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Introduction Breakdown of idealised assumptions

When textbook assumptions break...

Typical data assumptions in machine learning

m Centralised: collected into one place
m Mono-modal: a single, well-formed channel

m Complete: all relevant information is observed
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Introduction Breakdown of idealised assumptions

When textbook assumptions break...

Typical data assumptions in machine learning ... and what the real world
says:
m Centralised: collected into one place
= data are generated and kept at the edge, i.e., inherently distributed.
m Mono-modal: a single, well-formed channel
= intelligence demands reasoning across heterogeneous modalities.
m Complete: all relevant information is observed
= data are partially observed, i.e., any variable may be missing.
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Introduction Breakdown of idealised assumptions

When textbook assumptions break...

Typical data assumptions in machine learning ... and what the real world
says:

m Centralised: collected into one place

= data are generated and kept at the edge, i.e., inherently distributed.

m Mono-modal: a single, well-formed channel

= intelligence demands reasoning across heterogeneous modalities.
m Complete: all relevant information is observed

= data are partially observed, i.e., any variable may be missing.

ML methods should remain robust when these idealised assumptions break.

Li Ju (Uppsala University) PhD Defense June 4, 2026
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Towards robust ML

distributed heterogeneous
where data live how data are shaped
Federated Learning Uncertainty Quantification
for Vision-language
Paper |, I Models
Paper Ill, IV

LiJu (Uppsala University) PhD Defense

incomplete

any subset observed,
any subset inferred

Simulation-Based
Inference

Paper V
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Dim 1: Federated Learning Paper I: An empirical study

Paper |: An empirical study

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

1 Ju et al., Artificial Intelligence in the Life Sciences, 2024
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Dim 1: Federated Learning Paper I: An empirical study

What is Federated Learning?

0* = argming R(0, D)

Centralized Learning Federated Learning
Client 1 vl  Server
Dy 2 AbLy 1263
7 1 1
A
H D- 2 1 Ab> 9, ]
[ Client 1 ] [ Client 2 ] [ Client 3 ]
Client 3 Dy D, D
Ds
0 = Train(D; U Dy U Ds) Or+1 = Aggregate(0y, Ay, Aby, AbO3)

Moving the model to the data, instead of moving the data to the model.
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FL for drug discovery: an empirical study

Task: Predict a compound’s Mechanism

UPPMAX

of Action (MoA) from fluorescence Wppsale) NAISS _
L. . R @—{ Client 0 Science Cloud Supporting
cell-painting images with a neural (Umed) Services
network. @— Clie—“l : Combiner
|
: Combiner
Why FL: Pharmaceutical data are = a i
locked in silos (due to intellectual =—H ctenx

property, regulation, etc). AR

(Gothenburg)

Implemented with FEDn, distributed across

Three scenarios: Uniform (i.i.d.) — Uppsala, Gothenburg, and Umea.

Unbalanced (size skew) — Non-IID (one
client specialises in a subset of MoAs).
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Three findings

Accuracy (%)

Finding 1
0 Unbalanced: Test Accuracy
LLO L2 CL
LL.1 FL
80 4 76.8-76.7
75.1 750 735 " f
719 i \
. 68.8 68.7
70 —
i
604
50 -
AlexNet VGG13

CL ~ FL > Local models
Collaborate via FL.

Dim 1: Federated Learning

Test Acc. (%)

2

b

70

60

Finding 2

Unbalanced Scenario

3 4 5
Num. of Clients

Stay engaged.

More clients = better model

F1 Scor

Paper I: An empirical study

Pred. Acc. for MoA.s (%)

80

60

404

20+

Finding 3

Prediction Acc. for the Specialised MoA

/,/o/"ﬁ*\o—*—‘

—8— FL-Excluded
~®— FL-Included

0 10 2 30 40
Proportion of MoA s in Shared Dataset(%)

Specialised client helps everyone
Specialised & general both

benefit.

Federated learning works for MoA prediction — Non-1ID data is not a big problem.
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Dim 1: Federated Learning Paper II: Fairness for Federated Learning

Paper Il: Fairness for Federated Learning

Accelerating fair federated learning:
Adaptive federated adam 2

2Ju et al., IEEE Transactions on Machine Learning in Communications and Networking, 2024
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Fairness problem

The global model can look good on average while being unusable for some

clients.
MNIST: Test Accuracy
100
80
X

g 60
é Client 0
2 a0 CI!ent 1
2 —e— Client 2
S —— Client 3
20 —— Client 4
—e— Client 5

0

0 20 40 60 80
Num_rounds

Fairness problem: discrepancy of per-client model performance in FL.
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Paper II: Fairness for Federated Learning
Existing approach: Q-Fair FL

Standard FL minimises the sum of per-client risks; Q-Fair FL raises each to

power g + 1:
K K
0* = arg mainZRk(H) = 0* = arg rrgnZRZ+1(0)
k=1 k=1
Standard FL Q-Fair FL, ¢>0

m +: Proven fairness guarantee.
m —: Converge slow: 2-5x slower than FedAvg.
m —: Incompatible with accelerated federated optimizers, i.e., FedOpt.

