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Autonomous systems that generate scientific hypotheses, conduct experiments, and draft manuscripts
have recently emerged as a promising paradigm for accelerating discovery. However, existing “Al
Scientists” remain largely domain-agnostic, limiting their applicability to clinical medicine, where
research is required to be grounded in medical evidence with specialized data modalities. In this work, we
introduce Medical Al Scientist, the first autonomous research framework tailored to clinical autonomous
research. It generates clinically grounded ideas by transforming surveyed literature into actionable
evidence through a clinician-engineer co-reasoning mechanism, which improves the traceability of
generated research ideas. The Medical Al scientist further introduces evidence-grounded manuscript
drafting guided by a structured medical writing paradigm and ethical policies. The framework operates
under 3 research modes, namely paper-based reproduction, literature-inspired innovation, and task-
driven exploration, corresponding to distinct levels of medical scientific autonomy. Comprehensive
evaluations by both large language models and human experts demonstrate that the ideas generated by
the Medical AI Scientist are of substantially higher quality than those produced by commercial LLMs
across 171 cases, covering 19 clinical tasks, and 6 data modalities. Meanwhile, our system achieves
strong alignment between the proposed method and its implementation, while also demonstrating
significantly higher success rates in executable experiments. Double-blind evaluations by human experts
and the Stanford Agentic Reviewer suggest that the generated manuscripts approach MICCAI-level
quality, while consistently surpassing those from ISBI and BIBM. The proposed Medical AI Scientist
highlights the potential of leveraging Al for autonomous scientific discovery in healthcare.

1. Introduction

Recent years have witnessed rapid advances in artificial intelligence for healthcare, with increasingly
capable models achieving state-of-the-art performance across disease diagnosis [1-4], medical image
analysis [5-7] and clinical outcome prediction [8-10]. In parallel, large language models [11-16]
have made substantial progress in language understanding, reasoning and code generation, enabling
the emergence of tool-augmented and multi-agent systems [17-25] that extend beyond narrow task
execution. Together, these developments have catalyzed the rise of autonomous research frameworks,
often referred to as Al Scientists [26-29], which seek to automate the scientific workflow from
hypothesis generation and experimental design to result interpretation and manuscript preparation,
promising to accelerate scientific innovation [30]. These Al Scientist systems have shown promise in
accelerating research in domains such as mathematics, chemistry and general machine learning, where
problem formulations, data representations and evaluation protocols are relatively standardized.

Medical Al represents one of the most consequential domains for such systems, given its direct
implications for patient outcomes, diagnostic reliability and healthcare efficiency. As medical datasets,
analytical methodologies and scientific literature continue to grow at an unprecedented pace, the
throughput of human-driven research has become an increasingly critical bottleneck [31-34]. This
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widening gap highlights the urgent need for autonomous scientific systems that are explicitly designed
to operate within the epistemic, operational, and ethical constraints inherent to clinical medicine.

However, extending these autonomous research paradigms to medical field remains challenging.
First, existing Al Scientists focus on model modifications or generic optimization strategies, ignoring
medical related priors, such as basic diagnostic workflows and disease-specific pathological patterns.
Moreover, their retrieval and reasoning processes frequently lack sufficient constraints to reliably
identify authoritative medical reasoning evidence, which will lead to models with superficial perfor-
mance metrics but fail to capture clinically relevant patterns. Secondly, the heterogeneous and high
dimensional nature of medical data, including three dimensional and anisotropic structures, together
with specialized evaluation standards, poses challenges to the reliable and fair experimentation
execution. Thirdly, the provenance of medical data and the clarity of ethical statements are central to
the credibility, reproducibility, and clinical translation of research findings, yet current autonomous
research systems largely overlook these requirements and fail to produce manuscripts that adhere to
clinical writing frameworks and ethical standards.

Here we present Medical Al Scientist, an agentic framework for end-to-end medical Al discovery
and development, as shown in Fig. 1a. The system comprises three key components: Idea Proposer,
Experimental Executor, and Manuscript Composer, which together support the fully autonomous
research lifecycle. The Idea Proposer leverages structured literature retrieval and analysis to iden-
tify clinical prior and then adapts the most suitable emerging technical models to medical tasks.
A clinician—engineer co-reasoning mechanism is incorporated into the idea generation process to
explicitly ground each hypothesis in verifiable evidence and mitigate hallucinations. The automated
experimental executor orchestrates a reliable validation pipeline by unifying general-purpose exe-
cution toolchains with domain-specific medical toolboxes tailored to heterogeneous and complex
clinical data formats, enabling iterative and self-correcting deep model development. A hierarchi-
cal Manuscript Composer transforms research outputs into coherent and evidence-grounded drafts
through a structured medical writing paradigm with enhanced narrative logic and readability. It also
embeds ethical review mechanisms that explicitly document data usage in compliance with medical
publication policies.

To address the absence of standardized evaluation protocols for automated medical research
systems, we introduce Med-Al Bench (Fig. 1b). This benchmark comprises 171 high-quality evaluation
cases, organized around 19 distinct research tasks spanning 6 common medical data modalities.
For each task, we selected 3 representative papers of varying difficulty (easy, medium, hard) and
constructed 3 evaluation cases with different input modes. This design provides a systematic and
unified framework for both qualitative and quantitative assessment of automated medical research
systems across the full research pipeline.

As presented in Fig. 1c, we first evaluate research idea generation using both large language models
and human experts (Fig. 2), showing that the Medical Al Scientist consistently surpasses commercial
language models across six dimensions, including novelty, maturity, ethicality, generalizability, utility,
and interpretability. We then assess experimental execution, where the system exhibits strong
alignment between proposed methods and their implementations, together with substantially higher
success rates in producing executable experiments (Fig. 4). Finally, under double blind evaluation
(Fig. 1d, 5b & ¢), 10 independent domain experts assess generated manuscripts alongside high quality
human authored studies from leading venues such as MICCAI, ISBI, and BIBM, while all submissions
were further reviewed using the Stanford Agentic Reviewer under ICLR-aligned criteria (Fig. 5a).
The generated manuscripts achieve a mean score of 4.60 + 0.56 and remain competitive across
key dimensions including novelty, reproducibility, coherence, and clarity, with only a modest gap in
coverage. Qualitative feedback further indicates strong practical relevance and clear presentation with
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Figure 1 | a, System workflow: fully-automated multi-agents system for end-to-end scientific discovery
in clinical medicine. b, Med-Al Bench: visualization depicting 19 distinct medical research tasks

within performance benchmarking. ¢, Experimental setup: comparative evaluation across Idea gener-
ation, execution and full paper compilation in the research lifecycle. d, Performance benchmarking:

comparable manuscript quality to representative works from leading venues under double blind

evaluation.
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limited critical weaknesses. Moreover, one manuscript generated by our system has been accepted by
the International Conference on Al Scientists (ICAIS 2025 [35]) after peer review. Together, these
results suggest that automated systems can speed up complex methodological designs, highlighting
their potential to significantly enhance the efficiency of medical Al research.

2. Results

2.1. Building universal medical research by systematic LLM Agent

The Medical Al Scientist provides different levels of autonomous academic research modes: Paper-
based Reproduction, Literature-inspired Innovation, and Task-driven Exploration. These modes are
designed to accommodate users ranging from early stage PhD-level researchers entering a medical Al
task to domain experts seeking efficient and highly automated solutions for open ended problems.
The Reproduction mode follows explicitly defined research instructions derived from target papers and
focuses on the faithful implementation of established methods. An ethical gatekeeping mechanism is
incorporated to prevent harmful implementations. Instead of relying on explicit method specifications,
the Innovation mode identifies research gaps and generates hypotheses based on fixed references
and datasets. Evaluation emphasizes originality and methodological completeness, supported by
a clinician—engineer co-reasoning mechanism and multi-dimensional assessment. The Exploration
mode further targets problem driven discovery in real-world settings. Starting from a single user
defined question, the system conducts literature mining, selects and integrates paradigms, generates
solutions, and performs experimental verification.

To enable a rigorous and domain-spanning assessment of the Medical Al Scientist, we constructed
Med-Al Bench, a benchmark grounded in peer-reviewed medical Al literature and expert-annotated
references. Med-Al Bench is deliberately organized to reflect the breadth of contemporary medical Al
research, covering six data modalities and nineteen representative tasks that span the full spectrum
from low-level perception to high-level clinical reasoning (Fig. 1b). Specifically, medical images-related
tasks cover core problems in visual understanding and analysis, including classification [36-38],
segmentation [39-41], prognosis [42—44], registration [45-47], and restoration [48-50]. Video-
centric tasks encompass instrument detection [51-53], restoration [54-56], workflow recognition [57-
59], intraoperative risk assessment [60-62], and postoperative skill assessment [63-65]. Structured
electronic health record data support tasks in risk prediction [66-68] and clinical decision support [69-
71], while physiological signal data are used for diagnosis [72-74] and prognosis [75-77]. Text-
based clinical reasoning is evaluated through report summarization [78-80], diagnosis and risk
assessment [81-83], and biomedical question answering [84—86]. Finally, multimodal tasks assess
the system’s ability to integrate heterogeneous data sources for multimodal diagnosis [87-89] and
cross-modal report generation [90-92].

For each task, we retrieve three papers from Google Scholar, which serve as a structured ground
truth for benchmarking different levels of scientific reasoning and execution. Each paper was evaluated
across five dimensions, including code availability, venue quality, citations, year, complexity, and
subjective human rating, and then ranked and assigned to one of three difficulty tiers per task.
Using this benchmark, we evaluate the Medical Al Scientist across the complete research lifecycle,
including idea generation, experimental execution, and manuscript compilation. Collectively, Med-Al
Bench functions as a standardized and reproducible framework for assessing autonomous medical Al
researchers under realistic, multi-modal, and clinically relevant research conditions.
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2.2. Comprehensive evaluation of idea generation

The Idea Generation module is designed to address two central challenges in Al assisted research
ideation. The first concerns the generation of novel hypotheses from unstructured resources without
a specific direction, as in the Innovation mode. The second concerns the need to ensure that these
hypotheses remain clinically relevant and technically feasible, which is emphasized in the Exploration
mode. We quantitatively evaluated the quality of model-generated research ideas against two
commercial LLMs (e.g., GPT-5, Gemini-2.5-Pro), using both LLM-as-judge metrics and blinded human
assessments, with evaluations conducted across six criteria commonly adopted in medical Al research,
including novelty, maturity, ethicality, generalizability, utility, and interpretability.

As shown in Fig. 2 a, the Medical Al Scientist consistently outperforms the baselines across six
dimensions of idea quality. For novelty and maturity, it achieves higher scores in innovation (4.07 vs.
3.00 and 3.12 in literature-based; 4.07 vs. 3.42 and 3.05 in open-ended) and maturity (4.61 and
4.74 vs. <3.58 for the baselines). For technical reliability, it also leads in robustness (3.44 and 3.56 vs.
<3.19) and interpretability (3.83 and 3.81 vs. <3.42). Finally, for practical and ethical suitability, the
system obtains stronger utility (3.56 and 3.61 vs. <3.44) and ethicality (3.39 and 3.64 vs. <3.05),
indicating that the generated ideas are not only more innovative but also more clinically grounded
and deployable.

In the human expert assessment (Fig. 2 b), our method consistently achieves the highest scores in
technical innovation (4.40 = 0.49 and 4.32 = 0.47) and maturity (4.65 = 0.48 and 4.68 + 0.47),
substantially outperforming GPT-5 and Gemini-2.5-Pro, while also exhibiting lower variance. This
advantage extends to ethicality (up to 4.39 + 0.63) and robustness (3.90 + 0.61), where competing
models remain below 3.50 on average, indicating more stable and reliable hypothesis generation.
Notably, improvements in utility and interpretability are more moderate (e.g., 3.93 + 0.53 and 3.81
+ 0.63 in Innovation mode), suggesting that gains in novelty and rigor are accompanied by only
incremental advances in practical clarity. Highlighted by human evaluators’ observations (Fig. 2
¢), our method produces more consistently innovative and mature research ideas, with stronger
alignment to clinical relevance and clearer experimental grounding than competing approaches. In
contrast, baseline models tend to generate more incremental and less coherent hypotheses, often
with higher variability and weaker integration into realistic research workflows.

As illustrated in Fig. 3, this case study compares the idea generation results of our method
with those of commercial LLMs under the Innovation mode. All models operate under identical
inputs, including the same task description, reference papers, and dataset specification, ensuring a
fair comparison. While commercial models produce reasonable designs, their formulations remain
relatively generic and lack strong domain grounding. Their outputs often resemble incremental
extensions of prior work, with limited justification from a medical perspective. In contrast, the proposed
method incorporates both medical and engineering evidence into the ideation process, informing
model design and learning objectives. This leads to a more concrete and clinically meaningful
formulation, reflected in the richer and more explicit set of equations. Consequently, the Medical Al
Scientist demonstrates greater implementation detail and improved conceptual novelty, as its designs
are guided by disease-related priors rather than abstract extensions of existing approaches.

2.3. Analysis of experimental implementation

2.3.1. Implementation completeness

Translating a conceptual research hypothesis into executable code requires preserving methodological
coherence between the idea and its technical realization. To evaluate this capability, we systematically
examined the extent to which finalized research plans were faithfully instantiated in downstream
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implementations. As summarized in Fig. 4 a, we quantified experimental success by jointly assessing
algorithm fidelity and pipeline integrity, reflecting whether the proposed methodological components
were both present and functionally integrated within the resulting codebase. Across all three ex-
perimental modes, our Medical Al Scientist consistently achieved the highest mean scores for both
indicators, along with the lowest or near-lowest standard deviations. In open-ended innovation mode,
it reached 3.72 = 0.52 and 4.09 = 0.47, respectively, matching GPT-5-Pro while substantially outper-
forming Gemini-2.5-Pro (2.84 + 0.67 and 3.18 * 0.94). The advantage grew clearer in replication
mode (3.84 = 0.49 and 4.30 = 0.62) and literature-based innovation mode (3.67 = 0.54 and 4.12
+ 0.46), where our system not only scored highest but also showed the most stable performance.
The results show that the system’s structured refinement process, which couples systematic retrieval
from the literature and code repositories with iterative clinician—engineer deliberation, grounds
each proposed idea in accessible methodological and technical resources. This integration ensures
that finalized research plans are not only scientifically coherent but also practically implementable,
with sufficient technical and evidential grounding to enable reliable translation into executable and
methodologically faithful code.
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2.3.2. Code execution

Executing Al-generated research scripts may fail due to unresolved dependencies, dataset incom-
patibilities, or latent logical errors. These issues become more acute in medical Al research, where
heterogeneous clinical data demand specialized preprocessing, domain-specific evaluation metrics,
and dedicated software libraries to ensure valid analysis. To quantify robustness in this context, we
measured first-run experimental success across a set of 57 medical Al research instances, compar-
ing experimental results produced by our structured pipeline with those generated directly by the
commercial LLM baselines.

As shown in Fig. 4 b, our approach consistently achieved higher success rates, reflecting the
effective resolution of dependency conflicts, enforcement of data compatibility, and runtime-stable
logic through iterative refinement and grounding in reference implementations. By contrast, general-
purpose LLM-generated code encountered persistent debugging loops triggered by unresolved runtime
errors or became prematurely terminated due to environment configuration issues, preventing
successful completion of experiments. We defined experimental success as stable end-to-end execution
of the training pipeline, characterized by successful runtime completion, a decreasing loss trajectory,
absence of gradient explosion, and the generation of valid model weight files. Under this definition,
our method achieved the highest success rate in all settings, reaching 0.91 in reproduction mode,
0.93 in literature-based innovation mode, and 0.86 in open-ended task mode. In comparison, GPT-5
obtained success rates of 0.72, 0.60, and 0.75, while Gemini-2.5-Pro achieved 0.40, 0.49, and 0.53
under the same conditions. These results show that our system consistently maintains a substantially
higher end to end experimental execution success rate across increasing task difficulty.

2.4. Human and automated evaluation of medical research manuscripts drafting

The Al Scientist generates scientific manuscripts following the structure of standard medical conference
submissions, including visualizations and all conventional sections. Four full-sized Al-generated
papers are provided in the Appendix 5.3. To evaluate the translational relevance of autonomous
medical research under realistic expert scrutiny, we designed a double-blind user study centered
on diabetic retinopathy classification from fundus images while preserving the generality of the
framework. We invited ten independent experts with over five years of first-author experience in
Al for healthcare to assess a curated set of 20 manuscripts, including both autonomously generated
studies and high-impact human-authored papers. These human-authored works were sampled from
leading venues, including the International Conference on Medical Image Computing and Computer
Assisted Intervention (MICCAI), International Conference on Bioinformatics and Biomedicine (BIBM),
and The IEEE International Symposium on Biomedical Imaging (ISBI). In parallel, all manuscripts
were independently evaluated using the Stanford Agentic Reviewer, an advanced large language
model based assessment system, following standardized review criteria aligned with The International
Conference on Learning Representations (ICLR) guidelines.

From the Al-based evaluation in Fig. 5a, our method achieves a mean score of 4.60 + 0.56,
comparable to the range observed across representative MICCAI (4.86 = 0.47), ISBI (3.74 = 1.02),
and BIBM (4.06 = 0.89) submissions. According to the double-blind human evaluations in Fig. 5b,
our manuscripts demonstrate consistently strong performance across all five dimensions, with scores
broadly aligned with those reported for MICCAI, ISBI, and BIBM. In particular, they show competitive
results in Novelty, Reproducibility, Coherence, and Clarity, while exhibiting a modest gap in Coverage
(3.44 = 0.67 vs 3.68 = 0.68), likely reflecting a more focused emphasis on methodological innovation
rather than extensive dataset coverage and baseline comparisons. Qualitative observations (Fig. 5c)
from domain experts further highlight the novelty, practical relevance, and clarity of presentation
in our manuscripts, alongside solid mid-range assessments in logical coherence and experimental
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design, with relatively few critical weaknesses noted across comparisons with MICCAL ISBI, and
BIBM submissions. Overall, these results suggest that our manuscripts achieve a level of quality
comparable to that observed across leading venues such as MICCAI, ISBI, and BIBM, as assessed under
consistent double-blind evaluation criteria. We also demonstrated the advantage of our system over
other Al-scientist systems by having a manuscript it generated accepted by ICAIS 2025 [35], which
received 114 submissions and had an acceptance rate of 36.8%.

2.5. Case study of autonomous medical research process
2.5.1. Mode 2: Literature-inspired innovation for medical image classification

As shown in Fig. A.1, we further evaluated the proposed automated medical research system to assess
its capacity to enrich generated research ideas with medically grounded priors and concrete engi-
neering specifications through its medical-engineering discussion module. Using diabetic retinopathy
severity grading as a representative task, the system operated without explicit design instructions
and relied solely on reference literature and publicly available codebases. The system demonstrated
structured co-reasoning between clinical evidence and implementable methodology: clinical insights
from ophthalmic literature motivated the explicit separation of global neurodegenerative context and
local vascular pathology, which were subsequently translated into a dual-pathway diffusion-based
architecture with imbalance-aware objectives and realizable training protocols. Each design choice
was justified by identifiable gaps in prior work and mapped to existing implementations, yielding
a hypothesis that was both clinically interpretable and experimentally executable. Quantitative
evaluation confirmed that the resulting model achieved competitive performance on imbalanced
disease stages, supporting the validity of the underlying reasoning process. Taken together with the
paradigm-transfer case study, these results demonstrate that the system can not only identify and
adapt novel Al paradigms for specified medical tasks, but also systematically refine them through
medical-engineering co-reasoning into fully specified, experimentally validated research hypotheses.

2.5.2. Mode 3: Task-driven discovery for medical video restoration

As presented in Fig. A.2, we evaluated the proposed automated medical research system on a clinically
motivated task of restoring high-resolution and temporally consistent endoscopic video from low-
quality recordings, thereby assessing its ability to autonomously translate emerging Al paradigms into
executable solutions for medical research. Starting from a minimally specified task description, the
system independently grounded the problem in relevant clinical and technical literature, identified
temporal inconsistency as a critical unmet requirement, and selected a recently developed continuous-
time video restoration paradigm with demonstrable transfer potential. Without manual intervention,
this paradigm was adapted to the endoscopic setting through task-specific architectural and training
modifications, yielding a complete research hypothesis and an implementable model. The result-
ing system was experimentally validated through structured ablations and quantitative evaluation,
achieving substantial performance gains over a strong baseline. This case study demonstrates that the
proposed framework can automatically operationalize novel Al paradigms for concrete medical tasks,
progressing from task specification to validated experimental results, and thereby supports its role
as a general-purpose engine for automated medical research rather than a task-specific algorithmic
contribution.
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3. Discussion

3.1. Key findings

In this study, we introduce Medical Al Scientist, an agentic framework that enables end-to-end
automation of medical Al research, spanning hypothesis generation, experimental validation, and
manuscript composition. By integrating an Idea Proposer, an automated experimental executor, and
a hierarchical Manuscript Composer, the system provides a unified solution for the full research
lifecycle. A central design feature lies in the clinician—-engineer co-reasoning mechanism, which
grounds hypothesis generation in verifiable medical evidence and reduces hallucinations. In parallel,
the execution module ensures reliable and iterative model development across heterogeneous clinical
data, while the manuscript component translates outputs into structured, evidence-based scientific
narratives with embedded ethical compliance. To support systematic evaluation, we further introduce
Med-Al Bench, a comprehensive benchmark that standardizes assessment across diverse medical
research tasks, modalities, and difficulty levels.

