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Abstract

Diffusionmodels have emerged as state-of-the-art generativemodels for high-dimensional
data, yet the internal structure and dynamical behavior of their sampling process remain
only partially understood. This thesis investigates diffusion sampling through the lens of
spectral dynamics, with a focus on how frequency structure, variance concentration, end-
point estimates and intrinsic dimensionality evolve along the reverse denoising trajectory.

We conduct a systematic spectral and rank-based analysis of images generated at inter-
mediate timesteps, comparing diffusion trajectories against natural-image baselines and
examining how model and sampling choices influence spectral signatures. Beyond de-
scriptive metrics, we study the geometry of the sampling process through PCA-based
analyses of trajectory subspaces, and we probe the stability of generation via controlled
perturbations, adversarial conditioning, and latent-space steering along principal direc-
tions.

Our results reveal distinct dynamical regimes in the reverse process, highlight phases
where generative decisions become effectively irreversible, and provide evidence of struc-
tured low-dimensional behavior emerging during sampling. Collectively, the proposed
methodology and findings contribute reproducible tools and conceptual insight for un-
derstanding diffusion models as dynamical systems, informing both future model design
and evaluation practice.
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Chapter 1

Introduction

M
achine learning has recently experienced rapid progress in generative mod-
elling, whose goal, given observed samples x drawn from an (unknown) data
distribution of interest, aim to learn an approximate model of the true under-

lying data distribution p(x) so that new, realistic samples can be produced on demand.

Several families of generative models coexist in the literature. These include Generative
Adverarial Networks (GANs), likelihood-based models as autoregressive models, normal-
izing flows and Variational Autoencoder (VAEs), energy-based models, and the closely
related class of score-based methods. At the current state of the art standDiffusionModels
(DMs), which admit both likelihood-based and score-based interpretations, have proven
particularly effective formodeling complex, high-dimensional data. Score-basedGenerative
Models (SGMs) in particular construct samples by iteratively transforming noise using es-
timates of the score of progressively noised versions of the target distribution.

Diffusionmodels comprise a forward corruption process that progressively noises the data
distribution reaching a simple prior (isotropic Gaussian), and a reverse process that undoes
this corruption by simulating anOrdinary or StochasticDifferentialEquations (ODE/SDE)
whose drift depends on the score of the noised distribution. The forward dynamics are
mathematically analogous to a time-inhomogeneous Brownian motion with controlled
variance, and the corresponding reverse-time equations follow from Fokker–Planck /
reverse-SDE arguments; in practice the score is approximated by a Neural Network (NN)
via a denoising score-matching objective [15,41].

Figure 1.1. Different types of generative
models.

Despite strong empirical success, theoret-
ical understanding remains incomplete. Con-
vergence results exist for finite-dimensional
settings, but real data are very high dimen-
sional, where sample interpolation is impeded
by the curse of dimensionality and concentra-
tion phenomena. Using the exact empirical
score (closed-form) on a finite training set leads
to memorization; by contrast, practical SGMs
estimate the score parametrically and benefit
from implicit regularization (architecture and
training), plus smoothing from the noise schedule and discretization, which promote gen-
eralization. A quantitative, principled explanation for how diffusion-based samplers es-
cape memorization and generalize in high dimensions is still lacking.
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Furthermore, Diffusion Models remain only partially understood as dynamical systems.
While the training objective and asymptotic properties of the forward and reverse pro-
cesses are well characterized, much less is known about how semantic structure emerges
during sampling, how dimensionality evolves over time, and when generative decisions
become effectively irreversible.

This thesis addresses these questions by studying diffusion models through the lens of
spectral dynamics. By tracking how frequency content, variance concentration, and ef-
fective rank change across denoising timesteps, we aim to expose the internal organiza-
tion of the reverse process and to relate recent theoretical predictions about dynamical
regimes to measurable behavior in practical models.

1.1 Thesis Outline
This thesis is organized as follows. Chapter 1 introduces diffusion models within the
broader landscape of generative modeling and motivates the study of their internal sam-
pling dynamics. Chapter 2 reviews the theoretical background required for the analysis,
including variational diffusion models, score-based formulations, guidance mechanisms,
and latent diffusion architectures. It directly follows the current literature on the topic
[35,15,37,18,22,45,41,42,38,39,40,43,14,26]. Chapter 3 presents the core contributions of the
thesis, analyzing the spectral dynamics of the reverse diffusion process, introducing PCA-
based diagnostics, and studying the effects of controlled perturbations and latent-space
steering. Chapter 4 concludes the thesis by summarizing the main findings, discussing
their implications, and outlining directions for future research.

1.2 Contributions
The main contributions of this thesis are as follows:

• A spectral and rank-based analysis of diffusion model sampling dynamics, based on
intermediate clean-image predictions rather than final outputs alone.

• An empirical characterization of an effective speciation time during reverse diffu-
sion, identified through abrupt contraction of PCA spectra across timesteps and
mode selection.

• A clear distinction between intermediate speciation-related dimensional collapse
and late-stage manifold-induced low-rank structure.

• Controlled perturbation experiments demonstrating how the temporal placement
of noise and latent interventions determines their semantic impact.

• Latent-space steeringmethods based on PCA directions that enable targeted seman-
tic injection while preserving image realism.



3

Chapter 2

Background

D
iffusion models currently underpin state-of-the-art text-conditioned image syn-
thesis (e.g., Imagen [29], Dall·E [25], Stable Diffusion [27]) and have been ex-
tended to other modalities such as video generation [24].

Conceptually, diffusion models admit two complementary formulations, later derived in
this chapter. The variational formulation (DDPM) is derived from a variational lower
bound [11], while the score-matching / continuous-time formulation characterizes the
model as estimating score functions and reversing an SDE [38]. Subsequent work estab-
lished that these views correspond to different discretizations and parameterizations of
the same reverse-diffusion dynamics [41].

The goal of a generativemodel is, given observed samples x from a distribution of inter-
est, to learn to model its true data density p(x). Once learned, this approximate model can
generate new sample from the distribution at will; furthermore, under some formulations,
it is possible to use the learned model to evaluate the likelihood of observed or sampled
data as well.

Figure 2.1. Latent features provide a com-
pact representation of the high-level se-
mantic manifold underlying the data.

Many data modalities admit an interpre-
tation via latent variables: observed measure-
ments are (noisy or partial) manifestations of
lower-dimensional, higher-level factors (e.g.,
object shape, color, pose, acoustic timbre).
Learning compact latent representations can
therefore be viewed as a form of compression
that exposes semantically meaningful struc-
ture in the data and facilitates generation and
downstream inference.

2.1 Likelihood-based Generative Modeling
Let p(x, z) denote a joint distribution over observed variables x and latent variables z.
Likelihood-based generativemodeling fits a parametricmodel bymaximizing themarginal
likelihood of the observed data, p(x) of all observed x. The marginal likelihood may be
recovered by marginalizing out the latent variable:

p(x) =
∫

p(x, z) dz =
∫

p(x |z) p(z) dz, (2.1)
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or equivalently via the chain rule of probability:

p(x) = p(x, z)
p(z |x) . (2.2)

In many practical models the integral in (2.1) (or direct evaluation of (2.2)) is in-
tractable, whichmotivates approximate inference schemes such as variational inference
and importance sampling.

2.1.1 Evidence Lower Bound
Direct maximization of the marginal likelihood p(x) is typically intractable: it either in-
volves integrating out all latent variables z in Equation 2.1, which is intractable for com-
plex models, or it involves having access to a ground truth latent encoder p(z | x) in
Equation 2.2, not available in closed form. Variational inference circumvents these
difficulties by introducing a tractable, parameterized proposal (encoder) qφ(z | x) and
maximizing a surrogate objective, the Evidence Lower Bound (ELBO):

L(x; φ) = Eqφ(z|x)

[
log p(x, z)

qφ(z | x)

]
. (2.3)

The ELBO lower-bounds the evidence, quantified as the log likelihood of the observed
data,

log p(x) ≥ L(x; φ), (2.4)

and admits the exact KL decomposition

log p(x) = L(x; φ) + KL
(
qφ(z | x) ‖ p(z | x)

)
, (2.5)

where KL(·‖·) denotes the Kullback–Leibler divergence. Consequently, maximizing the
ELBO with respect to parameters φ is equivalent to minimizing the posterior KL diver-
gence between the variational encoder and the true posterior; in the ideal limit where the
KL vanishes, the ELBO equals the log-evidence. See Appendix A.1 for a derivation and
further discussion.

2.1.2 Variational Autoencoders
The Variational Autoencoder (VAE) framework directly maximizes the ELBO ([16,26]).
The approach is variational because it optimizes a parametric variational posterior qφ(z |
x) (over a chosen family of potential posterior distributions parameterized by φ) to ap-
proximate the true posterior p(z |x). The VAE is called an autoencoder because the op-
timization resembles reconstructing inputs after compressing them through a bottleneck
(the latent distribution). This is connection is made explicit deriving the ELBO as:

Eqφ(z|x)

[
log p(x, z)

qφ(z | x)

]
= Eqφ(z|x)

[
log pθ(x | z)p(z)

qφ(z | x)

]
= Eqφ(z|x) [log pθ(x | z)] +

+ Eqφ(z|x)

[
log p(z)

qφ(z | x)

]
= Eqφ(z|x)

log pθ(x | z)︸ ︷︷ ︸
decoder


︸ ︷︷ ︸

reconstruction term

−KL(qφ(z | x)︸ ︷︷ ︸
encoder

|| p(z))

︸ ︷︷ ︸
prior matching term

(2.6)
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the first term is the reconstruction term for the decoder (expected log-likelihood under
the variational encoder), learned to convert a given latent vector z into an observation x,
ensuring that the learned distribution is modeling effective latents that the original data
can be regenerated from. The second term, measuring how similar the learned variational
distribution is to a prior belief held over latent variables, is a prior-matching regularizer
that prevents the encoder (that transforms inputs into a distribution over possible latents)
from collapsing to a delta distribution. Maximizing L therefore trades off accurate recon-
struction against adherence to the prior; it is thus equivalent to maximizing its first term
and minimizing its second term.

Figure 2.2. Vanilla Variational
Autoencoder.

A common and practical choice is a Gaussian en-
coder with diagonal covariance and a standard normal
prior:

qφ(z | x) = N
(
z; µφ(x), diag(σ2

φ(x))
)
,

p(z) = N (z; 0, I).

Then, the KL divergence term of the ELBO in (2.6) ad-
mits a closed-form expression, while the expectation in
the reconstruction term is approximated byMonte Carlo
estimate. Optimization is performed jointly over en-
coder parameters φ and decoder parameters θ, the ob-
jective can be rewritten as:

arg max
φ,θ

Eqφ(z|x) [log pθ(x | z)]− KL(qφ(z | x) || p(z))

≈ arg max
φ,θ

L∑
l=1

log pθ(x | z(l))− KL(qφ(z | x) || p(z)) (2.7)

where latents {z(l)}Ll=1 are sampled from qφ(z | x) for every observation x in the dataset.
The reparameterization trick permits low-variance gradient estimates by expressing a sam-
ple from the encoder as

z = µφ(x) + σφ(x)� ε, ε ∼ N (0, I), (2.8)

so that gradients propagate through µφ and σφ, optimzing jointly over φ and θ (� rep-
resenting an element-wise product).

After training, generation proceeds by sampling z ∼ p(z) and decoding via pθ(x | z).
VAEs are particularly useful when the latent dimension is smaller than the observation
dimension: the learned latent space can provide a compact, semantically meaningful rep-
resentation that supports interpolation, manipulation and controlled generation. This
latent-editing capability will be employed later when steering Stable Diffusion latents in
our experiments.

2.1.3 Hierarchical VAE
Variational autoencoders naturally extend to multi-level latent hierarchies, yielding Hi-
erarchical Variational Autoencoder (HVAEs) [17,36]. In this setting latent variables are
organized across T levels, where higher-level latents capture increasingly abstract factors
of variation.

To draw a connection with diffusion-style generative chains we focus on a common and
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Figure 2.3. AMarkovian Hierarchical VAE. The generative process is modeled as a Markov chain,
where each latent is generated only from the previous latent.

convenient special case: the Markovian HVAE (MHVAE). In a MHVAE the generative
model defines a top-downMarkov chain: the top-level prior p(zT ) generates zT −1, which
in turn generates zT −2, and so forth until z1 generates the observation x. The generative
joint density thus factorizes as

p(x, z1:T ) = p(zT )pθ(x | z1)
T∏

t=2
pθ(zt−1 | zt) (2.9)

Inference is conventionally performed bottom-up: the variational posterior is chosen
to factorize as

qφ(z1:T | x) = qφ(z1 | x)
T∏

t=2
qφ(zt | zt−1), (2.10)

so that the encodermapsx to z1 and subsequent levels are inferred conditionally upwards.
The ELBO for this hierarchical model follows by the usual variational decomposition:

log p(x) ≥ Eqφ(z1:T |x)

[
log p(x, z1:T )

qφ(z1:T | x)

]
(2.11)

See Appendix A.2 for the full derivation. Substituting (2.9) and (2.10) into Equation 2.11
yields a decomposed objectivewith interpretable reconstruction and conditional-regularization
terms:

Eqφ(z1:T |x)

[
log p(x, z1:T )

qφ(z1:T | x)

]
= Eqφ(z1:T |x)

[
log p(zT )pθ(x | z1)

∏T
t=2 pθ(zt−1 | zt)

qφ(z1 | x)
∏T

t=2 qφ(zt | zt−1)

]

This objective will be useful for further decomposition into interpretable components
when investigating Variational Diffusion Models. Overall, this Markovian hierarchical
structure—top-down generative transitions paired with bottom-up inference—establishes
a close formal analogy to diffusion-like chains and will be useful when analyzing varia-
tional diffusion models and their spectral properties.

2.1.4 Variational Diffusion Models
AVariationalDiffusionModel (VDM) [35,11,18] can be interpreted as a Markovian HVAE
subject to three additional structural constraints. First, the latent variables have the same
dimensionality as the observed data. Second, the encoder transitions are not learned, but
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are instead specified as linear Gaussian conditionals whosemeans depend only on the pre-
vious latent state. Third, the parameters of these Gaussian encoders are chosen (or learned
under suitable parameterizations) such that the terminal latent distribution at timestep T
is a standard Gaussian. The Markov property across hierarchical levels is preserved.

With a slight abuse of notation, we denote both observed data and latent variables by
xt, where t = 0 corresponds to the data and t ∈ [1, T ] indexes the latent hierarchy. The
variational posterior retains the Markov factorization of Eq. 2.10, and can be written as

q(x1:T | x0) =
T∏

t=1
q(xt | xt−1) (2.12)

In contrast to a generic Markovian HVAE, the encoder transitions are fixed to be linear
Gaussian maps. Their mean and variance may either be prescribed as hyperparameters
[11] or endowed with a parameterization that permits learning [18]. A common variance-
preserving parameterization is

µt(xt−1) =
√

αt xt−1, Σt = (1− αt)I,

where the schedule αt controls the rate at which noise is injected across the hierarchy.
The forward encoder transition therefore takes the form

q(xt | xt−1) = N (xt;
√

αtxt−1, (1− αt)I) (2.13)

Under the third assumption, the top-level prior is fixed as a standardGaussian, p(xT ) =
N (xT ; 0, I), and the joint distribution of a MHVAE (Eq. 2.9) factorizes according to the
Markovian top-down chain

p(x0:T ) = p(xT )
T∏

t=1
pθ(xt−1 | xt) (2.14)

Together, these assumptions describe a gradual noisification process: an observed
sample x0 is progressively corrupted by Gaussian perturbations until, at timestep T , it
becomes statistically indistinguishable from pure Gaussian noise. Figure 2.4 provides an
illustrative visualization of this forward diffusion process.

