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Brain Stroke or Brain Attack kills more people than HIV, Tuberculosis, and JL!!!!W
Malaria combined. )
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https://www.statista.com/statistics/944176/india-number-of-cases-of-cerebral-stroke-in-senior-citizens/

Brain Stroke kills more people than HIV, Tuberculosis, and Malaria Illl‘

I combined.
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https://www.healio.com/news/neurology/20200925/infection-causes-more-than-a-quarter-of-deaths-among-survivors-of-intracerebral-hemorrhage

Data collaboration across medical institutions is increasingly desired to m!!!m
mitigate the scarcity and distribution of medical images. )
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Federated learning (FL) has emerged as a privacy-preserving solution to JL!!!!W
learn models without exchanging the sensitive health data. )

Global
ﬂ 4 Aggregatlons ﬂ ~

/

Local Learning of Parameters

Supervised Setting



I Existing FL algorithms typically only allow the supervised training setting. WL!!L
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A naive FSSL, solution is to simply integrate the off-the-rack semi-supervised m!lm
learning (SSL) methods onto the federated learning paradigm. -
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I Federated Learning in a Semi Supervised Scenario Illl‘
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I Semi Supervised Scenario: Teacher Model (Common Supervised Setting)
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I Semi Supervised Scenario: Student Model Ill

Labels

e e e e

ndian it of Ishnclngy tgdeeabar

Unlabelled Data

Trained
____________ |
|
|
v
. Teacher
llﬂm Model
~ME

Inference

Gradients Back Propagation
Pseudo-Labels

13



S
I Semi Supervised Scenario: Student Model Ill
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I Global Model from Teacher and Student Model Illl i
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I Federated Learning in a Semi Supervised Scenario m!!!m
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I Federated Learning in a Semi Supervised Scenario
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How to build the interaction between the learning at labeled and unlabeled WL!!L
clients, given the challenging constraint of data decentralization? )
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‘ Inter-client Relation Matching\scheme regularizes the unlabeled clients to capture ||Il||
Similar disease relationships as labeled clients for preserving the discriminative e

task knowledge.
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I Disease Relation Matrix in Teacher Model Illl
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I Disease Relation Matrix in Teacher Model Ill
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I Disease Relation Matrix in Teacher Model
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I Disease Relation Matrix in Teacher Model
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I Disease Relation Matrix in Teacher Model Illl
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I Disease Relation Matrix in Student Model
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I Calculation of Training Loss in Fed-IRM
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Finally, the inter-client relation matching loss is designed by minimizing the KL Illl
divergence between disease relation matrix from labelled and unlabelled clients. .
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The local learning objectives at labeled and unlabeled clients are respectively Illl

expressed as:
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@ Reflection!
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I Dataset Il
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Size
Transformation
Format
Transformation

128 X 128 pixels

674, 626 185 GB  DICOM format 674, 626 3 GB PNG format

Brain MRl images (0-25MB  (Int. Standard) Brain MRI images
per image) 34



I Types of Intracranial Hemorrhage IIIL

Intraparenchymal Intraventricular

Inside of the brain Inside of the ventricle
Epidural
Classification Parenchymal
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> Intraventricular
n Subarachnoid
Subdural

Subarachnoid Subdural Epidural

Between the arachnoid Between the Duraand  Between the dura and
and the pia mater the arachnoid the skull

674, 626
Brain MRI images




I Classification Problem Setup

X 74
Epidural 75
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I Classification Problem Setup

674, 626
Brain MRI images
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I Working Directory, List of all modules

00 =~ O N s L P

[ T T e T o T o T o T e B I I e B = B I I I = ]
= oW s Wk @ W00 =0 s Wk D W

— options.py
|
|— dataloaders
| L— dataset.py
|
— models
| — hub
L— checkpoints
L— densenetl2l.pth

}— densenet.py
L— models.py

|
|
|
— networks
|
|
|

— confuse matrix.py

|

— utils

| }— losses.py

| L— metrics.py

|

— local supervised.py
— local unsupervised.py

|

— FedAvg.py

|

— train main.py
L— test.py
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I Working Directory