We want federated learning to be both fair and fast.

3Li et al., International Conference on Learning Representations, 2020
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Dim 1: Federated Learning Paper II: Fairness for Federated Learning

Analysis & reformulation

Key insight: The gradient of Q-Fair FL scales with the objective value, which can
be arbitrarily small = slow convergence for first-order methods.

We propose a dynamic optimization formulation for fair FL, with two key
properties:

m Same fairness guarantee as Q-fair FL (same stationary points).

m Gradient scales are preserved = compatible with FedOpt (e.g., FedAdam)*.

4Reddi et al., International Conference on Learning Representations, 2021
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Paper II: Fairness for Federated Learning
From FedAdam to AdaFedAdam

e i e | AdaFedAdam adds three fixes:
0SS 0] Adam .
Comvergonce m Normalise local updates by ¢, norm of
FL with I[ID  Accumulated Parameter .
data SGD updates it o update |Oca| gradlent
< e ot oo
Introduced m Estimate per-client confidence of the

- udo- rameter H H
FLwith  Pseudo Paramete update direction.

non-IID data radient update
{}\ — m Use aggregated confidence to adapt

e gz \} w/’ server-side hyperparameters.

local updates
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Dim 1: Federated Learning Paper II: Fairness for Federated Learning

Empirical evaluation

m Faster: Up to 10x speedup over Q-Fair

FL to target accuracy.

m More fair: Lower variance for prediction

accuracy across clients.

m New Pareto frontier for fairness and
accuracy trade-off in FL.

Li Ju (Uppsala University)

PhD Defense

RSD of Error

Pareto Front of the Synthetic Setup

47 —e— AdaFedAdam o®
q-FedAvg
; ® FedAvg °
® FedAdam
® FedNova
24 ®  FedProx
°
9=1g= o
a G —e— o o—-o ]
=4 =8 | =16 a=32 =64 o=
0 T T T T
0.15 0.20 0.25 0.30
Error
June 4, 2026
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Dim 2: UQ for VLMs Paper llI: Aleatoric uncertainty in vision—language models

Paper Ill: Aleatoric uncertainty in vision—language models

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

5Ju et al., The Thirty-ninth Annual Conference on Neural Information Processing Systems, 2025
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Dim 2: UQ for VLMs Paper llI: Aleatoric uncertainty in vision—language models

Vision-Language Models

Vision—Language Models (VLMs) embed images and texts into a shared
representation space, so cross-modal retrieval reduces to a similarity lookup.

Pepper the

E.g., CLIP® 1
m Matched pairs: Pull together i
m Mismatched pairs: Push apart 0

Cosine similarity is the distance metric @—> mage .
= embeddings live S~ 1. N O I
In INTy [ INTy [ INT3 | o [ INTN

June 4, 2026 15/35

6Radford et al., International conference on machine learning, 2021
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Dim 2: UQ for VLMs Paper llI: Aleatoric uncertainty in vision—language models

Aleatoric vs. epistemic uncertainty

"I am uncertain about my answer...”

An output from a model can be uncertain for two distinct reasons:
m Aleatoric — inherent ambiguity in the data. Irreducible.
m Epistemic — the model’s ignorance. Reducible by more / better training data.

Paper Il focuses on aleatoric uncertainty in pre-trained VLMs, and Paper IV on epistemic
uncertainty.

LiJu (Uppsala University) PhD Defense June 4, 2026
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Dim 2: UQ for VLMs Paper llI: Aleatoric uncertainty in vision—language models

Asymmetry in aleatoric uncertainty of VLMs

Hypothesis: both i2t and t2i are one-to-many mappings — not because images
are ambiguous, but because texts are.

To capture this one-to-many mapping, we can equip the text embeddings with a
probabilistic structure.

m CLIP: deterministic for both modalities — no notion of ambiguity.
m ProbVLM’: probabilistic for both modalities — overlooking the asymmetry .

m AsymVLM (ours): asymmetrically probabilistic — probabilistic text,
deterministic image.

