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Abstract

We propose an evaluation framework for the SE(3) group symmetry diffusion
model and flow matching models: FrameDiff, FrameFlow, and FoldFlow. We
show how they expose trade-offs among diversity, domain stability, and compute-
normalized efficiency. We instantiate this principle in FrameBench, which treats
diversity, stability, and efficiency as quantities of the generated protein. Concretely,
FrameBench reports (i) diversity via CATH entropy and coverage; (ii) stability
via SWORD2-based domain partitions; and (iii) fairness via compute-normalized
efficiency. Evaluating FrameDiff, FrameFlow, and FoldFlow under matched length-
/compute budgets reveals clear trade-offs, e.g., coverage versus stability, that simple
wall-clock timings miss.

1 Introduction

The structure of a protein is not only a marvel of biological architecture but also the source of its
functional power. The long-standing challenge of generating protein structures has been transformed
by advances in Al, which can use a generative model to quickly produce accurate and functional
proteins Saharkhiz et al.| [2024]]. Generative models such as diffusion models|Ho et al.|[2020] and
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flow matching models |Lipman et al.| [2022] have already shown a strong ability to generate novel
and diverse protein structures. Especially these kinds of models are good at keeping SE(3) group
symmetry, which is perfectly adapted to the property of protein backbone.

The diffusion model Ho et al.| [2020] consists of two parts, which can be represented as a Stochastic
Differential Equation (SDE) |Song et al.|[2020]. (1) The first is the forward process, which controls
the noise scaling; (2) the second is the denoising process, whose purpose is to learn the previously
mentioned noise magnitude in order to generate a pretrained model. For all diffusion processes, there
exists a corresponding deterministic process whose trajectories share the same marginal probability
densities as the SDE.

Diffusion models have shown remarkable success in generating realistic protein structures from
Gaussian noise. Representative examples such as AlphaFold3 |Abramson et al.|[2024], Chroma
Ingraham et al.| [2023[], and RFDiffusion [Watson et al.| [2023] illustrate the strong potential of
diffusion-based approaches in capturing complex structural distributions. FrameDiff [Yim et al.
[2023b]f], the model evaluated in our study, follows this line of work and is likewise designed to
generate accurate distributions over protein conformations.

Flow matching models |Lipman et al.| [2024], based on Ordinary differential equations, represent the
data as vector fields. Given a source distribution p and a target distribution ¢, flow matching is a
scalable approach for training a flow model, defined by a learnable velocity u?, and solving the flow
matching problem: Find uf, with pg = p and p; = q.

In this paper, we focus on two flow-matching—based generative models for protein backbone gen-
eration. (1) FrameFlow follows the same architectural design as FrameDiff but replaces diffusion
with deterministic flow matching. It is used for unconditional backbone generation and also extends
naturally to constrained tasks such as motif scaffolding. (2) FoldFlow is a recently proposed family
of SE(3) flow-matching models that further improves stability and sampling quality by leveraging
Riemannian optimal transport and stochastic flow matching. We will evaluate and compare these
models in the following sections.

Several benchmark papers have evaluated the introduction of state-of-the-art (SOTA) models in protein
design. Scaffold-Lab Zheng et al.[[2024] benchmarks generative models on unconditional generation
and motif-scaffolding (24 motifs) in 4 dimensions: diversity, novelty, efficiency, and designability.
MotifBench|Zheng et al.|[2025] uniquely focuses on motif-scaffolding task. Compared with Scafold-
Lab, it extends the data size (30 motifs); considering the same evaluation dimension as Scaffold-Lab.
FoldBench [Xu et al.|[2025]] evaluates the monomer and interaction among proteins, nucleic acids,
and ligands, with 9 tasks in total. However, their metric dimensions are simple, consisting only of
DockQ, RMSD, and LDDT. Li et al. |Li et al.| [2025]] use a variety of dimensions solely to benchmark
unconditional generation and analyze the mathematics behind different architectures, but these types
of mathematics are not related to the protein itself, just the theory of architecture. Prior evaluations
provide useful baselines yet under-specify SE(3)-aware structure and perturbation stability; they
compare models to each other, but do not seek to understand why they work well. This may help us
choose the most suitable model for a specific task, but it gives us no indication of how to improve
that model.

