensitivity, CMAF-Net maintains 96.12%
specificity which is crucial for avoiding false positive burden in clinical practice. This
balanced performance demonstrates that our information-theoretic approach success-
fully preserves discriminative features for both classes rather than simply biasing
toward the minority. All improvements are statistically significant (p j 0.001, McNe-
mar’s test), with narrow confidence intervals indicating stable performance across
different training runs. Furthermore, with only 12.3M parameters, CMAF-Net is more
efficient than most fusion methods while achieving superior performance, making it
suitable for deployment in resource-constrained clinical settings.

6.2 Performance Under Extreme Imbalance

Table 2 shows performance degradation as class imbalance increases. Figure 3 visualizes
this degradation across different methods, demonstrating the remarkable robustness of
CMAF-Net in maintaining clinically useful performance even under extreme conditions.

The extreme imbalance results, visualized in Figure 3, provide compelling validation
of our theoretical framework. While all methods suffer under extreme imbalance, CMAF-
Net degrades gracefully, maintaining a nearly linear degradation pattern compared to
the exponential drops seen in baseline methods. At 99:1 imbalance, it retains 80.6%
of its original performance compared to 11.5% for ResNet-50. Even more remarkably,
at 99:1 imbalance with only 2,006 minority training samples, CMAF-Net maintains



Table 2: Performance under controlled extreme imbalance. Results show sensitivity
(minority recall) as primary metric.

Method 70:30 80:20 90:10 95:5 99:1
(Original)

ResNet-50 72.34£2.1 58.23£2.8 45.67+3.2 23.45+3.8 8.34+4.5
DenseNet-121 76.45+1.8 64.56+2.4 52.34£2.9 31.23£3.5 12.67+4.2
EfficientNet-B3 81.23£1.6 71.34+£2.1 58.45£2.6 39.67£3.2 18.23+3.9
TransFuse 84.23£1.5 75.67£1.9 65.34£2.3 48.56+2.9 28.34£3.5
TransFuse + BalancedSoftmax  86.34+1.4 79.34£1.7 73.45£2.0 67.89+2.4 52.34£3.0
CMAF-Net 94.9240.8 91.234+1.1 89.34+1.3 84.561+1.6 76.451+2.2
Relative Retention (%) 100 96.1 94.1 89.1 80.6
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Fig. 3: Robustness under extreme class imbalance. While all methods suffer perfor-
mance degradation as imbalance increases from 70:30 to 99:1, CMAF-Net (brown line)
maintains significantly higher sensitivity throughout, retaining 76.45% sensitivity even
at 99:1 imbalance where other methods fail catastrophically.

76.45% sensitivity, which is still clinically useful for screening applications, whereas
other methods fall below random chance (visible as the sharp drop in the rightmost
portion of Figure 3).

6.3 Information-Theoretic Analysis

Figure 4 tracks the evolution of attention entropy and temperature parameters across
different attention heads, providing empirical validation of our theoretical framework
regarding adaptive information bottleneck control.

The attention entropy analysis in Figure 4 reveals important insights about our
multi-head design. The variation in mean attention entropy across heads (ranging from
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Fig. 4: Mean attention entropy and learned temperature parameters per attention
head. The variation in entropy (blue line, ranging from 2.7 to 3.0) demonstrates that
different heads learn to focus on different levels of detail, while stable temperature
values (orange line, 1.0) indicate convergence of the information bottleneck mechanism.

approximately 2.7 to 3.0) confirms that different heads specialize in capturing different
levels of detail. Heads 0, 3, and 4 show lower entropy values ( 2.75), suggesting focused
attention on specific features, while heads 1 and 2 exhibit higher entropy ( 2.95),
indicating broader contextual processing. The relatively stable temperature parameters
across all heads ( 1.0) demonstrate successful convergence of our learnable temperature
mechanism, validating our theoretical framework for adaptive information flow control.

The information-theoretic framework guides the learning dynamics of the model.
During training, we observed that the combined input-information I(Zs; X) + I(Z;; X)
progressively decreases, confirming effective compression, while task-relevant infor-
mation I(Zpysed; Y) increases substantially. Inter-modal mutual information I(Zs; Z;)
reduces throughout training, validating that our regularization successfully encour-
ages complementary features rather than redundant representations. The attention
entropy patterns shown in Figure 4 provide indirect evidence of this information-
theoretic optimization; with different heads learning to process information at different
granularities.

6.4 Confusion Matrix Analysis

Figure 5 presents confusion matrices for CMAF-Net across different test scenarios,
demonstrating consistent high performance on both the IDC test set and zero-shot
transfer to BreakHis dataset at various magnifications.

