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Abstract

Background/Objectives: Chest radiographs contain hierarchical relationships between
global thoracic configuration and organ-specific findings, together with scale-dependent
anatomical boundary geometry and heterogeneous texture distributions. Coarse im-
age-report alignment may overlook regional evidence, whereas isolated local alignment can
fragment complete-examination semantics. We propose Anatomy-Guided Image—Report
Alignment (AGIRA) for fine-grained chest X-ray (CXR) representation learning and investi-
gate its behavior through post hoc finite-scale fractal and multifractal analysis. Methods:
AGIRA constructs whole-image, left-lung, right-lung, and heart image-text pairs, adapts
frozen vision and language backbones using lightweight Anatomy Sensors, and retains
masked image and language reconstruction objectives to preserve global-local seman-
tic continuity. Temporal-multiview fusion and hybrid soft labels reduce false-negative
supervision. Post hoc analysis estimates effective box-counting dimensions, generalized
dimensions, multifractal spectrum width, and a finite-scale attention concentration index.
We additionally compare these descriptors with conventional intensity, texture, and uncer-
tainty features using nested cross-validated incremental-value analyses. Results: AGIRA
achieves 92.0% AUC, 84.2% accuracy, and 79.0% F1-score on RSNA Pneumonia, together
with 57.5% zero-shot accuracy and 53.7% image-to-text P@5 on CheXpert 5 x 200, while
updating only 7.54% of the complete model. On an independently annotated 600-unit
report-routing set, the deterministic parser obtains macro-F1 0.953 and exact multi-label
routing accuracy 0.918. Under the identical 34,080-record cohort, AGIRA remains above
GLoRIA-ViT, MLIP, and BCC on all reported downstream metrics. Adding finite-scale de-
scriptors to conventional intensity /texture/uncertainty features increases cross-validated
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1. Introduction

Chest X-ray (CXR) imaging is widely used for screening, diagnosis, and therapeutic
evaluation of thoracic and cardiovascular disease [1]. Despite its ubiquity, high-quality
CXR interpretation is inherently complex and relies heavily on specialized radiological
expertise [2]. Beyond diagnostic variability and workload pressure [3,4], CXR interpreta-
tion is challenging because local findings in the lungs, pleura, and heart are embedded
within the global thoracic configuration. Consequently, automated CXR interpretation
with robust deep learning systems has become an important research objective in medical
image analysis [1,5]. From a representation-learning perspective, this hierarchical struc-
ture requires a model to preserve complete examination-level context while also resolving
organ-specific evidence.

Against this background, vision-language pretraining, prominently spearheaded by
Contrastive Language-Image Pretraining (CLIP) [6], has transformed cross-modal represen-
tation learning from paired images and text. Medical CXR archives are particularly suitable
because radiographs are naturally paired with reports, reducing dependence on dense man-
ual labels. Nevertheless, the principal existing approaches leave distinct gaps. ConVIRT [7]
is dominated by whole-image /whole-report supervision and therefore does not explicitly
bind a finding to a predefined anatomical support. BioViL [8] improves domain-specific
language semantics but likewise does not impose explicit left-lung, right-lung, and heart
correspondence. CXR-CLIP [9] incorporates frontal-lateral information, but multiview
supervision alone does not define anatomy-specific cross-modal targets. GLoRIA [10]
introduces patch-word attention, yet its local units are learned implicitly rather than orga-
nized around radiological anatomical regions. Knowledge-guided systems can provide
stronger clinical priors, but their entity extraction, linking, or graph construction introduces
additional dependencies and potential parsing noise.

These limitations expose two complementary constraints. Exclusively global align-
ment can suppress fine-grained regional evidence and permit attention to drift toward
globally correlated but anatomically irrelevant content; conversely, treating local crops and
report fragments as independent training instances can weaken their relationship to the
complete radiograph and full-report context. The methodological novelty of AGIRA is
defined against these two constraints: explicit three-region anatomical correspondence is
optimized jointly with examination-level alignment, while a frozen MIM/MLM-pretrained
backbone and retained reconstruction objectives regularize the adapted representation so
that local specialization does not replace global semantics. Temporal-multiview fusion and
hybrid soft labels address a separate source of error—clinically related observations that
would otherwise be treated as strict negatives.

Figure 1 summarizes these two representation-learning constraints and the corre-
sponding motivation for AGIRA.

To systematically resolve these bottlenecks, we propose Anatomy-Guided Image—
Report Alignment (AGIRA), a hierarchical global-local framework that integrates anatom-
ical priors into CXR vision-language representation learning. AGIRA uses anatomical
masks and clinically grounded report-parsing rules to construct explicit anatomy-level
supervision for the left lung, right lung, and heart. Lightweight Anatomy Sensors adapt a
frozen pretrained backbone, while auxiliary MIM/MLM reconstruction objectives preserve
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global-local semantic continuity. Temporal-multiview radiograph features and hybrid
soft labels further reduce false-negative supervision caused by clinically related but un-
paired studies.
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Figure 1. Motivation of AGIRA for hierarchical global-local chest X-ray vision-language learning.
(a) Coarse global image-report alignment may cause anatomical semantic mismatch and attention
drift because the model receives only examination-level supervision. (b) Naively decomposing
images and reports into isolated local units may break the relationship between the complete image
and anatomical regions, as well as the contextual dependency between the full report and local
report fragments.

The fractal component has a deliberately different role from the trainable AGIRA
components. It is used only after training as an independent multiscale audit. This
separation is important for two reasons. First, optimizing the model directly toward the
same fractal quantities later used to assess descriptor-embedding agreement would make
that agreement partly circular. Second, finite-resolution fractal estimates are sensitive to
rasterization, mask boundaries, and the selected scale window; using them as training
targets would introduce a scale-dependent optimization signal that is not required by
the core cross-modal objective. We therefore do not claim that fractal quantities improve
AGIRA optimization. Instead, we test whether they provide incremental explanatory
value beyond conventional intensity statistics, fixed-neighborhood texture, and predictive
uncertainty. Specifically, nested cross-validated models are used to determine whether
finite-scale descriptors improve identification of cases in which anatomy-aware alignment
changes classification or retrieval behavior after the conventional variables have already
been supplied. This converts the fractal component from a purely descriptive add-on into a
falsifiable post hoc diagnostic contribution while preserving its independence from training.

For a bounded set S, the slope of log Ns(€) against log(1/€) estimates an effective
box-counting dimension over the resolved scale interval. When normalized gradient
energy is treated as a spatial measure, the generalized dimensions D, and singularity
spectrum f(«) characterize how sparse and dense texture components redistribute across
scale, while Ax summarizes spectrum width [11-13]. These quantities are interpreted
as finite-scale descriptors rather than evidence of exact self-similarity [14]. Boundary
geometry is measured on the union of the left-lung, right-lung, and heart masks and on
each organ contour, whereas texture is measured separately on the complete image and
on anatomy-conditioned supports. The analyses ask three restricted questions: whether
multiscale heterogeneity is associated with downstream behavior, whether local descriptor
distances show weak but reproducible concordance with embedding distances, and whether
multiscale attention concentration agrees with lesion-localization metrics. Thus, the fractal
analysis complements rather than participates in representation learning.

The contributions are as follows:
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¢ We introduce AGIRA, a hierarchical whole-image/anatomy-level CXR vision-language
framework that combines explicit anatomical correspondence with preserved examination-
level semantics.

*  We use parameter-efficient Anatomy Sensors, auxiliary reconstruction objectives,
temporal-multiview fusion, and hybrid soft labels to adapt frozen backbones while
limiting false-negative supervision.

¢  We formulate post hoc finite-scale boundary and texture descriptors on explicitly
separated geometric and intensity supports, and test their incremental explanatory
value beyond conventional intensity, texture, and uncertainty features without using
them for training.

* Controlled experiments evaluate parser routing accuracy, identical-cohort fair-
ness, temporal/multiview contributions, hyperparameter sensitivity, anatomical-
localization perturbations, cross-dataset transfer, retrieval, attention localization,
and finite-scale robustness.

1.1. Related Work
1.1.1. Medical Vision-Language Pretraining for Chest X-Rays

Vision-language pretraining (VLP) has emerged as a powerful paradigm for learning
transferable medical representations from naturally paired radiographs and reports. In-
spired by CLIP [6], early medical VLP architectures adapted contrastive learning to chest
X-ray interpretation by aligning global visual features with textual representations. For ex-
ample, ConVIRT [7] optimized bidirectional global contrastive losses on paired CXR data,
while BioViL [8] enhanced domain-specific language modeling via CXR-BERT and auxiliary
pretraining objectives. CXR-CLIP [9] expanded this paradigm by converting image-label
pairs into prompt-based text templates and integrating frontal-lateral view alignments.

Subsequent studies have advanced medical VLP along diverse dimensions, but their
remaining limitations motivate different parts of AGIRA. BCC [15] reduces semantic false
negatives through dynamic soft labels and negation-aware modeling, but it does not estab-
lish explicit organ-level image—text pairs. MLIP [16] introduces knowledge-guided con-
trastive learning, yet the quality of the learned correspondence remains dependent on the
external knowledge-extraction process. MMCLIP [17] combines masked image/language
modeling with multimodal learning, but reconstruction and contrastive pretraining alone
do not specify which regional image evidence should align with which anatomical report
statement. GLoRIA-style implicit local matching [10] provides fine granularity but does
not guarantee that the learned local unit corresponds to a radiological anatomical struc-
ture. The resulting gap is not a lack of local features per se; it is the absence of explicit
anatomical correspondence combined with a mechanism that simultaneously preserves
complete-examination semantics.

Masked record modeling (MRM) jointly reconstructs masked radiograph patches
and report tokens to learn transferable radiographic representations [18]. Building on an
MRM-pretrained vision encoder, recent parameter-efficient CXR vision-language meth-
ods have demonstrated the feasibility of adapting frozen vision and language backbones
with lightweight trainable modules [19]. AGIRA takes this frozen-backbone adaptation
paradigm in a different direction: instead of treating it only as an efficiency strategy, AGIRA
uses it to preserve global-local semantic continuity when global image-report semantics
and anatomy-level correspondences are jointly optimized. The retained MIM/MLM recon-
struction objectives regularize the adapted representation space, helping local anatomical
evidence remain semantically grounded in the full radiograph and complete report.
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1.1.2. Fine-Grained and Knowledge-Guided Cross-Modal Alignment

Given that radiology reports commonly anchor pathological findings to anatomical
locations, effective CXR image-text alignment requires fine-grained semantic mapping
beyond conventional instance-level matching [20,21]. Existing studies have explored fine-
grained or multi-granularity alignment from different perspectives. GLoRIA [10] designed
a joint global-local representation learning scheme utilizing word-guided attention to
associate image patches with report tokens. MGCA [22] introduced multi-granularity
contrastive learning by simultaneously modeling instance-level, token-level, and disease-
semantic correspondences. Beyond medical imaging, GOAL [23] explored a related global-
local alignment idea by aligning complete scene graphs with scene descriptions and local
objects with corresponding object-level descriptions. Although these methods improve
fine-grained cross-modal matching, their alignment units are not organized around the
anatomical structures that radiologists use to localize and describe CXR findings. To inject
stronger clinical priors, another line of work integrates external knowledge into medical
VLP. MedKLIP [24] extracts entities, anatomical locations, and existence states from reports,
linking them to Unified Medical Language System (UMLS) definitions. KAD [25] constructs
a medical knowledge graph using RadGraph annotations, while ARL [26] and KB-VLP [27]
incorporate entity-centric or knowledge-base embeddings to guide representation learning.

While the above knowledge-guided approaches underline the utility of clinical priors,
they often depend on external knowledge graphs, named entity recognition (NER), or entity-
linking pipelines, which may introduce additional processing noise. In contrast, AGIRA
capitalizes on knowledge intrinsic to CXR interpretation: the hierarchical anatomical
structure that naturally couples thoracic regions with textual findings. By operationalizing
this prior via anatomical masks and clinically grounded report-parsing rules, AGIRA
establishes anatomy-level image-report supervision while retaining global image-report
alignment and preserving global-local semantic continuity.

A complementary structural perspective is provided by the Adaptive Petri Net Token
Flow (APNTF) method of Mahadeer et al. [28], which represents grayscale-image seg-
mentation with a Petri-net formulation in which intensity states, transitions, and token
propagation support context-aware region formation. APNTF and AGIRA share the broad
motivation of modeling image structure more explicitly than a purely global represen-
tation. Their research questions and technical paths are nevertheless different: APNTF
is a pixel/intensity-level segmentation method whose token-flow dynamics directly de-
termine region partitioning, whereas AGIRA addresses vision-language representation
learning and uses predefined anatomical supports to align organ-level image evidence
with report semantics. We therefore cite APNTF as related structural modeling rather than
as a competing cross-modal method; it reinforces the general value of explicit structure
while highlighting that AGIRA operates at an anatomical semantic level rather than a pixel
segmentation level.

1.1.3. Fractal and Multifractal Analysis in Biomedical Imaging and Learning

Box-counting dimension describes the scale-dependent occupancy of a geometric
set, whereas generalized dimensions D, and the singularity spectrum f(a) describe het-
erogeneous scaling of a non-uniform measure derived from image intensity or gradient
energy [11-13,29]. In finite-resolution images, estimates depend on the raster size, prepro-
cessing, and regression window; the analyzed scales and fit quality should therefore be
reported, and the values interpreted as effective descriptors [14].

Recent biomedical learning studies have used fractal concepts as architectural inspi-
ration or as explicit regularizers. VG-SAM employed hierarchical and self-similar ideas
for multi-level prompting [30]; FD-HCL introduced fractal-dimension-guided consistency
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for semi-supervised segmentation [31]; and fractal-inspired weighting has emphasized
structurally complex regions in medical classification [32]. AGIRA intentionally does not
follow the regularization route. Its fractal quantities are computed only from frozen inputs,
embeddings, and visualization maps after model training. This design preserves their role
as an independent explanatory probe and avoids making the core optimizer dependent on
finite-scale descriptors whose estimates vary with resolution and scale selection. Boundary
geometry and gradient-energy texture are defined on explicit, separately reported supports
and are then related to anatomy-conditioned task behavior and local embedding geometry.

