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Introduction - Medical segmentation

What is medical segmentation?

Why is it important?

( )

Problems of manual segmentation:

. Time-consuming

. Inter-annotator variability
. Human error

. Scalability

. Specialist dependency

\_ J
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Automatic Medical segmentation

MEDICAL
SEGMENTATION

'{ . LOGICAL APPROACH

(e.g., VoxLogicA) (e.g., nnU-Net)

“ Explainability (White-box) O % & High Accuracy & Performance

“ No Training Data Needed ¥ Automated Feature Learning ;&
 Verifiable Rules & Guidelines = M State-of-the-Art Results >
/ Computationally Efficient [u/ll\ﬂ/i  Handles Complex Patterns ‘§§§
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Spatial Model Checking

Spatial Model Checking for Images Advantages

Applies formal methods to image analysis and uses logical

formulas to identify pixels with specific spatial properties / Complete Transparency

Every step is traceable

SPATIAL MODEL CHECKER

~

v Formal Verification

QUERY (ImgQL) l
connected_to(R)
:> intensity > 0.7
— J

®
FORMAL METHODS
Rigorous mathematical
formulas
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Mathematical guarantees

v Clinical Alignment

Encodes expert knowledge




VoxLogicA: Spatial Model Checking VoxLogicA

, O imgaL ‘ ' connected_to(R) RIGOROUS ANSWERS '
VoxLogicA —>» | —— | (declarative —3 | ./ intensity > 0.7 —»  Why and how |
—— | language) ‘ e the result is obtained |

Intensity-based operators: Define regions based on image intensity values (<.,

Example: let whiteDots = (intensity =. 255) identifies pixels with intensity wvalue 255

Distance operators: Express metric relationships between spatial regions (pdt)

Example: pdt (redDot) <=. threshold identifies all points within a specified distance from a reference region

Topological operators: Express connectivity and reachability properties (~> N)

Example: corridors ~> N(entrance) finds all corridor pixels reachable from the entrance

Boolean operators: Combine spatial predicates (& (AND), | (OR), ! (NOT) )

Example: let common = reachableFromEntrance & reachableFromExit computes intersection
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From CNN to NNu-Net

( )
Convolutional Neural Networks:
CNNs are a specific type of neural network optimized for
image recognition. They rely on three fundamental ideas:
e Convolution
e Pooling:
o Feature Hierarchy )
Input _? Output
Pooling Pooling Pooling __::;:==" —/" \
: (= [ ://// - (et __Horse
E—e @,:'.o‘v ,0;: ‘T —Zebra
S —ef 2t SO VbW O D
AN, W, >
_\ , SoftMax
Convolution Convolution  Convolution —\ [/ kol
Kernel ReLU ReLU ReLU I’Llatt‘e\"?
ayer o/
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U-Net architecture and nnU-Net Framework

( )
U-Net Architecture ] | L o
tile § § § § fﬁa?;wentatlon
Skip connections 1
' 128 128
*Multi-scale features
-Spatial preservation il '
- g EE =l g g
= ﬂ! 512 512 1024 512 o
r “ %l'g.g’ %E,:-N
nnU-Net Framework (e m— —
«Automatic preprocessing
: : nnU-Net: a self-configuring method for deep learning-
*Dynamic adaptation . B sl " P g
based biomedical image segmentation
.Hyperparameter Optlmlzatlon Fabian Isensee, Paul F. Jaeger, Simon A. A. Kohl, Jens Petersen & Klaus H. Maier-Hein &
. J Nature Methods 18, 203-211 (2021) | Cite this article
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nNU-Net loss function - Dice score

How does nnU-Net improve its weights to L £ [:
obtain correct segmentations? NnuNet = L Dice T LCE

( )

pi € [Oa 1] , i € {0, 1} Dice Coefficient 2x®

2|PN G|

Dice =
B =EG
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The problem with deep learning

Medical segmentation with NN-uNet

*Accountability: ensuring compliance with clinical guidelines
*Tunability: allowing practitioners to adjust parameters for specific protocols.
Explainability: providing clear and understandable explanations.

