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The global structural properties of a protein, such as shape, fold and
topology, strongly affect its function. Although recent breakthroughsin
diffusion-based generative models have greatly advanced de novo protein
design, particularly in generating diverse and realistic structures, it remains
challenging to design proteins of specific geometries without residue-level
control over the topological details. A more practical, top-down approach
isneeded for prescribing the overall geometric arrangements of secondary
structure elements in the generated protein structures. In response, we
propose TopoDiff, an unsupervised framework that learns and exploits a
global-geometry-aware latent representation, enabling both unconditional
and controllable diffusion-based protein generation. Trained on the Protein
DataBank and CATH datasets, the structure encoder embeds protein
global geometries into a 32-dimensional latent space, from which latent
codes sampled by the latent sampler serve as informative conditions for
the diffusion-based backbone decoder. Inbenchmarks against existing
baselines, TopoDiff demonstrates comparable performance on established
metrics including designability, diversity and novelty, as well as markedly
improves coverage over the fold types of natural proteins in the CATH
dataset. Moreover, latent conditioning enables versatile manipulations
atthe global-geometry level to control the generated protein structures,
through which we derived a number of novel folds of mainly beta proteins
with comprehensive experimental validation.

De novo proteindesignis anintriguing and expanding field of research  physically plausible structures. Although early efforts still relied on
with the potential to venture into uncharted fold space, offering limit-  one-dimensional or two-dimensional (2D) protein representations® ™,

less opportunities for tailoring proteins to novel applications, including
biomedical therapeutics' >, catalytic enhancement* and the devel-
opment of innovative biological circuits*. Despite its vast potential,
denovo protein design haslong been recognized as a challenging task,
due to the highly structured nature of protein data and the stringent
requirements on geometric restraints’.

Recent advancesin diffusion models have substantially reshaped
the field with their superior ability to generate novel, diverse and

subsequent works tended to leverage the successin proteinstructure
prediction tasks""2, building equivariant networks to directly learn
physical priorsin the Cartesian space™ ™.

Despite encouraging progress, several issues remain to be
addressed. Although lacking systematic evaluation, there is evidence
that some models, although trained on unbiased datasets such as the
Protein Data Bank (PDB)'® or CATH"?°, struggle to generate protein
backbones of certain fold classes™. Thisissue is evident when reviewing
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Fig.1| Overview of the work. a, Overall framework of TopoDiff. The training (left)
and sampling (right) processes consist of two stages. In stage 1 of the training
process, each protein structure is converted by the encoder moduleinto a
fixed-size, low-dimensional latent code z that captures the global geometry,
whereas the perturbed structure R¢is sampled following the designed forward
marginal distribution. The diffusion decoder is trained to predict the ground-
truthstructure R° from R and z. In stage 2, the training focuses on learning the
diffusion processin the latent representation space. During inference, alatent
codeis first sampled from the latent diffusion module, and then the structure
decoder is used to generate structures conditioned on the sampled latent.

b, Through unbiased sampling in the compact, continuous latent space, TopoDiff
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learns to generate samples with enhanced coverage of the natural fold space (top
row). Otherwise, TopoDiff could be targeted to produce structures with the
desired properties by reweighted latent sampling under the assistance of
latent-based property predictors (bottom row). The example here shows a
particular application for generating novel, designable mainly beta proteins.

¢, TopoDiff is capable of generating structures from alocal distribution in the
latent space. The two example applications are the simulation of a gradual
transition between two structures through latent-based linear interpolation

(top row) and the creation of structures with similar global geometry to agiven
reference through latent perturbation (bottom row).

all experimentally validated proteins generated by structure-based
diffusion models so far, since they predominantly fall in the mainly
alpha or alpha-and-beta classes. Furthermore, we note that the cur-
rent widely used metrics, namely, designability, novelty and diver-
sity, provide no indications of the extent to which the natural protein
space has been covered. This gap further hinders the understanding
and resolution of these issues. To improve the coverage of the gener-
ated samples over specific protein folds, previous works have used
residue-level one-dimensional or 2D fold conditioning along with addi-
tional fine tuning to generate immunoglobulin domains with varied
loop regions®, or applied classifier guidance by training classifiers
on specific protein classes?. Although these approaches are indeed
capable of enhancing coverage for aparticular group of proteins, their
feasibility strictly depends on the clear and distinctive definition of
this group as well as the presence of sufficient group-labelled training
samples, which are the prerequisites for applying the finer-grained
topology as conditioning, training arobust classifier to guide the gradi-
entor model fine-tuning on specific data subsets for additional refine-
ment. However, due to the limited and unbalanced amount of available
annotations as well as the discreteness and subjectivity in annotation
assignment®?, it is often impractical to apply the same strategy to
achieve unbiased visiting of fold modesin the training set and effective
expansion of the existing protein fold space simultaneously.

In this work, we focus on animportant and general unsupervised
problem setting: how to train the diffusion model to capture the

underlying datadistributionin an arbitrary dataset without the explicit
requirement of annotations or prior understanding? We propose the
framework of TopoDiff as a solution. First, we concurrently trained the
diffusion-based structure generative model with a structure encoder
ofthe encoder-decoder architecture. The encoder learns a fixed-size,
continuous latent space that captures the high-level global geometry
of proteins, whereas the generative module operates at the residue
level for controllable sampling conditioned on the predefined latent
encoding. Next, we trained a simple latent diffusion model to unbias-
edly sample protein global geometries from this learned latent distri-
butionand used the sampled latent to guide subsequent atomic-level
proteinstructure sampling. This scheme not only effectively enhances
the coverage of protein fold types in the dataset but also opens up
a dimension for controllable generation. We then defined a cover-
age metric and conducted systematic evaluations on TopoDiff and
other state-of-the-art models using this and other established metrics.
Finally, we performed biological experiments to demonstrate the
effectiveness of our method in improving the sampling of proteins
of mainly beta topologies, alarge class that is prevalent in nature but
remains under-represented in prior de novo protein design efforts.

Results

Overview of TopoDiff

The overall framework of TopoDiffis illustrated in Fig. 1. The global
structural properties of a protein, such as shape, fold and topology,
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Fig. 2| Analysis of TopoDiff’s learned latent representations. a, Once trained,
the fixed structure encoder maps the structures from different sourcesinto a
unified global representation space. b, Visualization of the latent space coloured
by top-level classification hierarchies: CATH (class), SCOPe (class) and ECOD

(architecture). Each point represents astructure, coloured according to its
annotation. ¢, Kernel density estimation of specific CATH architectures within
the latent space. Each subplot shows the density of structures within a particular
architecture, illustrating its distribution across the latent space.
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are closelyrelated toits function”*°and dynamics*°, as well as lay the
foundation for achieving a heuristic understanding of its molecular
mechanisms. Conversely, although powerful, classic diffusion models
constrain dimensionality to be proportional to the input, frustrating
efforts to learn meaningful, compressed latent representations of
global protein geometry®. With this in mind, the core focus of our
framework is on the establishment, investigation and utilization of
afixed-size, low-dimensional latent representation that encodes the
global structural characteristics of all proteins, building on recent
advances in diffusion-based models. To achieve this aim, both train-
ing and sampling processes are divided into two stages. In stage 1 of
the training process (Fig. 1a, left), we adopt a diffusion-variational
autoencoder (VAE) formulation to harness the superior generative
capability of diffusion models alongside the representational power
of VAEs witha compressed and continuous latent space, thereby com-
bining the inherent strengths of both architectures in a unified train-
ing process. As essential components of our framework, the resulting
structure encoder and conditional diffusion decoder share acommon
fixed-dimensional latent space, which provides the protein-level encod-
ing z for the global geometry. In stage 2, a latent diffusion module is
trained to model the latent distribution, enabling unbiased sampling
from this otherwise intractable space. During the sampling phase
(Fig.1a, right), thelatent diffusion model first samples from the latent
space, and astructure diffusion process is then performed for protein
structure generation in the Cartesian space by conditioning on the
sampled latent. The architecture design of TopoDiff enables multiple
brand-new controllable sampling schemes (Fig. 1b,c).