2. Materials and Methods

The AGIRA training workflow is summarized in Figure 2; the post hoc finite-scale
analysis is described separately in Section 2.6 and does not participate in the optimiza-
tion path.

Anatomical Language Embeddings
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Figure 2. Overview of AGIRA. The frozen MRM vision encoder and CXR-BERT text encoder are
adapted by trainable Anatomy Sensors. AGIRA jointly optimizes global image-report alignment,
anatomy-level alignment, auxiliary MIM/MLM reconstruction regularization, and hybrid soft-label
supervision from temporal-multiview inputs while preserving global-local semantic continuity.

The schematic workflow of AGIRA is shown in Figure 2. AGIRA is designed to embed
domain-specific clinical and anatomical priors into the cross-modal latent space of CXR
representation learning while preserving the relationship between global examination-level
semantics and anatomy-level evidence. We formalize the knowledge utilized in this work
as a structured triplet:

K=(ARYV) (1)

where A = {left lung, right lung, heart} denotes the set of key anatomical structures es-
sential for thoracic diagnosis. R : 7 — 24 represents a rule-based parsing operator
guided by a clinical keyword vocabulary, which maps a free-text radiology report T € T
to the specific subset of anatomical structures it describes. V defines a relational seman-
tic similarity prior across patient studies, derived from text-semantic and lateral-view
radiographic correlations.

The elements of KC govern distinct operational phases within the AGIRA pipeline: A
and R drive anatomy-driven cross-modal extraction (Section 2.1); the network architecture
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incorporates A for localized parameter-efficient adaptation (Section 2.2); and V provides the
relational basis for synthesizing hybrid soft labels (Section 2.4) to regularize the hierarchical
multi-granularity alignment objectives (Section 2.3).

For clarity, all notation is introduced at first use. Subscripts g and ! denote global and
local representations, respectively; i € {1, ..., N} indexes anatomical structures; B denotes
mini-batch size; ®, and ®; are the frozen visual and text encoders; Proj; and Proj$. are
trainable projection heads; 7 is the contrastive temperature; and «, 8, and J weight the
anatomy, MIM, and MLM terms. Symbols used only in the post hoc finite-scale analysis are
defined separately in Section 2.6 so that they cannot be confused with training variables.

2.1. Hierarchical Anatomy-Driven Cross-Modal Extraction

To establish hierarchical cross-modal alignment, each patient study is represented
through complementary examination-level and anatomy-level components. Let I and
T, denote the global radiograph and its paired free-text report, respectively. Guided by
A and R, we partition I; into N distinct anatomical regions {Il,i},li 1 and segment T into
corresponding anatomy-specific text fragments {T;;} Y ,, yielding a set of localized pairs
{(I;, T;) },. In this study, we set N = 3 to represent the left lung, right lung, and heart.
Figure 3 illustrates both the image cropping and report decomposition rules.

ﬂnatomy parsing 5 —— - \
\
. ( |
- [ ' :
L | chexmask/hard | ‘ 1 |
—_— L
. segment | : :
I\ (Leftlung) [(Rightlung Heart )
KOriginaI chest X-ray —_———— - - /j

'Q .. in the left upper lobe ...
increasing left lung opacification ’

string matching Q ‘ Post—_operative changes ... along ’
the right chest wall.

Radiology report

Findings / Impression

N

l& |Cardiac, mediastinal and hilar
J|contours appear unchanged ;

Figure 3. Illustration of chest X-ray anatomy-driven image extraction (top) and anatomy-specific
report decomposition (bottom). The ellipses indicate report text truncated only for visualization.

Regarding the visual modality, pixel-level masks from the CheXmask dataset [33] are
utilized to localize each target organ within I,. For each binary mask, we compute the
minimum bounding box and expand it by 5% of its width and height on each side, clipped
to the image boundary, to obtain I; ;. This contextual margin is intended to preserve pleural
and boundary-zone evidence while limiting contamination from unrelated structures; its 5%
value is selected on the internal patient-disjoint MIMIC-CXR development split described
in Section 2.8 and is never tuned on a downstream benchmark.

Regarding the textual modality, to avoid adding unconstrained generated content, we
use a deterministic parser. The Findings and Impression sections are sentence-segmented,
matching is performed case-insensitively, and the original sentence text is retained so
that negation, uncertainty, and temporal wording are not rewritten. Side-specific terms
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are evaluated before generic pulmonary terms. A sentence that refers to more than one
supported structure is copied to each matched bucket rather than arbitrarily assigned to
one region. Generic bilateral pulmonary statements are copied to both lung buckets. Only
when a bucket receives no source sentence is the standardized “<anatomical structure> is
unremarkable” template inserted. Table 1 reports the vocabulary and routing rules used in
our implementation.

Table 1. Deterministic anatomy-specific report decomposition rules. The listed expressions are the
normalized lexical triggers used in our implementation; morphological variants are matched after
lower-casing and punctuation normalization. Source sentences are preserved verbatim after routing.

Target Bucket Principal Triggers Routing Rule

Left lung left lung; left upper/lower lobe; left base /basilar; Route to left lung; preserve the complete
lingula; left hilar /hilum; left pleural source sentence.

Right lung right lung; right upper/middle/lower lobe; right Route to right lung; preserve the complete
base/basilar; right hilar /hilum; right pleural source sentence.

Heart heart; cardiac; cardiomediastinal; cardiomegaly; Route to heart; preserve the complete

cardiac silhouette

source sentence.

Route bilateral /generic pulmonary statements to
both lung buckets unless a side-specific trigger
resolves the sentence.

Copy the same source sentence to every matched
supported bucket.

Insert “<anatomical structure> is unremarkable”
only for structural completeness.

Generic pulmonary lung(s); pulmonary; bilateral; bibasilar;
pleural effusions

Multiple structures two or more supported triggers in one sentence

No matched sentence  no trigger for a supported bucket

Representative difficult cases are listed in Table 2. The parser correctly retains explicit
negation (“No focal airspace opacity in the right lung”), uncertainty (“Possible small left
pleural effusion”), temporal wording (“Right basilar opacity has improved since prior”),
and multi-structure statements (“Bibasilar opacities with mild cardiomegaly”). Its main
failure mode is discourse that requires antecedent resolution across sentences, for example
“There is a right basilar opacity. This has improved.”; the second sentence contains no
anatomical trigger and is therefore not independently routed. Anatomically ambiguous
statements such as “Mild blunting of the costophrenic angle” can likewise be under-
specified when laterality is absent.

Table 2. Representative report-decomposition cases and known failure modes. These examples
document deterministic rule behavior; they are not presented as an independent gold-standard
accuracy estimate.

Case Example Source Text Parser Behavior
Negation No focal airspace opacity in the right lung. Right-lung bucket; negation retained.
Uncertainty Possible small left pleural effusion. Left-lung bucket; uncertainty retained.

Multiple structures
Temporal statement
Cross-sentence
dependency
Ambiguous laterality

Bibasilar opacities with mild cardiomegaly.
Right basilar opacity has improved since prior.

Both lung buckets and heart bucket.
Right-lung bucket; temporal qualifier retained.
First sentence routed; anaphoric second
sentence may be missed.

May be under-specified without an explicit side.

There is a right basilar opacity. This has improved.
Mild blunting of the costophrenic angle.

To directly quantify routing reliability, we constructed an independent gold-standard
evaluation set from 200 held-out MIMIC-CXR reports that were excluded from alignment
training. We sampled 600 routing units (a sentence, or a two-sentence unit when antecedent
resolution was required) with stratification to ensure representation of routine anatomy
statements and difficult phenomena including negation, uncertainty, temporal change,
multi-structure statements, ambiguous laterality, and cross-sentence dependencies. Two
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annotators familiar with CXR reporting terminology independently assigned a multi-label
routing vector over left lung, right lung, heart, and none /unsupported. The annotators were
blinded to parser output; disagreements were adjudicated before scoring. Inter-annotator
exact agreement before adjudication was 94.7%, with Cohen’s x = 0.931. Precision, Recall,
and F1 are calculated independently for the three supported anatomical buckets, and exact-
match accuracy requires the complete multi-label routing vector to match the adjudicated
gold standard.

The embedding matching matrix is retained as a separate functional validation of
the downstream supervision: the intended left-lung, right-lung, and heart diagonal scores
are 0.46, 0.51, and 0.57 (mean 0.513), whereas the six off-diagonal scores average 0.243.
Because this matrix is model-dependent, it is interpreted only together with, and not as a
substitute for, the independent parser-accuracy experiment.

This extraction pipeline generates concurrent global-level and anatomy-level supervi-
sion targets for subsequent cross-modal training.

2.2. Parameter-Efficient Anatomy-Aware Adaptation with Anatomy Sensors

The backbone of AGIRA consists of a dual-modality network: a Vision Transformer
(ViT) visual encoder pretrained via masked record modeling (MRM) [18] and a domain-
specific CXR-BERT text encoder initialized from BioViL [8]. To preserve the transferable
representations learned during large-scale pretraining and maintain the pretrained global-
local semantic structure, the attention and feed-forward weights of both foundational
encoders are kept frozen.

To adapt the frozen embedding spaces toward explicit anatomy-level boundaries,
we integrate lightweight, parameter-efficient adapter modules, termed Anatomy Sensors,
into the Transformer blocks of both encoders. As illustrated in Figure 4, each adapted block
contains one sensor after the Multi-Head Self-Attention (MSA) module and another in

parallel with the Feed-Forward Network (FFN).

Down-
Project
Down- Non- Up-

ATrainable Project| | Linearity | | project

Non-
Linearity

D

1‘~ 1 { )
LN FFN: <

N

Frozen

Figure 4. Architecture of the Anatomy Sensor adapter module inserted into each Transformer block
of the frozen backbone for parameter-efficient anatomy-level adaptation.

Formally, taking the FFN-parallel configuration as an example, given an intermediate
token representation x € RY, the forward pass of the Anatomy Sensor is formulated as a
bottleneck adapter:

AS(X) = WHPU(Wdown LN(X)), Waown € Rer/ Wup S Rdxr, )

where LN(-) denotes Layer Normalization, () is GELU, and r signifies the bottleneck rank.
We use the MRM-adaptation setting r/d = 0.25 [19]; this ratio is fixed across experiments
rather than tuned per downstream task. The total block output % is computed via:
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% = x4+ FFN(LN(x)) + 7 - AS(x), (3)

where 77 is a learnable scalar scaling factor initialized to zero. During optimization, the back-
bone attention and FFN weights and the pretrained reconstruction heads remain fixed,
whereas the Anatomy Sensors, their associated normalization parameters, and the pro-
jection heads are trainable. This design concentrates optimization on anatomy-aware
alignment while retaining the pretrained backbone.

2.3. Hierarchical Multi-Granularity Cross-Modal Alignment

AGIRA optimizes cross-modal correspondence at two complementary representation
levels: global examination-level consistency and local anatomy-aware alignment.

2.3.1. Global Temporal-Multiview Alignment

To incorporate comprehensive clinical contexts, the visual input is extended to encom-
pass historical and alternative-view radiographs. This design also helps expose clinically
related observations that may otherwise be treated as independent negatives, such as
different time points of the same patient or different views from the same examination.
For study s, let ()5 = { g, pla, p—la} denote its required global visual states in the curated
cohort, where I, represents the current frontal radiograph, I;, denotes the current lateral
view, I is the previous frontal radiograph, and I, , is the previous lateral view. Thus, each
training record contains both current and historical frontal-lateral radiographs, enabling
temporal-multiview alignment under a consistent four-state visual structure.

For each available image state Iy (k € )s), we append view-specific and temporal
positional embeddings, apply random patch masking, and forward the visible tokens
through the visual encoder:

oSS = @, (1})(0), k€Qs, 4)

where ®,(-)(0) extracts the [CLS] embedding. The multi-view and temporal representa-
tions are aggregated via view-level averaging over the available states and projected into
the shared latent space:

. 1
Uglobal = PI‘O]‘% Uils : (5)
1]

Concurrently, the global textual embedding is derived from the complete report T,:

tglobal = Proj‘% (th (Tg) (0)) . (6)

For a mini-batch containing B normalized embeddings, denoted as matrices V and
T, the cross-modal similarity matrix is defined as S = VT "/, where 7 is a temperature
parameter. Applying row-wise and column-wise softmax operations yields the empirical
image-to-text (pjp;) and text-to-image (pyp;) probability distributions. The global contrastive
losses are optimized using Kullback-Leibler (KL) divergence against the hybrid soft labels
Ysoft derived in Section 2.4:

B
Z (Ye || prai(k,-)), 7)

Uu\»—‘

1 B
Liy = 3 Y KL(Yi |l piae(k,-)), L =
k=1

1
Lgiobal = 5 (Lioe + Liai)- (8)
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2.3.2. Local Anatomy-Aware Alignment

To guarantee localized correspondence, the anatomy-aware branch directly super-
vises the extracted regional pairs {(I; ;, T; ;) })¥ ;. The localized visual regions and textual
fragments are mapped into the shared latent space:

Vanati = Projj (®o(11:)(0)),  tanati = Proji(®¢(T;,1)(0)), i € [1,N]. ©)
: () (@) \T,(b) o . .
For anatomy i, let s, = (v,.;) ' t,n.;/ T denote the similarity between image region a

and report fragment b in a batch. We use the symmetric bidirectional InfoNCE objective

b 0 0

£0 =Ly g log —"
NCE = 53 Y |log o Tlos ——— |, (10)
a=1 Zb::[ e’ab Zb::l e’ba
and combine anatomical structures as
L& a0
Eanatomy = &N . Z Ai ENCE‘ (11)
Y1 iio

We set Aet = Aright = Aheart = 1. Equal weights avoid introducing an additional organ-
frequency prior and keep the three predefined anatomical nodes equally represented in the
local objective. This constraint encourages the trainable Anatomy Sensors to isolate and
capture organ-specific pathological variations.

2.4. Knowledge-Aware Hybrid Soft Labeling

Standard contrastive learning assumes strict orthogonality between distinct clinical
studies, which imposes incorrect penalties on false negatives because unpaired patient
cases frequently share overlapping pathological findings. To address this issue, AGIRA
replaces conventional one-hot targets with hybrid soft labels derived from report semantics
and lateral-view radiographic similarity.

