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Abstract

Automated interpretation of medical images demands robust
modeling of complex visual-semantic relationships while ad-
dressing annotation scarcity, label imbalance, and clinical
plausibility constraints. We introduce MIRNet (Medical Im-
age Reasoner Network), a novel framework that integrates
self-supervised pre-training with constrained graph-based
reasoning. Tongue image diagnosis is a particularly challeng-
ing domain that requires fine-grained visual and semantic un-
derstanding. Our approach leverages self-supervised masked
autoencoder (MAE) to learn transferable visual representa-
tions from unlabeled data; employs graph attention networks
(GAT) to model label correlations through expert-defined
structured graphs; enforces clinical priors via constraint-
aware optimization using KL divergence and regularization
losses; and mitigates imbalance using asymmetric loss (ASL)
and boosting ensembles. To address annotation scarcity, we
also introduce TongueAtlas-4K, a comprehensive expert-
curated benchmark comprising 4,000 images annotated with
22 diagnostic labels—representing the largest public dataset in
tongue analysis. Validation shows our method achieves state-
of-the-art performance. While optimized for tongue diagno-
sis, the framework readily generalizes to broader diagnostic
medical imaging tasks.

Code — https://github.com/zijie8247/MIRNet
Datasets — https://doi.org/10.5281/zenodo.17557646

Introduction

Medical image diagnosis requires recognizing intricate vi-
sual patterns with domain knowledge, and this process de-
mands nuanced reasoning about statistically correlated di-
agnostic labels and clinical priors. In tongue analysis, for
instance, “pale tongue” frequently co-occurs with “white
tongue coating,” yet such domain knowledge still remain
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underexplored in current approaches. Recent years have wit-
nessed significant advances in automated tongue image di-
agnosis, yet critical limitations persist. Jiang et al. (2022)
proposed separate Residual Networks (ResNets) for indi-
vidual tongue labels with late-stage output fusion, neglect-
ing inter-label dependencies. While their work utilized a
substantial dataset of 8,676 expert-annotated images cover-
ing seven categories (fissured, tooth-marked, stasis, spotted,
greasy coating, peeled coating, rotten coating), this repre-
sents only a partial diagnostic spectrum, and the dataset re-
mains non-public. Liu et al. (2024) introduced LGAN, com-
bining streamlined Convolutional Neural Networks (CNNs)
with dual attention mechanisms (channel-wise + spatial)
for feature extraction, followed by bidirectional Recurrent
Neural Networks (RNNs) to model label correlations. Most
recently, Liang et al. (2025) developed IF-RCNet, a two-
tier architecture employing dilated convolutions for ex-
panded receptive fields and residual convolutional block at-
tention modules for feature fusion, enabling segmentation-
classification synergy. Despite these innovations, no existing
framework systematically addresses the following intercon-
nected challenges: (1) annotation scarcity hindering super-
vised learning in specialized domains, (2) severe label im-
balance skewing performance toward prevalent conditions,
(3) inadequate label correlation modeling limiting diagnos-
tic coherence, and (4) unconstrained predictions generating
clinically implausible outcomes.

In scientific domains including biomedicine, integrating
learning with reasoning has become increasingly vital — en-
hancing data efficiency, improving pattern recognition, and
yielding scientifically valid outcomes. Exemplifying this
synergy: Deep Reasoning Networks (DRNets) merge deep
learning with constraint optimization to embed thermody-
namic priors for automated material discovery (Chen et al.
2021), enabling accurate phase mapping of crystal mixtures
with limited unlabeled data; Physics-Informed Neural Net-
works (PINNs) encode governing differential equations di-
rectly into neural architectures (Cuomo et al. 2022), penal-
izing PDE violations during training to achieve robust so-



lutions in data-scarce engineering and biophysical applica-
tions. Yet in diagnostic medical imaging, particularly tongue
analysis, this paradigm of integrating domain knowledge
with data-driven learning remains critically under explored,
leaving substantial potential for improved diagnostic coher-
ence untapped.