W00 =~ O oW s L P
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options.py

dataloaders
L dataset.py

models
L— hub

L— checkpoints
L— densenetl2l.pth

networks

}— densenet.py
L— models.py
confuse matrix.py
utils

}— losses.py

L— metrics.py

local supervised.py
local unsupervised.py

FedAvg.py

train _main.py
test.py

e e e e
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def args parser():
parser = argparse.ArgumentParser()
parser.add argument("--batch size", type=int, default=48, help="batch size per gpu")
parser.add argument("--drop rate", type=int, default=0.2, help="dropout rate")
parser.add argument("--ema_consistency", type=int, default=1, help="whether train baseline model")
parser.add argument("--base lr", type=float, default=le-3, help="maximum epoch number to train")
parser.add argument("--deterministic", type=int, default=1, help="whether use deterministic training")
parser.add argument("--seed", type=int, default=1337, help="random seed")
parser.add argument("--gpu", type=str, default="0,1", help="GPU to use")
parser.add argument("--local ep", type=int, default=2, help="local epoch")
parser.add argument("--num users", type=int, default=10, help="local epoch")
parser.add argument("--rounds", type=int, default=200, help="local epoch")

### tune

parser.add argument("--resume", type=str, default=None, help="model to resume")
parser.add argument("--start epoch", type=int, default=8, help="start epoch")

parser.add argument("--global step", type=int, default=8, help="global step")

### costs

parser.add argument("--label uncertainty", type=str, default="U-Ones", help="label type")
parser.add argument("--ema_decay", type=float, default=08.99, help="ema_decay")

parser.add argument("--consistency", type=float, default=1, help="consistency")
parser.add argument("--consistency rampup", type=float, default=3@, help="consistency rampup")
args = parser.parse args()

return args

39



I Working Directory

1 }— options.py

2|

3 |—(dataloaders |

4 | |- dataset.py|
5|

6 |— models

7 | L— hub

g | L— checkpoints
9 | L— densenet121.pth
10 |

11 }— networks

12 | | densenet.py

12 | — models.py

14 |

15  |— confuse matrix.py
16 |

17 }— utils

18 | | losses.py

19 | L— metrics.py
20 |
21 }— local supervised.py
22 }— local unsupervised.py
23 |
24  }— FedAvg.py
25 |
26 |— train main.py
27 L— test.py

Custom Pytorch Data

Loaders
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I Working Directory
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|— options.py

|— dataloaders
| L— dataset.py

—(models w
L— hub
L— checkpoints
L— densenetl2l.pth

}— densenet.py
L— models.py

|

|

|

|

— networks
|

|

|

l_

confuse matrix.py

}— losses.py
L— metrics.py

— utils
|

|

|

|— local supervised.py
}— local unsupervised.py
|

— FedAvg.py

|

— train main.py

L— test.py

DenseNet121, Pre-Trained in
ImageNet Dataset

o wwﬂe rahog

Student Model

Teacher Model
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— options.py

|

|— dataloaders

| L— dataset.py
|

— models
L— hub

L— checkpoints
L— densenetl2l.pth

L— metrics.py

|

|

|

|

l}— rlm_twgg::enﬂ ] Custom Loading Saved
| | moders p}',py J Checkpoints for DenseNet121
|

— confuse matrix.py

|

— utils

| }— losses.py

|

|

— local supervised.py
— local unsupervised.py

|

— FedAvg.py

|

— train main.py

L— test.py 42
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— options.py
|

|— dataloaders
| L— dataset.py

|
— models
L— hub

L— checkpoints
L— densenetl2l.pth

networks

}— densenet.py
L— models.py

confuse matrix. py]

Utility Functions to calculate

}— losses.py
L— metrics.py

utils . .
J loss and evaluation metrics

— local supervised.py
— local unsupervised.py

— FedAvg.py

— train main.py

L— test.py 43



I Working Directory

1 }— options.py

2|

3  |— dataloaders

4 | L— dataset.py

5|

6 |— models

7 | L— hub

g | L— checkpoints

9 | L— densenet121.pth
10 |

11 }— networks

12| |— densenet.py

13 | — models.py

14 |

15  |— confuse matrix.py

16 |

17 }— utils

18 | | losses.py

19 | — metrics.py

20 |

21 }—|local supervised.py ]
22 }—|local unsupervised. pyJ
23 |

24  }— FedAvg.py

25 |

26 |— train main.py

27 L— test.py

Modules to train in

Supervised and Semi-
Supervised Clients

mmuww rabod
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I Working Directory
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— options.py

