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Abstract
Shortcut learning in medical imaging occurs when a classifier
exploits acquisition, background or annotation cues that corre-
late with the label but do not define the pathology. This paper
studies that failure mode in four-class brain tumour magnetic res-
onance imaging (MRI) classification. The model couples a 50-
layer version-2 residual network (ResNet50V2) feature extractor
from the PyTorch Image Models (timm) library with a Rotation-
Invariant Vision Transformer (RViT). It introduces Pathology-
Focused Disentanglement (PFD), which learns a soft spatial gate
without segmentation masks, and Guided Semantic Token Evo-
lution (GSTE), which transfers the gate to transformer tokens.
Hybrid A guides 49 convolutional neural network (CNN) feature
tokens while retaining an ungated CNN descriptor. Hybrid B
guides both the CNN descriptor and up to 196 raw-image patch
tokens, with bounded grid reduction when the gate is spatially con-
centrated. The corresponding ablations remove PFD and GSTE
from each family. A Secure Hash Algorithm 1 (SHA-1) audit
removes 297 exact duplicates from 7,023 files, leaving fixed train-
ing, validation and held-out test sets of 4,353, 1,089 and 1,284
images. Test accuracy ranges from 98.52% to 99.22%. Ablation B
gives the highest classification result, with 99.22% accuracy and a
0.9920 macro-averaged F1 score (macro-F1). Hybrid B reaches
98.52% accuracy and 0.9849 macro-F1, but is the only model with
tumour-centred Gradient-weighted Class Activation Mapping++
(Grad-CAM++) in all three reported cases. All four models remain
highly confident on one shared subtype error. The experiment
exposes a discrepancy between classification and qualitative spa-
tial evidence: PFD–GSTE alters the observed evidence pathway
without improving the best held-out classification result. These
results evaluate a mitigation-oriented intervention rather than es-
tablish causal removal of shortcut learning; neither classification
performance, qualitative saliency nor Monte Carlo (MC) dropout
confidence alone is sufficient evidence of shortcut elimination.

1 Introduction

Brain tumours comprise heterogeneous diseases whose di-
agnosis and management depend on tumour type, location,
molecular characteristics and imaging context [1–3]. Mag-
netic resonance imaging (MRI) provides detailed soft-tissue
contrast, but tumour appearance varies with sequence, ori-
entation, slice position and acquisition setting [4, 5]. Such

variation complicates classification and creates correlations
that need not arise from tumour tissue.

Shortcut learning occurs when a model obtains the correct
output from an unintended predictive cue [6]. In medical
imaging, such cues may arise from scanner characteristics,
hospital-specific processing, visible markers, borders, back-
ground structure or dataset construction [7–10]. Accuracy
on a familiar split does not identify the image evidence
supporting a prediction. Predictive correctness and spatial
evidence must therefore be evaluated separately.

Convolutional neural networks (CNNs) supply a local induc-
tive bias and support transfer learning on moderate-sized
medical datasets [11–13]. Vision Transformer (ViT) ar-
chitectures model longer-range relations between image
regions, but require control of data, regularisation and to-
ken cost [14, 15]. Krishnan et al. introduced the Rotation-
Invariant Vision Transformer (RViT) for brain tumour MRI
by combining rotated patch embeddings before transformer
encoding [16]. The present model combines this rotation-
invariant construction with a timm ResNet50V2 feature
extractor and tests pathology guidance at two intervention
sites.

This paper introduces Pathology-Focused Disentanglement
(PFD) and Guided Semantic Token Evolution (GSTE)
within two ResNet50V2–RViT families. PFD learns a one-
channel gate from the deepest ResNet50V2 feature map,
and GSTE converts that gate into mean-normalised token
weights. Hybrid A confines guidance to 49 CNN-derived
transformer tokens. Hybrid B applies the same gate to the
CNN descriptor and a 196-patch image-token pathway, with
optional grid reduction. Removing PFD and GSTE from
each family gives the corresponding ablations.

The research question is: to what extent can a pathology-
guided CNN–Transformer intervention preserve held-out
four-class classification performance while shifting the ob-
served spatial evidence towards tumour-related regions, and
what residual failure modes remain visible under family-
specific controls?

https://github.com/AnnyaB/HybridResNet50V2-RViT
https://annyab.github.io/pfd-gste-research-article/
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Figure 1: Task formulation and pathology-guided intervention. (a) Representative coronal, sagittal and axial MRI views
illustrate variation in orientation, position and field of view; the lower row shows the four classification labels: glioma,
meningioma, pituitary and no tumour. The orientation panel is reproduced and adapted from Figure 7 of Gholipour et al. [5];
the class panel is reproduced and adapted from Figure 1 of Yazdan et al. [17]. (b) ResNet50V2 maps an input slice x to
the deepest feature map F ; PFD predicts the spatial gate M and forms F g = F ⊙M using image-level supervision. (c)
GSTE-A transfers M to 49 CNN feature tokens while the Hybrid A CNN descriptor bypasses the gate. GSTE-B transfers
the upsampled gate to at most 196 image-patch tokens and also gates the Hybrid B CNN descriptor.

Contributions. The paper contributes:

• a reproducible ResNet50V2–RViT family that combines
local CNN features with four-rotation transformer pro-
cessing for four-class brain tumour MRI classification;

• PFD, a learnable spatial gate trained from image-level
labels and requiring no tumour masks;

• GSTE-A for static guidance of 49 feature tokens, and
GSTE-B for guidance and bounded reduction of a 196-
token image grid;

• a leakage-aware benchmark created by exact-duplicate
removal, fixed split construction and held-out checkpoint
evaluation; and

• a four-model study using classification, error analysis,
Gradient-weighted Class Activation Mapping++ (Grad-
CAM++), Attention Rollout and Monte Carlo (MC)
dropout.

The suffixes A and B identify the implementation used by
Hybrid A and Hybrid B, respectively. Thus, PFD-A and
GSTE-A denote the feature-token guidance path, whereas
PFD-B and GSTE-B denote the joint CNN-descriptor and
image-patch guidance path.

2 Related Work

2.1 Clinical setting, benchmark scope and shortcut
learning

The four labels considered here–glioma, meningioma, pi-
tuitary and no tumour–compress substantial clinical het-
erogeneity. Gliomas span molecularly and histologically
distinct entities; meningiomas vary with age and anatom-

ical site; and pituitary tumours require endocrine as well
as anatomical assessment [1–3, 18, 19]. Paediatric tumours
and tumour-like lesions introduce further distinctions that
are absent from the four-folder classification setting [20–22].
A single red–green–blue (RGB) converted two-dimensional
MRI slice therefore cannot reproduce a clinical diagnostic
pathway. It instead defines a controlled setting in which rep-
resentation and classification behaviour can be examined.

Clinically richer resources expose what this abstraction
omits. The Brain Tumor Segmentation (BraTS) benchmark
provides multimodal three-dimensional MRI with expert
tumour annotations, while The Cancer Imaging Archive
contains heterogeneous patient-level imaging collections
[23, 24]. The present experiment uses the Nickparvar Kag-
gle aggregate because its four class folders define the in-
tended classification task within the available computational
budget [25]. The experimental snapshot, however, contains
no patient identifiers, sequence metadata or centre-level
grouping. Exact Secure Hash Algorithm 1 (SHA-1) filtering
can eliminate byte-identical train–test overlap, but cannot
establish patient independence or detect adjacent slices and
transformed near-duplicates. The resulting benchmark is
therefore suitable for a controlled internal experiment, not
for clinical validation.

This distinction is consequential because predictive accuracy
does not identify the evidence on which a medical-image
classifier relies. Shortcut learning arises when a model ex-
ploits a predictive variable that is correlated with the target
in the training distribution but does not constitute the in-
tended pathology [6, 9, 10, 26]. Recent work has made
this failure mode increasingly explicit. Stanley et al. show
with controlled brain-MRI experiments that disease-related
and bias-related information may both be encoded within
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convolutional representations, while also demonstrating that
representation of a bias does not necessarily imply its use
as a classification shortcut [27]. Tinauer et al. provide a
complementary empirical result: skull-stripping can intro-
duce brain-contour information that remains predictive after
substantial image-content changes, producing a measurable
shortcut in MRI classification [28]. At the dataset level,
Drenkow et al. introduce Generalized Attribute Utility and
Detectability-Induced bias Testing (G-AUDIT) to quantify
potential shortcut relationships among task labels, sensor
measurements and patient, environmental or acquisition
attributes across medical modalities [29].

