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g Federated averaging (FedAvg) takes a

weighted average of model weights

wt]:_] = model parameters

FedAvg: McMahan, H. B., Moore, E., Ramage, D., Hampson, S., & Agliera y Arcas, B. (2017).
Communication-efficient learning of deep networks from decentralized data. Proceedings of the 20th
International Conference on Artificial Intelligence and Statistics, 54, 1273—1282.
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Two branches of FL:
*Cross-device (e.g., many mobiles)
*Cross-silo (e.g., few hospitals)

Most methods are optimized for
cross-device scenarios

FedAvg: McMahan, H. B., Moore, E., Ramage, D., Hampson, S., & Agliera y Arcas, B. (2017).
Communication-efficient learning of deep networks from decentralized data. Proceedings of the 20th
International Conference on Artificial Intelligence and Statistics, 54, 1273—1282.
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Motivation
Federated Learning (FL) can fail in non-|ID settings

All ML models struggle with non-
independent and non-identically
distributed data (non-IID)
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Motivation
Federated Learning (FL) can fail in non-|ID settings

006 All ML models struggle with non-
: independent and non-identically
S0 distributed data (non-IID)
—e— Local training
o — o5 - This 1s a particular problem 1n FL as no
romiib severy model is exposed to all the data
[ID setting non-IID setting wf

wi SGD 1s no longer an unbiased estimator

wi Wt+1
w0 Liaw ) &, Aw* and weight divergence occurs
Wy w2
w wi
@®local model @ global model | local optima A global optima Weight Divergence: Li, Q., Diao, Y., Chen, Q., & He, B. (2021). Federated learning on non-IID data silos:

An experimental study. arXiv.
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Personalized Federated Learning

Learn from everyone’s data, tailor the model to your own.
Umbrella concept: clients collaborate while each receives a model adapted to its own data.
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Background
Personalized and partial FL

Personalized Federated Learning

Learn from everyone’s data, tailor the model to your own.
Umbrella concept: clients collaborate while each receives a model adapted to its own data.

Partial FL

One way to implement Personalized FL.

Clients with
local data Shared global layers Personalized local layers
B Universal low-level features Task-specific, abstract patterns
® FAER. — O n’%%> ;| BN
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Shared across clients Adapted per client

Low-level, universal features
(e.g., edges, colors, textures)

High-level, task-specific features
(e.g., objects, activities, diagnoses)

©

— Data / Model flow ) Personalized for ClientA () Personalized for Client B

(O shared (global)
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Client B
(prediction)

————
Client C
(prediction)

i

(O Personalized for Client C

Layered (partial) FL
supports
personalization

But many approaches
often rely on manually
fixed shared-personal
layer splits that may
not adapt well to
heterogeneous client
data




Background
Personalized and partia

| FL

Personalized Federated Learning

Learn from everyone’s data, tailor the model to your own.

Umbrella concept: clients collaborate while each receives a model adapted to its own data.

Parti

al FL

One way to implement Personalized FL.

Clients with
local data Shared global layers
Universal low-level features
Client A
= J '/
— YOO
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Low-level, universal features
(e.g., edges, colors, textures)

Shared across clients

—> Data / Model flow (O shared (global)
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Personalized for Client A

Personalized local layers
Task-specific, abstract patterns

_________

Adapted per client

High-level, task-specific features
(e.g., objects, activities, diagnoses)

(O Personalized for Client B

Client A

(prediction

all

Client B
(prediction)

————
Client C
(prediction)

i

(O Personalized for Client C

Layered (partial) FL
supports
personalization

But many approaches
often rely on manually
fixed shared-personal
layer splits that may
not adapt well to
heterogeneous client
data

Personalized FL: Fallah, A., Mokhtari, A., & Ozdaglar, A.
(2020). Personalized Federated Learning: A Meta-Learning
Approach. NeurIPS 2020

Partial FL: Pillutla, K., Malik, K., Mohamed, A., Rabbat, M.,
Sanjabi, M., & Xiao, L. (2022). Federated learning with
partial model personalization. Proceedings of the 39th
International Conference on Machine Learning, PMLR, 162,
17716-17758
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Methods
Principled Layer-wise FL (PLayer-FL)

Goal: Can we automatically determine which layers to federate and which layers to do
local training without doing the ML training itself?
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Methods
Principled Layer-wise FL (PLayer-FL)

Goal: Can we automatically determine which layers to federate and which layers to do
local training without doing the ML training itself?