. J

/- Missing branches and topological holes

Geometric & —— Ambiguities in path connectivity analysis
Topological

Problems ™——— |n5ccurate spatial distance computation

\ Resolution-dependent spatial failures
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Black Box

Input




Geometric and Topological Understand

Recent studies have shown that nnU-Net struggles
to recognize specific geometric and topological
properties, including:

e Distance-based tasks for geometric
comprehension (top)

e Connectivity analysis for topological
understanding (bottom)

A Multi-Resolution Benchmark Framework for Spatial
Reasoning Assessment in Neural Networks

Manuela Imbriani,l’z’ ) Gina Belmonte,? Mieke Massink,? Alessandro Tofani,3
and Vincenzo Ciancia?

1Diparfimenm di Fisica, Universita di Pisa, Pisa, ITALY
2Istituto di Scienza e Tecnologie dell’Informazione "A.Faedo", CNR, Pisa, ITALY
3 Azienda Toscana Nord Ovest, S.C.Fisica Sanitaria Nord, Lucca, ITALY
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The hybrid advantage: logic and deep
learning

1. Initial High-Perf. TRUSTED & 2. Logical Refinement
Segmentation (nnU-Net) ACCURATE RESULTS & Rules (VoxLogicA)

@ High Accuracy Maintained. Achieves state-of-the-art performanc

@ Explainable & Transparent. Final segmentation is backed by explicit, clinically-valid logical rules.

E: Enforced Anatomical Consistency. Corrects topological errors for biologically plausible results.

@ Flexible & Adaptable. Rules can be adjusted for new protocols without retraining the network.
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The mechanism of hybridization

1. DEEP LEARNING STAGE
(nnU-Net)

2. DATA-DRIVEN
PARAMETERIZATION

nnU-Net
(CNN)

Continuous
Probability Map
(Softmax Scores)

Output: Voxel-wise probability
(0-1) of tumor presence, not a
binary mask.

3. LOGICAL STAGE
(VoxLogicA)

Code-book

Rule = (Prob > T_high)
OR

Threshold & Constraint

» ((Prob > T_low) AND
SpatialConstraint)

Optimization

Process: Find optimal
thresholds (e.g., T_high,
T_low) from the probability
map that maximize
alignment with a desired
logic template.

Execution: VoxLogicA app-
lies the now-parameterized
spatial logic rule to the
original data.
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4. HYBRID RESULT

Final Hybrid
Segmentation
(Binary Mask)

Outcome: Accurate
segmentation that is fully
explainable by the
specific logic rule and
thresholds used.
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Results of this
methods

Table 6

ELSEVIER

Contents lists available at ScienceDirect

Artificial Intelligence In Medicine

journal homepage: www.elsevier.com/locate/artmed

Research paper

Symbolic and hybrid Al for brain tissue segmentation using spatial model
checking™

Gina Belmonte ?, Vincenzo Ciancia"®, Mieke Massink *®-*

28. C. Fisica Sanitaria Nord, Azienda Toscana Nord Ovest, Lucca, Italy
b Istituto di Scienza e Tecnologie dell’Informazione ‘A. Faedo’, Consiglio Nazionale delle Ricerche, Pisa, Italy

GTV-optimal using tabulation to get optimal thresholds w.r.t. BraTS 2020 ground truth; GTV-nnAsGT using nn-Unet result as ground truth for finding optimal thresholds; GTV-nnU
segmentation result from ML algorithm trained with 50 cases; GTV-symbolic segmentation with pure symbolic specification of Section 4.