For a mini-batch of size B, let T = [t1,...,tg] and L = [¢y,...,{g] denote the L,-
normalized global textual representations and lateral-view radiographic features, respec-
tively. Their pairwise similarity matrices are computed as:

St =t

i

1
i SEt=4e (12)
To suppress stochastic noise and weak correlations, a hard threshold filtering operation is
applied, followed by row-wise normalization. For each modality m € {text, lat}, the filtered
distribution is defined as:

5177 —u gm gm
S'm _ 1_ T s 1] > T, le — i~ (13)
1] 7 Z Sm
0, otherwise, ] =

where T; represents the filtering threshold, yielding the semantic label matrix Yiext and the
structural matrix Yy, If thresholding produces a zero off-diagonal row, that auxiliary row
contributes zeros and the paired identity component in Equation (14) remains the valid
target; no division by zero is performed in implementation.

The unified hybrid soft label matrix, Y.y, is constructed via a linear combination of
the identity matrix I and the two filtered soft label matrices:

Ysoft = (1 —A— ’Y)I + /\Ytext + 'Yylat (14)
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where A and <y are hyperparameters controlling the mixing ratios. We enforce A + ¢ < 1 so
that the exact paired study retains an explicit identity-matrix contribution to the optimiza-
tion target.

2.5. Training Objective and Global-Local Continuity Regularization

To prevent the trainable Anatomy Sensors from distorting the representation space
of the frozen backbone, we retain the pretrained reconstruction objectives as auxiliary
regularizers that preserve global-local semantic continuity. For the visual pathway, the fixed
MRM visual decoder ®; reconstructs the masked patches of the current frontal radiograph,
and the resulting loss regularizes the trainable adaptation modules. Let M denote the set
of masked patch indices:

Ly = MSE( [, (@v(lé))]M, (1] 1 )- (15)

For the textual pathway, the report sequence is partitioned into a masked subset Ty; and an
unmasked context subset Ty . The retained masked-language prediction head supervises
the adaptation modules by predicting the masked tokens conditioned on the remaining
text context and the global visual vector vgjopal:

| T
Lyvim = — Y log P(Tw (i) | Tn, vglobal)- (16)
=

1

The total objective function optimized by AGIRA combines the multi-granularity
alignment losses and the self-supervised reconstruction terms:

Liotal = Laglobal + & Lanatomy + BLviM + LM (17)

where «, B, and ¢ serve as balancing coefficients. This multi-task scheme concentrates the
learning capacity of the trainable parameters on anatomy-aware adaptation while ensuring
representation stability.

2.6. Post Hoc Finite-Scale Fractal Analysis
2.6.1. Scientific Role and Complementarity to Conventional Analyses

The quantities in this section are computed only after model training and do not
appear in Ly, Their purpose is explanatory rather than optimizational. Table 3 clarifies
the additional question addressed by each analysis family. First-order intensity statistics
summarize marginal distributions but discard spatial scale; fixed-neighborhood texture
features characterize a chosen local radius but do not measure how occupancy changes
across several observation scales; predictive uncertainty quantifies confidence rather than
image geometry. By contrast, D summarizes finite-scale boundary occupancy, D4 and
Ax summarize how gradient-energy mass redistributes across scales and density regimes,
and FCI summarizes multiscale attention concentration. These are complementary de-
scriptors, not replacements for conventional statistics and not evidence that the network
implements a fractal generative mechanism.

Because these descriptors are deliberately excluded from the optimizer, any association
with a frozen embedding or attention map is not mechanically enforced. To test whether the
multiscale descriptors add information unavailable from conventional characterization, we
further perform a nested incremental-value analysis on the same retained CheXpert cases.
The conventional feature vector contains first-order intensity statistics (mean, standard
deviation, skewness, kurtosis, and Shannon entropy), fixed-neighborhood texture statis-
tics (four-direction averaged GLCM contrast, homogeneity, energy, and correlation, plus
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uniform-LBP entropy), and two model-output uncertainty measures (predictive entropy
and top-1/top-2 similarity margin). All image-derived conventional features are computed
on the same task-relevant anatomical support as the finite-scale variables. To avoid post-
intervention leakage, the uncertainty variables are taken from the frozen no-AA control
rather than from AGIRA. The finite-scale vector contains ﬁB, D+, Dy, and Aa on that
same support.

Table 3. Conceptual distinction between conventional characterization and the post hoc finite-scale
questions used in this work.

Analysis Family

Primary Quantity Question Answered

First-order image statistics

Fixed-neighborhood texture

Predictive uncertainty

Boundary finite-scale analysis Dy

Multifractal texture

How are intensities distributed without explicit
spatial-scale information?

What texture is present at a selected
neighborhood or filter scale?

entropy, confidence, calibration How confident is a prediction?

~ How does anatomical-boundary occupancy
change across resolved box sizes?

How does normalized gradient energy

Dy, f(a), Ax redistribute across scale and

sparse/dense components?

Is attention concentration maintained across

mean, variance, histogram moments

local co-occurrence/ filter response

Attention finite-scale analysis ~ Df!, D4!, FCI multiple spatial scales, and does it agree with

localization metrics?

Two prespecified post hoc outcomes are used. For zero-shot classification, the first
is an anatomy-alignment-sensitive case indicator equal to one when AGIRA predicts
the correct class and no-AA does not. For retrieval, it is equal to one when the query-
level P@5 of AGIRA is higher than that of no-AA. The second outcome is the continuous
AGIRA-minus-no-AA change in the correct-class or paired-report similarity margin. We
use five-fold outer cross-validation at the patient level; within each outer training fold,
an inner four-fold split selects the L, regularization strength from {10_2, 10-1,1, 10, 102}
for the standardized logistic/ridge model. We compare conventional-only, finite-scale-
only, and combined feature sets and quantify the incremental contribution of the finite-
scale descriptors by paired bootstrap confidence intervals across held-out predictions
and 5000 label-permutation tests. Thus, the added value of the finite-scale variables is
judged empirically after conventional texture and uncertainty information has already been
supplied, with support and model-output leakage controlled.

The quantities below analyze the image inputs, frozen embeddings, downstream
behavior, and visualization maps of the trained models. They are not components of
the AGIRA architecture or its optimization objective. Let I : 3 — [0,1] be a frontal
CXR represented on an L x L lattice. The bilateral-lung and union-of-anatomy masks are
defined as

Miungs (¥) = 1 Miete(¥) + Muigne (x) > 0, Mun(%) = 1 Miungs (x) + Mieane(x) > 0} (18)

We reserve the term global branch for AGIRA’s complete-image pathway. In the post hoc
analysis, whole image denotes the complete-image texture support, whereas thoracic union
denotes the geometrical support defined by My,.
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Boundary Box-Counting Dimension

For a € {th, left, right, heart}, let X, = oM, and let N, (e) be the number of boxes of
normalized side length € = s/L that intersect the contour. The asymptotic definition and
its finite-scale ordinary-least-squares estimator are

_ . log Na(e) R i (= %) (Yak — Ta)
Dp(Xe) = 213(1) log(1/€)’ Dp(Xa) = YR (o — %)? ¢ (19)

where
xp =log(1/€r), Yok = 1og Na(ex)-
The corresponding coefficient of determination is denoted by R%, .- Because the estimates

are obtained from a finite number of raster scales, Dy is interpreted only as an effective
boundary-occupancy descriptor over the prescribed scale interval.

Gradient-Energy Texture Measure

Let
a € {img, lungs, left, right, heart},

with Mimg = 1, and define the spatial weight
wa(x) = Ma(x)([|V(Go + I) (x) |2 + %), (20)

where G, is a Gaussian kernel and x > 0 prevents zero-mass boxes.
At scale €, boxes are retained according to

|Bj(e) N Ol

o= {f B

> GOCC}, Q, = {x: M;(x) =1}, Oocc = 0.25.  (21)

The retained box masses are

m,llj(e): Z wa(x), (22)

x€Bj(e)

and are renormalized after box selection:

ma,j(e)

T O 23
Yte Ju(e) Ma,(€) J € Jale) (23)

pa,j(e)

Consequently,
2 pu,j(e) =1
j€Tale)
at every retained scale.
For a finite sequence of scales {e;}k_;, let x; = loge;. For any sequence {vi}k_;,
define its ordinary-least-squares slope against x as

K = _
Slope(x,v) = Mt (5 = F) (0 = v). (24)

Y (x — %)?

The associated coefficient of determination is

ZkK:1(Uk - 51()2 ~ =

R*(x,v)=1— S S = C+ bxy, (25)
k=1(Vk —

where b = Slope(x, v) and ¢ = & — b¥.
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The partition function at the kth resolved scale is

Zo(ge) = Y, pajlen). (26)
j€Ja(ex)

In the asymptotic formulation, 7,(g) = lim._,0log Z,(g, €)/ log €. For the finite raster scales
used here, we instead estimate

(q) = Slope ({log ex .y, {log Zs(g, €0 ., ). 27)

For q # 1, the effective generalized dimension is

5 _ Tq)
Dyq = q“_ T (28)
For g = 1, define the entropy sequence
Hu(ex) = Y. pajlec)10g pajlex). (29)

j€Ta(ex)

The finite-scale information dimension is estimated as

Dy1 = Slope({logex iy, {Haler) 1y ). (30)
Using the direct Chhabra—Jensen construction [12], define

Paj€r)?
(g,er) = . 31
Vﬂ,] (q k) Z[ejﬂ(ek) Pa,f(ek)q ( )

At each scale, the corresponding sequences are

Ad(qg,6x) = ). Haj(q,€x) log pajler), (32)
j€Ja(ex)
and
Fa(ge) = ). aj(q,€x)1og pa (4, €x)- (33)
jeja(ek)

Their finite-scale estimates are the regression slopes

@(q) = Stope ({log exHy, {Aa(g, )} ), (34)

and
falq) = Slope({logex }y, {Falg, ) Hey ) (35)

We use

Q={-1,0,1,2}

and define the finite-scale spectrum width as
Aty = Ra(—1) — Ra(2). (36)

For readability, the hats are omitted from the finite-scale descriptor symbols in the subse-
quent tables and discussion. D_; and Dy are retained for the local descriptor-embedding
analysis, whereas the compact descriptive table reports Dy, Dy, and Ax.
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Forg # 1, let
R%it,a (q) = R <{108 Gk}szlf {log Z,(q, ek)}le) ’ (37)

whereas for g =1,
RE,,(1) = R ({log e by, {Halen) 1, ). (39)

The sample-level moment-averaged goodness of fit is
2 1 2
Rfit,a = ﬁ ZQRfit,a(q>' (39)
€

The descriptive table reports the median and interquartile range of R2,  across the re-

tained radiographs.

Finite-Scale Descriptor-Embedding Distance Concordance

Because whole-image texture and thoracic-union geometry have different supports,
descriptor-embedding concordance is evaluated only for the three support-consistent
local domains

a € {left, right, heart}.

For sample n, define
fn,a - [l/jB/ D—ll DO/ D]/DZrADC}T‘ (40)

Any component with zero sample variance is omitted before component-wise standardiza-
tion. Structural and frozen-embedding distances are

de(i,f) = [fi0 — Frall, A" () =1 (ell)) e, (41)
and their rank concordance is
p](j”]?’u = Spearman (d r, dém)). 42)

(m)

Here, e, is the Ly-normalized frozen image embedding of method m. The statistic ppg
measures descriptor-embedding distance concordance and is not interpreted as an explicit
fractal code within the network.

Attention Concentration Probe

A non-negative attention map A is normalized as a spatial probability measure. Its
finite-scale information and correlation dimensions, DlA and Df, are estimated using the
same slope procedure defined above. The finite-scale concentration index is

FCI =2 — D5 (43)

Alarger FCI denotes a stronger departure from uniform two-dimensional occupancy. FClis
interpreted jointly with BAR and CR because spatial concentration alone does not establish
correct lesion localization.

2.6.2. Estimation and Statistical Protocol

The analysis used the 1000 CheXpert 5 x 200 radiographs. Cases with complete left-
lung, right-lung, and heart CheXmask predictions and Dice reverse-classification-accuracy
mean >0.7 were retained, leaving 964 radiographs. Intensities were clipped at the 1st and

https://doi.org/10.3390/ fractalfract10090597


https://doi.org/10.3390/fractalfract10090597

Fractal Fract. 2026, 10, 597

17 of 41

99th percentiles and resized to 224 x 224 pixels; masks were resized using nearest-neighbor
interpolation. Organ crops included a 5% contextual margin.

We used 0 = 1, x = 1074, box sizes s € {4,8,16,32,64}, and q € {-1,0,1,2}.
Boxes below the 25% occupancy threshold were excluded before the retained masses
were renormalized according to Equation (23). Each image produced five coded texture
supports—whole image, bilateral-lung union, left lung, right lung, and heart—yielding
964 x 5 = 4820 sample—domain texture records. The primary descriptive table reports
the whole image and the three individual organs; the bilateral-lung union is reserved for
complexity stratification. Paired regional comparisons use Wilcoxon signed-rank tests with
Holm correction.

For each sample and texture support, Riflt was first calculated as the arithmetic mean of
the four scale-regression coefficients of determination over g € {—1,0,1,2}. The descriptive
table then reports the median [interquartile range] of this sample-level quantity across the
retained radiographs.

For complexity stratification, cardiomegaly used Aaye,,, Whereas atelectasis, consoli-
dation, edema, and pleural effusion used Aajyngs recomputed on the bilateral-lung union
defined in Equation (18). Tertiles were formed separately within each disease class and
then pooled, yielding 322, 319, and 323 low-, intermediate-, and high-heterogeneity cases.
Per-sample classification correctness and query-level 12T P@5 were compared between
AGIRA and no-AA using 2000 paired bootstrap resamples.

For descriptor-embedding distance concordance, AGIRA, no-AA, and F2F were eval-
uated on the same 964 cases and the same 50,000 unordered sample pairs. The analysis
was restricted to the left lung, right lung, and heart. Sample-level cluster bootstrap with
2000 replicates provided confidence intervals and paired method differences.

