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Epoch 1/2: 100%|| NI 177/177 [ee:54<00:00, 3.28it/s, train_loss=-37214.750271]

1. Segmentation problem
* Manipulate the target
* Loss function

2. Replace U-net with viT

I'll create a Vision Transformer (ViT) model that follows a I C I a L'I d E'

similar architecture and training 1non etriietnive Tl hreals
this down into two parts: the mo & Vision Transformer Model for Multi-Input Training X

training function.

<> Vision Transformer M. [l R IE S
Click to open code
Key differences and features of t
implementation: 1 ViTMultiInputModel(nn.Module):
_init (
1. Model Architecture: self,
« Uses timm library fora P domain_input_channels=3,
Transformer base model time_input_channels=1,

. num_classes=1,
« Supports multi-input (d¢

embed_dim=768,

num_heads=12,

depth=12,

Epoch 1/2:
Train Loss: -37214.758271

Val Loss: -794578.789482
Learning Rate: 0.000051
Saved new best model with wvalidatio

Epoch 2/2: 100%| | NNIGGNGNGNGINGN| 177/177
Epoch 2/2:

Train Loss: -175763303.630297

Val Loss: -1197841382.956522

OutOfMemoryError: CUDA out of memory. Tried to allocate 128.60 Mi
B. GPU © has a total capacity of 15.89 GiB of which 123.12 MiB is
free. Process 6052 has 15.77 GiB memory in use. Of the allocated m
emory 15.42 GiB is allocated by PyTorch, and 54.39 MiB is reserved
by PyTorch but unallocated. If reserved but unallocated memory is
large try setting PYTORCH_CUDA_ALLOC_CONF=expandable_ segments:True
to avoid fragmentation. See documentation for Memory Management
(https://pytorch.org/docs/stable/notes/cuda.html#environment-varia
bles)

Learning Rate: ©.000001
Saved new best model with wvalidation
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GPU Utilization

Multi-class segmentation

GPU Utilisation Graph

NVIDIA RTX AS000(1)

Usage Mode:
() Dedicate to graphics tasks

0 Use for Graphics and compute needs

[|Enable Error Correction Code

73%

MVIDIA RTX AGDOO(Z)

Usage Mode:
() Dedicate to graphics tasks

Q) Use for Graphics and compute needs

[|Enable Error Correction Code

6%

Baseline

Metrics

Loaded model from epoch: 15

Best validation loss: 0.1266841
Average Train MSE: 0.074407

Average Val MSE: 0.087164

Final Time Step Train MSE: 0.155112
Final Time Step Val MSE: 0.178702

Loaded model from epoch: 17

Best validation loss: 0.1993547
Average Train MSE: 0.070234

Average Val MSE: 0.083692

Final Time Step Train MSE: 0.146832
Final Time Step Val MSE: 0.172383
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Alj
Segmentation problem - further improvements

* Manipulate the input (domain) as well

* Lossfunction (loU + Dice loss)

Failure reasons:

* Fixated on the geometry of the domain

* No improvementsin time embedding
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Adding Time to the encoder: worse that without time in

encoder
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Time in encoder + self-attention mechanism in the bottleneck of the
U-net: slightly better average MSE than with time in encoder alone.