Dice (234 cases)

Sensitivity (234 cases)

Specificity (234 cases)

Mean Median (IQR) Mean Range Median (IQR) Mean Range Median (IQR)
(Stdev) (Stdev) (Stdev)

GTV-optimal 0.884" 0.913 (0.07) 0.87* 0.43-0.98 0.91 (0.09) 1.00° 0.99-1.00 1.00 (0.00)
(0.075) (0.10) (0.00)

GTV-nnAsGT 0.867* 0.895 (0.10) 0.85* 0.42-1.00 0.89 (0.13) 1.00* 0.99-1.00 1.00 (0.00)
(0.087) (0.122) (0.001)

GTV-nnU 0.891* 0.914 (0.07) 0.92* 0.27-1.00 0.94 (0.08) 0.99° 0.99-1.00 1.00 (0.00)
(0.082) (0.841) (0.00)

GTV-symbolic 0.848 0.884 (0.103) 0.88 0.00-1.00 0.92 (0.13) 1.00 0.98-1.00 1.00 (0.00)
(0.11) (0.126) (0.00)

* Denotes Wilcoxon signed-rank statistical test with p-value < 0.01 with respect to the GTV-symbolic segmentation with a fixed pair of pre-established thresholds (vI = 88, hlI =

93) used for all cases.
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Synergistic integration proposed

Input Data

(Dataset of
Medical Image)

VoxLogicA:

Extract Geometrical

Constraint

4

Improvements:

nnU-Net Prediction:

nnU-Net Adjust
with the constraint
in the loss

Final Output:

Geometrically
consistent
segmentation output

*Synergistic: Single unified model, no post-processing.

*Superior Performance: Outperforms baseline nnU-Net.

*Tunable: Geometric terms independently weighted.

Geometry-Aware: Constraints learned during training.
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The differentiable neuro-symbolic loss

N

1. The Hybrid Loss Equation

(Integrating Logic)

i
B x Null Gradients -> No Learning
Lrota = L )3 A
Total = L DiceCE T Z Wk * ~Logic \_0 J
I t The Solution: Fuzzy Logic Relaxation
Data Fidelity Spatial Constraints - : y Log —
1
N V Continuous Gradients_->
Enable Backpropagation
L 0
Standard Regularization Differentiable e , _
Seourgry 15 cka g O b Dlgg;te?\:?:/:fegﬁgtztro(r:r.obabilistic sums, Sobel kernels)
e.g., overla Curriculum Learnin logical rules K '
(58, ovenap) ks ing) 9 * Inertia Tensors (Eigenvalue analysis for shape)
. Key Advantages:
Goal: Force the network to learn latent representations M Training Stability (vs. GANs)
that intrinsically respect anatomical rules. ™ Explainability (Known penalty reasons) J
e

2. The Innovation: Making Logic Differentiable
(Fuzzy Relaxation)

~— The Problem: Discrete Logic Breaks Backprop —

22/05/2026
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Synthetic validation

Dataset consisting of 500 grayscale images
(512x512 pixels) containing:

1. One target circle (radius 25-55px) with
intensity gradient

2. Distractor shapes (polygons: triangles,
squares, pentagons, hexagons)

3. Partial occlusions (2-5 black rectangles
covering parts of the image)

4. Gaussian noise (0=10)

Objective: segment the circle despite
occlusions and distractors.

22/05/2026
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Ground truth
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Spatial reasoning timeline - Soft logic

Discrete World (Hard Logic) Differentiable World (Soft Logic)

1. Decoder Output (Logits)

Generates raw scores for classes per pixel

2. Softmax Function ¥
Converts raw scores into probability values (0-1). Total sum = 1
At . Binary Mask Probability Ma
3. Probability Slicing |@ * i
Isolates the specific probability map of the Tumor class
e A7 - Area c _‘47T'Asoft 1‘
Perimeter? Reiet (Peott)?
4. Fuzzy Geometric Operations s
Computes "soft" Area and Perimeter using sums and gradients
Hard Area: Soft Area:
F Count(pixels) Sum of Probabilities
5‘. Loglcal Loss Calculation =0 S M Awo = ¥ P(z:)
Measures deviation from logical rules (e.g., shape constraint) : ;