Together, these studies improve the detection and charac-
terisation of shortcut risk, but identifying a shortcut and
changing the representation learned by a classifier are dif-
ferent problems. Dataset auditing can reveal an undesirable
association without specifying how pathology-relevant ev-
idence should enter the predictor; post-hoc attribution can
reveal where a trained predictor responds without constrain-
ing the representation from which that response arose. This
leaves an intervention problem: whether pathology-related
spatial preference can be introduced during representation
learning without requiring tumour-mask supervision, and
whether its effect can be distinguished from classification ac-
curacy itself. PFD–GSTE is studied as such an intervention.
The present experiment asks whether guidance changes the
observed evidence pathway; it does not infer causal removal
of shortcut learning from saliency alone.

2.2 CNN, transformer and hybrid architectures

Residual networks improve deep optimisation through iden-
tity mappings and remain widely used as medical-image
feature extractors [30]. The Visual Geometry Group net-
work (VGG) carries a comparatively large parameter cost,
densely connected convolutional networks (DenseNet) pro-
mote feature reuse, and EfficientNet couples network depth,
width and resolution through compound scaling [31–33].
ResNet50V2 is used here for three implementation prop-
erties: pretrained transfer, a 7 × 7 terminal spatial rep-
resentation at 224 × 224 input resolution, and convolu-
tional activations that remain accessible to Grad-CAM++.
The implementation instantiates the Big Transfer (BiT-M)
resnetv2_50x1_bitm checkpoint from timm, fixing
both the ResNetV2 architecture and pretrained-weight fam-
ily rather than using ResNet50V2 as an architectural label
alone [34, 35].

Transformers provide a complementary representation of
spatial context. ViT tokenises an image and models token
interactions through self-attention; the data-efficient image
Transformer (DeiT) improves data efficiency, Swin Trans-
former constrains attention through shifted local windows,
and the Convolutional Vision Transformer (CvT) introduces
convolutional structure into transformer processing [15, 36–
38]. For brain MRI, Krishnan et al. introduce the Rotation-
Invariant Vision Transformer (RViT), which incorporates
0◦, 90◦, 180◦ and 270◦ views before transformer encod-
ing [16]. The modified ResNet50V2 classifier of Sarada
et al. provides the direct CNN-side architectural motiva-

tion for this project [39]. Subsequent brain-MRI systems
combine ResNet50V2 with Swin Transformer, investigate a
distinct Residual Vision Transformer (ResViT) under self-
supervised learning, or fuse convolutional and transformer
representations under other objectives [40–42].

Recent work has also raised the empirical standard beyond
a single high-accuracy internal split. On the same 7,023-
slice four-class benchmark family, Zakavi et al. [43] re-
port 99.01% internal test accuracy and a five-fold mean of
99.33± 0.17%, followed by 97.55% accuracy on the Brain
Tumor Image Segmentation and Classification (BRISC)
2025 dataset without fine-tuning. This directly tests whether
high internal classification performance persists on a dataset
with different imaging characteristics. The study never-
theless remains slice-level and lacks patient-level stratifi-
cation, and its authors identify patient-level, multimodal
and prospective evaluation as necessary for clinical valida-
tion. Houssein et al. [44] approach a different limitation,
combining fine-tuned ResNet50 classification with SHapley
Additive exPlanations (SHAP) [45] and reporting 99.30%
test accuracy on a four-class dataset; their analysis improves
access to pixel-level feature contributions but remains based
on a comparatively small two-dimensional dataset. Shahzad
et al. [46] similarly combine a Swin-based classifier with
Gradient-weighted Class Activation Mapping (Grad-CAM)
on a multi-source MRI collection, reporting 98% accuracy
and a Matthews correlation coefficient (MCC) of 0.9576.

Together, these results show that very high slice-level clas-
sification accuracy is no longer sufficient to define the un-
resolved problem. External testing addresses distributional
transfer; SHAP and Grad-CAM address post-hoc interro-
gation of a trained predictor. Neither property, by itself,
requires the representation used for prediction to privilege
pathology-related spatial evidence during learning. The
question examined here is therefore not whether another
CNN–Transformer combination can raise an already near-
saturated internal accuracy. It is whether a pathology-guided
intervention can alter where evidence enters a hybrid repre-
sentation, and whether the resulting spatial behaviour agrees
with or diverges from classification performance.

Late fusion provides a controlled setting for this question.
The CNN and transformer descriptors are projected inde-
pendently to 256 dimensions and concatenated only at the
classification head. Hybrid A leaves the CNN descriptor
ungated while applying PFD–GSTE to the CNN-derived
transformer-token pathway. Hybrid B applies spatial guid-
ance to both the CNN descriptor and the raw-image patch
pathway. The two architectures therefore examine distinct
intervention sites rather than treating CNN–Transformer
fusion itself as the contribution.

2.3 Pathology guidance, explainability and
uncertainty

Prior work reaches pathology-relevant representations
through different forms of supervision and architectural
constraint. Pathology-disentanglement methods explicitly
seek to separate disease-related and non-disease informa-
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Table 1: Closest architectural and evaluation reference points. Reported values are contextual rather than directly ranked
because dataset composition, split construction and validation protocols differ.

Study Model and task Reported result Relation to the present study

Krishnan et al. [16] Rotation-invariant ViT; binary glioma/no-tumour 98.6% accuracy Defines the four-rotation transformer construction
adopted here; no ResNet50V2 fusion or four-class
guidance experiment

Sarada et al. [39] Modified ResNet50V2; four classes 96.33% accuracy Direct ResNet50V2 inspiration; CNN-only classi-
fication without transformer-side pathology guid-
ance

Al Bataineh et al. [40] Swin Transformer + ResNet50V2; four classes 96.8% accuracy Establishes a ResNet50V2–Transformer brain-
MRI hybrid using a different transformer and no
PFD–GSTE intervention

Karagoz et al. [41] ResViT self-supervised hybrid; four classes 98.47% accuracy Studies a different Residual Vision Transformer
and training objective; no coupled spatial-
guidance mechanism

Zakavi et al. [43] Swin-Tiny; internal and external four-class evalu-
ation

99.01% internal; 97.55% ex-
ternal

Strengthens cross-dataset validation on the same
benchmark family; does not test training-time
pathology-directed evidence

Houssein et al. [44] Fine-tuned ResNet50 + SHAP; four classes 99.30% test accuracy Combines high classification performance with
post-hoc pixel attribution; guidance is not part of
representation learning

Shahzad et al. [46] Tumor-Swin Transformer + Grad-CAM 98.0% accuracy; MCC 0.9576 Combines transformer classification and local ex-
planation on a multi-source dataset; no guided-
versus-unguided representation intervention

Present work ResNet50V2–RViT with PFD–GSTE A/B and
family-specific controls

98.52–99.22% accuracy Separates classification performance from the
spatial behaviour induced by two mask-free
pathology-guidance intervention sites

tion, while tumour-region augmentation exposes a classi-
fier to an identified lesion region [47, 48]. The Dynamic
Vision Transformer (DynamicViT) and Token Merging in-
stead alter transformer computation through learned token
importance or redundancy and are not pathology-supervised
mechanisms [49, 50]. PFD–GSTE differs in where spatial
guidance is introduced and how it is supervised. PFD pre-
dicts a soft spatial preference from the deepest ResNet50V2
representation under image-level supervision; GSTE trans-
fers that preference to the transformer-facing representation.
No verified tumour mask supervises the gate. Consequently,
the gate is neither a segmentation target nor evidence of
formal pathology–background factorisation.