In a VDM, the encoder conditionals q(xt | xt−1) are no longer parameterized by φ,
since they are fixed as Gaussian transitions. Consequently, learning focuses exclusively
on the reverse conditionals pθ(xt−1 | xt), which define the generative process.1 After
optimization, sampling proceeds by drawing Gaussian noise xT ∼ p(xT ) and iteratively
applying the denoising transitions pθ(xt−1 | xt) for T steps to obtain a novel x0.

Like any HVAE, a VDM is trained by maximizing the ELBO [35]. One derivation of an
ELBO depending only on x0 is reported in App. A.3. However, that formulation is subop-
timal in practice, because some consistency terms are expressed as expectations over pairs
of random variables {xt−1, xt+1}. To avoid this, it is preferable to work with an ELBO in
which every term is an expectation over at most one latent variable at a time. This can be
achieved by rewriting the encoder transitions as q(xt | xt−1) = q(xt | xt−1, x0), where

1If the learned reverse transitions pθ exactly matched the true reverse conditionals, sampling would re-
cover the empirical data distribution. In practice, model approximation error, stochastic optimization, and
implicit regularization prevent exact memorization and enable generalization beyond the finite training set.
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Figure 2.4. Visual representation of a Variational Diffusion Model. An input is steadily noised
over time until it becomes identical to Gaussian noise; a diffusion model learns to reverse this
process.

the conditioning on x0 is redundant by the Markov property, and then applying Bayes’
rule:

q(xt | xt−1, x0) = q(xt−1 | xt, x0)q(xt | x0)
q(xt−1 | x0) (2.15)

Under this reparameterization, the ELBO takes the form [35,11]

log p(x) ≥ Eq(x1:T |x0)

[
log p(x0:T )

q(x1:T | x0)

]
= Eq(x1|x0) [log pθ(x0 | x1)]︸ ︷︷ ︸

reconstruction term

− KL(q(xT | x0) || p(xT ))︸ ︷︷ ︸
prior matching term

−
T∑

t=2
Eq(xt|x0) [KL(q(xt−1 | xt, x0) || pθ(xt−1 | xt))]︸ ︷︷ ︸

denoising matching term

(2.16)

See the proof in App.A.4.1. The ELBO can therefore be decomposed as a sum of in-
dividual terms that are expectations of at most one random variable at a time. This de-
composition has a natural interpretation. The first term is a reconstruction objective,
typically estimated by Monte Carlo. The second term enforces prior consistency: under
the variance-preserving forward process, q(xT | x0) matches the standard Gaussian prior
exactly, and this term evaluates to zero as it has no trainable parameters. The final sum-
mation consists of denoising-matching terms, which train pθ(xt−1 | xt) to approximate
the tractable ground-truth reverse transition q(xt−1 | xt, x0). Since the latter specifies
how to denoise xt when the clean target x0 is known, the KL divergence is minimized
when the learned reverse dynamics faithfully replicate the exact Bayes-optimal denoising
step. A schematic visualization of this ELBO decomposition is provided in Fig. 2.5.

Note that in both Eq. A.3.1 and Eq. 2.16 the only structural assumption is Markovian-
ity; therefore, the formulae apply to any arbitrary MHVAE. Moreover, setting T = 1
recovers the standard ELBO for a vanilla VAE, as in Eq. 2.6.

In the ELBO of Eq. 2.16, the dominant optimization cost again resides in the summation
term. In a general MHVAE, each KL divergence KL(q(xt−1 | xt, x0) ‖ pθ(xt−1 | xt)) is
difficult to minimize because it requires simultaneously learning both the encoder and
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Figure 2.5. A VDM can also be optimized by learning the denoising step for each individual
latent by matching it with a tractably computed ground-truth denoising step. This is denoted
visually by matching the distributions represented by the green arrows with those of the pink
arrows.

decoder for arbitrary posteriors. In a VDM, however, the Gaussian transition assumption
renders these terms analytically tractable. By Bayes’ rule,

q(xt−1 | xt, x0) = q(xt | xt−1, x0)q(xt−1 | x0)
q(xt | x0)

Since, by assumption, q(xt | xt−1, x0) = q(xt | xt−1) = N (xt;
√

αtxt−1, (1 − αt)I)
(Eq. 2.13), what remains is to obtain closed-form expressions for q(xt | x0) and q(xt−1 |
x0).

Because the encoder transitions form a linear Gaussian chain, the reparameterization trick
gives

xt =
√

αtxt−1 +
√

1− αtε with ε ∼ N (ε; 0, I) (2.17)

and analogously for xt−1 from xt−2. The form of q(xt | x0) can be recursively derived,
unrolling the above transitions yields

xt ∼ q(xt | x0) =
√

ᾱtx0 +
√

1− ᾱtε0 (2.18)

∼ N (xt;
√

ᾱtx0, (1− ᾱt) I) (2.19)

with derivations provided in App. A.4.2. The resulting Gaussian form also provides the
parameterization of q(xt−1 | x0). Substituting these expressions into the Bayes expansion
gives

q(xt−1 | xt, x0) ∝ N (xt−1;
√

αt(1− ᾱt−1)xt +
√

ᾱt−1(1− αt)x0
1− ᾱt︸ ︷︷ ︸

µq(xt,x0)

,
(1− αt)(1− ᾱt−1)

1− ᾱt
I︸ ︷︷ ︸

Σq(t)

)

(2.20)

(see derivations in App.A.4.3) showing that xt−1 ∼ q(xt−1 | xt, x0) is normally dis-
tributed at every step with mean µq(xt, x0) and variance Σq(t) = σ2

q (t)I, where σ2
q (t) =

(1−αt)(1−ᾱt−1)
1−ᾱt

(following Equation 2.20)
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To match the learned reverse transition pθ(xt−1 | xt) to this ground-truth denoising step
q(xt−1 | xt, x0), wemodel the former as aGaussian pθ(xt−1 | xt, t) = N

(
xt−1; µθ(xt, t),

Σθ(t)
)
, and set Σθ(t) = Σq(t), as the noising scheduler (α terms) is fixed, leaving the

network to learn only the mean µθ(xt, t). Since x0 is unavailable at sampling time, dif-
ferently than q(·|·, x0), conditioning on t provides information about the current noise
level.

Recalling the denoising-matching term in Eq. 2.16, KL
(
q(xt−1 | xt, x0) || pθ(xt−1 | xt)

)
,

maximizing the ELBO corresponds to minimizing this KL term.
For two Gaussians with identical covariances, optimizing the KL reduces to minimizing
the difference between the means of the two distributions (see App. A.4.4):

arg min
θ

1
2σ2

q (t)

[∥∥∥µθ − µq

∥∥∥2

2

]
(2.21)

where µθ = µθ(xt, t) and µq = µq(xt, x0) , which from our derived Equation 2.20, takes
the form:

µq(xt, x0) =
√

αt(1− ᾱt−1)xt +
√

ᾱt−1(1− αt)x0
1− ᾱt

, (2.22)

so µθ(xt, t) can match it closely by setting it to the following form:

µθ(xt, t) =
√

αt(1− ᾱt−1)xt +
√

ᾱt−1(1− αt)x̂θ(xt, t)
1− ᾱt

(2.23)

where x̂θ(xt, t) is a neural predictor of x0. The resulting objective becomes

arg min
θ

1
2σ2

q (t)
ᾱt−1(1− αt)2

(1− ᾱt)2

[
‖x̂θ(xt, t)− x0‖22

]
(2.24)

(see App.A.4.5) so training a VDM reduces to learning to predict x0, the original ground
truth image, from an arbitrarily noisy sample of it [11]. Finally, minimizing the full sum-
mation in Eq. 2.16 can be approximated by sampling a single timestep per iteration:

arg min
θ

T∑
t=2

Eq(xt|x0) [KL(q(xt−1 | xt, x0) || pθ(xt−1 | xt))]

= arg min
θ

Et∼U{2,T }

[
Eq(xt|x0)

[
1

2σ2
q (t)

ᾱt−1(1− αt)2

(1− ᾱt)2

[
‖x̂θ(xt, t)− x0‖22

]]]
(2.25)

which is optimized via Monte Carlo sampling over datapoints and timesteps (single data-
point and single timestep per iteration).

Three Equivalent Interpretations

As shown previously, training a Variational DiffusionModel (VDM) is equivalent to learn-
ing a neural network that predicts the clean imagex0 from its noisy counterpartxt and the
associated timestep t. However, x0 admits two additional equivalent parameterizations,
which lead to alternative but mathematically consistent interpretations of the learning
objective.
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Prediction of the Source Noise. From the reparameterization expression in Eq. 2.18,
we can rearrange

x0 = xt −
√

1− ᾱtε0√
ᾱt

(2.26)

Substituting this into the closed-form posterior mean µq(xt, x0) yields [11]

µq(xt, x0) =
√

αt(1− ᾱt−1)xt +
√

ᾱt−1(1− αt)x0
1− ᾱt

= 1
√

αt
xt −

1− αt√
1− ᾱt

√
αt

ε0

Proof in AppA.4.6. Hence we may parameterize the model mean as

µθ(xt, t) = 1
√

αt
xt −

1− αt√
1− ᾱt

√
αt

ε̂θ(xt, t) (2.27)

which leads to the optimization problem

= arg min
θ

1
2σ2

q (t)
(1− αt)2

(1− ᾱt)αt

[
‖ε0 − ε̂θ(xt, t)‖22

]
(2.28)

In this view, the (neural network) model ε̂θ(xt, t) learns to predict the source noise ε0 ∼
N (ε; 0, I) that generated xt from x0. The formulation is equivalent, but empirically,
noise–prediction often yields improved optimization stability and sample quality [11,30].

Prediction of the Score Function. A third interpretation follows from Tweedie’s for-
mula [8], stating that the true mean of an exponential family distribution, given samples
drawn from it, can be estimated by the maximum likelihood estimate of the samples (em-
pirical mean) plus some correction term involving the score of the estimate. In the case
of just one observed sample, the empirical mean is just the sample itself. For a Gaussian
variable z ∼ N (z; µz, Σz),

E[µz | z] = z + Σz∇z log p(z). (2.29)

Applying to predict the true posteriormean ofxt ∼ q(xt | x0) = N (xt;
√

ᾱtx0, (1− ᾱt) I)
(Eq. 2.19), hence µxt

=
√

ᾱtx0, yields

E
[
µxt
| xt

]
= xt + (1− ᾱt)∇xt log p(xt) ⇒

√
ᾱtx0 = xt + (1− ᾱt)∇xt log p(xt)

⇒ x0 = xt + (1− ᾱt)∇ log p(xt)√
ᾱt

. (2.30)

Substituting this expression into µq gives

µq(xt, x0) =
√

αt(1− ᾱt−1)xt +
√

ᾱt−1(1− αt)x0
1− ᾱt

= 1
√

αt
xt + 1− αt√

αt
∇ log p(xt)

and therefore we may parameterize the approximate denoising transition mean µθ(xt, t)
as

µθ(xt, t) = 1
√

αt
xt + 1− αt√

αt
sθ(xt, t) (2.31)
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(proof in App.A.4.7) leading to the optimization objective

arg min
θ

1
2σ2

q (t)
(1− αt)2

αt

[
‖sθ(xt, t)−∇ log p(xt)‖22

]
(2.32)

(See proof in App.A.4.8, linking diffusion training to denoising score matching.) Here,
sθ(xt, t) is a neural network that learns to predict the score function∇xt log p(xt), which
is the gradient of xt in data space, for any arbitrary noise level t.

Explicit Equivalence of the Three Views in App.A.4.9.

2.2 Score-based Generative Models
Although diffusion models are often introduced through discrete-time variational formu-
lations, an equivalent and complementary perspective emerges from score-based mod-
eling and stochastic differential equations. In the previous section, we showed that a
Variational Diffusion Model can be trained by learning a neural network sθ(xt, t) that
predicts the score function ∇xt log p(xt). This derivation followed from an application
of Tweedie’s formula, but the argument alone does not immediately clarify the intuition
behind the score function or why it is a meaningful modeling target.
To develop this intuition, we turn to Score-Based Generative Models [38,41,39], whose
formulation is mathematically equivalent to that of VDMs, allowing us to switch between
the two viewpoints as convenient.

Connection to Energy-BasedModels. Consider the class of energy-basedmodels [20,40],
in which a probability density is expressed as

pθ(x) = 1
Zθ

e−fθ(x) (2.33)

where fθ(x) is an arbitrarily flexible, parameterizable function called the energy func-
tion, typically parameterized by a neural network, and Zθ is the normalizing constant
ensuring

∫
pθ(x) dx = 1. Maximum-likelihood training of such models/distributions is

generally intractable, since computing Zθ =
∫

e−fθ(x)dx is expensive or impossible for
high-dimensional, flexible energy functions.

A natural way to avoid handling the normalizing constant is to model instead the score
function ∇x log p(x) by using a neural network sθ(x). This is motivated by the fact that
differentiating the logarithm of (2.33) with respect to x gives

∇x log pθ(x) = ∇x log( 1
Zθ

e−fθ(x)) = ∇x log 1
Zθ

+∇x log e−fθ(x)

= −∇xfθ(x) ≈ sθ(x) (2.34)

which depends only on the energy function and not on its normalizing constant. One
may therefore either parameterize fθ and obtain the score via differentiation, or, more
commonly, directly parameterize the score using a neural network sθ(x). The learning
objective becomes minimization of the Fisher divergence between the model score and
the true score:

Ep(x)
[
‖sθ(x)−∇ log p(x)‖22

]
(2.35)
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Interpretation of the Score. For any point x, the gradient ∇x log p(x) indicates the
direction in data space along which the likelihood increases most rapidly. The score func-
tion therefore defines a vector field over the data domain, whose trajectories flow toward
regions of higher probability mass, i.e., toward the modes of the distribution. This geo-
metric interpretation is illustrated by the vector field in Fig. 2.6.

(a) Sampling trajectories on
a three-dimensional con-
tour

(b) Sampling trajectories
against the ground-truth
score function

Figure 2.6. Visualization of three Langevin dynamics sampling trajectories for a mixture of Gaus-
sians, all initialized at the same point. Stochastic noise enables exploration of different modes,
whereas deterministic score following would converge to the same mode in every run.

By learning the score function of the true data distribution, we can generate samples
by initializing at an arbitrary point in the data space and iterativelymoving in the direction
of increasing likelihood until a mode is reached. This procedure corresponds to Langevin
dynamics, which is defined as

xi+1 ← xi + ε∇ log p(xi) +
√

2εzi, i = 0, 1, ..., K

where x0 is sampled from a prior distribution (e.g., uniform), and zi ∼ N (0, I) is an in-
jected noise term. The noise prevents trajectories from collapsing deterministically onto
a single mode, allowing samples to explore the neighborhood of high-density regions and
producing diversity. It also introduces stochasticity into an otherwise deterministic score
field, which is particularly important when initialization occurs in regions that lie between
multiple modes. A schematic illustration of Langevin sampling and the role of the noise
term is shown in the figure above.

