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Bayesian setting: sampling from a complex posterior

With x ∼ pdata and y as a conditioning variable (label, class, measurement,...), we want to draw samples by:

p(x | y)︸ ︷︷ ︸
desired posterior

∝ pθ(x)︸ ︷︷ ︸
learned prior

p(y | x)︸ ︷︷ ︸
test-time likelihood

.

∇x log p(x | y) = ∇x log pθ(x) +∇x log p(y | x) .

Why not learn the posterior directly?

• Complex conditioning: The condition y may be unknown during training or change after training; the
likelihood p(y | x) can be expensive to compute (for example for forward models or simulations).

• Multiple conditions: Multiple independent likelihood functions can be applied during sampling:

∇x log p (x | y1, . . . , yk) = ∇x log p(x) +
k∑

i=1

∇x log p (yi | x) ⇐⇒ y1 ⊥ y2 . . . ⊥ yk | x

• Flexibility & Efficiency: The prior pθ(x) is amortized over many conditions; the likelihood p(y | x) is
amortized over different prior models; plug-and-play.
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Diffusion models: score-based overview

Sources: Ho et al., 2020; Song et al., 2021a,b; Karras et al., 2022; Lipman et al., 2023; Liu et al., 2023; Albergo et al., 2023

Forward SDE

dxt = ft(xt) dt+ gt dwt, x0 ∼ p0, xT ≈ N (0, I) .

Reverse SDE

dxt =
[
ft(xt)− g2t∇xt log pt(xt)

]
dt+ gt dw̄t, T → 0, sθ(x, t) ≈ ∇xt log pt(xt) .

Denoising score matching objective

θ∗ = argmin
θ

Et,x0,xt

[
λ(t) ∥sθ(xt, t)−∇xt

log p0t(xt | x0)∥22
]
, xt ∼ N

(
xt;αtx0, σ

2
t I

)
.
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Bayesian guidance: prior score to posterior score

Sources: Song et al., 2021b; Chung et al., 2023; Dhariwal and Nichol, 2021

Prior reverse SDE

dxt =
[
ft(xt)− g2t∇xt log pt(xt)

]
dt+ gt dw̄t .

Score decomposition

∇xt log pt(xt | y) = ∇xt log pt(xt)︸ ︷︷ ︸
diffusion prior score

+∇xt log pt(y | xt)︸ ︷︷ ︸
test-time likelihood score

.

Guided posterior reverse SDE

dxt =
[
ft(xt)− g2t (sθ(x, t) +∇xt log pt(y | xt))

]
dt+ gt dw̄t .
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Test-time likelihood: from theory to practical applications

Noise-aware likelihood

∇xt
log pϕ(y | xt, t) : ϕ∗ = argmax

ϕ
E(x0,y)∼pdata, xt∼p(xt|x0) [log pϕ(y | xt, t)] .

⇒
∇xt

log pt(y | xt) ≈ ∇xt
log p(y | Dθ(xt, t) + c),

Dθ(xt, t) ≈ Ep(x0|xt) [x0] =
xt + σ2

t sθ(x, t)

αt
.

Plug-and-play

∇xt log pt(y | xt) : log pt(y | xt) ∈
{
log pϕ(c | ·), −ℓ(·), r(·), − 1

2σ2
y

∥A(·)− y∥22

}
.

⇒ likelihood model assumptions and setup impact gradient quality.
⇒ requires extensive hyper-parameter searches.
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PhD Contributions

Sources: Vaeth et al., 2023, 2024, 2025b,a

Paper Research question TL;DR

I DBVCE-eval
(ECML Workshop
2023)

How do we evaluate (generated) coun-
terfactual explanations?

Compares evaluation criteria for coun-
terfactual explanations.

II GradCheck
(ArXiv 2024)

How to time dynamics of classifier gra-
dients relate to downstream metrics?

Diagnoses when clean classifiers pro-
vide useful or unstable forces.

III nrCG
(ECML 2025)

Can stabilization make non-robust clas-
sifiers usable?

Extends classifier guidance with de-
noising and gradient stabilization.

IV XAIDIFF
(ECML Workshop
2025)

How do counterfactual explanations
and generative modeling connect?

Frames explanations probabilistically
as guided generative sampling.
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Case study II/III: non-robust classifier guidance

Sources: Vaeth et al., 2024, 2025b

Guidance stability metric

Sg (xt,xt−1) =

∥∥∇xt
f (xt)−∇xt−1

f (xt−1)
∥∥
2

∥xt − xt−1∥2
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Case study IV: generative explanations by guided sampling

Sources: Vaeth et al., 2025a

dxt =

ft(xt)− g2t

∇xt log pt(xt)︸ ︷︷ ︸
fidelity

+γt ∇xt log pt(y | xt)︸ ︷︷ ︸
validity

+βt

∥∥∥x̂(xt)
0 − x∗

∥∥∥
1︸ ︷︷ ︸

closeness


dt+ gt dw̄t︸ ︷︷ ︸

diversity

.