To bridge this gap, we propose MIRNet, an end-to-end
architecture to integrate constrained graph-based reason-
ing with pre-training for tongue image diagnosis. First, our
MAE Visual Encoder (He et al. 2022) adapts Vision Trans-
formers to medical domains through self-supervised recon-
struction of masked anatomical regions, learning transfer-
able representations from unlabeled data. Second, the Con-
strained GAT Decoder (Velickovi¢ et al. 2018) processes
expert-defined label graphs—where nodes represent diag-
nostic labels and edges encode statistical co-occurrences,
while enforcing clinical plausibility through a custom loss
term encodes domain knowledge such as physiological
incompatibilities (e.g., “thin tongue” excludes “enlarged
tongue”). Third, joint optimization with asymmetric loss
handles label imbalance by down-weighting negative gradi-
ents for prevalent classes. Fourth, boosting ensembles iter-
atively refine predictions to enhance robustness. We evalu-
ate MIRNet on tongue image diagnosis using TongueAtlas-
4K, a comprehensive benchmark curated by medical experts.
This dataset contains 4,000 images annotated with 22 clin-
ically validated labels spanning tongue color, tongue shape,
property of tongue coating, and color of tongue coating.

Our work delivers four key contributions to tongue image
diagnosis and medical Al:

e MIRNet: A pioneering framework that integrates
self-supervised visual pre-training with constrained
graph reasoning, addressing annotation scarcity while
modeling diagnostic dependencies through clinical
knowledge graphs.

TongueAtlas-4K: The largest publicly available
expert-curated benchmark for tongue analysis, featur-
ing 4,000 images annotated with 22 clinically validated
labels spanning color, texture, and morphology to
accelerate community research.

Differentiable clinical constraint engine: A novel
constraint-aware optimization engine using KL-
divergence and domain-driven regularization losses
to encode medical knowledge (e.g., physiological
incompatibilities) as soft constraints and thus reduce
implausible predictions. The overall system further
employs asymmetric loss (ASL) to mitigate label
imbalance.

State-of-the-art performance: Our model consistently
outperforms all baselines across multiple metrics, im-
proving Macro Recall by 77.8% and Macro-F1 by
33.2% over the strongest competing method. Ablation
studies further validate the effectiveness of our proposed
components.

Preliminaries

This section formalizes the setting of multi-label medical
image diagnosis and highlights its characteristics.
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Problem Formulation

Let X = RHXWXC denote the medical image space and
Y = {0, 1}¥ the label space for K distinct diagnoses. Given
an image X € &, we aim to learn a mapping fp : X — Y
that predicts a label vector y = (y1,...,yx)  satisfying
clinical knowledge constraints while accounting for data dis-
tribution characteristics:

1. Clinical Constraints: The prediction must satisfy a set
of domain knowledge rules & = {¢;}7", where ¢; :

Y — {0, 1} is defined as: o~
¢;(y) =0
¢;(y) =1

with representative constraints:

<~
ad

constraint j is satisfied
constraint violation

* Mutual exclusion: ¢;(y) = yo - y» (e.g., diagnoses a
and b cannot co-occur)

* Co-appearance: ¢;(y) = |ya — ys| (e.g., @ and b must
both be present or both absent)

o Implication: ¢;(y) = ya - (1 — yp)
presence of b)

(e.g., a requires

. Label Imbalance: The data exhibits significant class im-
balance where 3k € {1,..., K} such that P(y;, = 1) <
7 with 7 < 0.5.

. Label Dependencies: Diagnoses exhibit statistical de-
pendencies characterized by non-zero off-diagonal co-
variance ¥;; = Cov(y;,y;) # 0 for some i # j.

A model for the problem must simultaneously:
* Guarantee clinical plausibility: ¢;(fp(X)) =0 Vj
¢ Maintain robustness under class imbalance (7 < 0.5)
* Exploit statistical dependencies (3 # Ix)

Therefore, for effective tongue image diagnosis, we seek
to develop a model fy that simultaneously: (i) Addresses
the data annotation scarcity, (ii) Enforces strict adherence
to clinical constraints ® through constraint-aware optimiza-
tion, (iii) Maintains robustness under severe class imbal-
ance (7 < 0.5), and (iv) Exploits statistical label depen-
dencies (X # IK). This requires integrated utilization of
clinical priors (via ®) and statistical priors (label distribu-
tions) during training, while ensuring all predictions satisfy

6;(fO(X)) =0Vj € {1,...,m}.

