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Machine Learning (ML) "...the development and study of statistical algorithms that
can learn from data and generalize to unseen data...”, from Wikipedia

Data are by nature distributed:
m generated from diverse sources (social media, loT devices...)

m infeasible to be collected together (cost, legal restrictions, different formats...)

Data are also inherently heterogeneous, including:
m Heterogeneity across data partitions.

m Inherent heterogeneity across data of different formats.
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Algorithms need to adapt to the distributed and heterogeneous nature of data.

My work focuses on two aspects:

m Federated learning: Learning from distributed data.

m Vision language models: Learning from data of different formats.
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Problem Setting
But what is FL?

Classi cation problem
We are interested in a classifier y =f(X; ); 2 6.

Given a dataset D = f(Xn;yn)gN_;, with y =f(x; ) and “(; ), we aim to solve the
optimisation problem

.1 .
? = argmin N (F(Xn; );yn):
20

Generally solved with stochastic first-order methods.

Li Ju (TDB) Half-time Seminar August 16, 2025 4/38



Problem Setting
But what is FL?

Federated Learning

The dataset isfD kg, , whereDy = f(x.r,;y.r,)gw:k1 ; 8k 2 [K]. Then the optimisation
problem is in the form of

’ 1 X
‘= argmin— Re( );
2 Koy

PN .
whereRc( )= X “(F(%n; );Yn)

How to solve this problem e ciently, w.r.t. the distributed data access pattern?
Baseline algorithm:FedAvg

Li Ju (TDB) Half-time Seminar August 16, 2025 5/38



[ZELEIECONEETRVR(LISCI Federated Optimisation

Generalised framework

Algorithm 1 FedOpt

Require: Initialize parameters ©
for roundt in f1;:::Tgdo
for clientk in f1;:::Kg parallel do

¢ = ClientOpt( ' 1) . Client-side
=L
end for
t o= . Server-side
t*1 = ServerOpt( ! )
end for
m FedAvg SGD + + GD.
m FedAdamSGD + + Adam.

lReddi et al., \Adaptive federated optimization".
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FL for Mechanism of Action Prediction

Federated learning for predicting compound mechanism of action based
on image-data from cell painting 2

ZJu, Hellander, and Spjuth, \Federated learning for predicting compound mechanism of action based on image-data from cell painting".
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Etsipupllalviotaioy
Questions of interest

An image classi cation problem:
m Fluorescence imag&: H W  #channels.
= MoA Y : Categorical variable.
m Model: a classi ery= f(%; ).

In pharmaceutical industry, collaborative ML without sharing data is necessary. FL is
the option!

In the context of MoA prediction, we are interested in
m the e ectiveness of FL.
m how data heterogeneity a ects the performance.
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Background & Motivation
Scenarios

We simulate three scenarios, Uniform, Unbalanced (in sizes), and Non-1ID
(specialisation in certain MoAS).
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CL FL> LL

This encourages collaboration across pharm entities using FL, instead of training local
models.
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Elleeils
The more participants, the better performance

This encourages existing participants to keep engaging in FL throughout the life cycle
of a model.
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FL for Mechanism of Action Prediction Empirical results

We compare the performance of the federated models with the specialised client
included and excluded.
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Elleeils
Specialised participant brings bene ts

Including the specialised client in federated learning
m signi cantly improves the prediction accuracy for the specialised MoA.
m slightly improves the average prediction accuracy for all MoAs.
This encourages both specialised and general clients to join federated learning.
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FL for Mechanism of Action Prediction Conclusions

We conclude that
m Federated learning does bring bene ts for MoA prediction.
m Our studies provide motivations for di erent (potential) participants.

m Theoretical studies for data heterogeneity are too pessimistic in the context of
MoA prediction.
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Accelerate Fair Federated Learning

Accelerating fair federated learning:

Adaptive federated adam 3

3Ju, Zhang, et al., \Accelerating Fair Federated Learning: Adaptive Federated Adam".

Li Ju (TDB) Half-time Seminar

August 16, 2025

15/38



fsipesl okl
Fairness problem?

If clients own their own local test sets (instead of a global test set):

Fairness problem: the discrepancy in model performance across clients in FL.
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LA SIECREE R IO EETRIGE  Current Approach and Limitations

Standard FL

7 X
‘= argmin Re()
k=1

Q-Fair FL

? . X +1
‘zargmin R ()
k=1

whereq 0 is a hyperparameter. A commonly used approach in resource allocation,
with g-fairness guarantee.
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LA SIECREE R IO EETRIGE  Current Approach and Limitations

The update rule and the gradient are given by:

— +1
t+l__ t+tr RI((] (t)

x oo X
ro ORI (D =g+ RICH rR(Y
k=1 k=1

Diminishing gradient scales require adaptiveto make progress!