For the attention analysis, non-negative maps were normalized and resampled to a
common image grid. DA, D?, and FCI were estimated over box sizes s € {4, 7,14,28, 56}
and reported as median [interquartile range]. Per-image FCI-CR associations used
2000 bootstrap replicates. Because the underlying visualization procedures are model-
specific, the cross-model FCI comparison is interpreted jointly with BAR and CR.

Scale-window sensitivity was assessed by leaving out one scale at a time at 224 pixels.
Resolution sensitivity used L € {192,224,256} with approximately proportional scale
sets {3,7,14,27,55}, {4,8,16,32,64}, and {5,9,18,37,73}, respectively. Agreement was
summarized using ICC(3,1). Parameter-definition sensitivity was evaluated separately by
varying the retained-box occupancy threshold 6o € {0.15,0.25,0.35}, gradient regularizer
x € {107%,1074,1073}, and Gaussian scale ¢ € {0.5,1.0,1.5}. For each perturbation
we recomputed Ax, measured Spearman rank agreement and exact tertile membership
relative to the reference definition, and repeated the low/intermediate/high performance
comparison. These settings are analysis-only and never affect AGIRA training.

2.7. Datasets
2.7.1. Alignment-Training Cohort: MIMIC-CXR

We utilize the MIMIC-CXR v2.0.0 dataset [34], a large-scale repository comprising
paired chest radiographs and free-text radiology reports, as the alignment-training cor-
pus. To construct longitudinal, temporal-multiview training records, studies originating
from the same patient are linked via unique patient identifiers (subjectId). Spatial projec-
tions and temporal sequences are parsed using the metadata attributes ViewPosition and
StudyDate, respectively.

For each verified examination record, the structured sample includes: (i) the cur-
rent frontal radiograph paired with its standardized anatomical mask extracted from the
CheXmask dataset [33], (ii) the concurrent lateral radiograph, (iii) the complete narrative
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radiology report, and (iv) the historical frontal and lateral radiographs from the patient’s
preceding longitudinal study. Records missing the required current views, historical views,
anatomical mask, or report, as well as records with corrupted metadata, are excluded. This
filtering pipeline yields 34,080 valid longitudinal multiview examination records for the
alignment-training stage.

The 34,080-record cohort is therefore a structured availability subset, not a subset
selected using downstream labels or downstream performance. Requiring a current frontal
view, current lateral view, preceding frontal/lateral views, a report, and an anatomi-
cal mask necessarily removes studies that cannot instantiate the temporal-multiview
objective. In addition to the method-compatible full-corpus comparison, we now con-
duct an identical-cohort control. The same 34,080 longitudinal records are expanded into
34,080 x 4 = 136,320 flat visual-text training instances for GLoRIA-ViT, MLIP, and BCC.
The four image states are the current frontal, current lateral, previous frontal, and previous
lateral radiographs; each state inherits the same study-level textual supervision available to
AGIRA’s global branch for that structured record. No anatomy crop, anatomy-specific frag-
ment, or anatomy loss is provided to the baselines. Patient membership, record availability,
image preprocessing, downstream evaluation sets, and optimization budget are held fixed.
This control therefore equalizes the underlying cohort and observed visual states, while
allowing each baseline to retain its native global alignment objective. The full-corpus rows
remain useful for comparison with method-compatible training, whereas the identical-
cohort experiment directly tests whether AGIRA’s advantage persists when training-data
availability is controlled.

2.7.2. Downstream Benchmarks

To evaluate the aligned representations, we use four downstream benchmark settings:

CheXpert 5 x 200

Adhering to the protocol established in prior work [10,35], this subset consists of 1000
selected radiography records evenly partitioned with 200 cases across five distinct thoracic
abnormality categories. We utilize this benchmark to evaluate image-to-text retrieval
and zero-shot multi-class classification. Image-to-Text Retrieval: Each visual query is
evaluated on its capacity to retrieve paired text descriptions within the identical pathology
category. Performance is quantified via Precision at k (P@k, where k € {5,10,100}). Zero-
Shot Classification: We follow the standardized text prompt templates defined in [10] to
reformulate the multi-class categorization as an image—text matching problem, reporting
classification Accuracy. Crucially, during both inference modalities, AGIRA combines
global image—text matching with fine-grained anatomy-level matching. For the visual side,
local anatomical crops are obtained using approximate anatomical coordinate priors rather
than segmentation masks; for the textual side, the corresponding report fragments are
generated following the rule-based decomposition strategy described in Section 2.1.

RSNA Pneumonia

The RSNA Pneumonia dataset [36] is utilized to benchmark zero-shot binary classifi-
cation performance between pneumonia-positive and normal radiographs. Adhering to
the official cohort partition, the validation and test sets comprise 1500 and 3000 images,
respectively. Cross-modal zero-shot prediction is driven by the target prompt pair: “There
is pneumonia” versus “There is no pneumonia”. Performance is evaluated quantita-
tively using Accuracy, F1-score, and the Area Under the Receiver Operating Characteristic
curve (AUC).
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CheXpert 8 x 200

To isolate and ablate the specific performance gains contributed by the knowledge-
aware hybrid soft labeling mechanism and the self-supervised reconstruction regularizers,
we employ the CheXpert 8 x 200 evaluation setup [7,35]. Following the protocol outlined
in ConVIRT [7], text-to-image retrieval is executed wherein each diagnostic narrative query
aims to retrieve candidate radiographs across eight abnormality categories. Retrieval
efficacy is verified via P@5, P@10, and P@100.

VinDr-CXR

The public VinDr-CXR dataset [37] provides radiologist-annotated lesion bounding
boxes. A subset of 250 lesion-annotated radiographs is used as an external attention-
localization probe, with the bounding boxes used only for evaluation rather than
model training.

2.7.3. Patient/Study Separation and Cross-Dataset Leakage Safeguards

Longitudinal MIMIC-CXR records are formed only within the same subjectId; when-
ever an internal split is required, all studies belonging to one subject are kept in the same
partition so that different examinations of one patient cannot appear on both sides of that
split. CheXpert, RSNA Pneumonia, and VinDr-CXR are external datasets and are never
merged into the MIMIC-CXR alignment-training corpus. No downstream radiograph,
report, class label, lesion box, or test prediction is used to update AGIRA parameters.
The RSNA validation partition is used only for evaluation-protocol choices that require
a validation operating point; the representation itself remains frozen. Because the public
databases use independent de-identification schemes, their patient identifiers are not glob-
ally linkable across institutions; we therefore do not claim an unverifiable cross-database
patient-ID match. Instead, the separation audit is based on dataset provenance, training
code paths, and the absence of downstream files from the alignment-training manifest.
This establishes the intended cross-dataset setting without overstating what de-identified
identifiers can prove.

2.8. Experimental Setting
2.8.1. Implementation Details

All architectural components are implemented within the PyTorch v2.8.0 frame-
work [38]. The primary alignment training is distributed across six NVIDIA GeForce
RTX 5090 GPUs (NVIDIA Corporation, Santa Clara, CA, USA). The visual encoder is instan-
tiated as a Vision Transformer (ViT-B/16) initialized with MRM-pretrained weights [18],
with input radiographs standardized to a resolution of 224 x 224 pixels. The textual encoder
is initialized using the BioViL-pretrained CXR-BERT architecture, enforcing a maximum
token length of 128. Network optimization uses AdamW [39] with a total mini-batch size
of 144. The initial learning rate is 1 x 10~% with a weight decay of 0.05. The learning-rate
is updated at the iteration level, with linear warmup over the first 10 epochs, followed
by cosine annealing. AGIRA is trained for 15 epochs while updating 7.54% of the com-
plete model parameters. The separate efficiency analysis in Section 3.5 uses a controlled
single-GPU setting for all compared methods.

2.8.2. Hyperparameter Configurations

Table 4 consolidates the values needed to reproduce training and the post hoc analysis.
Hyperparameters that directly affect anatomy supervision or hybrid-label construction
were selected on a patient-disjoint 10% development split (3408 structured records) carved
from the alighment-training cohort before any external benchmark evaluation. The primary
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selection metric was bidirectional image—-report Recall@10 on this internal development
split. We searched 7; € {0.1,0.2,0.3,0.4,0.5}; contextual margins m € {0,2.5,5,7.5,10}%;
heart-weight settings Aj,,,; € {0.5,1.0,1.5} with both lung weights fixed to one; and a
local grid of hybrid coefficients (A, y) € {(0.4,0.1), (0.5,0.1), (0.5,0.2), (0.6,0.2), (0.6,0.3) }.
The selected values were ; = 0.3, m = 5%, equal anatomy weights, and (A, y) = (0.5,0.2).
After selection, the final model was retrained on all 34,080 records with these values
fixed. The multi-modal contrastive temperature 7 is initialized to 0.07, and the remaining
pretrained-backbone/adapter settings follow the corresponding pretraining configuration.
No CheXpert, RSNA, or VinDr test sample was used for hyperparameter selection.

Table 4. Training and post hoc analysis hyperparameters used in the reported experiments.

Category Hyperparameter Value

Input image size/maximum text length 224 x 224 /128 tokens

Optimization optimizer; batch size; epochs AdamW; 144; 15

Optimization learning rate; weight decay 1x1074;0.05

Optimization schedule 10-epoch linear warmup, then cosine annealing

Anatomy Sensor
Anatomical extraction

r/d = 0.25; GELU
5% per bounding-box side, clipped to image

bottleneck ratio; activation
contextual crop margin

Anatomical alignment Mlefts Arights Mheart 1,1,1
Contrastive alignment initial temperature T 0.07
Hybrid soft labels T A Y 0.3;0.5;0.2
Total objective w; ;6 1;1;1
Fractal preprocessing 0;K; Bocc 1;107%: 0.25
Fractal texture box sizes; moments g {4,8,16,32,64}; {—1,0,1,2}
Attention FCI box sizes {4,7,14,28,56}
Uncertainty bootstrap replicates 2000
3. Results

The experiments first evaluate retrieval, zero-shot recognition, and component abla-
tions. The post hoc analyses then report boundary and texture descriptors on explicitly
separated supports, test within-class complexity-dependent performance, examine local
descriptor-embedding distance concordance, and assess estimator sensitivity.

3.1. Quantitative Evaluation on Downstream Clinical Tasks

We compare AGIRA with representative medical vision-language baselines, including
ConVIRT [7], GLoRIA [10], BioViL [8], BioViL-T [40], MLIP [16], BCC [15], and Med-
KLIP [24]. Since the original GLoRIA is pretrained on CheXpert, its results on CheXpert-
based benchmarks are reported only for reference and marked with an asterisk. For a more
controlled comparison, we reproduce GLoRIA with a ViT-B/16 image encoder, denoted as
GLoRIA-ViT. MLIP and BCC are re-implemented within our evaluation pipeline because
their official implementations or pretrained checkpoints were not publicly available in a
form directly compatible with our experimental setting at the time of our experiments. Fol-
lowing their original training protocols as closely as possible, we train the re-implemented
models on the full MIMIC-CXR image-report training corpus after standard validity fil-
tering and method-specific preprocessing. This differs from AGIRA, which is trained
on a curated multiview subset constructed for anatomy-aware and temporal-multiview
alignment. All reproduced methods are evaluated on the same downstream benchmarks
and metrics as AGIRA. The difference in alignment-training cohort size is important when
interpreting these rows. The full-corpus baselines see more distinct MIMIC-CXR studies,
while AGIRA is restricted by the availability of current/previous frontal-lateral views and
masks. Consequently, these rows establish comparative downstream performance under
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method-compatible training conditions but do not isolate architecture from training-data
availability. We therefore avoid attributing every cross-method gap exclusively to anatomy
alignment and rely on fixed-cohort ablations below for causal component attribution.

3.1.1. Image-to-Text Retrieval
Table 5 compares image-to-text retrieval on the common CheXpert 5 x 200 evalua-

tion set.

Table 5. Image-to-text retrieval on CheXpert 5 x 200. Values are Precision (%); best and second-best
results are shown in bold and underlined. * Pretrained on CheXpert and shown for reference.

Method P@5 P@10 P@100
BioViL [8] 37.7 422 39.7
BioViL-T [40] 422 454 439
ConVIRT [7] 49.0 46.3 40.2
GLoRIA * [10] 48.2 47.0 422
GLORIA-ViT [10] 51.2 494 40.2
MLIP [16] 50.3 49.8 42,6
BCC [15] 52.0 50.8 412
AGIRA (Ours) 53.7 53.0 6.8

Table 5 evaluates whether the anatomical supervision in AGIRA translates into
stronger image-report matching on CheXpert5 x 200. AGIRA ranks first on all three
retrieval metrics, reaching 53.7%, 53.0%, and 46.8% on P@5, P@10, and P@100, respectively.
Among the competing methods, BCC achieves the strongest P@5 and P@10 results, while
BioViL-T obtains the strongest P@100 result. AGIRA improves over these strongest base-
lines by 1.7%, 2.2%, and 2.9% on P@5, P@10, and P@100, respectively. Compared with the
backbone-aligned GLoRIA-ViT baseline, the margins are 2.5%, 3.6%, and 6.6%. The gain
at P@100 is particularly informative: it suggests that anatomy-level supervision does not
merely refine the first few nearest neighbors, but also stabilizes the ranking over a broader
candidate set by discouraging anatomically inconsistent matches.

These results support the central motivation of AGIRA. Global contrastive methods
such as ConVIRT and GLoRIA-ViT can learn examination-level disease semantics, but they
are not explicitly penalized when a report sentence about the heart is matched to lung-
dominant visual evidence, or vice versa. Knowledge-enhanced methods such as MLIP and
BCC improve semantic supervision, yet their gains are concentrated mainly at the top of
the list. In contrast, AGIRA couples global image-report matching with region-fragment
matching, yielding representations that remain discriminative when many clinically related
reports compete with the true match.

Figure 5 illustrates representative retrieval cases after the quantitative comparison.

3.1.2. Zero-Shot Classification

Table 6 presents the zero-shot classification comparison before the corresponding
quantitative discussion.

Figure 5 gives a qualitative view of the same effect. In image-to-report retrieval,
AGIRA retrieves reports whose disease labels and described findings better agree with the
query radiograph. This qualitative behavior is consistent with Table 5: the local anatomy
branch improves semantic specificity rather than simply increasing coarse global similarity.

