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Introduction



Generative models and constraints

Refs: Gupta, Samaras, and Chen (2025)
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A class of Generative models: Diffusion Models

The Intuition
Information in images is organized from coarse structure to fine details.

▶ Forward process: gradually corrupt data until it becomes pure noise.
▶ Reverse process: learn to denoise step by step.

Refs: Ho, Jain, and Abbeel (2020), Sohl-Dickstein et al. (2015), Dhariwal, P., & Nichol, A. (2021)
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What happens under the hood?

Forward process
Markov chain that adds Gaussian noise at each step.

βt ∈ (0, 1), αt = 1− βt ∈ (0, 1)

q(xt | xt−1) = N (
√
αt xt−1, βtI)

xt =
√
αt xt−1 +

√
βt ϵ, ϵ ∼ N (0, I)

Learned denoiser
The network takes as input xt and t and predicts the added noise: ϵθ(xt, t) ≈ ϵ.

Refs: Ho, Jain, and Abbeel (2020), Rombach et al. (2022)
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The big picture

Backbone
U-Nets are common in pixel or latent space; DiTs use transformers and scale more cleanly.

Refs: Ho, Jain, and Abbeel (2020), Rombach et al. (2022)
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Noise schedules and signal-to-noise ratio

Noise schedule
{βt}Tt=1 controls how fast the forward
process destroys structure. With
αt = 1− βt and ᾱt =

∏t
s=1 αs:

xt =
√
ᾱt x0 +

√
1− ᾱt ϵ.

Signal-to-noise ratio

SNR(t) = ᾱt
1− ᾱt

.

Linear schedule
Simple and standard, but it often
destroys signal too quickly in the last
steps.

Cosine schedule
It keeps useful signal longer and
makes the SNR decay smoother.

Refs: Ho, Jain, and Abbeel (2020), Nichol and Dhariwal (2021)
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Training the denoiser

Objective

Lsimple = Ex0,ϵ,t
[
∥ϵ− ϵθ(xt, t)∥22

]
.

Why random t?
To ensure the model learns a wide
range of SNR values, with one
shared denoiser.

Refs: Ho, Jain, and Abbeel (2020), Nichol and Dhariwal (2021)
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What about sampling?

Faster sampling
DDIM reduces the number of
steps for sampling from 1K to
50-100.

Refs: Ho, Jain, and Abbeel (2020), Song, Meng, and Ermon (2021)
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A Concrete Example: Floorplan generation under user-defined
constraints

▶ User-defined constraints: room
connectivity graph and boundary.

▶ Geometrical constraints: non-overlap,
wall alignment, ...
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How can we enforce constraints in diffusion models?

1. Conditional guidance

3. Projected diffusion

2. Two-stage generation

4. Neurosymbolic diffusion
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1. Conditional guidance

Main idea
Modify the denoising process to steer generation towards satisfying the constraints.

▶ Classifier guidance: train a separate classifier to predict the condition from
noisy inputs and use its gradients to guide the denoiser.

▶ Classifier-free guidance (CFG): mix conditional and unconditional denoising
predictions:

ϵ̂ = (1 + w)ϵθ(xt, c)− wϵθ(xt, ∅).

Inject conditions via timestep embedding, cross-attention or simple concatenation
with the noisy input.

Refs: Dhariwal and Nichol (2021), Rombach et al. (2022), Li et al. (2023), Zhang et al. (2023)
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2. Two-stage generation

Stage 1
Train a model to generate a coarse
structure that satisfies the constraints
(e.g. a segmentation map, a layout,
or a low-res image).

Stage 2
Tipically a foundation model (e.g.
ControlNet) that is pretrained on
various conditioning signals.

Refs: Gupta, Samaras, and Chen (2025), Zhang, L., Rao, A. (2023)
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3. Projected diffusion

▶ Formulate the reverse diffusion
process as constrained
optimization over a feasible
region C.

▶ At each step apply a projection
operator
PC(x) = argminy∈C ∥y− x∥22.

Refs: Fioretto (2024), Christopher, Baek, and Fioretto (2024), Christopher et al. (2025)
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4. Neurosymbolic diffusion

Refs: van Krieken, Tomczak, and Ten Teije (2025)
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Remember our example?

▶ Diffusion is over 2D corner
coordinates, not pixels.

▶ Graph and boundary
constraints are injected
into latent corner
embeddings via
specialized cross-attention
modules.

▶ The model is then trained
with classifier-free
guidance.

Forward Diffusion Process

Backward Diffusion Process

GSA RCACSA BCA

Refs: Stoppani, Bacciu, and Mokarizadeh (2026)
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Low-data regimes

▶ Real applications often
provide only a small
dataset.

▶ Ideally, a pretrained model
should adapt with few-shot
learning while retaining
validity.

▶ In practice, it handles small
shifts but fails on
out-of-distribution cases.

GT 20 Shots Zero-Shot

(i) Ground Truth (ii) 20-Shot (ii) 0-Shot
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Validity vs. Diversity

▶ Generative models are often
evaluated on realism, e.g.
FID.

▶ Better constraint satisfaction
often comes at the cost of
diversity.

▶ In low-data settings, soft
guidance may overfit a few
valid combinations.
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Conclusions



Wrapping up

Diffusion Models give a flexible generative process
We have seen how we can train and sample from a diffusion model to generate images.

Classifier-free guidance is a powerful tool
It allowed us to inject boundary constraint into the floorplan generation process.

Projection and neurosymbolic approaches can further improve validity
They can be used to enforce hard constraints, but they may be expensive or require
domain-specific design.
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What are we still missing?

▶ Guidance and penalty terms remain soft: invalid samples can still survive
sampling.

▶ In few-shot and OOD settings, the model maymemorize a few feasible
patterns instead of learning the real feasible set.

▶ Hard validity guarantees are expensive and can reduce sample quality.

Open question
How can we obtain hard validity guarantees while preserving efficiency and
sample quality of diffusion models?
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Thank you
Questions?
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