Tian* proposed an adaptive method, which is
m E ective
m But slow (2-5 times slower compared teedAvg
m And not compatible withFedOpt

4Li et al., \Fair resource allocation in federated learning".
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LA SIECREE R IO EETRIGE  Current Approach and Limitations

We want FL to be both fair and fast.

Problems include:

m The diminishing gradient scales
m Reformulation is required.
m Poor use ofFedOpt

m Study of the server-side optimiser for better convergence.
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Accelerate Fair Federated Learning EMYEgRETo/(eE o]

We propose a new formulation

) Kb R(Y
? = argmin—Kp-X
k=1 I (1)

whereli(t) = Re( H=R¢( °) and 0 is similar toq in Q-fair FL.

Our formulation has two properties:

m Shares the same stationary points with Q-fair FL, thus with the identical fairness
guarantee.

m Gets rid of the problem of diminishing gradient scales, thus compatible with
FedOpt
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Accelerate Fair Federated Learning EMYEgRETo/(eE o]

To further accelerate the optimisation, we studydamin heterogeneous FL.
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Main approach
Our method

Tackling the problem ofFedAdamwe propose our method, Adaptive Federated Adam:

Algorithm 2 AdaFedAdam

Require: Initialize parameters °
for roundt in f1;:::Tgdo
for clientk in f1;:::Kg parallel do

¢ =ClientOpt( ' 1) . Client-side
t — t t 1
kK = K
o= L Ul st kUlky = kr Rg( ")k (step size direction)
end for
;1 5 =Aggre. hyperpara{ {):0 k< Kg . Server-side

' =Aggre. directionfU} :0 k < Kg)
= Adarg YL )
end for
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Elleeils
Empirical results: convergence and fairness
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Empircal results
Empirical results: the Pareto front

How does the additional hyper-parametera ect the performance?
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S
Key Properties

Our approach ensures following properties:
m Fairness guarantee: Identical to Q-fair FL.
= Improved convergence rate.
m Fine-tuning free: Adaptivity of hyper-parameters.
|

Others: allowance for resource heterogeneity, robustness, compatibility with
arbitrary local solvers, etc.
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Asymmetric Adaptation for Pre-trained Vision Language Models

Exploiting the asymmetric uncertainty structure of pre-trained
vision-language models on the unit hypersphere®

5Ju, Andersson, et al., \Exploiting the Asymmetric Uncertainty Structure of Pre-trained VLMs on the Unit Hypersphere".
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Introduction
What is pre-trained VLMs?

"VLMs learn to map relationships between textual and visual data, in which image
and text embeddings reside in a joint vector space.”

Contrastive Language Image Pre-training (CLIP) ©

6Reldford et al., \Learning transferable visual models from natural language supervision".
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Main approach
Rethinking Building VLMs

= CLIP: "Image{text is an one-to-one mapping".

m ProbVLM’: "Image{text is a (Symmetric) many-to-many mapping".

= AsymVLM: "Image{text is a many-to-many mapping with an asymmetric
structure."

7Upadhyay et al., \Probvim: Probabilistic adapter for frozen vison-language models".
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Main approach
Building the method

m Text encoder (text! embedding): one-to-many, modelled by probabilistic
embeddings.

= Image encoder (imageé embedding): one-to-one, modelled by deterministic
embedding.

Additionally, we need to utlize the pre-trained models (CLIP, BLIP, SigLIP, etc), which
has deterministic embeddings @& *:

m The method should be post-hoc.
= Probabilistic embeddings should be modelled by directional distributions.
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Main approach
Deriving the Loss

Formally, the embedding of any text2 T is modeled by a random variabig ,
2" P( (1) where (t):=gr fr(t);

gr denote the adaptor andy denote the pre-trained text encoder.

The embedding of any image2 | is given byz' = f,(i), wheref, denotes the
pre-trained image encoder.

We choose von Mises Fisher distribution (vVMF) and Power Spherical distribution (PS)
for probabilistic embeddings.
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Main approach
Deriving the Loss

We want to maximizep(z' (i) j (t)) if t andi match, and minimize it if they do not:

To maximize the diagonals and minimize the o -diagonals, InfoNCE loss is applied.
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