Inspiration: model pruning

Importance I¢(W) of a parameter set W:
Intuition: =~ gradient value X parameter value

Is(W) = ZIS(’UJ) = Z(Qs’ws)2

SES SES

with g, the gradient with respect to the parameter w
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A metric for deciding what to federate

Federation sensitivity of layer [, denoted F;(0)

- O denotes the full model parameters (computed after just 1 epoch)

- 6, 18 the pth non-bias parameter in layer k

- V@pL is the gradient, and ny, is the number of non-bias parameters in layer k
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Methods

A metric for deciding what to federate

Federation sensitivity of layer [, denoted F;(0)

- O denotes the full model parameters (computed after just 1 epoch)

- 6, 18 the pth non-bias parameter in layer k

- VgpL is the gradient, and ny, is the number of non-bias parameters in layer k

l ny, l n,
1 1
Fi(©) £ n—, Y T,(0)=> :n—, > (0,V5,L)°
k=1 "k p=1 k=1 k p=1
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Methods

A metric for deciding what to federate

Federation sensitivity of layer [, denoted F;(0)

- O denotes the full model parameters (computed after just 1 epoch)

- 6, 18 the pth non-bias parameter in layer k

- VgpL is the gradient, and ny, is the number of non-bias parameters in layer k

l ny l ny,

1 1
OSSR SEAUES JES IR :
k=1 "k p=1 k=1 'k p=1
Cumulative /

aggregation

@2 COLUMBIA




Methods

A metric for deciding what to federate

Federation sensitivity of layer [, denoted F;(0)

- O denotes the full model parameters (computed after just 1 epoch)

- 6, 18 the pth non-bias parameter in layer k

- VgpL is the gradient, and ny, is the number of non-bias parameters in layer k

l ny, l n,
A 1 1 ,
Fi(©) £ e > T(0) =) T > (6,V,L)
k=1 "k p= k=1"k p=1
Importance of a /
parameter Cumulative
aggregation
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Methods

A metric for deciding what to federate

Federation sensitivity of layer [, denoted F;(0)

- O denotes the full model parameters (computed after just 1 epoch)

- 6, 18 the pth non-bias parameter in layer k

- VgpL is the gradient, and ny, is the number of non-bias parameters in layer k

l ny, l ni
A 1 1 2
Fi(©) £ ) :n—, > L0)=) L >0V, L)
Importance of a /
parameter Cumulative Layer-wise normalization
aggregation
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Federation sensitivity reveals a layer cutoff

Site 1
Site 2
Site 4
Site 5
Site 6
Site 7
Site 8
Site 9
Site 10
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Federation sensitivity reveals a layer cutoff
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Federation sensitivity reveals a layer cutoff
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Federation sensitivity reveals a layer cutoff
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We observe a sharp transition in federation
sensitivity across layers, enabling principled
selection of the layers to federate: those before
the transition point
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Federation sensitivity reveals a layer cutoff

Layer

(E) Sent-140

mager We observe a sharp transition in federation
e oW e . : .
el e deration sensitivity across layers, enabling principled

2102 : . .

S| steS  sensitivity: selection of the layers to federate: those before

§ | swes Safeto the transition point

S site10 tederate

©10!| —e— Site 11 —— Site 0

g |~ sie12 o

Sl [watois ;T
e /¥ High: harmful

100 federation <

109 =

Layer

VAGELOS COLLEGE OF
d_p COLUMBIA PHYSICIANS AND SURGEONS




Methods

Federation sensitivity reveals a layer cutoff

Layer

(E) Sent-140

mager We observe a sharp transition in federation
e oW e . : .
el e deration sensitivity across layers, enabling principled

2102 : . .

S| steS  sensitivity: selection of the layers to federate: those before

§ | swes Safeto the transition point

S site10 tederate

©10!| —e— Site 11 —— Site 0

g |~ sie12 o

Pl o) 3
e /¥ High: harmful

100 federation <

109 =

Layer

VAGELOS COLLEGE OF
d_p COLUMBIA PHYSICIANS AND SURGEONS




Methods

Federation sensitivity reveals a layer cutoff
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Federation sensitivity reveals a layer cutoff
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Federation sensitivity reveals a layer cutoff
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1. Clients train locally

for one epoch
Hospital 1
ospita | et
—_—
=
Local data
Hospital 2 teposh
= »
=
Local data
F9 Hospital 3
G’FJ‘" vow 1 epoch
Y o —_
Local data
Hospital K
P 1 epoch
>
Local data

(e.g., 4-5 hospitals)
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1. Clients train locally 2. Compute federation