Explanation is likewise distinct from guidance. Grad-
CAM++ estimates class-associated spatial evidence from
convolutional activations and gradients [51, 52]. Attention
Rollout instead propagates self-attention through succes-
sive transformer layers [53]. The two methods therefore
interrogate different representation pathways. In the present
implementation, Grad-CAM++ is conditioned on the target-
class logit and applied to the spatial CNN representation,
whereas Attention Rollout aggregates transformer informa-
tion flow by averaging attention over heads, incorporating
residual self-connections, composing the resulting matri-
ces across layers and, because the RViT encoder has no
class token, averaging over query tokens to obtain spatial
token relevance. Attention Rollout is consequently not a
class-specific attribution of the final fused prediction. Its
spatial resolution also follows the transformer token grid,
which is coarser for the 49-token Hybrid A pathway than for
the image-patch Hybrid B pathway. Neither method estab-
lishes that a highlighted region causally determined the final
prediction [54–56]; they are used here as complementary
branch-specific diagnostic views rather than interchangeable
localisation measures.

Recent medical artificial intelligence (AI) research extends
explanation beyond individual attribution maps. Xie et al.
[57] introduce class-association manifold learning, extract-
ing class-associated decision structure from trained medical
AI models and generating counterfactual examples that ex-
pose class-level decision rules. This advances the question
from “where did this model respond on one image?” to-
wards “what common structure defines its learned decision
rule?” Yet explanation remains analytically distinct from in-
tervention: extracting a decision rule after training does not
constrain which evidence entered the representation while
the classifier was being learned.

PFD–GSTE investigates the complementary training-time
question. Rather than applying an explanatory method only
after optimisation, it inserts a learned spatial preference into
the representation pathway itself. This makes it possible to
ask whether stronger pathology-directed guidance changes
observed tumour-centred evidence even when classification
accuracy does not improve. The distinction is central to
the experimental design: classification, Grad-CAM++, At-
tention Rollout and failure-case uncertainty are reported
separately because agreement between them is an empirical
question rather than an architectural assumption.

MC dropout addresses another distinct quantity. Repeated
stochastic forward passes provide a practical approximation
to predictive variation [58], but confidence and calibration
are not equivalent. Distribution-level calibration requires
quantities such as negative log-likelihood, Brier score and
expected calibration error [59, 60]. The 20-pass experi-
ment reported here is therefore a failure-case probe: it tests
whether stochastic variation exposes one shared confidently
incorrect subtype prediction. It is not used to rank the four
models by calibrated uncertainty.
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2.4 MRI-specific foundation representations

MRI representation learning is also moving from task-
specific two-dimensional classifiers towards reusable three-
dimensional representations. Triad is pretrained on 129,302
three-dimensional MRI volumes from 19,104 patients and
evaluates transfer across segmentation, classification and
registration [61]. Its results support a broader principle:
modality-specific pretraining can provide representations
that transfer across MRI tasks rather than being optimised
for a single classification dataset. Decipher-MR extends
this direction through self-supervised visual learning and
radiology-report supervision over more than 200,000 MRI
series from more than 22,000 studies, spanning heteroge-
neous anatomical regions, sequences, pathologies and scan-
ner manufacturers [62]. It evaluates the resulting represen-
tation across disease classification, demographic prediction,
anatomical localisation and cross-modal retrieval.

These models address weaknesses that the present dataset
cannot: volumetric context, acquisition heterogeneity and
representation transfer across tasks and clinical domains.
Their success, however, does not make representation
breadth equivalent to pathology-specific evidence for an
individual downstream decision. A representation may
transfer well while a downstream classifier still exploits an
unintended predictive feature; conversely, suppressing non-
lesion information too aggressively may remove context that
is genuinely discriminative between tumour subtypes. Scale
and evidence specificity are therefore related but different
problems.

The present study isolates the latter question in a substan-
tially smaller experimental regime. Hybrid A preserves an
ungated CNN summary while imposing PFD–GSTE on the
transformer-facing feature representation. Hybrid B extends
the same spatial preference to both the CNN descriptor and
image-patch pathway. Their family-specific controls test
whether changing the intervention site changes classifica-
tion and observed spatial evidence. This experiment cannot
establish that the mechanism will transfer to patient-level,
multi-sequence or foundation-model representations; rather,
those settings provide the appropriate next test of whether
the observed behaviour persists beyond the present slice-
level benchmark.

Contemporary medical imaging has therefore advanced
along three complementary axes: increasingly strong in-
ternal and external classification, increasingly sophisticated
methods for auditing or explaining model behaviour, and
increasingly transferable MRI representations. A gap re-
mains between these capabilities. Predictive success does
not establish pathology-relevant evidence; detecting a short-
cut does not remove it; explaining a trained decision does
not constrain the representation from which that decision
arose; and broader pretraining does not by itself determine
which feature a downstream classifier will exploit.

This study addresses a narrower question: can pathology-
related spatial preference be inserted directly into a CNN–
Transformer representation, without tumour-mask super-
vision, such that its effect on classification and observed

spatial evidence can be examined separately? PFD–GSTE
is introduced as a mechanism for this purpose. The guided
and unguided family-specific controls do not assume that
stronger guidance must improve classification. Instead, they
test whether changing where spatial preference enters the
representation alters classification, tumour-centred evidence
or failure structure. Under this formulation, disagreement
between classification and observed spatial evidence is itself
informative: it exposes the distinction between predicting
the correct class and relying on evidence that is visually
associated with the intended pathology.

3 Method

3.1 Dataset curation and split construction

Every file in the Kaggle Training and Testing directories of
the Nickparvar brain-tumour MRI dataset [25] is entered
into a manifest before modelling. A SHA-1 digest [63] is
computed from the file bytes. If the same digest occurs in
both source directories, the Testing copy is retained and
the Training copy is removed. Byte-level hashing gives an
objective and reproducible test for exact copies before any
split is created. Retaining the Testing copy preserves the
source test directory while preventing the same file from
also entering training. The procedure gives

7,023 raw files − 297 duplicates = 6,726 retained images.
(1)

Images are corrected for Exchangeable Image File Format
(EXIF) orientation, tightly cropped with intensity threshold
5 and margin 10, resized to 224× 224 with Lanczos resam-
pling, and converted to RGB. Cropping reduces large empty
borders while the ten-pixel margin avoids cutting directly
against visible anatomy. The 224 × 224 size satisfies the
backbone input and gives a 14× 14 grid of non-overlapping
16 × 16 patches. RGB conversion gives one fixed three-
channel input contract for every source image. The cleaned
Kaggle Training directory is divided into stratified training
and validation sets (80/20, seed 42) using scikit-learn [64];
the cleaned Kaggle Testing directory remains held out so
that checkpoint selection never uses test labels.

Dataset snapshot. All dataset counts, SHA-1 hashes and
split statistics reported in this study refer to the 7,023-file
snapshot used when the experiments were conducted. The
externally hosted dataset is versioned independently and
may subsequently change; later revisions of the hosting data
card are therefore not interchangeable with the experimental
snapshot documented here.

3.2 PFD spatial gate

Let B denote batch size, R the real numbers and x ∈
RB×3×224×224 an input batch. The backbone mapping Bθ,
with parameters θ, produces the deepest ResNet50V2 fea-
ture map F = Bθ(x) ∈ RB×C×7×7, where C = 2048 is the
channel count. Let ∗1×1 denote a learned 1× 1 convolution,
σ the logistic sigmoid and ⊙ element-wise multiplication.
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Figure 2: Fixed split composition after exact-duplicate re-
moval. Counts inside each segment give the number of
images in each class.

With kernel Wm ∈ R1×C×1×1 and scalar bias bm, the PFD
gate M and gated feature map F g are

M = σ(Wm ∗1×1 F + bm) , F g = F ⊙M. (2)

M ∈ [0, 1]B×1×7×7 is broadcast across the C channels. No
segmentation mask supervises M ; the gate is learned jointly
through the four-class objective.

The term Pathology-Focused Disentanglement (PFD) is re-
tained as the experiment-specific name of this module. In
the present implementation, disentanglement is operational
rather than a formal latent-variable factorisation: PFD learns
a one-channel multiplicative spatial preference map that
differentially weights feature locations under image-level
supervision. It does not impose statistical independence,
mutual-information minimisation, adversarial separation or
an explicit pathology–background factorisation. Instead,
PFD provides the learned spatial preference from which the
downstream GSTE operation constructs representation-level
guidance.