The confusion matrices in Figure 5 provide detailed insights into CMAF-Net’s
classification behavior. On the IDC test set (Figure 5a), the model correctly identifies
22,434 out of 23,635 malignant cases (94.92% sensitivity) while maintaining excellent
specificity with 57,308 out of 59,621 benign cases correctly classified (96.12%). This
balanced performance is crucial for clinical deployment where both false positives and
false negatives carry significant costs. The zero-shot transfer results on BreakHis (Figure



IDC (Test Set) BreakHis 40x BreakHis 100x

Benign AR Benign 175 8 Benign | 176 T
© © ®
> 3 >
k9] 9] k9]
< < <
Malignant 1,201 22,434 Malignant | 18 Malignant |- 16
Ber;ign Malignant Benign Malignant Benign Malignant
Predicted Predicted Predicted
BreakHis 200x BreakHis 400x
Benign 176 i Benign 173 10

Actual
Actual

Malignant | 17 Malignant | 21

Benign Malignant Benign Malignant

Predicted Predicted

Fig. 5: Confusion matrices showing CMAF-Net’s classification performance. (a) IDC
test set with 94.92% sensitivity and 96.12% specificity. (b-e) Zero-shot transfer to
BreakHis dataset at different magnifications (40x, 100x, 200, 400x) demonstrating

robust generalization with sensitivity ranging from 94.76% to 96.12% across all magni-
fications.

5b-e) demonstrate remarkable consistency across magnifications. The model maintains
high sensitivity (ranging from 94.76% at 400X to 96.12% at 100x ) without any fine-
tuning, suggesting that our information-theoretic approach captures fundamental
pathological patterns that transcend specific imaging protocols. The slight variation
in performance across magnifications (within 1.36%) indicates robust scale-invariant
feature learning, validating our multi-scale fusion approach.

6.5 Cross-Dataset Generalization

Table 3 presents zero-shot evaluation on BreakHis dataset, testing generalization
without any fine-tuning.

The generalization results demonstrate the robustness of our approach beyond the
training domain. CMAF-Net maintains superior performance across all magnifications
with remarkably low variance (0.57 standard deviation), indicating robust feature learn-
ing that transfers well to different imaging conditions. The consistent improvement
across magnifications suggests our fusion mechanism captures scale-invariant patho-
logical patterns. Strong zero-shot performance indicates that information-theoretic
training objectives lead to more generalizable representations compared to empirical
optimization approaches.



Table 3: Zero-shot performance on BreakHis dataset across different magnifications
(binary classification).

Method 40% 100x 200 x 400 x Average Std Dev
ResNet-50 87.34+1.2 88.12+1.1 86.89+1.2 85.23+1.3 86.90 1.21
EfficientNet-B3  90.67+0.9 91.344+0.9 90.45+1.0 88.89+1.1 90.34 1.01
TransFuse 92.344+0.8 93.124+0.8 92.67+0.8 90.454+0.9 92.15 1.13
CMAF-Net 95.67+0.5 96.124+0.5 95.894+0.5 94.76+0.6 95.61 0.57
Improvement +3.33 +3.00 +3.22 +4.31 +3.46 -

6.6 Multi-class BreakHis evaluation (8 tumor subtypes)

Although CMAF-Net is primarily evaluated under the clinically relevant binary setting
(benign vs. malignant), we also assess its ability to discriminate all eight BreakHis
tumor subtypes under all four magnification levels presented in Table 4. We follow
the official class taxonomy and report macro-F1, weighted-F1, balanced accuracy, and
Matthews correlation coefficient (MCC), which are more informative than accuracy for
imbalanced multi-class settings.

CMAF-Net outperforms prior fusion-based architectures across all metrics and
magnifications, demonstrating that the proposed IB-guided cross-modal attention
improves generalization beyond a simple two-group setting. Results show consistent
improvement with higher magnification levels, with the 400x magnification achieving
the best performance across all methods.

6.6.1 Per-class Recall

We further report per-class Recall to highlight performance on rare phenotypes as
shown in table 5:

Rare subtypes such as Phyllodes and Tubular adenoma exhibit the largest gain,
demonstrating CMAF-Net’s ability to handle fine-grained intra-class variation.

6.6.2 Error structure

Most misclassifications occur within benign or malignant groups rather than across
them, meaning CMAF-Net preserves clinically critical benign—malignant separation
even in a fine-grained setting. To further illustrate the distribution and nature of
classification errors, we provide the normalized confusion matrix for the 8-class BreakHis
evaluation in Fig. 6, which reveals that most misclassifications occur within benign or
malignant groups rather than across them.