Learned latent representation of the fold space

To gain an understanding of the latent space learned by TopoDiff, we
first encoded all the structures in our CATH-60 training dataset into
the 32-dimensional latent space and then applied ¢-distributed
stochastic neighbour embedding (¢-SNE)*° for dimensionality reduc-
tion. AsshowninFig. 2b, these codes collectively form a compact and

continuous manifold. In particular, even though no structure annota-
tionswere used during training, the resulting clusters perfectly coincide
with the human curation of CATH class annotations, with each class
clearly separable from the others even in 2D embedding. Moreover,
we find that each CATH architecture cluster indeed exhibits a distinct
spatial distribution (Fig. 2c and Supplementary Fig. 4). Many other
intrinsic attributes of proteins, such as the secondary structure com-
position, chain length and radius of gyration, also display structured
global or local distribution patterns within the manifold (Supplemen-
tary Fig. 3). These observations demonstrate that the model learns
to partition over the training dataset in an unsupervised and highly
interpretable manner.

Next, we tested the generalizability of this encoding method on
unseen data. Specifically, we applied the same encoder trained on
CATH to two other hierarchical structural classification datasets,
namely, SCOPe®**and ECOD* (Fig. 2a), which present evident distinc-
tions in structural coverage and domain boundary definitions®*
due to their discrepant classification schemes®*". Interestingly, the
latent manifolds produced by the encoder align closely with the
annotations of top-level hierarchiesin both SCOPe and ECOD datasets
(Fig. 2b and Supplementary Figs. 5 and 6). Consistent with previous
analyses® ™, the distinctive hierarchical organizations across differ-
ent classification systems may essentially reflect different domain
partitioning and class discretization within a common structure
space. By learning a continuous and unsupervised representation,
our method effectively bypasses these annotation inconsistencies
across datasets.

The continuous, global-level latent space also offers an alterna-
tive view of the protein fold space compared with the established
hierarchical, discrete organizations. In Supplementary Results 2,
we provide a more thorough discussion of its potential advantages,
focusing on revealing the continuous relationships between fold
classes and identifying potentially inconsistent or ambiguous
annotations.

Nature Machine Intelligence


http://www.nature.com/natmachintell

Article

https://doi.org/10.1038/s42256-025-01059-x

a b .
Diversity Coverage (Dp,) *
................................................. 1.0 10
0.9
0.8 o 08
\ >
@) k=1 B o5 g o7
o ¢ L2 $ %
@] @ : O 04 3 05
. 0.4
@ :
Ce e : 0.2 03
: 0.2 .
o ; 0 50 75 100 125 150 175 200 225 250 50 75 100 125 150 175 200 225 250 :TGC;%?QD'“
© : Length Length == FrameDiff
: . . == Chroma
3 ;X 9! o Designability ¢ Noveltyv = RFDiffusion
i Coverage = - Z T3j st YjEBOGNND(X) = 5 10
1 i=1 : 8 0.9
® Realsamples, X; 3 0.8 %
) o 6 Z o7
@ Real manifold, B (X;, NND (X)) ®» = -
=S 4 @© 06
O Generated samples,Y; ﬁ E 05
2 0.4
"""""""""""""""""""""""""""" . L W T I WG ! é 03
50 75 100 125 150 175 200 225 250 50 75 100 125 150 175 200 225 250
Length Length
c d
A
All sampl Designabl les (scRMSD < 2.0 A) e W | ‘% : £
samples esignable samples (sc <2 Y e | N e o
" RRY “ﬁ/@%&\&« kg
Coverage (D,,)) Coverage (D,,,) ‘ \ /
Novelty @& Diversity Novelty O ¢ 2 & Diversity — gﬁ,
o
3
1,00 —— TopoDiff 2
- Genie @
FrameDiff (§
Designability (A) Chroma Designability (A) 0 5
RFDiffusion

Fig. 3| Evaluation of TopoDiff’s generative performance for unconditional
sampling. a, lllustration of the coverage metric used to quantify the extent to
which the generated samples cover the natural protein fold space. Real samples
X;are compared with generated samples Y;using a KNN approach to determine if
eachreal sampleis covered by the generated samples within a defined distance
threshold. The coverage score is calculated as the proportion of real samples
that have at least one generated neighbour within this threshold. b, Quantitative
analysis of the generative performance across different models, measured by
diversity, coverage, designability and novelty at varying protein lengths. The
arrows besides the metrics indicate the desired direction ofimprovement.

For novelty and designability metrics, box plots are used to depict the data
distribution (n =500 samples per length), showing median and quartiles,

with whiskers extending to 1.5 times the interquartile range. ¢, Radar plots
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summarizing the average performance of each model on different metrics

when considering all the generated samples (left) and only high-quality samples
(right; scRMSD <2 A). Each metricis averaged across all the sampled lengths.

d, Projection of the sampled latent codes on the t-SNE dimension-reduced space
of the CATH dataset. A total of 12,613 latent codes, corresponding to sampled
structures withscRMSD < 2 A and maxTM < 0.7, are projected onto the original
t-SNE space constructed from the CATH dataset (Fig. 2). Each coloured point
represents asampled latent code, with the colour indicating the sampled length
(-50-250, from purple to green). The representative structures generated

from the latent codes at different regions of the latent space are also visualized
alongside the scatter plot, providing a visual inspection of the latent structure
relationship.

Benchmark testing on unconditional sampling
We evaluate the performance of TopoDiffin unconditional sampling
against several state-of-the-art diffusion-based generative models,
including Genie'®, FrameDiff”*, Chroma®*and RFDiffusion”. To ensure
acomprehensive and robust evaluation across awide range of protein
sizes, for each model under evaluation, we randomly generated 500
samples at each fixed length in {50, 75,100, 125, 150, 175, 200, 225,
250}, a series uniformly spanning the length range of our training
data. On the basis of our experience, such a scheme can reveal the
length-dependent behaviour in a model, which might be otherwise
overlooked.

We notice that established metrics are dedicated to quantify
either per-sample quality (for example, designability and novelty)
or intrasample diversity (for example, diversity), but provide no

information of how much the known fold space is covered by the gen-
erated samples, an indicator that quantitatively describes a model’s
capacity for unbiased sampling across existing data. Evidence from
other fields shows thatignoring this metric willintroduce selection bias
towards models that sacrifice variation in favour of high-quality sam-
plesfromatruncated subset of the sampling space®. Indeed, over the
pastdecade, de novo protein design hasbeen largely confined toalpha
helix bundles and alpha-beta sandwiches***°, and diffusion-based
models have not provided animmediate remedy to this biased trend,
asexperimental validations and applications still predominantly focus
on these architectures"”*>*. To address this limitation, we adopted a
coverage metric* to quantify the proportion of natural protein folds
covered by samples produced fromagenerative model (Fig. 3a; Meth-
ods provides the definition and detailed implementation).
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The first row in Fig. 3b presents an evaluation of diversity and
coverage. TopoDiffis comparable with the other methods with regard
todiversity, but prevails over all of them with regard to coverage. RFDif-
fusion shows notable deficiencies inboth metrics for short proteinsin
the length of [50, 150], a range covering over 60% of natural domains
inthe CATH database. Similarly, FrameDiff also exhibits some degree
of length-dependent fluctuations. Genie excels at generating highly
diverse samples, but with a slightly lower coverage. To further inves-
tigate the specific advantage of TopoDiff over the others in covering
natural fold types, we analysed the sample-wise binary coverage indi-
cators and found that our model could cover a substantially larger
number of mainly beta-strand fold classes, a group of topologies that
other methods typically under-represent (Supplementary Fig. 13).