True Trua Trus Predicted Predicted Predictad
Frame 0 Frame 12 Frame -1 Flra me 0 F::me 12 Frame-1 sample 1 True Trua True Fredicted  Predicted  Predicted
3 ey Lc]ﬂ[ Domain Frame © Frame 12 Frame -1 Frame 0 Frame 12 Frame -1 . .
d B ‘; E R L LY - 3 S MSE Evolution Over Time Steps
; 4 | g i o S 7 R —
| Y {., | h g’i | hs ! | X 3;: 02004 Training
' x :,} I L ? S e Mt 2 3 ' — Validation
' | » el bl * * -
- s - g : - .
y w e
Lol 0.175 1
Sample 2 True True True Fredicted Fredicted Predictad
Domain Frame 0 Frame 12 Frame -1 Frame O Frame 12 Frame -1 Sample 2 True True True Predicted Predicted Predicted
ar® g b+ g ¢ ™ - Darmain Frame 0 Frame 12 Frame -1 Frame O Frame 12 Frarme -1
X I O e ’ | W W o &
% : | r . : g : B ph 0.150 -
Pt 1 ' s ! " "
gﬁ"@ | W WY 5 re o p 5 -
» B b - - ; P “u | a3
% | e P : p xR 5 01251
. u i - «
1 - ¢ o c o °
Sample True True True Fredicted Fredicted Fredicted =
D\I:main Fra’n‘ie 0 Framue 12 Fran:‘e -1 Fra r:12 L] Frarnle 12 Fra nl'ne -1 Thue True True Predicted  Predicted  Predicted o 0.100 4
% Frame O Frame 12 Frame -1 Frame O Frame 12 Frame -1 i
. - 0 !
-, L o ' :" :’- \ r n ! E r' g
o | E ke o i | ®
\ % :‘ ;\: , v - s gy 1 3 I g 2 0.075
] * | - x ' r i X
:-';g.{ r a\ i L) i | 3 e
- T T T > - 1z
i < 0 - ' » N : ! 0.050 1
Sample 4 Thue True True Predicted Predicted Predicted
D\I:main Fra’l:'lne L] Fran:e 12 Frar:e -1 Fra r:12 o Fr!rnle 12 Fra nl'ne -1 FrIrung 0 Fra‘:::].z FI':-I[I:: 1 ?::,;.E;eg ::fg;‘fg :e;:n:ete;i
] b i I ‘ f .
' D L S e - N E | E. E'_ 0.025
- [ i
- -
> % T % R b -
- |
. ~ ; L 5'?' ¥ S 4 : 0.000
X W O P PR 0 ; I
| i~ I L (24 H ’ b - &'
Time Step
True True True Pradicted Predicted Predictad True True Truz Predicted Predicted  Predicted
Frame 0 Frame 12 Frame -1 Frame O Frame 12 Frame -1 Frame O Frame 12 Frame -1 Frame 0 Frame 12 Frame -1 A Train MSE: 8.697925
i - . ; B, . verage Train . 8.
b, ] ® ~ |
r E ! ¥ o i" ; ¥ i & 9 Average Val MSE: 8.897399
- » " » v . . . ! .
{ & ! F AR G i R e
E‘ !.“ : !. % ] PA I r rr 1ina 1lme ep va -
N 2 = A% S M R S
~ % B % f D! 8 e -

True vs Predicted Invasion Fields: Validation



Self-attention mechanism in the bottleneck of the U-net
without time in encoder: no significant improvement
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Loss function Dice loss function

# PART 2: Dice loss

# Get probability predictions for the invasion class
pred_softmax = F.softmax(predictions, dim=1)

pred_probs = pred_softmax[:, 1] # Take channel 1 (invasion)

# Extract target invasion masks and apply fluid mask
target_masked = targets.squeeze(1) * fluid_mask # Only consider valid pixels
pred_masked = pred_probs * fluid_mask # Only consider valid pixels

# Calculate Dice coefficient (smooth factor added to prevent division by zero)
smooth = 1e-6

intersection = (pred_masked * target_masked).sum{dim=(1, 2))

pred_sum = pred_masked.sum{dim=(1, 2})

target_sum = target_masked.sum({dim=(1, 2))

# Dice coefficient formula: 2#intersection / (pred_sum + target_sum)
dice_coeff = (2.8 * intersection + smooth) [ (pred_sum + target_sum + smooth)

# Convert to Dice loss (1 - Dice coefficient)
dice_loss = 1.8 - dice_coeff

# PART 3: Volume difference loss
# Count positive pixels in ground truth and predictions (within fluid mask)
gt_positive_pixels = gt_positive_pixels = target_masked.sum(dim=(1, 2))

# For predictions, binarize using threshold of 6.5 to count positive pixels
pred_binary = (pred_probs > 8.5).float() * fluid_mask
pred_positive_pixels = pred_binary.sum(dim=(1, 2))

# Calculate absolute difference in volume normalized by total fluid mask pixels
volume_diff = torch.abs(gt_positive_pixels - pred_positive_pixels) [/ (valid_pixels + 1e-6)

# Combine the two loss components

# You can adjust the weight between the two components

alpha = 1 # Weight for Dice loss

combined_loss = alpha * sample_losses.mean() #+ alpha #* dice_loss.mean() + alpha #* volume_diff.mean()



Loss function Dice loss function
MSE Evolution Over Time Steps
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