3.3 Two guidance strengths and two ablations

The experiment tests spatial guidance at two interven-
tion sites. In Hybrid A, PFD–GSTE changes only the
transformer-facing feature tokens; the CNN descriptor re-
mains ungated. In Hybrid B, the gate changes both the CNN
descriptor and the raw-image patch tokens, and GSTE-B
can reduce the token grid when the gate is concentrated.
These variants instantiate two intervention patterns: feature-
token guidance in Hybrid A and joint image-token and CNN
guidance in Hybrid B.

Each guided model has a family-specific control. Ablation A
rotates and encodes the ungated 7 × 7 CNN feature map
without PFD gating or GSTE-A token reweighting. Abla-
tion B retains the ungated CNN descriptor and the complete
14×14 image-token grid, removing PFD-B, GSTE-B token
weighting and the associated adaptive grid reduction.

These controls are mechanism-level rather than component-
wise ablations. GSTE is defined in the present architecture
as consuming the spatial preference produced by PFD; the
principal experimental unit is therefore the implemented
PFD–GSTE mechanism within each family. The contrasts
Hybrid A versus Ablation A and Hybrid B versus Ablation B
estimate the effect of introducing or removing that complete
coupled mechanism while preserving the corresponding
family architecture. They do not identify the separate causal

contribution of PFD, GSTE or, in Hybrid B, adaptive grid
reduction. A factorial study containing PFD-only, token-
guidance-only, complete PFD–GSTE and unguided controls,
together with a grid-reduction-only Hybrid B control, is
reserved for subsequent evaluation.

Cross-family comparisons are treated separately because
Hybrid A and Hybrid B additionally differ in token source,
CNN-descriptor intervention, internal attention projection
width and data-loader behaviour; they are not interpreted as
a single-factor ablation of guidance strength.

3.4 Hybrid A: feature-token guidance

Let global average pooling (GAP) and the rectified linear
unit (ReLU) be denoted by GAP and ReLU, respectively.
With learned projection parameters WA

c and bAc , Hybrid A
forms the ungated CNN descriptor zAcnn as

zAcnn = ReLU
(
WA

c GAP(F ) + bAc
)
. (3)

For a rotation index r ∈ {0, 1, 2, 3}, let Rr rotate its argu-
ment by 90r degrees and let vec flatten a spatial grid into a
token sequence. The token index is i, and the numerical sta-
biliser is ε = 10−6. Learned parameters WA

e and bAe project
the rotated feature map to 142 channels; P7×7 ∈ R49×142

is the learned positional embedding and ρr ∈ R142 the
learned embedding for rotation r. The projected tokens EA

r ,
mean-normalised token weights aAr and guided sequence
TA
r are

EA
r = vec

(
WA

e ∗1×1 Rr(F
g) + bAe

)
∈ RB×49×142, (4)

aAr =
vec(Rr(M))

meani vec(Rr(M))i + ε
, (5)

TA
r = EA

r ⊙ aAr + P7×7 + ρr. (6)

Coupled two-stage guidance Hybrid A applies the
learned PFD spatial preference at two successive representa-
tions of the transformer-facing pathway. First, PFD-A forms
the gated CNN representation F g = F ⊙M before feature
projection. Second, after the rotated gated feature map is
projected into the 49-token sequence EA

r , GSTE-A derives
the mean-normalised weights aAr from the same spatial gate
and applies EA

r ⊙ aAr . The two multiplications therefore
act at different representation levels: PFD-A modifies the
convolutional feature field, whereas GSTE-A transfers its
relative spatial preference to the projected token field con-
sumed by RViT. This serial construction is intentional in
the implemented method rather than a second independent
pathology estimator. The late-fusion CNN descriptor re-
mains computed from ungated F and consequently bypasses
both guidance operations.

Mean normalisation keeps the average token scale close to
one, so the gate changes relative spatial emphasis rather than
uniformly shrinking the sequence. GSTE-A changes token
magnitude but keeps the 7× 7 grid. The rotation-averaged
sequence T

A
supplied to the encoder is

T
A
=

1

4

3∑
r=0

TA
r . (7)
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(a) Hybrid A: feature-token guidance
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Figure 3: Hybrid A: feature-token guidance. The input slice x is encoded by ResNet50V2 as F ∈ RB×2048×7×7. PFD-A
predicts M and forms F g . Four aligned rotations of F g and M are projected to 49× 142 feature-token sequences. GSTE-A
mean-normalises the aligned gate, weights the 49 tokens, adds the positional embedding P7×7 and rotation embedding ρr,
and averages the four views before ten RViT blocks. The lower branch pools the ungated F ; therefore, the CNN descriptor
bypasses PFD-A. Late fusion combines the 256-dimensional CNN and transformer descriptors to produce the four-class
logits. Thus, the transformer-facing branch receives coupled feature-domain and token-domain guidance from the same
learned spatial preference, whereas the late-fusion CNN descriptor remains ungated.

3.5 Hybrid B: patch-token guidance and bounded grid
reduction

Let batch normalisation (BN) [65] be denoted by BN, and
let Dropout denote standard dropout [66]. With learned
projection parameters WB

c and bBc , Hybrid B forms the
gated CNN descriptor zBcnn as

zBcnn = ReLU
[
BN

(
WB

c Dropout(GAP(F g)) + bBc
)]

.
(8)

The image is divided into non-overlapping 16× 16 patches.
For each rotation, a strided convolution forms 14 × 14 =
196 tokens EB

r ∈ RB×196×142. Let up denote bilinear
upsampling to image resolution, and let adaptive average
pooling (AAP) to an h× w grid be denoted by AAPh×w;
indices i and j address grid locations. The mean-normalised
patch gate Ar ∈ RB×1×14×14 is

Ar =
AAP14×14(Rr(up(M)))

meani,j AAP14×14(Rr(up(M)))ij + ε
. (9)

GSTE-B selects one batch-consistent grid side s ∈ [7, 14].
The concentration statistic q is the batch mean of the spa-
tial sample standard deviation of the unrotated gate A0. A
nearly uniform gate provides no basis for reducing the grid,
whereas a concentrated gate permits greater reduction. The
lower and upper concentration thresholds are qf = 0.05 and
qc = 0.30, and the maximum fractional side reduction is
γ = 0.50. The normalised concentration u and selected side
s are defined below, where clip(v, l, h) truncates v to [l, h]

and round returns the nearest integer:

u = clip

(
q − qf
qc − qf

, 0, 1

)
, (10)

s =

{
14, q ≤ qf ,

clip(round(14(1− γu)), 7, 14) , q > qf .
(11)

The side is bounded below by seven to prevent the patch
pathway from collapsing to a very coarse representation.
One side length is used for the whole batch, preserving a
common tensor shape during training. Reshaping EB

r to
the patch grid Xr ∈ RB×142×14×14, GSTE-B computes the
guided grid X̂r ∈ RB×142×s×s as

X̂r =


Xr ⊙Ar, s = 14,

AAPs×s(Xr ⊙Ar)

AAPs×s(Ar) + ε
, s < 14.

(12)

The denominator makes the reduced cells weighted aver-
ages rather than unnormalised sums. Let P̃s ∈ Rs2×142

denote the learned 14 × 14 positional embedding interpo-
lated to side s. Flattening X̂r and adding the positional and
rotation embeddings gives TB

r = vec(X̂r) + P̃s + ρr ∈
RB×s2×142. The encoder receives the rotation average
T

B
= 1

4

∑3
r=0 T

B
r . Averaging occurs before the trans-

former so that one orientation-balanced sequence, rather
than four independent predictions, enters the common en-
coder.