The second row in Fig. 3b shifts to the evaluation of designabil-
ity and novelty. Regarding designability (in terms of self-consistent
root mean square distance (scRMSD) as defined in the Methods),
TopoDiff demonstrates advantages over most models excluding
RFDiffusion (which has a significantly larger parameter size (Supple-
mentary Table 9)), across the entire sampled length range. For novelty
(in terms of maxTM as defined in the Methods), TopoDiff shows a
steady intermediate value along the chain lengths, indicating a fair
balance betweenthe coverage of known folds and the generalizability
tonovel ones.

We further compare the model performance by averaging metrics
across all the sampled lengths (Fig. 3c), where the metrics are cal-
culated using all the samples (left) and using samples with high des-
ignability (that is, scRMSD < 2 A) only (right). TopoDiff undoubtedly
improves the overall coverage in both cases, indicating that this
improvement truly arises from designable samples. As mentioned in
the Methods, the computation of coverage relies on the definition of
distance between a pair of structures (equation (5)). To supplement
the evaluation in Fig. 3b,cin which the average TM-score**between the
query and target structures is uniformly used for the distance defini-
tion (equation (6)), we also present results with distances computed by
athird-party model** (equation (7)) in Supplementary Fig. 12. Clearly,
the overall relative trend among the tested methods is preserved and
the advantage of TopoDiffis consistent, indicating the robustness of
our coverage computation onthe choice of distance definition. Over-
all, despite a slight inferiority to RFDiffusion, particularly at longer
lengths, the designability of TopoDiff surpasses the other methods.
Furthermore, TopoDiff generates samples at least three times faster
than RFDiffusion (Supplementary Table 9), which enables the produc-
tion of more diverse and designable backbones within the same time.
In addition, we also evaluated TopoDiff against several recently pro-
posed methods, including FoldFlow*, Genie2 (ref. 46) and FoldFlow2
(ref. 47). Detailed results and thorough discussions are provided in
Supplementary Results 4.

Finally, we seek to further explore the sampling space of TopoDiff.
From the 22,500 latent structure pairs generated in this benchmark,
we selected 12,613 with high designability and novelty (scRMSD <2 A
and maxTM < 0.7), and projected these latents onto the CATH-encoded
t-SNE subspace (Fig. 3d). To investigate the relationship between the
latent codes and generated structures, we subsampled the latent
codes spanning the manifold and displayed their corresponding struc-
tures around the scatter plot. As expected, these codes spread over
the ¢t-SNE-reduced manifold, providing a strong foundation for the
enhanced coverage of natural fold space by the sampled structures. A
closer examination of the sampled structures reveals that the spatial
arrangement of secondary structure elements (SSEs) is highly corre-
lated with the position of the conditioning latent code, closely reflect-
ing the original distribution of CATH training samples (Fig. 2b,c). This
observation demonstrates that concurrent training not only prompts
the encoder to capture global geometricinformationin thelatent codes
but also allows the diffusion decoder to leverage this information to
generate structures with matching spatial features.

Controllable generation with the learned latent space

InFig. 4a, weiillustrate how different modules developed in this work
canbeintegrated to enhance the controllability of structure sampling.
Thelatent code could be sampled fromthe latent sampler showninthe
previous sectionor alternatively harvested directly from the encoder’s
posterior based on a specific input structure. Moreover, additional
latent classifiers can be trained to predict properties of interest and
used totune the sampled latent distribution through classifier guidance
orrejectionsampling. Oncealatentisselected, structure sampling can
be conditioned on this code and optionally on additional residue-level
information, achieving simultaneous constraining over the global
geometry and localized atomic details.

Indeed, many measurable properties of the generated samples,
like the proportion of SSEs, novelty and designability, exhibit dis-
tinct spatial patterns in the latent space, reflecting their inherent
correlation with the global protein geometry. Hence, we explored
the possibility of tuning the model performance by reweighting the
latent sampling regions using pretrained classifiers that predict the
desired properties. In particular, this strategy effectively enables the
fine tuning of the model performance by simple manipulation at the
low-dimensional latent level, which, unlike exhaustive sampling at the
atomic level in Cartesian space, consumes negligible additional time.
We focused on the trade-off between designability and novelty via
rejection sampling (Methods provides the implementation details)
and created three model variants: adesignability-prior variant (using
adesignability classifier), anovelty-prior variant (using a novelty clas-
sifier) and anall-round variant (using both classifiers). As expected, the
designability-prior variant improves the designability at the expense
of novelty, whereas the novelty-prior variant shows the opposite trend
(Fig.4band Supplementary Fig.17). Interestingly, the all-round variant
achieves balanced improvement over the base model, with novelty and
diversity significantly increased whereas designability and coverage
sustained.

Inaddition to general unconditional sampling in the latent space,
latent codes could also be sampled from any local region of interest.
We first demonstrate structure generation around a query structure,
based on latent sampling from a local distribution around its latent
encoding. We selected representative query proteins with awide vari-
ety of architectures from the training dataset and randomly sampled
five structures without further cherry-picking for each of them. On the
basis of aside-by-side comparison (Fig. 4c and Supplementary Fig.18),
the generated structures, in general, share a very similar SSE spatial
arrangement to the query one with occasionally improved proportions
ofregular secondary structures, but always presentaconsiderablelevel
of diversity in the exact connectivity and topology.

Subsequently, we present controlled structure generation based
oninterpolation between pairs of query latent codes. In this experi-
ment, we collected a variety of latent pairs distantly located on the
latent manifold and linearly interpolated ten sequential intermediate
latent codes between each pair. Figure 4d shows the variations of
generated structures along different latent trajectories, with each
row representing a distinctive latent pair. The second row presents
the gradual transition fromamainly betaroll to anall-alpha helix bun-
dle, where adjacent structures share a certain degree of similarity
(TM-score > 0.45), indicating an overall smooth transition process,
although the two terminal structures have completely different SSE
spatial arrangements (TM-score = 0.27). Similarly, the first row illus-
trates the interpolation from a structure of orthogonal helices to a
betasandwich. More examples are provided in Supplementary Fig. 19.

Moreover, since the latent encoding provides a coarse control
over the global geometry, it is possible to incorporate additional
residue-level conditions to impose control at afiner level of granular-
ity. We demonstrate this capacity with amotif scaffolding experiment.
Specifically, we selected three representative motifs from the RFDif-
fusionstudy”, including a single helix, abeta hairpin, and a mixed pair
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Fig. 4| Exploring controllable protein structure generation with TopoDiff.

a, Overview of the controllable generation process. The latent code could be
generated using the latent diffusion module or sampled fromalocal distribution.
Downstream structure sampling is controlled by the acceptance probability

of the sampled latent codes (equation (9)). The accepted latent code, acting
asaglobal condition, can be combined with local residue-level constraints to
generate structures that meet specific design criteria. b, Radar plots comparing
the performance of different model variants derived from the latent-space
rejection sampling: base, novelty-prioritized, designability-prioritized and
all-round. Left: three model variants are compared with the base model. Right:
all-round model variant is compared with other baseline methods. All the
metrics are computed in the same way as that in Fig. 3c. ¢, Examples of structures
generated by resampling based on the latent code of a reference structure. The
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leftmost structure represents the reference structure selected from the CATH
dataset, with the right one showing randomly generated structures without
cherry-picking.d, Visualization of structures generated by linear interpolation
between two latent codes in the latent space. Each row depicts a different
interpolation process, with the projected latent trajectory on the latent space
(left), a TM-score distance matrix showing pairwise similarity between the
sampled structures (middle) and a visualization of these sampled structures
(right). e, Motif scaffolding experiment. For each motif case, latent codes
corresponding to successful designs are plotted on the central scatter plot, with
each point coloured based on the kernel density estimation of successful designs
in the local vicinity. Representative structures sampled from different regions of
the latent space are shown around the scatter plot, with the query residue-level
motifs highlighted in yellow and the rest are coloured blue.