6.7 Ablation Studies

Table 6 presents comprehensive ablation studies dissecting the contribution of each
component.

The ablation results provide crucial insights into our design choices. Single-branch
variants suffer dramatic performance drops (-8.14% for CNN ounly, -9.25% for ViT



Table 4: Multi-class BreakHis performance across 8 breast tumor subtypes at four
magnification levels (40x, 100x, 200x, and 400x). The table reports macro-F1,
weighted-F1, balanced accuracy, and Matthews correlation coefficient (MCC). CMAF-
Net consistently outperforms state-of-the-art CNN and Transformer baselines across
all magnification scales, demonstrating improved discrimination of rare subtypes and
robustness to class imbalance.

Method Magnif. Macro-F1 Weighted-F1 Balanced Acc. MCC

ResNet-50 40x 72.34+2.1 76.89+1.9 73.45+2.0 0.698+0.02
100x 73.56+2.0 77.92+1.8 74.67+1.9 0.712+0.02
200x 74.23+1.9 78.45+1.7 75.34+1.8 0.720+£0.02
400x 74.89+1.8 79.01+1.6 75.98+1.7 0.728+0.02

EfficientNet-B3 40x 76.45+1.8 80.12+1.6 77.89£1.7 0.745+0.02
100x 77.12£1.7 80.89+1.5 78.56£1.6 0.756+0.02
200x 77.89+1.6 81.45+1.4 79.23£1.5 0.767£0.02
400 % 78.34£1.5 81.98+1.3 79.78+1.4 0.775+0.02

ViT S/16 40x 74.23+1.9 78.34+1.7 75.67+1.8 0.723+0.01
100x 75.34+1.8 79.124+1.6 76.78+1.7 0.738+0.01
200x 76.12+1.7 79.78+1.5 77.45+1.6 0.749+0.01
400 76.78+1.6 80.34+1.4 78.11+1.5 0.758+0.01

TransFuse 40x 78.56£1.6 82.34+1.4 79.89£1.5 0.768+0.01
100x 79.23+1.5 82.89+1.3 80.56+1.4 0.778+0.01
200x 79.89+1.4 83.34+1.2 81.23+1.4 0.789+0.01
400 80.34%+1.3 83.78%+1.1 81.56+1.2 0.793+0.01

CMAF-Net 40x 84.67+1.2 88.34+0.9 85.81+1.0 0.83240.01
100 x 85.23+1.1 88.34+0.9 85.89+1.0 0.84140.01
200x 85.78+1.0 88.784+0.9 86.34+0.9 0.846+0.01
400 86.12+0.9 89.01+0.8 86.67+0.9 0.85440.01

Table 5: Per-class Recall (%) on BreakHis 8-class task.

Subtype Samples ResNet-50 TransFuse CMAF-Net

Adenosis (A) 114 68.42 76.32 82.46

Fibroadenoma (F) 253 74.31 81.03 86.56

Phyllodes Tumor (PT) 109 66.06 74.31 80.73

Tubular Adenoma (TA) 149 70.47 78.52 83.89

Ductal Carcinoma (DC) 864 82.18 87.15 91.20

Lobular Carcinoma (LC) 156 71.79 79.49 84.62

Mucinous Carcinoma (MC) 205 75.12 82.44 87.32

Papillary Carcinoma (PC) 145 69.66 77.93 83.45
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Fig. 6: Normalized confusion matrix for the 8-class BreakHis test set across magni-
fication levels. CMAF-Net achieves strong diagonal concentration, with most errors
occurring within the same diagnostic group (benign vs malignant), thereby preserving
clinically critical distinction and minimizing harmful cross-category confusion.

only), confirming that both local morphological features and global contextual patterns
are essential for accurate diagnosis. This aligns with pathological practice where
both cellular details and tissue architecture inform decisions. Simple concatenation
drops sensitivity by 6.47%, validating our information-theoretic fusion approach. The
significant degradation demonstrates that naive fusion wastes model capacity on
redundant features, a critical issue when minority class signals are sparse.

Each information bottleneck component contributes meaningfully to performance.
Temperature learning proves most critical (-2.25% without), as it enables adaptive



Table 6: Ablation study on IDC dataset. Each row shows impact of removing/modifying
a specific component.