To address the above problems, this paper proposes FrameBench, a framework which specifically
focuses on a special type of model: Frame-based models. Our main contributions are:
* We observe the theory both on structure representation (i.e., SE(3) symmetry) and on
architecture (SDE or ODE);

* In addition, we introduce new metrics to benchmark diversity and structure properties.
Frame-based generators instantiate SE(3)-equivariant inductive bias; our evaluation mirrors
that bias in the metrics.

2 Model Description
Formalization. State SE(3) action; define metrics (CATH entropy/coverage, SWORD?2 partitions
with VI); see Appendix[C]

Implication beyond proteins. The same template applies to other generative domains with sym-
metries (e.g., planar SE(2), permutation groups, gauge symmetries), so this is a general recipe: (i)



identify symmetry; (ii) pick internal-geometry (or group-invariant) functionals; (iii) require invariance
and smooth noise-stability; (iv) report compute-normalized efficiency. (details in Appendix [E])

The concept of SE(3)Murray et al.|[2017]], short for the Special Euclidean Group in three dimensions.
Formally, SE(3) = {(R,t) | R € SO(3),t € R} represents the group of all rigid-body transforma-
tions combining rotations and translations. SE(3) space is both a Riemannian Manifold and a Lie
group.

Definition 1 (Riemannian Manifold). A Riemannian manifold is a smooth manifold M equipped

with an inner product (-, -),, on each tangent space T, M that varies smoothly with the point p € M.
The pair (M, (-,)) allows the measurement of lengths, angles, and geodesic distances on M.

Definition 2 (Lie Group). A Lie group G is a group that is also a smooth manifold such that the
group operations — multiplication (z,y) — xy and inversion x + x~1 — are smooth maps. The
tangent space at the identity element, denoted g = 1. G, is called the Lie algebra of G.

Definition 3 (Special Orthogonal Group). We define the 3D spacial orthogonal group as the Lie
group SO(3) of origin preserving rotations on three dimensional Euclidean space. We can represent
SO(3) with 3 x 3 orthogonal matrices with determinant 1.

Definition 4 (Special Euclidean Group SF(3)). The Special Euclidean Group in three dimensions,
denoted SE(3), is defined as

SE(3) ={(R,t)| R € SO(3), t € R%},

where SO(3) is the group of 3 x 3 rotation matrices satisfying R R = I and det(R) = 1. The
group operation corresponds to rigid-body composition:

(R1,t1) o (Ra,t2) = (R1R2, Rita +1t1).

SE(3) is a six-dimensional Riemannian Lie group representing all rotations and translations in R®.

This mathematical structure has long been used to describe spatial configurations and motions
of physical systems. However, its integration into deep learning for biomolecular modeling was
popularized by AlphaFold2 Bryant et al.|[2022]]. Specifically, AlphaFold?2 introduced the Invariant
Point Attention (IPA) mechanism, an SE(3)-equivariant architecture that ensures predictions remain
consistent under global rotations and translations. This design allows the model to reason about
protein geometry in a coordinate-free manner, learning physically meaningful spatial relationships.
Following AlphaFold2, many generative models such as FrameDiff Yim et al|[2023b]], FrameFlow
Yim et al.|[2023a]], and FoldFlow Bose et al.|[2023|] explicitly adopt SE(3)-equivariant neural networks
for protein backbone generation. These three models, due to their architectural similarity based on
diffusion modeling and flow matching paradigms, constitute the primary focus of our investigation in
this work.