Note that the objective in Equation 2.35 assumes access to the ground-truth score function,
which is unavailable for complex distributions such as those underlying natural images.
Fortunately, alternative estimators based on score matching [14,31,42,43] enableminimiza-
tion of the Fisher divergence without explicitly knowing the true score, and can be opti-
mized using stochastic gradient descent.

Taken together, representing a probability distribution through its score function and gen-
erating samples using Markov Chain Monte Carlo procedures such as Langevin dynamics
constitutes the framework of Score-based Generative Modeling [38,41,39].

Limitations of Vanilla Score Matching. As discussed by Generative Modeling by Esti-
mating Gradients of the Data Distribution (2020), vanilla score matching exhibits three key
shortcomings. First, the score function is ill-defined when x lies on a low-dimensional
manifold embedded in a high-dimensional ambient space: points off the manifold have
probability zero, making log p(x) undefined. This is particularly problematic for natural
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images, whose distribution is known to concentrate on a low-dimensional manifold.

Second, the learned score will be inaccurate in low-density regions. Because the objective
in Equation 2.35 is an expectation over p(x), the model receives little to no learning sig-
nal for rarely observed samples. This is concerning because sampling is initialized from
random noise, which almost surely lies in low-density regions; the resulting generative
trajectory may therefore follow a poorly estimated score and require many iterations to
reach a realistic sample, or may converge to a suboptimal solution.

Finally, Langevin dynamics may fail to mix, even when computed using the exact score.
Consider a mixture distribution

p(x) = c1p1(x) + c2p2(x) (2.36)

Figure 2.7. Application of multiple scales of
Gaussian noise to perturb the data distribu-
tion (above), and jointly estimate the score
functions for all of them (below)

When the score is taken, the mix-
ture coefficients vanish: the logarithm
separates the coefficients from the densi-
ties, and the gradient removes them en-
tirely. Consequently, the score field en-
codes only the geometry of the compo-
nent densities, not their relative weights.
In the illustrative example above (Fig. 2.6),
Langevin sampling from the given ini-
tialization point reaches each mode with
roughly equal probability, despite one
mode having higher mass in the true mix-
ture distribution.

These three limitations can be addressed simultaneously by perturbing the data with mul-
tiple levels of Gaussian noise (Fig. 2.7). First, because Gaussian noise has full support
over the ambient space, a perturbed sample is no longer restricted to a low-dimensional
manifold. Second, injecting sufficiently large noise expands the effective support of each
mode, providing a stronger training signal in regions that would otherwise have very low
density. Third, employing a hierarchy of noise scales induces intermediate distributions
whose relative masses preserve the true mixing coefficients.

Formally, let {σt}Tt=1 be a positive sequence of noise levels, and define a family of pro-
gressively corrupted data distributions

pσt(xt) =
∫

p(x)N (xt; x, σ2
t I)dx (2.37)

A neural network is then trained via score matching to estimate the score function at all
noise levels jointly:

arg min
θ

T∑
t=1

λ(t)Epσt (xt)
[
‖sθ(x, t)−∇ log pσt(xt)‖22

]
, (2.38)

where λ(t) is a positive weighting function that depends on the noise level. This objec-
tive closely matches the form derived in Equation 2.32 for training a Variational Diffusion
Model.
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The associated generative procedure is annealed Langevin dynamics: samples are initial-
ized from a fixed prior (e.g., uniform) and refined by running Langevin dynamics sequen-
tially for t = T, T − 1, . . . , 1. Each stage begins from the output of the previous one,
while both the noise scale and step size are gradually reduced. As the sequence pro-
gresses, trajectories concentrate around high-density regions and eventually converge to
a mode. This procedure is directly analogous to the Markovian HVAE interpretation of a
Variational Diffusion Model, in which a randomly initialized vector is iteratively denoised
across decreasing noise levels.

We have therefore established an explicit correspondence between Variational Diffusion
Models and Score-based Generative Models, both in their training objectives and in their
sampling dynamics.

Continuous-time generalization. A natural question is how to extend diffusionmodels
to an infinite number of timesteps. Under the Markovian HVAE view, this corresponds to
taking the limit T →∞. The connection becomes clearer in the score-based perspective:
with infinitely many noise scales, the corruption process evolves continuously over time
and can be modeled as a stochastic process, which is described by a stochastic differen-
tial equation (SDE). Sampling is then performed by reversing this SDE, which requires
estimating the score function at every continuous noise level [41]. Different parameteri-
zations of the SDE correspond to different noising schedules over time, enabling flexible
modeling of the diffusion process [18]. Next subsection deepens this continuous-time
generalization.

2.2.1 Reverse-Time SDE and Probability Flow ODE
Hence, the discrete-time diffusion process admits a natural continuous-time limit, pro-
viding a unifying perspective in which sampling is described as the evolution of a time-
dependent vector field in data space. Following Score-Based Generative Modeling through
Stochastic Differential Equations (2021), many diffusion processes are solutions of stochas-
tic differential equations (SDEs). In general, an SDE can be written as:

dxt = f(t) xt dt + g(t) dwt, (2.39)

where wt is a standard Wiener process, and the functions f(t) and g(t) define the drift
and diffusion coefficients (noise schedule), respectively. In this continuous-time setting,
the reverse-time dynamics of a diffusion model can be interpreted as integrating a time-
dependent vector field in data space.

Figure 2.8. SGMs arise from solving the reverse-time SDE, which enables transforming noise into
data given knowledge of the score at each intermediate time step.
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With a finite number of noise levels, sample generation proceeds via annealed Langevin
dynamics, i.e., sequentially sampling from each noise-perturbed distribution. In the con-
tinuous limit, this corresponds to reversing the perturbation process using a reverse-time
SDE. For any SDE, the reverse process is also an SDE [1], with the closed form:

dxt =
[
f(t) xt − g(t)2∇x log pt(xt)

]
dt + g(t) dw̄t, (2.40)

where dt is a negative infinitesimal, and w̄t is aWiener process under reverse-time parametriza-
tion. Replacing the unknown score function∇x log pt(xt)with a trained estimator sθ(xt, t)
gives the practical sampling SDE used in score-based generative models.

While SDE-based samplers can produce high-quality samples, they do not permit exact
log-likelihood evaluation. By taking the expectation of the stochastic term, one obtains
the associated probability flow ODE [41]:

dxt

dt
= f(t) xt −

1
2g(t)2∇x log pt(xt), (2.41)

which deterministically transports samples from the prior to the data distribution while
preserving marginal densities. Solving this ODE yields the same marginal distributions
{pt(x)}t∈[0,T ] as the stochastic reverse SDE, although the trajectories are smoother (see
Figure 2.9). Probability flow ODE hence admits exact likelihood computation because it
defines a deterministic, invertible density flow, whose log-density evolution follows the
instantaneous change-of-variables formula d

dt log pt(x) = −∇ · f(x, t) (negative diver-
gence of the vector field at the point x) whereas the stochasticity of SDEs breaks path-
wise invertibility and precludes exact change-of-variables. In practice a scheduler like
DPM-Solver [46], a high-order numerical solver for the probability flow ODE to solve the
induced reverse-time dynamics, is applied in models like Stable Diffusion for an improved
sampling efficiency.

Both the stochastic reverse SDE (2.40) and the deterministic probability flow ODE (2.41)
can be expressed as integrating a time-dependent vector field

vt(x) = f(t) x− γ(t)∇x log pt(x), γ(t) ∈ {g(t)2, 1
2g(t)2},

where the factor γ(t) depends on whether the dynamics are stochastic or determinis-
tic. This formulation highlights that diffusion sampling—stochastic or deterministic—cor-
responds to integrating a learned, time-dependent vector field parameterized by the score

Figure 2.9. Data can be transformed into a noise distribution via an SDE, and generative mod-
eling is performed by reversing this SDE. Alternatively, reversing the associated probability
flow ODE produces a deterministic trajectory that samples from the same distribution. Both
reverse-time processes are driven by the estimated score function.
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function. This viewpoint is central in later spectral analyses, where we study how the
frequency content and effective dimensionality of samples evolve along the reverse-time
trajectory.

To conclude, in continuous time, score-based models are trained to approximate the score
of the perturbed data distribution at all noise levels. Under appropriate weighting, this
objective is closely related to maximum likelihood training. Once trained, the score model
defines a reverse-time SDEwhose numerical solution generates samples from the data dis-
tribution. In summary, sampling from diffusion models can be understood as integrating
a learned reverse-time vector field in data space. For further discussions on alternative
SDE parameterizations and numerical solvers, refer to [41,15].

2.3 Guidance
Thus far, we have focused on modeling the unconditional data distribution p(x). In prac-
tice, we are often interested in conditional generation, i.e., modeling p(x | y), which
allows explicit control over the generated data. Conditional diffusion models underpin
applications such as image super-resolution [13] and image-text generation in DALL-E
[25], Imagen [29], and Stable Diffusion [27].

A straightforward way to incorporate conditioning information y is by including it along-
side the timestep t in the model inputs. The joint diffusion process of Equation 2.14 can
be generalized to a conditional process:

p(x0:T | y) = p(xT )
T∏

t=1
pθ(xt−1 | xt, y) (2.42)

where y could represent, for example, a text embedding or a low-resolution image. The
core neural network can then be trained as before, predicting x̂θ(xt, t, y) ≈ x0, ε̂θ(xt, t, y) ≈
ε0, or sθ(xt, t, y) ≈ ∇ log p(xt | y), depending on the interpretation used.

A potential limitation of this vanilla approach is that the model may ignore or underuti-
lize the conditioning information. Guidance strategies are designed to explicitly control
the influence of y on the generated samples, typically trading off sample diversity for ad-
herence to the conditioning. The two most widely used methods are Classifier Guidance
[41,7] and Classifier-Free Guidance [12].

Classifier Guidance. Classifier Guidance formulates conditional generation by combin-
ing an unconditional score∇ log p(xt) with the gradient of a classifier predicting y from
noisy inputs, i.e.,∇ log p(y | xt). During sampling, the overall conditional score is:

∇ log p(xt | y) = ∇ log p(xt)︸ ︷︷ ︸
unconditional score

+γ∇ log p(y | xt)︸ ︷︷ ︸
adversarial gradient

, (2.43)

where the hyperparameter γ controls the strength of the guidance: γ = 0 ignores con-
ditioning, γ > 1 enforces stronger adherence at the cost of diversity. A drawback is the
need to train a separate classifier capable of handling noisy inputs; most pretrained clas-
sifiers are not optimized for this setting, requiring the classifier to be trained specifically
alongside the diffusion model.. For a full derivation see Appendix A.5.
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2.3.1 Classifier-Free Guidance
Classifier-Free Guidance [12] eliminates the need for a separately trained classifier by
relying solely on a conditional diffusionmodel and its unconditional counterpart. Notably,
Stable Diffusion is trained using this approach.
Starting from Equation A.5.1, we can rewrite the classifier gradient as

∇ log p(y | xt) = ∇ log p(xt | y)−∇ log p(xt) (2.44)

Substituting this into Equation 2.43 yields

∇ log p(xt | y) = ∇ log p(xt) + γ (∇ log p(xt | y)−∇ log p(xt))
= γ∇ log p(xt | y)︸ ︷︷ ︸

conditional score

+ (1− γ)∇ log p(xt)︸ ︷︷ ︸
unconditional score

. (2.45)

Again, γ is a term that controls how much our learned conditional model cares about the
conditioning information. When γ = 0, the model ignores the conditioning and reduces
to an unconditional diffusion model. When γ = 1, it reproduces the standard conditional
diffusion. For γ > 1, the model emphasizes the conditional score while suppressing the
unconditional score, prioritizing samples that strongly reflect the conditioning informa-
tion.

Training two separate models can be computationally expensive. Classifier-Free Guid-
ance addresses this by jointly learning a single conditional model, which can be queried
as unconditional by replacing the conditioning information with a fixed value (e.g., zeros)
[12,27]. This is equivalent to randomly dropping out the conditioning during training.
The approach is elegant, as it allows flexible control over conditional generation without
requiring a separate classifier.

2.4 Stable Diffusion: Latent-Space Diffusion Models
Denoising diffusion probabilistic models (DDPMs) in pixel space are effective but compu-
tationally costly for high-resolution image synthesis because of the large dimensionality
and many timesteps. Stable Diffusion reduces this cost by performing the diffusion pro-
cess in a learned, lower-dimensional latent space rather than directly on pixels [27].

2.4.1 Latent-space formulation

Let x ∈ RH×W ×C be an image and let E and D be a trained encoder and decoder satis-
fying

z = E(x), x ≈ D(z), (2.46)

where z ∈ Rh×w×c is a compressed latent representation with h� H and w �W . The
diffusion process is defined on z instead of x. A timestep-conditional denoiser εθ(zt, t, c)
predicts the noise at step t; conditioning c typically denotes a text embedding (e.g., from a
CLIP encoder). Operating in latent space preserves perceptually relevant structure while
drastically lowering the dimensionality the diffusion model must process.

2.4.2 Architecture and sampling
Stable Diffusion uses a U-Net denoiser in latent space augmented with cross-attention to
fuse conditioning information. The forward noising adds Gaussian noise to z0 according



2.5 Related work 19

Figure 2.10. The architecture of the latent diffusion model (LDM) of High-Resolution Image Syn-
thesis with Latent Diffusion Models (2022). See App. A.6 for details on U-Net and Transformer
Architecture

to a schedule {βt}Tt=1. A common reverse update is

zt−1 = 1√
1− βt

(
zt −

βt√
1− ᾱt

εθ(zt, t, c)
)

+ σt ηt, (2.47)

where ᾱt =
∏t

s=1(1 − βs), σt controls added stochasticity, and ηt ∼ N (0, I). During
sampling, classifier-free guidance is frequently used to trade off fidelity versus adherence
to c [12]. See 2.10 and App. A.6

Intuition. Working in a learned latent compresses image information onto a lower-
dimensional manifold that preserves semantic and mid/low-frequency content while at-
tenuating some high-frequency details. The autoencoder thus acts as a perceptual filter:
the diffusion model denoises and refines compressed structure in latent space, and the de-
coder reconstructs pixels from that refined latent. This combination yields high-quality,
high-resolution images with far lower compute than pixel-space diffusion.

Summary. Stable Diffusion extends the DDPM framework into a learned latent repre-
sentation, couples conditioning via cross-attention, and leverages classifier-free guidance
to control fidelity and conditioning strength—enabling efficient, scalable text-to-image
generation.

2.5 Related work
Research that links the generative dynamics of diffusion models to the multiscale struc-
ture of images and to phenomena of generalization and memorization is directly relevant
to the analyses presented in this thesis. Two complementary strands of work are partic-
ularly pertinent.

First, a line of theoretical and empirical research has examined how information emerges
throughout the reverse diffusion process. Several studies highlight that reverse-time sam-
pling tends to resolve large-scale, high-variance features before finer details, suggesting an
implicit coarse-to-fine generative hierarchy. For example, Diffusion Models Generate Im-
ages Like Painters: an Analytical Theory of Outline First, Details Later (2024) derive a closed-
form description of the probability-flow ODE for Gaussian targets and demonstrate that
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reverse diffusion trajectories often exhibit rotation-like dynamics that commit to coarse
outlines prior to finer detail refinement; this perspective aligns closely with PCA-based
measurements of intermediate model predictions and reveals low-dimensional structure
in the generative trajectory (its sec 6.2 and fig. 5 are precursors of this thesiswork). Parallel
work from statistical physics identifies distinct dynamical regimes during backward sam-
pling—including a phase akin to speciation, where broad structure emerges, followed by
refinement and eventual collapse—formalizing the notion of dynamical phase transitions
and predicting sharp changes in spectral properties at characteristic times [4,34]. Comple-
menting these perspectives, recent analyses explore representation dynamics from a low-
dimensional modeling viewpoint, showing how unimodal features and semantic structure
evolve across noise scales and influence representation quality [21].