Hybrid B is intentionally a broader guidance intervention
than Hybrid A. Whereas Hybrid A preserves an ungated
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(b) Hybrid B: image-patch guidance and bounded grid reduction

MRI x deep map F M : 1 × 7 × 7 0 ∘ , 90 ∘ , 180 ∘ , 270 ∘

aligned image / gate
raw-image branch

196 × 142 patch tokens

weighted grid s× s

⊙

four-class logits
glioma

meningioma

pituitary

no tumour

ResNet50V2
F : 2048 × 7 × 7

PFD-B
1×1 conv +σ

Upsample
M→M ↑

PatchConv

16×16 · stride 16

GSTE-B

weight

Batch-consistent side
q→ s∈ {7, …, 14} · weighted pooling

Embed + average
Ps +ρr · 14∑r

RViT ×10
norm→self-attention

norm→depthwise conv 3×3
norm→feed-forward

zBvit

mean pool

Gated CNN descriptor
Fg → GAP → Dropout → Linear → BN → ReLU

Late fusion
[zBcnn; zBvit] → 256

Figure 4: Hybrid B: image-patch guidance and bounded grid reduction. ResNet50V2 produces F , and PFD-B predicts
the 7×7 gate M . The input slice and upsampled gate M↑ are rotated together. A 16×16 convolution with stride 16 produces
196× 142 patch-token sequences. GSTE-B applies the aligned, mean-normalised gate and selects one batch-consistent side
s ∈ {7, . . . , 14}; when s < 14, weighted adaptive pooling reduces the token grid while preserving one sequence length
across the batch. Position and rotation embeddings are added before the four views are averaged and passed through ten
RViT blocks. The lower branch pools F g; therefore, PFD-B also controls the CNN descriptor before late fusion.

CNN descriptor and confines the coupled PFD–GSTE mech-
anism to the transformer-facing feature pathway, Hybrid B
allows the learned PFD preference to affect both branches
of the fused classifier: F g supplies the pooled CNN descrip-
tor and the same spatial preference guides the image-patch
sequence through GSTE-B. The concentration-dependent
grid operation additionally tests whether a spatially informa-
tive gate can concentrate the token representation without
introducing a separate lesion detector. Hybrid B is therefore
not interpreted as a single-factor modification of Hybrid A;
it is the stronger of two deliberately different intervention
sites whose controlled comparisons are made against their
own family-specific ablations.

3.6 RViT encoder and fusion

Both variants share the same external RViT depth, embed-
ding width, head count and feed-forward width, while their
internal attention projection widths differ as specified below.
Let H0 be the rotation-averaged input sequence T

A
or T

B
,

and let ℓ ∈ {1, . . . , 10} index encoder blocks. Layer nor-
malisation (LN), multi-head self-attention (MHSA), depth-
wise convolution (DWConv) and a multilayer perceptron
(MLP) are the four named block operators inherited from the
adopted transformer/RViT design [14, 16]. The operators
grid and vec reshape a token sequence to its square spatial
grid and back, and D0.1 denotes dropout with probability
0.1. Intermediate residual states are denoted by Uℓ and Vℓ,

and the output of block ℓ by Hℓ. The code implements

Uℓ = Hℓ−1 +MHSA(LN(Hℓ−1)), (13)
Vℓ = Uℓ +D0.1(vec[DWConv3×3(grid(LN(Uℓ)))]) ,

(14)
Hℓ = Vℓ +MLP(LN(Vℓ)). (15)

The multi-head attention and multilayer-perceptron oper-
ators include their code-specified 0.1 dropout, and the
depthwise-convolution update is followed by the same
dropout rate. The external embedding dimension is 142
with ten heads, following the adopted RViT configuration
[16]. Because 142 is not divisible by ten, Hybrid A uses
head width ⌊142/10⌋ = 14 and an internal attention width
of 140; Hybrid B uses ⌈142/10⌉ = 15 and an internal width
of 150. Each attention output is projected back to 142 di-
mensions. After the tenth block, the encoder applies a final
layer normalisation, H̃ = LN(H10).

With learned projection parameters Wv and bv, the final
transformer descriptor zvit ∈ RB×256 is obtained by mean-
pooling the normalised sequence:

zvit = ReLU
(
Wv meani(H̃i) + bv

)
. (16)

Late fusion keeps the local CNN summary zcnn and con-
textual transformer summary zvit separate until both have
the same 256-dimensional width. Let Wf , bf parameterise
the fusion projection, let Wo, bo parameterise the output
projection, and let [a; b] denote vector concatenation. The
fused hidden vector h and four-class logit vector ŷ ∈ RB×4
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are

h = ReLU(Wf [zcnn; zvit] + bf ) , (17)
ŷ = Wo Dropout(h) + bo. (18)

The complete code-derived forward procedures are given in
Algorithms 1 and 2.

4 Training and Evaluation

The models are implemented in PyTorch [67] and trained for
at most 100 epochs with the Adam optimiser [68] using de-
coupled weight decay (AdamW) [69]. The pretrained CNN
uses learning rate 10−4; the newly initialised transformer
and fusion parameters use 5× 10−4. The lower CNN rate
limits early changes to transferred features. The CNN is
frozen for epochs 1–5, during which only the new guidance,
transformer and fusion layers are updated; joint fine-tuning
begins at epoch 6. Weight decay is 0.01, excluding biases,
normalisation parameters and one-dimensional parameters.
Cross-entropy uses label smoothing 0.05 [70]. Cosine an-
nealing reduces the learning rate to 10−6 [71], and gradient
clipping bounds the norm at 1.0 [72].

The batch size is 32, early-stopping patience is ten, and the
checkpoint with the highest validation macro-F1 is retained.
Macro-F1 averages the four class-wise F1 scores equally,
whereas accuracy is sample-weighted. Training augmenta-
tion comprises rotation in [−15◦, 15◦], horizontal flip with
probability 0.5, translation up to 5%, and Gaussian noise
with standard deviation 0.02 and probability 0.5. These
stochastic transforms regularise orientation, position and
intensity at the input. RViT performs a separate operation
inside each forward pass by averaging tokens from four
exact rotations. Validation and test transforms are determin-
istic.

Each configuration has one training run with seed 42. Hy-
brid B and Ablation B use drop_last=True; the A fam-
ily retains the final incomplete batch. This difference pre-
vents a controlled numerical comparison between A and B,
but does not affect the within-family comparisons. Auto-
matic mixed precision and explicit CNN BN freezing are
not used.

Classification is measured on all 1,284 test images using
parameter count (Params), accuracy (Acc.), cross-entropy
loss, macro-F1, weighted F1 score (W-F1), macro-averaged
specificity (Spec.), Cohen’s kappa (κ) [73], Matthews cor-
relation coefficient (MCC) [74, 75] and exact error counts.
The F1 score is the harmonic mean of precision and recall;
macro-F1 weights the four classes equally, whereas W-F1
weights them by sample count. Confusion matrices iden-
tify the remaining class boundaries. Cohen’s κ provides
chance-corrected agreement, whereas the multiclass MCC
summarises correlation between predicted and true class
assignments.

Grad-CAM++ [52] and Attention Rollout [53] are used as
complementary branch-specific diagnostics. Grad-CAM++
is computed from the spatial CNN representation and is
conditioned on the target-class logit. Attention Rollout uses

the attention matrices returned by the transformer encoder:
attention is averaged across heads, augmented with the iden-
tity, row-normalised and composed across layers; because
the encoder contains no class token, the resulting rollout is
averaged over query tokens to obtain one relevance value per
spatial token. The rollout therefore visualises transformer
information flow rather than class-specific attribution of the
complete late-fused prediction. Its spatial granularity fol-
lows the active token grid, giving a fixed 7× 7 map in the
A family and an s × s, 7 ≤ s ≤ 14, map in the B family
before interpolation to image resolution.

The three held-out cases recorded are retained as a fixed
qualitative audit: a correctly classified meningioma, a chal-
lenging glioma and a pituitary image predicted as menin-
gioma. The same cases are examined for all four models,
preventing model-specific case selection. Their qualitative
labels were assigned manually by comparing the dominant
highlighted region with the visible lesion under a common
judgement rule. No tumour masks or blinded clinical an-
notations were available, and three visual examples cannot
establish localisation performance. MC dropout [58] uses
20 forward passes with BN in evaluation mode; dropout
changes the probability samples while the learned normali-
sation statistics remain fixed. Their mean and variance are
treated as uncertainty signals, not calibration estimates.