Protein structures are made up of amino acids; each amino acid has N — C, — C' — O as nodes in
3D space. FrameDiff|Yim et al. [2023b]] uses the Gram-Schmidt process to transfer the 3D space
representation to S E(3) representation, then uses a diffusion model to generate the new elements
in SE(3) space. In each step of the diffusion model, they leverage IPA Bryant et al.|[2022] to keep
SE(3) symmetry. This architecture is called FramePred; in other words, FramePred is an SFE(3)-
equivariant neural network that predicts denoised protein backbone frames and torsion angles from
noisy inputs during the diffusion process. FrameDiff can use both the Euler-Maruyama integrator
Higham [2001]] for SDE sampling and the Euler integrator for ODE sampling.

FrameFlow |Yim et al.|[2023a] inherits the FramePred in FrameDiff, and also inherits the dataset for
training. FrameDiff uses a diffusion model, which learns a score function; FrameFlow uses a flow
matching model, which learns vector fields. As stated in their paper, FrameFlow achieves five times
fewer sampling timesteps while achieving two times better designability compared to FrameDiff. But
this result is just for timesteps, not directly comparing the forward pass time during training or for a
single model inference.

FoldFlow Bose et al.|[2023]] includes: FoldFlow-base, a simulation-free deterministic flow matching
model on SF(3) that learns continuous-time dynamics using geodesic interpolants and closed-form
conditional vector fields; FoldFlow-OT, accelerates training with Riemannian optimal transport to
construct straighter and more stable probability paths between source and target distributions on
SE(3); FoldFlow-SFM, Learns stochastic dynamics via simulation-free Brownian bridges on SE(3),
enhancing robustness and novelty in high-dimensional protein backbone generation.



3 Benchmark

We evaluate the above 3 models in 3 dimensions: Efficiency, diversity and structural property. See
the following subsections for details.

3.1 Efficiency

We evaluated the efficiency of our approach during both the training and inference phases. All
experiments were performed on a workstation equipped with an NVIDIA RTX A6000 GPU (48 GB
VRAM) running CUDA 13.0 and driver version 580.65.06.

For training, we used a dataset downloaded from the PDB on October 8, 2025, which was filtered to
include proteins with lengths between 60 and 512 amino acids and a resolution better than 5A. Run
DSSP Kabsch and Sander| [[1983], then removed monomers with more than 50% loops. This filtering
criterion is consistent with FrameDiff Yim et al.|[2023b]]. The final training set comprised 242,838
proteins.

Considering that FrameDiff can generate proteins up to a length of 500, FoldFlow can generate
proteins up to a length of 300. For inference, we generated a total of 800 novel protein structures
using the trained models, comprising 200 structures each at lengths of 100, 200, 300, and 500 amino
acids. We set the time step for all models to 100; the number of parameters and inference time are
shown in the following table.

Table 1: Calculation time (unit: seconds) for different protein lengths and different models. Each
model generates 200 proteins per length.

Protein length | FrameDiff FrameFlow FoldFlow-base FoldFlow-OT FoldFlow-SFM
(amino acids)

Length 100 373391 563.12 27149.87 9341.23 13524.73
Length 200 5547.69 917.81 57458.70 27967.43 19116.53
Length 300 8063.28 1489.70 59565.52 41412.42 31513.81
Length 500 15583.33  3009.82 82311.44 87979.40 58128.20

3.2 Diversity based on CATH

To evaluate diversity, we cluster the generated proteins using CATH Orengo et al.| [1997]]. CATH
(Class-Architecture-Topology-Homology) is a well-recognized protein structure classification
database that employs a hierarchical system to systematically classify protein structural domains. This
classification framework comprises four main levels: Class, Architecture, Topology, and Homology,
providing a systematic framework for understanding protein structural evolutionary relationships and
functional diversity. We provide a comprehensive protein structure diversity assessment system that
systematically analyzes generated protein structures based on the CATH classification framework,
quantifies structural diversity, and diagnoses generation model biases. This tool is particularly valu-
able for evaluating and comparing different protein generation models, as well as understanding their
structural coverage within the CATH classification space.

