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Problem Setup
Let f ∈ R3N be a vectorized n× n RGB image, where N = n2.
Let

G : Rk × Rℓ → R3N , (z, τ(c)) 7→ f,

be a conditional generative model, where z ∈ Rk denotes
a latent variable and τ : C → Rℓ is a text encoder mapping a
prompt c ∈ C to a conditioning embedding τ(c).

f

Generation Prompt

c = “Forest river bend, clear
water over stones, mossy
rocks, sunbeams through
evergreens, realistic
foliage. Pro photo, 35mm,
f/5.6, ISO 200, natural
contrast, high detail.”

Let F ∈ CN×N be the discrete Fourier transform (DFT). Select
m ≪ N frequencies Ω ⊂ D = {1, . . . , N} using PΩ ∈ Rm×N .

A†y

Measurement

A = 1√
m
(I3 ⊗ PΩF )

y = Af + ε

ε ∼ N (0, σ2
yI)

R = m/N = 0.01

Central Reconstruction Problem

For fixed prompt ĉ and measurement y, we solve
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. The DC term matches measure-

ments to y, while the realism term (e.g. − log pθ(z | ĉ))
enforces a natural, prompt-consistent image from G.

Christoffel Sampling
Generalized Christoffel Function KF

Let F = Range(G(·, c)) be our generator-induced model class.
For Fourier index i ∈ D,

KF(i) = sup
f∈F\{0}

∥∥(I3 ⊗ e⊤i F )f
∥∥2
2
/ ∥f∥22 ,

which measures how strongly images in F activate frequency i.

Christoffel Sampling with KF−F

We leverage CS4ML [1] to construct a sampling measure defined
on the difference class F−F = {f1 − f2 : f1, f2 ∈ F}, capturing
pairwise variability in the generator range.

Sampling Rule
Using an approximation K̃ ≈ KF−F from [1, Alg. 1], we build
the optimal sampling measure µi = K̃(i) /

∑N
j=1 K̃(j), and

sample Ω ∼ µ.
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Algorithm 1: Image Reconstruction

1. Initialize a noisy latent z by encoding A†y.
2. Perform denoising step(s).
3. Decode and enforce DC via DDNM projection [2].
4. Encode and re-noise for Time Travel (TT).
5. Repeat steps 2–4 to reconstruct f̂ .
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