Table 6 reports zero-shot classification on the binary RSNA Pneumonia benchmark
and the five-class CheXpert benchmark. AGIRA obtains the best results on every reported
metric, with 92.0% AUC, 84.2% ACC, and 79.0% F1 on RSNA Pneumonia, and 57.5%
ACC on CheXpert 5 x 200. Compared with the strongest non-AGIRA competitors, AGIRA
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improves RSNA AUC/ACC over BCC by 0.8% and 2.1%, and improves RSNA F1 over
MLIP by 1.5%. On the more fine-grained CheXpert zero-shot task, AGIRA improves over

GLoRIA by 2.6% and over BCC by 4.1%.

Image-to-text retrieval

Example 1: Pleural Effusion

Query image Ground-truth report Top-1 retrieved report

[] Correct category
[ Incorrect category
Top-2 retrieved report

Result: Pleural Effusion 0.738 [Pleural Effusion]

AGIRA(Ours) large _right p_IeurgI effusin_)n with
a partially visualized lesion
centered at the ...

significant increased
pleural effusion on the
right side.physician to

0.738 [Pleural Effusion]

large right pleural effusion.
interval change is difficult to
assess due to dif ...

physician radi ...

0.562 [Pleural Effusion]

Bcc | large right pleural effusion.

interval change is difficult to
due to dif ...

0.550 [Consolidation]

1. no pneumothorax; moderate right
effusion.

2. worsening consolidation right lung

Example 2: Edema

Query image Ground-truth report Top-1 retrieved report

Top-2 retrieved report

- Result: Edema
5

0.542 [Edema]

AGIRA(Ours) | interval placement of an intra-
aortic balloon pump with the
radiopaque tip proj ...

low lung volumes
with pulmonary

0.502 [Edema]

1. no evidence of pneumothorax
after right internal jugular
placement. mild pulmon ...

edema.

0.517 [Edema]

BCC

1. interval placement of a right ij line.

0.496 [Atelectasis]
1. interval placement of a right ij

2. intervally significant reduced lung venous line, with no pneumothorax|
V... 2. low lung ...

Figure 5. Qualitative image-to-text retrieval comparison between AGIRA and BCC on CheXpert
5 % 200. Given a query chest X-ray, each method retrieves the two highest-ranked radiology reports.
Green boxes indicate reports from the same disease category as the query, whereas red boxes indicate
category mismatches. Similarity scores and retrieved disease labels are shown inside each result box.
The ellipses indicate report text truncated only for visualization.

Table 6. Zero-shot classification on RSNA Pneumonia and CheXpert 5 x 200. Values are percentages;
best and second-best results are shown in bold and underlined. * Pretrained on CheXpert and shown
for reference.

RSNA Pneumonia CX 5 x 200
Method

AUC ACC F1 ACC
BioViL [8] 86.5 75.8 73.4 432

MedKLIP [24] 86.9 80.0 63.4 -
BioViL-T [40] 89.8 80.6 76.8 45.2
GLORIA-ViT [10] 88.5 80.7 76.0 47 .4
GLoRIA * [10] 82.4 74.2 724 549
MLIP [16] 90.8 81.7 775 50.8
BCC [15] 91.2 82.1 77.2 53.4
AGIRA (Ours) 92.0 84.2 79.0 57.5

The classification results complement the retrieval findings. Pneumonia recognition
often depends on localized opacity patterns, while CheXpert multi-class recognition re-
quires distinguishing conditions with overlapping visual appearances, such as edema,
consolidation, and cardiomegaly. The consistent improvements indicate that AGIRA does
not rely solely on either global image-report association or isolated local regions. Instead,
it combines examination-level semantics with anatomy-aware local evidence, allowing
disease-related prompt matching to be supported by both the full clinical context and
the anatomical regions where relevant findings are likely to appear. These results indi-
cate that AGIRA improves zero-shot recognition by linking disease-related prompts to
localized anatomical evidence while retaining global thoracic context, thereby supporting
hierarchical image—-text representation of complex CXR patterns.
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3.1.3. Controlled Comparison on an Identical Alignment-Training Cohort

To separate method differences from training-cohort availability, Table 7 retrains
the three reproduced baselines on the same 34,080 longitudinal records used by AGIRA,
expanded into 136,320 flat view-time instances as described in Section 2.7.1. This is a
data-availability-controlled comparison on an identical underlying cohort, as requested in
the review.

Table 7. Controlled comparison when all reproduced methods use exactly the same 34,080 longitudi-
nal MIMIC-CXR records (136,320 expanded visual-text instances for the global baselines). Values are
percentages. Best values are bold.

Method CX'5 x 200 12T CX5 x 200 ZS RSNA

P@5 P@10 P@100 ACC AUC ACC F1
GLoRIA-ViT  50.0 48.8 394 46.9 88.2 80.1 75.6
MLIP 49.5 49.0 41.7 49.9 90.0 80.9 76.8
BCC 51.3 50.1 40.9 52.4 90.5 81.6 76.9
AGIRA 53.7 53.0 46.8 57.5 92.0 84.2 79.0

The controlled result preserves the ordering observed in the main benchmark ta-
bles. Relative to the strongest same-cohort baseline in each column, AGIRA improves
CX5 x 200 I2T P@5/P@10/P@100 by 2.4/2.9/5.1 points, CheXpert zero-shot accuracy by
5.1 points, and RSNA AUC/ACC/F1 by 1.5/2.6/2.1 points. Because every row uses the
same underlying 34,080 records and has access to the same four visual states, the observed
gap cannot be explained by training-cohort availability alone. The full-corpus comparison
and the identical-cohort control therefore answer complementary questions: the former
reflects method-compatible use of available MIMIC-CXR data, whereas the latter tests
whether AGIRA’s advantage persists under controlled data availability. The handling and
fusion of temporal /multiview states remain architecture-specific, so this control does not
make the optimization pathways identical.

3.2. Ablation Analysis

To connect the empirical gains with the design of AGIRA, we ablate the major compo-
nents corresponding to its methodological claims: global alignment (GA), hybrid soft labels
(HSL), global-local continuity regularization (GLCR), and anatomy-level alignment (AA).
The ablations evaluate whether performance depends on preserving both examination-level
semantics and anatomy-specific evidence. Tables 8 and 9 isolate HSL and GLCR while
keeping AA active; Tables 10 and 11 isolate AA and include a full-image/full-text control
to rule out gains from repeated per-batch exposure. A later ablation further evaluates the
effect of removing the global alignment branch.

Table 8. Ablation of hybrid soft labels and global-local continuity regularization on zero-shot
classification. HSL: hybrid soft labels; GLCR: global-local continuity regularization; AA: anatomy-
level alignment. Bold /underline denote best/second-best.

Components RSNA Pneumonia CX 5 x 200
HSL GLCR AA AUC ACC F1 ACC
v v 90.7 80.7 77.2 55.8
v v 917 83.6 77.7 56.2
v v v 92.0 84.2 79.0 57.5
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Table 9. Ablation of hybrid soft labels and global-local continuity regularization on retrieval. HSL:
hybrid soft labels; GLCR: global-local continuity regularization; AA: anatomy-level alignment. Global
contrastive learning is enabled in all rows. Bold /underline denote best/second-best.

Components CX'5 x 200 I2T CX 8 x 200 T2I
HSL GLCR AA P@5 P@10 P@100 P@5 P@10 P@100

v v 51.5 51.3 46.4 39.0 39.3 36.6
v v 53.7 53.1 47.3 46.5 45.0 39.1
v v v 53.7 53.0 46.8 47.0 45.0 38.9

Table 10. Ablation of anatomy-level alignment on image-to-text retrieval. F2F replaces anatomical
regions and report fragments with full images and full reports while preserving the same per-batch
reuse pattern. Bold /underline denote best/second-best.

Components CX 5 x 200 I2T
HSL GLCR AA F2F P@5 P@10 P@100
v v 49.0 47.9 43.3
v v v 513 50.5 45.0
v v v 53.7 53.0 46.8

Table 11. Ablation of anatomy-level alignment on zero-shot classification. F2F is the full-image/full-
report reuse control. Bold /underline denote best/second-best.

Components RSNA Pneumonia CX 5 x 200
HSL GLCR AA F2F AUC ACC F1 ACC
v v 90.5 82.2 77.0 44.9
v v v 90.8 82.5 77.7 50.0
v v v 92.0 84.2 79.0 57.5

3.2.1. Ablation of the Hybrid Soft Labels

Hybrid soft labels are evaluated with the retrieval and zero-shot results in Tables 8
and 9, respectively, before the detailed interpretation.

Hybrid soft labels are designed to replace the rigid one-hot assumption in medical
contrastive learning, where clinically related reports and multiview studies can be incor-
rectly treated as negatives. To test this mechanism, we remove HSL and train the model
with conventional hard labels while keeping GLCR and AA unchanged.

The retrieval ablation in Table 9 shows that HSL mainly benefits settings with
dense semantic competition. On CheXpert 5 x 200 I2T retrieval, removing HSL reduces
P@5/P@10/P@100 by 2.2%, 1.7%, and 0.4%. The effect becomes much stronger on
CheXpert 8 x 200 T2I retrieval, where the candidate pool spans more abnormality cat-
egories: P@5, P@10, and P@100 decline by 8.0%, 5.7%, and 2.3%, respectively. Table 8
shows the same tendency in zero-shot classification, with drops of 1.3 AUC, 3.5 ACC,
and 1.8 F1 on RSNA Pneumonia and 1.7 ACC on CheXpert. These results confirm that HSL
is not a marginal regularizer; it directly addresses the false-negative problem induced by
overlapping radiographic semantics and related multiview observations.

3.2.2. Effect of Global-Local Continuity Regularization

Global-local continuity regularization is implemented through the auxiliary MIM
and MLM reconstruction objectives, which are intended to preserve the frozen backbone’s
global-local representation while the Anatomy Sensors adapt to anatomy-level supervision.
We therefore remove these reconstruction losses while retaining HSL and AA.
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The effect of GLCR is task-dependent. In Table 9, retrieval performance remains
broadly comparable: the full model ties or slightly trails the no-GLCR variant on several
metrics, while improving CheXpert 8 x 200 P@5 by 0.5%. In contrast, Table 8 shows
consistent zero-shot gains from GLCR, improving RSNA AUC/ACC/F1 by 0.3%, 0.6%,
and 1.3% and CheXpert ACC by 1.3%. This pattern is meaningful for benchmark evaluation:
retrieval can tolerate small shifts in representation geometry as long as relative ranking
remains stable, whereas zero-shot classification is more sensitive to whether the adapted
model preserves the global disease semantics encoded by the pretrained backbone. We
therefore retain GLCR because it improves zero-shot benchmark transfer while preserving
broadly comparable retrieval performance.

3.2.3. Ablation of the Anatomy-Aware Module

Anatomy-level alignment is the core component that distinguishes AGIRA from
global image-report contrastive learning. We remove the local anatomy branch described
in Sections 2.1 and 2.3.2, while keeping the global loss, HSL, and GLCR unchanged.

Tables 10 and 11 report the retrieval and zero-shot anatomy-ablation results before
their interpretation.

The performance drops in Tables 10 and 11 are substantially larger than those
caused by the other ablations. On CheXpert 5 x 200 I2T retrieval, removing AA reduces
P@5/P@10/P@100 by 4.7%, 5.1%, and 3.5%. The impact on CheXpert zero-shot classifica-
tion is even more pronounced, with ACC decreasing from 57.5% to 44.9%, a 12.6% drop.
RSNA Pneumonia also degrades by 1.5 AUC, 2.0 ACC, and 2.0 F1. These results identify
explicit anatomy-level correspondence as the primary source of AGIRA’s downstream
gains, especially for multi-class recognition where disease categories may share global
appearance but differ in anatomical context.

3.2.4. Gold-Standard Reliability of Anatomy-Specific Report Routing

The independent annotation experiment described in Section 2.1 directly evaluates
the local text labels before they are consumed by AGIRA. Table 12 reports class-wise and
difficult-case performance on the 600 adjudicated routing units.

Table 12. Gold-standard evaluation of deterministic anatomy-specific report routing on 600 inde-
pendently annotated routing units. Multi-label routing is allowed. Exact accuracy requires the full
predicted routing vector to match the adjudicated gold vector.

Evaluation Subset/Target Support Precision Recall F1 Exact Accuracy
Left lung 214 0.958 0.930 0.944 -

Right lung 219 0.963 0.936 0.949 -

Heart 172 0.972 0.959 0.965 -

All units (micro/macro) 600 0.964/0.964 0.942/0.942 0.953/0.953 0.918
Negation + uncertainty 126 0.960 0.944 0.952 0.929
Multiple-structure statements 74 0.944 0.909 0.926 0.892
Temporal statements 68 0.950 0.927 0.938 0.897
Cross-sentence dependencies 52 0.842 0.758 0.798 0.769
Ambiguous laterality 43 0.857 0.791 0.823 0.767

The overall macro-F1 of 0.953 and exact routing accuracy of 0.918 indicate that the
deterministic decomposition is reliable for the three supported anatomical nodes. Per-
formance remains high for negation, uncertainty, multi-structure, and temporal wording,
which is consistent with preserving the original sentence rather than rewriting it. The ex-
pected weakness is discourse that requires information not present in the current sentence:
cross-sentence dependencies and unspecified laterality reduce F1 to 0.798 and 0.823, re-
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spectively. This error profile is important because it locates the residual supervision noise
rather than assuming perfect parsing. The independent linguistic evaluation and the
model-dependent matching matrix in Figure 6 therefore provide complementary evidence:
the former verifies routing correctness, while the latter verifies that the resulting routed
fragments remain discriminative in the learned cross-modal space.

Figure 6 provides a held-out functional check of region-fragment correspondence
together with the finite-scale structural panels discussed later.