The generated backbones span multiple CATH classes, indicating broad architectural coverage. The
assessment summary consolidates these signals, reporting high class diversity, a solid success rate, a
moderate mean helix content, and the detection of numerous distinct CATH classes. See Figure E}
This cluster is just based on Class; furthermore, we try the cluster based on Architecture, the results
can be seen in section[A]in the Appendix.

3.3 Structural properties based on SWORD2

For evaluating the structural properties, we use the webserver SWift and Optimized Recognition of
protein Domains 2 (SWORD2, [Cretin et al.|[2022]]), which partitioning algorithm produces multiple
alternative domain assignments for given protein structures. The demo code for SWORD?2 analysis
of the domains of generated proteins is in section |B|of the Appendix.
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Figure 1: Visualization for the results of FrameDiff, protein length 200. (a) Distribution of proteins
among the four major CATH classes. (b) Ten most frequent architectures identified across the dataset.
(c) Class—architecture relationship matrix showing how architectures distribute across structural
classes. (d) Feature space projection illustrating the relationship between helix content, sheet content,
and overall compactness. (e) Average architecture detection scores indicating the degree of similarity
to known structural motifs. (f) Summary of structural diversity across classes and architectures.
Take-home message: The generated proteins display broad coverage across CATH classes and
architectures, demonstrating that the model captures a wide range of fold topologies consistent with
natural protein diversity rather than overfitting to specific structural families.

4 Discussion

Our results suggest that conventional scores, while informative, are incomplete for symmetry-
structured generators; the proposed framework fills this gap.

In conclusion, this work makes a two-fold contribution to the field of Al-generated protein structures.
First, it introduces a novel set of evaluation metrics, moving beyond conventional measures to provide
a more nuanced and comprehensive assessment framework for the scientific community. Second,
through extensive theoretical analysis, it offers profound insights into a class of generative models,
elucidating their principles both in terms of structural representation and fundamental generative
mechanisms. This dual advancement not only enriches the evaluative toolkit but also deepens our
conceptual understanding of how these models operate.
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Appendix Outline

Appendix

* [Section A|Diversity based on CATH architecture and class distributions for proteins gener-

ated by FrameFlow.

. Example of Python script demonstrating the use of SWORD2 for structural

domain analysis.

. Theoretical analysis of SFE(3) invariance, including assumptions, propositions,

and proofs.

* [Section D|Formal definitions and implementation details of diversity, stability, and efficiency

metrics.

. Experimenta.l framework for noise-stability evaluation, including noise models,
statistics, and reproducibility settings.

* [Section F List of abbreviations used throughout the paper.

A Diversity based on architecture

Using FrameFlow, protein length 200 as an example. See Figure[2]
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Figure 2: Diversity of 200 proteins generated by FrameFlow, protein length 200. This cluster is based
on both Class and Architecture. (Top left) Distribution of proteins among the four major CATH
classes. (Top middle) Top 10 most frequent architectures. (Top right) Class—architecture relationship
matrix showing how architectures distribute across structural classes. (Bottom left) Feature space
projection showing the relationships between helix content, sheet content, and structural compactness.
(Bottom middle) Average architecture detection scores, indicating the degree of similarity to known
structural motifs (e.g., barrel-, sandwich-, or bundle-like). (Bottom right) Summary of structural
diversity across classes, architectures, and overall composition. Take-home message: FrameFlow
generates structurally diverse and compositionally balanced proteins spanning multiple CATH classes
and architectures, demonstrating its ability to explore a wide conformational landscape rather than
overfitting to a specific fold type.
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B Demo code to use SWORD2

import subprocess
from concurrent.futures import ThreadPoolExecutor

# List of 5 PDB codes
pdb_list = ['1jx4', '2¢78', '1fbn', '1a8y', '1b89']

# Function to Tun a SWORD2 job
def run_sword2(pdb_code):
command = f'./SWORD2.py -p {pdb_code} -o results'
try:
subprocess.run(command, shell=True, check=True)
print(£"Job for {pdb_code} completed successfully.")
except subprocess.CalledProcessError as e:
print (f"Error running job for {pdb_code}: {e}")