Classifier boundary Class A Fidelity  Class B Fidelity 
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Open questions for future research

1. Approximation gap between ∇xt
log p(c | xt) and ∇xt

log p(c | x̂0(xt, t))

2. Likelihood model properties, differentiability and complexity

3. Dependent conditions in multi-condition guidance

4. (optional) Guidance weight/schedule γt

5. (optional) Posterior calibration of diversity, likelihood and prior consistency
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Open problem: x̂0-prediction / Tweedie Estimation / Mean Guidance

Goal
Approximate the unavailable time-aware likelihood gradient ∇xt log pt(y | xt), interpreting
gradient reliability as variance reduction:

Var [∇xt log pt(y | xt)] < Var [∇xt log p(c | x̂0(xt, t) + ∆t)] < Var [∇xt log p(c | x̂0(xt, t))] .

Fundamental challenge
Off-manifold clean estimates amplify likelihood-gradient noise:

p0 (·) ↓ =⇒ Var [∇ log p(y | ·)] ↑ .

RQ1
Can we close the approximation gap ∇xt

log p(c | x̂0(xt, t)) ≈ ∇xt
log p(c | xt)?
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Open problem: likelihood model

Sources: Dhariwal and Nichol, 2021; Bansal et al., 2023; Vaeth et al., 2024, 2025b; Chen et al., 2026

Goal
Semantically meaningful guidance gradients from arbitrary likelihood models ∇x log pϕ(y | x) .

Fundamental challenge
Semantic signal in guidance gradient depends on:
• Complexity of the model
• Training objective
• Inductive biases
• Differentiability, discreteness, Lipschitzness

RQ2
Which likelihood model properties lead to stable, semantic and calibrated gradients?
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Open problem: multiple not conditionally-independent conditions

Sources: Bansal et al., 2023; Vaeth et al., 2025a; Wang et al., 2025; Del Moral, 2004

Goal
Guide by multiple possibly correlated conditions

∇x log p (x | y1,y2) = ∇x log p(x) +∇x log p (y1 | x) +∇x log p (y2 | x) +∇x log
p (y1 | x,y2)

p (y1 | x)︸ ︷︷ ︸
dependence residual

.

Fundamental challenge
• What are the implications of dropping the dependence residual?
• How could we estimate or learn the dependence residual?

RQ3
How can we guide by multiple correlated conditions?
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Open problem: principled guidance weights

Sources: Ye et al., 2024

Goal
A principled and efficiently optimized guidance weight:
∇xt

log pt(xt | y) = sθ(x, t) + γ(t)∇xt
log pt(y | xt).

Fundamental challenge
Optimal hyper-parameters require extensive grid/beam searches but settings vary across:
• downstream tasks and data sets
• likelihood model, prior model and solver
• conditioning targets

RQ4
Can γ(t) be derived independent of the a) conditioning variable, b) solver, c) prior and
likelihood model, d) data set, and e) tasks?
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Open problem: calibrated posterior diversity

Goal
Prior realism, high likelihood and posterior diversity.

dxt =

ft(xt)− g2t

∇xt log pt(xt)︸ ︷︷ ︸
prior realism

+γt ∇xt log pt(y | xt)︸ ︷︷ ︸
high likelihood


dt+ gt dw̄t︸ ︷︷ ︸

diversity

.

Fundamental challenge
• Prior realism and high likelihood can increase jointly when target labels are well-

represented, while often trading-off posterior diversity.
• Guidance has no explicit diversity objective; diversity mainly enters through gt dw̄t.

RQ5
Can training-free samplers achieve prior realism and high likelihood while preserving
posterior diversity?
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Future Plan

RQ1: Approximation gap

RQ2: Complex like-
lihood models

RQ3: Multi-conditioning

Apply for
internships

Apply for
PostDoc
funding

Thesis writing

PhD
Defense

2026 2027 2028 2029
Q3 Q4 Q1 Q2 Q3 Q4 Q1 Q2 Q3 Q4
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PhD retrospective: where I stand now

What went well
1. Personal growth from zero math back-

ground to generative modeling, Diffusion,
SDEs, optimization, (differential) geome-
try, bounds and proofs.

2. Research seniority in the research cen-
ter, reviewing for conferences, (co-
)supervising students, being involved in
projects, getting to a broader overview of
ML, developing better intuitions.

What I want to improve
1. Research focus to go deep when things

get hard not pivot (cg > cfg > metrics
> memorization > privacy/unlearning >
quantization).

2. Faster prototyping to quickly judge ideas
and either move on or go deep (volumes).

3. Trust in own ideas instead of reading 20
papers on the topic and dismissing it be-
cause "its solved" (cg).

4. Pragmatism over perfectionism
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