Configuration Sensitivity Specificity Bal. Acc AUPRC A Sens
CMAF-Net (Full) 94.92 96.12 95.52 0.943 -
Architecture Components
w/o Contextual branch (CNN only) 86.78 94.56 90.67 0.895 -8.14
w/o Spatial branch (ViT only) 85.67 94.89 90.28 0.887 -9.25
Simple concatenation 88.45 94.89 91.67 0.908 -6.47
w/o Temperature learning 92.67 95.67 94.17 0.931 -2.25
w/o Multi-head attention 91.23 95.34 93.29 0.923 -3.69
w/o Gating mechanism 92.12 95.45 93.79 0.928 -2.80
Information Bottleneck Components
w/o IB regularization (82 = 0) 93.34 95.78 94.56 0.936 -1.58
w/o Diversity loss 93.67 95.89 94.78 0.938 -1.25
w/o Entropy regularization 94.23 95.98 95.11 0.940 -0.69
Fixed § (no scheduling) 92.89 95.67 94.28 0.932 -2.03
Loss Function Components
Standard Cross-Entropy 72.34 95.23 83.79 0.812 -22.58
Standard Focal Loss 81.45 94.78 88.12 0.869 -13.47
CB Loss 82.89 95.01 88.95 0.878 -12.03
A-CBFL w/o class-dependent ~ 90.12 95.45 92.79 0.918 -4.80
A-CBFL w/o dynamic weighting 92.34 95.67 94.01 0.928 -2.58
Training Strateqy

w/o Progressive training 91.45 95.23 93.34 0.924 -3.47
w/o SAM optimization 93.12 95.78 94.45 0.935 -1.80
w/o Domain augmentation 92.56 95.45 94.01 0.931 -2.36

information flow control. The diversity loss and entropy regularization work syner-
gistically to ensure complementary feature learning. The full A-CBFL is crucial for
handling imbalance, with class-dependent v providing the largest contribution (-4.80%
without). This validates our theoretical framework connecting margins to class fre-
quencies. Progressive training and domain-specific augmentations each contribute 2-3%
to final performance, demonstrating the importance of careful training protocols for
medical imaging applications.

6.8 Temperature initialization analysis

The CMAF block employs learnable temperature scalars 7(*) to regulate attention
entropy. Since temperature directly influences information flow (equation 10), we
evaluate alternative initialization strategies as shown in table 7.

Convergence epoch is defined as the first epoch reaching 90% of the final balanced
accuracy, averaged over five random seeds.



Table 7: Effect of temperature initialization on convergence and performance.

Initialization Conv. epoch Sensitivity Balanced Acc. Stability (sd)
Fixed (7=1.0) 67+ 3.2 91.23+14 93.67 £ 0.9 2.1
Fixed (7=0.5) 82+ 4.1 89.45+1.6 92.89 +£ 1.1 2.8
Uniform(0.5, 1.5) 61 + 2.8 92.67 £ 1.2 94.23 +£0.8 1.9
Normal(1.0,0.1) 59 + 2.6 93.12+1.1 94.45 + 0.7 1.7
LogNormal(0,0.1) 54+2.3 94.92 + 0.8 95524+ 0.4 1.2
LogNormal(0, 0.5) 58+ 2.7 93.45+1.0 94.78 £ 0.6 1.5
LogNormal(0, 1.0) 71+3.5 90.34 £ 1.5 93.12+1.0 2.4

Log-normal initialization with low dispersion (0=0.1) provides the fastest conver-
gence, highest sensitivity, and improved stability, confirming that mild stochasticity
encourages head specialization while avoiding degenerate temperatures. This initializa-
tion balances exploration during early training with stable convergence, avoiding both
the slow convergence of fixed values and the instability of high-variance initializations.

6.9 Computational Efficiency

Table 8 compares computational requirements across methods.

Table 8: Computational efficiency comparison.

Method Params FLOPs Memory FPS
(M) (G) (GB)

ResNet-50 23.5 4.1 3.2 156

EfficientNet-B3 12.0 1.8 2.4 198

TransFuse 34.2 6.2 4.8 89

CMAF-Net 12.3 2.9 3.1 134

vs TransFuse -64% -53% -35% +51%

CMAF-Net achieves superior performance while being significantly more efficient
than competing fusion methods. With 64% fewer parameters and 53% lower compu-
tational cost than TransFuse, our approach enables practical deployment in clinical
settings where computational resources may be limited. The efficiency gains stem
from our information-theoretic design: by explicitly minimizing redundancy, we avoid
wasting parameters on duplicate features, enabling a more compact yet powerful model.