Second, a separate but related literature addresses why modern diffusion and flow-based
methods tend to generalize rather than trivially memorize training samples. Work on
implicit dynamical regularization and inductive biases suggests that training dynamics
and model structure play a significant role in preventing memorization, beyond noise
stochasticity alone. In the context of flow-matching and related objectives, replacing
stochastic targets with closed-form alternatives does not qualitatively change generaliza-
tion behaviour, indicating that implicit regularization dominates; complementary studies
emphasize training-time windows and timescales that separate early generalization from
later memorization regimes in diffusion models [2,5,32].

In addition to these theoretical strands, a growing body of work has focused on diag-
nostic and interpretative analyses of diffusion sampling. Several studies have examined
intermediate predictions, denoising trajectories, and frequency dynamics to reveal hier-
archical organization and coarse-to-fine emergence of semantic content across timesteps
[44,15]. Related efforts analyse the controllability and robustness of sampling under per-
turbations of conditioning signals, showing that semantic decisions are often made early
and subsequently refined [10]. In parallel to this prior work, which is often qualitative or
task-driven, the present thesis adopts a qualitative analysis of the perturbation of reverse
dynamics and a spectral and rank-based perspective to quantitatively characterize regime
transitions in the reverse diffusion process, directly connecting empirical observations to
recent theoretical accounts of speciation, collapse, and generalization in diffusion models.
The experiments in Chapter 3 are designed to test and extend these perspectives. Con-
cretely, PCA of the model’s predicted clean image x̂0(xt, t) and its temporal evolution
provide an empirical proxy for the coarse-to-fine emergence of structure. Likewise, mea-
suring abrupt changes in spectral statistics across timesteps provides an empirical test of
theoretical phase-transition and speciation predictions and situates our results within the
wider discussion of memorization and dynamical regimes.
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Chapter 3

Spectral Dynamics of the Reverse
Regime

W
hile diffusion models are typically evaluated through the quality and diver-
sity of their final samples, such endpoint-based assessments obscure much of
the internal structure of the generative process. The reverse diffusion trajec-

tory—from pure noise to a structured image—encodes a rich sequence of intermediate
representations that reflect how semantic information is progressively organized. Under-
standing these dynamics is essential for explaining both the empirical success of diffusion
models and their ability to generalize in high-dimensional settings.

In this chapter, we investigate the reverse sampling process through a spectral and rank-
based lens. Rather than analyzing the noisy latent variables xt directly, we focus on the
model’s predicted clean-image estimates x̂0(xt, t), which provide a more interpretable
view of the evolving generative state. These predictions reveal how large-scale struc-
ture, semantic commitment, and fine-grained details emerge over time, and they allow
us to probe the effective dimensionality of the model’s representations across denoising
timesteps.

Recent theoretical work suggests that diffusion sampling is not a homogeneous process,
but instead proceeds through distinct dynamical regimes. In particular, the reverse

Figure 3.1. Is it an F1 car or a cruise
ship? Example of attacking the
generation of a diffusion model in-
jecting two contrasting concepts:
‘race car’ and ‘ship’.

trajectory exhibits an early speciation phase
in which global ambiguities are resolved and a
coarse semantic configuration is selected, followed
by refinement and eventual collapse toward in-
dividual modes (samples). Spectral diagnostics—
such as the evolution of principal components
and variance concentration—provide a natural em-
pirical tool for detecting these regime transi-
tions.

Motivated by these insights, this chapter presents
a systematic analysis of spectral dynamics during
diffusion sampling. We first define all the compo-
nents needed to carry out our experiments, then we
characterize the evolution of frequency content and
principal components across timesteps, and finally
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introduce controlled perturbations to probe the stability and plasticity of the reverse dy-
namics. By combining PCA-based diagnostics with targeted interventions in both pixel
and latent space, we aim to clarify when and how semantic structure becomes fixed dur-
ing sampling, and how this timing constrains controllability, robustness, and potential
acceleration of diffusion-based generation.

3.1 Spectral Dynamics of Reverse Trajectories
A naive visualization that displays samples across timesteps—from pure noise to the fi-
nal output—often gives the impression that complete images simply ‘appear‘ from noise.
Although visually suggestive, such animations do not fully expose the internal structure
of the generative process. A more informative diagnostic is to inspect the model’s end-
point estimates at intermediate timesteps, i.e. the predicted clean image x̂0 computed
from latent states along the reverse trajectory. As observed by Diffusion Models Generate
Images Like Painters: an Analytical Theory of Outline First, Details Later (2024), these end-
point estimates reveal a consistent coarse-to-fine progression: large-scale, low-frequency
structure is resolved early in the denoising schedule, while high-frequency, fine-grained
details are incorporated at later timesteps. This behaviour is robust across architectures
and sampler variants (cf. Fig. 6 in Denoising Diffusion Probabilistic Models (2020) and Fig. 1
in Elucidating the Design Space of Diffusion-Based Generative Models (2022)) and aligns
qualitatively with human perceptual organization.

Complementary evidence comes from analyses of conditional diffusion models. For ex-
ample, Prompt-to-Prompt Image Editing with Cross Attention Control (2022) study cross-
attention dynamics and show that different semantic regions of an image exert influence
at different times during sampling: global layout and object placement are typically re-
solved earlier, whereas local texture and fine appearance cues are refined subsequently.
These findings reinforce the interpretation of diffusion sampling as a hierarchical gener-
ative procedure.

Beyond qualitative descriptions, recent work has proposed a quantitative decomposition
of the reverse dynamics into distinct temporal regimes. Dynamical regimes of diffusion
models (2024) identify three principal phases beginning from pure noise. An initial speci-
ation phase is marked by the spontaneous emergence of coarse data structure, analogous
to symmetry breaking in physical phase transitions. This is followed by a consolidation
interval during which modal structure becomes more pronounced, and ultimately by a
collapse phase in which trajectories become increasingly confined and attracted to indi-
vidual data modes. These transitions admit quantitative detection: the speciation time
can be located via spectral analysis of the data correlation matrix, while the collapse time
can be estimated using measures related to excess entropy. Importantly, the observed
dependence of collapse timing on data dimensionality and dataset size provides concrete
insight into how diffusion models contend with high-dimensional data and the curse of
dimensionality.

In the experiments that follow, we exploit spectral diagnostics of latent trajectories and
controlled perturbations in latent space to characterize these regimes more precisely and
to study their impact on generalization and mode coverage.

Motivated by these observations, in the remainder of this thesis we concentrate on the
analysis of endpoint estimates of the reverse diffusion process, rather than on the raw
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Figure 3.2. xt and x̂0 comparison
across timesteps. Bottom: t =
1000; Top: t=0. Plot every 5
scheduler’s steps (out of 50).

noisy states xt themselves. In particular, for models
parameterized to predict noise ε̂θ(xt, t), we consider the
corresponding clean-image estimate (see Eq. 2.26):

x̂0(xt, t) = 1√
ᾱt

(
xt −

√
1− ᾱt ε̂θ(xt, t)

)
, (3.1)

and study how its spectral properties evolve as a func-
tion of the timestep. This choice enables both qualitative
and quantitative investigation of the geometry of diffu-
sion sampling trajectories, allowing us to characterize
how frequency content and principal components de-
velop throughout the denoising process.

To see why, figure 3.2 illustrates an example trajectory
for the predicted noisy state xt and the endpoint esti-
mate x̂0(xt, t) at each timestep for a Stable Diffusion
model. The noisy trajectory reveals a progressive un-
covering of structure from pure white noise, whereas
the endpoint estimate evolves from a coarse, blurred
blob into a progressively refined and well-defined im-
age. The impression conveyed by the xt trajectory is
that the image ‘emerges’ fully formed from noise, as
if one were opening their eyes to reveal an image that
was already present. In contrast, the endpoint-estimate
trajectory displays a markedly different behaviour: al-
ready at early timesteps, recognizable object-level struc-
ture (such as the car body, tyres, and track curvature)
is visible, plausibly representing a latent mean associ-
ated with the conditioning signal. Subsequent timesteps
then refine this structure through the gradual addition
of details in a smooth and coherent manner. This hence
allows for a characterization of semantical representa-
tions along the reverse trajectory.

Relation between xt and the endpoint estimate x̂0
Figure 3.4 compares the trajectories of the two quanti-
ties and visualizes their difference. A sample from the
forward process in Eq. 2.17 may be written as

xt =
√

αt xt−1 +
√

1− αt ε, ε ∼ N (0, I),

while the corresponding endpoint estimate (see Eq. 3.1,)
can be rearranged to yield

xt =
√

ᾱt x̂0 +
√

1− ᾱt εθ(xt, t).

We therefore visualize the residual

x̂0 − xt = (1−
√

ᾱt) x̂0 −
√

1− ᾱt εθ(xt, t)

which explicitly separates the contribution of the pre-
dicted endpoint from the model’s predicted noise. Visu-
alizing this residual across timesteps highlights the cor-
rection needed to transform the current sample into the
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model’s endpoint estimate. In other words, a coherent residual at the start of sampling
provides direct evidence that the model has committed to a semantic hypothesis early and
that subsequent steps refine that hypothesis rather than radically changing it.

As shown in Figure 3.4, at early timesteps this residual already exhibits a coherent car-
shaped structure. This indicates that the model’s endpoint estimate stabilizes early in
the trajectory (as expected), and that subsequent sampling steps act primarily to remove
residual noise (and to converge to the estimate) rather than altering the semantic content
of the generated sample: the model has greatly closed the gap with the estimate already at
one fifth of the generation. The residual thus highlights the onset of speciation: the model
commits to a semantic hypothesis at an early stage, and later timesteps serve mainly to
refine and consolidate that hypothesis.

Interpretationally, the residual quantifies the part of the current sample that must change
for xt to reach the endpoint estimate x̂0. It simultaneously captures (i) the noise that will
be removed, and (ii) the structured signal toward which the model is steering as it con-
verges to the final sample, thereby revealing the direction of change toward the emerging
image.

3.1.1 Controlled Diffusion
To analyze the denoising behavior of diffusion models at specific noise levels, it is useful
to consider first controlled inputs obtained by conditioning on a fixed clean data sample
x0.
To probe the denoising behaviourwhile holding the underlying semantic content fixed, we
adopt a controlled diffusion protocol: instead of constructing intermediate states through
the model’s usual sequential reverse sampler, we condition on a fixed clean image x0 and
draw noisy observations directly from the forward marginal. Concretely,

xt =
√

ᾱt x0 +
√

1− ᾱt ε, ε ∼ N (0, I), (3.2)

(a) Example
ImageNet
target.

(b) Controlled diffusion on the same ImageNet target. The model’s endpoint
estimates progressively recover the image as the noise level decreases; mi-
nor shifts in tone reflect the effect of latent compression and reconstruction
in the latent diffusion pipeline.

Figure 3.3. Comparison between the original target image and controlled diffusion endpoint es-
timates sampled at decreasing noise levels.
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(See Eq. 2.18), which corresponds to the closed-form expression (see Eq. 2.19)

q(xt | x0) = N
(
xt ;
√

ᾱt x0, (1− ᾱt)I
)
. (3.3)

Because the noise schedule ᾱt is known, samples from q(xt | x0) can be drawn indepen-
dently for any chosen timestep t without performing the sequential reverse-time recur-
sion.

At each selected timestep t we then evaluate the model’s endpoint estimate (Eq. 3.1).
Importantly, the controlled protocol does not propagate xt through the model’s reverse
transitions to construct xt−1, xt−2, . . . , x0. Instead, for each t we (re)sample xt ∼ q(xt |
x0) and compute x̂0(xt, t). This choice yields inputs that are (i) precisely targeted to
a given noise level and (ii) statistically independent across timesteps, which is desirable
for diagnostics such as spectral analysis, principal component estimation, and controlled
perturbations of latent structure.

For completeness, one could instead construct xt iteratively using the reverse-time con-
ditionals (Eq. 2.1.4)

q(xt−1 | xt, x0) = q(xt | xt−1, x0) q(xt−1 | x0)
q(xt | x0) , (3.4)

thereby producing a trajectory of correlated noisy states. However, that sequential con-
struction introduces extra stochasticity and temporal dependence between neighbouring
timesteps while furnishing no additional information beyond the forward marginal. For
targeted diagnostics we therefore prefer direct sampling from q(xt | x0).

Operationally, the controlled diffusion protocol used in controlled diffusion is the fol-
lowing:

1. Fix a clean image x0 (for example, a training image or a held-out test example).

2. For each desired timestep t (which may be chosen sparsely or densely), draw xt ∼
q(xt | x0) using Eq. (3.2).

3. Compute the model’s endpoint estimate x̂0(xt, t) via Eq. (3.1).

4. Optionally, apply spectral diagnostics (e.g. eigendecomposition of the empirical co-
variance of x̂0 over multiple noise realizations) or perform controlled perturbations
in principal subspaces of xt to study robustness and mode sensitivity. This is the
setup for our spectral PCA analysis and latent-space steering.

This protocol preserves the model’s prediction function while removing correlations
induced by iterative sampling, making it a clean and reproducible probe of how themodel’s
internal estimate of the clean image changes with noise level. In practice, the endpoint es-
timates produced by this controlled procedure display the same coarse-to-fine progression
described in Section 3.1: at large t (high noise) x̂0 appears as a blurred, class-consistent
blob that already captures coarse layout, and as t decreases the estimate becomes steadily
sharper and more detailed; however, conditioning on Stable Diffusion latents induces a
markedly stronger attraction of the endpoint estimate toward the geometric structure
and semantic features of the training image. An example of these controlled trajectories
is shown in Fig. 3.3.
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(a) Trajectory of the noisy state xt. The visual impression is that
the image progressively ‘emerges‘ from noise, as if revealing a
structure that was already present beneath the stochastic per-
turbations.

(b) Trajectory of the endpoint estimate x̂0. The process begins from
a coarse, class-consistent blob and rapidly converges toward a
well-shaped image, with subsequent timesteps adding progres-
sively finer details. This indicates that the model forms a mean-
ingful estimate of the final sample already in the early stages.

(c) Difference between x̂0 and xt across timesteps. The residual
highlights the structured signal toward which the model is steer-
ing the trajectory, together with the noise component that will
be progressively removed.