() Row-normalized (b) Boundary box-counting fits (c) Multifractal spectra

I
o

Leftlung | 0,46 0.36 0.18
image

Right lung - 936 0.13
image

Anatomical image regions
Row-normalized matching score

Heart g 0.22 0.2
image

o
)

Left Iy Right I Hi t
fot et et 15 20 25 30 35 40 18 19 20 21 22 23
Anatomy-specific report fragments log(1/¢) a

Figure 6. Anatomy-level alignment and finite-scale structural characterization. (a) Row-normalized
matching between anatomical image-region embeddings and anatomy-specific report-fragment em-
beddings on held-out CheXpert samples; the dominant diagonal responses indicate correct anatomical
correspondence. (b) Region-wise median boundary box counts and finite-scale linear fits. (c) Point-
wise median Chhabra—Jensen singularity spectra, with shaded regions denoting 95% bootstrap
confidence intervals for the median f(a). Panel (b) reports the boundary of the union of the three
anatomical masks, whereas panel (c) reports the whole-image gradient-energy measure; these sup-
ports are not treated as one composite domain.

To directly verify whether AGIRA learns anatomy-level correspondence, we com-
pute row-normalized matching scores between anatomical image-region embeddings and
anatomy-specific report-fragment embeddings on held-out CheXpert samples, as shown
in Figure 6. For each anatomical image region, the highest matching score appears on the
corresponding text fragment, forming a clear diagonal pattern. The left-lung, right-lung,
and heart diagonal scores are 0.46, 0.51, and 0.57, respectively (mean 0.513), whereas the
mean of the six off-diagonal entries is 0.243, giving a diagonal-to-off-diagonal ratio of
approximately 2.11. The left and right lung regions still exhibit moderate off-diagonal
similarity, which is expected because bilateral lung descriptions often share similar radio-
graphic semantics. Together with the independent routing accuracy above, this provides
both parser-level and representation-level evidence for the local supervision.

3.2.5. Controlled Sensitivity to Anatomical Localization Error

We next test the concern that inaccurate anatomical supports may propagate into
downstream performance. For inference-time perturbation, each local crop is indepen-
dently translated horizontally /vertically and isotropically rescaled by a value sampled
uniformly within the indicated percentage of its width/height while remaining inside the
image. We also test severe semantic errors by swapping the left- and right-lung crops or
randomly permuting all three anatomy crops. For training-time robustness, the same ran-
dom translation/scale jitter is applied when constructing the local crops during retraining,
followed by evaluation with the standard clean inference procedure.

The model is therefore not invariant to localization error, nor should it be: explicit
anatomical correspondence is part of the supervision. However, the 5% perturbation
regime changes the two CheXpert metrics by at most 0.8 points and RSNA AUC by at
most 0.3 points, indicating practical tolerance to small crop-boundary or coordinate er-
rors. The degradation becomes systematic at 10%, and deliberate anatomy swaps are
substantially more harmful, especially on the anatomy-sensitive CheXpert tasks. The per-
turbation curve is consistent with the intended mechanism: moderate boundary noise is
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buffered by contextual cropping, while gross semantic mislocalization weakens the local
alignment signal. Table 13 summarizes these controlled perturbation results.

Table 13. Controlled anatomical-localization perturbation. Values are percentages; parentheses show
changes from the clean AGIRA model. Mild coordinate/mask error produces small degradation,
whereas large perturbations or explicit anatomy swaps cause larger losses.

Perturbation Stage  Perturbation CX5 X 200 12T P@5 CX5 X 200 ZS ACC RSNA AUC
None Clean reference 53.7 57.5 92.0
Inference only translation + scale £5% 52.9 (—0.8) 56.8 (—0.7) 91.7 (—0.3)
Inference only translation + scale £10% 51.2 (—2.5) 55.1(—2.4) 90.9 (—1.1)
Inference only left/right lung swap 47.6 (—6.1) 51.8 (—5.7) 90.6 (—1.4)
Inference only random three-region permutation 459 (—7.8) 49.6 (—7.9) 89.8 (—2.2)
Training only translation + scale £5%; clean inference 53.1 (—0.6) 57.0 (—0.5) 91.8 (—0.2)
Training only translation + scale £10%; clean inference 51.8 (—1.9) 55.9 (—1.6) 91.1 (—0.9)

3.2.6. Control for Per-Batch Reuse

Because the anatomy-level branch reuses each study multiple times within a training
step, an alternative explanation is that AGIRA benefits from repeated exposure rather than
from anatomical supervision. The F2F control tests this possibility by replacing anatomical
crops and report fragments with repeated full images and full reports while preserving the
same reuse pattern.

The control improves over removing AA entirely, showing that additional full-
image/full-report supervision can provide some regularization. However, it remains
clearly below the full AGIRA model: the gaps are 2.4%, 2.5%, and 1.8% on I2T retrieval,
1.2 AUC, 1.7 ACC, and 1.3 F1 on RSNA, and 7.5 ACC on CheXpert zero-shot classification.
Thus, the decisive factor is not repeated use of the batch, but the anatomical decomposition
that forces local image regions and local report evidence into a shared semantic space.

3.2.7. Effect of Global Alignment

Although AGIRA emphasizes anatomy-level correspondence, global image-report
alignment remains an important complementary component. To evaluate its role, we
remove the global alignment branch and retain the anatomy-level branch and global-local
continuity regularization. This setting tests whether local anatomical correspondence alone
is sufficient for downstream transfer and retrieval.

As shown in Table 14, removing global alignment consistently degrades per-
formance across all downstream tasks. On CheXpert5 x 200 image-to-text retrieval,
P@5/P@10/P@100 decrease from 53.7%, 53.0%, and 46.8% to 47.3%, 47.9%, and 44.2%, re-
spectively. The effect is even more pronounced on CheXpert 8 x 200 text-to-image retrieval,
where P@5 drops from 47.0% to 38.0%. Zero-shot classification also declines: RSNA Pneu-
monia AUC/ACC/F1 decrease from 92.0%, 84.2%, and 79.0% to 91.6%, 83.9%, and 77.5%,
while CheXpert 5 x 200 ACC decreases from 57.5% to 53.3%.

Table 14. Ablation of global alignment. GA: global alignment; AA: anatomy-level alignment.
Removing GA disables the complete-image/complete-report alignment branch and leaves the model
mainly supervised by anatomy-level correspondence and reconstruction regularization. Bold denotes
the best values.

Components CX'5 x 200 I2T CX'8 x 200 T2I RSNA CX'5 X 200 ZS
GA AA P@5 P@10 P@100 P@5 P@10 P@100 AUC ACC F1 ACC
v 47.3 479 442 38.0 39.3 36.4 91.6 83.9 77.5 53.3
v v 53.7 53.0 46.8 47.0 45.0 38.9 92.0 84.2 79.0 57.5
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These results show that anatomy-level supervision alone cannot fully replace global
examination-level semantics. Local anatomical correspondence helps recover fine-grained
structural evidence, but the complete radiograph and complete report still provide disease-
level context, co-occurring findings, and overall clinical semantics. The full AGIRA model
therefore benefits from the combination of global alignment and anatomy-level alignment:
the former preserves full-examination context, while the latter grounds this context in
clinically meaningful anatomical regions.

3.2.8. Independent Contributions of Temporal and Lateral Views

To separate the additional clinical context carried by temporal and lateral inputs from
the anatomy-aware alignment mechanism, we perform three fixed-cohort ablations: remove
temporal information while retaining current frontal-lateral views; remove the lateral view
while retaining current and previous frontal views; and remove both, leaving only the
current frontal view. Table 15 reports absolute performance. All other AGIRA components
are unchanged.

Table 15. Ablation of temporal and lateral-view information. Values are percentages. Parentheses
show the change from full AGIRA; positive values indicate an increase.

Setting CX 8 X 200 T2I CX 5 X 200 I2T CX 5 X 200 ZS RSNA
P@s P@10 P@100 P@s P@10 P@100 ACC AUC ACC F1
Full AGIRA 47,0 45.0 389 537 53.0 46.8 575 92.0 842 79.0
No temporal 449(—2.1) 40.6(—44) 369(—2.0) 523(—14) 519(-11) 459(—09) 562(—13) 904(—16) 82.6(—1.6) 78.9(—0.1)
No lateral 498(+2.8) 41.8(-32) 37.6(—13) 51.6(—21) 51.8(—12) 463(—05) 57.4(—0.1) 89.3(—2.7) 825(—17) 78.1(—0.9)

Current frontal only 429 (—4.1) 39.1(—5.9) 36.4(—25) 48.6(—5.1) 48.6(—4.4) 445(-23) 56.0(—15)  88.8(—3.2) 81.7(—25) 784(—0.6)

Temporal information and lateral views therefore each contribute independently on
most metrics, and the joint removal produces the largest overall degradation. The isolated
+2.8-point T2I P@5 change after removing the lateral view is an exception rather than the
overall trend: lateral information can be complementary at some ranks and redundant
at others, so a small candidate set can reorder even while P@10/P@100 and the other
downstream tasks degrade. Most importantly, anatomy-aware alignment remains enabled
in every row, so these experiments distinguish gains from additional temporal/multiview
clinical information from gains caused by the anatomy branch itself.

The ablation suite is designed to estimate marginal contributions under a fixed full-
model reference. It does not claim to identify every higher-order interaction among GA,
AA, HSL, MIM, MLM, temporal input, and lateral input. A complete binary factorial
over these seven switches would contain 27 = 128 configurations, including redundant or
ill-defined combinations (for example, soft-label components that require a removed lateral
branch). We therefore report interpretable one-factor and grouped ablations and restrict
the corresponding claims to component necessity and marginal contribution.

3.2.9. Hyperparameter and Design-Choice Sensitivity

Table 16 reports the internal development sweep used to select the reviewer-identified
fixed choices, together with downstream sensitivity around the selected point. Selection
uses only the patient-disjoint MIMIC-CXR development split; CheXpert and RSNA columns
are shown only to demonstrate that the local performance landscape is consistent with the
internal selection rather than to tune the values.

The selected values lie at, or very near, the maximum of the internal development
sweep rather than at an arbitrary isolated setting. The curves are also smooth: neighboring
values change downstream performance by less than one point in most cases, whereas
clearly over-permissive/over-restrictive thresholds and large margins degrade both the
internal criterion and external tasks. Equal anatomy weights are marginally stronger than
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deliberately down/up-weighting the heart, supporting the simple unbiased three-node
objective. These results provide an empirical selection rationale while showing that the
main conclusions do not depend on a single fragile hyperparameter value.

Table 16. Sensitivity of the principal fixed design choices. Dev R@10 is the internal MIMIC-CXR
bidirectional retrieval metric used for selection; external columns are post-selection robustness checks.
The selected setting in each block is bold.

Parameter Setting DevR@10 CX5 x 20012T P@5 RSNA AUC
Tt 0.1 72.1 51.9 90.9
0.2 73.8 53.0 91.6
0.3 74.6 53.7 92.0
0.4 74.1 53.3 91.7
0.5 729 52.5 91.2
Context margin 0% 73.2 52.4 91.3
2.5% 74.0 53.1 91.7
5% 74.6 53.7 92.0
7.5% 74.3 53.4 91.8
10% 73.7 52.8 91.5
(AL, AR, AH) (1,1,05) 74.0 53.0 91.6
(1,1,1) 74.6 53.7 92.0
(1,1,1.5) 74.2 53.4 91.8
(A7) (0.4,0.1) 73.7 52.9 91.5
(0.5,0.1) 74.2 53.4 91.8
(0.5,0.2) 74.6 53.7 92.0
(0.6,0.2) 74.1 53.2 91.7
(0.6,0.3) 73.5 52.6 91.3

3.2.10. Overall Ablation Findings

Opverall, the ablations establish a coherent mechanism—performance link. AA provides
the main fine-grained anatomical supervision and produces the largest gains, while GA
supplies complementary examination-level semantics that cannot be fully recovered from
local anatomical correspondence alone. HSL makes the contrastive supervision more
robust to clinically related negatives, GLCR protects global-local semantic continuity while
the lightweight adapters specialize to local anatomy, and the temporal/lateral ablations
show that the additional views provide independent context rather than explaining away
the anatomy effect. These are marginal component tests; we do not interpret them as an
exhaustive decomposition of every higher-order interaction.

These findings show that AGIRA improves CXR representation learning not merely
by adding local supervision, but by preserving the semantic relationship between local
anatomical patterns and global examination-level context. The results therefore support hi-
erarchical, multi-granularity learning for CXR image-text representation under the reported
benchmark settings.

3.3. Finite-Scale Fractal Analysis of Anatomical Structure and Model Behavior
3.3.1. Finite-Scale Geometry and Multifractal Texture Across Anatomical Levels

Table 17 reports the finite-scale boundary and gradient-energy descriptors before we
interpret their global-local differences.

Of the 1000 images, 26 lacked complete masks and 10 failed the quality threshold.
Each of the 964 retained images produced five coded texture-support records—whole
image, bilateral-lung union, left lung, right lung, and heart—giving 964 x 5 = 4820 texture
estimates.
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Table 17. Finite-scale descriptors on the 964 retained CheXpert 5 x 200 radiographs. Values are
median [interquartile range]. Panel (a) reports contour geometry, and panel (b) reports gradient-
energy texture.

(a) Boundary Geometry

Boundary Support Dg R}
Union of three anatomical masks 1.126 [1.097, 1.155] 0.997 [0.994, 0.998]
Left lung 1.086 [1.047, 1.129] 0.997 [0.994, 0.999]
Right lung 1.044 [1.025, 1.066] 0.998 [0.997, 0.999]
Heart 1.064 [1.031, 1.086] 0.997[0.992, 0.999]

(b) Gradient-Energy Texture
Texture Support D¢ D, Awx Riglt
Whole image 1.859 [1.847, 1.868] 1.802 [1.779, 1.820] 0.598 [0.465, 0.785] 0.998 [0.998, 0.998]
Left lung 1.868 [1.847, 1.887] 1.829 [1.802, 1.852] 0.279 [0.218, 0.343] 1.000 [0.999, 1.000]
Right lung 1.881 [1.862, 1.898] 1.840 [1.814, 1.862] 0.284 [0.228, 0.344] 1.000 [1.000, 1.000]
Heart 1.843 [1.823,1.861] 1.786 [1.753, 1.813] 0.268 [0.189, 0.354] 1.000 [0.999, 1.000]

The boundary of the union of the three anatomical masks had the largest median Dg,
followed by the left lung, heart, and right lung. All six paired boundary contrasts remained
significant after Holm correction (ppjoim < 1.89 x 107%), although the estimates remained
close to the dimension of a smooth planar contour. On the separately defined texture
supports, the whole-image Ax was 0.598 [0.465, 0.785], compared with 0.279 [0.218, 0.343],
0.284 [0.228, 0.344], and 0.268 [0.189, 0.354] for the left lung, right lung, and heart. The three
local widths were broadly comparable: left-right and left-heart were not significant after
correction, and the right-heart median difference was only 0.013. These results support
complementary global and anatomy-conditioned finite-scale signatures rather than a single
descriptor for the complete radiograph. Importantly, this conclusion is not obtainable from
a first-order intensity mean or variance alone: Dj is defined from occupancy over several
box sizes, while D; and Aax depend on how normalized gradient-energy mass changes with
both scale and moment order. Conversely, these descriptors do not replace conventional
texture or uncertainty analyses; they answer the narrower multiscale question summarized
in Table 3.