YN

of helix and strand. In this experiment, we first unconditionally sam-
pled aseries of latent codes that fitinto the designed length, and then
applied these codes and the specified motifs as the joint conditioning
to generate the structures. Figure 4¢e presents the density plots of all
the successful designs (that is, scRMSD < 2 A and motif scRMSD <1A)
on the latent manifold, alongside representative sampled structures
from different regions. In each case, the successful designs exhibit a
non-uniform distribution across the latent manifold, achieving high
populations in regions in which the latent information and the motif

are coherent. When structuresinferred by the semantic latent conflict
with the motifitself, the model seeks to find acompromised solution,
although with increased difficulty. Taking the two-strand 4ZYP motif
(Fig. 4e, middle) as an example, even in the mainly alpharegion of the
manifold, we occasionally sampled successful designs inwhich the beta
hairpin is encompassed by helices achieving various global shapes.
Hence, when combined with local constraints, the latent code acts as
aglobal prompt toguide the model in exploring various architectures
and topologiesrather than always sampling fromthe preferred regions.
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Fig. 5| Experimental validation of novel mainly beta protein designs. spectra of the purified proteins at 25 °C (black) and 95 °C (red), demonstrating
a, Experimental characterizations of the selected candidates (B10,B07, BO8 and secondary structure content and thermostability. The fourth row displays the
B21). Thefirst row displays the design models with their corresponding metrics: temperature dependence of the CD signal at 215 nm. No unfolding transition
PDB-TM (maximal TM-score to PDB), AF-RMSD (scRMSD compared with the best is observed at temperatures up to 95 °C for B10 and BO7, suggesting their high
model of AlphaFold2) and AF-pLDDT (pLDDT of the best model of AlphaFold2). thermostability. MRE, mean residue ellipticity. b, X-ray crystal structure (grey)
The second row shows the SEC profiles (with expected monomeric peaks of design B10 matches closely with the backbone structure (coloured) generated
indicated by arrows) and the monomer band observed on the sodium dodecyl by TopoDiff (RMSD, 1.31 A). ¢, Topological diagrams of design B10 in the side and
sulfate-polyacrylamide gel electrophoresis gel. The third row presents the CD top views.
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Experimental validation of generated mainly beta proteins

We seek to test our TopoDiff model in the real-world design scenar-
ios, focusing on the discovery of novel mainly beta proteins, a large
class of proteins that are commonly found in nature but remain
under-represented in de novo designed proteins (Extended Data Fig. 1
shows the statistical analysis on the Protein Design Archive database*®
and Supplementary Results 6 provides a thorough discussion on the
scientific significance of this task). Following step-wise filtering
described in the Methods, we finally obtained 403 backbones with
950 sequence designs, from which we further selected three designs
per sampled length, resulting in 21 candidates for subsequent experi-
mental validation. As shown in Supplementary Fig. 20, these designs
are highly diverse in beta-strand arrangements and exhibit notable
novelty compared with known structures. All the designs feature
>50% of residues in beta strands and <20% in alpha helices, with more
than half of the designs consisting exclusively of beta strands and coils.
Moreover, the global packing of these designs predominantly relies
ontheformation of betasheets with numerous non-localinteractions,
making manual blueprint design exceptionally challenging. Regarding
designability, all the designs are predicted to be sufficiently foldable,
as assessed by ESMFold and AlphaFold2. In particular, 16 out of the
21 designs have five AlphaFold2 models achieving predicted local
distance difference test (pLDDT) > 85% and scRMSD < 1.75 A, which
are considerably strong indicators of successful design®.

Followinginsilicoselection, we obtained synthetic genes encoding
the 21 selected designs for subsequent wet-laboratory experimen-
tal validation. Nine of these designs present a soluble expression in
Escherichiacoli(Supplementary Fig. 21), allowing for efficient follow-up
purification by nickel-affinity chromatography and size exclusion
chromatography (SEC; Supplementary Fig. 22a). The SEC profiles
of designs BO7 and B10 exhibit distinct monomer peaks, whereas
the others form amixture of soluble aggregates and monomers (Fig. 5a
and Supplementary Fig. 22b). Six of the nine expressed designs display
the anticipated circular dichroism (CD) spectra for beta-sheet-rich
proteins (Fig. 5a and Supplementary Fig. 22¢). A summary of these
experimental results is provided in Supplementary Table 11.

Here we highlight four designs that attain separable monomeric
states and the correct CD spectra (Fig. 5a). Specifically, BO7 and B10
demonstrate high thermostability up to 95 °C, whereas BO8 and B21
also exhibit sufficient resistance to heat denaturation, with melting
temperatures of approximately 80 °C and 65 °C, respectively. Moreo-
ver, all of them have the PDB-TM values (that is, the maximum TM-score
to PDBstructures) lower than or close to 0.5, supporting their novelty
in topology. We further determined the structure of B10 with X-ray
crystallography (Supplementary Fig. 23 and Supplementary Table12).
Thesolved structure closely matches the original backbone generated
by TopoDiff (Fig. 5b), with a C,-root mean square distance (RMSD) of
1.31 A. This 125-residue mainly beta protein is composed of eight beta
strands and one alpha helix. One novel structural feature is the packing
of the alpha helix into the crossover region between two beta sheets
(Fig. 5b), where the helix extends outwards and pushes the adjacent
betastrands of the two sheets apart, creating a unique triangular geo-
metricarrangementinthetop view (Fig.5c). Interestingly, this compact
triangular arrangement is unseen in natural proteins, with the closest
structures in PDB being either beta barrels or two-layer sandwiches
(Supplementary Fig. 20). Structural analysis of the other monomeric
designsis provided in Supplementary Results 7.6.

Discussion

In this work, we propose an unsupervised framework that builds on
the current state-of-the-art diffusion generative model, enabling
the concurrent learning of an encoder to capture a low-dimensional
global structural representation and a conditional diffusion module
to leverage this information for controllable generation. Noticeably,
different from methods***' that engage length-dependent latent

diffusion to facilitate protein structure generation, the latent rep-
resentation in TopoDiff'is set as fixed dimensional (analogous to a
branch of computer vision models®***), which enables the sampling
and manipulation of various protein global geometries in a universal
latent space. Hence, theintroduction of this fixed-size latent encoding
into the formulation of diffusion-based protein structure generation
not only facilitates human interpretation/understanding of the data
distribution and generation process but also improves the coverage
of the protein fold space and keeps the other performance metrics
competitive. Moreover, through the VAE architecture, the latent space
is confined to alow dimensionality with strong continuity, enforcing
a coarse constraint over the global geometry without hindering the
discovery of novel folds during the generation process. The effective-
ness of our unique model design has beenvalidated through ablation
studies (Supplementary Results 8). On the basis of this design, we
also propose a number of brand-new, versatile control schemes for
protein structure generation through simple latent-level manipula-
tion. The latent-level control provides a useful supplement to estab-
lished residue-level conditions like the residue-wise SSE and pairwise
adjacency™", which, although valuable, require substantial domain
expertise and supposedly limit the sampling space. Eventually, when
applied to awidely recognized challenging design task, the design of
mainly beta proteins with novel backbone topologies, our approach
allows the diffusion-based generation of mainly beta or even full-beta
novel proteins that have been validated by firm experimental evidence,
without relying on any human predesign.