# Run 5 jobs using ThreadPoolEzecutor
def run_sword2_jobs():
with ThreadPoolExecutor (max_workers=5) as executor:
executor.map (run_sword2, pdb_list)

if __name__ == "__main__":

run_sword2_jobs()

C SE(3) Invariance: Statements and Proofs

Assumption C.1 (Internal-geometry dependence). All structure functions used by our evaluation
(domain partitioner , class labeler c and any derived metrics) depend only on internal geometry of
F (pairwise distances, relative orientations, and/or torsions), and not on its absolute pose in R3.

C.1 Metric definitions (for reference)

Diversity. CATH entropy H(B) = —) . Pcamu(c)log Pearu(c) and coverage cov(B) =
#{c: Pcatn(c)>0}
#CATH classes
Domain stability. For two partitions 7, 7’ of {1, ..., n}, the variation of information (VI) is
VI(r,7') = H(w) + H(x'") — 2I(m, ),
with entropies and mutual information computed over the node index set. We also record A#domains
and a size-pattern shift (e.g., ¢; distance between normalized domain-size histograms).

C.2 Core invariance claims

Proposition C.1 (Internal-geometry invariance). For any g € SE(3) and any indices 1, j,
dij(g-F) = di;(F),  ARij(g-F) = ARy (F),

and torsions computed from F are unchanged by g. Hence any functional depending only on
{dij, AR;;, ¢i, i } is SE(3)-invariant.

Proof. For diy. [Qps +t — (Qpy + 1)l = |Qp: — py)]| = lps — pyl since Q is orthogonal. For
AR;;, (QR;)T(QR;) = R QT QR; = R R;. Standard torsions (e.g., Ramachandran) depend on
internal dihedrals and are invariant to global pose. O
Proposition C.2 (Domain partition invariance). If 7 satisfies Assumption|C.1| then 7(g-F) = m(F)
forall g € SE(3). Consequently,

VI(7(F),n(g-F)) =0, A#domains =0, and size-pattern shift = 0.

Proof. By Assumption [C.I] 7 is a function of internal geometry only; by Proposition|C.I] internal
geometry is unchanged by g. Thus, the partition is identical. Identical partitions have VI = 0, equal
domain counts, and identical size distributions. O



Proposition C.3 (CATH-based diversity invariance). Let B be a batch of structures and g € SE(3).
If the class labeler c satisfies Assumption then

Pearu(B) = Pearu(g-B), H(B) = H(g-B), cov(B) = cov(g-B).

Proof. Bach ¢(F) equals ¢(g-F) by Assumption [C.1]and Proposition|C.1] Therefore, the empirical
distribution over classes is unchanged, and so are entropy and coverage. O

Corollary C.1 (Batch-level metric invariance). Any batch-aggregated functional of ¢(F') and w(F)
that depends only on internal geometry (e.g., the metrics above) is invariant under simultaneous rigid
motions of all structures in the batch.

C.3 Noise stability: smooth variation under small coordinate o-jitter

Beyond invariance to rigid motions, we stress smooth degradation of structure metrics under small,
zero-mean coordinate noise.

Assumption C.2 (Centered Gaussian o-jitter). Let J, map F to F' by p, = p; — p + og; with
p= % Zj pj and e; ~ N (0, I3); leave R; unchanged (or re-orthogonalize if needed). This removes
global translation and prevents spurious rigid motions.

Proposition C.4 (Lipschitz-type stability of partitions). Suppose the partitioner m is locally Lipschitz
w.r.t. internal distances and angles. Then there exists oy > 0 and L > 0 such that for 0 < o < oy,

E[VI(n(F),m(J-(F)))] < Lo.

Practical implication. Small o should yield near-zero median VI with narrow IQR; the VI-o curve
should increase smoothly (no abrupt jumps) unless the structure lies near a partition boundary.