|— dataloaders
| L— dataset.py

|
— models
L— hub

L— checkpoints
L— densenetl2l.pth

networks

}— densenet.py
L— models.py

confuse matrix.py
utils
}— losses.py

L— metrics.py

ocal supervised.py
ocal unsupervised.py

—

FedAvg.py

— train main.py
L— test.py

Global Parameters

Aggregations
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I Working Directory
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i
-
|

options.py

dataloaders
L dataset.py

— models

— local supervised.py
— local unsupervised.py

|
i
l_

L

L— hub

L— checkpoints
L— densenetl2l.pth

networks

}— densenet.py

L— models.py

confuse matrix.py

utils

}— losses.py
L— metrics.py

FedAvg.py

train main.py |

test.py

Code Entrypoint: Trainer and Tester Modules
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I Simulating Semi Supervised Learning

L, [ = Y I 8 I

}— options.py

—[dataloaders

Custom Pytorch Data
L— dataset.py Loaders

3,373,130
Data instances

\ 4

Supervised UN-Supervised

1 2

'3 4 /5 6 7 8 910

\ AN J

Clients ﬁ ﬂ
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337, 313
Instances each
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I Training Supervised Clients

Clients

1

10

Labels

- CD

Data

Trainin
_____ B o o

Local Epochs

[

Assistance
Teacher
Model

Relation matrix

Pseudo-Labels

mmmm
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for epoch in range(args.local_ep)
batch_loss = []

iter max = len(self.ldr_train}
for 1, (_, _, (image_batch, ema_image batch), label_batch) in enumerate(self.ldr_train):
image batch, ema_image batch, label batch = |
image_ batch.cuda(},
ema_image_batch.cuda(),

label batch.cuda(),
)

inputs = image batch

_, outputs = net(inputs}

with torch.no grad():
self.confuse matrix = self.confuse matrix + get confuse matrix(outputs, label batch)

loss_classification = loss_fn{outputs, label_batch.long())

loss = loss classification

self.optimizer.zero_grad()
loss.backward()
self.optimizer.step()
batch_loss.append({loss.item(})
self.iter num = self.iter num + 1

self.epoch = self.epoch + 1

epoch_loss.append(np.array(batch_loss).mean())
49



I Training Semi-Supervised Clients

Clients

10

Training...
Label - - - — = = = - -
abels | Assistance
I
Teacher
@ QD Model
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[ .
Data Local Epochs
1 | Pseudo Labels
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Student

Model
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I Semi-Supervised Training Sample Code Il.ll
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for i, (_, _, (image_batch, ema_image batch), label_batch) in enumerate(self.ldr_train}):

image batch, ema image batch, label batch = image batch.cuda(), ema_image batch.cuda(), label_batch.cuda()
ema inputs = ema_image batch

inputs = image batch

_, outputs = net{inputs)

I =18
with torch.mo_grad():
_, logits sum = net(inputs)

_, logits = net(inputs)
TogLlis_sum = logits_sum + logits

logits = logits_sum / (T + 1)
preds = F.softmax{logits, dim=1)

with torch.mo_grad():
activations = F.softmax{outputs, dim=1)
confidence, _ = torch.max{activations, dim=1)

pseudo labels = F.one_hot(pseudo labels, num_classes=5)
= — ~ ] ; Ppseudo_labels)

= get_current_consistency weight(self.epoch)

torch.sum{losses.softmax _mse loss(outputs, preds)) / args.batch size

consistency dist

consistency dist

consisEency_uEight
consistency loss =

loss = 15 * consistency weight * consistency loss + 15 * consistency weight *|torch.sum{kd loss{source matrix, target matrix))

self.optimizer.zero_grad()
loss.backward()
self.optimizer.step()
update ema varlables({net, self.ema_model, args.ema decay, self.iter_num)
batch_loss.append{leoss.item())

self.iter num = self.iter num + 1
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I Parameters Update

Clients

10

Common Rounds
Training...
Lobel - - - = - — = = -
abels | Assistance
|
Teacher |
@ Q Model
' ' ] . Relation matrix
Data ocal Epochs
1 ; = Pseudo-Labels
Global Parameter
Update and Sharin
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Training...