7 Discussion

7.1 Theoretical Validation and Practical Impact

Our results provide strong empirical validation for the theoretical framework developed
in Section 3. The attention entropy patterns shown in Figure 4 confirm that our



multi-head design successfully implements variable information bottlenecks, with
different heads naturally specializing to capture features at different granularities.
The consistent performance across extreme imbalance ratios (Figure 3) validates our
theoretical prediction that information-theoretic optimization provides robustness to
class imbalance by making efficient use of limited minority samples. The confusion
matrices (Figure 5) demonstrate that our approach successfully balances sensitivity
and specificity, avoiding the common pitfall of sacrificing majority class performance
for minority class gains. This balanced performance stems directly from our class-
weighted information bottleneck formulation, which ensures that representations remain
informative about both classes rather than collapsing to a biased solution.

7.2 Clinical Significance

The clinical implications of our results extend beyond statistical improvements. As
shown in Figure 2, CMAF-Net’s 94.92% sensitivity represents a transformative improve-
ment in cancer detection capability. In a screening population of 10,000 women with 3%
cancer prevalence, the difference between 72.34% sensitivity (ResNet-50) and 94.92%
sensitivity (CMAF-Net) translates to detecting 68 additional cancers, potentially saving
lives through earlier intervention.

The robustness demonstrated in Figure 3 suggests broader applicability to rare
disease detection. Many cancer subtypes, genetic disorders, and emerging diseases
present even more severe imbalance than our test scenarios. The ability of CMAF-Net
to maintain 76.45% sensitivity at 99:1 imbalance opens possibilities for Al-assisted
diagnosis in areas previously considered infeasible due to data scarcity.

7.3 Architectural Insights

The attention entropy analysis (Figure 4) reveals several key architectural insights
that extend beyond our specific application. The emergence of specialized attention
heads with different entropy levels occurred naturally through learning, without explicit
architectural constraints. This suggests that multi-head attention mechanisms can
automatically discover the multi-scale nature of medical diagnosis when coupled with
appropriate learning objectives. The stable temperature parameters across heads
indicate successful convergence of our adaptive information bottleneck mechanism.
This stability, combined with the variation in attention entropy, suggests that the
temperature controls the overall information flow while individual heads learn to focus
on different aspects of the input. This separation of concerns, global information control
via temperature and local specialization via attention weights, appears to be a key
factor in CMAF-Net’s success. The consistent zero-shot performance across different
magnifications (Figure 5b-e) validates our hypothesis that information-theoretic fusion
naturally handles multi-scale features. Rather than explicitly encoding scale information,
the model learns scale-invariant representations through the information bottleneck
objective, leading to robust transfer across imaging protocols.



7.4 Limitations and Future Directions

Despite strong results, several limitations warrant discussion. CMAF-Net is primarily
designed for binary classification, and while we demonstrate multi-class capability on
BreakHis, extending the information-theoretic framework to hierarchical multi-class
scenarios remains an open challenge. Many clinical applications require distinguishing
between multiple disease subtypes with complex relationships, necessitating theoretical
extensions to our framework.

Computational efficiency, though better than competing fusion methods, still
requires approximately 50% more resources than single-branch models. For ultra-high-
throughput screening applications, further optimization through pruning, distillation,
or architectural search guided by information-theoretic principles could improve deploy-
ment feasibility. The challenge is maintaining performance while reducing computational
requirements, for which our framework provides a principled approach.

8 Conclusion

This paper presented CMAF-Net, a theoretically-grounded approach to multi-scale
feature fusion for imbalanced medical image classification. By integrating information
bottleneck theory with margin-based learning, we achieve superior performance on
minority class detection while maintaining computational efficiency suitable for clinical
deployment.

Our key contributions span both theoretical advances and practical innovations. We
developed a novel Cross-Modal Attention Fusion block that operationalizes information
bottleneck principles through temperature-controlled attention and explicit redundancy
minimization, demonstrating how abstract theory can guide concrete architectural
design. The Adaptive Class-Balanced Focal Loss implements optimal margin theory for
imbalanced learning, providing a principled alternative to ad-hoc reweighting schemes.
Through comprehensive empirical validation, we showed 94.92% sensitivity on naturally
imbalanced data with graceful degradation under extreme 99:1 imbalance, performance
levels that approach clinical viability. Our information-theoretic analysis confirmed
successful compression and redundancy minimization, validating theoretical predictions
with measured quantities.

The success of CMAF-Net demonstrates that principled theoretical foundations can
guide practical architectural innovations, yielding solutions that are both academically
novel and clinically valuable. By grounding design choices in rigorous theory rather
than empirical trial-and-error, we achieve robustness that extends beyond the training
distribution to extreme scenarios and different datasets. As medical Al advances toward
deployment, such theoretically-grounded approaches will be essential for building
robust, interpretable, and efficient systems that clinicians can trust.
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