Considering the broad application of small, single-domain pro-
teins in nowadays practical protein design and engineering**>~*°, the
current version of TopoDiff focuses on the structure generation of
proteins with a length of <256 residues. However, due to its unsuper-
vised nature, the whole frameworkisinherently generalizable to longer
proteins, potentially by enlarging the parameter capacity in networks.
In Supplementary Results 9, we show some preliminary explorations
on the incorporation of the flow-matching technique into the diffu-
sion formula, as well as the scalability of this model on parameter size.
Alternatively, our framework can be customized for the user-defined
categories of proteins, allowing for the learning of class-specific rep-
resentations alongside a specialized generative model. On the other
hand, unlike mainstream design methods and our method, which
generate backbone coordinates and protein sequence in a step-wise
manner, all-atom protein generation has been proposed to further
improve the sequence-structure consistency for the protein under
design®®2, Although immature, these prior works indicate the possible
direction of future improvement for our method.

Methods

Overall model design

In alignment with previous studies”™, we represent the protein as a
list of rigid transformations (residue clouds) in the SE(3)"space. Briefly,
forasequence oflength /, eachresidue is parameterized as the collec-
tion of the translation of its C,atom, denoted as x; € R3,and its orienta-
tion, uniquely defined by the coordinates of three backbone atoms
(C,C,,N)and denoted asr; € SO(3). Collectively, we denote the whole
sequenceas R = {(x, r,)} € SE(3)".

Adistinctive step we took as compared with previous works” " is
the introduction of a protein-level latent variable z € R% with the
fixed-size dimensionality of C,=32, which encodes the essential
information about the global geometry of the underlying structure.
Unlike the length-dependent representation of protein structures
adopted in previous works, the fixed-dimensional representation is
independent of protein size and, thus, allows the mapping of all the
proteinstructuresintoa uniformlatent space. The continuous nature
of this latent space further supports the diffusion-based latent sam-
pling among different protein topologies. In particular, in this work,
we intentionally restrict this latent space to a low dimensionality,
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aiming toidentify the principal degrees of freedom for the description
of protein global geometry. By this means, the latent-level manipula-
tions only impose coarse controls over the protein global geometry
without enforcing strong restrictions on the atomic-level local
structures.

We further model the joint distribution p (®,z) in a hierarchical
fashion. With this formulation, we essentially decompose the genera-
tion process into two steps, namely, the acquisition of z and the sub-
sequent structure-space generation process conditioned onit:

p(R,2)=p@)p(R|Z). @

The conditional generation in the structure space is further
modelled as a diffusion-based process, through which our model is
trained to learn the complex data distribution (Supplementary Fig. 1
shows the model architecture). In brief, we define the forward process
of the diffusion model as a non-learnable Markovian process that
gradually introduces noises to a protein structure 2°towards aprede-
fined prior distribution p,within T steps:

T
q(jelzT|RO) — H q(Rtljet—l) , (2)

t=1

whereas the reverse processis alsoa Markovian process thatlearns to
remove the noise signal conditioned on the latent variable z as

)
Po(RO:T12) = py (R7) [ po (R, 2), ®

t=1

where g and p are the probability distributions for the forward and
reverse processes, respectively, with @ denoting the model parameters.
The training objective is to make an accurate prediction %, for the
ground truth 29, which is, for simplicity, denoted here as the recon-
Struction l0ss £ econ, (R, Ro(R%, . 2)).

Although the current protein structure classification
systems'>?>*2¢3 partially align with our definition and expectation
ofz,several notable drawbacks preclude themas optimal representa-
tions. First, all classification systems implicitly assume protein folds as
discrete islands in the structure space, but overlook the connections
between these discrete collections®’. To enforce this discreteness
in annotation assignments, the systems must rely on subjective and
arbitrary criteria, which often lead to inconsistencies between systems
and frequently cause confusion and controversy****®*, Second, the
explicitrequirement of manual annotations negates the possibility of
scaling up to the whole known structure space or repurposing to some
smaller and specialized dataset, where the annotation is lacking and
the learning of representations is still an intriguing question.

To tackle this challenge, we seek to learn a continuous represen-
tation of zdirectly from the training data. Indeed, alternative to a dis-
crete view, some past studies also suggested that the complete fold
space—and consequently, the space of de novo designed proteins—
should be considered geometrically continuous®**>°°, In light of
past attempts®”!, we incorporate an E(3)-equivariant structure
encoder (with parameters @) to infer z from the input ground-truth
structure following the posterior distribution g,(z|2°) (Supplementary
Methods 1.1showsthe discussion onthe equivalence of E(3) and SE(3)
equivariance in the reprensentation of natural proteins). We model
p(z) withanisotropic Gaussian prior,and add a Kullback-Leibler diver-
genceloss term to encourage a continuous latent structure, effectively
shaping our model into a VAE-like framework. Combined with the
diffusion model, our final training objective is

Arg M Epo -y, () E~ gy al) Fe vt nE g 20)
' @)
[[/recong +ﬂKL (q¢(2|ﬂ0) ” p(z))] .

With this training scheme, we concurrently trained an encoder to
capture the essential information about the global geometry of astruc-
ture and a decoder to sample in the structure space by conditioning
onit. The considerably low dimensionality of the latent and distribution
regularization effect (by the Kullback-Leibler divergenceloss) jointly
force the encoder to capture several crucial degrees of freedom that
account for the variation within the dataset, simplifying the latent
distribution. By encoding all the training samples into the latent space,
we further trained alatent diffusion model to capture this distribution
and eventually achieve unconditional sampling of the structure space
p (®) through the unconditional sampling of p(z) and the conditional
generation of p (®|z) (equation (1)).

Despite the analogy toaclass of latent diffusion models” *inthe
use of latent diffusion, our framework does not strictly follow their
architecture. In Supplementary Methods 1.3, we provide a detailed
discussion of the connections between our method and latent diffu-
sion models, along with additional domain-specific motivations and
benefits.

Dataset and training summary

We prepared two datasets for the training of TopoDiff: the PDB mono-
mer set and the CATH-60 set. The PDB monomer set was directly
collected from the PDB*, and the CATH-60 dataset was constructed
based on the S60 non-redundant domain list from the CATH 4.3
release’. For the training of the structure diffusion module, we used
astrategy that considers both model performance and training effi-
ciency. Specifically, we first trained the structure diffusion module
aloneonthe PDB monomer settolearnagood generative prior to the
protein structure space, and in the later phase, concurrently trained
this base model with a randomly initialized structure encoder in the
aforementioned architecture. A detailed introduction of the dataset
preparation process and the training timeline is provided in Supple-
mentary Methods 1.4 and 1.5, with the essential parameters listed in
Supplementary Tables 1-3.

Visualizing structure representation of different databases

We collected domain-level classification datasets from three different
sources: CATH"?*°, SCOPe** and ECOD?. The structure encoder was
trained exclusively on the CATH dataset, with the preparation and
processing details outlined in Supplementary Methods 1.4. The other
two datasets, SCOPe and ECOD, were used solely during the inference
stage, and werestricted theincluded structures to single-chain proteins
withamaximum of 256 residues. Detailed information for each dataset,
including the version, structure count and classification hierarchy, is
provided in Supplementary Table 6.

To get the representation of each structure, we extracted the
coordinates of C,atoms andinferred through the trained encoder. For
dimension reduction, we applied the --SNE** algorithm to compute the
transformed 2D embeddings of the latent representations. Specifically,
we used the implementation from openTSNE”, with the L2 distance
metric and a perplexity of 50.

To visually assess the agreement of the learned latent space with
human annotations, we coloured the ¢-SNE scatter plot according to dif-
ferent annotation hierarchies. For the top hierarchy of each database,
weused adiscrete colour map to differentiate categories with distinct
colours. Forthe second hierarchy, such as the architecture levelinthe
CATH database, we created subplots for each architecture category,
colouring the samples according to the kernel density estimation®”’
ofthat category onthe 2D latent space, providing a clear visualization
of each category’s distribution.