Compared with existing approaches to automated scientific discovery, Medical Al Scientist ad-
dresses several key limitations. First, general-purpose language models, although capable of generating
plausible research ideas, frequently suffer from insufficient grounding in domain-specific evidence,
leading to unreliable or non-actionable hypotheses. Second, existing automation frameworks rarely
account for the complexity of clinical data formats and the stringent requirements of medical research
reporting and ethics. By contrast, our framework unifies these components into a coherent pipeline,
ensuring that each stage is both technically rigorous and clinically grounded.

Our experimental results highlight three principal findings. (1) Superior research idea quality:
across six evaluation dimensions, the proposed system consistently outperforms commercial language
models and approaches human expert-level assessments, demonstrating strong novelty, feasibility,
and interpretability. (2) Robust experimental execution: the system achieves high alignment be-
tween proposed methods and implemented experiments, with substantially improved success rates
in generating executable and self-consistent pipelines for medical Al development. (3) High-quality
manuscript generation: under double-blind expert evaluation, generated manuscripts achieve com-
petitive scores relative to top-tier conference publications, with strong performance in coherence,
clarity, and reproducibility, and only minor limitations in content coverage. The acceptance of a
system-generated manuscript at ICAIS 2025 further provides early evidence of real-world scientific
validity.

The broader implications of Medical Al Scientist extend beyond performance gains to a fundamen-
tal shift in how medical Al research may be conducted. By significantly reducing the time and expertise
required to move from idea to validated results and polished manuscripts, the framework has the
potential to accelerate scientific discovery in healthcare. Its ability to systematically explore complex
model designs and translate them into executable implementations suggests a complementary role
alongside human researchers, particularly in tasks that demand extensive iteration and technical
integration. In clinical and translational settings, such a system could lower barriers to innovation,
enabling wider participation in medical Al development and fostering more rapid dissemination of
clinically relevant solutions.

3.2. Limitations and future work

Although our Medical Al Scientist demonstrates promising empirical behavior, several limitations
remain before it can be considered to match the best human-produced science. First, the conceptual
design of the method can at times become overly intricate. This complexity not only increases the
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difficulty of faithful implementation, but also introduces instability during execution. When the
intended pipeline proves too demanding, the implementation may implicitly simplify or degrade
certain components, leading to deviations from the original design and potentially undermining
performance. Second, the depth of experimental evaluation is still limited. Current experiments are
conducted strictly on predefined datasets, without sufficient exploration of cross-domain or out-of-
distribution scenarios. Finally, despite achieving reasonable performance, the generated method does
not yet reach state-of-the-art levels. This gap suggests that further refinement is needed, both in
terms of algorithmic design and experimental validation, before the Al-generated approach can be
considered competitive with leading methods in the field.

Future work will focus on strengthening the experimental pipeline to enable more comprehensive
and rigorous evaluations, thereby improving both the robustness and performance of the method. In
parallel, we aim to enhance the quality and expressiveness of visualizations, including both empirical
plots and framework illustrations, so as to better communicate the underlying mechanisms and results.
Through these efforts, we expect the method to evolve into a more reliable and well-rounded system
with stronger empirical competitiveness and clearer presentation.

4. Methods

4.1. Building an autonomous Al scientist for medical research

As illustrated in Fig. 6, the Medical Al Scientist comprises three core components: Idea Proposer,
Experimental Executor, and Manuscript Composer. Each component is implemented as multi-agents
that integrate multiple functionalities through carefully designed prompting strategies. The overall
system operates via coordinated interactions among these agents. All agents are built upon general-
purpose large language models, such as GPT-5, which serve as the base models for handling a broad
range of tasks. For both the Reproduction mode and the Innovation mode, the system takes task
instructions, dataset information, and reference papers as inputs, which are then processed sequentially
by the Preparer and Surveyor, the Generator, and the Assessor. In contrast, the Exploration mode
operates with only task instructions and dataset information as inputs. Building upon the previous
two modes, it first introduces an Analyzer and an Explorer to retrieve the medical baseline paper and
the novel technological paradigm paper, thereby establishing a sufficient literature foundation for
subsequent idea generation. The resulting structured ideas are then formulated as research plans and
passed to the Experimental Executor for empirical validation, after which the experimental outputs are
further processed into structured manuscripts, yielding the final paper. This entire process enforces
a continuous reflect-and-refine cycle, ensuring the final research output (including idea proposal,
executable program, and final manuscript) is reproducible and responsible.

4.2. Idea Proposer

The Idea Proposer operationalizes medical hypothesis generation as a structured, evidence-grounded
reasoning process. The system is organized into a set of interacting functional modules, each ad-
dressing a critical component of scientific ideation. This design highlights the central contribution: a
unified framework that couples structured knowledge retrieval with clinician—engineer co-reasoning
to produce hypotheses that are both novel and verifiable. At a high level, the Idea Proposer transforms
loosely specified medical tasks into executable research hypotheses by iteratively refining problem
understanding, identifying appropriate paradigms, and grounding designed ideas in external evi-
dence. This process reduces hallucination and mitigates the tendency of language models to produce
superficial or non-actionable ideas.
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Figure 6 | The conceptual illustration of the Medical Al Scientist: A comprehensive system of fully-
automated agents for end-to-end scientific discovery in clinical medicine. The system offers three
user interaction modes: Reproduction (reproducing a specified hypothesis), Innovation (innovating
from provided literature) and Exploration (autonomously exploring a given research direction), to
streamline medical research process. The workflow consists of several phases covering automated
idea generation, experiment execution, manuscript writing.

Analyzer. The Medical Task Analyzer formalizes the input problem by identifying its core clinical
and technical challenges. Given a user-provided dataset or research objective, this module performs
targeted retrieval over peer-reviewed medical and technical literature to construct a structured task
representation based on the academic search engine [93]. This representation encodes disease
context, data characteristics, evaluation constraints, and implicit clinical needs. This step anchors
subsequent hypothesis generation in real clinical gaps rather than abstract problem descriptions.

Explorer. Building on the structured task representation, the Paradigm Explorer identifies the most
suitable emerging computational paradigms to address the extracted challenges. Instead of relying on
static knowledge, it performs dynamic retrieval over recent literature and open-source repositories,
jointly considering methodological novelty, empirical performance, and implementation maturity.
A key feature of this module is the explicit alignment between problem structure and algorithmic
capability. Candidate paradigms are not selected in isolation but are evaluated based on how their
inductive biases and design principles match the identified clinical constraints. For each selected
paradigm, the system retrieves corresponding high-quality codebases, ensuring that the resulting
hypothesis is directly grounded in executable components.

Preparer and Surveyor. To support informed reasoning, the Preparer and Surveyor jointly con-
struct a structured and executable evidence base that links scientific claims to their operational
implementations. The Preparer retrieves relevant literature together with associated code artifacts,
normalizing them into a unified representation that captures problem formulations, model designs,
and experimental protocols. Inspired by [28], the Surveyor then performs structured synthesis by
decomposing each reference into its core conceptual and methodological primitives. Large language
models first extract the fundamental research contribution and methodological skeleton while ab-
stracting away domain-specific terminology to reduce surface bias. These abstract directives are
subsequently grounded through a multi-agent process that maps them to canonical mathematical
formalisms and aligns them with executable code components from open-source repositories. This
design enables the system to reconstruct prior methods as verifiable workflows rather than static
descriptions, thereby transforming existing work into modular and recomposable units for reasoning.
As a result, this module establishes an evidence-grounded substrate for hypothesis construction by
explicitly linking theoretical assumptions with their executable implementations.

Generator. Hypothesis generation is performed by the Generator through a clinician-engineer co-
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reasoning mechanism that integrates clinical insight with computational design. Rather than relying
on unconstrained synthesis, the Generator constructs candidate hypotheses by aligning task-specific
challenges with the capabilities of selected paradigms, guided by the structured evidence base. Clinical
considerations are introduced in the process to ensure relevance and plausibility, while technical
refinements are derived through targeted retrieval and adaptation of existing methods. This bidirec-
tional interaction mitigates the risk of superficial novelty and grounds each hypothesis in verifiable
evidence, effectively reducing hallucination. Iterative refinement continues until the hypothesis
achieves internal coherence across clinical validity, methodological soundness, and implementation
feasibility. This structured process parallels human-led medical hypothesis formation and enables
systematic derivation of high-level ideas from clear gaps in existing literature.

Assessor. The final stage evaluates the generated hypothesis through a combination of scientific
and ethical criteria. The Assessor examines conceptual consistency, empirical support, and practical
executability. In parallel, an explicit ethics check ensures compliance with biomedical research
standards. Hypotheses that fail to meet quality thresholds are returned for refinement, while those
violating ethical constraints are rejected. This mechanism enforces rigor and accountability, ensuring
that only well-supported and responsible ideas proceed to experimental validation. The resulting
hypothesis is formalized as a detailed research plan, which specifies the algorithmic rationale and
anticipated evaluation protocols.

4.3. Experimental Executor

The experimental executor is formulated as a structured multi-stage pipeline for traceable and self-
correcting model development within a secure Dockerized environment. Given a research objective,
the Investigator assembles the required codebase together with domain-specific medical toolboxes
to ensure compatibility with heterogeneous clinical data, and provides this unified specification to
the Planner, which decomposes it into a structured, machine-interpretable execution protocol with
defined inputs and outputs. The Executor instantiates this protocol within a controlled environment by
constructing the full training and evaluation pipeline, leveraging general-purpose execution toolchains
for scalable and stable implementation. Resulting logs, intermediate outputs, and quantitative metrics
are assessed by the Judger, which evaluates consistency between intended design and the observed
behavior and produces targeted corrective feedback. The Analyst consolidates validated results into
structured records for downstream use. Through iterative feedback and execution-level correction, the
system unifies domain-specific medical processing with general execution infrastructures, enabling
reliable, iterative, and self-correcting validation under complex clinical settings.

4.4. Manuscript Composer

The Manuscript Composer operates within an end-to-end multi-agent framework that transforms
substantiated research materials into a typeset-ready paper. The Content Generator first establishes
the global structure of the manuscript by leveraging the organizational patterns of the most relevant
reference papers, and subsequently develops section level content grounded in evidence from a
structured repository of implementations, experimental logs, and quantitative results. To preserve
narrative coherence, concise summaries of previously generated sections are retained and reused as
semantic anchors during subsequent drafting. The Generator further aligns narrative and presentation
by automatically generating experimental figures from logged results and synthesizing architectural
diagrams from method specifications. By summarizing current conference and journal policies into
structured instructions, the Ethics Reviewer leverages dataset-specific evidence to rigorously report
and cite the origin, license, and ethical approval of each dataset to meet publishing requirements.
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In parallel, a Scientific Narrative Enhancer is introduced to counter the tendency of Al generated
text to overemphasize procedural detail, refining the manuscript to improve clarity and the scientific
storyline while aligning the writing style with task-specific paradigms. A Cross-Reference Resolver
subsequently verifies internal references, including equations, figures, sections, and citations. Finally,
a self-healing mechanism in Latex Compilation Engine continuously validates the LaTeX source,
interpreting compiler feedback to autonomously correct syntactic or structural errors and ensure
reliable compilation without manual intervention. Together, these components enable the automated
generation of coherent, compliant, and publication ready medical manuscripts from heterogeneous
research artifacts.

4.5. Construction of Med-AI Bench

To enable systematic and reproducible evaluation of the Medical Al Scientist, we constructed Med-Al
Bench, a benchmark comprising 171 cases derived from 57 high-quality ground-truth medical research
papers. Construction began with the six primary data modalities identified in a scoping review of
multimodal Al in medicine [94]: (1) medical images, (2) videos, (3) electronic health records (EHR,
including structured ICU data), (4) text, (5) physiological signals (e.g., ECG and EEG), and (6)
multimodal data.

The tasks for each modality were derived from authoritative domain surveys as follows: med-
ical imaging tasks (classification, prognosis, restoration, segmentation, and registration) from a
comprehensive review of Al-driven imaging innovations [95]; video-analysis tasks (instrument de-
tection, restoration, workflow recognition, intraoperative risk assessment, and postoperative skill
assessment) from a scoping review of Al in medical videos [96]; EHR tasks (risk prediction and
clinical decision support) from a comparative analysis of deep learning architectures for EHR [97];
physiological-signal tasks (disease diagnosis and prognosis) from a review of signal-based healthcare
applications [98]; clinical text tasks (report summarization, text-based diagnosis/risk assessment, and
biomedical question answering) from a UK-focused clinical NLP survey [99]; and multimodal tasks
(multimodal diagnosis and cross-modal report generation) from a dedicated multimodal biomedical
Al review [100]. This structured process yielded 19 distinct tasks.

For each task, three representative papers were retrieved from Google Scholar using task-specific
keyword combinations, with explicit prioritization of highly cited works. Each paper was independently
scored on five dimensions: Code Availability (presence and usability of public implementations),
Venue Quality (prestige ranking of the publication venue), Citations (normalized citation count), Year
and Complexity (publication recency weighted by methodological intricacy), and Subjective Human
Rating (by domain experts). Papers were subsequently ranked and partitioned into three difficulty
tiers (hard, medium, easy; one paper per tier per task) from an Al-implementation perspective. For
each paper, three cases were constructed using different input modes. The resulting 171 cases form a
stratified benchmark that systematically spans technical and clinical complexity, enabling rigorous
assessment of hypothesis generation, implementation fidelity, and manuscript quality. It is worth
noting that, to speed up the execution and validation of automated experiments, we performed
random subsampling on the dataset.

4.6. Performance assessment of the Medical Al Scientist

We evaluated the Medical Al Scientist on Med-Al Bench across four core dimensions: (1) Idea
Generation, (2) Implementation Completeness, and (3) Code Execution, against the strongest closed-
source models (GPT-5 and Gemini-2.5-Pro) under identical input conditions. All evaluation criteria
are scored on a five-point scale ranging from 1 to 5, ensuring consistent and interpretable assessment
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across all cases.

For Idea Generation, the Idea Proposer and baseline models received equivalent prompts (either
literature-derived innovation or autonomous exploration of a user-specified direction) and produced
full research proposals. Each proposal was scored by a hybrid evaluator that combined LLM-based
metrics with blinded assessments from professional clinical Al scientists. Scoring followed standard-
ized rubrics across six dimensions: Novelty (substantive innovation in medical problem modeling),
Maturity (completeness and ease of implementation), Ethicality (responsible handling of medical data
and constraints), Generalizability (robustness across devices, populations, and institutions), Utility
(potential for real clinical adoption), and Interpretability (alignment with medical reasoning and
traceability). Explicit evidence grounding ensured high inter-rater reliability. For Implementation
Completeness, the full proposals were fed into the Experiment Executor (our system) or the equivalent
code-generation modules of the baselines, producing complete executable programs. LLM-based
scoring then assessed two aspects: fidelity of core innovative components and completeness of the
pipeline (data preprocessing, training, validation, testing, and logging). Code Execution directly
deployed the generated code in a predefined Dockerized environment. Success was defined as the
fraction of runs that completed without errors, exhibited monotonically decreasing training loss, and
produced valid model weights accompanied by quantitative test results.

In addition, all Medical Al Scientist-generated manuscripts were submitted to the Stanford Agentic
Reviewer under the complete ICLR review protocol. The system returned an overall score on a
scale from O to 10, together with structured strengths and weaknesses, providing an independent
multi-criteria validation of scientific rigor.

4.7. Human expert evaluation

To assess real-world usability in a controlled yet ecologically valid setting, we restricted the evaluation
to a single classic medical Al task: diabetic retinopathy classification on fundus images, while
preserving full methodological generality.

We invited 10 independent human experts, each with more than five years of first-author experience
in Al-for-healthcare publications. Using a double-blind protocol, experts rated a total of 20 papers:
five papers autonomously generated by the Medical Al Scientist on the constrained task and 15
high-impact human-authored papers (five randomly selected via keyword search from each of the
MICCAI, BIBM, and ISBI conferences, prioritized by citation rank). To eliminate any potential source
bias from formatting or stylistic templates, all human-authored papers had their original templates,
fonts, and layouts removed, with only the core content retained.

Experts scored every paper on five dimensions using the same standardized Likert-scale rubrics:
Novelty (degree of methodological innovation relative to prior art), Coherence (logical flow and
internal consistency of the scientific narrative), Coverage (comprehensiveness of experimental design),
Clarity (precision and conciseness of exposition), and Reproducibility (sufficiency of methodological
detail). All evaluation criteria are scored on a five-point scale ranging from 1 to 5. Also, all ratings
were collected anonymously to eliminate source bias, enabling direct quantitative comparison of
perceived quality and practical utility between Al-generated and human-authored medical research
outputs.

17



Towards a Medical Al Scientist

5. Related Work

5.1. Al agent systems and multi-agent collaboration

The evolution of Al agent systems has shifted from single-agent tool integrations to advanced multi-
agent architectures that enable sophisticated collaboration and task decomposition. Early approaches
focused on enhancing individual agents’ capabilities, such as ReAct [101], which combines reasoning
and action by prompting LLMs to generate interleaved thoughts and actions for dynamic environmen-
tal interactions. Building on this, Toolformer [102] enables LLMs to learn tool usage autonomously
through fine-tuning with API calls, supporting zero-shot applications in tasks requiring external re-
sources. These foundations have paved the way for more integrated frameworks like LangChain [103],
which facilitates chaining components for complex applications, and its extension LangGraph [104],
which introduces graph-based orchestration for managing stateful multi-agent systems. Similarly,
Semantic Kernel [105] integrates plugins for enterprise-level Al orchestration with an emphasis on
semantic planning and memory persistence.

Building upon these integrated frameworks, advancements in multi-agent collaboration have
produced systems that simulate team-based dynamics through role assignments and structured inter-
actions. MetaGPT [22] employs standardized operating procedures to coordinate agents in workflows
akin to software development teams, while CAMEL [21] uses role-playing to align autonomous agents
with user goals. More specialized frameworks like CrewAl [106] assemble agent teams for sequential
tasks such as research synthesis, and OpenAgents [23] deploys multiple agents to provide accessible
capabilities for data analysis, plugin usage, and web navigation. Extending these paradigms, systems
like Auto-GPT [107] and Devin [108] operate as autonomous Al engineers for full-cycle software
development, while Manus [24] and its open-source counterpart OpenManus [25] support complex,
cloud-based task execution. However, these frameworks highlight the evolution toward robust co-
ordination but often lack the deep reasoning required for scientific innovation, such as hypothesis
formulation and domain-specific adaptation.

5.2. Autonomous Al-driven scientific discovery systems

Autonomous scientific discovery systems automate key research stages, from ideation to dissemina-
tiond. The Al Scientist [26] pioneers an end-to-end automated pipeline that generates ideas, runs
experiments, and drafts manuscripts, operating in an open-ended loop to build upon its own findings.
Its successor, Al Scientist-v2 [27], enhances this autonomy by incorporating an agentic tree-search for
deeper hypothesis exploration and successfully generating a manuscript that passed peer review at a
major conference workshop. Al-Researcher [28] introduces a multi-agent architecture that maintains
coherence through bidirectional mappings between mathematical concepts and code, mitigating
hallucinations. DeepScientist [29] frames scientific discovery as a Bayesian Optimization problem,
using an agent to iteratively balance exploration and exploitation to discover novel methods. Agent
Laboratory [109] extends this by automating the execution and reporting of user-provided ideas, act-
ing as an accelerator for human researchers rather than an independent ideator. In contrast, Google’s
Al co-scientist [110] operates as a collaborator in a "scientist-in-the-loop" paradigm, leveraging models
like Gemini to assist domain experts with hypothesis generation.

Alongside these frameworks, complementary toolkits have been developed to support Al agent
systems by enhancing resource integration and accessibility. ToolUniverse [111] provides an expansive
repository of scientific tools governed by a standardized Al-tool interaction protocol, enabling agents to
discover and orchestrate diverse tools seamlessly. Paper2agent [112] transforms research papers into
executable agents by encapsulating their contributions into a standardized Model Context Protocol
(MCP), allowing for interactive, natural-language-based reproduction and analysis. Code2MCP [113]
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further streamlines this by converting code repositories into standardized services, facilitating seamless
tool incorporation into agent workflows. While effective for general research automation, these systems
frequently overlook clinical necessities such as ethical compliance and specialized data processing,
shortcomings our framework mitigates with dedicated medical stages and verification processes.