Hard Perimeter: Soft Perimeter:

6. Backpropagation Count(boundary pixels) Sum of Gradient Magnitude
Updates network weights to minimize the loss. Prohi= Z IVP(z;)]|
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Spatial constraints in the loss - Compactness

£Logic — We [:comp + Wp Lboundary + We Ecircle

1. Compactness Loss
(Isoperimetric Index)

Penalizes C 47 - Area
Deviation from Perimeter2
Roundness
. Yy
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Spatial constraints in the loss - Boundary

£Logic — We [:comp + Wp Lboundary + We Ecircle

»Cboundary — mean(p’ij ) |v2pij |)
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2. Boundary Smoothness Loss

~ /R

Metric:
Variance of
Laplacian

Favors Smooth
Contours

20




Spatial constraints in the loss - Circle

£Logic — We Ccomp + Wy Lboundary + We Ecircle

3. Circle Loss

Tijza(k‘(;"—dij)), r=\/§ Q @

Penalizes

dz'j = \/(Z = C:E)Q + (] — Cy)2 Elongation Ratio A1/A2
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nnU-Net Evaluation: key metrics

r

1. OVERLAP METRICS
(VOLUME)

\

(
Measure correctly identified

pixels vs. total.
e DICE: Balances

precision & recall.

e |OU (Intersection over
Union): Ratio of
intersection to union.
More strict on small
errors.

Standard for total mass.

\

22/05/2026

& )
2. GEOMETRY & SHAPE
METRICS (APPEARANCE)

Measure if predicted shape
respects properties.

e COMPACTNESS:
Similarity to a circle.
Low for elongated
roads.

e ECCENTRICITY:
Elongation. Near 1 ideal
for roads.

Pesaresi seminar
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3. BOUNDARY & DISTANCE

METRICS (EDGES)

r

Focus on boundaries and
spatial error position.
e BOUNDARY IOU:

Overlap along contours
only, ignoring internal
area.

HAUSDORFF
DISTANCE: Max
distance between
prediction and reality.
Finds hallucination.

22



Preliminary results

shape_0180 - Confronto Baseline vs Geometric

Top row: riginale Ground Truth Baseline Prediction B -
results from the
Baseline model
(standard
nnU-Net).

BASELINE

Bottom row:
results from the
Geometric Loss
model.

GEOMETRIC
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Preliminary results

The reported results represent the mean values of all 6 metrics computed on the
test set, with baseline nnU-Net on the left and hybrid loss on the right.

Dice Score loU Compactness Eccentricity Boundary loU Hausdorff Dist.
(+4.7%) (+6.1%) (+2.2%) (+19.2%) (+9.3%) (+67.7%)
0.9062 0.8391 0.8573 0.2686 0.6556 300 - 296.9839

0.8652 .
0.8 0.25 - | 0.5999
250 A
0.20 4
0.6 1 200 4
E 9_’ E 0.15 7 [
S S S S 1504
g T g g
0.10 A 100 A 96.0221
0.2 1
0.05 4 50
j 0.0 - 0.00 - ) 0-
Baseline Geometric Baseline Geometric Baseline Geometric Baseline Geometric Baseline Geometric Baseline Geometric
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Research Progress and Roadmap

L
! |  PART 1- GEOMETRIC

Find an appropriate synthetic dataset

v
7 Create differentiable spatial constraints (relative)
v

Show that the geometric model is better than baseline model

— Verify how the improvement of the geometric model varies
depending on the test set or on the training images

@ PART 2 - MEDICAL

= Extract tumor rules with VoxLogicA

Make these rules differentiable

Create a differentiable loss for tumor segmentation

Compare with the state-of-the-art nnU-Net baseline
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Conclusions

- 63

g 1 .

P
T
W)

CURRENT PARADIGM PHD CONTRIBUTION FUTURE VISION
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Thank you for
) , your attention

and feedback

Contact: francesco.girardello@isti.cnr.it