Student

QD Model

Local Epochs
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I Parameter Initialization

dict uwsers = split(train_dataset, args.num_users)

net _glob = DenseNetl2l(out size=5, mode=args.label uncertainty, drop rate=args.drop_rate)

net glob.train()

w_glob = net_glob.state_dict()
w_locals = []

trainer_locals = []

net_locals = []

optim locals = []

for i in supervised user_id:
trainer_locals.append(SupervisedLocalUpdate({args, train_dataset, dict users[i])}

w_locals.append(copy.deepcopy({w_glob))

net locals.append(copy.deepcopy(net_glob).cuda(})

optimizer = torch.optim.Adam(
net_locals[i].parameters(},
lr=args.base_lr,
betas=(®.9, ©.999),
welght_decay=5e-4,

)
optim locals.append(copy.deepcopy(optimizer.state dict()]})

for i in unsupervised user id:
trainer_locals.append(UnsupervisedlLocallpdate(args, train_dataset, dict_users[i]})

e e e e
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I Parameter Update

Parameters Initialization

@ Supervised Training
Training Loop
@ Semi - Supervised Training

Parameter Update

with torch.no_grad():
w_glob = FedAvg(w_locals)

net_glob.load state dict(w glob)

for i in supervised user id:
net_locals[i].load state_dict(w_glob)

if com_round * args.local_ep = 20:
Tor 1 in unsupervised_user_id:
net_locals[i].load_state dict(w _glob)

e e e e
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I Revised Hyperparameters

Hyperparameter

Original Value

Revised Value

_ 80% = 2, 698, 504 2% =6, 500
Training Instances
Test Instances 20% =674, 626 1000
Batch Size 48 5
Local Epochs 5 1
Common Rounds 200 100
100% utilization of
GPU 3 GPUs of Titan XP 00% utiization o

Tesla P100-SXM2-16GB

Overall Training Time

24 hours + (Parallel Processing)

7 hours 23 minutes (Single GPU)
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I Results

Hyperparameter Original Value Revised Value
Training Instances 80% = 2, 698, 504 2% = 6, 500
Test Instances 20% =674, 626 1000
Batch Size 48 5
Local Epochs 1 1
Common Rounds 100 100

GPU

3 GPUs of Titan XP

Tesla P100-SXM2-16GB

Overall Training Time

24 hours + (Parallel Processing)

7 hours 23 minutes (Single GPU)

Evaluation Metrics

Accuracy = 92.89 + 0.25
F1 Score =55.81 +1.49

AUROC =92.46 + 0.45

Accuracy = 0.663200
F1 Score = 0.607859

AUROC = 0.580663
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I Results

2178
2179
2180
2181
2182
2183
2184
2185
2186
2187
2188
2189
2190
2191
2192
2193
2194
2195
2196
2197
2198
2199
2200
2201
2202
2203
2204
2205

Begin: com round = 94
[14:04:15.974] Supervised Client: @ Begin:
[14:04:15.974] --
[14:04:31.551] Supervised Client: 1 [14:33:
[14:04:31.551] -- [14:33:
[14:04:47.034] Semi-Supervised Client: 2
[14:04:47.034] -- [14:33:
[14:05:18.369] Semi-Supervised Client: 3 [14:33:
[14:05:18.369] -- [14:34:
[14:05:50.078] Semi-Supervised Client: 4 CaA.
[14:05:50.078] -- [14'34'
[14:06:21.786] Semi-Supervised Client: 5 [14:34:
[14:06:21.786] -- [14:34:
[14:06:52.452] Semi-Supervised Client: 6 [14 -35-
[14:06:52.452] --
[14:07:23.026] Semi-Supervised Client: 7 [14:35:
[14:07:23.026] -- [14:35:
[14:07:53.785] Semi-Supervised Client: 8 [14:35:
[14:07:53.786] -- Cae.
[14:08:24.390] Semi-Supervised Client: 9 [14 :36:
[14:08:24 300] - [14:36:
[14:08:55.883] Loss Avg: ©.158969905116299, Common Round: 94, LR: 0.001 [14:36:
[14:09:00.894] TEST AUROC: 0.561466, TEST Accus: ©.630000, Fl: 0.571264 [14'_36_
14 O Oo—nos]1 . -
409008951
Begin: com_round = 95 [14:37:
[14:37:
[14:09:00.895] Supervised Client: @

com _round = 97

08.
08.
40.
40.
11.
11.
42.
42.
13.
13.

43

18.

23

663] Semi-Supervised Client: 2
663] --
522] Semi-Supervised Client: 3
522] --

544] Semi-Supervised Client: 4

544] --
342] Semi-Supervised Client: 5
342] --
087] Semi-Supervised Client: 6
087] --

.846] Semi-Supervised Client: 7
43.
14.
14.
45.
45.