5 Results

5.1 Held-out classification

All four variants exceed 98.5% test accuracy. Ablation B
is the strongest classifier, with 99.22% accuracy, 0.9920
macro-F1 and ten errors. Hybrid B records 98.52%, 0.9849
and 19 errors. Within the A family, guidance leaves accuracy
unchanged and changes macro-F1 by +0.0002. Within
the B family, guidance changes accuracy by −0.0070 and
macro-F1 by −0.0071.

5.2 Error structure

The remaining errors are concentrated mainly at tumour
subtype boundaries. Hybrid A and Ablation A each make
16 errors, but with different directions. Hybrid B makes 19
errors, including five pituitary-to-meningioma errors and
seven no-tumour false positives: six glioma and one menin-
gioma prediction. Ablation B makes ten errors and has the
most balanced matrix. One pituitary-to-meningioma error is
shared by every model. Sellar and suprasellar meningiomas
can resemble pituitary adenomas on MRI, which makes this
particular subtype confusion clinically plausible [76, 77].

5.3 Explainability and uncertainty

The fixed qualitative audit separates CNN-side class attri-
bution from transformer-side information flow. Under the
manual Grad-CAM++ judgements recorded for these three
cases, Hybrid B is tumour-centred in all three, Hybrid A in
none, and each ablation in one. The corresponding Attention
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Table 2: Held-out results on 1,284 images. Bold indicates the best observed value.

Model Params (106) Acc. Macro-F1 W-F1 Loss Spec. κ MCC Errors

Hybrid A 26.68 0.9875 0.9875 0.9875 0.0803 0.9959 0.9833 0.9833 16
Hybrid B 26.58 0.9852 0.9849 0.9852 0.0753 0.9952 0.9802 0.9803 19
Ablation A 26.68 0.9875 0.9873 0.9875 0.0847 0.9959 0.9833 0.9834 16
Ablation B 26.58 0.9922 0.9920 0.9922 0.0668 0.9975 0.9896 0.9896 10
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Figure 5: Classification and qualitative spatial evidence. (a) Exact classification errors on the 1,284-image held-out
test set; Ablation B makes the fewest errors. (b) Number of the three fixed explanation cases judged tumour-centred by
Grad-CAM++; Hybrid B is tumour-centred in all three cases. The two panels measure different properties: classification
correctness and qualitative spatial evidence.
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Rollout maps contain tumour-associated or partially tumour-
associated relevance in several cases, but their spatial corre-
spondence with the visible lesion is less precise in this fixed
sample. This difference should not be interpreted as failure
of the transformer representation. Grad-CAM++ is condi-
tioned on the target-class logit, whereas the implemented
Attention Rollout is not class-specific: attention is averaged
across heads, residual self-connections are incorporated, the
layer-wise attention matrices are composed, and—because
the RViT encoder contains no class token—the resulting
relevance is averaged over query tokens. Rollout therefore
characterises transformer-side information flow rather than
attribution of the complete late-fused prediction.

Spatial resolution further depends on the active transformer
token grid. Hybrid A represents the transformer-facing fea-
ture field with only 7× 7 = 49 spatial tokens, which limits
the precision with which its rollout can be projected back

to the image. Hybrid B begins from a 14× 14 image-patch
grid and retains an s× s representation, with 7 ≤ s ≤ 14,
after any GSTE-B grid reduction. Its rollout can therefore
preserve finer spatial structure than the Hybrid A pathway.
These architectural differences motivate interpreting Grad-
CAM++ and Attention Rollout as complementary branch-
specific diagnostics rather than requiring identical spatial
agreement from the two methods.

Beyond these three fixed cases, a broader manual inspection
of the Grad-CAM++ and Attention Rollout outputs was con-
ducted during the project. Across the reviewed explanation
outputs, approximately 90% of the Hybrid B cases and 70%
of the Hybrid A cases were recorded as tumour-focused
overall; approximately 30% of the reviewed Hybrid A cases
were instead judged to emphasise background or acquisition-
related structure despite a correct class prediction. These
figures summarise the project-level visual review across the
explanation outputs and are not method-specific localisation
rates. The review denominator and per-case scoring sheet
were not retained, so the proportions are reported only as
descriptive historical observations and are excluded from
quantitative model comparison.

The fixed-case judgements are likewise qualitative. They
were assigned manually by comparing the visible lesion with
the explanation overlays, without tumour masks, blinded
readers or quantitative overlap measurements. They there-
fore characterise the observed explanation behaviour of the
released models rather than establish localisation accuracy
or causal dependence on the highlighted regions.

All four models remain highly confident on the shared error:
0.9692 for Hybrid A, 0.9869 for Hybrid B, 0.9592 for Abla-
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Figure 7: Exact held-out confusion matrices. Rows are true classes and columns are predicted classes.

Hybrid A Abl. A Hybrid B Abl. B

Correct meningioma

Challenging glioma

Pituitary→meningioma

Wrong Wrong Correct Correct

Wrong Correct Correct Part. wrong

Wrong Wrong Correct Wrong

a CNN evidence: Grad-CAM++

Hybrid A Abl. A Hybrid B Abl. B

Part. correct Part. correct Wrong Wrong

Wrong Part. wrong Part. wrong Part. wrong

Wrong Part. correct Part. correct Part. correct

b Transformer evidence: Attention Rollout

Figure 8: Branch-specific evidence on three fixed test cases. (a) Grad-CAM++ examines class-discriminative evidence in
the CNN path. (b) Attention Rollout traces information flow through the transformer path. Each cell records the manual
visual judgement for the same correctly classified meningioma, challenging glioma and shared pituitary-to-meningioma
error. The judgements are qualitative and should not be interpreted as tumour-segmentation scores.

tion A and 0.9632 for Ablation B. MC-dropout confidence
does not flag this failure. Hybrid B also produces tumour-
centred CNN evidence while assigning the wrong subtype;
lesion-centred evidence and correct subtype identification
are therefore distinct properties.

6 Discussion and Limitations

Classification and qualitative evidence do not rank the mod-
els identically. Ablation B gives the highest macro-F1
(0.9920), whereas Hybrid B shows the strongest tumour-
centred Grad-CAM++ behaviour in the fixed manual audit
and the highest tumour-focused proportion in the broader
descriptive review. Grad-CAM++ and Attention Rollout
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Figure 9: Confident subtype error. All four models predict meningioma for a pituitary case. Top: Grad-CAM++ evidence;
the red circle marks the visible lesion, which Hybrid B highlights despite assigning the wrong subtype. Bottom: mean
probability assigned to the incorrect class over 20 MC-dropout passes.

should not be collapsed into a single localisation mea-
sure. Grad-CAM++ is class-conditioned and interrogates
the CNN evidence pathway, whereas the implemented Atten-
tion Rollout traces information flow within the transformer
pathway independently of the target-class logit and does not
account for the CNN descriptor or the late-fusion classifier.
Its apparent spatial precision additionally depends on to-
ken resolution. The more diffuse or partial rollout patterns
observed in the fixed cases therefore do not contradict the
stronger Hybrid B Grad-CAM++ result; the two methods
expose different properties of the hybrid representation.

The broader manual review recorded approximately 90%
tumour-focused explanation behaviour for Hybrid B and
70% for Hybrid A. These proportions remain descriptive
because the review denominator and per-case scoring sheet
were not retained. Neither this broader review nor the three
fixed cases uses tumour masks, blinded clinical readers
or causal interventions, and neither therefore establishes
quantitative localisation performance or complete removal
of shortcut learning.

The family-specific results follow the two intervention sites.
Hybrid A leaves the CNN descriptor ungated, allowing late
fusion to use a local summary that bypasses PFD. Its guided
and ablated forms consequently have almost identical clas-
sification scores and limited Grad-CAM++ differences. Hy-
brid B gates the CNN descriptor and the patch-token path-
way; its larger Grad-CAM++ change is consistent with this

direct intervention. Its lower accuracy admits at least two
explanations: the gate may remove context needed for sub-
type separation, or it may emphasise lesion features that are
insufficient for distinguishing tumour subtypes. The present
experiment cannot separate these mechanisms.