Figure 3.4. Comparison between the trajectories of the noisy state xt, the endpoint estimate x̂0,
and their residual during sampling.
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3.2 Experimental setup
Our experiments compare sampling dynamics across two representative samplers and
model families. For theDDPM familywe employ the ancestral (stochastic) reverse-diffusion
sampler as introduced in Denoising Diffusion Probabilistic Models (2020). For the Stable
Diffusion models we use the DPMSolverMultistepScheduler (a multistep integrator
from the DPM-Solver family) [46]. These choices reflect a trade-off between (i) faithful,
fully stochastic reverse-time sampling (ancestral sampler) and (ii) computationally effi-
cient, high-quality multistep integration (DPM-Solver). For both a stochastic approach is
utilized, using hence the SDE formulation (Eq. 2.40) for the reverse sampling trajectory.
Sampling schedulers implement the discrete integration scheme that converts noise into
images; multistep solvers such as the DPMSolver family reuse past model evaluations
to approximate higher-order integration, producing high-fidelity samples with far fewer
function evaluations than naive single-step methods.
We choose the DPMSolverMultistepScheduler for Stable Diffusion because it delivers
strong fidelity at low step counts while remaining computationally efficient, and we retain
the ancestral sampler for DDPM to preserve a fully stochastic baseline.

Classifier guidance is applied to both DDPM and Stable Diffusion experiments. Because
classifier guidance modifies the reverse-time vector field, it is expected to alter the spec-
tral and principal-component dynamics of intermediate endpoint estimates: in particular,
increasing guidance strength tends to concentrate probability mass and can accelerate
dimensional collapse, thereby reducing sample diversity. Accordingly, in the following
Stable Diffusion experiments we adopt classifier-free guidance (see Sec. 2.3.1) and vary
guidance scale in the interval [1.0, 7.5]; in contrast, the Conditional DDPM baseline uses
standard conditional sampling with vanilla guidance (see Sec. 2.3), and therefore does not
expose a tunable guidance strength at inference time

For the DDPM experiments we used CIFAR-10 [19], a labeled dataset of 60,000 32 × 32
color images across ten object classes, whose low resolution and constrained domainmake
it suitable for controlled diffusion experiments. Stable Diffusion is trained on LAION
[33], a large-scale, web-scraped corpus of image–text pairs that provides diverse, higher-
resolution imagery and enables text-conditioned generation. However, we performed ex-
periments with ImageNet[6], a large-scale benchmark of over one million natural images
spanning one thousand categories, commonly used to evaluate generative modeling per-
formance at higher visual complexity.

3.3 PCA Dynamics
Analyzing the evolution of principal components of the model’s endpoint estimates x̂0
across denoising timesteps provides a compact, quantitative view of how diffusion models
progressively organise semantic content during sampling. In our experiments we use the
controlled-diffusion protocol (Section 3.1.1) with classifier guidance applied to a DDPM
model.

All PCA results reported in this section are obtained from class-conditioned ensembles
drawn from the CIFAR-10 training set. Concretely, we use the full set of N = 5000 train-
ing images belonging to the bird class (y = bird; this ensures a stable estimate of the
class-conditioned manifold at each time level) and apply the controlled-diffusion protocol
(Section 3.1.1) with vanilla classifier guidance (sec. 2.3). The procedure used to construct
the PCA at each timestep t is as follows.
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Data collection For each training imagex
(i)
0 , i = 1, . . . , N , and for each chosen reverse

timestep t we sample a noisy latent

x
(i)
t ∼ q(xt | x(i)

0 ) = N
(√

ᾱt x
(i)
0 , (1− ᾱt)I

)
,

and compute the model’s endpoint estimate

x̂
(i)
0 (t) = x̂0

(
x

(i)
t , t

)
= 1√

ᾱt

(
x

(i)
t −

√
1− ᾱt ε̂θ(x(i)

t , t, y)
)
,

using the classifier-guided noise predictor ε̂θ(·, t, y=bird) at the vanilla guidance strength.

By default we draw one independent noisy sample per image per timestep (one x
(i)
t per

x
(i)
0 ); the protocol can be extended by drawing multiple noise realizations per image if

required for variance estimation.

Forming the data matrix Each estimate x̂
(i)
0 (t) is vectorised into RD (for CIFAR-10,

D = 3× 32× 32 = 3072). At timestep t we assemble the data matrix

Xt ∈ RN×D, Xt[i, :] = vec
(
x̂

(i)
0 (t)

)>
.

We mean-center the rows of Xt:

x̄t = 1
N

N∑
i=1

Xt[i, :]>, X̃t = Xt − 1x̄>
t ,

where 1 ∈ RN is the all-ones vector.

Figure 3.5. Principal Components explaining 99% of the variance for the endpoint estimate x̂0
across reverse diffusion. DDPM, Cifar10, Conditioned on class ‘bird’.
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PCA computation We compute the empirical covariance

Σt = 1
N − 1X̃>

t X̃t ∈ RD×D,

and obtain its eigendecomposition

Σt = VtΛtV
>

t , Λt = diag(λ1(t), λ2(t), . . .),

with eigenvalues ordered λ1(t) ≥ λ2(t) ≥ · · · ≥ 0. Equivalently, for numerical stability
we perform the SVD of X̃t and recover the principal directions and eigenvalues from the
singular vectors and singular values.

Explained-variance threshold Define the explained-variance ratio for the top k com-
ponents at time t

Rk(t) =
∑k

j=1 λj(t)∑D
j=1 λj(t)

.

We report the minimal integer

k0.99(t) = min{k : Rk(t) ≥ 0.99},

i.e. the number of principal components required to explain 99% of the variance at
timestep t. This represents a sort of compression of data while retaining most of the info
and data structure. Plotting k0.99(t) as a function of t yields the curves shown in Fig. 3.5.
This protocol yields a time-resolved characterization of the effective dimensionality of the
class-conditioned endpoint estimates.

Commentary and implications The abrupt contraction of the PCA spectrum indi-
cates that variance in the model’s endpoint estimates becomes progressively confined to
a low-dimensional subspace: representations transition from diffuse, high-variance pat-
terns to a compact principal subspace that encodes the dominant semantic degrees of free-
dom. This behaviour is naturally interpreted as an early-stage commitment by the model
to a particular semantic configuration of the conditioned class — consistent with the spe-
ciation phenomenon described in Dynamical regimes of diffusion models (2024) — where
global ambiguities are resolved and sampling trajectories concentrate toward a classmode.

It is important, however, to distinguish this intermediate spectral contraction from the
later collapse regime. A small number of principal components at very late timesteps
mostly reflects that samples lie close to the data manifold and therefore share manifold-
constrained structure; it does not by itself prove ongoing dynamical contraction or mem-
orization. Consequently, PCA is most informative when evaluated as a time series across
the full denoising trajectory: intermediate timesteps reveal structural transitions, while
late timesteps reflect manifold geometry and final reconstruction fidelity.

Speciation time and accelerationhypothesis The spectral contraction naturally iden-
tifies an effective speciation time ts, which is apparent as the abrupt reduction shown in
Fig. 3.5. If ts corresponds to the moment when class-specific semantic structure is es-
tablished, a practical hypothesis follows: conditioned sampling may be accelerated by
initializing the reverse dynamics near ts — effectively sampling from points on the class-
conditioned manifold at that noise level — instead of beginning at the maximal-noise time
tmax. This hypothesis will be investigated further in future work.
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(a) Prompt: ‘a photo of a f1 car’; Adversarial prompt: ‘photo of a jungle’. Both conditionings
bias sampling toward a hybrid image that combines features of an F1 car and a jungle. In-
terestingly, the two semantic concepts are compatible (a F1 car can plausibly appear within a
natural scene), the model produces a coherent blend of both classes.

(b) Prompt: ‘a photo of a f1 car’; Adversarial prompt: ‘photo of an ocean’. Both conditionings
influence early denoising, but the concepts are semantically incompatible (an F1 car cannot
occupy an ocean). Around timestep 800 a clear “speciation” occurs: the trajectory collapses
toward the car class while retaining residual ocean-like color/texture; prior to speciation both
class signals are simultaneously present and visually overlapping.

Figure 3.6. Injecting adversarial conditioning into the Stable Diffusion sampling trajectory.
Shown: estimated x̂0 at each timestep. Adversarial weight = 0.5. See final generations in
Fig. B.1
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3.4 Perturbing the Sampling Trajectory
A complementary approach to studying reverse diffusion dynamics, and to probing their
robustness, is to introduce controlled perturbations during sampling. By modifying either
the predicted noise or the latent representations at intermediate timesteps, one can delib-
erately steer the reverse trajectory away from the path it would otherwise follow, thereby
assessing how semantic structure is preserved, altered, or destabilized under intervention.
In this setting, the diffusion model is treated as a white-box system: we assume full access
to the sampling pipeline and direct control over the intermediate variables manipulated
during generation.

3.4.1 Adversarial Noise Injection
A first class of interventions operates directly in the noise-prediction space. For diffu-
sion models parameterized to predict noise, this corresponds to perturbing the model
output ε̂θ(xt, t) during the reverse update. Conceptually, such perturbations inject al-
ternative denoising directions into the reverse dynamics. In extreme cases, the injected
signal may resemble the noise prediction associated with a different conditioning signal
or semantic class, thereby encouraging the trajectory to interpolate between—or compete
across—multiple semantic hypotheses.
Although this procedure does not constitute an adversarial attack in the classical security
sense, it provides a powerful diagnostic tool for studying the stability, sensitivity, and se-
mantic commitments of the reverse diffusion process. In particular, it allows us to probe
how strongly the model adheres to a given conditioning once speciation has occurred,
and how early semantic conflicts are resolved.

For Stable Diffusion operating in latent space (ImageNet-scale semantics), an example
of such an intervention is shown in Fig. 3.6. Two qualitatively distinct behaviours emerge
when adversarial conditioning is blended into the sampling trajectory. When the injected
concept is semantically compatible with the target (e.g. F1 car + jungle), the denoising dy-
namics converge to a coherent hybrid: low- and mid-level features from both concepts are
integrated, and the final image (see Fig. 3.6a) remains semantically plausible. By contrast,
when the concepts are incompatible (e.g. F1 car + ocean), the dynamics exhibit competi-
tive mode selection (see Fig. 3.6b). During early timesteps both semantic signals coexist,
but around a critical timestep (t ≈ 800) the trajectory undergoes speciation: sampling col-
lapses toward the car mode while retaining residual colour or texture cues from the ocean.

These observations suggest three conclusions. First, semantic compatibility determines
whether conditioning signals combine additively or compete. Second, consistently with
prior analyses of diffusion dynamics [4,34], timing is critical: early perturbations influence
global layout and object identity, whereas later perturbations primarily affect texture and
appearance. Third, some low-frequency or colour-level features may survive speciation
even after semantic collapse, representing the shared semantic representations that are
able to persist. Together, these findings reinforce the interpretation of diffusion sampling
as an outline-first, detail-later process [44,34,15] and suggest practical control strategies
based on time-dependent perturbation schedules.

3.4.2 Attacks across Dynamical Regimes
To analyse the speciation phenomenonmore precisely, we perform adversarial noise injec-
tion over restricted temporal windows, perturbing the predicted noise only for timesteps

t ∈ [Tlower, Tupper],
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(a) No noise injection (base-
line). Standard condi-
tioned generation without
intervention.

(b) Noise injection for
t ∈ [800, 1000]. The
model fully recovers the
F1 car class. Despite
the late perturbation, no
banana-specific semantic
features are retained, indi-
cating that post-speciation
interventions are largely
corrected by denoising.

(c) Noise injection for t ∈
[600, 1000]. Partial degra-
dation of car structure is
observed. The model fails
to reconstruct a coherent
F1 car, suggesting that spe-
ciation occurs within this
interval and that class com-
mitment is no longer fully
reversible.

(d) Noise injection for t ∈
[400, 1000]. Car-specific
semantics are almost en-
tirely lost. Only elongated
metallic structures remain,
visually resembling the ba-
nana stem rather than au-
tomotive components.

(e) Noise injection for t ∈
[200, 1000]. The adversar-
ial class dominates the gen-
eration. The output col-
lapses to a clear banana,
with no residual car fea-
tures.

(f) Noise injection for t ∈
[0, 1000]. The entire tra-
jectory is steered, effec-
tively reproducing uncon-
ditional generation under
the adversarial condition-
ing alone.

Figure 3.7. Final decoded images obtained by adversarially perturbing the reverse diffusion tra-
jectory with fixed adversarial weight = 1.0 over different temporal intervals. As the injection
window extends into earlier timesteps, the trajectory undergoes a speciation transition and
ultimately collapses to the adversarial class. Corresponding reverse trajectories are shown in
Fig. B.1.
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with both bounds treated as hyperparameters. This allows us to isolate how noise injec-
tions affect the reverse dynamics at different stages of sampling.

FollowingDynamical regimes of diffusionmodels (2024), we distinguish two critical timescales.
The speciation time tS marks the transition from a high-entropy noise bundle to com-
mitment toward a semantic class. The collapse time tC denotes the later stage at which
trajectories become attracted to individual training samples.

Identification of regime phases

Regime I: pre-speciation At the beginning of the reverse process, trajectories have
not yet committed to a class and form a single high-dimensional bundle. As discussed in
Generative diffusion in very large dimensions (2023), accurately learning the score is crucial
to reproduce correct class proportions. In this regime, regularization that degrades score
accuracymay delay or distort speciation, yielding realistic-looking samples with incorrect
class weights. Conversely, regularization is beneficial at later stages to prevent collapse.
Using adversarial conditioning with competing semantic signals provides an empirical
means to estimate tS : in our Stable Diffusion experiments on ImageNet, class commitment
occurs at approximately tS ≈ 800 (see Fig. 3.6). We therefore define Regime I as timesteps
t ∈ [tS , 1000].

Regime II: post-speciation, pre-collapse In Regime II, the trajectory has committed
to a semantic class, but fine-grained features are still being constructed. Attacks in this
regime are expected to preserve class identity while allowing adversarial attributes to
influence texture, colour, or local structure. Recall that guidance tends to concentrate
probability mass and can accelerate dimensional collapse, affecting the dynamics and dis-
torting speciation time. Whether a full class switch is still feasible in this interval is a
central empirical question addressed below.

Regime III: collapse Regime III is characterized by collapse: trajectories become at-
tracted to the basin of individual training samples. Unless the dataset size is exponentially
large in dimension, collapse is unavoidable at sufficiently late times [4,5]. The collapse
time tC is governed by the entropy of the noised data distribution. In this work, we do
not analyse collapse in detail, as our focus is on early-time generalization and semantic
commitment.

Interval experiments We perform a series of attacks in which adversarial noise is in-
jected only within a chosen interval t ∈ [Tlower, Tupper]. Figure 3.7 shows final decoded
images for different choices of Tlower, with Tupper = 1000. Images correspond to: no
injection, [800, 1000], [600, 1000], [400, 1000], [200, 1000], and [0, 1000].

When the injection is confined to late timesteps (Tlower = 800), the model reliably re-
covers the original class: adversarial noise introduced before speciation is largely cor-
rected. As the perturbation window extends earlier, a qualitative transition occurs. For
Tlower = 600, images exhibit partial degradation and hybrid features, indicating inter-
ference near speciation (the interval may be overlapping the speciation time tS). For
Tlower = 400, class structure is largely lost. For Tlower = 200 and below, the gener-
ated image is dominated by the adversarial class. Finally, perturbing across the whole
trajectory Tlower = 0 produces an image that is essentially a sample of the adversarial
conditioning alone.
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These observations place the speciation time tS near the boundary between the behaviours
observed for Tlower = 800 and Tlower = 600. Perturbations applied strictly before tS

are ineffective at changing class identity, whereas perturbations that overlap the specia-
tion regime can redirect the trajectory toward a different semantic attractor. These find-
ings motivate a finer spectral/time-resolved analysis of the score and covariance evolution
around tS to understand which latent directions are most responsible for class commit-
ment.