7Upad hyay et al., Proceedings of the IEEE/CVF international conference on computer vision, 2023
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Dim 2: UQ for VLMs Paper llI: Aleatoric uncertainty in vision—language models

Building AsymVLM

E = Frozen
b Image

23
Encoder P K
"
4| & & Zp
L

(p1,k1) | |L1a | L2 |Lig [Ly,..|Lis

(m2;k2) | |L2i|Lag2 |Lag Lo |Lop
Frozen Text )
aphoto of adog—> Text —r—>, (m3,.3) | [La|Lso |Lag [Ls...|Lsp ::“)
Encoder’ Gkt ’ Lyp =lnp(z} | pp, kp)

L.aL. oL 5 L. [L...g

AsymVLM

(#B,k8)| |Lpi|Lp2|LpsLp.. Lps

Geometry Respect. Maximum likelihood Principle.
Embeddings live on S9~!. CLIP text Fit the text distribution so the matched
embeddings mapped to a directional image embedding has maximum
distribution. likelihood.
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Dim 2: UQ for VLMs Paper llI: Aleatoric uncertainty in vision—language models

Calibration and structural ablation

Text-to-Image

0.6

0.5

044

0.3 A

Recall@1

PFE*

—o— PCME++*
029 —e— ProbVLM
014~ AsymVLM,yp
—o— AsymVLMpg
0.0 T T T T
0 2 4 6 8

Uncertainty Levels

Effectiveness. Predicted uncertainty tracks
retrieval error — the model is well-calibrated.

LiJu (Uppsala University)

PhD Defense

Image-to-Text

\

—o— AsymVLM
—o— AsymVLM((image)
—o— SymVLM

—e— AsymVLM(G)

Recall@1

0 2 4 6
Uncertainty Levels

o0 -

Ablation. Both asymmetric structure and
directional distributions are both essential.

June 4, 2026 19/35



Dim 2: UQ for VLMs Paper IV: Epistemic uncertainty in vision—-language models

Paper |V: Epistemic uncertainty in vision—language models

Epistemic uncertainty quantification for pre-trained VLMs via
Riemannian flow matching®

8Ju et al., International conference on machine learning, 2026
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Dim 2: UQ for VLMs Paper IV: Epistemic uncertainty in vision—-language models

When the model is ignorant

AsymVLM captures aleatoric uncertainty (ambiguity) in the text, but there is no
signal for model ignorance, i.e., epistemic uncertainty.

Existing options are unsatisfying:
m Deep ensembles — prohibitive for foundation-scale backbones.
m MC-Dropout — requires multiple forward passes.

We need a scalable, intrinsic measure of epistemic uncertainty for VLMs.

LiJu (Uppsala University) PhD Defense June 4, 2026 21/35



Dim 2: UQ for VLMs

Embedding density proxies ignorance

Hypothesis. Epistemic uncertainty of x under VLM fy(-) can be proxied by

—log p(fo(z)).

Paper IV: Epistemic uncertainty in vision—-language models

-

What a great
day!

CLIP

Text
Encoder

Twas brilg,
slithy toves.
=

-
L

N

z = fo(x)

1p(2) = Uep(z) 1

p1 = p(z | txt)

p1 = p(z | img)

REPVLM\

po = Unif(S? 1)

/

The embedding z € S?~! of a familiar input lands in a dense region of the

hypersphere; an unfamiliar input lands in a sparse region.

LiJu (Uppsala University)

PhD Defense
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Dim 2: UQ for VLMs Paper IV: Epistemic uncertainty in vision—-language models

Embedding density estimation

Goal. Estimate p(z) for z € S~ that is
m high-dimensional (hundreds of dimensions),
m multi-modal (concepts cluster across the sphere),
m respects the spherical geometry.

Options

m Parametric directional distributions — too simple, can’t capture multimodality.

m KDE / GMM - collapse in high dimensions, no geometry.

m RFM —scales to high dim, captures multimodality, and operates natively on
the sphere.

LiJu (Uppsala University) PhD Defense June 4, 2026
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Paper IV: Epistemic uncertainty in vision—-language models
Building RepVLM

Training — learn the vector field.

Design a probability path p; from pg = Uniform(S?—1) to p; = p(z | ¢),
generated by a velocity field u;(z, ¢) via the ODE

Zy = ut(zt,c), Zr € Sdil, ut(zt, C) S TZtSdil, cE {teXt, image}

whose trajectories follow geodesics of the sphere.
Approximate u; with a neural network v.(z, ¢; ¢):

m(;n E: - ||ve(z, ¢ 9) — Ut(Z’C)H2'

Inference — evaluate density.
Integrate V - v.( - ; ¢) along the geodesic flow from ¢ = 0 to ¢t = 1 to recover
log p1(z | ¢) exactly.