Definition of evaluation metrics for structure generation

To comprehensively benchmark the quality of structures generated
by various diffusion models, we evaluated the samples with a series of
metrics, each emphasizing a distinct aspect.
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Coverage. We adapt the coverage metric initially proposed in ref. 42
to measure the extent to which a model can cover the natural protein
space. Briefly, we first constructed a K-nearest neighbour (KNN) mani-
fold of all real samples (that is, natural proteins) and then measured
the fraction of real samples whose neighbourhoods encompass at
least one fake sample (that is, structures produced by the generative
models). Formally, for N given samples, the coverage over the target
sample distributionis defined as

NNDy (X)) © = D(Xi Xnnex,.k))

B(x,r) : = {yID(x,y) <r} )

N
. 1
Coverage : = N[Z:llajs.t Y,€B(X;,NND, (X))

where {X;} denotes the set of real samples, {¥;} denotes the set of all
fake samples, NND(X,) stands for the distance from X;to its kth nearest
neighbour in {X;} excluding itself and B(x, r) refers to the hypersphere
around xwith aradius of r.

On the basis of this definition, we need to define a function D(.,-)
tomeasure the distance between two arbitrary structures. Specifically,
we need to compute at least the distance between X;and the kth nearest
neighboursin {X}|j # i} to construct the KNN manifold at the given point,
and then use the distance between X; and its first nearest neighbour
in{Y;} to decide whether X;is covered by an arbitrary fake sample. The
final coverage metric is obtained by averaging the binary indicators
over {X;}. In this work, we computed the metric with two different dis-
tance definitions to demonstrate flexibility and robustness.

The first definition is the complement of the TM-score**”® of the
two compared structures. Tomake the function symmetric with respect
to the order of inputs, we define it based on the average of the query
TM-score and the target TM-score:

TMguery(query, target) + TM, e (query, target)

Dry=1- .

(6)

This distance definition is a natural choice as the TM-score is
designed tomeasure theglobal structural similarity and has beenwidely
used for structure evaluation”. However, due to its use of dynamic
programming and heuristic iterative algorithms to refine for optimal
solutions, the computation of this metric is generally non-parallelizable
and will be exceptionally slow when comparing asampled structure to
all natural structures. Therefore, we also provide a faster-speed alter-
native, taking the distance defined by a third-party structure searching
model®, which uses supervised contrastive learning tolearn an embed-
ding vector (emb) of each protein for structure comparison:

T
DProgres =1- e"‘bquery . embtarget~ (7)

In practice, the pairwise distance between the natural structures
is precomputed with both approaches for reuse.

The choice of the hyperparameter k of KNN should be determined
before the computation of the metric. Following the recommendation
inthe original study*’, we chose kbased on the principle thatasample
sizeequivalent to the artificial samples from the very same distribution
of real samples could achieve a coverage close enough to1. Todo this,
weinitially randomly sampled 500 natural chains as the pseudo-query
set, used the remaining chains as samples from the target distribution
and then computed the coverage of the pseudo-query set against the
target distributions for different choices of k. On the basis of such a
scheme, we ultimately used k=100 for all experiments, although we
found that different choices of k generally do not alter the relative
rankings of the evaluated models (Supplementary Fig. 11).

When comparing the samples of a fixed length to the natural pro-
tein distribution, at each sampling length /, we considered all natural

protein structures in the CATH-40 dataset® lying within the interval
of [[-25,1+25].

Diversity. To compute the diversity of N samples, we first used
TM-align’® to compute the pairwise TM-scores. Then, we clustered
the samples with a cut-off of 0.6. The proportion of the total clusters
to the total number of samples N was reported as diversity: a higher
scoregenerally indicates that the generated samples are more diverse.

Designability. To assess the designability of a given sample, we first
used ProteinMPNN®' to sample eight amino acid sequences with atem-
perature of 0.1. Subsequently, the sequences were fed to ESMFold® to
infer the structures. The minimum RMSD of the inferred structures to
the given sample was reported as scRMSD: a smaller value generally
implies that the sample is more designable.

Novelty. To assess the novelty of a given sample, we began by using
Foldseek® to query the sample against the CATH-40 dataset® with the
parameter -a1-exhaustive-search 1-einf-c 0.5 —alignment-type 1. As
Foldseek uses a slightly different implementation of TM-align’®, we
subsequently selected the top 25 matches from the query results with
the highest TM-scores and recomputed the alignment with TM-align.
The highest TM-scoreto the chainsinthe dataset was reported as maxTM
(Ilengthnormalized by the sampled structures), representing the novelty
of asample: ahigher score generallyimplies that the sampleisless novel.

In the experimental validation section, to assess novelty against
the full PDB scope, we used Foldseek® to query the entire PDB (dataup
to February 2023) withthe parameters‘-al-exhaustive-search0-einf-c
0.5 -alignment-typel’ (with exhaustive pairwise search disabled). The
top 25 matches were then realigned using TM-align, and the highest
query TM-score was reported.

Benchmark on unconditional sampling

All benchmark experiments were conducted with TopoDiff model v.
1.1.2 (Supplementary Table 1). For each model evaluated in the bench-
mark testing, we randomly sampled 500 structures at each length of
{50, 75,100, 125, 150, 175, 200, 225, 250}. We first computed metrics
based onall 500 samples at eachlength to get aseries of values reflect-
ing the length-dependent performance for each model. Since some
sampled structures tended to exhibit considerably low designability as
well as high novelty and diversity due to structural defects, leading to
anoverestimation of these metrics, we alsoimplemented an additional
step to filter the samples by only preserving those with scRMSD <2 A
and recomputed the metrics at each length. Finally, for each metric, we
averaged outalongall the sampled lengths to present anindication of
its overall performance. We used the length-averaged metrics to draw
the radar plot (Fig. 3c).

Co-visualization of latent space and generated structures

To project the latent codes of sampled structures onto the ¢-SNE
dimension-reduced manifold, we used the transform method imple-
mented in openTSNE” to embed the newly sampled latents into the
same space that we used for the CATH dataset visualization. Briefly,
following the same basic principles as conventional ¢-SNE, the positions
of the background embeddings were kept fixed, and each sampled
latent was optimized independently with respect to them. We only
selected the latent codes associated with the fairly designable and
novelsamples (thatis, scRMSD < 2 Aand CATH-maxTM < 0.7). Finally,
we also co-visualized some sampled structures spanning the entire
latent manifold, providing a visual context on the sampled structures
and their spatial relationships with respect to the latent codes.

Tuning model preference by latent-space rejection sampling
To tune the sampled latent distribution, we began by training latent
classifiers that predict the structural properties of the given latent
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codes (Supplementary Methods 1.6). We further used these latent
classifiers to conduct rejection sampling over the sampled latents,
obtaining variants of the model with distinct sampling preferences.
Recall that p,(z) is the base distribution; we unconditionally sample
from the latent diffusion module. Our goal is to reweight the sam-
pled latent distribution using a set of trained classifier functions
fi@),... f,(z) and corresponding thresholdsc,,...,c,based on an accep-
tance probability function a(z), such that the resulting latent distribu-
tion p,...p(2) (and eventually the sampled structure distribution) would
be shifted towards our intended preference.

Specifically, for each variant, we first defined a series of length-
dependent thresholds in terms of the designability (scRMSD) and
novelty (maxTM) of the sampled structures. For simplicity, we only con-
sidered three possible variants: designability-prior (sampling highly
designable structures with the designability classifier), novelty-prior
(sampling highly novel structures with the novelty classifier) and
all-round (sampling structures with fairly high designability and
novelty when collectively using both classifiers). The exact thresholds
we used at various sample lengths are summarized in Supplementary
Table 4.