3.4.3 Latent-space perturbations
For latent diffusion models such as Stable Diffusion, an additional and often more in-
terpretable intervention mechanism is available. Since sampling occurs in a learned la-
tent space encoding high-level semantics, perturbations can be applied directly to latent
variables rather than to pixel-space noise predictions. Ideally, latent perturbations allow
steering along directions more closely aligned with semantic attributes while remaining
compatible with the model’s learned geometry. In the following section, we explore this
intervention strategy in detail, leveraging principal directions in latent space to guide
generation toward alternative semantic configurations.

3.4.4 Latent-Space Steering via PCA Directions
Latent representations provide a compact and semantically structured encoding of data,
which diffusion models such as Stable Diffusion [27] exploit to enable efficient generation.
In Stable Diffusion, images are first compressed into a latent space using a variational au-
toencoder (VAE). The diffusion process is then applied to these latent codes, and the final
image is obtained by decoding the latent trajectory back into pixel space through the VAE
decoder. Operating in latent space substantially reduces dimensionality while preserving
high-level semantic information, leading to faster sampling and improved scalability.

Directly injecting clean latent codes (e.g. principal components of dataset latents) cor-
responding to a different class into the denoising process is not straightforward. Such
latents are defined at t = 0, and inserting them at intermediate timesteps would be incon-
sistent with the distribution of noised latents expected by the model, typically resulting in
degenerate or unstable generations. A more principled direction is to construct datasets
of noised latents for every timestep.
By performing principal component analysis (PCA) on VAE-encoded latents from a spe-
cific class, one can identify directions of maximal variance, which often correspond to
semantically meaningful factors of variation. Similar analyses have been used to probe
the local geometry of the estimated clean-image manifold x̂0(xt, t) [44], however, not
in an adversarial manner. Steering the latent trajectory along such directions enables
controlled manipulation of the generative process while remaining close to the model’s
learned distribution.

Concretely, a small perturbation vector ∆ is constructed by projecting the principal sub-
space of a source class onto that of a target class. Adding ∆ to the latent variable at
intermediate timesteps introduces a controlled bias toward the target semantic manifold,
while minimally disrupting the overall latent statistics. The magnitude of ∆ must be care-
fully tuned: it must be large enough to induce a semantic shift, yet sufficiently small to
avoid corrupting the final decoded image.

PCA and orthogonal projection. Given a dataset of n mean-centered latent vectors
{x(i)}ni=1, stacked row-wise into X ∈ Rn×D , PCA computes the eigendecomposition of
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(a) Standard Stable Diffusion (baseline).
Clean generation with no latent-space in-
tervention. No banana-related features are
present.

(b) Weighted-sum PCA projection. Steer-
ing strength s∗ = 2.5. Distinct banana-
like attributes emerge, including elongated
yellow front suspensions and a banana-
shaped tyre warmer.

(c) SVD principal-direction projection.
Steering strength s∗ = 200.0. The image
exhibits a global yellowish tint but no
clearly identifiable banana geometry, con-
sistent with perturbing a single dominant
latent direction. An emergent human-like
figure appears in the late stages of genera-
tion (see Fig. B.10).

(d) Shared–residual disentangling. Steering
strength s∗ = 7.0. Banana-related features
are injected more coherently, appearing on
the car nose and near the tyre, while over-
all image realism and structural integrity
are preserved.

Figure 3.8. Final images obtained under different latent-space steering strategies. The prompt is
‘photo of a white F1 race car’. Steering vectors are computed from PCA of ImageNet classes
racer (source) and banana (target), and applied over the full interval I = [0, 1000]. Complete
latent trajectories are shown in Fig. B.2.
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the empirical covariance

Σ = 1
n− 1X>X = V ΛV >,

where V = [v1, . . . , vD] ∈ RD×D is an orthogonal matrix and Λ = diag(λ1, . . . , λD)
with λ1 ≥ λ2 ≥ · · · ≥ 0. The vectors vi are the principal directions and λi the corre-
sponding explained variances, with standard deviations σi =

√
λi.

Collecting the first k principal directions into Vk ∈ RD×k, the orthogonal projection
of a vector x ∈ RD onto this subspace is

PVk
(x) = VkV >

k x.

Latent subspace attack. Let A ∈ RkA×D contain the top kA principal directions of a
source class (e.g. race car/racer ), and let B ∈ RkB×D denote those of a target class (e.g.
banana). Let VB ∈ RD×kB be an orthonormal basis spanning the row space of B. The
projection of a source component ai onto the target subspace is

proji = PVB
(ai) = VBV >

B ai.

The goal is to construct a perturbation vector ∆ ∈ RD , reshaped to the latent tensor shape
(e.g.[4, 64, 64]), which is added to the latent variable zt during sampling. We explore three
construction strategies.

(1) Weighted-sum projection. Define projection norms wi = ‖proji‖2 and source
variances σi =

√
λi. The aggregate direction is

∆raw =
kA∑
i=1

wi proji,

with expected scale

stdexp =

√√√√ kA∑
i=1

(wiσi)2.

The final perturbation is

∆ = k stdexp
∆raw

‖∆raw‖2 + ε
.

This construction emphasizes directions that are both strongly aligned with the target
subspace and highly variant within the source class.

Results are shown in Fig. 3.8b and Fig. B.9. Clear banana-like features emerge, such as
yellow bar-like (front suspension) structures on the car nose and banana-shaped elements
(tyre warmer) near the tyres. Notably, these features appear only after t ≈ 800, consistent
with the model entering Regime II, where semantic commitment is fixed and details are
refined. While effective, this method introduces the strongest latent corruption among
the tested approaches.
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(2) SVD / principal-direction projection. Stack the projected vectors {proji} into a
matrix Proj ∈ RkA×D and compute its singular value decomposition,

Proj = USV >.

The leading right-singular vector v1 defines the dominant shared direction, with singular
value s1 measuring its strength. We consider

∆ = k
v1
‖v1‖2

,

which applies a focused, directed and normalized low-rank perturbation. (Note we could
also have considered ∆ = k · s1 · v1, a magnitude-informed variant.)

Results are shown in Fig. 3.8c and Fig. B.10. No clear banana structure emerges, although a
faint yellow halo suggests that the first principal direction captures limited colour-related
semantics. A human-like figure appears late in the trajectory, possibly reflecting inter-
polation artifacts between class manifolds. This method requires a much larger steering
magnitude (e.g. 200) and produces the least image corruption, consistent with its low-rank
nature.

(3) Shared–residual disentangling. Each source component is decomposed as

ai = PVB
(ai) + ri,

where PVB
(ai) captures the shared component and ri the residual orthogonal to the target

subspace. Collect either the shared parts or the residuals into a matrix and perform an
SVD to obtain orthonormal directions {vj} and strengths {sj}. Using the top m directions
(hyperparameter) with normalized weights αj (for example αj ∝ sj and rescaled) yields

∆ =
m∑

j=1
αjvj .

Selecting the shared set yields attraction toward the common manifold between classes;
selecting residuals yields pushes along source-unique directions (orthogonal to the tar-
get). We operate on the shared set to generate towards plausible semantic representations.

Results are shown in Fig. 3.8d and Fig. B.11. Banana features emerge similarly to the
weighted-sum method, but with significantly improved image quality and realism. This
confirms the benefit of isolating shared semantic components: steering along these di-
rections injects plausible attributes without destabilizing the latent manifold. As before,
feature emergence occurs around t ≈ 800, reinforcing the connection to speciation.

Steering normalization implemented. To ensure comparability across steering in-
tervals, the per-step steering magnitude is normalized such that the total injected strength
remains constant.

Let Tcont = 1000 denote the continuous diffusion horizon, let N = |timesteps| be the
number of discrete scheduler timesteps (e.g. N = 50 in Stable Diffusion), and define the
scheduler step size ∆sched = Tcont/N . Let the active steering interval be I = [b0, b1]
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and set the interval length in continuous indices L = b1 − b0. The number of discrete
scheduler steps that fall inside I is computed as

Ninterval =
⌊

L

∆sched

⌋
,

The per-step update applied when t ∈ I is

zt ← zt + s ∆
√

αcum(t),

where ∆ is the reshaped ‘steer_delta’ and s = ‘steer_factor’ is:

s = s∗

Ninterval
,

with s∗ an appropriate hyperparameter representing fixed steering wewould like to apply
at each timestep, selected to not produce out of distribution latents, (e.g. s∗ = 2.0). Con-
sequently the discrete sum of per-step scalars over the active interval equals the invariant
value ∑

t∈I
s = s · Ninterval = s∗,

This formulation makes the effective steering strength independent of the chosen in-
terval bounds: the per–step scalar is rescaled so that the total steering weight over I
remains constant. At the same time, each update is still multiplied by

√
αcum(t), so the

perturbation at step t is aligned with the scheduler’s variance schedule; consequently, the
injected offsets respect the latent noise scale expected by the model at each timestep, pre-
venting the perturbation from pushing the trajectory outside the distribution encountered
during standard sampling.

Final remarks on the results While latent-space steering yields informative quali-
tative results, it is less stable and less effective than direct adversarial noise injection.
Noise-space interventions better exploit the inductive biases of diffusion models and their
non-linear score dynamics, enabling clearer regime separation and speciation analysis.
Nonetheless, latent-space perturbations provide valuable insight into how semantic struc-
ture is encoded in learned representations and reveal interpretable directions for semantic
interpolation. These findings motivate future work on principled latent steering mecha-
nisms that preserve distributional consistency while enabling controlled semantic manip-
ulation.

3.5 Limitations
The analyses presented in this thesis are primarily empirical and diagnostic in nature, and
several limitations should be acknowledged.

First, spectral and PCA-based analyses capture only linear structure in the model’s inter-
mediate representations. While abrupt changes in effective rank and variance concentra-
tion provide strong empirical signals of regime transitions, they do not fully characterize
nonlinear manifold geometry. Consequently, conclusions about semantic commitment
and speciation should be interpreted as descriptive rather than exhaustive.

Second, experiments are conducted on pretrained models and fixed architectures (DDPM
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and Stable Diffusion). While this allows controlled comparisons across sampling strate-
gies and perturbations, it limits the ability to attribute observed phenomena to specific
architectural or training choices. Extending the analysis to models trained under differ-
ent objectives or with varying inductive biases remains an open direction.

Third, the proposed notion of a speciation time is inferred indirectly from spectral con-
traction and perturbation sensitivity. Although consistent with recent theoretical work, it
is not established as a formally defined quantity with universal invariance across datasets
or model classes. Furthermore, guidance strength tends to concentrate probability mass
and can accelerate dimensional collapse, this directly affects the reverse trajectory and
distorts the speciation time, allowing for stronger semantic reconstructions when signal
has been adversarially tampered. Further work is required to assess the speciation time
robustness and practical exploitability for accelerated sampling.

Finally, the perturbation and steering experiments are designed as analytical probes rather
than as optimized control mechanisms. While they demonstrate that semantic features
can be injected or suppressed at specific stages of the reverse trajectory, they do not guar-
antee optimality or stability for downstream applications.
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Chapter 4

Conclusions

V
ia a spectral and rank-based perspective, this thesis investigated the reverse sam-
pling dynamics of diffusion models, and by the analysis of intermediate clean-
image predictions and their evolution across denoising timesteps, we provided

empirical evidence that diffusion sampling proceeds through distinct dynamical regimes
characterized by changes in effective dimensionality and semantic commitment.

Principal component analyses revealed an abrupt contraction in the variance spectrum
at early noise levels, indicating a transition from diffuse, high-dimensional representa-
tions toward a compact subspace encoding class-specific semantics. This phenomenon
aligns with recent theoretical descriptions of a speciation regime, during which the gener-
ative trajectory resolves global ambiguities and commits to a particular mode of the data
distribution. Importantly, we distinguished this intermediate contraction from the later
collapse regime, where low-dimensionality primarily reflects manifold constraints rather
than continued dynamical convergence to train data.

Building on these observations, we explored controlled perturbations of the reverse trajec-
tory, including adversarial noise injection and latent-space steering. These experiments
demonstrated that the effect of perturbations depends strongly on their temporal place-
ment: early interventions are often corrected by subsequent denoising, while perturba-
tions applied after speciation can irreversibly redirect the generation toward alternative
semantic outcomes. Latent-space steering via PCA directions further showed that shared
semantic components between classes can be selectively injected without fully destroying
image realism. The results allow for a qualitative characterization of Diffusion Models’
speciation behaviours.

Together, these findings support a view of diffusion sampling as a structured, temporally
ordered process in which semantic decisions are made early and refined later. Beyond
descriptive insights, the identification of an effective speciation time suggests potential
avenues for accelerating conditioned sampling by initializing the reverse process closer
to the (noised) class-conditioned manifold.

Overall, this work contributes diagnostic tools and empirical evidence toward a more
mechanistic understanding of diffusionmodel sampling, generalization and inductive bias,
bridging recent theoretical developmentswith observable behavior in practical, pretrained
systems.
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Appendix A

Derivations

B
elow, we present the main derivations of the equations introduced in Chapter 2.
These derivations encompass proofs for the ELBO of VAEs, HVAEs and VDMs,
as well as VDMs recursive parameterization, KL Divergence between gaussians,

and the equivalance of the three Diffusion Models’ formulations. In addition, Classifier
Guidance and the architectures of Diffusion Models are examined in detail.

A.1 Evidence Lower Bound
Derivations to see why ELBO is an objective we would like to maximize.