LiJu (Uppsala University) PhD Defense June 4, 2026
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Dim 2: UQ for VLMs Paper IV: Epistemic uncertainty in vision—-language models

Empirical evaluation

ImageNet-1K Cifar100 ObjectNet ImageNet-R
@
=] 875
8
§‘ g 85.0
(S 825
= 8 i
2 3 80.0 - .
715 * "
g et
750
© 70 4
0 20 40 60 80 0 20 40 60 80 0 20 40 60 80 0 20 40 60 80
Rejected Fraction (%) Rejected Fraction (%) Rejected Fraction (%) Rejected Fraction (%)
—— REPVLM ProbVLM +— MC-Dropout +— Emb. Norm +— W-CLIP «— GMM Conformity

m Monotonicity between rejection rate and prediction error.
m Effective for OOD detection and automated data curation.
m Only ~ 10% the compute of MC-Dropout at inference.
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Dim 2: UQ for VLMs Spoiler: GeoFlowVLM — a unified method

Spoiler: GeoFlowVLM — a unified method

GeoFlowVLM

A photo of Text
adog Encoder

. S
Image
- T - Encoder

m € {mr_,;, my,7, Mjin }

V?(zt,m) >

—~ Aleatoric Uncertainty u,)
H(py(er | er)) forer
H(py(er | er)) fores

Epistemic Uncertainty ucp,(er, er)

Q@ ® oo

“_—Inpg(er) —Inpy(er) —PMlg(er,er)

GeoFlowVLM?: A single masked Riemannian flow model over the joint
embedding space that captures both aleatoric and epistemic uncertainty.

gNautiyal et al., arXiv preprint arXiv:2605.13352, 2026
Li Ju (Uppsala University) PhD Defense
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Dim 3: Simulation-based Inference Paper V: All-in-one simulation-based inference

Paper V: All-in-one simulation-based inference

OneFlowSBI: One model, many queries
for simulation-based inference'®

10 Nautiyal et al., arXiv preprint arXiv:2601.22951, 2026
Li Ju (Uppsala University) PhD Defense June 4, 2026
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Dim 3: Simulation-based Inference Paper V: All-in-one simulation-based inference

What is simulation-based inference?

Scientific simulators § — y are widely used (epidemiology, climate, physics). But,
when the likelihood p(y | #) is intractable, the posterior

py | 0) p(0)

p(0y) = o)

cannot be evaluated directly.

Simulation-based inference (SBI)
Approximate p(6 | y) with simulated (6, y) pairs via a surrogate model, e.g., neural
networks.
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Dim 3: Simulation-based Inference Paper V: All-in-one simulation-based inference

Limitations of the standard SBI

It works, but...

Posterior-only is too narrow. Observations are partial.

Beyond p(@ | y), we need
m likelihoods p(y | 0);
m marginals p(y), priors p(0);

m arbitrary conditionals — “what if 6, is
fixed?”

m sensor dropouts;

m differing experimental setups across
labs;

m corrupted or masked dimensions.

OneFlowSBI is one model that handles any query.
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Paper V: All-in-one simulation-based inference
OneFlowSBI: one model, any query

Training. Train one flow matching model over the joint state z = [6; y] € R%+%,
A binary mask m € {0, 1}%*% tells the model what to condition on (m; = 1, fixed)
and what to generate (m; = 0, transported).

Inference. Fix observed dims, draw ¢ ~ py on the dims to be generated, integrate
the masked ODE

dz
Jz(l—m)@vf(zt,m), Zo =M O Zops + (1 —m)©e, te]|0,1].

dt

*Same machinery as GeoFlowVLM.
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Paper V: All-in-one simulation-based inference
Querying OneFlowSBI

(a) Posterior p(@ | y)

1.0 -
0.5
2 4o
-051 &
-1.0
-1 0 1

6,

(d) Marginal p(y)

LiJu (Uppsala University)

I Reference samples

Posterior marginals

I Generated samples

(b) Prior p(0) (c) Likelihood p(y | ©)

205
6, 2 6 !
a
—05 05 00— 0 1 2 o ?
205
/\ /\ " -g " o

a / \

0.0

-0.5 0.5 -1 0 1 -1 0 1
Y1
(e) p(®]y1) (f) p(6 | y2) (9) p(B1.,y2 | B2, y1)
1.0 v
1
0.5

62 40 2 ol R

-0.5

-1
-1.0
-1 0 1 -1 0 1
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Pulling the three threads together

Federated Learning robustness to client heterogeneity & unfairness
Vision—-Language Models robustness via uncertainty quantification
SBI robustness to partial observations & arbitrary queries

Recurring methods

m Distributed optimisation — Papers |, II.
m Geometry-native probabilistic methods — Papers lll, IV.
m Generative modelling via flow matching — Papers 1V, V.
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Conclusion and Outlook Outlook

Future work

Goal: resilient, fair, and self-aware learning in the uncurated world.

m At scale — Decentralised foundation models: Push distributed optimisation
to federated training of large multi-modal models.

m Under generation — UQ for generative VLMs: Quantify intrinsic
hallucination for GPT-/Qwen-style generators.

m In the loop — Al-driven scientific discovery: Put OneFlowSBI in
active-learning loops, proposing the next informative experiment.
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