M et h O d S for one epoch sensitivity per layer
Algorithm g " 1o

—_—
=
g L(jcal data Local model 1
(" |
Hospital 2 e ' Federation Sensitivity ;
= - \ Computation
g — i
=
Local data Local model 2 ‘ /Jﬂ :3
M Hospital 3 ‘ ‘
,;f A o Tepoch ‘ l |
@ﬂg o ST 1 | 65 ' | Compute sensitivity Fy(6c)
= L —> for each layer I on
Local data Local model 3 client ¢’s model &,
Hospital K
ﬁ P 1 epoch I I
> s Wl oe——2
Local data Local model K

(e.g., 4-5 hospitals)

[] Federated (shared across clients)
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1. Clients train locally

2. Compute federation

M et h O d S for one epoch sensitivity per layer
A |gor|th m Hospital 1
=
Local data Local model 1
( ‘
Hospital 2 ' Federation Sensitivity |
1 epoch . ‘
= —y i Computation
= L
- \
Local data Local model 2 ‘ /\A ;
S | l Q |
M Hospital 3
Cﬁo;ﬁ MOSPIt 1epoch | | ‘
e = s [ 1] ' | Compute sensitivity Fy(6c)
= —> for each layer L on
Local data Local model 3 client ¢’s model 6,
Hospi
H spital K oo I
_’ Y —

Local data

Local model K

(e.9, 4-5 hospitals)
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[] Federated (shared across clients)

3. Aggregate & determine
split point

Aggregate federation sensitivity
across clients (average)

Threshold ¢

Avg. Federation
Sensativity

N

Layerindex ()  Fi41/F

|

Choose split layer p:

F
p=min{l€{1,...,L—1}:—II:_|-'i >t}
l

(First layer where relative sensitivity
exceeds threshold t)

[ ] Local (client-specific)
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1. Clients train locally

2. Compute federation

for one epoch sensitivity per layer
Hospital 1
ospita | Aepioeh
_
=
Local data Local model 1
( |
Hospital 2 Federation Sensitivity |
1 epoch : ‘
< —— i Computation
= i
= \
Local data Local model 2 ‘ f‘f f i
M Hospital 3 ‘D_H-L‘
rfﬁ oo Tepoch | ‘ ‘
Eﬁg - — [ [ | ' | Compute sensitivity Fy(6c)
— —> for each layer L on
Local data Local model 3 client ¢’s model 6,
Hospi
H spital K fiapedh I
_} o —_—

Local data

Local model K

(e.9, 4-5 hospitals)
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[] Federated (shared across clients)

3. Aggregate & determine
split point

Aggregate federation sensitivity
across clients (average)

Threshold ¢

Avg. Federation
Sensativity

y

Layerindex ()  Fi41/F

|

Choose split layer p:

F
p=min{l€{1,...,L—1}:—II:_|-'i >t}
l

(First layer where relative sensitivity
exceeds threshold t)

[ ] Local (client-specific)

4. Perform FL, federating
layers up to layer p

Model architecture

\
Layer 1
Up to layer p:
Layer 2 Federated
(Shared)
Layer p >, Server
_____________ aggregation
\
Layer p+1
Beyond layer p:
Layerpss Kept local
(Personalized)
T T
Layer L Local training

(remains private)
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Methods

Evaluation setup - datasets

Modality / task Architecture

FashionMNIST Fashion images Label skew, Dir(0.5)

EMNIST Handwritten digits/characters 62 Label skew, Dir(0.5) CNN
CIFAR-10 Color images 10 Label skew, Dir(0.5) CNN
ISIC-2019 Skin lesion images 4 4 hospitals CNN
Fed-Heart-Disease Heart disease tabular data 5 5 hospitals MLP
Sent-140 Tweet sentiment classification 2 15 users Transformer
MIMIC-II nMO(E;tSality prediction from admission ) S}i;ogllll%escilsbgyr ;clilznitting Transformer
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Methods

Evaluation setup - datasets

Modality / task Architecture

FashionMNIST Fashion images Label skew, Dir(0.5)

EMNIST Handwritten digits/characters 62 Label skew, Dir(0.5) CNN
CIFAR-10 Color images 10 Label skew, Dir(0.5) CNN
ISIC-2019 Skin lesion images 4 4 hospitals CNN
Fed-Heart-Disease Heart disease tabular data 5 5 hospitals MLP
Sent-140 Tweet sentiment classification 2 15 users Transformer
MIMIC-II nMO(E;tSality prediction from admission ) S}i;ogllll%escilsbgyr ;clilznitting Transformer

Dir: Dirichlet distribution
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Methods

Evaluation setup - baselines

Local Local training No collaboration
Global FedAvg One shared model
Personalized FedProx, pFedMe, Ditto, Client-specific models