5.3. Al applications and challenges in clinical medicine

Artificial intelligence has made substantial impacts in clinical medicine, with specialized models achiev-
ing expert-level performance on well-defined tasks. These tasks include disease classification [1-3],
lesion segmentation [5, 6], prognostic prediction [8-10] and enhanced surgical navigation [114-116].
As technology has evolved, multimodal large language models (MLLMs) have emerged, integrating
diverse data types such as text and images to perform more complex, comprehensive tasks. For
instance, models like Med-Gemini [117] leverage vision-language processing to support medical
report generation and treatment recommendations, while frameworks such as LLaVA-Med [118]
facilitate multimodal analysis in radiology.

However, these advances primarily consist of specialized models whose operation and integration
still rely heavily on human experts to drive the entire research project. Researchers must be responsible
for identifying clinical problems, formulating hypotheses, designing experiments, and ensuring
ethical compliance. To our knowledge, no existing framework bridges the autonomous orchestration
capabilities of a general Al Scientist with the domain-specific knowledge, tools, and ethical constraints
of clinical medicine. Medical Al Scientist aims to fill this gap, enabling autonomous, clinically
meaningful, and ethically responsible innovation.
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Appendix

-
[ Based on the provided literature and the core objective, conduct a complete research study based on ;
- the literature to develop a reliable, general-purpose method for 2D medical image classification »n
across diverse modalities, addressing both multi-class and multi-label tasks. ...... x
User
(.

Idea content
" Neuro-Vascular Dual-Pathway Diffusion Network (NVD-DiffNet) for Diabetic Retinopathy Grading N
1. Core Concept: The proposed method, NVD-DiffNet, is a novel dual-pathway architecture designed to address the specific clinical
characteristics of Diabetic Retinopathy (DR). It departs from standard single-stream diffusion models by explicitly modeling the disease's
dual nature: discrete vascular lesions (local high-frequency features) and diffuse neurodegenerative changes (global low-frequency
features).

2. Key Challenges Addressed: 1) Multi-scale Pathology: DR manifests as both specific lesions (microaneurysms, hemorrhages) and
global retinal stress (neurodegeneration). Single networks often struggle to capture both simultaneously. 2) Class Imbalance: The critical
distinction between Non-Proliferative (NPDR) and Proliferative (PDR) stages is often obscured by the scarcity of PDR samples in training
data. 3) Noise Sensitivity: Fundus images frequently contain artifacts that can mimic lesions; standard CNNs lack the robust generative
noise-handling capabilities of diffusion models.

3. Methodological Architecture: 1) Global Context Pathway (The "Neuro" Path):Uses a lightweight EfficientNet-BO encoder on down-
sampled inputs (128x128) to extract a global context vector (fgm,ml).Purpose: Captures diffuse retinal stress and optic nerve structural
integrity associated with neurodegeneration. 2) Local Diffusion Pathway (The "Vascular" Path):A Conditional U-Net operating on high-
resolution (512x512) images. Innovation: Utilizes Adaptive Layer Normalization (AdaLN) to inject the f;;0pa Vector into every residual block
of the diffusion process. This conditions the fine-grained lesion refinement on the global anatomical context. 3) Imbalance-Aware Objective:
Replaces standard Cross-Entropy with Focal Loss (y = 2) to dynamically down-weight easy examples and focus training on hard, minority
L class examples (specifically PDR).
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&2 Supporting Literature Evidence O Supporting Codebase
1. [Medical Insight] A. Suzumura, et al., “Retinal Ganglion 4. [Spatiotemporal Diffusion] Z. Wang et al., N .
Cell Senescence Links Diabetes to Retinal "Robust Cardiac Cine MRI Reconstruction With 1 > J1yang D'ﬂ"’flc
Neurodegeneration,” Cureus, 2025. DOI: Spatiotemporal Diffusion Model," IEEE 2. N
10.7759/cureus.96926. Transactions on Computational Imaging, 2025. pon . "
2. [Conditional Diffusion] Z. Dorjsembe, et al. DOI: 10.1109/TC1.2025.3598421. 3. N . proved=
"Conditional Diffusion Models for Semantic 3D Brain MRI 5. [Tumor-Aware Augmentation] V.-A. Ngo et al., diffusion .
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TOPOLOGY-AWARE LATENT DIFFUSION WITH
DISC-CENTERED POLAR POOLING FOR DIABETIC
RETINOPATHY GRADING

Anonymous Author(s)

ABSTRACT

We address diabetic retinopathy grading from a single color fundus photograph,
a five-stage ordinal task in which lesion interpretation depends on disc-centered
vascular topology and quadrant extent. Current CNN/ViT systems often under-
use such cues and are brittle to acquisition variability and class imbalance near
referral thresholds. We propose a topology-aware latent diffusion framework op-
erating in a compact latent space that fuses global context, lesion evidence, and a
differentiable multi-scale vesselness map. A learnable disc-centered polar pool-
ing module yields an anatomy-aware conditioning vector that summarizes vessel
structure and disc and quadrant extent in line with ETDRS, and conditional latent
diffusion refines task embeddings to sharpen ordinal separation. A classifier with
momentum-updated class centers and joint global/local distribution alignment reg-
ularizes the latent space, and deterministic sampling conditioned on the anatomy
vector stabilizes predictions at inference. By explicitly encoding vascular topol-
ogy and disc- and quadrant-derived extent, the approach increases robustness to
acquisition variability and better supports guideline-based referral decisions from
a single fundus image. On APTOS 2019 under a stratified split and shared eval-
uation protocol against CNN and ViT baselines, our method improves ordinal
agreement and class-aware performance.

1 INTRODUCTION

Automated analysis of retinal fundus photographs has become a cornerstone of population-scale
screening in computer vision for healthcare. Diabetic retinopathy (DR) grading is a five-stage or-
dinal task in which severity is determined by the spatial extent of lesions in relation to the retinal
vasculature. Clinical guidelines, notably ETDRS, define referral thresholds by quadrant-referenced
burden and emphasize vascular structure around the optic disc for decision making Early Treat-
ment Diabetic Retinopathy Study Research Group (1991). The concrete problem we address is to
learn representations that couple lesion appearance with anatomy-aware cues—disc- and quadrant-
referenced extent and vessel topology—while remaining reliable under common acquisition vari-
ability.

Deep convolutional networks and vision transformers have driven progress in DR grading by cap-
turing global and local appearance, often augmented with attention or alignment objectives Gulshan
et al. (2016); Ting et al. (2017); Dosovitskiy et al. (2021). Diffusion models further introduce gen-
erative priors that can regularize features and improve data efficiency Ho et al. (2020); Rombach
etal. (2022); Yang et al. (2023). Despite these advances, existing models are predominantly texture-
biased: they recognize lesion morphology but only weakly encode clinical structure such as extent
relative to the optic disc and quadrants, or the branching geometry of vessels. This gap is most
consequential near referral thresholds, where separating advanced non-proliferative from prolifer-
ative disease depends on lesion distribution along the vascular tree rather than appearance alone.
Moreover, routine shifts in acquisition—optical blur, motion, uneven illumination and color casts,
variation in field of view, and disc—fovea positioning—alter perceived contrast and disrupt quadrant-
based assessment, degrading calibration and minority-grade recall. The ordinal label structure and
class imbalance further make both optimization and evaluation sensitive to representation quality.
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Addressing these limitations is important for safe and equitable screening. Accurate and calibrated
decisions reduce missed sight-threatening disease while avoiding unnecessary referrals, a balance
that hinges on sensitivity to minority grades and stability around decision boundaries. Robust gen-
eralization across devices, sites, and preprocessing pipelines is essential for deployment at scale.
Anatomy-aware signals provide a principled path toward these goals: vessel topology is a stable
geometric anchor under color and illumination shifts; disc- and quadrant-referenced extent encodes
the clinical semantics used by experts; and embeddings that align appearance with vascular context
can improve ordinal separability and calibration under acquisition variability. Bridging appearance
and anatomy thus has direct impact on both performance and trustworthiness.

We propose a vessel-topology aware latent diffusion framework for five-class DR grading from
color fundus photographs. The core idea is to integrate global context and lesion appearance with
an explicit vesselness signal through an anatomy-aware conditioning vector that summarizes vas-
cular topology and disc- and quadrant-referenced extent in line with ETDRS. Conditional latent
diffusion then refines task embeddings so that texture cues are interpreted relative to vascular ge-
ometry, encouraging ordinally consistent representations and reducing sensitivity to routine shifts
in acquisition. We evaluate the approach against CNN and ViT baselines under class imbalance,
and conduct ablations that isolate the contribution of anatomy-aware conditioning and diffusion on
ordinal agreement, minority-grade performance, and calibration across acquisition variability.

Our main contributions are as follows.

* We introduce a vessel-topology aware latent diffusion framework that unifies global con-
text, lesion appearance, and explicit vascular structure for ordinal DR grading.

* We design disc- and quadrant-aware conditioning that encodes vascular topology and le-
sion extent in accordance with ETDRS, guiding representation learning toward clinically
meaningful structure.

¢ We demonstrate improved ordinal agreement, minority-grade recall, and calibration robust-
ness under routine acquisition variability compared with strong CNN and ViT baselines.

* We provide a systematic evaluation with ablations that quantify the individual effects of
anatomy-aware conditioning and diffusion priors on performance and stability.

2 RELATED WORK

2.1 DIFFUSION MODELS, EFFICIENT SOLVERS, AND CONDITIONAL GUIDANCE

Diffusion probabilistic models cast generation as reverse-time denoising of a fixed noising pro-
cess and link variational inference, score matching, and SDE formulations Sohl-Dickstein et al.
(2015); Ho et al. (2020); Song et al. (2021). Notable developments include DDPMs with noise-
prediction objectives and practical training Ho et al. (2020), continuous-time score-based modeling
with probability-flow ODEs that enable stable deterministic sampling Song et al. (2021), and latent
diffusion, which scales to high-resolution images by operating in a perceptual latent space Rom-
bach et al. (2022). Inference has been sped up by non-Markovian, often deterministic trajectories
(DDIM) that reduce the number of steps while approximately preserving DDPM marginals Song
et al. (2020), and by specialized ODE solvers that cut function evaluations with minor quality loss
(e.g., DPM-Solver) Lu et al. (2022). Conditioning has evolved from classifier guidance, which mod-
ifies the reverse dynamics using gradients of conditional log-likelihoods Dhariwal & Nichol (2021),
to classifier-free guidance that mixes conditional and unconditional predictions without an auxil-
iary classifier Ho & Salimans (2022), and to structured-edit methods that inject spatial priors during
sampling (e.g., RePaint) Lugmayr et al. (2022). These trends have shifted practice from many-step
pixel-space diffusion toward more efficient, often deterministic sampling with stronger and more
flexible conditioning.

We adopt DDPM-style training and use DDIM- and ODE-based accelerations for few-step, stable
sampling Ho et al. (2020); Song et al. (2020); Lu et al. (2022), operate in latent space for efficiency
Rombach et al. (2022), and use simple conditioning aligned to the task, inspired by classifier-free
guidance, to direct denoising toward clinically relevant structures, with guidance strength tuned for
deterministic solvers Dhariwal & Nichol (2021); Ho & Salimans (2022).
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2.2 MEDICAL IMAGING FOR DR: ATTENTION, ALIGNMENT, AND CLINICALLY GROUNDED
PRIORS

Early DR screening achieved strong CNN baselines trained end to end on fundus photographs
Gulshan et al. (2016); Ting et al. (2017). Attention and saliency methods (e.g., Grad-CAM) im-
proved interpretability but often produced coarse, texture-biased explanations Selvaraju et al. (2017).
Transformer-based backbones strengthened long-range context modeling Dosovitskiy et al. (2021),
and distribution-alignment objectives such as MMD mitigated cross-dataset shifts Gretton et al.
(2012). Clinical heuristics formalized by ETDRS emphasize vessel-level signs (e.g., venous bead-
ing, IRMA) and neovascularization near the optic disc (NVD) or elsewhere (NVE), underscoring the
importance of topology- and location-aware cues for grading Early Treatment Diabetic Retinopathy
Study Research Group (1991). Classical multiscale vesselness filters (e.g., Frangi) enhance tubular
structures and provide anatomy-aware priors Frangi et al. (1998). Recent diffusion-enabled clas-
sifiers combine dual guidance and alignment to connect global context with local evidence (e.g.,
DiffMIC) Yang et al. (2023). Breakdown of the blood-retinal barrier causes edema and exuda-
tion that confound texture-based cues Cunha-Vaz (2010), and microglia-mediated neurovascular
interactions influence angiogenesis and tuft dynamics in DR, motivating priors focused on vascular
topology and disc-/quadrant-aware context Hu et al. (2024).

We combine attention-informed conditioning with clinically grounded priors. A differentiable
multiscale vesselness channel and disc-/quadrant-aware pooling emphasize vascular topology and
NVD/NVE localization within a latent diffusion pipeline, and class-aware alignment stabilizes the
integration of global and local cues for cross-dataset robustness Frangi et al. (1998); Early Treatment
Diabetic Retinopathy Study Research Group (1991); Gretton et al. (2012); Yang et al. (2023). This
design targets fine-grained lesion geometry and neurovascular context beyond texture cues Cunha-
Vaz (2010); Hu et al. (2024).

2.3 LATENT REPRESENTATION REFINEMENT, METRIC LEARNING, AND TOPOLOGY-AWARE
CONSTRAINTS

Metric learning shapes latent spaces with center- and margin-based objectives to reduce intra-class
variance and enlarge inter-class margins (e.g., Center Loss, ArcFace) Wen et al. (2016); Deng et al.
(2019). Proxy-based variants improve efficiency and stability under multimodality (e.g., Proxy-
Anchor) Kim et al. (2020). Long-tail settings common in DR benefit from logit adjustment, which
incorporates label-frequency priors to recalibrate decision boundaries without heavy reweighting
Menon et al. (2020). To align multi-branch or cross-domain representations, kernel MMD and deep
adaptation (DAN) align feature distributions in reproducing kernel Hilbert spaces or via joint fea-
ture adaptation Gretton et al. (2012); Long et al. (2015). Topology-aware objectives aim to preserve
connectivity in tubular anatomy (e.g., cIDice) and penalize topological errors (TopoLoss), and topo-
logical autoencoders align latent metrics with data topology Shit et al. (2021); Clough et al. (2020);
Moor et al. (2019). Recent diffusion-based classifiers use generative likelihoods and denoising for
robust prediction Chen et al. (2024).

We integrate center-based regularization with class-aware MMD alignment inside a latent diffu-
sion framework to refine representations during denoising, improving compactness and separation
under distribution shift Wen et al. (2016); Gretton et al. (2012); Long et al. (2015). Rather than
adding segmentation losses, we introduce topology through differentiable vesselness and anatomi-
cally structured pooling to bias features toward vascular geometry, and we apply long-tail calibration
to improve minority-class recall in DR Frangi et al. (1998); Menon et al. (2020); Shit et al. (2021);
Deng et al. (2019). In our design, diffusion refines latent features alongside discriminative heads,
and we couple denoised features with metric and alignment constraints instead of treating the model
as a standalone generative classifier Chen et al. (2024).

3 METHODOLOGY

Following ETDRS practice, where lesion burden is assessed relative to disc-centered quadrants and
vascular topology, the architecture encodes vasculature and region-wise extent and then refines task-
specific embeddings with conditional diffusion. We propose a vessel-topology aware latent diffu-
sion framework for five-class diabetic retinopathy (DR) grading from a single RGB fundus image.
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Figure 1: Architecture of the vessel-topology aware latent diffusion framework for five-class diabetic
retinopathy grading from a single fundus image: a global encoder, a lesion encoder, and a multi-
scale vesselness branch fuse into a compact latent; a disc-centered polar pooling module constructs
an anatomical conditioning vector that captures vessel structure and quadrant extent to guide the
denoiser; a center-regularized classifier produces the final grade.

The framework operates in a compact latent space and combines a topology-aware representation
that fuses global context, lesion appearance, and a differentiable multi-scale vesselness channel, a
latent diffusion denoiser conditioned on an anatomically based vector constructed via learnable disc-
centered polar pooling, and a classification head regularized by momentum-updated class centers.
The design embeds retinal vasculature and quadrant-wise extent into the conditioning pathway and
refines task-specific latents through conditional diffusion to improve class separability and robust-
ness.

3.1 VESSEL-TOPOLOGY REPRESENTATION

We first construct a compact latent that consolidates global appearance, lesion cues, and vessel mor-
phology. Let x € RE*3*H*W denote a minibatch of fundus images. A global encoder E,(-) (e.g.,
transformer-based Dosovitskiy et al. (2021)) yields a holistic embedding z, = E,(z) € RP*ds,
A convolutional encoder F;(-) produces lesion-level features; we use its penultimate feature map
Fy € RBXCXH>XW' and its pooled descriptor z™ € R4 To encode vascular morphol-
ogy explicitly, we construct a differentiable mult1 scale vesselness channel. Let L, = G, x x
be a Gaussian scale-space at scale o, and H,(p) the Hessian at pixel p with ordered eigenvalues
[A1,0(P)| < |A2,0(p)|- We define the per-scale vesselness

P\l,a(p)‘
‘>\2,a(p)‘ + E’

Vo) = oo - ) (1 e - 4 70)).

where 3, ¢ > 0 are hyperparameters and £ > 0 ensures numerical stability Frangi et al. (1998). To
aggregate across scales, we adopt softmax pooling with temperature 7 > 0,

Rb<p7 U) =
(1

a0 (p) = Zefxg(t u )()p) =X 0alo)Velo @
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yielding a differentiable vesselness map V' € REXIXHXW = A shallow encoder E,(-) maps V to
2/ = E,(V) € RB*4v. We construct the clean latent via a bottleneck projection,

s BXx(dg+di+dy _ Bxd
Ze = [Zg§ Zlcnn; Zlves] eR x(dg+dit )7 20 = fbottleneck(zc) eR x ) (3)

which serves as the target latent for diffusion and the input to the classifier. This fused latent pre-
serves global context while adding vessel-aware cues, providing the basis for anatomy-aware condi-
tioning.

3.2 ANATOMICAL CONDITIONING VECTOR

To guide denoising toward anatomically plausible and quadrant-aware embeddings, we build a dense
conditioning vector M € REZ*? that summarizes global, local, and disc-centered spatial evidence.
We first form a base vector from global and local descriptors,

Myase = Wyzg + Wi [ 2™ 2], Wy € REXd W, g Riex(difdv), 4)

To encode region- and extent-aware anatomy aligned with ETDRS practice, we introduce learnable
disc-centered polar pooling over spatial maps. The polar origin 0 = (05, 0,) is predicted by a small
head g,(-) acting on z,4, and approximates the optic disc center to anchor quadrants. Let p(p) =
lp — o|l2 and 6(p) = atan2(p, — 0y, px — 0x) be polar coordinates for pixel p. For R concentric
rings with centers (i, and widths o, and @) angular sectors with centers ¢, and concentration , we
define soft memberships

(p(p) — )’ ~exp(rcos(B(p) — ¢,))

T) 5q(p) = 2o (k) \
ST‘(p) Sq(p)

p se(0) sq(p) + €

sr(p) = exp( -
)

wr,q(p) = Z

where Iy(-) is the modified Bessel function of the first kind and e > 0. We pool vesselness and
lesion features within each polar cell via soft averages,

Ug(/;) . Z wr,q(p) V(p)7 U(rf;) (C) = Z wr,q (p) Fl(c7p)7 (6)
p p

and form U by concatenating all {u%)} and channel-wise statistics of {ug‘? (c)}. The final condi-
tioning vector is

M = My +T(U), T0:RBxdw _ RExde @)

These soft rings and sectors capture both radial extent and quadrant-wise distribution of lesions and
vessels, mirroring ETDRS disc-centered quadrants while remaining fully differentiable. To promote
consistency between global and local descriptors, we regularize with a kernel two-sample objective,

1 1 2
Lmmd = m;k(zg,i73g7g‘) + m;k(zl,i7zl,j) - ﬁ;k(zg,i,zl,j), (®)

where z; = [2§™; )], k(a,b) = exp( — [la — b]|3/(20?)), and n is the batch size Gretton et al.
(2012). This alignment stabilizes the conditioning signal before it guides diffusion.

3.3 LATENT DIFFUSION DENOISER

We adopt a latent (not pixel-space) diffusion process to refine zg, as operating in a compact latent
focuses capacity on clinically salient structure and is computationally more efficient and robust to
acquisition variability than high-dimensional pixel diffusion. We adopt a T'-step variance-preserving
forward process in latent space Ho et al. (2020); Rombach et al. (2022). Let {Bt}thl be a noise

schedule with oy = 1 — 3; and &y = Hi:l «ag. The forward diffusion is

Q(Zt‘ZO):N(\/aZO: (1*65:“)1)7 t:17“'7T7

9
2ze =Vag 20 +V1—age, e~N(0T). 2
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The reverse model conditions on M via a parameterized noise predictor €p (2, t, M),
pG(Zt—l | Zt, t? M) = N(/J’9(Zt7 ta M)7 O-tQI)a

1
wo(ze, t, M) = —(zt — 7& = 69(zt,t,M)),
1—(115

Vv
with fixed variance schedule o2. The denoising objective minimizes the conditional noise prediction
error,

(10)

2
Lt = Er sy e U\e — eolzit, M)||2}, ¢ ~ N(0,1). (11)
Conditioning on M guides the reverse trajectory toward anatomically consistent, class-separable

latents that are more stable near referral thresholds.