Deriving the ELBO using equation Equation 2.1:

log p(x) = log
∫

p(x, z)dz

= log
∫

p(x, z)qφ(z | x)
qφ(z | x) dz

= logEqφ(z|x)

[
p(x, z)

qφ(z | x)

]

≥ Eqφ(z|x)

[
log p(x, z)

qφ(z | x)

]
(A.1.1)

Where Jensen’s Inequality was applied to arrive at the lower bound. This derivation
however does not supply much useful intuition on exactly why the ELBO is actually a
lower bound of the evidence, as Jensen’s Inequality handwaves it away. Furthermore,
knowing that ELBO is truly a lower bound of the data does not really tell us why we want
tomaximize it as an objective. To better understand the relationship between the evidence
and the ELBO, we can perform another derivation, using Equation 2.2:
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log p(x) = log p(x)
∫

qφ(z | x)dz

=
∫

qφ(z | x) log p(x)dz

= Eqφ(z|x) [log p(x)]

= Eqφ(z|x)

[
log p(x, z)

p(z | x)

]
= Eqφ(z|x)

[
log p(x, z)qφ(z | x)

p(z | x)qφ(z | x)

]

= Eqφ(z|x)

[
log p(x, z)

qφ(z | x)

]
+ Eqφ(z|x)

[
log qφ(z | x)

p(z | x)

]

= Eqφ(z|x)

[
log p(x, z)

qφ(z | x)

]
+DKL(qφ(z | x) || p(z | x)) (A.1.2)

≥ Eqφ(z|x)

[
log p(x, z)

qφ(z | x)

]
(A.1.3)

From this derivation, we clearly observe from Equation A.1.2 that the evidence is
equal to the ELBO plus the (non-symmetric) Kullback-Leibler Divergence

(
DKL(P ||Q) =∑

i
P (i)log P (i)

Q(i)

)
between the approximate posterior qφ(z | x) and the true posterior

p(z | x). This KL Divergence was removed by Jensen’s Inequality in Equation A.1.1.
Now we now why the ELBO is indeed a lower bound: the difference between the evi-
dence and the ELBO is a strictly non-negative KL term, thus the value of the ELBO can
never exceed the evidence.
Having introduced latent variables z that we would like to model, our goal is to learn
this underlying latent structure that describes observed data. We want to optimize the
parameters of our variational posterior qφ(z | x) to exactly match the true posterior dis-
tribution p(z | x), which is achieved by minimizing their KL Divergence, ideally to zero.
Unfortunately, it is intractable to minimize this KL Diverge term directly, as we do not
have access to the ground truth p(z | x) distribution. However on the left hand side of
Equation A.1.2, the likelihood of our data (and therefore the evidence term log p(x)) is
always a constant with respect to φ, as it is computed by marginalizing out all latents
z from the joint distribution p(x, z) and does not depend on φ whatsoever. Since the
ELBO and KL Divergence terms sum up to a constant, any maximization of the ELBO
term with respect to φ necessarily invokes an equal minimization of the KL Divergence
term: ∂

∂φL(φ) = − ∂
∂φKL(qφ||p), where L(φ) is the ELBO. Thus, the ELBO can be maxi-

mized as a proxy for learning how to perfectly model the true latent posterior distribution;
the more optimized the ELBO is, the closer the approximate posterior gets to the true pos-
terior (KL ≥ 0, so L(φ) ≤ log p(x), with equality iff qφ(z|x) = p(z|x)). Additionally,
once trained, the ELBO can be used to estimate the likelihood of observed or generated
data as well, since it is learned to approximate the model evidence log p(x).
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A.2 Hierarchical VAE ELBO
Derivation for the ELBO of HVAE:

log p(x) = log
∫

p(x, z1:T )dz1:T

= log
∫

p(x, z1:T )qφ(z1:T | x)
qφ(z1:T | x) dz1:T

= logEqφ(z1:T |x)

[
p(x, z1:T )

qφ(z1:T | x)

]

≥ Eqφ(z1:T |x)

[
log p(x, z1:T )

qφ(z1:T | x)

]

A.3 ELBO form with two-variable expectations
Like any HVAE, the VDM can be optimized by maximing the ELBO [35]. One derivation
of the ELBO, depending only on x0 results in the following form:

log p(x) ≥ Eq(x1:T |x0)

[
log p(x0:T )

q(x1:T | x0)

]
= Eq(x1|x0) [log pθ(x0 | x1)]︸ ︷︷ ︸

reconstruction term

− Eq(xT −1|x0) [DKL(q(xT | xT −1) || p(xT ))]︸ ︷︷ ︸
prior matching term

−
T −1∑
t=1

Eq(xt−1,xt+1|x0) [DKL(q(xt | xt−1) || pθ(xt | xt+1))]︸ ︷︷ ︸
consistency term

(A.3.1)

The derived form of the ELBO can be interpreted in terms of its individual components:
Eq(x1|x0) [log pθ(x0 | x1)] can be interpreted as a reconstruction term, predicting the log
probability of the original data sample given the first-step latent. This term also appears in
a vanilla VAE, and can be trained similarly; Eq(xT −1|x0) [DKL(q(xT | xT −1)) || p(xT ))] is
a prior matching term, it is minimizedwhen the final latent distributionmatches the Gaus-
sian prior. This term does not require any optimization, as it has no trainable parameters.
Furthermore as we have assumed a large enough T such that the final distribution is Gaus-
sian, this term effectively becomes zero;Eq(xt−1,xt+1|x0) [DKL(q(xt | xt−1) || pθ(xt | xt+1))]
is a consistency term, it endeavors to make the distribution at xt consistent, from both
the forward and backward processes. That is, a denoising step from a noisier image
should match the corresponding noising step from a cleaner image, for every intermediate
timestep, this is reflected mathematically by the KL Divergence. This term is minimized
when we train pθ(xt | xt+1) to match the Gaussian distribution q(xt | xt−1), defined in
Eq. 2.13.

Visually, this interpretation of the ELBO is depicted in Fig. A.1 below. The cost of op-
timizing a VDM is primarily dominated by the third term, since we must optimize over
all timesteps t.

Under this derivation, all terms of the ELBO are computed as expectations, and can
therefore be approximated using Monte Carlo estimates. However, optimizing ELBO us-
ing these terms might be suboptimal, as the consistency term is computed as an expecta-
tion over two random variables {xt−1, xt+1} for every timestep, the variance of its Monte
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Figure A.1. A VDM can be optimized by ensuring that for every intermediate latent, the posterior
from the latent above it matches the Gaussian corruption of the latent before it. In this figure,
for each intermediate latent, weminimize the difference between the distributions represented
by the pink and green arrows.

Carlo estimate could potentially be higher than a term that is estimated using only one
random variable per timestep. As it is computed by summing up T −1 consistency terms,
the final estimated value of the ELBO may then have high variance for large T values.
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Proof of Eq. A.3.1

log p(x) = log
∫

p(x0:T ) dx1:T

= log
∫

p(x0:T )q(x1:T | x0)
q(x1:T | x0) dx1:T

= logEq(x1:T |x0)

[
p(x0:T )

q(x1:T | x0)

]
≥ Eq(x1:T |x0)

[
log p(x0:T )

q(x1:T | x0)

]
= Eq(x1:T |x0)

[
log p(xT )

∏T
t=1 pθ(xt−1 | xt)∏T

t=1 q(xt | xt−1)

]

= Eq(x1:T |x0)

[
log p(xT )pθ(x0 | x1)

∏T
t=2 pθ(xt−1 | xt)

q(xT | xT −1)
∏T −1

t=1 q(xt | xt−1)

]

= Eq(x1:T |x0)

[
log p(xT )pθ(x0 | x1)

∏T −1
t=1 pθ(xt | xt+1)

q(xT | xT −1)
∏T −1

t=1 q(xt | xt−1)

]

= Eq(x1:T |x0)

[
log p(xT )pθ(x0 | x1)

q(xT | xT −1)

]
+ Eq(x1:T |x0)

[
log

T −1∏
t=1

pθ(xt | xt+1)
q(xt | xt−1)

]

= Eq(x1:T |x0) [log pθ(x0 | x1)] + Eq(x1:T |x0)

[
log p(xT )

q(xT | xT −1)

]

+
T −1∑
t=1

Eq(x1:T |x0)

[
log pθ(xt | xt+1)

q(xt | xt−1)

]

= Eq(x1|x0) [log pθ(x0 | x1)] + Eq(xT −1,xT |x0)

[
log p(xT )

q(xT | xT −1)

]

+
T −1∑
t=1

Eq(xt−1,xt,xt+1|x0)

[
log pθ(xt | xt+1)

q(xt | xt−1)

]
= Eq(x1|x0) [log pθ(x0 | x1)]︸ ︷︷ ︸

reconstruction term

−Eq(xT −1|x0)
[
DKL

(
q(xT | xT −1) ‖ p(xT )

)]︸ ︷︷ ︸
prior matching term

−
T −1∑
t=1

Eq(xt−1,xt+1|x0)
[
DKL

(
q(xt | xt−1) ‖ pθ(xt | xt+1)

)]
︸ ︷︷ ︸

consistency term
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A.4 Variational Diffusion Models

A.4.1 Proof of Equation 2.16.

log p(x) = log
∫

p(x0:T ) dx1:T

= log
∫

p(x0:T )q(x1:T | x0)
q(x1:T | x0) dx1:T

= logEq(x1:T |x0)

[
p(x0:T )

q(x1:T | x0)

]
≥ Eq(x1:T |x0)

[
log p(x0:T )

q(x1:T | x0)

]
= Eq(x1:T |x0)

[
log p(xT )

∏T
t=1 pθ(xt−1 | xt)∏T

t=1 q(xt | xt−1)

]

= Eq(x1:T |x0)

[
log p(xT )pθ(x0 | x1)

∏T
t=2 pθ(xt−1 | xt)

q(x1 | x0)
∏T

t=2 q(xt | xt−1)

]

= Eq(x1:T |x0)

[
log p(xT )pθ(x0 | x1)

∏T
t=2 pθ(xt−1 | xt)

q(x1 | x0)
∏T

t=2 q(xt | xt−1, x0)

]

= Eq(x1:T |x0)

[
log p(xT )pθ(x0 | x1)

q(x1 | x0) + log
T∏

t=2

pθ(xt−1 | xt)
q(xt−1 | xt, x0)

]

= Eq(x1:T |x0)

log p(xT )pθ(x0 | x1)
q(x1 | x0) + log

T∏
t=2

pθ(xt−1 | xt)
q(xt−1|xt,x0)����q(xt|x0)

(((((q(xt−1|x0)


= Eq(x1:T |x0)

[
log p(xT )pθ(x0 | x1)

�����
q(x1 | x0) + log �����

q(x1 | x0)
q(xT | x0) + log

T∏
t=2

pθ(xt−1 | xt)
q(xt−1 | xt, x0)

]

= Eq(x1:T |x0)

[
log p(xT )pθ(x0 | x1)

q(xT | x0) +
T∑

t=2
log pθ(xt−1 | xt)

q(xt−1 | xt, x0)

]

= Eq(x1:T |x0) [log pθ(x0 | x1)] + Eq(x1:T |x0)

[
log p(xT )

q(xT | x0)

]
+

T∑
t=2

Eq(x1:T |x0)

[
log pθ(xt−1 | xt)

q(xt−1 | xt, x0)

]

= Eq(x1|x0) [log pθ(x0 | x1)] + Eq(xT |x0)

[
log p(xT )

q(xT | x0)

]
+

T∑
t=2

Eq(xt,xt−1|x0)

[
log pθ(xt−1 | xt)

q(xt−1 | xt, x0)

]
= Eq(x1|x0) [log pθ(x0 | x1)]︸ ︷︷ ︸

reconstruction term

−KL(q(xT | x0) || p(xT ))︸ ︷︷ ︸
prior matching term

−
T∑

t=2
Eq(xt|x0) [KL(q(xt−1 | xt, x0) || pθ(xt−1 | xt))]︸ ︷︷ ︸

denoising matching term
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A.4.2 Recursive reparameterization

xt =
√

αtxt−1 +
√

1− αtε
∗
t−1

=
√

αt

(√
αt−1xt−2 +

√
1− αt−1ε∗

t−2

)
+
√

1− αtε
∗
t−1

= √αtαt−1xt−2 +
√

αt − αtαt−1ε∗
t−2 +

√
1− αtε

∗
t−1

= √αtαt−1xt−2 +
√√

αt − αtαt−1
2 +
√

1− αt
2
εt−2 (A.4.1)

= √αtαt−1xt−2 +
√

αt − αtαt−1 + 1− αtεt−2

= √αtαt−1xt−2 +
√

1− αtαt−1εt−2
= . . .

=

√√√√ t∏
i=1

αix0 +

√√√√1−
t∏

i=1
αiε0

=
√

ᾱtx0 +
√

1− ᾱtε0

∼ N (xt;
√

ᾱtx0, (1− ᾱt) I)

where in Eq. A.4.1 we use the fact that the sum of independent Gaussian random variables
remains a Gaussian, with mean being the sum of the two means, and variance being the
sum of two variances, and the fact that xt is expressed as a linear combination of inde-
pendent Gaussian terms, each scaled by its standard deviation. That is, if a ε1 + b ε2 with
ε1, ε2 ∼ N (0, 1), ε1 ⊥ ε2 then

a ε1 + b ε2 ∼
√

a2 + b2 ε with ε ∼ N (0, 1).
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A.4.3 Proof of Equation 2.20.

q(xt−1 | xt, x0) = q(xt | xt−1, x0)q(xt−1 | x0)
q(xt | x0)

=
N (xt;

√
αtxt−1, (1− αt)I)N (xt−1;

√
ᾱt−1x0, (1− ᾱt−1)I)

N (xt;
√

ᾱtx0, (1− ᾱt)I)

∝ exp
{
− 1

2
[(xt −

√
αtxt−1)2

1− αt
+ (xt−1 −

√
ᾱt−1x0)2

1− ᾱt−1
− (xt −

√
ᾱtx0)2

1− ᾱt

]}

= exp
{
− 1

2
[−2√αtxtxt−1 + αtx

2
t−1

1− αt
+

x2
t−1 − 2

√
ᾱt−1xt−1x0

1− ᾱt−1
+ C(xt, x0)

]}

∝ exp
{
− 1

2
[−2√αtxtxt−1

1− αt
+

αtx
2
t−1

1− αt
+

x2
t−1

1− ᾱt−1
− 2
√

ᾱt−1xt−1x0
1− ᾱt−1

]}

= exp
{
− 1

2
[( αt

1− αt
+ 1

1− ᾱt−1

)
x2

t−1 − 2
(√αtxt

1− αt
+
√

ᾱt−1x0
1− ᾱt−1

)
xt−1

]}

= exp
{
− 1

2
[αt(1− ᾱt−1) + 1− αt

(1− αt)(1− ᾱt−1) x2
t−1 − 2

(√αtxt

1− αt
+
√

ᾱt−1x0
1− ᾱt−1

)
xt−1

]}

= exp
{
−1

2

[
αt − ᾱt + 1− αt

(1− αt)(1− ᾱt−1) x2
t−1 − 2

(√
αtxt

1− αt
+
√

ᾱt−1x0
1− ᾱt−1

)
xt−1

]}
= exp

{
−1

2

[ 1− ᾱt

(1− αt)(1− ᾱt−1) x2
t−1 − 2

(√
αtxt

1− αt
+
√

ᾱt−1x0
1− ᾱt−1

)
xt−1

]}

= exp

−1
2

1− ᾱt

(1− αt)(1− ᾱt−1)

x2
t−1 − 2

(√
αtxt

1−αt
+

√
ᾱt−1x0

1−ᾱt−1

)
1−ᾱt

(1−αt)(1−ᾱt−1)
xt−1


= exp

−1
2

1− ᾱt

(1− αt)(1− ᾱt−1)

x2
t−1 − 2

(√
αtxt

(1−αt) +
√

ᾱt−1x0
(1−ᾱt−1)

)
+ (1− αt)(1− ᾱt−1)

1− ᾱt
xt−1


= exp

{
− 1

2
1

(1−αt)(1−ᾱt−1)
1−ᾱt

[
x2

t−1 − 2
(√αt(1− ᾱt−1)xt +

√
ᾱt−1(1− αt)x0

1− ᾱt

)
xt−1

]}

∝ N (xt−1;
√

αt(1− ᾱt−1)xt +
√

ᾱt−1(1− αt)x0
1− ᾱt︸ ︷︷ ︸

µq(xt,x0)

,
(1− αt)(1− ᾱt−1)

1− ᾱt
I︸ ︷︷ ︸

Σq(t)

)

A.4.4 KL Divergence between two Gaussians
We utilize the fact that the KL Divergence between two Gaussian distributions is [9]:

KL(N (x; µx, Σx) || N (y; µy, Σy))

= 1
2

[
log | Σy |
| Σx |

− d + tr(Σ−1
y Σx) + (µy − µx)T Σ−1

y (µy − µx)
]

(A.4.2)

In our case, where we can set the variances of the two Gaussians to match exactly, opti-
mizing the KL Divergence term reduces to minimizing the difference between the means
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of the two distributions:

arg min
θ

DKL(q(xt−1 | xt, x0) || pθ(xt−1 | xt))

= arg min
θ

DKL

(
N
(
xt−1; µq, Σq (t)

)
|| N (xt−1; µθ, Σq (t))

)
= arg min

θ

1
2
[

log |Σq(t)|
|Σq(t)| − d + tr

(
Σq(t)−1Σq(t)

)
+ (µθ − µq)>Σq(t)−1(µθ − µq)

]
= arg min

θ

1
2
[

log 1− d + d + (µθ − µq)>Σq(t)−1(µθ − µq)
]

= arg min
θ

1
2
[
(µθ − µq)>Σq(t)−1(µθ − µq)

]
= arg min

θ

1
2
[
(µθ − µq)>(σ2

q (t)I)−1(µθ − µq)
]

= arg min
θ

1
2σ2

q (t)

[∥∥∥µθ − µq

∥∥∥2

2

]
where µq is shorthand for µq(xt, x0), and µθ as shorthand for µθ(xt, t) for brevity.