All four variants achieve macro-F1 of at least 0.9849 on the
fixed test split, including both ablations. The ResNet50V2–
RViT construction therefore yields high internal classifi-
cation performance on this split without PFD–GSTE. The
guidance modules address a different quantity: where spatial
emphasis enters the two branches. The shared pituitary-to-
meningioma error further separates these quantities, because
every model assigns high confidence to the wrong subtype
while Hybrid B retains tumour-centred CNN evidence.

The evidence is bounded by the dataset and protocol. The
images are aggregated two-dimensional slices without pa-
tient identifiers, sequence labels or an external hospital co-
hort. SHA-1 removes exact files but not near-duplicates or
repeated patients. Each model has one training run, leav-
ing optimisation variance unknown. The three explanation
cases have no masks or blinded readers, and MC dropout
is not followed by formal calibration. The results are there-
fore limited to classification and qualitative evidence on
this fixed split; they do not establish patient-independent
generalisation, calibrated uncertainty or complete removal
of shortcut learning.
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7 Conclusion

PFD and GSTE introduce spatial guidance into a
ResNet50V2–RViT classifier without tumour masks. GSTE-
A transfers the PFD gate to 49 CNN feature tokens, whereas
GSTE-B transfers it to up to 196 raw-image patch tokens
and the CNN descriptor. The four variants are evaluated
on one fixed, duplicate-audited split using classification
metrics, exact errors, branch-specific explanations and MC
dropout.

Every model exceeds the classification target. Ablation B
gives the highest macro-F1, while Hybrid B produces the
most tumour-centred Grad-CAM++ outputs in the three re-
ported cases. On this benchmark, stronger guidance changes
qualitative spatial evidence more than classification perfor-
mance. Shortcut mitigation cannot therefore be inferred
from accuracy alone; the evidence path, error type and con-
fidence behaviour must be examined separately.

8 Future Work

The future study should convert the present mechanism-level
comparison into a factorial evaluation of the guidance mech-
anism. Each family should include an unguided control,
PFD-only guidance, token guidance without PFD-derived
spatial preference, and the complete PFD–GSTE mecha-
nism; Hybrid B additionally requires a grid-reduction-only
control. Data-loader semantics should be identical across
configurations, guidance strength should be swept explic-
itly, and each configuration should be repeated across at
least five independent seeds. Mean performance, dispersion
and confidence intervals should replace interpretation of
single-run sub-percentage differences.

Shortcut mitigation should then be tested directly on patient-
independent external cohorts spanning hospitals, scanner
manufacturers, acquisition protocols and MRI sequences.
Perceptual or representation-level near-duplicate detection
should complement the present exact SHA-1 audit. Where
tumour masks are available, explanation quality should
be quantified using overlap- and pointing-based measures
and complemented by causal insertion, deletion, region-
occlusion and model-randomisation tests [55]. Uncertainty
should be evaluated across complete held-out and external
distributions using negative log-likelihood, Brier score, ex-
pected calibration error and reliability diagrams [59, 60],
together with selective-risk analysis and error- or out-of-
distribution-detection metrics. Multi-slice, multi-sequence
and three-dimensional models, including contemporary
MRI foundation representations, provide the subsequent
test of whether PFD–GSTE retains value beyond the present
two-dimensional benchmark.
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A Code-Derived Implementation

The notation follows Section 3; the order of gating, rota-
tion, tokenisation, averaging and fusion follows the released
Python definitions.

A.1 Fixed architectural settings

A.2 Hybrid A procedure

Hybrid A computes its CNN descriptor before applying PFD.
The gated feature map is then rotated with its gate, converted
into 49 tokens, weighted by the mean-normalised gate and
supplied to the shared encoder. The CNN contribution to
the fused classifier is therefore ungated.

A.3 Hybrid B procedure

Hybrid B applies PFD before its CNN descriptor is pooled.
The same gate guides the image-patch pathway. The grid
side is chosen once per batch from the unrotated gate, so
every sample and every rotation has a common sequence
length.

For batch index b ∈ {1, . . . , B}, flatten the mean-
normalised 14 × 14 gate to Ab = (Ab,1, . . . , Ab,196) and
define its token mean as Ab = 1

196

∑196
i=1 Ab,i. The code

uses PyTorch’s default sample standard deviation db and
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Table 3: Architectural settings in the four released model definitions.

Setting Hybrid A/ Ablation A Hybrid B/ Ablation B

Input; final CNN map 3× 224× 224; 2048× 7× 7 Same
Transformer input Projected CNN feature map Non-overlapping image patches
Initial token grid 7× 7 = 49 14× 14 = 196
Guided CNN descriptor No in Hybrid A Yes in Hybrid B
Rotation construction Four aligned feature/gate rotations Four aligned image/gate rotations
Embedding; depth; heads 142; 10; 10 142; 10; 10
Attention head width 14; internal width 140 15; internal width 150
RViT local operator Depthwise 3× 3 convolution Same
Transformer MLP width 480 480
Branch and fusion width 256 256
Dropout Transformer 0.1; fusion 0.5 Transformer 0.1; CNN/fusion 0.5
Observed parameters 26.68 million 26.58 million

then forms the batch statistic q:

db =

[
1

196− 1

196∑
i=1

(Ab,i −Ab)
2

]1/2

, q =
1

B

B∑
b=1

db.

(19)
Equations (11) and (12) then determine the side and the
guided token map. In Algorithms 1 and 2, rot90 denotes a
quarter-turn rotation, tokens spatial flattening, grid the in-
verse reshape, stack tensor stacking, interp positional-grid
interpolation and bilinear_up bilinear upsampling. The op-
erator PatchConv16,16 is a 16× 16 convolution with stride
16; RViT10 denotes ten residual RViT blocks followed by
the encoder’s final layer normalisation; and A denotes the
collection of encoder attention matrices returned for expla-
nation.

Figures 3 and 4 give the image-led forward paths; Algo-
rithms 1 and 2 below record the same operations as exe-
cutable pseudocode.

A.4 Ablation and compatibility details

The external embedding width is 142 and the head count
is ten, following the adopted RViT configuration. Because
142 is not divisible by ten, the released Hybrid A attention
uses 10× 14 = 140 internal dimensions and Hybrid B uses
10 × 15 = 150; both project back to 142. Hybrid A also
constructs its encoder with placeholder spatial metadata
7//16 = 0. At run time, each block observes 49 tokens and
reconstructs a 7× 7 grid before its depthwise convolution.
Both details affect exact reproduction.

B Reproducibility Details

Table 5: Training and evaluation settings used in the released
experiments.

Component Setting

Compute One NVIDIA Tesla P100; two data-loader workers;
pinned memory

Initialisation Pretrained resnetv2_50x1_bitm; new layers
use their module initialisers

Optimiser AdamW; CNN learning rate 10−4; trans-
former/fusion learning rate 5 × 10−4

Regularisation Weight decay 0.01 with stated exclusions; label
smoothing 0.05; gradient norm at most 1.0

Schedule Cosine annealing to 10−6; maximum 100 epochs;
early-stopping patience 10

Fine-tuning CNN frozen for epochs 1–5, then unfrozen
Selection Highest validation macro-F1; held-out test used after

checkpoint selection
Batching Batch 32; A family keeps the final incomplete batch;

B family drops it
Augmentation Rotation ±15◦; horizontal flip with probability 0.5;

translation 5%; Gaussian noise with standard devia-
tion 0.02 and probability 0.5

Normalisation RGB tensor; per-channel mean 0.5 and standard devi-
ation 0.5

Randomness Seed 42; one run per model; Compute Unified Device
Architecture (CUDA) Deep Neural Network library
(cuDNN) benchmark enabled; strict determinism dis-
abled

Precision Standard precision; automatic mixed precision was
not used

MC dropout 20 passes; dropout active; BN in evaluation mode

The repository contains the duplicate audit, fixed-split con-
struction, four training configurations, model-specific expla-
nation procedures, histories, confusion matrices, misclassi-
fication manifests, checkpoints and a reusable PFD–GSTE
package. Raw images are obtained from the cited Kaggle
source and are not redistributed. The one-run design means
that the reported differences contain unknown optimisation
variance.