3.4 CENTER-REGULARIZED CLASSIFICATION

To structure the latent space for five-class DR grading, we maintain momentum-updated class cen-
ters {Cy }3_, with C € R% Given a batch with index sets S, = {i : y; = k} and cardinalities
ng = |Sk|, the centers are updated via

Ok = ! D 204 CreBCr+(1—-B)Cr, Be01). (12)

~ max(1,ny) fraret

We penalize intra-class dispersion and encourage inter-class margins,
2
Liatent = Z ||Zo,i - Cy, 9 + Ainterzlnax (07 m — ||Ck N CjHQ)a (13)
i =
and compute class probabilities with a linear classifier,

¢
li=Wzi+b, plyi=k|z.:) = 5eXp( k)

Zjil eXp(glj) ’ (14)
Lee =— ZIng(yi | 20,),

where W € R%%4 b € R®, and m > 0 is the margin. In practice, the momentum coefficient
B controls the speed of center updates and the margin m governs separation; careful tuning and
normalization of latents help stabilize center dynamics, which is particularly relevant for minority
grades.

3.5 DETERMINISTIC LATENT SAMPLING

At inference, we employ a DDIM-style deterministic sampler Song et al. (2020) conditioned on
M. This avoids sampling variance inherent to stochastic reverse processes and improves run-to-run
stability of predictions. With a monotone subset of steps S = T > Ts_q > --- > T7 > 1 and
initialization zr ~ N (0, I), we iterate

R . Zs — V1 — g€

69:69(25757]\/[)’ ZOZS—SOa

Vs (15)
Zs—1 =+/Qs_120+ /1 —aQs_1 €y, SE{T,...,1}7

to obtain Zy, which is then fed to the classifier to produce the five-class posterior.

3.6 OPTIMIZATION OBJECTIVES

The model is trained end-to-end with a weighted sum of losses,
ﬁtotal = )\diff ﬁdiff + )\latont £latont + )\cc Ecc + )\mmd medv (16)

where the weights { \aifr, Mlatent; Ace; Ammd } balance conditional denoising, latent structuring, clas-
sification, and global-local alignment. To assess whether anatomy-aware conditioning and latent
diffusion translate into improved ordinal grading and robustness, the next section evaluates this
framework under a unified protocol on APTOS 2019 with strong CNN/VIiT baselines and ablations
that selectively disable each component.
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4 EXPERIMENTS

4.1 EXPERIMENTAL SETUP
4.1.1 DATASETS AND EVALUATION PROTOCOLS

Because DR grading is ordinal and clinical use prioritizes calibrated agreement, we evaluate on
the APTOS 2019 Blindness Detection dataset, which provides single-modality RGB fundus pho-
tographs annotated with five ordinal grades of diabetic retinopathy (DR): 0 (No DR), 1 (Mild),
2 (Moderate), 3 (Severe non-proliferative DR), and 4 (Proliferative DR). Images are indexed by
unique identifiers and accompanied by diagnosis labels in a standardized CSV. We fix the random
seed (42) and create a stratified split of the original training set into 80% training and 20% validation
subsets, preserving the label distribution in both splits. We do not use external modalities or labels.

Preprocessing includes resizing images to 224 x 224, standard normalization, and moderate data aug-
mentation (horizontal flip, small rotations, and color jitter). Because the data are imbalanced, we
use class-aware sampling during training via a WeightedRandomSampler with weights from empir-
ical class frequencies in the training split, and we set class weights in the cross-entropy objective
proportional to inverse class frequencies.

At each epoch we report quadratic weighted kappa (QWK) as the primary metric, which measures
ordinal agreement across the five grades. We also report accuracy (ACC), macro-F1, and macro-
averaged AUC computed in a multiclass one-vs-rest manner. In addition, we compute per-class
precision, recall, and F1 and a confusion matrix to analyze class-specific behavior, with particular
focus on grades 3 and 4, where minority effects are strongest. The same protocol is applied to all
baselines and the proposed method.

4.1.2 BASELINES SETTING

To evaluate the effectiveness of the proposed method, we compare it against several widely used con-
volutional neural network architectures commonly adopted for medical image classification. Specifi-
cally, we consider Inception-v3, MobileNet-V3, ResNet-50, and VGG-16 as baseline models. These
architectures cover a diverse spectrum of design philosophies, including lightweight networks, deep
residual architectures, and classical convolutional backbones. All baselines are trained under the
same experimental protocol to ensure a fair comparison. The models are trained for 50 epochs,
and the checkpoint achieving the best validation accuracy is selected for evaluation. Our method
is implemented under the same training setting and evaluated on the same test split as the baseline
models.

4.1.3 IMPLEMENTATION DETAILS

Training runs for 50 epochs using Cosine Annealing with T},,x = 50. We optimize the encoders,
fusion layers, diffusion eps-prediction model, and classification head with AdamW, and we optimize
CenterLoss parameters with SGD. Automatic mixed precision and gradient clipping (max_norm
= 1.0) are used in all experiments. The best model checkpoint is selected based on validation
QWK. For each epoch, we record QWK (primary), ACC, Macro-F1, AUC, per-class metrics, and
the confusion matrix. A DDIM sampler is used at inference to provide deterministic latent sampling
conditioned on M.

4.2 LEARNING DYNAMICS AND CONVERGENCE

We examine learning behavior over the 50-epoch schedule to study optimization stability and the
progression of ordinal calibration. Figure 2 shows the training loss and validation accuracy. During
the early training stage, all evaluation metrics improve rapidly. For example, the model progresses
from 0.7366 QWK and 0.5333 accuracy at epoch 5 to 0.7662 QWK and 0.5933 accuracy at epoch 10,
accompanied by consistent gains in F1 score and AUC, indicating that both ordinal consistency and
classification quality improve as the representation stabilizes. Performance continues to increase
around epoch 15, reaching 0.7769 QWK and 0.6067 accuracy, with corresponding improvements
in precision, recall, and F1 score, suggesting better class discrimination across DR severity levels.
The model achieves its best performance near epoch 19-20, where QWK peaks at 0.8328, accuracy
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Figure 2: Learning dynamics over 50 epochs.

Table 1: Comparison with standard CNN baselines on the DR grading task. The best results are
shown in bold.

Method QWK T ACC1T PrecisiontT Recallt F11t AUC?T

Inception-v3 0.7889  0.6600 0.6681 0.6600 0.6559 0.8586
MobileNet-v3  0.7766  0.6600 0.6652 0.6600 0.6587 0.8911

ResNet-50 0.8090  0.6467 0.6592 0.6467  0.6477 0.8656
VGG-16 0.8248  0.6600 0.6893 0.6600 0.6621 0.8589
Ours 0.8267  0.6867 0.7306 0.6867  0.6905 0.8867

reaches 0.6467, and both F1 score and AUC attain their highest values, demonstrating strong ordinal
agreement and balanced classification performance. After this stage, the metrics fluctuate within a
relatively narrow range while maintaining high values across QWK, accuracy, F1, and AUC, indi-
cating stable convergence without noticeable overfitting. Overall, the results show that the proposed
framework converges reliably within the first 20 epochs while sustaining consistent performance
across multiple evaluation metrics.

4.3 MAIN PERFORMANCE COMPARISON

Table 1 summarizes the quantitative comparison between the proposed method and the baseline
architectures. Overall, the proposed method achieves the best performance on the primary metric
(QWK), obtaining 0.8267, which surpasses all baseline models. The closest competitor is VGG-16,
which achieves 0.8248, while ResNet-50, Inception-v3, and MobileNet-V3 obtain 0.8090, 0.7889,
and 0.7766, respectively. The improvement over ResNet-50 and Inception-v3 indicates that the
proposed design better captures the ordinal structure of diabetic retinopathy grading. In terms of
classification accuracy, our method reaches 68.7 %, outperforming all baseline models that remain
at 66 % or below. This improvement demonstrates that the proposed architecture yields more reli-
able predictions across severity levels. The proposed approach also achieves the highest precision
(0.7306) and F1-score (0.6905) among all compared methods, suggesting a better balance between
sensitivity and specificity. Although MobileNet-V3 obtains the highest AUC (0.8911), its QWK and
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accuracy remain significantly lower, indicating that strong ranking performance does not necessar-
ily translate into better ordinal classification. Overall, these results demonstrate that the proposed
method provides more consistent improvements across multiple evaluation metrics, while achieving
the best agreement with ground-truth grading according to QWK, which is the most critical metric
for this task.

4.4 VISUALIZATION COMPARISON

confidence=0.634

MobileNetv3 Ours
predication=2 predication=3

ion=0 n=! predication=1
0=0.725 confidence=0.954 confidence=0.378 confidence=0.406 confidence=0.905

pre
confidence

Figure 3: Visualization results from GradCAM between our method and the other baseline methods.

To better understand the decision behavior of different models, we visualize class activation maps
(CAMs) for two representative retinal images, as shown in Fig. 3. In the first case (true label: mod-
erate DR), several baseline models produce inconsistent predictions, including underestimation by
VGG16 (grade 1), severe overestimation by InceptionV3 (grade 4), and a false negative prediction by
MobileNetV3 (grade 0). In contrast, our method correctly predicts grade 2 with substantially higher
confidence (0.95). The corresponding activation map concentrates on clinically relevant lesion re-
gions, while competing models exhibit scattered or misplaced attention. A similar trend is observed
in the second example (true label: severe DR). Although VGG16 predicts the correct grade, its ac-
tivation remains relatively diffuse, whereas ResNet50 and MobileNetV3 underestimate the severity
(grade 2), and InceptionV3 overestimates it (grade 4). Our model again yields the correct prediction
with high confidence (0.91) and produces a more localized activation pattern aligned with patho-
logical structures. Overall, the visualizations suggest that our model attends more consistently to
lesion-related regions, leading to more reliable grading decisions compared with conventional CNN
baselines.

4.5 ABLATION STUDIES

We perform module-wise ablations to analyze the contribution of each component of the proposed
vessel-topology aware latent diffusion framework. Removing the latent diffusion refinement reduces
QWK from 0.8267 to 0.8103 and accuracy from 0.6867 to 0.6733, indicating that diffusion-based
latent refinement improves ordinal consistency. Disabling the momentum-updated class centers
leads to a larger drop to 0.7774 QWK and 0.6133 ACC, suggesting that class-center regularization
is important for maintaining inter-class separability. Similarly, removing MMD alignment further
decreases QWK to 0.7622, demonstrating the role of distribution alignment in stabilizing represen-
tation learning. We also analyze the topology-aware representation and conditioning mechanisms.
Using only the global branch achieves 0.7806 QWK, while the local lesion/vessel branch alone
reaches 0.8069, indicating that lesion-level cues provide stronger signals for DR severity estimation.
Removing anatomical conditioning significantly degrades performance to 0.7569 QWK, confirming
the importance of disc- and quadrant-aware conditioning. The full model combining all components
consistently achieves the best performance (0.8267 QWK, 0.6867 ACC).
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Table 2: Module-wise ablation of the proposed framework. TopoRep denotes the topology-aware
representation, Diffusion denotes latent diffusion refinement, Center denotes momentum-updated
class centers, and Cond. denotes disc- and quadrant-aware conditioning.

Variant TopoRep Diffusion Center MMD Cond. \ QWK?T ACCtT  Prect Rect F11 AUCT

Ours v v v v v | 0.8267 0.6867 0.7306 0.6867 0.6905 0.8867
no_diffusion v X v v v 0.8103 0.6733 0.6750 0.6733 0.6701 0.8676
no_center v v X v v 0.7774 0.6133 0.6122 0.6133 0.6112 0.8495
no_mmd v v v X v 0.7622  0.6400 0.6448 0.6400 0.6356 0.8487
global_only X v v v v 0.7806 0.6667 0.6680 0.6667 0.6642 0.8617
local_only X v v v v 0.8069 0.6600 0.6697 0.6600 0.6625 0.8508
M_zero v v v v X 0.7569 0.6533 0.6655 0.6533 0.6551 0.8611
M_global_only v v v v v 0.7300 0.6333 0.6308 0.6333 0.6278 0.8629
M_local_only v v v v v 0.8090 0.6733 0.6929 0.6733 0.6767 0.8848

4.6 ANALYSIS AND INTERPRETATION

The results show three consistent patterns. Accuracy rises early, indicating rapid learning of coarse
separability, while ordinal agreement improves later and peaks. Minority-class performance remains
weak despite class-aware sampling and weighted losses, as reflected by low Macro-F1; stronger
lesion-aware conditioning and more stable center dynamics are expected to better recover minority
signals, particularly for grades 3 and 4 where referral decisions are most sensitive. Ablation re-
sults identify the current center formulation as a bottleneck: removing it markedly improves both
ordinal and class-aware metrics and enables the diffusion denoiser to contribute more effectively.
These findings point to the importance of attention-guided conditioning, EMA-normalized center
dynamics, and refined latent inference in capturing the ordinal structure of DR grading and turn-
ing representational quality into calibrated predictions, under a protocol that enforces parity across
baselines for a fair assessment.

5 CONCLUSION

We address five-stage diabetic retinopathy grading from single fundus images under ETDRS, which
relies on lesion burden within disc-centered anatomy. We propose a topology-aware latent diffusion
model fusing global context, lesion cues, and multi-scale vesselness. Disc- and quadrant-aligned po-
lar pooling yields anatomy-aware conditioning that guides the denoiser toward ordinal consistency.
Under a common training protocol, anatomy-aware conditioning and conditional diffusion improve
ordinal agreement and robustness to acquisition shifts; ablations show that removing unstable center
loss unlocks diffusion gains and improves sensitivity to minority grades, while dual-branch fusion
and cross-branch alignment remain necessary. Despite interpretable cues, macro-level performance
remains limited and minority-grade detection near referral thresholds can degrade in a single-dataset
setting. Future work will replace center loss with EMA-normalized prototypes, enrich conditioning
with supervised disc localization and graph-based vessel encodings, and evaluate cross-dataset gen-
eralization via calibration and external validation.
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CROSS-SCALE CHANNEL ATTENTION WITH ORDINAL-
CATEGORICAL DUAL HEADS AND UNCERTAINTY-
GATED SELF-TRAINING FOR DIABETIC RETINOPATHY
GRADING

Anonymous Author(s)

ABSTRACT

Diabetic retinopathy (DR) grading from fundus photographs demands sensitivity
to small, sparse lesions, respect for the five-level ordinal scale, and robustness
to long-tailed and noisy labels, while interpretability is desirable despite scarce
lesion annotations. We propose a fundus-only grader that couples a Cross-Scale
Channel Attention (CSCA) module with dual heads—a categorical softmax head
and a CORAL ordinal head—trained end-to-end under a hybrid objective. The
categorical head uses class-balanced focal loss to handle imbalance, and the or-
dinal head uses a focal-augmented ordinal loss to enforce monotonicity and re-
duce severe ordinal errors. By integrating cross-scale attention, ordinal model-
ing, and noise-aware learning without lesion-level supervision, the approach ad-
vances DR grading under realistic constraints. To mitigate label noise, we refine
pseudo-labels via mutual-information gating with Monte Carlo dropout and apply
a lightweight prediction-consistency regularizer across two augmentations for ac-
cepted pseudo-labels. Evaluated on APTOS 2019, the proposed method achieves
a quadratic weighted kappa of 0.85, an accuracy of 73.33%, a macro-F1 score of
73.23%, and a macro one-vs-rest AUC of 91.54%.

1 INTRODUCTION

Automated analysis of retinal fundus photographs is a long-standing goal in computer vision for
healthcare, with diabetic retinopathy (DR) grading serving as a prominent benchmark and clinically
impactful task. DR severity is assigned on a five-level ordered scale, and early detection hinges
on recognizing tiny, sparse lesions while avoiding large out-of-order errors that contradict disease
progression Group (1987). In routine screening, datasets are often imbalanced, severe cases are
rare, and labels near grade boundaries can be noisy. We address the problem of learning a robust,
interpretable DR grader that is simultaneously sensitive to microlesions, consistent with the ordinal
scale, and resilient to long-tailed and imperfect labels.

Deep learning has substantially improved DR detection and grading Gulshan et al. (2016); Ting
et al. (2017), and advances in attention and multi-scale modeling have boosted lesion saliency Hu
et al. (2018); Woo et al. (2018); Wang et al. (2020b); Li et al. (2019). Ordinal approaches explicitly
encode label ordering Cao et al. (2020), and uncertainty-aware strategies seek robustness to label
noise and distributional shift Gal & Ghahramani (2016); Xie et al. (2020). However, gaps remain.
Channel attention is typically applied within a single scale, while multi-branch pyramids improve
context at the cost of complexity and reduced interpretability at readout. Treating grades as nom-
inal improves separability but can increase non-adjacent mistakes; enforcing ordering alone can
dilute minority-class discrimination. Confidence-only pseudo-labeling risks confirmation bias and
may disproportionately exclude rare classes. Finally, many pipelines trade off clinical interpretabil-
ity when departing from a global-average-pooling (GAP) readout that supports CAM/Grad-CAM
explanations.

These limitations matter in practice. Screening systems must highlight subtle, multi-scale cues such
as microaneurysms and hemorrhages, yet remain faithful to the disease continuum to avoid clinically
implausible jumps in predicted severity. They must also handle long-tailed distributions and imper-
fect labels without relying on external data or heavy architectural overhead, enabling reproducible
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evaluation and deployment on common hardware. Maintaining compatibility with saliency-based
explanations is important for clinician trust and for auditing model behavior in safety-critical set-
tings.

We propose a single-stream framework that couples cross-scale feature selection, ordinal-aware su-
pervision, and uncertainty-guided label refinement. First, we introduce Cross-Scale Channel At-
tention (CSCA), a descriptor-level mechanism that aggregates and re-weights channel descriptors
across backbone stages. This design injects multi-scale context without spatial attention maps or
multi-branch towers, and preserves a GAP-based readout for compatibility with CAM/Grad-CAM.
Second, we adopt dual-head hybrid supervision: a categorical softmax head maintains class sepa-
ration beneficial for minority classes and referral decisions, while an ordinal head (e.g., CORAL
Cao et al. (2020)) enforces monotonic thresholds to reduce out-of-order errors. Third, we refine
noisy labels via uncertainty-guided self-training that accepts pseudo-labels only when predictions
are confident and exhibit low epistemic uncertainty, measured by mutual information from stochas-
tic predictions; class-aware gating mitigates over-pruning of rare classes. We evaluate on APTOS
2019 with image-level labels only, using no external datasets or annotations, and we report internal
validation under this protocol without claims of cross-dataset generalization.

Our main contributions are as follows.

* We introduce Cross-Scale Channel Attention (CSCA), a single-stream, descriptor-level
cross-scale attention module that enhances microlesion saliency while retaining a GAP-
based, CAM-compatible readout.

* We design a dual-head hybrid supervision scheme that combines categorical and ordinal
predictions to jointly promote minority-class separability and adherence to the ordered
severity scale.

* We develop an uncertainty-guided self-training procedure that refines noisy labels using
confidence and mutual-information gating without external unlabeled data.

* On APTOS 2019, our approach improves DR grading under internal validation, yielding
gains in quadratic weighted kappa, accuracy, macro-F1, and macro AUC, with claims lim-
ited to this dataset and evaluation regime.

2 RELATED WORK

2.1 BACKBONES, ATTENTION, MULTI-SCALE FUSION, AND INTERPRETABILITY FOR
FUNDUS CLASSIFICATION

For fundus-based DR screening, models must capture subtle, small lesions while retaining global
context and remaining compatible with GAP-driven interpretability. Early systems showed that
convolutional neural networks (CNNs) with global average pooling (GAP) perform well across di-
verse cohorts and offer a practical path for clinical deployment Szegedy et al. (2015); Gulshan
et al. (2016); Ting et al. (2017). Subsequent architectural advances improved capacity and train-
ability: residual learning helped address vanishing gradients and enabled much deeper models He
et al. (2016), while dense connectivity promoted feature reuse and multi-scale propagation with
good parameter efficiency Huang et al. (2017). Lightweight channel attention further improved the
accuracy—efficiency trade-off; widely used designs include squeeze-and-excitation (SE), CBAM, ef-
ficient channel attention (ECA), selective kernel fusion, and frequency channel attention Hu et al.
(2018); Woo et al. (2018); Wang et al. (2020b); Li et al. (2019). To better preserve fine details while
adding broader context, multi-scale aggregation has been studied extensively. Representative de-
signs include top—down pyramids (FPN) and multi-branch high-resolution networks (HRNet), both
adopted in medical imaging for lesion-centric analysis Lin et al. (2017). A related line of work
models global context via non-local operations and similar modules, such as Non-local Networks,
GCNet, Gather-Excite Hu et al. (2018), and GloRe. Recently, transformer-based hierarchical back-
bones (e.g., Swin Transformer, PVT) have provided multi-scale token representations with global
receptive fields and have been adopted widely in vision.