Methodology

In this section, we introduce MIRNet. The overall architec-
ture is shown in Figure 1, and each component is detailed in
the following subsections.

Masked Autoencoder Pretraining

To address the limited availability of annotated medical im-
ages, we adopt Masked Autoencoder (MAE) pretraining (He
et al. 2022) on large-scale unlabeled tongue image data.
MAE is a self-supervised learning paradigm that recon-
structs missing visual content from partial observations, en-
abling robust feature extraction suitable for downstream di-
agnostic tasks.
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Figure 1: The overall architecture of MIRNet. The central diagram shows the main workflow: a pretrained MAE extracts
image embeddings, a label graph is built from statistical dependencies, and a domain-aware GAT captures higher-order label
correlations. The model is then trained via a constraint-aware optimization mechanism. The left panel details domain-aware
pretraining and the GAT, while the right panel illustrates label graph construction and constraint-aware optimization.

Pretraining Workflow Given an unlabeled input image
X € RIXWXC the MAE workflow proceeds as follows:

1. Patch Partitioning. Divide X into N non-overlapping
patches:

X; € RPXPXC-

X = [X17X27"'7XN]7

Random Masking. Generate a binary mask M €
{0,1}" with a high masking ratio p = 0.75, yielding
visible patch set:

Xys = {xi | My =1}, N, =(1—-p)N.

. Encoder Processing. A Vision Transformer (ViT) en-
coder fe,c maps the embedded visible patches:

H= fenc(EXvis + P)7

where E is the patch embedding matrix and P positional
encodings.

. Decoder Reconstruction. A lightweight transformer de-
coder fg. reconstructs masked patches using encoder
outputs and mask tokens:

X = fdec([H7 Tmask])-

. Reconstruction Loss. The model minimizes the pixel-
wise mean squared error (MSE) over masked regions:

D7 lIxi — i3,

ieM

LMmag = M ={i| M; =0}.

b
M|
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Transfer Learning Protocol The MAE-pretrained en-
coder serves as the foundational visual front-end for our
diagnostic framework. Its general image features initialize
node embeddings in the subsequent Graph-Based Label Cor-
relation Modeling, establishing a visual-semantic prior that
bridges low-level image patterns with high-level diagnostic
concepts. This creates a unified pipeline where: (1) Anatom-
ically relevant regions within the extracted visual features
ground diagnostic predictions, and (2) Graph propagation
refines these predictions by leveraging statistical label de-
pendencies. The pretrained encoder thus provides the core
visual representation for the comprehensive diagnostic sys-
tem detailed in later sections.

Graph-Based Label Correlation Modeling

We extend the standard GAT to a framework tailored for di-
agnostic label modeling. Our approach operates on a label
graph G = (V, &), where:

* Nodes V = {v1,...,vk } represent diagnostic labels.
¢ Edges & encode statistically significant co-occurrence.

Label Graph Construction Define the binary label ma-
trix Y € {0,1}V*X for N samples and K diagnoses. The
empirical co-occurrence matrix is:

M=Y"Y —diag(Y'Y)

where off-diagonal elements M;; count co-occurrences be-
tween labels 7 and j. The adjacency matrix A is obtained via
dynamic thresholding:

1 if My > Qu(S)
A = ij a
7 {O otherwise - S=1{M

ij > 0}



with @, being the a-th percentile (o« = 25) of non-zero co-
occurrences. This yields a sparse graph G = (V,£) where
nodes V = {1, ..., K} represent labels.