Intuitively, we want to sample the latent codes with a higher prob-
ability when they match the expectation, and lower if not. To achieve
this aim, we define an acceptance probability function a(z), requir-
ing that z is accepted with the probability of 1 only if approved by all
classifiers and with the probability of 0.1if denied by any classifier:

1, iffi(z) < c;foralli=1...n, ®
= 8
0.1, iffi(z) > c;foranyi=1...n.

Theresulting probability density function after applying the rejec-
tion sampling procedure is

Po(z) - a(2)

Z accept

9

paccept,s(z) =

where py(z) is the original latent distribution sampled from the latent
diffusion module,

a(z) is the combined acceptance probability as defined above
and Z,.., is the normalization constant, ensuring that p, .., 4(2) inte-
gratestol.

This formulation ensures that the resulting distribution
Paceep,0(2) reflects the collective influence of all the classifiers. By
training all modules once and setting different combinations of
these thresholds, we shifted the sampled distribution to match our
expectations as closely as possible.

For each variant, we sampled 500 structures per sample length
using the given latent sampling strategy, and computed all metrics
following the definition introduced in the benchmark section.

Sampling of structures with similar global geometry

To sample structures sharing similar global geometry with respect to
areference structure, we encoded the query structures in our CATH
training set using the trained encoder, and randomly resampled
five structures with each inferred latent code. We selected refer-
ence structures with a wide variety of their SSE compositions and
spatial arrangements, and listed their original structures and the five
non-cherry-picked samples side by side.

Sampling of structures with latent code interpolation

For the interpolation experiment, we first randomly chose a number
of candidate pairs of samples from the CATH training set. For each
candidate pair, we conducted a linear interpolation to get ten latent
codes evenly located between the two termini. Finally, we randomly
selected a chain length between 75 and 150 residues, and sampled a
structure with each latent code.

For structure sampling, weimplemented with a setting that mini-
mizes the stochasticity introduced into the reverse sampling process
(Supplementary Table 5). Specifically, in the R3 space, we used the
denoising diffusionimplicit models®* formulationinstead of the default
denoising diffusion probabilistic models”, where the reverse sampling
processisreformulated inanoise-free way that 2! is deterministically
derived given ®¢, %4 and the noise schedule. Similarly,inthe SO(3) space,
weused ascorescaleof1or2andanoisescaleof O, suchthatthereverse
sampling process would also introduce no additional stochasticity.
By using this reverse sampling setting, we ensured that the generated
structures are solely determined by the initial state of noise sampled
fromthe SE(3)'space and the conditioned latent code. For the structure
generation of each series of interpolated latent codes, we further
fixed the random seed used for the initial-state sampling, so that the
only difference between the generation of each structure is the latent
codeitself. By this means, we could ensure that the generated structures
are more consistent with the latent code they are conditioned on
andreduce unwanted variability caused by sampling stochasticity.

Sampling of structures with motif scaffolding

For the motif scaffolding experiment, we selected three representa-
tive motifs from the RFDiffusion work”, whose original structures
adoptdistinct secondary structures (mainly alpha, mixed of alphaand
beta, and mainly beta). We largely followed the experimental setting
introduced in the original study”. Specifically, each design case was
first associated with a detailed setting on the motif information and
constraints, such as the total length of designs, motif definition and
sequential position of motif on designs. Subsequently, we randomly
sampled 5,000 valid combinations of constraints and latent codes, and
used these combinations for structure sampling. For each generated
structure, we designed eight sequences with ProteinMPNN® and folded
them with ESMFold®. The designs were marked successful if global
scRMSD < 2 A and motif scRMSD < 1 A. We kept these settings as close as
possible with respect to the original study”, except for two differences.
First, for the two-strand 4ZYP motif, since the originally designed
length (-30-50) was too short to adopt most of the stable mainly beta
topologies, we kept the motif fixed and increased the sample length to
~90-110.Second, during sequence design, we did not freeze the motif
sequence as our structure diffusion module was not specifically trained
tobe aware of the motif sequence information. The final motif design
constraints are summarized in Supplementary Table 7.

Foreach motif, we gathered allthe successful designs and projected
the correspondinglatent codes onto the t-SNE dimension-reduced plot.
The scatter plot is visualized as a heat map, with each point coloured
according to the kernel density estimation’®”” of the successful designs
onthet-SNE space. We also co-visualized the generated structures from
eachregion of the manifold to demonstrate the diversity and control-
lability of the global geometry. In the structural presentation, the motif
partis coloured in yellow and the rest, in sky blue.

Inssilico design of novel mainly beta proteins

Dueto the asynchronous development of the model, all the experiment
validationsin this section were conducted using TopoDiff model v.1.1.1
(Supplementary Table1). All the supplementary modules (for example,
latent diffusion module, latent classifiers and so on) used in this experi-
ment were also trained based on this version. Briefly, we first sampled
anumber of protein backbones using the aforementioned rejection
sampling strategy to focus the sampling on mainly beta proteins with
good novelty and designability. We then adopted athree-stage filtering
pipeline to generate the sequence designs and screen for designs with
exceptionally good inssilico quality.

Specifically, we began by generating novel protein backbones
through four rounds of sampling. For each round of sampling, we first
sampled 17,500 backbones (2,500 samples from each of the seven
proteinlengths between 50 and 200 residues), and applied astringent
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filtering criterion to identify some of the most promising mainly beta
designsin terms of novelty and designability. In the first round of sam-
pling, we conducted a completely unconditional sampling, resulting
in 33 backbones with 70 sequence designs. In the three subsequent
rounds, we gradually incorporated latent classifiers to reweight the
sampled latent distribution based on the predicted beta ratio, nov-
elty and designability. This approach effectively enforced in silico
enrichment towards latent codes that were likely to decode into
novel, designable mainly beta proteins, yielding afourfoldincreasein
successful designs when using all three classifiers.

Finally, out of the 403 resulting backbone with 950 sequence
designs, we selected 21 designs ranging from 50 residues to 200 resi-
dues for experimental validation. The structure sampling and the in
silicoselection processes are schematically summarizedin Supplemen-
tary Fig.2and are elaborated in detail in Supplementary Methods 2.5.

Protein expression and purification

Genes encoding the selected designs were synthesized from GenScript,
cloned onto the pET-29b(+) vector using GoldenGate assembly (NEB,
R3733L and M0202T), verified with Sanger sequencing, and trans-
formed into the BL21 (DE3) . coli strain (Tsingke, TSC-E06). Protein
expression was induced in the Terrific Broth medium with 50 pg m1™
of kanamycin overnight at 37 °C. Protein expression was confirmed
by western blotting against the N-terminal His tag (Proteintech,
66005, SA00001-1). Bacterial cells were harvested by centrifugation,
resuspended and homogenized in lysis buffer (50 mM of phosphate,
300 mM of NaCl,30 mM of imidazole, pH 8.0), and lysed by sonication.
Lysates were cleared by centrifugation (4 °C, 12,000g, 60 min). The
supernatants were loaded onto Ni-NTA columns (Solarbio, P2010)
pre-equilibrated with a lysis buffer. The columns were washed with
ten column volumes of lysis buffer, followed by ten column volumes
of high-salt wash buffer (50 mM of phosphate, 1M of NaCl, 30 mM of
imidazole, pH8.0), five column volumes of high-imidazole wash buffer
(50 mM of phosphate, 300 mM of NaCl, 50 mM of imidazole, pH 8.0)
andeluted inan elution buffer (50 mM of phosphate, 300 mM of NaCl,
500 mM of imidazole, pH 8.0).

SEC

Eluted protein samples from Ni-NTA purification were concentrated
using Amicon Ultra 3 kDa MWCO concentrators (Merck Millipore,
UFC900308) to a final volume of 1.2 ml, and were further purified by
SECusingaSuperdex 75increase 10/300 GL column (Cytiva, 29148721).
Fractions were collected for further analysis, according to the
lightabsorption at 280 nmand the results of sodium dodecyl sulfate-
polyacrylamide gel electrophoresis.