Weakly supervised localization via Class Activation Mapping (CAM) has been widely used to
produce interpretable heatmaps from GAP-based classifiers Zhou et al. (2016), with variants that
broaden coverage and improve spatial fidelity Selvaraju et al. (2017); Chattopadhay et al. (2018);
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Wang et al. (2020a); Jiang et al. (2021). These techniques suit fundus imagery, where clinically
meaningful cues include small, scattered red lesions and vessel-adjacent abnormalities, but saliency
reliability depends on backbone choice, feature resolution, and method sensitivity, and thus requires
sanity checks before drawing clinical conclusions Adebayo et al. (2018). Our approach adopts
a single-stream Cross-Scale Channel Attention (CSCA) module, which preserves a single-stream
pathway and a GAP-based readout, maintaining compatibility with CAM/Grad-CAM while adding
cross-level context that helps preserve microlesions at the final readout resolution.

2.2 ORDINAL-AWARE LEARNING AND IMBALANCE-AWARE OPTIMIZATION

DR grading follows an ordered severity scale formalized by ETDRS Group (1987), motivating ob-
jectives that respect ordinal structure. Beyond classical ordinal formulations Niu et al. (2016); Rothe
et al. (2015), recent deep ordinal methods include CORAL, which shares a rank-consistent weight
vector across cumulative thresholds Cao et al. (2020), CORN, which conditions binary sub-tasks
on preceding outcomes, and DORN, which discretizes continuous targets and optimizes ordinal re-
lations via classification with learned intervals. In medical imaging, ordinal objectives are used to
better align predictions with disease progression and reduce non-adjacent errors relative to nominal
softmax training. In parallel, long-tailed class distributions complicate DR training; focal modu-
lation and effective-number reweighting emphasize minority and hard examples without excessive
overfitting Lin et al. (2017); Cui et al. (2019). Multi-task and dual-head formulations that combine
nominal classification with ordinal or regression supervision have also been explored in age estima-
tion and medical grading, aiming to balance categorical separability with progression-aware order-
ing. Our approach couples a class-balanced focal loss (categorical head) with a focal-augmented
CORAL loss (ordinal head) using fixed loss weights. This maintains categorical separation im-
portant for minority classes while CORAL-based monotonic thresholding discourages non-adjacent
errors under long-tailed distributions.

2.3 SEMI-/SELF-SUPERVISED LEARNING AND UNCERTAINTY-GUIDED PSEUDO-LABELING

Semi- and self-supervised methods improve label efficiency through consistency regularization and
pseudo-labeling. Mean Teacher enforces student—teacher agreement under perturbations; FixMatch
combines weak—strong augmentation consistency with confidence-thresholded pseudo-labels; and
Unsupervised Data Augmentation (UDA) uses weak—strong consistency with advanced augmenta-
tions Xie et al. (2020). Prototype-based assignments (e.g., PAWS) further improve sample efficiency.
Reliable uncertainty is critical for selective training and robust deployment. Monte Carlo Dropout
and deep ensembles provide strong baselines for epistemic uncertainty Gal & Ghahramani (2016);
Lakshminarayanan et al. (2017), and post hoc calibration such as temperature scaling can improve
probability alignment Guo et al. (2017). Mutual-information criteria computed over stochastic pre-
dictions provide an uncertainty signal complementary to confidence and entropy and have been
used to gate pseudo-label acceptance under noisy labels. Our approach uses uncertainty-guided
self-training label refinement within the labeled pool by incorporating mutual information along-
side confidence, applying class-aware thresholds, and using uncertainty-dependent sharpening and
weighting to mitigate confirmation bias under long-tailed DR distributions.

3 METHODOLOGY

DR grading from color fundus images requires (i) sensitivity to small, sparse microlesions across
scales, (ii) respect for the ordinal structure of disease severity under long-tailed class distributions,
and (iii) robustness to label noise typical of image-level annotations. We address these needs with
a single-stream, end-to-end framework (as illustrated in Figure 1) that pairs a Cross-Scale Channel
Attention (CSCA) module for multi-scale evidence selection with dual prediction heads, a categor-
ical softmax head and a CORAL ordinal head, trained with a hybrid objective tuned to imbalance
and ordering. To limit the impact of label noise, we refine training labels using uncertainty-gated
pseudo-labels derived from mutual information (MI) estimated via Monte Carlo (MC) dropout, and
optionally add a prediction-consistency regularizer. The ordinal head is used only during training;
all reported metrics (QWK, accuracy, macro-F1, macro one-vs-rest AUC) and all inference rely on
the categorical head. For interpretability, CAM/Grad-CAM are computed over the fused CSCA
feature.
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Figure 1: Architecture of the Proposed Framework. Illustrating the integration of Cross-Scale
Channel Attention (CSCA), Dual-Head Grader (Categorical & CORAL), and Uncertainty-Guided
Pseudo-Labeling.

Notation and symbols used once and then consistently are as follows. We set K = 5 for the number
of grades and L = 4 for the backbone scales (DenseNet-121 blocks). The input batch of color
fundus images is X € RE*3XHXW yhere B is the batch size. The feature map at scale [ is
FO ¢ REXCxHXWi and (Hy,, Wp,) denotes the deepest spatial resolution. The shared descriptor
dimension is d, the injected context width is C,,, and the fused channel dimension is Cy. GAP and
GMP indicate global average and max pooling over spatial dimensions;/‘j; -] denotes channel-wise
concatenation, and Broadcast (v, H, W) tiles v € REXC to REXCxHX

3.1 FRAMEWORK OVERVIEW

We use CSCA to capture cross-scale evidence for subtle lesions in a pathway compatible with global
pooling, a dual-head grader to model class ordering alongside imbalance-aware categorical learn-
ing, and MI-gated pseudo-labeling to reduce the effect of noisy labels. Given X, a DenseNet-121
backbone produces a hierarchy of feature maps {F(W}/ |, F() ¢ REXCHXWi ith [, = 4
and C; € {256,512,1024,1024} at the outputs of the four dense blocks. The CSCA module ap-
plies per-scale dual-pooling channel gating and deep-queried cross-level descriptor attention, then
upsamples and fuses all scales at the deepest resolution via a single 1 x 1 convolution to produce
Figea € RBXCrxHrxWr — Global average pooling yields h € RE*Cs for two heads: (i) a K-
way categorical softmax head p and (ii) a CORAL ordinal head q. Training uses a hybrid objec-
tive with class-balanced focal loss on the categorical head and focal-augmented ordinal loss on the
CORAL head. Uncertainty-gated pseudo-labels (from the categorical head) and an optional consis-
tency penalty are used in a second training stage. Inference and all metrics use the categorical head
only.

3.2 CROSS-SCALE CHANNEL ATTENTION (CSCA)
3.2.1 DUAL-POOLING CHANNEL GATING (PER SCALE)

To elevate lesion-relevant channels at each resolution, we apply a squeeze and excitation style gate
with dual pooled descriptors. For each [,
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gglv)g _ GAP(F(l)) c RBXCZXIXI’ gl(fl)ax _ GMP(F(I)) c RBXCZX1X17

g = [gl gl € REx(Ex1,

u(l) — q25(1/1/'1(l)g(l)) c RBX(CL/T)Xlxl’ a(l) _ O_(WQ(l)u(l)) c RBXCIX:le,
FO = p® o) al) ¢ ]RB><CZ><HL><Wl7

€]

withr = 4, W € RC/Mx@C)x1x1 gpl) ¢ ROX(Ci/m)x1x1 ¢ — ReLU, o = sigmoid, and ®
is broadcasted channel-wise multiplication.

3.2.2 DEEP-QUERIED CROSS-LEVEL DESCRIPTOR ATTENTION

To consolidate cross-scale evidence while preserving a single-stream readout, we summarize each
gated scale by GAP and attend across levels using the deepest scale as the query. Define sV =

GAP (F(l)) € RBXC Project to a shared dimension d = 256:

q= S(L)WéL) c RBxd’ Wéf) c RC: ><d,
kO — S(Z)W;(l) c RBxd7 W}(l) c RClxd7 )
v — s(”W‘(,l) c RBxd7 W‘(/l) c RCi%d,

Let K = [k(M);.. k(P ¢ RExIxd 7 = [v(D). . v(D)] ¢ REXLxd Attention over levels:
qK' -
a = softmax e RBXL ¢ = E oy O v e RBXI, 3
( Vd ) ‘X ©

=1

Project and broadcast to the deepest grid:
u=cWe e REXC Wy eR™%, U = Broadcast(u, Hy, W) € REXCuxHLxWw = (y)

with C,, = 64.

3.2.3 MULTI-SCALE UPSAMPLING, FUSION, AND READOUT

We then align spatial resolutions and fuse cross-scale information in a single, CAM-compatible
stage. We upsample every gated map to the deepest resolution and fuse once with a single 1 x 1
convolution:

F(l) = Upsample(p(l) - (HL7WL)) € RBXCLXHLXWL’ l= 17 s 7L7
chca = COHV1><1<[ﬁ(1);ﬁ(2);p(3);ﬁ(4); U} — Cf) € RBXCfXHLXWLa (5)
h = GAP(Fogea) € RBXCr

where C'y = C1, = 1024 to preserve classifier capacity and CAM compatibility. CAM/Grad-CAM
are computed over Fsc, using the categorical head weights.

3.3 DUAL-HEAD GRADER: CATEGORICAL AND CORAL HEADS
3.3.1 CATEGORICAL SOFTMAX HEAD
The categorical head maps h to logits z and probabilities p:

2 =W,h+b, € REXK pi,k:M, i=1,...,B,k=1,....K. (6
Zj:l exp(zi,;)

All metrics and predictions use p only.
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3.3.2 CORAL ORDINAL HEAD WITH MONOTONE BIAS ENFORCEMENT

We adopt CORAL with a shared weight vector and ordered biases. Let woq € REs and boyq €
RE-1 with bord,1 < -+ < bord, k—1. Threshold logits and cumulative probabilities are

Gik = Warqhi — borak, Gk =0(gig), k=1,....,K —1. @)

To guarantee b.,q is non-decreasing, we parameterize it as a cumulative sum of non-negative incre-

ments:
k

O = softplus(@k) >0, bord,k = Z(Sj, 0. € R. (8)
j=1
Targets are cumulative indicators ¢; ,, = I[y; > k]. We apply focal modulation to the ordinal sub-
tasks:

Lora = > Z (ti (1=s) ™ (= log gi)+(1—ti) 415" (~log(1= i) ) ©)

sup‘ €Dy bt

with Yorq = 2. By default, L,,q is computed on Dy, only (we do not apply ordinal loss to pseudo-
labeled samples).

3.4 UNCERTAINTY-GUIDED PSEUDO-LABEL REFINEMENT

To reduce the influence of noisy image-level labels, we refine training supervision using MI-gated
pseudo-labels from the categorical head. MC dropout is used exclusively to estimate MI; it is dis-
abled during both training and standard inference, ensuring that the deployed model remains deter-
ministic.

3.4.1 MC DROPOUT PLACEMENT AND MI ESTIMATION

DenseNet-121 does not include dropout by default. For MI estimation only, we insert dropout layers
immediately upstream of CSCA at each tapped scale (i.e., on the tensors { F()} prior to channel
gating) and one at the fused readout:

PO DOPRE) By gy g Doeonn) (10)

with (p1, pa, ps, pa, pr) = (0.10,0.10, 0.20, 0.20, 0.20). These dropout layers are active only during
MI estimation; they are disabled during both training and standard inference. During MI estimation,
batch normalization is set to eval mode to fix running statistics. For a training image x, we run
T = 10 stochastic forward passes to obtain {p*) ()}7_, from the categorical head and compute

T K
pla) =L "pO(), Hp)=- prlogps, H=1% Z (- Zp“H gnf”),
t=1 k=1 t=1 k=1 (1n
MI(z) = H(p) — H.

3.4.2 GATING THRESHOLDS, TEMPERATURE SHARPENING, AND TARGETS

Let y(z) = arg maxy, pr(z). We accept a pseudo-label if maxy pr(x) > 7 and MI( ) < Vg(a)s
with a global confidence threshold 7 = 0.9 and class-wise MI cutoffs {I/C} 0 set to the 30th
percentile (quantile ¢ = 0.3) of the per-class MI distribution measured on the training fold under
T = 10 MC passes (per predicted class). For accepted samples, we form a soft target by temperature
sharpening of the mean probabilities:

MI log p
T(2) = Tonin + (Tmax — Tin) - clip (“”) 0, 1) . Bl@) = Softmax( o m) L)
I/@(z) T(x)
with Thin = 0.7 and T, = 1.3. Rejected samples are excluded from the pseudo-label loss. The
ordinal loss L4 is not applied to pseudo-labeled samples; we therefore do not derive ordinal targets
from p(x) in our final configuration.
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3.5 HYBRID OBJECTIVE, CONSISTENCY, AND TRAINING PROTOCOL

To align learning with clinical priorities, the supervised categorical term addresses class imbalance,
the ordinal term encodes disease ordering, and the pseudo-label and consistency terms stabilize
learning from confidently predicted, low-uncertainty samples. For labeled samples with ground-
truth y, we use class-balanced focal loss L5 with effective-number weights o, = 117 5 <t (renor-
malized over classes), 5., = 0.99, and v = 2: For accepted pseudo-labeled samples j wclbth Dj, We
minimize cross-entropy to p; and add a prediction-consistency penalty between two independent

stochastic augmentations xE ), Eb) :

1 -
Las = | Daup| Z —ay, (1= piy,)" 108 piy,;

Dswl (37,

K
Ly = D Z Zﬁj,k logp; k, (13)
| pll j€Dp k=1
‘Ccons - (a) (b) + KL .’L'(b) x(a)
2|Dp1| ZD (KL () + KL (o) [1p(5™)) ).

Both L) and L.ons operate on the categorical head p only. Augmentations are sampled in-
dependently per view from the same pipeline (resize, color jitter, rotation, blur, normalization;
MixUp/CutMix disabled in Stage 2). During training, batch normalization layers remain trainable
and compute per-batch statistics; no special sharing across the two views is used beyond standard
mini-batch aggregation. The total objective is

ﬁtotal = )\clsﬁcls + )\ord‘cord + )\cls['pl + Acons['cons» (14)

with Agis = 1.0, Aord = 0.5, Acons = 0.2. Domains: L5 on Dgyp; Lora on Dgyp only; Ly, and
Lcons on Dp. The consistency weight ramps linearly from O to Agons Over the first half of Stage 2.

4 EXPERIMENTS

4.1 EXPERIMENTAL SETTINGS
4.1.1 DATASET, PREPROCESSING, AND EVALUATION PROTOCOL

We conduct internal validation on the APTOS 2019 Blindness Detection dataset for five-class dia-
betic retinopathy severity grading using single-modality RGB fundus photographs with image-level
labels only. No external data, modalities, or auxiliary annotations are used. All results are reported
on a single stratified 80/20 train/validation split (“canonical split”) with a single random seed.

Evaluation protocol and metrics. Metrics are computed from the categorical head’s softmax proba-
bilities. The primary validation metric is quadratic weighted kappa (QWK), which captures ordinal
agreement with labels (0—4). Secondary metrics are top-1 accuracy, macro-averaged F1, and macro
one-vs-rest ROC-AUC (ovr). For AUC, if a class has zero positives in the validation split, its AUC
is undefined and excluded from the macro average. Model selection (early stopping) uses QWK
on the held-out validation set. We do not report multi-seed repeats, cross-validation, or statistical
significance testing (e.g., bootstrap confidence intervals) in this submission.

Image preprocessing. Each image is center-cropped to remove black borders and peripheral arti-
facts and to standardize the field of view, then resized to 384 x 384 pixels before model input. The
384 %384 resolution was chosen after a pilot sweep over 224/384/512 that indicated a favorable bal-
ance between sensitivity to small red lesions and computational cost. We do not report quantitative
resolution ablations in this submission. Unless otherwise stated, we do not exclude images using
automated quality filters; we log blur and illumination scores and defer sensitivity analysis to future
work.
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4.1.2 ALIGNED METHODS AND IMPLEMENTATION DETAILS

We align all implementations and reported results with the final method described in Section 3.
The design addresses sensitivity to microlesions, ordinal consistency, and robustness to noisy, im-
balanced labels. The objective combines class-balanced focal loss for the categorical head with
a focal-augmented CORAL loss for the ordinal head, using effective-number class weights. For
pseudo-labeling, we apply uncertainty-aware gating based on mutual information (MI) from Monte
Carlo dropout. A pseudo-label is accepted only if the maximum class probability exceeds a con-
fidence threshold 7 and the MI falls below a class-aware cutoff v. Accepted pseudo-labels are
sharpened with an uncertainty-dependent temperature, and we do not use entropy-only gating. For
consistency, we add a lightweight prediction-consistency penalty across two stochastic augmenta-
tions for accepted pseudo-labeled samples and do not use an EMA teacher. For class imbalance,
we adopt class-balanced focal loss without a WeightedRandomSampler; sampler-only and sampler-
plus-class-balance configurations are not reported here.

Backbone and CSCA. The backbone is DenseNet-121 pretrained on ImageNet. We integrate the
proposed cross-scale CSCA module, performing dual-pooling channel gating at each scale and deep-
queried descriptor attention across levels, followed by 1x1 fusion. Global average pooling (GAP)
over the fused feature produces the readout for dual heads: (i) a 5-way categorical softmax head for
p € AP, and (ii) a CORAL ordinal head outputting four cumulative logits for ¢ € (0, 1)%.

Optimization and schedule. We use AdamW (Ir = le—4, weight decay = le—4), mixed precision,
and gradient clipping (max-norm 5.0). Stage 1 (supervised) trains for 50 epochs without pseudo-
labels. We then run MI-based pseudo-labeling on the training set using 7' stochastic passes, accept
and sharpen labels using (7, ), and proceed to Stage 2 (40 epochs) with consistency regularization.
The consistency weight ramps linearly from O to its target over the first half of Stage 2. Aug-
mentations include resize, color jitter, random rotation (£15°), horizontal flip, Gaussian blur, and
normalization to ImageNet mean/variance. MixUp (alpha 0.4) and CutMix (alpha 1.0) are used in
Stage 1 only. Learning-rate schedules and all other training settings are shared across methods for
fair comparison.

Fixed hyperparameters (APTOS). MC dropout passes T' = 10; 7 = 0.9; class-wise MI cutoffs {v.}
selected via per-class quantiles on the training fold; loss weights A¢js = 1.0, Aord = 0.5, Acons =
0.2; focal exponents v = 2 (categorical) and v,;q = 2 (ordinal); effective-number parameter 5., =
0.99.

AUC computation details. All AUCs use the categorical head’s probabilities in a one-vs-rest setup.
Classes with zero positives in the validation split are excluded from the macro AUC. Per-class counts
for the canonical split are provided in the released manifest; fold-wise exclusions do not apply since
we do not report cross-validation here.

4.2 MAIN PERFORMANCE COMPARISONS
4.2.1 BASELINES SETUP

To evaluate the effectiveness of the proposed method, we compare it with several widely used convo-
lutional neural network architectures for image classification. Specifically, we consider ResNet-50,
VGG-16, Inception-V3, and MobileNet-V3 as baseline models. These networks represent different
design paradigms, ranging from deep residual learning to lightweight mobile architectures.

All baseline models are trained under the same experimental protocol to ensure a fair comparison.
Each network is optimized using identical training splits, preprocessing procedures, and evaluation
metrics. We report multiple metrics commonly used for classification evaluation, including accuracy
(ACCQ), precision (Prec), recall (Rec), F1 score, area under the ROC curve (AUC), and quadratic
weighted kappa (QWK). The best-performing checkpoint for each model is selected according to
validation performance.

4.2.2 QUANTITATIVE RESULTS

We report validation performance on the canonical 80/20 stratified split for the proposed full model.
Table 1 reports the quantitative comparison with several representative CNN architectures, including
ResNet-50, VGG-16, Inception-V3, and MobileNet-V3. Among the baselines, VGG-16 achieves the
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Table 1: Comparison with standard CNN architectures for image classification on APTOS 2019. All
metrics except QWK are reported in percentage (%). The best results are highlighted in bold.

Method ACCT Prect RectT FI1T AUCT QWK
ResNet-50 68.67 6927 68.67 6795 8§9.13 0.79
VGG-16 70.67  71.13 70.67 7047 88.19 0.84

Inception-V3 68.00 69.49 68.00 67.18 88.71 0.80
MobileNet-V3 ~ 68.00 67.75 68.00 67.40 89.08 0.80

Ours 7333 74.84 7333 7323 91.54 0.85

strongest performance with an accuracy of 70.67 % and a QWK score of 0.8408. Our method fur-
ther improves the accuracy to 73.33 % and achieves the best QWK score of 0.8515. In addition, our
model obtains the highest AUC (0.9154), surpassing the best baseline by more than 2 points. Over-
all, the proposed approach consistently outperforms all baseline architectures across most metrics,
demonstrating the effectiveness of the proposed design for improving classification performance.