A.4.5 Proof of Equation 2.24.

arg min
θ

DKL(q(xt−1 | xt, x0) || pθ(xt−1 | xt))

= arg min
θ

DKL

(
N
(
xt−1; µq, Σq (t)

)
|| N (xt−1; µθ, Σq (t))

)
= arg min

θ

1
2σ2

q (t)

∥∥∥∥∥
√

αt(1− ᾱt−1)xt +
√

ᾱt−1(1− αt)x̂θ(xt, t)
1− ᾱt

−
√

αt(1− ᾱt−1)xt +
√

ᾱt−1(1− αt)x0
1− ᾱt

∥∥∥∥∥
2

2

= arg min
θ

1
2σ2

q (t)

∥∥∥∥√ᾱt−1(1− αt)
1− ᾱt

(
x̂θ(xt, t)− x0

)∥∥∥∥2

2

= arg min
θ

1
2σ2

q (t)
ᾱt−1(1− αt)2

(1− ᾱt)2

[
‖x̂θ(xt, t)− x0‖22

]
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A.4.6 Proof of Equation 2.27.

µq(xt, x0) =
√

αt(1− ᾱt−1)xt +
√

ᾱt−1(1− αt)x0
1− ᾱt

=
√

αt(1− ᾱt−1)xt +
√

ᾱt−1(1− αt)xt−
√

1−ᾱt ε0√
ᾱt

1− ᾱt

=
√

αt(1− ᾱt−1)xt + (1− αt)xt−
√

1−ᾱt ε0√
αt

1− ᾱt

=
√

αt(1− ᾱt−1)
1− ᾱt

xt + 1− αt

(1− ᾱt)
√

αt
xt −

(1− αt)
√

1− ᾱt

(1− ᾱt)
√

αt
ε0

=
(√

αt(1− ᾱt−1)
1− ᾱt

+ 1− αt

(1− ᾱt)
√

αt

)
xt −

(1− αt)
√

1− ᾱt

(1− ᾱt)
√

αt
ε0

=
(

αt(1− ᾱt−1) + 1− αt

(1− ᾱt)
√

αt

)
xt −

1− αt√
1− ᾱt

√
αt

ε0

= αt − ᾱt + 1− αt

(1− ᾱt)
√

αt
xt −

1− αt√
1− ᾱt

√
αt

ε0

= 1− ᾱt

(1− ᾱt)
√

αt
xt −

1− αt√
1− ᾱt

√
αt

ε0

= 1
√

αt
xt −

1− αt√
1− ᾱt

√
αt

ε0

A.4.7 Proof of Equation 2.31.

µq(xt, x0) =
√

αt(1− ᾱt−1)xt +
√

ᾱt−1(1− αt)x0
1− ᾱt

=
√

αt(1− ᾱt−1)xt +
√

ᾱt−1(1− αt)
xt+(1−ᾱt)∇xt log p(xt)√

ᾱt

1− ᾱt

=
√

αt(1− ᾱt−1)xt + (1− αt)
xt+(1−ᾱt)∇xt log p(xt)√

ᾱt

1− ᾱt

=
√

αt(1− ᾱt−1)
1− ᾱt

xt + 1− αt

(1− ᾱt)
√

αt
xt + (1− αt)(1− ᾱt)

(1− ᾱt)
√

αt
∇xt log p(xt)

=
(√

αt(1− ᾱt−1)
1− ᾱt

+ 1− αt

(1− ᾱt)
√

αt

)
xt + 1− αt√

αt
∇xt log p(xt)

=
(

αt(1− ᾱt−1) + 1− αt

(1− ᾱt)
√

αt

)
xt + 1− αt√

αt
∇xt log p(xt)

= αt − ᾱt + 1− αt

(1− ᾱt)
√

αt
xt + 1− αt√

αt
∇xt log p(xt)

= 1− ᾱt

(1− ᾱt)
√

αt
xt + 1− αt√

αt
∇xt log p(xt)

= 1
√

αt
xt + 1− αt√

αt
∇ log p(xt)
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A.4.8 Proof of Equation 2.32.

arg min
θ

DKL(q(xt−1 | xt, x0) || pθ(xt−1 | xt))

= arg min
θ

DKL

(
N
(
xt−1; µq, Σq (t)

)
|| N (xt−1; µθ, Σq (t))

)
= arg min

θ

1
2σ2

q (t)

∥∥∥∥∥ 1
√

αt
xt + 1− αt√

αt
sθ(xt, t)− 1

√
αt

xt −
1− αt√

αt
∇xt log p(xt)

∥∥∥∥∥
2

2

= arg min
θ

1
2σ2

q (t)

∥∥∥∥∥1− αt√
αt

sθ(xt, t)− 1− αt√
αt
∇xt log p(xt)

∥∥∥∥∥
2

2

= arg min
θ

1
2σ2

q (t)

∥∥∥∥∥1− αt√
αt

(
sθ(xt, t)−∇xt log p(xt)

)∥∥∥∥∥
2

2

= arg min
θ

1
2σ2

q (t)
(1− αt)2

αt

[
‖sθ(xt, t)−∇ log p(xt)‖22

]
From here, the constant prefactor drops, giving the standard score-matching objective

arg min
θ

Ep(x) ‖sθ(x, t)−∇xt log p(xt)‖22

which cleanly connects diffusion training to denoising score matching.

A.4.9 Equivalence of the Three Views
Combining Tweedie’s formula (Eq. 2.30) with the reparameterization trick (Eq. 2.26) shows
the similarity between Eq. 2.32 and Eq. 2.28:

x0 = xt + (1− ᾱt)∇ log p(xt)√
ᾱt

= xt −
√

1− ᾱtε0√
ᾱt

∴ (1− ᾱt)∇ log p(xt) = −
√

1− ᾱtε0

∇ log p(xt) = − 1√
1− ᾱt

ε0 (A.4.3)

showing that the score and the negative noise differ only by a time–dependent scaling
factor. The score function measures how to move in data space to maximize the log prob-
ability; intuitively, since the source noise is added to a natural image to corrupt it, moving
in its opposite direction ‘denoises’ the image and would be the best update to increase the
subsequent log probability. Consequently, the three training formulations are mathemati-
cally equivalent: a VDMmay be learned by predicting the clean image x0, the source noise
ε0, or the score∇ log p(xt) [11,18]. In practice, training proceeds by sampling timesteps
t and minimizing the corresponding prediction error across noise levels.

A.5 Classifier Guidance
Consider a score-based diffusion model, where the goal is to learn the conditional score
∇ log p(xt | y) at arbitrary noise levels t. For brevity, we write ∇ as shorthand for ∇xt .
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Using Bayes’ rule, the conditional score can be expressed as

∇ log p(xt | y) = ∇ log
(

p(xt)p(y | xt)
p(y)

)
= ∇ log p(xt) +∇ log p(y | xt)−∇ log p(y)
= ∇ log p(xt)︸ ︷︷ ︸

unconditional score

+∇ log p(y | xt)︸ ︷︷ ︸
adversarial gradient

(A.5.1)

where ∇ log p(y) = 0 since it does not depend on xt.

Equation (A.5.1) shows that the conditional score can be decomposed into the uncon-
ditional score function and the gradient of a classifier predicting y from xt. Classifier
Guidance leverages this decomposition by jointly learning:

1. An unconditional score function ∇ log p(xt), and

2. A classifier p(y | xt) capable of handling noisy inputs xt.

During sampling, the conditional score used in annealed Langevin dynamics is computed
as the sum of these two components.

To allow flexible control over the influence of the conditioning information, Classifier
Guidance introduces a scaling factor γ ∈ R+ on the classifier gradient:

∇ log p(xt | y) = ∇ log p(xt) + γ∇ log p(y | xt) (A.5.2)

When γ = 0, the model ignores the conditioning information entirely, whereas large γ
values enforce strong adherence to y, potentially reducing sample diversity, as the model
favors regions of the data space that are easily predictable from y even under noise.

A notable limitation of Classifier Guidance is the need to train a separate classifier that
can handle arbitrarily noisy inputs. Most pretrained classifiers are not optimized for this
setting, requiring the classifier to be trained specifically alongside the diffusion model.

A.6 Diffusion Models Architectures
There are two common backbone architecture choices for diffusion models: U-Net and
Transformer.

U-Net [28] consists of a downsampling stack and an upsampling stack.

• Downsampling: Each step consists of the repeated application of two 3x3 convolu-
tions (unpadded convolutions), each followed by a ReLU and a 2x2max poolingwith
stride 2. At each downsampling step, the number of feature channels is doubled.

• Upsampling: Each step consists of an upsampling of the feature map followed by a
2x2 convolution and each halves the number of feature channels.

• Shortcuts: Shortcut connections result in a concatenation with the corresponding
layers of the downsampling stack and provide the essential high-resolution features
to the upsampling process.

Diffusion Transformer [23] for diffusion modeling operates on latent patches, using
the same design space of LDM (Latent Diffusion Model) [27]. DiT has the following setup:
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FigureA.2. TheU-net architecture. Each blue square is a featuremapwith the number of channels
labeled on top and the height x width dimension labeled on the left bottom side. The gray
arrows mark the shortcut connections. [28]

Figure A.3. The Diffusion Transformer (DiT) architecture. [23]

1. ake the latent representation of an input z as input to DiT.

2. “Patchify” the noise latent of size I × I × C into patches of size p and convert it
into a sequence of patches of size (I/p)2.

3. Then this sequence of tokens go through Transformer blocks. They are explor-
ing three different designs for how to do generation conditioned on contextual in-
formation like timestep t or class label c. Among three designs, adaLN (Adaptive
layer norm)-Zero works out the best, better than in-context conditioning and cross-
attention block. The scale and shift parameters, γ and β, are regressed from the sum
of the embedding vectors of t and c. The dimension-wise scaling parameters α are
also regressed and applied immediately prior to any residual connections within the
DiT block.

4. The transformer decoder outputs noise predictions and an output diagonal covari-
ance prediction.

Transformer architecture can be easily scaled up and it is well known for that. This
is one of the biggest benefits of DiT as its performance scales up with more compute and
larger DiT models are more compute efficient according to the experiments.
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Appendix B

Additional Figures

A dditional figures are provided in this appendix to offer deeper insights into the im-
plemented experiments. The primary results are reported in Chapter 3.

B.1 Noise-injection Trajectories
Figures B.2–B.7 report final decoded images obtained when we adversarially perturb the
reverse trajectory only during the interval t ∈ [Tlower, Tupper]. Each figure corresponds
to a different choice of the perturbed interval: the baseline (no injection) and five ex-
periments where perturbations begin progressively earlier (from Tlower = 800 down to
Tlower = 0). These runs use an adversarial weight of 1.0 applied only inside the speci-
fied interval. The sequence illustrates the transition from a regime where late-time per-
turbations are corrected by the denoising dynamics (no class switch), through a partial-
speciation zone where hybrid / intermediate features appear, to an earlier-time regime
where the trajectory collapses to the adversarial class and the original class cannot be
recovered.

Interpretation. Taken together these single-figure panels make explicit that (i) pertur-
bations ending before the operational speciation time tS are typically corrected and do
not change class membership, (ii) perturbations ending near or after tS can induce par-
tial or full speciation depending on strength and duration, and (iii) there is a transitional
window where trajectories are most susceptible to redirection.
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(a) Prompt: ‘a photo of a f1 car’; Adversarial prompt: ‘photo of a jungle’. Both conditionings
bias sampling toward a hybrid image that combines features of an F1 car and a jungle. In-
terestingly, the two semantic concepts are compatible (a F1 car can plausibly appear within a
natural scene), the model produces a coherent blend of both classes.

(b) Prompt: ‘a photo of a f1 car’; Adversarial prompt: ‘photo of an ocean’. Both conditionings
influence early denoising, but the concepts are semantically incompatible (an F1 car cannot
occupy an ocean). The model generates only one mode.

Figure B.1. Injecting adversarial conditioning into the Stable Diffusion sampling trajectory.
Shown: final generated image. Adversarial weight = 0.5.
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Figure B.2. No noise injection (baseline). Standard generation with the original conditioning
(no adversarial perturbation). The model produces a realistic F1 car.

Figure B.3. Noise injection for t ∈ [800, 1000]. Perturbations confined to the latest timesteps
are largely corrected by subsequent denoising: the model still produces a clear F1 car with no
reliable evidence of the adversarial class.
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Figure B.4. Noise injection for t ∈ [600, 1000]. The image shows partial degradation and hy-
brid features: some car structure remains but adversarial (banana-like) cues persist, indicating
partial speciation.

Figure B.5. Noise injection for t ∈ [400, 1000]. The model can no longer reliably recover
explicit car features; the trajectory has been pushed into a different basin and only residual or
hybrid shapes appear.
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Figure B.6. Noise injection for t ∈ [200, 1000]. The generated image is dominated by the
adversarial class and car features are essentially lost: collapse toward the adversarial attractor
has occurred.

Figure B.7. Noise injection for t ∈ [0, 1000]. Perturbing across the entire denoising trajectory
produces a sample that effectively matches the adversarial conditioning (the adversarial class),
similar to sampling directly from the adversarial prompt.
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B.2 Latent steering Trajectories
Figures B.8–B.11 show decoded images obtained when applying the latent-space steering
procedures described in Sec. 3.4.4. Fig. B.8 is the baseline (no steering), Fig. B.9-B.11 show
results for three different constructions of the perturbation ∆: weighted-sum projection,
SVD/principal-direction projection, and shared–residual disentangling. All runs use the
same prompt (‘photo of a f1 race car’) and the same attacked interval I = [0, 1000]; only
the construction of ∆ and its magnitude differ.

Figure B.8. Standard Stable Diffusion generation (baseline). No latent steering applied; the
model produces a realistic F1 car without banana-like features.
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Figure B.9. Weighted-sum projection. Steering ∆ constructed by variance-weighted aggrega-
tion of source-to-target projections (steer delta = 2.5). After speciation (t ≈ 800) banana-like
features appear strongly (yellow bars/suspensions, tyre warmers).

Figure B.10. SVD / principal-direction projection. Steering along the dominant right-singular
vector (steer delta = 200). The image is strongly yellowed but shows fewer explicit banana
shapes — attacking a single principal axis can produce color-dominant shifts rather than de-
tailed object morphologies.
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Figure B.11. Shared–residual disentangling. Steering created from the top shared residual
directions (steer delta = 7.0). Banana-like cues appear in the car nose and tyre region, pro-
ducing hybrid / localized attribute changes.
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