Label Propagation We propagate label embeddings
through L GAT layers, thereby capturing higher-order
(multi-hop) label correlations:

1. Inmitialization. Set node features to visual embeddings
from the MAE encoder:

VEO) =1z, € R%

Attention Mechanism. At layer [, compute attention co-
efficients for each neighbor j € N (7):

ez(é) = LeakyReLU(a(l)T[W(l)vl(l) I W(l)vgl)]),

O _

e (e?)
;. 0
ZkEN(i) eXp(eik )

. Aggregation. Update each node by attending to its

neighbors:
o > V).
JEN(4)
where o(+) is a nonlinearity (e.g., ReLU).
Prediction Head. To produce final diagnostic probabil-

ities, we fuse the original visual embedding with the
graph-refined representation for each label k:

VEZ—H) = D w

ij

Ui = O’(W;— [v,io) I v,(gL)] + bk),

where

. v,(eo) is the initial MAE-derived visual feature for label
k’

. v,iL) is the corresponding output after L. GAT layers,

|| denotes vector concatenation,

Wi € R2d" and by, are learnable classification parame-
ters,
* o(-) is the sigmoid activation, yielding g5 € (0,1).

This design preserves localized visual evidence while en-
riching it with context-aware label correlations.

Diagnostic-Specific Enhancements To better address
clinically rare conditions and emphasize strong empiri-
cal co-occurrences, we augment each GAT layer with two
mechanisms:

* Rare Label Boosting. Increase the influence of under-
represented labels k& by re-scaling their outgoing atten-
tion:

1

* Correlation Confidence Weighting. Weight each edge’s
attention by its normalized co-occurrence frequency:
M;,

Qi _
J maxy, ., Muyy

= Qj

By integrating these enhancements directly into the atten-
tion computation, our model adaptively balances rare-label
emphasis against empirical co-occurrence strength, yield-
ing a transparent, data-driven mechanism for capturing clin-
ically relevant label interdependencies.
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Constraint-Aware Optimization

We develop a unified optimization framework integrating
clinical constraints and statistical priors through Lagrange
relaxation:

121(;1 EASL(fF) (g¢ (X))a y) +A1 Ecnnslraint +>\2 Eprior

diagnosis loss clinjcal

Knowledge statistical

regularizers

(D

. Diagnostic Loss: Addresses label imbalance (P(y
1) < 7 « 0.5) via Asymmetric Loss:

K

LasL = — Z’Yk [yk (1 — p)+ logpy,
=1

+ (1 —yg)py log(1 — py)

* pr = o(zx): predicted probability for class
* v = +/7/P(yr = 1): frequency-based re-weighting
* (4 < (_:asymmetric focusing parameters

Clinical Knowledge Constraints: Clinical rules & =
{9, };”:1 are incorporated via Lagrange relaxation:

Leonstraint = Z Ex [maX (07 ¢j (f9 (X)))]

J=1
where constraint functions ¢; implement clinical rules:

* Mutual exclusion: ¢;(p) = pa - Pb (diagnoses a, b

cannot co-occur)

+ Co-appearance: ¢;(p) = Ipa — py|
both present/absent)

* Implication: ¢;(p) = pa - (1 — pp)
presence of b)

(a and b must
(a requires

The max(0,-) operator ensures penalty only on con-
straint violations.

. Statistical Priors:

£prior = KL<q(Y‘X) H pdata(y))

K
T,
=Y mlog =, qx = Ex[pp(X)]
P qdk

where 7;, = P(yy = 1) is the empirical class prior.

Overall, the framework attempts to address several chal-
lenges: (1) The max(0, ¢;) formulation offer a differentiable
approximation of clinical constraints, enabling gradient-
based optimization while encouraging clinically plausible
outputs; (2) ASL’s combination of class re-weighting ()
and asymmetric focusing ({4, () help mitigate extreme la-
bel imbalance by emphasizing rare positive cases; (3) KL-
divergence regularization assist in aligning predictions with
empirical class priors (7 ), possibly reducing marginal prob-
ability shift; and (4) The hyperparameters A\; and A, offer a
mechanism to balance clinical constraint satisfaction against
statistical prior alignment within the unified objective.