4.2.3 VISUALIZATION COMPARISON

& -
]
o
vions
«

el VG616
i predication=1
or=2 confidence=0.57

0

InceptionV3
predication=4
confidence=0.568

Ours
predication=4
confidence=0.700

Figure 2: Visualization results from GradCAM between our method and the other baseline methods.

We further visualize class activation maps (CAMs) to examine the spatial attention of different
models. Two representative fundus images are selected for comparison across several standard back-
bones and our method in Figure 2. In the first case, the image is labeled as grade 2. Most baseline
models underestimate the severity and predict grade 1, with CAMs showing diffuse responses over
large retinal regions. In contrast, our method correctly predicts grade 2 and produces more local-
ized activations around lesion-relevant areas. In the second case, corresponding to grade 4, several
baselines predict grade 3, while our model correctly identifies the highest severity level. The CAMs
further indicate that our model focuses more consistently on pathological structures associated with
severe disease. These visualizations suggest that the proposed model captures more disease-relevant
cues, which helps mitigate the common tendency of underestimating DR severity.

4.3 ABLATION STUDY

Table 2 presents the ablation study of the proposed components. Removing the CSCA module leads
to a noticeable performance drop, reducing the accuracy from 73.33 % to 69.33 %, which confirms
the importance of cross-scale feature selection for capturing subtle retinal lesions. When only par-
tial channel attention mechanisms are used, the performance improves compared with the baseline
but remains below the full model. For instance, the channel-gating-only variant achieves 72.67 %
accuracy and a QWK score of 0.86, indicating that channel-wise attention contributes to discrimina-
tive feature learning but lacks the full cross-scale interaction modeled by CSCA. Finally, integrating
CSCA with the uncertainty-gated pseudo-label training strategy yields the best results across most
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Table 2: Ablation study of the proposed components. CSCA denotes the Cross-Scale Channel
Attention module, and PL refers to the uncertainty-gated pseudo-labeling strategy. The best results
are highlighted in bold.

Configuration ACCT Prect RectT FI1T AUCT QWK
w/o CSCA, w/o PL 6933  71.82 6933 6940 89.65 0.85
CSCA only 70.67  71.13 70.67 70.68 89.00 0.85
Channel gating only 72.67 7525 72.67 7271 90.50 0.86
Temporal descriptor only ~ 72.00 7395 72.00 71.96 89.44 0.84
CSCA + PL (Ours) 7333 7484 7333 7323 91.54 0.85
Training Loss Validation Metrics
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Figure 3: Learning curves across epochs: training loss (left axis) and validation accuracy (right
axis) on the canonical 80/20 split. The dashed line marks the transition from Stage 1 (supervised) to
Stage 2 (pseudo-labels with consistency).

metrics, achieving 73.33 % accuracy and the highest AUC of 91.54 %. These results demonstrate
that both the cross-scale attention design and the pseudo-label training strategy contribute comple-
mentary benefits to the final model.

4.4 COMPLEXITY AND INFERENCE EFFICIENCY

We measure complexity analytically and report the incremental overhead from CSCA relative to
the DenseNet-121 backbone. For completeness, Table 3 lists exact base vs. base+CSCA counts
at 384 x 384 (measured with fvcore; MACs rounded to two decimals). With r = 4, descriptor
dimension d = 256, context width C, = 64, fusion Cy = 1024, and L = 4 scales (channels
C; € {256,512,1024,1024}), CSCA introduces approximately 6.49 million parameters in total
(channel gating ~1.82M; descriptor projections ~1.70M; context projection ~0.016M; 1x 1 fusion
~2.95M). At 384384 inputs, the dominant extra MACs arise from the 1x 1 fusion at the deepest
map resolution (about 0.425 G MACs), which is a small fraction of a DenseNet-121 forward at this
resolution.

Model @384 x 384 Params (M) | MACs (G)
DenseNet-121 (base) 7.98 8.48
DenseNet-121 + CSCA (ours) 14.47 8.90

Table 3: DenseNet-121 base vs base+CSCA parameter and MAC counts at 384 x 384. CSCA adds
~ 6.49M params and 0.43G MACs.

10
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4.5 LEARNING DYNAMICS

Figure 3 illustrates the training loss and validation accuracy across epochs on the canonical split.
During the first stage, the model exhibits stable optimization behavior, with a consistent decrease in
training loss accompanied by gradual improvements in validation accuracy. This stage corresponds
to supervised training using the hybrid objective, where the categorical and ordinal heads jointly
guide feature learning. After pseudo-label refinement is introduced in Stage 2, the training dynamics
remain stable while the validation accuracy continues to improve slightly. This suggests that the
uncertainty-gated pseudo-labeling and the consistency regularization provide additional supervisory
signals without destabilizing optimization. Overall, the two-stage training scheme leads to smooth
convergence and consistent validation performance.

5 CONCLUSION

Automated grading of diabetic retinopathy from fundus photographs must detect sparse microle-
sions, respect the ordinal severity scale, and remain robust to imbalance and label noise. We present
a single-stream, fundus-only model that integrates Cross-Scale Channel Attention with dual super-
vision from a categorical softmax head and a CORAL ordinal head. A hybrid focal-plus-ordinal
loss encourages balanced, order-consistent learning, and uncertainty-gated pseudo-label refinement
reduces noisy supervision. On the canonical stratified 80/20 APTOS 2019, the proposed system
achieves a QWK of 0.85, an accuracy of 73.33%, a macro-F1 score of 73.23%, and a macro one-vs-
rest AUC of 91.54%. These results demonstrate the effectiveness of the proposed cross-scale atten-
tion design and the uncertainty-gated pseudo-label training strategy for robust diabetic retinopathy
grading. Future work will evaluate across independent cohorts and devices, calibrate probabili-
ties via temperature scaling with ECE/Brier and referable-DR operating points, assess lesion-level
saliency, and test additional and lightweight backbones.
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PYT-SORD++: SINGLE-PASS ANATOMY-AWARE
PYRAMIDAL TRANSFORMER WITH VESSEL-GUIDED
ATTENTION FOR DIABETIC RETINOPATHY GRADING

Anonymous Author(s)

ABSTRACT

Diabetic retinopathy (DR) is graded from color fundus photographs on an ordered
five-point scale. Existing pipelines often trade off fine lesion detail against mac-
ular, optic disc, and vascular context, are distracted by nonretinal artifacts (bor-
ders, vignetting, glare), and drift under device and illumination changes that shift
color and contrast, producing large ordinal errors. We introduce PyT-SORD++,
a single-pass pyramidal transformer whose architecture and learning objectives
are aligned with retinal anatomy and the ordinal label structure. The model per-
forms pyramidal tokenization that yields convolutional micro and macro tokens,
applies anatomical token gating with a soft fundus mask to suppress nonretinal
regions, and uses vessel-guided bidirectional cross-attention between micro and
macro tokens to fuse lesion cues with nearby vessel-rich context. Training cou-
ples standard classification with an ordinal-aware supervised contrastive loss that
pulls adjacent grades together while separating distant grades, and a Fourier-based
low-frequency consistency loss that mitigates device and illumination variability.
We evaluate PyT-SORD++ and its components on public DR benchmarks against
strong convolutional and transformer baselines, analyzing accuracy, ordinal agree-
ment, and calibration under cross-device and lighting shifts. The method improves
accuracy and ordinal consistency, reduces large misclassifications across the scale,
and yields better calibration under style shifts, while preserving lesion detail to-
gether with macular, optic disc, and vascular context in a single pass without tiling.
Ablations attribute gains to anatomical gating, vessel-guided attention, and the or-
dinal and robustness losses. By aligning computation with retinal structure and
ordinal grading, PyT-SORD++ supports reliable, scalable DR screening.

1 INTRODUCTION

Computer vision has become central to population screening and referral pathways in ophthalmol-
ogy, where color fundus photography enables large-scale assessment of diabetic retinopathy (DR).
DR severity is assigned on an ordered five-point scale, and treatment decisions depend on detecting
subtle micro-lesions and distinguishing proliferative vascular changes Group (1991). The concrete
goal of this paper is automated, five-class DR grading that minimizes clinically consequential ordi-
nal mistakes, particularly under-staging proliferative disease or over-staging no or mild disease.

Recent advances in image classification and recognition have improved retinal analysis. Convolu-
tional networks that scale resolution increase capacity to capture detail Tan & Le (2019), vision
transformers enhance global context modeling Dosovitskiy et al. (2021); Touvron et al. (2021), and
multiple instance learning with tiling addresses megapixel inputs Ilse et al. (2018); Zhang et al.
(2024). Hierarchical transformer variants further improve scalability by modeling images at multi-
ple resolutions Liu et al. (2021); Wang et al. (2021); Wu et al. (2021); Yu et al. (2022). Yet practical
DR grading remains challenging. Downsampling suppresses microaneurysms and small hemor-
rhages, while tiling fragments the macula, optic disc, and vascular trajectories that provide context
for lesion distribution and severity. Non-retinal borders, vignetting, and glare can divert attention
from retinal anatomy, and device or illumination shifts alter color and contrast, degrading calibration
and inducing large errors on the ordered scale. Moreover, many classifiers treat grades as nominal
categories, overlooking ordinal structure and increasing the risk of severe misclassifications.
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Addressing these limitations is critical for safe deployment in screening programs that span clinics,
cameras, and acquisition conditions. Large ordinal errors carry disproportionate clinical cost: under-
staging proliferative disease risks vision loss, and over-staging mild cases burdens subspecialty care.
Models must integrate micro-lesion fidelity with global vascular and macular context, focus compu-
tation on retinal structures instead of artifacts, and maintain calibrated predictions across device and
illumination variability. Achieving these properties would improve triage accuracy, reduce unneces-
sary referrals, and enhance equity and scalability of DR screening.

We propose PyT-SORD++, a single-pass pyramidal transformer for DR grading that embeds retinal
priors and an order-aware learning objective. The core idea is to construct a multi-scale represen-
tation that jointly preserves micro-lesion detail and global anatomy without tiling, coupled with
anatomy-aware mechanisms that suppress non-retinal artifacts and emphasize vessel-rich regions so
attention follows clinically meaningful structures. To reduce susceptibility to acquisition shifts and
to respect the ordinal nature of DR, we adopt a training objective that encourages consistent rank-
ing and calibrated probabilities. We evaluate on public DR datasets against strong convolutional
and transformer baselines and use targeted ablations to assess the contribution of multi-scale fusion,
anatomy-aware focusing, and order- and calibration-oriented learning.

Our main contributions are as follows.

* We introduce PyT-SORD++, a single-pass pyramidal transformer that preserves micro-
lesion detail and global anatomical context for five-class DR grading without reliance on
tiling.

* We design anatomy-aware mechanisms that down-weight non-retinal artifacts and priori-
tize vessel-rich regions, focusing computation on structures most relevant to progression.

* We propose an order- and calibration-aware training objective that improves ordinal con-
sistency and robustness to device and illumination shifts.

* We provide comprehensive evaluations and ablations on public DR benchmarks, showing
gains in accuracy, ordinal consistency, and robustness over strong convolutional and trans-
former baselines.

2 RELATED WORK

2.1 TRANSFORMERS AND METAFORMER BACKBONES FOR VISION

Vision Transformers (ViT) introduced global, content-adaptive self-attention with patch tokeniza-
tion and achieve strong accuracy when scaled and pretrained, but they are sensitive to data size and
positional modeling Dosovitskiy et al. (2021). Data-efficient training (DeiT) narrowed the gap to
ConvNets on ImageNet-1K through distillation and regularization Touvron et al. (2021). To improve
scalability on large images and dense tasks, hierarchical designs such as Swin restrict attention to
shifted local windows and build multi-scale pyramids with relative position bias, yielding near-linear
complexity and strong transfer Liu et al. (2021). Pyramid Vision Transformer (PVT) also constructs
multi-resolution features via spatial-reduction attention Wang et al. (2021). Convolutional vision
transformers (CvT) introduce convolution into token embedding and projections to strengthen lo-
cality and stability while retaining global mixing and reducing attention cost Wu et al. (2021). The
MetaFormer view focuses on the backbone structure—normalization, residual connections, chan-
nel MLPs, and hierarchies—rather than the specific token mixer, with PoolFormer and MLP-Mixer
showing competitive performance using pooling or MLPs instead of attention Yu et al. (2022); Tol-
stikhin et al. (2021). Robustness analyses (RVT) identify practical design choices—convolutional
patch embedding, hierarchical staging, avoiding overly strict local constraints, positional bias, and
global average pooling heads—that improve stability under distribution shifts Mao et al. (2022).
Despite strong ConvNet baselines like EfficientNet’s compound scaling Tan & Le (2019), mod-
ern backbones increasingly combine convolutional tokenization, hierarchical pyramids, and global
or softly constrained attention to provide long-range context while remaining efficient and robust
Dosovitskiy et al. (2021); Touvron et al. (2021); Liu et al. (2021); Wu et al. (2021); Yu et al. (2022);
Mao et al. (2022); Tan & Le (2019).

Following these observations, our backbone uses a MetaFormer-style structure with convolutional
token embedding, hierarchical pyramids, and global information flow. We adopt global average
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pooling heads and positional bias strategies consistent with RVT to improve robustness, aiming for
shape bias, multi-scale features, and stable representations suited to high-resolution retinal analysis
while keeping computation in check.

2.2 TRANSFORMER-BASED DIABETIC RETINOPATHY GRADING ON FUNDUS IMAGES

Transformers have been applied to color fundus photographs for diabetic retinopathy (DR) grad-
ing to capture long-range anatomical context alongside sparse micro-lesion evidence, with ViT-
and DeiT-based pipelines reporting competitive performance against ConvNets on public datasets
Dosovitskiy et al. (2021); Touvron et al. (2021). Resolution is a central challenge: downsampling
megapixel images to ImageNet sizes can suppress microaneurysms, fine hemorrhages, IRMA, and
early neovascular tufts. EfficientNet partially mitigates this through compound scaling but lacks
explicit global reasoning Tan & Le (2019). High-resolution pipelines therefore often use tiling and
multiple instance learning (MIL), where crops are encoded by a shared backbone and aggregated
by learned pooling or attention to produce image-level grades; attention-based MIL can provide
effective instance weighting Ilse et al. (2018). DR-specific transformer MIL systems (e.g., TMIL)
introduce inter-instance relation modeling to compensate for fragmented context and improve cap-
ture of distributed lesions Zhang et al. (2024). Hierarchical transformers such as Swin offer linear
complexity and multi-scale features for large inputs but can weaken interactions between lesions
and global context without complementary cross-window or global mixing Liu et al. (2021).

Our approach maintains global dependencies at high resolution and suppresses non-retinal back-
ground tokens using anatomical priors. It merges micro-lesion and macro-anatomical features across
scales to link sparse neovascular cues to the optic disc, macula, and vascular context, providing an
alternative to pure tiling with MIL aggregation and strictly windowed hierarchies.

2.3 CLINICAL ORDINALITY AND ROBUSTNESS REGULARIZATION

Clinical DR staging (ETDRS) formalizes an ordered severity scale and lesion-centric criteria, with
reproducibility varying by lesion type and especially near NPDR transitions, which motivates or-
dinal formulations that penalize large errors across grades more than near-grade mistakes Group
(1991). Deep ordinal strategies include cumulative threshold heads (e.g., CORAL) that enforce rank
consistency and often improve calibration Cao et al. (2020), and representation shaping via super-
vised contrastive learning that organizes embeddings by similarity; both benefit from incorporating
grade distance and careful imbalance handling Khosla et al. (2020); Guo et al. (2017). Robustness to
device, illumination, and color shifts is another key obstacle. Fourier Domain Adaptation perturbs
low-frequency amplitude while preserving structural phase, encouraging shape bias and style invari-
ance Yang & Soatto (2020). In proliferative DR, neovascularization (NVD/NVE) often occurs at the
posterior pole, with microglia—endothelium signaling modulating angiogenesis; although microglia
are not directly visible in fundus images, these mechanisms support prioritizing vascular geometry
and lesion morphology over style cues Hu et al. (2024).

We introduce an ordinal-aware supervised contrastive objective that encodes grade proximity and
apply Fourier-based low-frequency perturbations with consistency to reduce style sensitivity while
preserving lesion structure. Combined with a convolution-enhanced transformer backbone and reti-
nal priors that suppress non-anatomical regions and promote fusion of micro and macro features,
the system reduces large ordinal errors and emphasizes neovascular patterns consistent with ETDRS
and underlying pathophysiology.

3 METHODOLOGY

We propose PyT-SORD++, a single-pass pyramidal transformer for fundus-based five-class diabetic
retinopathy (DR) grading that builds retinal priors into both the architecture and the learning ob-
jective. The design couples a convolutional tokenization backbone that forms a micro-macro token
pyramid to retain fine lesion detail while maintaining global context, anatomically constrained token
gating that suppresses non-retinal artifacts and fundus boundary effects without discarding near-
boundary retina, vascular-biased bidirectional micro—macro cross-attention that integrates micro-
lesion cues with macro vascular and anatomical context, and an objective that combines supervised
classification, ordinal-aware supervised contrastive calibration, and Fourier-based style perturbation
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Figure 1: Architecture of the pyramidal transformer for fundus-based five-class diabetic retinopathy
grading. The model uses convolutional tokenization to form micro—macro tokens, applies anatomy-
aware token gating, performs vascular-biased micro-macro cross-attention with fusion, and ends
with a grading head that outputs class probabilities and a penultimate embedding used for ordinal
calibration and style-perturbation consistency.

consistency to reduce large errors under acquisition variability. The input is a single RGB fundus
image I € R3*H*W: the outputs are five-class probabilities and a penultimate embedding used for
calibration and analysis.

3.1 PYRAMIDAL TOKENIZATION

Given an input image I € R3*#*W 4 convolutional stem with stride P embeds non-overlapping
P x P patches into a grid of N, = (H/P)(W/P) micro tokens with model width d:

X,, € RNmxd, s; €[0,1)%, i=1,...,Np, 1)

where s; are normalized 2D coordinates associated with each token. A 2 x 2 patch-merging operation
reduces spatial resolution and forms macro tokens with Nyy = N,,, /4:

Xy € RNuxd, S, €[0,1% j=1,...,Nu, )
optionally followed by a linear projection to align channel dimensions. This pyramidal tokenization
is in line with standard vision transformer practice with locality priors Liu et al. (2021) and pro-
vides multi-scale representations for the subsequent modules. In our design, micro tokens preserve
microaneurysms and other subtle lesions, while macro tokens summarize the macula, optic disc,

and vascular topology to support context-aware grading in a single pass (avoiding tiling-induced
fragmentation).

3.2 ANATOMICAL TOKEN GATING

To suppress non-retinal background, vignetting, and specular glare while preserving near-boundary
retina, we construct a differentiable soft fundus mask A and convert it to patch-level gates that
smoothly rescale token features.

We first derive a hard mask Mparq € {0, 1}H W by combining an ellipse-filled fundus mask with
specular highlight suppression. Let Mpipse be obtained from the largest connected retinal com-
ponent after thresholding, and Hype. indicate specular highlights detected by brightness and low-
saturation/variance criteria; then

Mhard = Mellipse . (]- - Hspec)» M = Mhard . (1 - exp( - D2/(2U§)))7 (3)

4
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where D is the Euclidean distance transform on My,.q (zero on the background—-retina boundary)

and o, controls the softness. Given micro patch supports {Rk}ff;”l aligned with X,,,, we compute
per-patch mask means my, and define soft gates with stability floor « € [0, 1):

1
mrg = 75—

Rl Z M(u,v), wp=a+1—a)me, X, =wp X 4)

(u,v)E R

The gated micro tokens X/ are fed to attention and subsequent stages; this preserves gradient
flow through wy, and ensures non-degenerate features near fundus boundaries. By construction,
M is differentiable (via the smooth exponential and patch averaging), which allows end-to-end
optimization. The parameter o, controls how rapidly the mask tapers near the fundus edge, and «
prevents vanishing features for boundary patches by imposing a minimum gate.

3.3 VASCULAR-BIASED MICRO—MACRO ATTENTION

We fuse local lesion cues with global vascular anatomy using bidirectional micro-macro cross-
attention augmented by vesselness- and position-aware biases. Vesselness is computed from the
green channel using a standard filter (e.g., Frangi), normalized to V' (u,v) € [0, 1]. Per-patch vessel
densities are

m 1 M 1
v = |R7| Z V(ua U)v v = @ Z V(U,U), (5
(u,v)ER; (u,v)ER;

and yield an additive vascular bias together with a relative positional bias:

m, M / — ||SZ X SJH% (©6)
i i 20127 )

with scalar weights 3, 5, > 0.