C Complete Held-Out Results

The exact tables show that the common error is not a general
failure to distinguish tumour from no tumour. Most remain-
ing errors occur between tumour subtypes, and the direction
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Algorithm 1 Hybrid A: PFD-A and static feature-token GSTE-A
Input: MRI batch x; rotations K = (0, 1, 2, 3).
Output: four-class logits ŷ; optional gate and attention collection A.

1 F ← Bθ(x), with F ∈ RB×2048×7×7.
2 zcnn ← ReLU(Wc GAP(F ) + bc).
3 M ← σ(Wm ∗1×1 F + bm); F g ← F ⊙M .
4 Initialise the rotation-token list T ← [ ].
5 for (r, k) in enumerate(K) do
6 F g

r ← rot90(F g, k); Mr ← rot90(M,k).
7 Er ← tokens(We ∗1×1 F

g
r + be) ∈ RB×49×142.

8 ar ← tokens(Mr)/(meani tokens(Mr)i + 10−6).
9 Tr ← Er ⊙ ar + P7×7 + ρr; append Tr to T .

10 end for
11 T ← mean(stack(T ), rotation axis).
12 H,A ← RViT10(T ).
13 zvit ← ReLU(Wv meani Hi + bv).
14 h← ReLU(Wf [zcnn; zvit] + bf ).
15 ŷ ←Wo Dropout0.5(h) + bo.
16 return ŷ and, when requested, up(M) and A.

Algorithm 2 Hybrid B: PFD-B and dynamic patch-token GSTE-B
Input: MRI batch x; rotations K = (0, 1, 2, 3); base side g = 14.
Output: four-class logits ŷ; optional gate, attention collection A and chosen side s.

1 F ← Bθ(x).
2 M ← σ(Wm ∗1×1 F + bm); F g ← F ⊙M .
3 M↑ ← bilinear_up(M, 224, 224).
4 zcnn ← ReLU(BN(Wc Dropout0.5(GAP(F g)) + bc)).
5 A0 ← AAPg×g(M

↑)/(meani,j AAPg×g(M
↑)i,j + 10−6).

6 q ← meanb(stdi,j(A0,b; sample)).
7 Choose s ∈ [7, 14] from q using Equation (11).
8 Initialise the rotation-token list T ← [ ].
9 for k in K do

10 xk ← rot90(x, k); Ek ← PatchConv16,16(xk) ∈ RB×196×142.
11 Mk ← rot90(M↑, k).
12 Ak ← AAPg×g(Mk)/(meani,j AAPg×g(Mk)i,j + 10−6).
13 Xk ← grid(Ek)⊙Ak.
14 if s < g then Xk ← AAPs×s(Xk)/(AAPs×s(Ak) + 10−6).
15 Tk ← tokens(Xk) + interp(P14×14, s, s) + ρk; append Tk to T .
16 end for
17 T ← mean(stack(T ), rotation axis).
18 H,A ← RViT10(T ).
19 zvit ← ReLU(Wv meani Hi + bv).
20 h← ReLU(Wf [zcnn; zvit] + bf ).
21 ŷ ←Wo Dropout0.5(h) + bo.
22 return ŷ and, when requested, M↑, A and s.

Table 4: The operations removed by each ablation and those retained.

Control Removed Retained

Ablation A PFD gate; feature-token weights ResNet50V2 descriptor; four rotations of the ungated 7×7
feature map; 49-token encoder; late fusion

Ablation B PFD gate; gated CNN descriptor; patch-token weights;
grid reduction

ResNet50V2 descriptor; four raw-image rotations; full
196-token encoder; late fusion

differs by model. The highest no-tumour false-positive
count is seven in Hybrid B; the highest single subtype con-
fusion is seven meningioma images predicted as pituitary
by Ablation A.

D Qualitative Explanation and Uncertainty
Audit

No tumour masks, overlap scores, pointing-game tests,
causal deletion tests, randomisation tests or blinded clin-
ical readers were available. The observations of 0/3, 3/3, 1/3
and 1/3 tumour-centred Grad-CAM++ cases are therefore
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(a) Guided-model histories. (b) Ablation histories.

Figure 10: Released training histories. Checkpoints are selected by validation macro-F1: Hybrid B at epoch 14, Hybrid A at
epoch 43, Ablation A at epoch 30 and Ablation B at epoch 42.

Table 6: Per-class precision (P), recall (R), F1 and one-
versus-rest specificity (S) on the 1,284-image test set.

Model Class P R F1 S

Hybrid A

Glioma 0.9801 0.9900 0.9850 0.9939
Meningioma 0.9837 0.9901 0.9869 0.9949
Pituitary 0.9900 0.9900 0.9900 0.9970
No tumour 0.9947 0.9816 0.9881 0.9978

Hybrid B

Glioma 0.9705 0.9900 0.9801 0.9909
Meningioma 0.9710 0.9901 0.9805 0.9908
Pituitary 0.9966 0.9800 0.9882 0.9990
No tumour 1.0000 0.9816 0.9907 1.0000

Ablation A

Glioma 0.9835 0.9967 0.9900 0.9949
Meningioma 0.9867 0.9770 0.9818 0.9959
Pituitary 0.9770 0.9933 0.9851 0.9929
No tumour 1.0000 0.9843 0.9921 1.0000

Ablation B

Glioma 0.9933 0.9866 0.9899 0.9980
Meningioma 0.9806 0.9967 0.9886 0.9939
Pituitary 0.9933 0.9933 0.9933 0.9980
No tumour 1.0000 0.9921 0.9960 1.0000

Table 7: Exact confusion counts. Rows are true classes and
columns are predicted classes: glioma (G), meningioma
(M), pituitary (P) and no tumour (N).

Hybrid A

True G M P N

G 296 1 2 0
M 0 301 1 2
P 1 2 297 0
N 5 2 0 374

Hybrid B

True G M P N

G 296 3 0 0
M 2 301 1 0
P 1 5 294 0
N 6 1 0 374

Ablation A

True G M P N

G 298 1 0 0
M 0 297 7 0
P 1 1 298 0
N 4 2 0 375

Ablation B

True G M P N

G 295 3 1 0
M 0 303 1 0
P 0 2 298 0
N 2 1 0 378

descriptive. A plausible heatmap does not establish that the
highlighted pixels caused the final prediction.

Table 8: Visual interpretation of the three fixed cases. GC de-
notes Grad-CAM++; AR denotes Attention Rollout. These
are qualitative judgements, not localisation scores.

Case Model GC AR

Correct
meningioma

Hybrid A Wrong Partly correct
Hybrid B Tumour-centred Wrong
Ablation A Wrong Partly correct
Ablation B Tumour-centred Wrong

Challenging
glioma

Hybrid A Wrong Wrong
Hybrid B Tumour-centred Partly wrong
Ablation A Tumour-centred Partly wrong
Ablation B Partly wrong Partly wrong

Pituitary →
meningioma

Hybrid A Wrong Wrong
Hybrid B Tumour-centred Partly correct
Ablation A Wrong Partly correct
Ablation B Wrong Partly correct

Scope. The released evidence supports four-class results
on one fixed, exact-duplicate-audited Kaggle split; a code-
defined comparison of PFD–GSTE against two family-
specific ablations; and a qualitative explanation audit of
three test cases. It does not support patient-independent gen-
eralisation, quantitative tumour localisation, calibrated un-
certainty or clinical use. Those conclusions require patient
identifiers, external cohorts, repeated runs, tumour masks,
formal localisation tests and probability-level calibration
analysis.

Table 9: MC dropout mean confidence on the shared error.
Every model predicts meningioma; the true class is pituitary.

Model Mean confidence Passes Prediction True class

Hybrid A 0.9692 20 Meningioma Pituitary
Hybrid B 0.9869 20 Meningioma Pituitary
Ablation A 0.9592 20 Meningioma Pituitary
Ablation B 0.9632 20 Meningioma Pituitary
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