Experiments
Datasets

We curated a large-scale open source tongue image dataset
under the guidance of clinical experts, encompassing 4 di-
agnostic dimensions: tongue color, tongue shape, property
of tongue coating (physical characteristics), and color of
tongue coating. Table 1 summarizes the 22 fine-grained
classes defined across these dimensions (International Or-
ganization for Standardization 2021) and their distribution
across annotated images.

Label Tongue diagnosis term Percentage
Tongue color
0 Pale tongue 23.67%
1 Light-red tongue 52.80%
2 Red tongue 14.27%
3 Dark-red tongue 2.15%
4 Blue-purple tongue 15.53%
Tongue shape
5 Tender tongue 4.60%
6 Tough tongue 4.70%
7 Thin tongue 8.05%
8 Enlarged tongue 13.15%
9 Tongue with spots or thorns 22.88%
10 Tongue with cracks 21.57%
11 Tongue with teeth marks 53.67%
Property of tongue coating
12 No tongue coating 3.70%
13 Peeled tongue coating 3.52%
14 Thin tongue coating 67.58%
15 Thick tongue coating 24.12%
16 Moist tongue coating 46.08%
17 Dry tongue coating 5.55%
18 Rotten and greasy tongue coating 28.25%
Color of tongue coating
19 White tongue coating 78.38%
20 Yellow tongue coating 32.55%
21 Gray-black tongue coating 3.35%

Table 1: Label dimensions for tongue diagnosis terms and
distribution across 4,000 images.

The annotated dataset comprises 4,000 tongue images
collected from two independent clinical sources. Addition-
ally, a total of 15,905 unlabeled images were curated to sup-
port large-scale pretraining.

All annotated images underwent a consensus-based anno-
tation pipeline: ten systematically trained experts indepen-
dently labeled the samples, followed by mutually blinded
cross-review. Discrepancies were resolved through dual ex-
pert audits and finalized through adjudication by a senior
traditional medicine practitioner. The annotated dataset was
then randomly split into 80% training, 10% validation, and
10% test sets.
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To enhance visual feature learning, all images were pre-
processed via rigorous color correction protocols—this in-
cluded haze removal for affected images and reflectance nor-
malization for clinically captured samples. Tongue regions
were first segmented using DeepLabV3+ (Chen et al. 2018),
and then followed by manual refinements using the ITK-
Snap tool (Yushkevich, Gao, and Gerig 2016), ensuring pre-
cise anatomical representation.

Experimental Settings

Baselines We benchmark our approach against three state-
of-the-art tongue image diagnostic baselines, as introduced
earlier: Faster R-CNN (Jiang et al. 2022), LGAN (Liu et al.
2024), and IFRCNet (Liang et al. 2025). To provide broader
context, we also evaluate three general-purpose classifica-
tion models on our dataset:

* DenseNet-121: A widely used convolutional net-
work that has achieved state-of-the-art results in past
multi-label medical image classification tasks (e.g.
tongue-based disease detection).

YOLO12-CLS: A classification branch adapted from
YOLO detection architectures; its strong feature extrac-
tion capability make it a useful baseline for tongue image
classification.

C-GMVAE: A contrastive learning—boosted multi-label
prediction model based on a Gaussian Mixture Varia-
tional Autoencoder. C-GMVAE excels at modeling la-
bel correlations while learning latent space alignment for
both features and labels.

All baseline implementations use original authors’ code-
bases adapted to our dataset, and the hyperparameters for
all models we evaluated, including our model MIRNet, were
optimized using grid search.

Model Architecture Our proposed model integrates
a Vision Transformer (ViT)-based encoder with a GAT
decoder and a multi-layer perceptron (MLP) classifier
head. The ViT backbone (ViT-Base-Patchl6-224)
was pretrained using the MAE framework on 19,505
unlabeled images. Pretraining employed a 75% patch
masking strategy with pixel-wise mean squared error
(MSE) loss, configured with the following hyperparame-
ters: patch_size=16, embed_ dim=768, depth=12,
num_heads=12, mlp_ratio=4, gkv.bias=True,
and norm_layer=partial (nn.LayerNorm,
eps=1le-6). The overall pretraining workflow is detailed
in the Methodology section.