3.3.2. Incremental Value Beyond Conventional Texture and Uncertainty

The conceptual distinction in Table 3 is tested empirically in Table 18. Models are fitted
only to frozen post hoc variables and are evaluated on held-out patient folds; none of these
features enters AGIRA training.

Table 18. Nested incremental-value analysis on the retained CheXpert cases. AUROC measures
identification of anatomy-alignment-sensitive cases (AGIRA succeeds while no-AA fails). R? predicts
the continuous AGIRA-minus-no-AA similarity-margin change. Values in brackets are 95% bootstrap
confidence intervals over held-out predictions. Bold denotes the best values.

Post Hoc Feature Set ZS Gain-Case AUROC  I2T Gain-Case AUROC  Margin-Change CV R?

Intensity + fixed-neighborhood texture

Conventional + uncertainty
Finite-scale descriptors only

Conventional + uncertainty + finite-scale

0.642 [0.616, 0.669]
0.671 [0.646, 0.697]
0.691 [0.666, 0.716]
0.731 [0.708, 0.754]

0.628 [0.599, 0.657]
0.651 [0.624, 0.679]
0.673 [0.646, 0.701]
0.704 [0.679, 0.730]

0.109 [0.074, 0.143]
0.132 [0.096, 0.168]
0.156 [0.119, 0.193]
0.211 [0.173, 0.249]

Increment from adding finite-scale descriptors

+0.060 [0.031, 0.088]

+0.053 [0.021, 0.084]

+0.079 [0.038, 0.119]

Adding the finite-scale descriptors to intensity, GLCM/LBP texture, and uncertainty
increases held-out AUROC by 0.060 for zero-shot gain cases and 0.053 for retrieval gain
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cases, and raises cross-validated R? for the continuous margin change by 0.079. All
three increments remain significant under paired bootstrap and 5000 label permutations
(p < 0.001). Conversely, the combined model also exceeds the fractal-only model, confirm-
ing complementarity rather than redundancy. After residualizing Ax against all conven-
tional /uncertainty variables, its partial Spearman association with the AGIRA-minus-no-
AA margin remains 0.184 [0.122, 0.244] for zero-shot classification and 0.137 [0.076, 0.196]
for retrieval. Therefore, the scientific value of the finite-scale analysis is not merely that
it describes the images differently: it supplies measurable additional information about
where anatomy-aware alignment changes model behavior after standard statistics, texture,
and confidence are already known.

3.3.3. Performance Stratified by Anatomy-Conditioned Spectrum Width

The complexity-stratified comparison is summarized in Table 19; the strata are within-
class rank groups rather than absolute biological thresholds.

Table 19. Model performance within disease-class-specific, within-class tertiles of anatomy-
conditioned Ax. Cardiomegaly uses the heart support; the other four classes use the bilateral-lung
union. Values are percentages with 95% sample-level bootstrap confidence intervals. Bold text shows
the comparison results.

Task/Metric Model Low Intermediate High A(High-Low)
CX5 x 200ZS ACC No-AA 44.4[39.1,49.7] 46.1[40.8,51.7]  43.7[38.1,49.2] -0.8
CX5 x 200ZS ACC AGIRA 61.5[55.9,66.8] 56.4[51.1,62.1]  53.9 [48.3, 59.1] —7.6
CX5 x20012T P@5 No-AA 49.3[45.0,539] 504 [46.0,54.7]  46.3[41.7,50.8] -3.0
CX5 x 20012T P@5 AGIRA 56.5[52.4,60.8]  54.8 [50.3,59.0]  48.9 [44.4, 53.2] -7.7

AGIRA exceeded no-AA in all three classification strata by 17.1 [12.1, 22.4], 10.3
[4.7, 16.0], and 10.2 [5.0, 15.2] percentage points. For 12T P@5, the gains were 7.2 [3.7,
10.7], 4.4 [1.1, 7.6], and 2.5 [-0.7, 5.7] points. Thus, the classification benefit persisted
across the heterogeneity range, whereas the high-stratum retrieval interval included zero.
The gain was larger in the low than high stratum by 6.9 [0.7, 13.1] points for accuracy
and 4.7 [0.6, 8.8] points for P@5, so the data do not support preferential amplification
of anatomy alignment in the most heterogeneous cases. Because tertiles are rank-based,
exact membership of samples near a cut point can change when A is recomputed at
another resolution or scale window. The purpose of this experiment is therefore not to
claim immutable low/medium /high patient categories, but to test whether the AGIRA
advantage is confined to one narrow part of the observed heterogeneity distribution.

3.3.4. Finite-Scale Descriptor-Embedding Distance Concordance

Table 20 quantifies the local descriptor-embedding distance concordance for the
frozen models.

AGIRA’s mean local ppg was 0.076 [0.058, 0.093], compared with 0.060 [0.042, 0.077]
for no-AA and 0.063 [0.045, 0.080] for F2F. Paired differences were 0.0160 [0.0026, 0.0292]
and 0.0131 [0.0003, 0.0258], respectively. The absolute correlations are small and should
be interpreted as weak effects: ppp = 0.076 does not imply that AGIRA embeddings
are “fractal” or dominated by the handcrafted descriptors. Embeddings also encode
pathology, acquisition factors, and semantic content that are intentionally absent from
the four-dimensional finite-scale descriptor vector. The practical value of this analysis is
comparative and paired: AGIRA produces a small but reproducible increase over no-AA
and F2F, with the reported paired bootstrap intervals excluding zero. We therefore use this
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result as supporting evidence of improved local structural ordering, not as a stand-alone
proof of representation quality.

Table 20. Spearman descriptor-embedding distance concordance ppg for the three support-consistent
local domains. Each cell reports the point estimate and sample-level bootstrap 95% confidence
interval. The mean-local column is the prespecified average across left lung, right lung, and heart.
Bold text denotes the best values.

Frozen Method Left Right Heart Mean

Lung Lung Local

No-AA 0.066 0.072 0.041 0.060
0" [0.035, 0.095] [0.043,0.101] [0.011, 0.072] [0.042, 0.077]

F2F control 0.067 0.077 0.044 0.063
[0.036, 0.096] [0.047,0.106] [0.013, 0.075] [0.045, 0.080]

AGIRA 0.076 0.094 0.056 0.076
[0.048, 0.104] [0.062, 0.126] [0.030, 0.083] [0.058, 0.093]

3.3.5. Estimator Robustness Across Scale Windows and Resolutions

Table 21 summarizes the sensitivity checks used to judge whether rank-based hetero-
geneity stratification is defensible under reasonable analysis perturbations.

Table 21. Robustness of the principal finite-scale descriptors to scale-window and image-resolution
changes. CV is the median leave-one-scale-out coefficient of variation at 224 pixels; ICC(3,1) summa-
rizes agreement across 192, 224, and 256 pixels.

Descriptor  Leave-One-Scale-Out CV (%) Cross-Resolution Median ICC Region-Wise ICC Range
Dg 2.90 0.949 0.922-0.953
D, 0.73 0.966 0.935-0.982
Ax 19.79 0.932 0.924-0.964

Across the 3856 boundary-support records for Dp and the 4820 texture-support records
for D, and Aa at 224 pixels, the low CVs for D g and D, indicate stable absolute estimates
under leave-one-scale-out perturbation. Aa is more sensitive in absolute value (19.79%
CV), but its cross-resolution ICC remains high (median 0.932; regional range 0.924-0.964),
indicating that sample ordering is substantially more stable than the raw width. The res-
olution check uses 192, 224, and 256 pixels with proportionally adjusted scale windows,
so it simultaneously perturbs rasterization and the discrete box sequence. These results
support the use of Ax for relative, within-dataset stratification while explicitly ruling
out a resolution-invariant interpretation. We therefore do not claim that every sample
remains in exactly the same tertile; samples near a tertile boundary can change groups,
whereas the population-level rank structure remains sufficiently stable for the reported
exploratory stratification.

Reviewer-requested parameter-setting sensitivity is reported separately in Table 22.
The reference is focc = 0.25, k = 107%, and ¢ = 1.0; only one analysis parameter is changed
per row.

Even the strongest tested parameter perturbation preserves rank correlation above
0.93 and exact tertile agreement above 82%. More importantly, the substantive stratified
conclusion is unchanged in every row: AGIRA remains above no-AA in all three zero-
shot strata, and the gain is largest in the low-heterogeneity group; retrieval gains remain
positive and progressively smaller toward the high stratum. Thus, absolute A« values are
analysis-parameter dependent, but the rank-based grouping and the reported comparative
pattern are not an artifact of the single reference values of 8y, &, or o.
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Table 22. Robustness of Ax rank stratification to analysis-parameter settings. p is Spearman agreement
with the reference Ax ranking; agreement is exact within-class tertile membership. The final two
columns report AGIRA-minus-no-AA gains (percentage points) after recomputing the strata.

Analysis Definition

Exact Tertile ZS ACC Gain I2T P@5 Gain

Rank p Agreement (%) Low/Mid/High Low/Mid/High

Reference: fpcc = 025,k = 107,00 = 1.0 1.000 100.0 17.1/10.3/10.2 7.2/44/2.5

Bocc = 0.15
Bocc = 0.35
x=10""°
k=103
oc=0.5
oc=1.5

0.961 88.1 16.8/10.6/10.3 6.9/4.6/2.7
0.948 85.9 16.5/10.9/10.4 6.7/4.8/2.6
0.998 97.2 17.0/10.4/10.2 7.1/45/2.5
0.987 93.8 16.9/10.5/10.1 7.0/45/2.6
0.934 82.7 16.2/11.0/10.5 6.6/4.9/2.8
0.951 86.5 16.6/10.8/10.3 6.8/4.7/2.6

3.4. Visual Attention Localization and Visualization

We evaluate the attention maps used by each model’s visualization procedure on the
same 250 lesion-annotated VinDr-CXR radiographs. For AGIRA, attention weights are
read from the final visual Transformer block of the frozen evaluation checkpoint. The CLS
row and column are removed; patch—patch weights are averaged across heads and then
across query patches, reshaped to the native 14 x 14 patch lattice, bilinearly resized to
the image grid, clipped to non-negative values, and normalized to unit mass. Lesion
bounding boxes are never used to generate or tune the map. For BioViL-T and GLoRIA-ViT
we use each model’s native visualization map and then apply the same non-negative
normalization/resampling before metric computation. Because the native visualization
operators are model-specific, cross-model FCI is interpreted jointly with BAR and CR rather
than as a perfectly architecture-invariant quantity.

3.4.1. Quantitative Attention Metrics

BAR and CR quantify lesion localization, whereas D4, Df, and FCI characterize the
finite-scale occupancy of the attention distribution. Table 23 reports all five quantities
before the corresponding interpretation.

1 N ZpGBi Al(p)

BAR = — -,
N i=1 ZpEQi Al(p)

(44)

1 Y ZpGBiAi(p)/ZpGQiAi(p)

CR = — . 45
N L B/ (#5)

Table 23. Attention localization and finite-scale concentration on 250 lesion-annotated VinDr-CXR
samples. BAR and CR are defined in Equations (44) and (45); D4, Df, and FCI are reported as
median [interquartile range]. 1: higher is better. Bold text denotes the best values.

Method

BAR (%) 1 CR 1 D{ D FCI 1

BioViL-T
GLOoRIA-ViT
AGIRA

1.50 1.840[1.792,1.888] 1.751[1.707,1.800] 0.249 [0.200, 0.293]

4.37 1.53 1.817[1.776,1.862] 1.727[1.680, 1.777] 0.273 [0.223, 0.320]
4.64

1.64 1.748 [1.696, 1.797]  1.639 [1.595, 1.694]  0.361 [0.306, 0.405]

AGIRA had the highest observed FCI, 0.361 [0.306, 0.405], compared with 0.249
[0.200, 0.293] for BioViL-T and 0.273 [0.223, 0.320] for GLoRIA-ViT. The per-image FCI-CR
Spearman coefficients were 0.332 [0.216, 0.438], 0.221 [0.100, 0.345], and 0.388 [0.261, 0.496],
respectively. Together with the highest BAR and CR, this result is compatible with stronger
multiscale concentration around annotated lesions.

https://doi.org/10.3390/ fractalfract10090597


https://doi.org/10.3390/fractalfract10090597

Fractal Fract. 2026, 10, 597

34 of 41

3.4.2. Qualitative Visualization

Figure 7 presents representative maps. The baseline maps more often extend into
unrelated anatomy or background, whereas AGIRA is more tightly localized around the

annotated regions, consistent with Table 23.

Ground-truth  Gloria-vit Biovil-t AGIRA(Ours)
N <l f Y -

. ial > l‘ iJ
T—— V— —

21

Figure 7. Attention heat maps on VinDr-CXR. The leftmost panel shows the lesion bounding box,
followed by GLoRIA-ViT, BioViL-T, and AGIRA.

3.5. Computational Efficiency Analysis

To characterize the parameter and training-cost profile of AGIRA, we compare it with
GLoRIA-ViT and BioViL-T on the same hardware (a single RTX 5090 GPU, batch size 24),
measuring parameter counts, per-batch latency, corpus size, and total wall-clock time in
Table 24. This experiment supports configuration-specific statements about trainable pa-
rameters and measured training cost; it is not intended to establish universal computational
superiority across implementations, corpora, epoch budgets, or inference settings.

Table 24. Computational efficiency on a single RTX 5090 with batch size 24. Total/Train. are
parameter counts; Fwd/Bwd are per-batch latency; Time is minutes/single-GPU hours. Bold text
denotes the best values.

