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Diffusion models are a black box

?

?

? When does noise become structure?

Which denoising steps drive semantic formation?

How can we steer generation without retraining?

Diffusion models transform pure noise into complex images through hundreds of denoising steps, but when and 
how does structure emerge??

We show that leveraging model insight delivers practical gains: zero-cost acceleration and low-overhead 
state of the art generation and downstream performance.



Key insights on structure emergence from physical systems
Coarse Graining is Universal 

We can analyse simple aggregate behaviour while seamlessly bridging scales.



Decoding the structure of Diffusion Models
Coarse Graining (What): Partition data space into meaningful groups ( ) eg semantic clusters / classes etc. ⊔i Ωi = Ω

Property to track (How) : Statistical distinctiveness of events throughout the generation process through some metric .ℳ

Scale-Bridging (Why) : Achievable through good choices of . We show that cross-moments satisfy this constraint. ℳ

Computationally efficient once we …. 

1. Switch to the forward process to track “mergers” instead. 

2. Track eigenspectrum of covariances instead of complete arbitrary cross-moments. 



Unveiling an unsupervised semantic hierarchy

We can pinpoint exactly when the model loses the ability to distinguish between different semantic classes.

This reveals the model’s own implicit hierarchy over the data - discovered in an unsupervised manner.



Applications
Choice of events Downstream Task

, Ω1,0 = pdata Ω2,0 = 𝒩(0, I) Convergence of data to the 
stationary distribution. 

Revealed Significance

Accelerating sampling by relying 
on the data’s properties

 -th class of Ωk,0 = k pdata Emergence of class-level 
structure. 

Optimising guidance. Intervals 
for class-conditional sampling.

 -th class of Ωk,0 = k pdata Emergence of class-level 
structure. 

Zero shot classification. 

 -th rare class of Ωk,0 = k pdata Emergence of class-level 
structure for rare classes.  

Improved rare-class generation.

 -th class of Ωk,0 = k psource Emergence of class-level structure 
for source/domain content.  

Improved style transfer.



Accelerated Inference

Our data-centric approach accelerates sampling by starting the reverse process at the data-noise 
merger time ( ), achieving comparable FID scores with significantly fewer steps and lower 
computational cost. 
•

i⋆



Class conditional generation

Baseline results from a single, grid-searched guidance interval.

Our results using efficient merger based guidance.

Our data-centric approach provides fine-grained, class-specific guidance intervals, achieving 
comparable or superior visual quality at a fraction of the computational cost. 
•



Zero-shot classification

 Diffusion process acts as a low-pass filter, simplifying representations and removing non-essential features, making 
them most discriminative right before core structures merge. 



Zero-shot style transfer

We obtain effective style transfer by transferring the merger time computed only on the source 
content, eliminating costly grid searches. 



Appendix : Fluctuations and Mergers
Let  represent a given behaviour (state) of a system. We analyse the expectation of the -th Fluctuation 
Tensor, 

ρ n

𝔼[ℱ(n)
ρ (ω)] := 𝔼[

n

⨂
k=1

(ρ(ω) − 𝔼[ρ])] .  reduces to the Covariance matrix.n = 2

To understand how structures form or dissolve, we compare the dynamics of conditional fluctuations of two distinct 
events in the data space using the absolute normalised cross-fluctuation. 

ℳ(n)
ρ (Ω1, Ω2) :=

⟨𝔼1[ℱ(n)
ρ ], 𝔼2[ℱ(n)

ρ ]⟩ℋn

∥𝔼1[ℱ(n)
ρ ]∥ℋn

∥𝔼2[ℱ(n)
ρ ]∥ℋn

.

For our analysis, we set  , reducing our metric to comparing standard cross-moments. If we consider the 
dynamics of cross-moments in forward time, then theory suggests these merge only at t → ∞, but due to numerical 
effects we observe a finite time merger which has interesting practical consequences.

ρ(ω) = ω

 is expectation conditioned on 𝔼k Ωk



Appendix:  Mergers in Diffusion

ℳ̃ (n)
ρ (i) = {ℳ(n)

ρ (Ω1,i, Ω2,i), dn(𝔼1[ℱ(n)
ρ (Ω1,i)], 𝔼2[ℱ(n)

ρ (Ω2,i)])> ε,

1, otherwise,

 is induced from . The merger time  is the earliest discrete step where distance falls below the fixed 
threshold .
dn ℋn i⋆

ϵ > 0

We analyse the tractable forward process. Time-reversal symmetry and proven model fidelity (Chen et al., 2022a) 
guarantee our findings on merger times of cross-moments of events transfer directly to the learned sampler. 
•

As the process is isotropic, for any bijective ,  is unique.ρ i⋆



Appendix: The geometry of mergers
Main Theorem:  Let be the conditional laws of  at forward step . Under the existence of all 
moments upto order , we have that, 

pk,i, k ∈ {1,2} Ωk,i i
n + 1

ℳ̃ (n)
ρ (i) → 1 ⟹ dTV(p1,i, p2,i) → 0. Here and  is the 

Total-Variation Distance. 
ρ(ω) = ω, dTV

Proof Sketch: We show that topologically . 
Thus, the central moments converge if a merger happens. By the properties of characteristic functions and 
Essen’s Inequality (Ibragimov 1975), assuming the existence of all moments upto order , the desired 
convergence follows by considering the centred laws directly. 

ℳ̃ (n)
ρ (i) → 1 ⟺ ∥𝔼1[ℱ(n)

ρ (Ω1,i)] − 𝔼2[ℱ(n)
ρ (Ω2,i)]∥ℋn

→ 0

n + 1



Appendix: Scale-Bridging

∥𝔼i[ℱ(n)
ρ (Ωi(t))] − 𝔼j[ℱ(n)

ρ (Ωj(t))]∥ℋn
≤ Cije−λt ∥ℱ(n)

ρ ∥L2(μ,ℋn)

This predictable collapse provides a consistency that allows for bridging across scales by the implicit construction of 
a neighbourhood based graph.

We also show a stronger result: the distance between moment structures contracts exponentially over time.

Here  is any Lipschitz random variable well defined for all time steps.  is the gaussian measure,  is a constant 
depending on the initial densities and  is a parameter related to the diffusion process called the spectral gap.

ρ μ Cij

λ

Our method is thus a temporal analogue to manifold learning, just as neighbourhood clustering methods like  t-
SNE/UMAP connect points in space to reveal structure, we can track when distributions become "nearby" in time!