LocalAdaptation

FedBABU, FedLP, FedLAMA,

Partial pFedLA

Share only part of the model
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» Performance (Macro-F1 Score)

@2 COLUMBIA




Methods

Evaluation setup - metrics

» Performance (Macro-F1 Score)

 Fairness
e C is the number of clients

» P.is the performance of client c
« P.is the average performance of all
clients for a given personalized algorithm
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Methods

Evaluation setup - metrics
» Performance (Macro-F1 Score)

 Fairness
e C is the number of clients

» P.is the performance of client c
« P.is the average performance of all
clients for a given personalized algorithm

 Incentivization
» S, is the performance of the local site

model in client c
* G, is the performance of the global
FedAvg model in client c

VAGELOS COLLEGE OF
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, 1 —\ 2
Fairness = o Z (PC - PC)

C
1
Incentivization = G czzl {P. > max(S.,G.)}
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Results
One dataset: Sent-140

Algorithm

Local 57.4

FedAvg 52.6 — —
FedProx 52.6 4.1e-3 6.7
pFedMe 58.9 3.7e-2 6.7
Ditto 58.9 3.6e-2 26.7
LocalAdaptation 53.2 4.1e-2 0.0
FedBABU 58.3 3.5¢e-2 20.0
FedLP 54.4 3.7e-2 6.7
FedLAMA 50.3 4.1e-2 0.0
pFedLA 50.3 4.1e-2 0.0
PLayer-FL 59.6 3.3e-2 20.0
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Results
One dataset: Sent-140

Algorithm

Bold: best
Local 57.4

ltalic: second best FedAvg 5.6 - o

PLayer-FL is in the top-2 FedProx 52.6 4.1e-3 6.7

for each metric pFedMe 58.9 3.7e-2 6.7
Ditto 58.9 3.6e-2 26.7
LocalAdaptation 53.2 4.1e-2 0.0
FedBABU 58.3 3.5e-2 20.0
FedLP 54.4 3.7e-2 6.7
FedLAMA 50.3 4.1e-2 0.0
pFedLA 50.3 4.1e-2 0.0
PLayer-FL 59.6 3.3e-2 20.0
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Results
Mean rank comparison

Algorithm (type) Mean rank performance | Fairness rank Incentivization rank

Local training (local)

FedAvg (global) 6.0 — —
FedProx (personalized) 6.3 7.7 5.4
pFedMe (personalized) 53 4.3 5.1
Ditto (personalized) 6.0 5.0 5.6
LocalAdaptation (personalized) 6.4 6.4 5.2
FedBABU (partial) 4.1 4.4 4.4
FedLP (partial) 6.7 6.1 6.2
FedLAMA (partial) 10.1 5.6 7.3
pFedLA (partial) 11.4 5.1 7.7
PLayer-FL (partial) 2.6 3.8 34
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Results
Mean rank comparison

Lower is better

Local training (local)

FedAvg (global) 6.0 — —
FedProx (personalized) 6.3 7.7 5.4
pFedMe (personalized) 53 4.3 5.1
Ditto (personalized) 6.0 5.0 5.6
LocalAdaptation (personalized) 6.4 6.4 5.2
FedBABU (partial) 4.1 4.4 4.4
FedLP (partial) 6.7 6.1 6.2
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Motivation
And healthcare data have many sources of non-lIDness

Ways data can be non-lID Examples in healthcare
Covariate shift FFE“I“’EI ) Patients Composition, access
Pi(z) # P;(z) distributions differ » Will likely be a mixture of
these effects
Clinical Dx criteria, Tx
Label skew Label distributions palhways gUIdB'lneE « Exact mix dﬂ?ﬂﬂds on
P,(y) # Pj[ y) differ Eakgrnup of clients and
Hospital Size, specialty 5
= Bt )
Concept drift Same label has + Often innocuous or
different features Data Recording practices, overlooked
Fi(zly) # Pj(z|y) collection equipment
+ Some effects are poorly
characterized
Concept shift Same features Geographic  Semantic
have different and social interoperability

Pi(y|x) # P;(yl|z) labels
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Federation sensitivity after one epoch
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Figure A. 10). Federation sensitivity after one epoch. All models identically initialized and independently trained on non-11D data.
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Federation sensitivity for final models
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Figure A.11. Federation sensitivity for final models. Models trained via FL. on non-11D data.
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Threshold robustness
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Figure A.1. Split layer (mode across 10 runs) vs. threshold z. The red solid line marks the default £=2; the grey dotted line marks £=1.2.
Blue circles: Mean/Sum aggregation; orange squares: Median aggregation. For most datasets, the split layer is stable across a wide range

of thresholds under both aggregation strategies.
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Performance dataset breakdown