Let X,, « X! for brevity. For M attention heads (index suppressed) with projections
Wf(z'), W;(;),WS{) € R¥™dn d, = d/M, we write

Qn =X, WI', K, =X, Wi, Vo, =X, WL Q= Xy WL Ky = Xy WY, vy = Xy W)L
@)

Bidirectional cross-attention with additive vascular/positional biases and an optional neighborhood

mask AN (z) on the macro grid proceeds as

0, JeN(@)

gt _ Qi Karg)
K —o00, otherwise,

Vdp,
A, p = softmax; (LmHM)7 O.,.=A,mVu,
, iy Ko )
Ly~m = Qs Komii) + Bubij + Bppij,  Aniom = softmax; (LM7™), On = Ay Vi

Vi,
®)

With residual connections and normalization, we obtain

+ B’ubij + 6ppij + Xigs  Xij = {

Z,, = LN(X,, + MH(O,,)), Zy = LN(Xp + MH(Oy)), €))

where MH aggregates heads. The macro features are upsampled to the micro grid and fused via a
convolution-augmented feed-forward network:

Z =[Zy; Up(Zy),  Z=LN(Z)+ ConvFFN(Z). (10)

This module emphasizes vascular regions and spatially proximate context, reflecting clinical priors
for DR, while bounding complexity through N (7). The vesselness bias 3,b;; prioritizes informa-
tion exchange along the vascular tree where lesions concentrate, the positional bias 3,p;; promotes
locality to maintain anatomical coherence, and N (%) can restrict interactions to a neighborhood to
control computational cost. The fusion preserves micro-scale detail via Z,,, while injecting macro-
scale structure via Up(Zyy), supporting lesion—context integration without tiling.
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3.4 GRADING HEAD AND EMBEDDING

Given fused micro-scale tokens Z € RVmxd

pooling followed by a linear classifier:

, we obtain a penultimate embedding by global average

N,
] Nm
h(l) = o > ZicR%, £=W,h(I)+b,cR’ == softmax(e), (11)
moi=1

where d,, can equal d or a reduced dimension via a bottleneck. The embedding h(I) serves both
grading and calibration objectives.

3.5 ORDINAL CALIBRATION AND ROBUSTNESS LOSSES

The training objective combines standard classification, ordinal-aware supervised contrastive cal-
ibration, and consistency under Fourier-based low-frequency style perturbations. Together, these
losses maximize accuracy, preserve the ordinal structure of grades, and stabilize predictions under
illumination and device shifts.

3.5.1 CLASSIFICATION LOSS
Lety € {0,1,2,3,4} be the ground-truth label and {w, }2_, nonnegative class weights (w. = 1 for
unweighted). The cross-entropy is

4
Leo == wel{y=c}logme. (12)
c=0

3.5.2 ORDINAL SUPERVISED CONTRAST

For a minibatch {(I;,y;)}2.,, define L2-normalized embeddings z; = h(I;)/|/h(I;)||2 and ordinal
weights w;; = exp(—£|y; — y;|) with k > 0. Using temperature 7. > 0, the ordinal-aware
supervised contrastive loss is

B B T, .
ﬁsupcon _ % Z ) Z wis log BeXP (Zi Z; /Tc> ) (13)
=1 Jj=1 xp(z z
i kzle p () 2k /7e)
i

This encourages adjacent grades to be closer while pushing apart distant grades in the embedding
space.

3.5.3 FOURIER CONSISTENCY REGULARIZATION

To promote robustness to illumination and style shifts while preserving geometry, we perturb the
input in the Fourier domain by modifying low-frequency amplitudes Yang & Soatto (2020). For
each channel, let 7(I) = A ® €'® be the 2D FFT with amplitude A and phase ®. Using a low-
frequency mask My € {0, 1}7*W  scale-and-noise perturbed amplitudes are

A=A0 1+ (s-1)Mg)+e0 My, I'=F Ao, (14)

with s sampled from a small interval around 1 and € small zero-mean noise. Denoting predictions
on I and I’ as 7w and 7/, a symmetric KL consistency penalty is

Lireq = KL(w || ') + KL(w" || ). (15)

3.5.4 ToTAL OBJECTIVE

The overall training objective combines accuracy, ordinal calibration, and robustness with nonnega-
tive weights A\, Ao:
»Ctotal = £ce + )\1 ['supcon + )\2 »Cfreq~ (16)
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During backpropagation, gradients flow through gating (Eq. 4), vascular-biased attention (Eqs. 6—
10), and the frequency perturbation pathway (Eq. 14), jointly optimizing anatomical focus, multi-
scale fusion, ordinal structure, and robustness. The term L. drives class discrimination, Lsupcon
aligns the embedding with the ordered nature of DR grades and reduces far-off misclassifications,
and Ly stabilizes predictions under realistic style shifts. We evaluate the contribution of each
component, namely micro—macro fusion for lesion—context integration, anatomical gating for arti-
fact suppression, and ordinal and robustness losses for calibrated, shift-tolerant predictions, through
comparisons to baselines and targeted ablations on public DR datasets.

4 EXPERIMENTS

4.1 EXPERIMENTAL SETTINGS
4.1.1 DATASETS AND EVALUATION METRICS

We conduct experiments on the APTOS 2019 blindness detection dataset, which supports five-class
diabetic retinopathy (DR) grading. The ordinal labels 0 to 4 correspond to No DR, Mild, Moderate,
Severe, and Proliferative DR (PDR), respectively. To preserve the inherent ordinal nature of the
task and ensure robust evaluation, the dataset is partitioned using stratified 80/20 train-validation
split based on class labels. All reported results in this work are based on the validation set to
maintain consistency and prevent data leakage. Model performance is evaluated using multiple
metrics, including accuracy (Acc), quadratic weighted kappa (QWK), precision (Prec), recall (Rec),
Fl1-score (F1), and the area under the ROC curve (AUC). For each method, we report the results
from the epoch achieving the best validation accuracy.

4.1.2 BASELINES

To evaluate the effectiveness of the proposed method, we compare it with several widely used convo-
lutional neural network architectures that serve as strong baselines for image classification. Specif-
ically, we consider ResNet-50, VGG-16, Inception-v3, and MobileNetV3. These models represent
different design philosophies, including deep residual learning, classical convolutional architectures,
multi-scale feature extraction, and lightweight mobile-oriented networks. For a fair comparison, all
baselines are trained under the same experimental protocol. Each model is initialized with ImageNet
pre-trained weights and fine-tuned on the target dataset. The final classification layer is replaced to
match the number of categories in our task. Training is performed using the same data preprocessing,
optimizer configuration, and training schedule across all models.

4.1.3 IMPLEMENTATION DETAILS

Experiments are conducted on the APTOS 2019 benchmark. During training, we apply light data
augmentation consisting of random horizontal flipping and mild color jittering, which preserves le-
sion appearance while providing limited diversity. The model is trained for 50 epochs with AdamW.
The initial learning rate is set to 1.5 x 10™* with a weight decay of 5 x 10~3. We employ a linear
warm-up for the first 5 epochs, followed by cosine annealing to a minimum learning rate of 1 x 1075,
The batch size is 4, and gradient clipping with a maximum norm of 1.0 is applied to stabilize opti-
mization. For supervision, we adopt a class-balanced cross-entropy loss together with two auxiliary
objectives. The cross-entropy term uses effective-number class weights and label smoothing with
a factor of 0.1. In addition, the ordinal semantic compactness constraint and the frequency-based
consistency regularization are incorporated with weights A\; and A\o. Their coefficients are linearly
increased during the first 5 epochs to target values of 0.15 and 0.30, respectively.

4.2 MAIN PERFORMANCE COMPARISON

Table 1 summarizes the quantitative comparison between our method and the baseline architectures.

Among the baseline models, ResNet-50 achieves the strongest performance, reaching an accuracy
of 58.0% and an AUC of 0.807, indicating the effectiveness of deep residual learning for this task.
VGG-16 and Inception-v3 achieve comparable results with accuracies of 52.7% and 52.0%, re-
spectively. The lightweight MobileNetV3 shows lower performance, reaching 44.7% accuracy and
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Table 1: Performance comparison with standard CNN baselines. Results are reported at the epoch
achieving the best validation accuracy.

Method AcctT QWK1 PrecT RectT AUCYT
ResNet50 0.580 0.649 0.582 0.580 0.807
VGG16 0.527 0569  0.523 0.527 0.771

InceptionV3 ~ 0.520 0.537  0.509 0.520 0.761
MobileNetV3  0.447  0.361 0.430 0447 0.718
Ours 0560 0508 0.567 0.560 0.797

0.718 AUC, which suggests that aggressive model compression may reduce representation capacity
for this problem. Our method achieves an accuracy of 56.0% and an AUC of 0.797, outperform-
ing several commonly used architectures including VGG-16, Inception-v3, and MobileNetV3. In
particular, compared with VGG-16, our approach improves accuracy by 3.3 percentage points and
increases AUC from 0.771 to 0.797. Similar improvements are observed over Inception-v3, where
our method achieves +4.0% higher accuracy. Although ResNet-50 remains the strongest baseline
in terms of raw accuracy, the proposed approach achieves competitive performance while maintain-
ing balanced results across precision, recall, and Fl-score. These results suggest that the proposed
method provides a robust alternative to standard CNN architectures and performs consistently better
than several widely used baselines.

4.3  VISUALIZATION COMPARISON

V3

Mob n
predication=2 cation=3 cation= cation=3 predication=2
confidence=0.724 confidence=0.582 confidence=0.. confidence=0. confidence=0. confidence=0.588

Figure 2: Visualization results from GradCAM between our method and the other baseline methods.

We further visualize class activation maps (CAMs) for representative cases to examine the spatial
evidence used by different models. Fig. 2 shows two fundus images where predictions from several
baselines are inconsistent with the ground truth. In the first case (true label: grade 3), VGG16
and our model correctly identify the severity, whereas ResNet50 and MobileNetV3 underestimate
the grade and InceptionV3 overestimates it. The corresponding CAMs reveal that several baselines
attend to scattered retinal regions, while our model concentrates on lesion-prone areas with clearer
and more compact responses, suggesting improved localization of pathological cues. In the second
case (true label: grade 2), multiple baselines misclassify the image as higher severity levels, whereas
our model and ResNet50 predict the correct grade. The visualization indicates that misclassified
models tend to highlight broader background regions, while our model focuses on localized lesion
structures, leading to a more consistent grading decision. Overall, these examples suggest that our
model produces more concentrated and pathology-aware activation patterns, which aligns better
with clinically relevant retinal structures and contributes to more reliable DR grading.
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Figure 3: Learning curves over 50 epochs.

Table 2: Ablation study of the proposed PyT-SORD++ framework. Each row removes specific
components from the full model.

Method AccT QWKT PrecT FIT AUCT
PyT-SORD++ (Full) 0.560 0.508  0.567 0.556 0.797
w/o FBS 0533 0.572 0521 0526 0.768
w/o PosBias 0.520 0529 0512 0510 0.768
w/o FBS + VAB + PosBias  0.507  0.535  0.510 0.503 0.765
w/o FBS + VAB 0.500 0514 0477 0485 0.752
w/o FBS + PosBias 0487 0454 0482 0478 0.740
w/o VAB 0453 0462 0467 0436 0.741
w/o VAB + PosBias 0453 0440 0422 0426 0.726

4.4 TRAINING DYNAMICS AND CONVERGENCE

Fig. 3 shows the training dynamics over 50 epochs. The model improves rapidly in early train-
ing, with QWK increasing from 0 to 0.51 and accuracy from 20% to 35%, while AUC rises from
0.65 to 0.69, indicating improved ranking ability. During the middle stage, the cross-entropy loss
decreases steadily and validation metrics (F1, AUC, and accuracy) continue to improve with mod-
erate fluctuations, suggesting stable optimization under the joint loss formulation. As the frequency
regularization weight reaches its scheduled maximum, the model gradually incorporates frequency-
domain constraints without destabilizing training. In the later stage (epochs 30-50), the training
process stabilizes and the model converges. Despite occasional gradient anomalies, gradient clip-
ping and AMP scaling maintain stable optimization. Overall, these results demonstrate consistent
convergence and stable multi-objective training dynamics.

4.5 ABLATION STUDIES

To better understand the contribution of each design component in PyT-SORD++, we conduct a
series of ablation experiments by selectively removing modules from the full model. Table 2 sum-
marizes the quantitative results. We first evaluate the contribution of each component independently.
Removing the Feature Balance Strategy (FBS) reduces accuracy from 56.0% to 53.3% and decreases
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AUC from 0.797 to 0.768. This result indicates that balanced integration of multi-scale representa-
tions is important for jointly capturing micro-lesion details and global anatomical context. Elimi-
nating the Positional Bias (PosBias) also leads to a performance drop, yielding 52.0% accuracy and
0.768 AUC. The decrease suggests that spatially informed attention improves the model’s ability to
focus on clinically relevant retinal regions. The most substantial degradation occurs when removing
the Vascular-Aware Bias (VAB). Without this component, performance drops to 45.3% accuracy
and 0.741 AUC, highlighting the importance of incorporating vascular priors when modeling the
interaction between local lesion cues and global anatomical structures.

When FBS and PosBias are both removed, accuracy drops further to 48.7%, with an AUC of 0.740,
indicating that the pyramidal representation and spatial priors complement each other in preserv-
ing meaningful structural information. Removing both FBS and VAB results in 50.0% accuracy
and 0.752 AUC, suggesting that while multi-scale feature balancing improves performance, the
vascular-aware attention provides a stronger structural constraint. The configuration removing all
three components (FBS, VAB, and PosBias) yields 50.7% accuracy and 0.765 AUC, which remains
noticeably lower than the full model. This observation confirms that the joint presence of pyrami-
dal feature balancing, anatomy-aware spatial priors, and vascular-guided attention contributes to the
most robust representation. Finally, the variant without VAB and PosBias achieves the lowest AUC
(0.726) among all configurations, further emphasizing the importance of anatomy-aware attention
mechanisms.

The ablation results provide several insights into the design of PyT-SORD++. First, the pyrami-
dal representation with feature balancing helps maintain consistent performance by preserving both
micro-level lesion signals and macro anatomical context. Second, anatomy-aware attention mech-
anisms, particularly the vascular-aware bias, play a critical role in guiding the model toward clin-
ically meaningful structures. Third, the combination of spatial priors and vascular-aware attention
improves robustness by constraining the attention distribution to anatomically plausible regions.

5 CONCLUSION

We tackle reliable five-class diabetic retinopathy grading from single fundus images, aiming to de-
tect micro-lesions in their vascular context while maintaining calibration across device and illumi-
nation shifts. We present PyT-SORD++, a single-pass pyramidal transformer that preserves fine
detail and global anatomy via anatomy-aware token gating and vascular-biased micro-to-macro at-
tention. The training objective unifies supervised classification, ordinal contrastive calibration, and
Fourier-based style consistency to couple discriminative accuracy with device-tolerant behavior. On
public DR benchmarks, PyT-SORD++ improves accuracy, maintains ordinal consistency, and yields
better calibration and robustness than strong CNN and transformer baselines. It notably reduces
large-grade misclassifications, enabling more reliable single-pass risk stratification. We will pur-
sue device-diverse, prospective multi-center validation and integrate uncertainty-aware calibration
to support clinician-in-the-loop triage and safe deployment.
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DC-SSNET: LINEAR-TIME STATE-SPACE DIABETIC
RETINOPATHY GRADING WITH THIN-STRUCTURE
PRESERVATION AND OVERLAP-AWARE TRAINING

Anonymous Author(s)

ABSTRACT

Diabetic retinopathy grading from single-field fundus photographs is a five-class
ordinal problem in which subtle micro-lesions and thin vessels are blurred by
downscaling, global context is expensive to capture at clinical resolutions, and
class imbalance with near-boundary overlap confounds intermediate grades. We
introduce DC-SSNet to improve lesion visibility, encode global context efficiently,
and mitigate ordinal overlap under practical computation at 512x512. The model
couples lesion-aware modulation, an efficient state-space encoder, and objec-
tives tailored to imbalance and overlap: a dynamic, cluster-aware emphasis mod-
ule combines image gradients with Laplacian-of-Gaussian responses to highlight
lesion-prone regions while preserving vessels; a multi-stage encoder uses selec-
tive two-dimensional state-space scans, a local-global memory split, and oriented
thin-structure fusion to achieve linear-time global mixing without sacrificing fine
detail; and training integrates lesion-size-aware sampling with a loss that blends
a class-balanced focal term and a prototype neighborhood components analysis
regularizer to reduce inter-class embedding overlap. On APTOS 2019 with a
stratified 80/20 validation split, the primary metric is quadratic weighted kappa,
with macro AUC and specificity secondary. Extensive experiments on a public
diabetic retinopathy grading benchmark demonstrate the effectiveness of the pro-
posed method and components. These findings show that global context can be
aggregated efficiently while preserving fine structure at practical resolution and
highlight directions to improve sensitivity and separation between adjacent grades
for scalable DR screening.

1 INTRODUCTION

Automated analysis of retinal fundus photographs has become a central computer vision task in
medical imaging, with diabetic retinopathy (DR) screening a prominent use case. DR grading from
single-field fundus images is a five-class, ordinal problem that must detect minute lesions such as
microaneurysms while reasoning over global retinal context. Reliable grading at clinical resolution
is crucial for early referral and treatment, yet remains challenging due to variability in image quality,
devices, and patient populations. This work addresses the problem of accurate, robust, and efficient
DR grading from high-resolution fundus photographs.

Convolutional networks and attention-based encoders have advanced DR screening by leveraging
large-scale pretraining, multi-scale features, and long-range dependencies Gulshan et al. (2016); He
etal. (2016); Dosovitskiy et al. (2021); Liu et al. (2021). These advances deliver strong baselines, but
practical constraints persist. Clinical-resolution inputs are frequently downsampled or tiled, which
can suppress thin vessels and micro-lesions or break global context. Generic augmentations and ag-
gressive resizing may diminish low-contrast cues, while obtaining global context at high resolution
is computationally demanding. Severe class imbalance and overlap near ordinal boundaries lead to
confusion among intermediate grades, and acquisition artifacts, domain shift, and view variability
reduce generalization. Recent state-space models offer linear-time global mixing without quadratic
attention Gu & Dao (2024); Liu et al. (2024), yet they are seldom coupled with mechanisms that
preserve lesion-level detail under clinical constraints.
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Addressing these limitations matters for both clinical outcomes and scalable deployment. Sensi-
tivity to early, subtle lesions determines timely intervention, while precise separation near ordinal
boundaries influences referral thresholds and resource allocation. Methods that preserve fine detail
and global context can reduce missed diagnoses and false referrals. Efficiency at high resolution en-
ables routine use on commodity hardware, and robustness to acquisition variability supports broader
adoption across diverse settings.

We introduce DC-SSNet, a DR grading framework that integrates content-adaptive lesion emphasis
with an efficient encoder for global and local context, and a training strategy aligned with ordinal
structure and class imbalance. The core idea is to amplify lesion-prone patterns without erasing
thin structures, while using attention-free sequence mixing to capture long-range relationships at
a practical computational cost. The approach steers learning toward rare and borderline cases to
improve separability near grade boundaries and enhance generalization across views and devices.
Together, these components aim to restore clinically meaningful detail, maintain global awareness,
and improve reliability under real-world variability.

Our main contributions are as follows.

* We present DC-SSNet, a high-resolution DR grading framework that preserves fine, low-
contrast lesions while retaining global retinal context within a practical compute budget.

* We propose a content-adaptive emphasis mechanism that highlights lesion-prone regions
and mitigates artifacts and view variability without sacrificing thin structures.

* We design a training strategy that combines targeted sampling with ordinal- and imbalance-
aware supervision to improve separation near boundary grades and handle rare cases.

* We provide a systematic empirical evaluation with ablations and qualitative analyses that
link model cues to clinical findings and show consistent gains on a public benchmark.

2 RELATED WORK

2.1 CNN- AND TRANSFORMER-BASED DIABETIC RETINOPATHY CLASSIFICATION

Transfer learning with convolutional neural networks (CNNs) set strong baselines for diabetic
retinopathy (DR) screening and multi-class grading from fundus photographs. Clinical-scale sys-
tems based on Inception- or ResNet-like backbones reported high sensitivity and specificity across
diverse cohorts and supported the feasibility of autonomous DR screening in practice Gulshan et al.
(2016); Ting et al. (2017); He et al. (2016); Tan & Le (2019). Later studies examined deeper
or more parameter-efficient backbones, multi-scale preprocessing, and interpretability to stabilize
performance across imaging protocols and devices; CAM-based visualizations (e.g., Grad-CAM)
were used to check that highlighted evidence aligned with lesion locations Selvaraju et al. (2017).
Recently, Transformer encoders have been adopted to model long-range dependencies via self-
attention; ViT/DeiT and hierarchical or windowed variants such as Swin and PVT have been adapted
for fundus classification through ImageNet pretraining and fine-tuning Dosovitskiy et al. (2021);
Touvron et al. (2021); Liu et al. (2021); Wang et al. (2021). Deploying attention at clinical resolu-
tions (2-6K) often requires downscaling, tiling, or multicrop pipelines that can reduce the visibility
of tiny lesions and complicate training and calibration.

Compared with this line of work, we target fine-grained 5-class DR grading by preserving tiny, clus-
tered lesions while capturing global context within a realistic compute budget. We replace quadratic
self-attention with state-space layers that scale linearly and pair them with lesion-aware training and
class-imbalance- and overlap-aware objectives to improve sensitivity near grade boundaries.