846] --
373] Semi-Supervised Client: 8
373] --
141] Semi-Supervised Client: 9
141] --
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142] Loss Avg: 0.0032918424397146077, Common Round: 100, LR: 0.001

.170] TEST AUROC: 0.580663, TEST Accus: ©.663200, Fl: 8.687859[15:35:01.0856]

Evaluation
Metrics

Accuracy = 0.663200

F1 Score = 0.607859

AUROC = 0.580663
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I Experimentations on Available Model Il
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Training Time

Hyperparameters Models Accuracy F1 Score AUROC (Single GPU)
Revised Baseline Model 0.663200 0.607859 0.580663 7 hours 23 mins
Training Instances: 6500
Test Instances: 1000 DRM Distribution
. . .682241 .634432 0.537658 i
Batch Size: 5 Wasserstein Distance(WD) 0.68 0.63 7 hours 52 mins
instead of KL Divergence
Local Epochs: 1
Common Rounds: 100 Self Attention Layer ontopof | 5 79434 0.681145 | 0.635578 10 hours 44 mins

DenseNet121

GPU: Tesla P100-SXM2-

S Future Scope:

Segmentation instead of
Discrimination Task

3D UNet for Segmentation tasks in MSD Dataset in semi
supervised setting

Self-Sequential Attention Layer based DenseNet for Thoracic Diseases Detection
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I Results: Self Attention with DenseNet-121

5519 [16:48:29.380] Semi-Supervised Client: 9
5528 [16:48:29.380] --

5521 [16:49:12.289] Loss Avg: ©.1600619061962269, Common Round: 89, LR: ©.001
5522  [16:49:17.476] TEST AUROC: 0.5908694, TEST Accus: 0.7030800, F1: 0.6524534

5523 249

5524 | Begin: com_round = 98

5525

5526 [16:49:17.477] Supervised Client: @

5527 [16:49:17.477] --

5528 [16:49:37.165] Supervised Client: 1

5529 [16:49:37.165] --

5530 [16:49:56.450] Semi-Supervised Client: 2
553 [16:49:56.450] --

553 [16:50:36.444] Semi-Supervised Client: 3
5533 [16:50:36.444] --

553 [16:51:16.744] Semi-Supervised Client: 4
553 [16:51:16.744] --

553 [16:51:57.837] Semi-Supervised Client: 5
553 [16:51:57.0837] --

553 [16:52:37.348] Semi-Supervised Client: 6
553 [16:52:37.348] --

5548 [16:53:17.0849] Semi-Supervised Client: 7
5541  [16:53:17.049] --

5542 [16:53:57.386] Semi-Supervised Client: &
5543 [16:53:57.307] --

5544 [16:54:38.264] Semi-Supervised Client: 9
5545 [16:54:38.265] --

5546 [16:55:20.522] Loss Avg: ©.16720833418491693, Common Round: 98, LR: 8.001
5547 | [16:55:25.708] TEST AUROC: 0.635578, TEST Accus: 0.718034, F1: 0.681145
5548 [16:55:25.799]

5549  Begin: com round = 91

5551 [16:55:25.789] Supervised Client: @

Evaluation
Metrics

Accuracy = 0.710034

F1 Score = 0.681145

AUROC = 0.635578
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Making the use of unannotated data reduces the cost in individual annotations which Illl
can be redirected to more meaningful research. T,

Labeled chents

assist

Unlabelled Data
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‘ at labeled clients

disease relation estimation

reliable estimation at unlabeled
clients

Inter-client Relation Matching

(b) Our FSSL solution (FedIRM)
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Intracranial Hemorrhage
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disease relation estimation
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Inter-client Relation Matching

(b) Our FSSL solution (FedIRM)
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I Myocardial Infarction

disease relation estimation

at labeled clients . E @

L diseaserelation m:

\ 4

Central server

Inter-client Relation Matching

(b) Our FSSL solution (FedIRM)
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®
I Skin Lesions ||Il||
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(b) Our FSSL solution (FedIRM)
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Renal Cell Carcinoma
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Huge number of application possibilities

disease relation estimation

at labeled clients
o H @\‘

L | diseaserelation ma

reliable estimation at unlabeled
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Inter-client Relation Matching

(b) Our FSSL solution (FedIRM)
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@ Thanks!

LV Aquestionsks

You can find me at
® cs2imtech16001@iith.ac.in
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