Table 2. Macro-averaged F1 Score and average rank. In bold is top-performing model. Friedman rank test p-value < 5 x 10~

Algorithm FMNIST EMNIST CIFAR ISIC Heart ~ Sentiment MIMIC Mean Rank
Local 759 +16 569 +14 61.6+32 53.1+13 42.0+08 574+10 586+15 6.9
FedAvg 756 £18 642 +11 654 +45 433107 404 +10 526+03 63.0+17 6.0
FedProx 764 £18 653 +19 658 +49 40.6+26 37.2+16 52.6+03 63.2+08 6.3
pFedMe 773 £18 66.2+07 489 +25 449 +26 425+08 589 +04 60.9 +04 5.3
Ditto 77.8 £12 61.6 £08 48.7+19 434 +07 40.7+10 589 +09 61.0x05 6.0
LocalAdaptation 769 +15 63.8+18 655+33 435+19 398+09 532+06 626=+16 6.4
FedBABU 772 +10 661 +02 67.7+40 49.1 £35 403 +08 583 +02 62.7+04 4.1
FedLP 772 £13 64.1 £09 63.7+51 402+21 40.1+10 544 +11 62.1+13 6.7
FedLama 716 £17 569 +13 418 +30 36.0+11 39.7+08 503 +04 66.7+10 10.1
pFedLA 47.1 £09 07.1 x00 105+16 284 +19 40.1 £08 503 +04 65.0+26 11.4
PLayer-FL 793 +14 622 4+12 67.1437 52.1+15 419410 59.6+12 63.0+07 2.6
PLayer-FL-Random 76.5 +23 57.1 +11 657 +23 521415 413 +09 557 +09 61.0+14 6.1
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Fairness dataset breakdown

Table A.5. Variance in clients’ F1 score (fairness). In bold is fairest model. Friedman rank test p-value < 5 x 1073

Algorithm FMNIST EMNIST CIFAR ISIC Heart Sent-140  MIMIC-III  Rank
Fedprox 30-100*  80-107* 4.0-100* 1.1-100* 9.0-107% 4.1-107%® 1.7-107° 77
pFedMe 3.0-100* 6.0-100* 5.0-100* 42-10° 7.1-10%* 37-100% 14-10° 43
Ditto 50-100* 6.0-100* 20-100* 3.6-107° 82-107° 36-107* 1.6-107° 50
LocalAdaptation 1.0-10* 7.0-100% 4.0-100* 9.0-107° 83-107% 4.1-107% 22.-107° 64
FedBABU 20-100*  4.0-100* 4.0-100% 21-107° 84-100% 35-1072 2.0-107° 44
FedLP 3.0-10~* 4.0-100* 1.0-107%® 11-107* 85-107% 3.7-107* 1.6-107° 6.1
FedLAMA 20-100* 6.0-100* 5.0-100* 47-107° 87-107% 41-100° 20-107° 56
pFedLLA 40-10* 1.0-100* 10-100* 35-107° 74-107% 41-107* 21-107° 5.1
PLayer-FL 4.0-107* 50-107* 6.0-107% 1.3-107° 73.1077 33.100% 15-107° 38

PLayer-FL-Random 8.0-107%* 3.0-107% 10-10% 70-10%* 73-1002 34.-1072 19-100% 65
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Incentivization dataset breakdown

Table A.6. Incentivized participation rate (%) using F1 score. In bold is model with highest IPR. Friedman rank test p-value = 0.043

Algorithm FMNIST EMNIST CIFAR ISIC Heart Sentiment Mimic-IIl Rank
FedProx 0.0 20.0 40.0 0.0 0.0 6.7 50.0 54
pFedMe 80.0 20.0 0.0 0.0 50.0 6.7 0.0 5.1
Ditto 60.0 0.0 0.0 0.0 0.0 26.7 25.0 5.6
LocalAdaptation 0.0 40.0 40.0 0.0 0.0 0.0 75.0 5.2
FedBABU 0.0 40.0 80.0 0.0 0.0 20.0 50.0 4.4
FedLP 0.0 60.0 0.0 0.0 0.0 6.7 50.0 6.2
FedLAMA 0.0 0.0 0.0 0.0 0.0 0.0 25.0 7.3
pFedLA 0.0 0.0 0.0 0.0 0.0 0.0 0.0 7.7
PLayer-FL 100.0 0.0 1000 00 250 20.0 50.0 34
PLayer-FL-Random 60.0 0.0 80.0 0.0 250 6.7 25.0 4.8
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