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Why macrocycles?

lorlatinib

• Macrocycles: ≥ 12 heavy atoms in a ring

• Good drug candidates
• Better binding affinity
• Higher selectivity

• Not just cyclic peptides
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Why is it hard?

• Data scarcity
• 30–40k macrocycles vs millions of small molecules

• Global topology vs local validity
• “there exists a 12-cycle” is not a local property
• classical generative models miss it
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Background: Diffusion models

• Forward: noise the data progressively until pure Gaussian
• Reverse: a network learns the score

sθ(xt , t) ≈ ∇xt log pt(xt)

Image reproduced from [1] 4



Background: Persistent homology

Image reproduced from [2]

• Atom positions X ⊂ R3

• Vietoris–Rips filtration on X

• Record birth and death of
components

• H0 = clusters of atoms

• H1 = rings

• H2 = cavities

• Differentiable! Two atoms
contributing to each birth/death
event
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How to generate macrocycles?

Apply guidance.

ŝθ(xt , t) = sθ(xt , t) − λt ∇xtFTDA(xt)

training-free · lightweight · flexible · general
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No retraining

Two objectives competing:

• Chemical validity

• FTDA
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TDA guidance
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Guidance terms

• Cycle size (H1 death): push the death of the dominant H1 feature into [dmin, dmax]

FH1
death(X ) =

(
ReLU(dmin − d∗)

)2
+
(
ReLU(d∗ − dmax)

)2

• Cycle connectivity (H1 birth): closing edge below bond length ℓ⋆

FH1
birth(X ) = ReLU(b∗ − ℓ⋆)

• Molecule connectivity (H0 death): adjacent atoms distance below the typical bond
length ℓ⋆

FH0
death(X ) =

N0∑
j=1

(
ReLU(dj − ℓ⋆)

)2
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Gradient masking for H0 stability

(a) No masking (b) Masking
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Problem: symmetric gradient drags the inner atom out of its cluster ⇒ unzipping.
Fix: freeze the atom closer to the centroid: mu = 1

(
∥xu − c∥ ≥ ∥xv − c∥

)
.
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Results: Generated macrocycles
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Results

Unconditional (MolDiff)

• Macrocycles: 5.3% → 99.7%

• PoseBusters: 66.3% → 80.5%

Conditional (MolSnapper, protein pocket)

• Macrocycles: 0.3% → 99.5%

• PoseBusters: 44.0% → 57.5%
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Convergence of topological features
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• Topological features converge fast
and reach a stable region of the
macrocyclic space

• Chemical validity then has the
remaining denoising steps to refine,
mostly undisturbed
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Is it fast? Yes.
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Thank you!
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