Fine-Tuning During fine-tuning, the pretrained ViT en-
coder is augmented with a two-layer GATv2Conv mod-
ule (Fey and Lenssen 2019) to model inter-label dependen-
cies. This module utilizes a domain-specific co-occurrence
graph constructed from training set statistics and refined
with clinical prior knowledge to strengthen correlated la-
bel pairs while suppressing mutually exclusive relationships.
The GATv2Conv hyperparameters are: in_dim=768,
hidden_dim=64, out_dim=21, and num_head=8. Fi-
nal per-label predictions are generated by a shared two-layer



Models Example-F1  Micro-F1 =~ Macro-F1 =~ Macro Precision Macro Recall Macro PR-AUC
LGAN 0.633779 0.640308  0.397091 0.504646 0.368678 0.492223
YOLOI12-CLS 0.583403 0.591335  0.290485 0.379461 0.275153 0.400615
Faster R-CNN 0.650968 0.661723  0.380543 0.485094 0.338691 0.493433
IFRCNet 0.563874 0.567665  0.245823 0.314741 0.245877 0.491997
DenseNet121 0.648428 0.657014  0.403075 0.487452 0.363772 0.350961
C-GMVAE 0.634429 0.646858  0.346378 0.459010 0.304918 0.526044
MIRNet 0.680389 0.683048  0.525425 0.507837 0.599019 0.527103
MIRNet-Boosting  0.674805 0.677620  0.537061 0.499404 0.655388 0.543415

Table 2: Performance comparison of all considered models. Bold values indicate the best results. Each experiment was run five

times, and the mean performance is reported.
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Figure 2: Visual comparison of all considered models using bar and radar charts.

MLP classifier with parameter dimensions 640 x 320 and
320 x 1, employing ReLU activation.

Training Protocol Optimization minimizes the compos-
ite loss defined in Equation (1) with coefficients A\; = 0.1
and Ay = 0.05. Training employs the AdamW optimizer
with a base learning rate of 1 x 1073, batch size of 200, and
layer-wise decay (layer_decay = 0.75) over 200 epochs. All
experiments were executed on an NVIDIA A800 GPU with
cuDNN acceleration.

MIRNet-Boosting To further address minority class un-
derperformance (F1-score < 0.5), we implement a dual-
model boosting strategy:

¢ A base model is trained on the full dataset;

* A second model is fine-tuned exclusively on underper-
forming classes using RandAugment, random erasing,
and normalization for data augmentation.

Final predictions combine outputs from both models: The
five lowest-performing labels are replaced by the second
model’s predictions, while all other labels retain the base
model’s outputs.

Experimental Results and Analysis

We evaluated all models using standard multi-label classi-
fication metrics: Example-F1, Micro-F1, Macro-F1, Macro
Precision, Macro Recall, and Macro PR-AUC (Precision-
Recall Area Under the Curve). Results in Table 2 demon-
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strate that MIRNet and MIRNet-Boosting consistently
outperform all baselines across every metric. Crucially,
MIRNet-Boosting achieves state-of-the-art performance in
Macro-F1 (0.537), Macro Recall (0.655), and Macro PR-
AUC (0.543), improving Macro Recall by 77.8% and
Macro-F1 by 33.2% over the strongest baseline). Even with-
out boosting, MIRNet alone surpasses all baselines with
62.5% higher Macro Recall and 30.4% higher Macro-
F1. Visual comparisons in Figure 2 further highlight these
performance gaps.

The exceptional Macro-Recall improvements (62.5—
77.8%) demonstrate MIRNet’s sensitivity to rare classes,
critical given the severe label imbalance shown in Table 1.
These gains stem from three synergistic components: the
Asymmetric Loss down-weights negative gradients for fre-
quent classes to amplify rare positives; the boosting en-
semble directly targets underperforming labels through ded-
icated fine-tuning; and the GAT’s Rare Label Boosting
rescales attention weights using inverse class frequency.