Method Total M)  Train. (M)  Train. (%) Fwd (s) Bwd (s) Samples Time
BioViL-T [40] 163.15 163.15 100.00 0.047 0.114 174,096 615/10.25
GLoRIA-ViT [10] 202.98 202.82 99.93 0.084 0.175 240,000 1276/21.27
AGIRA (Ours) 244.66 18.45 7.54 0.138 0.089 34,080 87/1.45

To further illustrate the efficiency—performance trade-off, we visualize AGIRA and
representative baselines in Figure 8. The x-axis denotes the total training cost measured by
single-GPU hours, while the y-axis reports zero-shot performance on RSNA Pneumonia
and CheXpert 5 x 200. Under the reported single-GPU measurement protocol, AGIRA is
located in the upper-left region in both subfigures, pairing stronger benchmark performance
with lower measured GPU-hours for the particular training schedules used. The bubble size
additionally shows its smaller trainable-parameter budget. Because corpus sizes and epoch
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counts differ by method, the plot should be read as an empirical resource profile under the
reported configurations rather than as a hardware-independent efficiency ranking. This
visualization complements the detailed statistics in Table 24.

% AGIRA 60
Py 58
R 92 _. S 56
Q = AGIRA
2 a1 g 54
© BioViL-T 2 5
c n
s 90 S 50 -
% k / GLORIA-VIT § s e GLORIA-ViT] Q
: ( 5 0
<zt 88 O 44
& 42
87 ! 40
0 5 10 15 20 25 0 5 10 15 20
[Training cost (GPU—hours)| ‘Training cost (GPU-hours)‘
O Bubble size: trainable parameters (M) Bubble size:CX 5x200 img2text retrieval
P@10(%) - 40
(a) (b)

Figure 8. Efficiency-performance comparison of AGIRA and representative baselines. Both subfigures
use training cost measured by GPU-hours as the x-axis and zero-shot classification performance as
the y-axis. In (a), the y-axis reports RSNA Pneumonia AUC and the bubble size represents the number
of trainable parameters. In (b), the y-axis reports CheXpert 5 x 200 zero-shot ACC and the bubble
size represents CheXpert 5 x 200 image-to-text retrieval P@10, with an offset used only for visual
scaling. Under the reported training configurations, AGIRA lies in the upper-left region, combining
strong benchmark performance with a small trainable-parameter budget and lower measured GPU-
hours; this does not imply universal computational superiority across alternative implementations
or schedules.

Trainable Parameter Budget

Although AGIRA has the largest total parameter count (244.66 million) because the
pretrained MIM/MLM reconstruction modules are retained during training, these modules
remain fixed. Only 18.45 million task-specific parameters are optimized, comprising the
Anatomy Sensors, their associated normalization parameters, and the projection heads.
This corresponds to 7.54% of the complete training model. By comparison, GLoRIA-ViT
updates 202.82 million of 202.98 million parameters (99.93%), and BioViL-T updates all
163.15 million parameters (100%). AGIRA therefore cuts the trainable budget by an order
of magnitude, while the frozen MRM-pretrained ViT-B/16 and CXR-BERT encoders supply
the representation capacity needed for anatomy-aware adaptation.

Per-Batch Latency

AGIRA’s forward time per batch (0.138 s) is higher than GLoRIA-ViT (0.084 s) and
BioViL-T (0.047 s), because each step propagates the global view together with the anatomy-
level local images and lateral-view inputs. Its backward time (0.089 s) is, however, the low-
est of the three, since gradients flow only through the small Anatomy Sensors while the
much larger frozen backbone is exempt. The combined forward-plus-backward latency
of AGIRA (0.227 s) is thus comparable to GLoRIA-ViT (0.259 s) and only modestly above
BioViL-T (0.161 s).

Training Corpus and Total Wall-Clock Time

AGIRA also consumes far less data: its 34,080 anatomy-aligned MIMIC-CXR records
(Section 2.7.1) amount to only 14.2% of GLoRIA-ViT’s 240,000 samples and 19.6% of BioViL-
T’s 174,096 samples. Combined with the favorable backward latency, this gives a per-epoch
time of 5.7 min, against 21 min for BioViL-T and 43 min for GLoRIA-ViT. In the controlled
single-GPU benchmark, AGIRA completes 15 epochs in 87 min (1.45 GPU-h), versus
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615 min (10.25 GPU-h) for BioViL-T and 1276 min (21.27 GPU-h) for GLoRIA-ViT, both
trained for 30 epochs. Within these specific corpus sizes, epoch budgets, software settings,
and the common single-GPU measurement setup, the observed totals are 7.1 x and 14.7 x
lower than BioViL-T and GLoRIA-ViT, respectively. We report these ratios descriptively
and do not extrapolate them to other training schedules.

Inference Cost

We do not infer a universal inference-efficiency advantage from the training-time
table. The MIM /MLM decoders are discarded at inference, but exact end-to-end FLOPs
and deployment latency depend on preprocessing, the number of views/crops evalu-
ated, batching, and implementation. The defensible conclusion from Table 24 is narrower:
AGIRA is parameter-efficient because only 7.54% of the complete training model is up-
dated, and it required lower measured training GPU-hours under the reported controlled
hardware/configuration. These observations support resource-conscious adaptation with-
out claiming that AGIRA is necessarily the most computationally efficient method in
every setting.

4. Discussion

AGIRA consistently improves the reported zero-shot benchmark recognition and re-
trieval results by combining examination-level semantics with explicit left-lung, right-lung,
and heart correspondence. The ablations show complementary roles: anatomy alignment
supplies the main fine-grained gain, global alignment retains complete-examination con-
text, hybrid soft labels reduce penalties on clinically related negatives, reconstruction
regularization limits disruption of the frozen representation space, and temporal/lateral
views provide additional but separable clinical context. These public-benchmark findings
support cross-dataset representation transfer; they should not be interpreted as evidence of
prospective clinical utility without external clinical validation.

The finite-scale analysis clarifies why one descriptor is insufficient for the anatomical
hierarchy. The boundary of the union of the three anatomical masks and organ contours
have distinguishable effective boundary occupancy, while the complete image has a much
broader gradient-energy singularity spectrum than the individual organs. The local spec-
trum widths are comparatively similar, so the strongest evidence concerns global-local
complementarity rather than large heterogeneity differences among organs.

The new nested incremental-value analysis strengthens this interpretation beyond
descriptive characterization. After first-order intensity, GLCM/LBP texture, and model-
output uncertainty are entered, adding the finite-scale variables increases held-out AUROC
for identifying anatomy-alignment-sensitive zero-shot and retrieval cases by 0.060 and
0.053, respectively, and increases cross-validated explained variance of the AGIRA-minus-
no-AA margin by 0.079. The combined feature set also outperforms the finite-scale-only set.
Thus, the fractal variables contribute information that is neither reducible to conventional
texture/uncertainty nor sufficient by itself; their value is complementary and diagnostic,
while remaining independent of training.

Complexity stratification provides a separate behavioral test. AGIRA’s classification
advantage over no-AA remains positive across all tertiles, but the gain is largest in the
low-Aa group. Retrieval also becomes more difficult as heterogeneity increases, and the
high-tertile P@5 interval includes zero. Anatomy-level supervision is therefore broadly
useful but does not preferentially solve the most heterogeneous cases.
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The embedding analysis shows a measurable but weak representation-level association.
AGIRA has higher mean local ppg than no-AA and F2F across the three support-consistent
anatomical domains, but the absolute value of 0.076 is small. This is expected because
learned embeddings encode disease semantics, acquisition variation, view, and other visual
factors beyond the finite-scale signature. The paired increase supports improved local
structural-rank preservation as a secondary explanatory observation; it is not evidence that
fractal descriptors dominate the learned representation.

Estimator checks support this restrained interpretation. Dy and D, show low leave-
one-scale-out variability and high cross-resolution agreement. Aa also has high cross-
resolution ICC but greater scale-window sensitivity, so it is appropriate for relative ranking
and stratification rather than as an invariant clinical biomarker. The attention analysis
provides a complementary output-side probe: AGIRA combines the highest BAR and
CR with the highest FCI and the strongest positive FCI-CR association. This agreement
suggests that its attention is both spatially concentrated across scales and better aligned
with annotated lesions.

Several limitations remain. First, the anatomical hierarchy is deliberately restricted to
the left lung, right lung, and heart. Expanding it with sparsely mentioned structures (for
example, upper-abdominal structures that appear only occasionally in chest reports) would
create many near-empty text buckets and poorly conditioned local contrastive targets;
equally important, consistent public pixel-level masks are not available for an arbitrary
fine-grained hierarchy. We therefore do not claim that performance would automatically
generalize to any number of anatomical nodes. A feasible extension requires both sufficient
report-mention frequency and validated masks for the added regions.

Second, the deterministic parser is now independently evaluated on 600 adjudicated
routing units, reaching macro-F1 0.953 and exact multi-label accuracy 0.918. The difficult-
case analysis identifies the remaining weakness rather than assuming perfect labels: cross-
sentence dependencies and ambiguous laterality produce the largest errors. The held-out
image—fragment matching matrix is therefore interpreted as a complementary functional
check, not as a circular substitute for parser accuracy. Future work can compare the
deterministic rules with clinical-NLP parsers on the same gold set and extend discourse-
level resolution without changing the three-node anatomy definition.

Third, no scalar “anatomical localization error” is used as a training target; mask error
enters indirectly as crop/input noise. We now quantify this effect rather than discussing
it only conceptually. Random translation/scale perturbations of +£5% change CheXpert
I2T P@5 and zero-shot accuracy by at most 0.8 points, whereas +10% perturbations pro-
duce 2-3 point losses and deliberate anatomy swaps produce much larger degradation.
Retraining with 5% crop jitter similarly changes the clean-evaluation metrics by at most
0.6 points. These results show tolerance to moderate localization noise but also confirm
that gross semantic mislocalization matters, as expected for an anatomy-guided method.
At CheXpert inference the crops are still generated from approximate coordinate priors, so
no downstream ground-truth segmentation is leaked.

Fourth, the method-compatible full-corpus comparisons still use different numbers of
distinct MIMIC-CXR studies, but the added identical-cohort experiment retrains GLoRIA-
ViT, MLIP, and BCC on the same 34,080 structured records (136,320 flat view-time instances)
and preserves AGIRA’s advantage across all reported metrics. Thus, cohort availability
no longer provides the only explanation for the cross-method gap. Fifth, finite-scale
estimates remain dependent on preprocessing and analysis definition, but the new 8¢/« /0
sensitivity study preserves rank correlation above 0.93, exact tertile agreement above 82%,
and the same low/intermediate /high comparative pattern. Finally, all evaluations remain
retrospective public-benchmark experiments. Practical future work is therefore to validate
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the current three-node hierarchy across institutions; externally validate and enlarge the
new gold routing set; compare deterministic, clinical-NLP, and discourse-aware parsers
on the same reference annotations; evaluate robustness under more realistic segmentation-
error models and acquisition shifts; and expand anatomy only when sufficient paired text
frequency and reliable masks are available.

5. Conclusions

AGIRA combines whole-image and anatomy-level image-report alignment with
parameter-efficient adaptation, reconstruction regularization, temporal-multiview fusion,
and hybrid soft labels. It improves zero-shot benchmark recognition and cross-modal re-
trieval across the reported public datasets while updating only 7.54% of the complete model.

The post hoc analysis gives the fractal component a defined and testable role. In addi-
tion to the multiscale geometry, heterogeneity stratification, descriptor-embedding con-
cordance, and attention concentration analyses, the nested incremental-value experiment
shows that finite-scale descriptors improve held-out identification of anatomy-alignment-
sensitive cases after conventional intensity, texture, and uncertainty variables are already
supplied. Parameter sweeps over 0o, k, and o preserve the rank-based heterogeneity
pattern. The added parser gold-standard, identical-cohort baseline control, hyperparameter
sweep, and localization-perturbation experiments further strengthen the reliability of the
anatomy-guided conclusions. The fractal quantities remain strictly post hoc: they do not
participate in training and the findings do not claim exact self-similarity, a causal fractal
mechanism, or prospective clinical validity.

Author Contributions: Conceptualization, Y.W.; methodology, YW. and H.Z.; software, YW.; formal
analysis, Y.W. and ].Y.; investigation, Y.W. and ].Y.; data curation, Y.W.; validation, Y.W.,; visualization,
Y.W.; writing—original draft preparation, Y.W.; writing—review and editing, YW., ].Y. and H.Z,;
supervision, H.Z.; project administration, H.Z.; funding acquisition, H.Z. All authors have read and
agreed to the published version of the manuscript.

Funding: This work was supported in part by the China Postdoctoral Science Foundation under
Grant No. 2026M791843, and in part by the Shandong Postdoctoral Science Foundation under Grant
No. SDZZ-7R-202501303.

Institutional Review Board Statement: Not applicable. This study involved secondary analysis
of de-identified research datasets and did not involve prospective participant recruitment or clini-

cal intervention.
Informed Consent Statement: Not applicable.

Data Availability Statement: The datasets analyzed in this study are available from their respective
public repositories, including MIMIC-CXR, CheXpert, CheXmask, RSNA Pneumonia, and VinDr-
CXR, subject to the access conditions established by the dataset providers.

Conflicts of Interest: The authors declare no conflicts of interest.
Abbreviations
The following abbreviations are used in this manuscript:

ACC Accuracy
AGIRA  Anatomy-Guided Image-Report Alignment

AUC Area under the receiver operating characteristic curve
BAR Bounding-box attention ratio

CLIP Contrastive Language-Image Pretraining

CR Concentration ratio

CXR Chest X-ray
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F2F Full-image/full-text reuse control
FCI Finite-scale concentration index
FD Fractal dimension

FFN Feed-forward network

GA Global alignment

GLCR  Global-local continuity regularization
HSL Hybrid soft labels

12T Image-to-text

KL Kullback-Leibler

MIM Masked image modeling

MLM Masked language modeling

MRM Masked record modeling

MSA Multi-head self-attention

MF Multifractal
P@k Precision at rank k
T21 Text-to-image
ViT Vision Transformer
VLP Vision-language pretraining
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