C.4 Worked example (what to expect)
On random g € SE(3) we expect exact invariance:
VI(7(F),7(g9-F)) =0, H(B)=H(g-B), cov(B) = cov(g-B).

Under small o, VI should remain near zero and grow smoothly, supporting the stability claim in
Proposition[C.4]

C.5 Notes on implementation

(1) Use a fixed random seed per structure for g and for jitter; (ii) re-orthogonalize R; after any numeric
perturbation; (iii) when a downstream tool introduces tie-breaking randomness, average over repeated
runs or fix its seed; (iv) declare numerical tolerances (e.g., treat VI < 109 as zero).

D Metric Definitions and Implementation Details

D.1 Diversity (CATH) Metrics

Definition 5 (Empirical CATH distribution). Let B = {F(1), ... FN)} be a batch of generated
structures and c¢(F') € C the CATH label (at a chosen hierarchy level, e.g., Class or Architecture).
The empirical distribution is

N
1 .
= =) 1{c(FD) = :
Pe N;{C( )=c}, cecC

Definition 6 (Entropy, effective classes, coverage). With natural logarithms,

_Heipe> 04

H(B) =-— ch logpe, Ne(B) = exp(H(B)), cov(B) Cl

ceC

10



Calibration vs. training distribution (optional). If ¢. denotes the training distribution on the
same CATH level,

Pe
DKMMM%=§:mk%gw TV(p,q) = 3> Ipe—acl,  ISD(pllg) = 3 D (pllm)+3Dkr(qlm),

with m = %(p + ¢). Report at most one divergence (e.g., JSD) to avoid redundancy.

SE(3) invariance. If the labeler ¢ depends only on internal geometry (Assumption|[C.1)), then H,
Negr, and cov are invariant to rigid motions (Proposition [C.3).

Recommended reporting. Provide H, N.g, and cov with 95% bootstrap CIs (resampling over
structures). State the CATH level used and how ¢ (train) was estimated if calibration is reported.

D.2 Domain-Structure Stability (SWORD2) Metrics

Definition 7 (Partitions and block probabilities). A domain partition © of {1,...,n} is a set of
disjoint blocks { By}, with \J, By = {1,...,n}. Let py = |Bg|/n and, for two partitions
7w = {By} and n’ = {By},

B, N B,
Prke = %a PZZZPM-
k

Definition 8 (Variation of Information (VI)). The VI between 7 and 7' is

VI(r,7') = H(m)+H(7')-2I(7,7") = (—Zpk logpk)+(—2p2 logpjg)—Q Zpkz log
k ¢ k.,

Pre
Pk D)

Auxiliary stability indicators.

A#domains = |K — K'|, Asize-pattern = %Z|hﬁ(s) — har ()],

where h. is a histogram of normalized domain sizes (choose a fixed binning over (0, 1]).

SE(3) invariance and noise stability. If 7 depends only on internal geometry, then VI(7(F), 7(g-
F)) = 0 forany g € SE(3) (Prop.|C.2). Under small jitter J, (Assumption|C.2)), VI should grow
smoothly with o (Prop.|[C.4).

Tolerance rates and curves. For a threshold 7 > 0,

T(os7) = Pr [VI(n(F), 7(Jo(F))) < 7],

Pr
F~B
reported with 95% bootstrap Cls over structures. Also report the median and IQR of VI as a function
of o.

Recommended reporting. (1) Exact SWORD?2 version/flags; (2) T'(c; ) for a fixed 7 (e.g., 0.05
or 0.10); (3) A#domains and Asize-pattern summaries.

D.3 Efficiency (Compute-Normalized) Metrics

Definition 9 (Sampling throughput and acceptance). For a model M, length ¢, and hardware h,
let Nyamp be the number of attempted samples in wall-clock time t, and N the number passing a
predefined structural filter (e.g., geometry validity). Define the throughput Ry = Nyamp/t and
acceptance & = Noce [ Nyamp-

Fair comparison protocol. (i) Report results at matched lengths across models; (ii) if some models
cannot sample certain lengths (e.g., £ = 500), separate the analysis; (iii) fix hardware, precision, and
compiler flags; (iv) use identical structural filters for Np.
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Recommended reporting. Table per length with columns: throughput Rmp, acceptance o, Eff,
and Eff o, plus the definition (or estimate) of C'(M, ¢) or C (M, £).