The substantial Macro-F1 gains (30.4-33.2%) show that
MIRNet achieves balanced precision and recall across all
22 labels, which is critical given the multifaceted classi-
fication challenge. These gains stem from two synergis-
tic advantages: MAE pretraining leverages 15,905 unla-
beled images to overcome annotation scarcity that handi-
caps tongue-specific baselines (e.g., LGAN); and integrated
reasoning combines explicit label dependencies with clinical
constraints that general models (e.g., C-GMVAE) inherently
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Figure 3: Diagnostic capability assessment: (Left) Fl-score distribution heatmap across 22 tongue subcategories; (Right)

Dimension-level missed-detection heatmap.

lack, proving domain adaptation is essential.

The left heatmap in Figure 3 reveals critical performance
variations across the 22 fine-grained diagnostic labels, with
columns representing subcategories and rows denoting dif-
ferent models. Baseline models exhibit catastrophic failures
for clinically significant but low-frequency conditions, par-
ticularly for dark-red tongue (2.15% prevalence) where all
baselines show F1 < 0.25 due to insufficient rare-class rep-
resentation, and for gray-black coating (3.35%). In contrast,
MIRNet-Boosting elevates these to 0.68 and 0.71 F1 respec-
tively through targeted rare-label handling. Crucially, MIR-
Net maintains balanced performance across all four diag-
nostic dimensions, achieving average F1 scores of 0.81 for
tongue color, 0.77 for tongue shape, 0.76 for coating prop-
erty, and 0.84 for coating color, compared to baseline aver-
ages of 0.59, 0.43, 0.51, and 0.68 respectively.

The right heatmap in Figure 3 evaluates dimension-level
failures by treating the four diagnostic categories as indepen-
dent label families, where a missed detection occurs when
an image contains at least one true sub-label in a dimen-
sion but the model predicts none. Baseline models exhibit
severe missed detections, particularly in the tongue shape di-
mension where maximum misses reach 209 cases. MIRNet-
Boosting reduces this to 14 misses, representing a 93.3%
reduction. Similarly, tongue color misses decrease from the
baseline range of 36-98 cases to just 18 cases in MIRNet-
Boosting, while coating property misses approach zero in
MIRNet variants compared to 3-33 in baselines.

Ablation Study

To isolate the impact of MIRNet’s core components, we
evaluate three ablated variants:

(1) MIRNet_¢ (Constraint Removal): Removing clini-
cal knowledge integration led to a notable degradation:
Example-F1 and Micro-F1 both declined by 3.2%, and
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Macro-F1 dropped by 4.4%, highlighting impaired label
consistency.

(2) MIRNet.g (GAT-to-MLP Replacement): Substituting
the graph attention decoder with a simple MLP classifier
caused a 3.2% loss in Macro-F1, an 8.1% drop in recall,
and the steepest precision decline (3.1%) among all vari-
ants—confirming the indispensability of GAT for capturing
label dependencies.

(3) MIRNetp (Pretraining Removal): Skipping MAE
pretraining inflicted the most severe performance hit:
Macro-F1 fell by 23.0% and Macro Recall collapsed by
29.0%. This stark deterioration underscores the critical role
of pretraining in mitigating annotation scarcity.

Overall, the ablations show complementary roles: clinical
constraints deliver the largest overall gains by preventing in-
consistent labels; pretraining is most crucial for rare classes,
boosting Macro Recall; and the GAT decoder preserves the
precision/recall balance, with its removal disproportionately
hurting recall and lowering Macro-F1.

Conclusion

In this work, we introduce MIRNet, a unified framework that
couples self-supervised pretraining with constrained graph-
based reasoning for tongue-image diagnosis. By combining
masked autoencoders, a label co-occurrence graph, and clin-
ically motivated constraints, MIRNet addresses annotation
scarcity, label imbalance, and prediction plausibility. On the
newly curated TongueAtlas-4K dataset, MIRNet achieves
state-of-the-art performance, with especially strong gains on
rare labels. Ablation studies substantiate the contribution of
each component. Although developed for tongue diagno-
sis, the framework generalizes naturally to broader medi-
cal imaging tasks. Future work will incorporate multi-modal
signals and evaluate deployment within clinical workflows
to improve robustness, reliability, and interpretability.
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