2.2  STATE SPACE MODELS FOR VISION AND MEDICAL IMAGING

Structured state space models (SSMs) reintroduce sequence layers with very long effective context
and linear-time complexity. S4 formalized stable, long-range dynamics for deep learning, and selec-
tive SSMs such as Mamba modulate input- and state-dependent updates to achieve high throughput
and memory locality for long contexts Gu et al. (2022); Gu & Dao (2024). Vision adaptations take
both token- and map-centric forms: Vision Mamba provides competitive visual encoders without
quadratic attention, and VMamba introduces 2D selective scanning (SS2D) that aggregates global
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Figure 1: Overview of DC-SSNet for five-class diabetic retinopathy grading. The framework in-
cludes cluster-aware dynamic augmentation, a multi-stage encoder with progressive sensitivity en-
coding, lesion-size—aware sampling, and an objective that accounts for class imbalance and inter-
class overlap through class-balanced focal loss and prototype regularization.

context via multidirectional recurrences over feature maps Zhu et al. (2024); Liu et al. (2024). In
medical imaging, U-shaped hybrids (e.g., U-Mamba) embed SSM blocks into encoder—decoder net-
works to capture global context for segmentation with good accuracy—efficiency trade-offs compared
with Transformer counterparts at clinical resolutions Ma et al. (2024). Despite this progress, most
Mamba-based medical work focuses on dense prediction, and far fewer studies address image-level
grading with subtle, high-frequency cues under weak supervision.

Building on these advances, we adapt SS2D to image-level DR severity grading by coupling effi-
cient four-way scans with thin-structure-preserving fusion. This provides linear-time global context
aggregation tailored to fundus images, enabling high-resolution inputs and improved sensitivity to
micro-lesions without the overhead of full self-attention.

2.3 MULTI-SCALE FUSION, TARGETED AUGMENTATION, AND
IMBALANCE-/OVERLAP-AWARE LEARNING

Multi-scale fusion is central to preserving small structures and global context in retinal images.
Feature pyramids and U-shaped designs route high-resolution features to deeper stages, while high-
resolution backbones maintain parallel streams to mitigate over-smoothing of vessels and micro-
lesions Lin et al. (2017a); Ronneberger et al. (2015); Sun et al. (2019). Augmentation and normal-
ization also affect lesion visibility: contrast-limited adaptive histogram equalization (CLAHE) can
enhance low-contrast lesions, whereas mix-based policies (e.g., MixUp) may distort thin vascular
structures if applied indiscriminately Zuiderveld (1994); Zhang et al. (2018). Beyond architecture
and augmentation, objectives that address long-tailed distributions and near-boundary confusion
have been effective: focal and class-balanced losses reweight rare or hard examples, and margin-
based or contrastive formulations (e.g., LDAM, SupCon) improve separation near ambiguous grades
Lin et al. (2017b); Cui et al. (2019); Cao et al. (2019); Khosla et al. (2020). In object detection,
adaptive training sample selection (ATSS) provides a mechanism to emphasize dense, small targets,
which translates naturally to lesion-size—aware cropping and sampling in DR classification Zhang
et al. (2020).

Our pipeline combines a thin-structure-preserving U-shaped fusion pathway with efficient SS2D-
based global propagation, lesion- and macula-aware augmentations that maintain vascular morphol-
ogy, and class-imbalance- and overlap-aware objectives.
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3 METHODOLOGY

We present DC-SSNet for five-class diabetic retinopathy (DR) grading from retinal fundus images.
The model couples a cluster-aware dynamic augmentation module that emphasizes lesion-prone
regions with a multi-stage encoder using progressive sensitivity encoding to capture local-to-global
dependencies while preserving thin structures. Training uses an objective that accounts for class
imbalance and inter-class overlap by combining a class-balanced focal term with a prototype NCA
regularizer.

3.1 RETINAL DR ENCODER

Let I € RBX3xHoxWo denote a preprocessed mini-batch of RGB fundus images. A convo-
lutional stem produces early features Fypey € REXC1XH1XWi A gpatial importance mask
Myyg € REXIXHIXW1 g computed from Fygenm by the cluster-aware dynamic augmentation mod-
ule and is used to modulate features entering a multi-stage encoder. The encoder has S' stages with
progressive sensitivity encoding (PSE), yielding features {F}J_; with Fig € REXCsxHsxWs e
obtain the final representation by global average pooling z = GAP(Fs) € RP*P and a linear clas-
sifier that produces logits £ = W5z +bcis € REx5, Training uses the imbalance- and overlap-aware
objective defined in Section 3.5.

To preserve spatial emphasis at multiple resolutions, the single mask M, computed at resolution
(Hy, Wh) is bilinearly resized to each stage resolution and used to modulate stage inputs.

3.2 CLUSTER-AWARE DYNAMIC AUGMENTATION

The augmentation mask fuses gradient and Laplacian-of-Gaussian (LoG) responses computed on
early features to highlight lesion clusters and thin vessels. Let S, S, be fixed Sobel filters and LoG
a fixed Laplacian-of-Gaussian kernel. Define channelwise gradient and LoG responses and their
channel-averaged magnitudes:

Gz = Fitem * Sa, Gy = Llstem * Sya Mg = \/ meanc(Gi + G§)7 (1)

H= ‘Fstem * LOG‘, Mi,oc = mean.(H),
where * denotes 2D convolution applied per channel and mean, averages over channels. A per-
batch affine normalization N'(M) = %ﬁ? with small € > 0 is applied to My and My,,c. The
fused mask is
MaugZO(’}/N(Mv)-i-nN(MLog)—T) € REXIXHIXW1 ?)

where o(-) denotes the logistic sigmoid and (-, 7, 7) are learnable scalars. For any stage-aligned
feature map F' € REXCXHXW and a mask M € REX1XHXW feature modulation is defined as

Mcapam(M,F)=F® (1+AM), A >0, (3)

where © denotes elementwise multiplication with broadcasting over channels.

3.3 LESION-SIZE—-AWARE SAMPLING

During training, lesion-focused crops are generated to increase exposure to small, clustered le-
sions. Let P(Mayg) return a set of K non-overlapping local maxima {(ug,vg)}< | obtained
by non-maximum suppression on M,y,e. For each center (ux,vy) and a set of crop radii R =
{p1,...,pr}, a crop is extracted from the original image I by a differentiable cropping operator
crop(I, (ug,vy), p) followed by resizing to the network input. Each crop passes through the shared
backbone to yield embeddings and logits {z(%7), ¢(*7)} with the same image-level label. At infer-
ence, only the full-resolution input is used.

The classification and prototype terms (Section 3.5) are computed over the union of full images and
lesion-focused crops, averaged per original sample:

. 1 , .
£sample (Z) = H—TR Z (Ecb—focal@a k7 T) + )\protoﬁproto(la k; ’I")) P (4)
(k,r)€{0}U([K]xR)
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where (k,7) = 0 denotes the full image, [K] = {1,..., K}, and the batch loss averages Lsample(?)
overi=1,...,B.

)

3.4 PROGRESSIVE SENSITIVITY ENCODING

Progressive sensitivity encoding (PSE) captures spatial dependencies using linear-complexity selec-
tive scans along the horizontal and vertical axes and separates short- and long-memory dynamics.
Each PSE block combines selective 2D state-space scans, a local-global memory split, and oriented
thin-structure fusion.

3.4.1 SELECTIVE 2D STATE-SPACE SCANS

Given F' € REXCXHXW ‘ner channel parameters (a, b, ¢, d) € REXC*1x1 are produced by a 1 x 1
projection, with a = tanh(é) to ensure stability. Horizontal and vertical recurrences are

hij=a®h;j_1+b0 F;j, YISI =cOhi; +dOF;;, hjp=0, 5)
Vij = a ® Vi—1,5 + b@ Fi,jv Y;‘/] =c® Vi, + d@ Fi,jv Vo, = 0,

where (i, 7) index spatial positions and ® denotes elementwise multiplication. The scan output is
Y =YH 4+ YV, followed by a residual connection and normalization.

3.4.2 LOCAL-GLOBAL MEMORY SPLIT

To separate short-range lesion cues from long-range context, two parallel streams share (b, ¢, d) and
differ only in the memory coefficient via a learnable shift ¢:

ar, = tanh(a — 9), ag = tanh(a +9), § € RBXOx1x1, (6)

Applying the scan equations with a, and a¢ yields Y7, and Y, respectively, which favor short and
long effective memory.

3.4.3 ORIENTED THIN-STRUCTURE FUSION

Thin retinal structures are preserved through orientation-aware fusion. Let {Kj}oco be a small
bank of oriented depthwise separable kernels. Orientation-aggregated responses for the two streams
are

Ry => |VpxKo|, Ra=)Y_|YoxKol, (7
0co [USC)

with softmax normalization across streams to obtain attention maps Ay, Ag € REXIXHEXW.
[AL7 AG] = SOftmaXstreams([RLv RGD (8)

The fused output is
Fpsp = AL O YL, + Ag © Yag, )
optionally followed by a pointwise projection and residual addition.

3.5 IMBALANCE- AND OVERLAP-AWARE OBJECTIVE

Let 2 € RB*P denote pooled embeddings and ¢ € RB*5 the logits. The softmax probability
for sample ¢ and class ¢ is p; . = Softmax(¢;)., and y; € {0,...,4} denotes the ground-truth
label. The objective combines a class-balanced focal classification term with a prototype-based
NCA regularizer.

3.5.1 CLASS-BALANCED FOCAL TERM

Rare classes are re-weighted using effective-number-derived weights a. > 0, and hard examples
are emphasized by the focusing parameter v, > 0. The per-sample term is

B
1 .
Lobtocal = —55 >y, (1= piy,)"™ logpiy,. (10)
i=1
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3.5.2 PROTOTYPE NCA REGULARIZER
To reduce inter-class embedding overlap, unit-norm class prototypes {pe € RP}4_ are maintained
via an exponential moving average (EMA). Let 2; = B H denote the normalized embedding and

NPateh the number of class-c samples in the mini-batch. The EMA update with momentum m €
[0,1)1is
m e + (1 - m) max(L]Né)atch) Zl yi=c éi

pe + 1 : (1)
Hm'uc + (1 - m) max(1,Nbateh) Zz yi=c Zi 9
With cosine similarities s; . = é,zruc and temperature 7 > 0, the NCA-style loss is
B exp 51,% /7')
Eproto = - Z (12)

D esty, XD (8i,6/7)°

3.5.3 TOTAL TRAINING OBJECTIVE

The overall objective combines the classification and prototype terms:

'Ctotal = ['Cb—focal + )\proto £protoa (13)

with trade-off A\prot0 > 0. During training with lesion-size—aware sampling, both terms are averaged
over the full image and the lesion-focused crops per sample as described above.

4 EXPERIMENTS

4.1 EXPERIMENTAL SETTINGS
4.1.1 DATASETS AND EVALUATION PROTOCOLS

We evaluate on the APTOS 2019 Blindness Detection dataset of color fundus photographs annotated
with five ordinal diabetic retinopathy (DR) grades (0—4). All experiments use a stratified split of the
official training set into 80% training and 20% validation to preserve class proportions. Images
are resized to 512x512 pixels. During training, we use color jitter (brightness/contrast/saturation
factors 0.2; hue 0.02), random horizontal/vertical flips, and normalization using ImageNet channel
means and standard deviations; validation uses only resizing and normalization.

4.1.2 BASELINES

For comparison, we include published validation results on APTOS 2019 for widely used convolu-
tional and transformer architectures. These external baselines are VGG-16, ResNet-50, Inception
V3, and MobileNet, which span lightweight and deeper convolutional models reported in prior work
on this benchmark. All baseline networks are trained under the same experimental protocol to ensure
a fair comparison. The models are optimized using the same training schedule, data preprocessing
pipeline, and evaluation criteria. The best-performing checkpoint for each method is selected based
on validation performance. Following prior work in medical and ordinal classification tasks, we
report multiple evaluation metrics including Quadratic Weighted Kappa (QWK), accuracy (ACC),
precision, recall, Fl-score, specificity (SPEC), and the area under the ROC curve (AUC). Unless
otherwise specified, metrics are computed on the held-out validation split. To reduce the risk of
spurious epoch-wise peaks, we load both the best score across epochs and the final score at the last
epoch.

4.1.3 MODEL AND TRAINING CONFIGURATION

Our model, DC-SSNet, uses a convolutional patch embedding (7 x7 stride 2 with batch normaliza-
tion and GELU, followed by a 3 x3 block), three stages of dual-channel state-space blocks, and a lin-
ear classification head. Each DCSS block consists of a grouped convolution with channel shuffle (4
groups), a selective two-dimensional state-space mixing module with depthwise and pointwise pro-
jections, gated mixing with learnable channel-wise parameters scaled exponentially at stage-specific
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Table 1: Comparison with baseline CNN architectures. The best result for each metric is shown in
bold.

Method QWK1 ACCtT Precision?T Recallt FI11 SPEC{T AUCT
VGG16 0.738 0.673 0.667 0.673  0.665 00918 0.860
MobileNetV3  0.622 0.587 0.576 0.587  0.577  0.897 0.826
InceptionV3 0.731 0.673 0.665 0.673  0.667 00918 0.900
ResNet50 0.777 0.680 0.679 0.680  0.667  0.920 0.897
Ours 0.727 0.667 0.720 0.667  0.645 00917 0.870

dilations A € {0.8, 1.0, 1.2}, and residual connections with batch normalization. Progressive sensi-
tivity encoding (PSE) is enabled by default. A local stream (kernel 3, A, = 0.5) and a global stream
(kernel 5, Ay = 2.0) are fused using channel- and spatial-weighting with a learnable balance pa-
rameter. An optional content-adaptive augmentation module (CADAM) computes a Sobel gradient
magnitude map on grayscale feature activations and modulates features as feat - (1+Acapam Maug)
with Acapam = 0.5 and My, € [0, 1]; this module is toggled in ablations. Stochastic depth with
drop-path rate 0.05 is applied within selective blocks.

Training uses AdamW with learning rate 3x 104, weight decay 0.05, and parameter grouping to
exclude biases and normalization parameters from weight decay. We train for 100 epochs with au-
tomatic mixed precision, gradient clipping at a global norm of 5.0, and batch size 8 for the main
comparison and 4 for ablations. The loss combines class-balanced focal loss (effective-number
weighting with 3 = 0.9999) and a prototype NCA regularizer (Aproto = 0.1 unless ablated). Pro-
totypes are kept as exponential moving averages of per-class feature means and are used within the
NCA-style objective to reduce inter-class embedding overlap. In our implementation, when com-
puted on detached features, the prototype regularizer does not backpropagate into the backbone and
serves as a regularizer for the prototype space.

4.2 MAIN PERFORMANCE COMPARISON

Table 1 reports the quantitative comparison between the proposed DC-SSNet and the baseline
models. Among all compared methods, ResNet50 achieves the best overall classification accuracy
(68.0%) and the highest QWK score (0.777), suggesting that deeper residual architectures remain
competitive for this task. However, our proposed approach demonstrates strong performance across
several complementary metrics. Specifically, our method achieves an AUC of 0.870, outperforming
VGG16 (0.860) and MobileNetV3 (0.826), while remaining competitive with ResNet50 (0.897). In
terms of precision, our model reaches 0.720, which is the highest among all evaluated methods,
indicating that the proposed approach produces more reliable positive predictions. Compared with
lightweight architectures such as MobileNetV3, our approach improves the QWK score by +0.105
and accuracy by +8.0 %, demonstrating substantially stronger ordinal prediction consistency. Fur-
thermore, our method maintains high specificity (0.917), comparable to other deep CNN baselines.
Although ResNet50 slightly outperforms our method in terms of accuracy and QWK, the proposed
model provides a more balanced trade-off across precision, specificity, and AUC. This suggests that
the proposed design improves prediction reliability while maintaining competitive overall classifi-
cation performance.

4.3 TRAINING DYNAMICS AND LEARNING CURVES

Figure 2 illustrates the training dynamics over 100 epochs, where evaluation metrics are plotted
using results sampled every five epochs for clarity. As training progresses, the optimization exhibits
a steady decrease in the training loss, dropping from 5.03 at the first epoch to 1.99 at epoch 100,
indicating stable optimization and effective parameter updates. Correspondingly, performance met-
rics show a consistent upward trend despite moderate fluctuations during the early training phase. In
particular, the quadratic weighted kappa (QWK) improves substantially from 0.30 to 0.80, reflecting
progressively better alignment with the ordinal grading structure. Similarly, accuracy increases from
34.7% to 64.7%, while F1-score rises from 0.29 to 0.64, suggesting balanced improvements in both
precision and recall.
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Figure 2: Learning curves on APTOS 2019.

Table 2: Ablation study of DC-SSNet. Each variant removes a specific component from the full
model.

Method QWKT ACCT PrecisionT RecallT FIT SPECT AUCT
w/o CADAM 0.639  0.600 0.590 0.600 0581 0900  0.843
w/o PSE 0.757  0.653 0.641 0.653 0.643 0913  0.882
w/o Overlap 0.610  0.580 0.630 0.580 0.557 0.895  0.831

DC-SSNet (Ours)  0.727 0.667 0.720 0.667  0.645 0.917 0.870

Notably, most metrics begin to stabilize after approximately 60 epochs, where the model enters a
relatively stable convergence regime. During this stage, performance continues to improve gradu-
ally, with AUC increasing from 0.61 in the early stage to 0.86 by the end of training, and specificity
consistently remaining above 0.88 in the later epochs. The overall trend demonstrates that the pro-
posed training strategy yields stable convergence while progressively enhancing both discriminative
ability and ordinal consistency. These observations confirm the robustness of the optimization pro-
cess and the effectiveness of the proposed framework in learning reliable representations for diabetic
retinopathy grading.

4.4 ABLATION STUDIES

To analyze the contribution of each component in DC-SSNet, we conduct ablation experiments by
removing individual modules while keeping the rest of the architecture and training configuration
unchanged. The evaluated components correspond to the key design elements introduced in the
method section, including the content-adaptive emphasis mechanism (CADAM), the patch structure
enhancement module (PSE), and the overlapping patch embedding strategy. All variants are trained
under the same settings, and the best-performing checkpoints are used for evaluation.

4.4.1 EFFECT OF CADAM

We first evaluate the effect of removing the content-adaptive emphasis mechanism (CADAM). As
shown in Table 2, removing CADAM leads to a clear degradation across all major metrics. The
QWK score drops from 0.727 to 0.639, while classification accuracy decreases from 66.7% to
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60.0%. Similarly, the AUC decreases from 0.870 to 0.843, and the F1 score falls from 0.645 to
0.581. These results indicate that CADAM plays an important role in highlighting lesion-prone
regions and guiding the network toward clinically meaningful cues, which improves ordinal consis-
tency and classification reliability.

4.4.2 EFFECT OF PSE

Next, we remove the patch structure enhancement (PSE) module to assess its impact. Without PSE,
the model achieves a QWK score of 0.757 and an AUC of 0.882, while the overall accuracy slightly
decreases to 65.3% compared with 66.7% for the full model. The precision and F1 score also
decline to 0.641 and 0.643, respectively. These observations suggest that PSE contributes to more
stable feature representation by strengthening local structural information, which benefits overall
classification consistency.

4.4.3 EFFECT OF THE OVERLAP PENALTY

Finally, we evaluate the overlapping patch embedding strategy. When the overlap mechanism is
removed, the model performance drops substantially. The QWK score decreases to 0.610, and
accuracy declines to 58.0%, representing the largest degradation among all ablation settings. The
AUC also drops from 0.870 to 0.831, while the F1 score decreases to 0.557. This confirms that
overlapping patches are critical for preserving spatial continuity and capturing fine-grained lesion
patterns across patch boundaries.

Overall, these ablation results demonstrate that each component contributes to the effectiveness of
DC-SSNet. In particular, the content-adaptive emphasis mechanism and overlapping patch embed-
ding play key roles in improving ordinal prediction quality and maintaining sensitivity to subtle
retinal lesions.

5 CONCLUSION

Grading diabetic retinopathy from single-field fundus photographs is ordinal and class-imbalanced,
demanding sensitivity to tiny lesions while preserving global context under practical compute. We
introduce DC-SSNet, a high-resolution framework that couples content-adaptive emphasis with
linear-time state-space encoding to fuse local detail and global context. Training addresses im-
balance and label overlap via class-balanced focal loss, prototype regularization, and lesion-size-
aware sampling. On a public benchmark, DC-SSNet attains competitive ordinal agreement with
modest computation. Ablations reveal that edge-centric emphasis and local-global fusion can mis-
allocate attention and that an overlap penalty does not sharpen boundaries, highlighting confusion
between adjacent grades. These findings support interpretable, compute-efficient retinal models
while underscoring sensitivity to cohort shift and fairness. We will replace edge-centric emphasis
with lesion-aware stage- and channel-gated modulation, tie prototypes to gradients, and validate at
higher resolution across multi-center cohorts to improve separation of adjacent grades.
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