E Noise-Stability Protocol

This appendix operationalizes the noise-stability checks introduced in the main text: how to inject
controlled coordinate noise, which o-values to test, which statistics to report, and how to ensure
results are reproducible and comparable across models and lengths.

E.1 Noise models

Rotations R; are kept as-is (re-orthogonalize via polar decomposition if perturbed numerically).
Centering removes spurious translation; the partitioner  is S F(3)-invariant, so downstream quantities
are unaffected by any global pose drift.

Torsional jitter (optional, physically informed). As a sensitivity analysis, one may perturb back-
bone torsions (¢, ¥, w) with small zero-mean Gaussian noise and rebuild coordinates by forward
kinematics, then re-apply the same stability pipeline. Report which noise family is used.

E.2 Interpreting o (units and calibration)

Coordinates are in A. For Cartesian jitter, the expected per-atom displacement is y/E[[o¢||? = V3 o3
hence a target RMSD p corresponds to o = p/+/3. This lets readers map o to a familiar scale.
E.3 Recommended o-grid and repetitions
Use a small grid covering the regime of “barely noticeable” to “moderate” perturbations, e.g.
o € {0, 0.05, 0.10, 0.20, 0.30, 0.50} A.

For each o > 0, perform M independent jitters per structure (default M/ = 3) and average the
resulting statistics for that structure to reduce Monte Carlo variance.

E.4 Primary statistics to report
Let m be the domain partitioner. For each structure F' and each o:

* VI-o curve: median and IQR of VI(7(F'), 7(J,(F))) over the batch.

* Tolerance rate at threshold 7: T'(o; 7) = Pr[VI < 7] with 95% bootstrap Cls (resampling
structures).

* Auxiliary shifts: median (IQR) of A#domains and size-pattern shift (Section [DJ.

Recommended thresholds: 7€ {0.05, 0.10}.

E.5 Monotonicity and smoothness diagnostics

Noise-stability should increase smoothly with o (Proposition [C.4). To summarize smoothness, report
median(Vly, ) —median(VI,, )
O2—01
nonzero grid points, and (ii) the maximum one-step jump max; | median(VI, . ,) — median(VI,, )|.

Large jumps indicate proximity to decision boundaries in 7.

(i) the finite-difference slope at the origin s = for the two smallest

E.6 Reproducibility settings
Fix a seed per structure for the jitter draws and any downstream randomness. Cache the raw partitions

returned by 7 to avoid version drift. Declare numerical tolerances and report the SWORD?2 (version,
flags, threading) used.
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F List of Abbreviations

AA Amino Acid

AF2 AlphaFold2

CATH Class—Architecture-Topology—Homologous superfamily (protein structure classification)
ESM Evolutionary Scale Modeling

ESMFold ESM-based single-sequence protein folding model

FM Flow Matching

FrameBench Symmetry-aware evaluation framework for frame-based protein generative models
FrameDiff Frame-based Diffusion Model

FrameFlow Frame-based Flow Matching Model

FoldFlow-OT FoldFlow with Optimal Transport path construction
FoldFlow-SFM FoldFlow with Stochastic Flow Matching

GPU Graphics Processing Unit

MSE Mean Squared Error

OT Optimal Transport

PDB Protein Data Bank

RMSD Root Mean Square Deviation

SDE Stochastic Differential Equation

SE(3) Special Euclidean group in 3D (rigid-body transformations)
SFM Stochastic Flow Matching

SO(3) Special Orthogonal group in 3D (rotations)

TM-score Template Modeling Score

VI Variation of Information (clustering/partition distance)
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