CD

CD spectra from 190 nm to 280 nm were recorded at 25 °C and 95 °C
using al-mm-path-length cuvette using a Chirascan Plus CD spectrom-
eter (Applied Photophysics). The background spectra were acquired
across the same spectral range and manually subtracted. The processed
CDdata (in millidegrees) were further normalized by the sample con-
centrationand the sequence lengthto derive the meanresidueelliptic-
ity. Temperature melts were conducted in 1°C steps (heating rate of
1°C min™) by measuring the signal of samples prepared at 0.2 mg ml™*
in phosphate-buffered saline buffer (25 mM of phosphate, 150 mM of
NaCl, pH 7.4) at a wavelength of 215 nm.

Crystallization and structure determination

Crystallization was screened at 16 °C by sitting-drop vapour diffusion
using commercial kit sets. For the design B10, before screening, the
proteinwas concentrated to10.6 mg ml ™., Crystals of diffraction quality
were obtained under two conditions: (1) 30% (w/v) of PEG-3350, 0.1 M
of Tris-HCI, 0.2 M of NaCl, pH 8.5; (2) 30% (w/v) of PEG-400, 0.2 M
of sodium citrate tribasic dihydrate, 0.1 M of Tris-HCI, pH 8.5. The

collected crystals were then flash cooled in liquid nitrogen without
cryoprotection. All data were collected on 02U1 at the Shanghai Syn-
chrotron Radiation Facility and processed with HKL2000%. Phenix®
was used for molecular-replacement structure determination and
subsequent refinement, using AlphaFold2" prediction as the initial
model. Manual rebuilding was performed in Coot®, and all the molecu-
lar graphics were generated with PyMOL®* and ChimeraX®’.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

The dataset used for model training, along with the trained model
weights, benchmark data and protein designs selected for experi-
mental validation, is available via Zenodo at https://zenodo.org/
records/13879811 (ref. 90). The crystal structure models have been
depositedinthe Protein DataBank (accession codes 9KGZ and 9KGY).
Source data are provided with this paper.

Code availability

The TopoDiff modelisimplemented in PyTorch. Full scripts (including
thetraining code) and guidance for utilizing the model are available via
GitHub at https://github.com/meneshail/TopoDiff/tree/main (ref. 91).
Areproducible code capsule of TopoDiffis available via CodeOcean at
https://doi.org/10.24433/C0.8705528.v1 (ref. 92).
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Extended Data Fig. 1| Persistent underrepresentation of mainly-beta
proteinsin de novo design. All de novo designed proteins deposited in PDB

up to September 2024 were collected from the PDA database, and filtered to
exclude small peptides (length < 50) as well as designs originating from sequence
mutations or redesigns of naturally occurring backbones (maximum TM-score
to PDB >0.9). (a) Cumulative number of de novo protein design entries over

the time. General proteins and mainly-beta proteins (with beta ratio > 0.5) are

colored inblue and purple, respectively. (b) Distribution of natural proteins

of the CATH dataset (left) and de novo designed proteins (right) based on the
proportion of beta sheets. (c) Scatter plot of all de novo designed proteins, where
the horizontal axis represents novelty (maximum TM-score to PDB) and the
vertical axis represents the proportion of beta sheets. Each protein is denoted as
apoint, colored based on protein length. Detailed discussion of these data could
be found in Supplementary Results 6.3.
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Reporting Summary

Nature Portfolio wishes to improve the reproducibility of the work that we publish. This form provides structure for consistency and transparency
in reporting. For further information on Nature Portfolio policies, see our Editorial Policies and the Editorial Policy Checklist.

Statistics

For all statistical analyses, confirm that the following items are present in the figure legend, table legend, main text, or Methods section.
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The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement
A statement on whether measurements were taken from distinct samples or whether the same sample was measured repeatedly

The statistical test(s) used AND whether they are one- or two-sided
Only common tests should be described solely by name; describe more complex techniques in the Methods section.

A description of all covariates tested
A description of any assumptions or corrections, such as tests of normality and adjustment for multiple comparisons

A full description of the statistical parameters including central tendency (e.g. means) or other basic estimates (e.g. regression coefficient)
AND variation (e.g. standard deviation) or associated estimates of uncertainty (e.g. confidence intervals)

For null hypothesis testing, the test statistic (e.g. F, t, r) with confidence intervals, effect sizes, degrees of freedom and P value noted
Give P values as exact values whenever suitable.

For Bayesian analysis, information on the choice of priors and Markov chain Monte Carlo settings

For hierarchical and complex designs, identification of the appropriate level for tests and full reporting of outcomes
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Estimates of effect sizes (e.g. Cohen's d, Pearson's r), indicating how they were calculated

Our web collection on statistics for biologists contains articles on many of the points above.

Software and code

Policy information about availability of computer code

Data collection  The TopoDiff model is implemented in PyTorch. Full scripts (including the training code) and guidance for utilizing the model are available at
https://github.com/meneshail/TopoDiff/tree/main.

Data analysis Python 3.8.7, PyTorch 2.0.1, openTSNE 1.0.1, POT (Python Optimal Transport) 0.9.3, seaborn 0.12.2, NumPy 1.23.5, SciPy 1.10.1, Foldseek
(c7e4a37856b49438eaee03bbfcdf1588cbce0695), TM-tools 0.0.3

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Portfolio guidelines for submitting code & software for further information.

Data

Policy information about availability of data

All manuscripts must include a data availability statement. This statement should provide the following information, where applicable:

- Accession codes, unique identifiers, or web links for publicly available datasets
- A description of any restrictions on data availability

- For clinical datasets or third party data, please ensure that the statement adheres to our policy

The dataset used for model training, along with the trained model weights, benchmark data and protein designs selected for experimental validation, are available
at https://zenodo.org/records/13879812.
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Human research participants

Policy information about studies involving human research participants and Sex and Gender in Research.

Reporting on sex and gender Not applicable

Population characteristics Not applicable
Recruitment Not applicable
Ethics oversight Not applicable

Note that full information on the approval of the study protocol must also be provided in the manuscript.
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Field-specific reporting

Please select the one below that is the best fit for your research. If you are not sure, read the appropriate sections before making your selection.

|Z Life sciences |:| Behavioural & social sciences |:| Ecological, evolutionary & environmental sciences

For a reference copy of the document with all sections, see nature.com/documents/nr-reporting-summary-flat.pdf

Life sciences study design

All studies must disclose on these points even when the disclosure is negative.

Sample size The sample size was determined based on the previously reported success rate of de novo protein design and the number of diverse designs
that successfully met our computational filtering criteria.

Data exclusions No data were excluded from this study.

Replication Protein purification, SEC, SDS-PAGE and CD were performed at least twice for each experiment. For the proteins that yield crystal structure,
the preparation of crystallization samples was repeated twice using different batches of pure proteins on separate days. All replication
attempts were successful.

Randomization | Randomization is not relevant to the study.

Blinding Blinding is not relevant to the study.

Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.

Materials & experimental systems Methods
Involved in the study n/a | Involved in the study
IZ Antibodies IZ |:| ChlIP-seq
|:| Eukaryotic cell lines IZ |:| Flow cytometry
|:| Palaeontology and archaeology IZ |:| MRI-based neuroimaging

|:| Animals and other organisms

|:| Clinical data
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|:| Dual use research of concern
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Antibodies

Antibodies used His-Tag Monoclonal Antibody (Mouse, proteintech, 66005, 1:2000 in TBST)
HRP-conjugated Goat Anti-Mouse IgG(H+L)(Goat, proteintech, SAO0001-1, 1:5000 in TBST)




Validation The antibodies were used to comfirm the expression of selected designs by Western blot against N-terminal his-tag. All antibodis
were purchased from commercial sources. The verification statements can be found at the manufacturers' website.
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