ProxelGen: Generating Proteins as 3D Densities
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Abstract

We develop ProxelGen, a protein structure gen-
erative model that operates on 3D densities as
opposed to the prevailing 3D point cloud repre-
sentations. Representing proteins as voxelized
densities, or proxels, enables new tasks, condi-
tioning capabilities, and a straightforward path
for employing convolutional model architectures
with different inductive biases than previous gen-
erative models. We generate proteins encoded
as proxels via a 3D CNN-based VAE in conjunc-
tion with a diffusion model operating on its latent
space. Compared to state-of-the-art models, Prox-
elGen’s samples achieve higher novelty and better
FID scores while maintaining designability of the
training set. ProxelGen’s advantages are demon-
strated in a standard motif scaffolding benchmark,
and we show how 3D density-based generation
allows for more flexible shape conditioning.

1. Introduction

Recent advances in protein structure generation have ex-
plored a wide array of modeling choices, ranging from
architectures to generative processes (Yim et al., 2024b).
The focus of our work, however, is on equally fundamen-
tal yet unexplored aspect of structure generation: protein
representation. Currently, the predominant representation
is to express protein as sequences of geometric features,
such as frames (Yim et al., 2023b;a; Bose et al., 2024),
three-dimensional coordinates of the Ca (Lin et al., 2024,
Geffner et al., 2025), or all atoms (Chu et al., 2023). This
convergence on atomistic representations influences many
downstream modeling choices ultimately limiting models’
performance and capabilities.

In this paper, we explore an alternative representation of
protein structure based on 3D densities called proxels (short
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for protein elements). Proxels are three-dimensional arrays,
where each entry is the value of a function at a point in a
three-dimensional grid, in the same way a pixel is the mea-
sured color intensity at a point in a two-dimensional grid.
The proxels have multiple channels, each corresponding to
a different function that encodes different information. For
example, three of the channels sample Gaussian densities
concentrated around the C, Cc, and N atoms in order to rep-
resent the protein backbone. To leverage this representation,
we introduce ProxelGen, a latent diffusion model that di-
rectly operates on proxels. As shown in Figure 1, ProxelGen
samples proteins encoded as proxels via a 3D CNN-based
VAE in conjunction with a diffusion model operating on its
latent space.

ProxelGen takes advantage of several features of proxels
that distinguish it from previous work, enabling new tasks
and conditioning capabilities:

¢ Coarse-Graining Proxels can be naturally coarse-
grained by averaging across spatial positions. We
leverage this by training ProxelGen in the spatially
compressed latent space of a VAE, achieving a 512 x
compression in dimensions.

* Convolutional Architecture The VAE and flow model
in ProxelGen use spatial convolution, imbuing them
with inductive biases that are novel to the protein struc-
ture generation field. In comparison, most atomistic
models use the same overarching transformer archi-
tectures operating either on frames, residues, atoms,
or pairs of residues, and thus share many of the same
inductive biases and disadvantages such as quadratic
or cubic scaling in the length of the protein. On the
other hand, ProxelGen scales with the resolution of
the proxel grid, rather than the number of residues or
atoms in the protein.

» Spatial Conditioning ProxelGen can naturally condi-
tion on spatial information, such as shapes or motifs
specified as voxels or proxels, by directly concatenat-
ing to the model’s input. For instance, proteins can be
inpainted simply by masking out a region in space. For
the same task, previous conditional generative models
used for motif scaffolding not only require manual pre-
specification of the size of the protein, but also of how
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Figure 1. ProxelGen trains 3 separate models. First, an autoencoder that spatially compresses our proxel-based protein representation
into latents. Second, a latent flow model trained to generate latent protein representations, which are obtained from the encoder that
compresses a protein’s proxel representation (encoder weights remain frozen while the flow is trained). Third, a coordinate decoder flow
model that learns to decode latent voxels to 3D point clouds for applications where a point cloud protein representation is desired. At
inference time, the two flow models are composed to sample protein structures by first generating latent proxel representations and then
decoding them to 3D point clouds via the coordinate decoder flow model.

the designed residues map to the motif residues.

* Fixed Dimensions The dimensions of the proxels do
not need to change as a function of the number of
residues or chains in the protein as opposed to atomistic
representations. ProxelGen thus does not require any
specification of the length of the protein in advance. In
contrast, the dimension of the atomistic representation
is inherently tied to the size and composition of the
protein, requiring the prespecification of the number of
residues and chains. This issue only becomes worse in
all-atom generative models, where the number of atoms
is tied to the identity of the residues in the protein.

Empirically, ProxelGen’s samples are more novel and show
a better alignment to the training distribution than recent
state-of-the-art models such as Proteina (Geffner et al.,
2025), while maintaining the same level of designability
as the proteins from the AFDB training data. Moreover, we
demonstrate the advantages of ProxelGen’s spatial voxel-
based conditioning abilities. ProxelGen is able to generate
structures based on arbitrarily specified 3D shapes, and in a

standard motif scaffolding task, ProxelGen improves upon
baselines in tasks where the motif topology is more com-
plicated than a simple contiguous sequence. For example,
ProxelGen finds 12 unique successful designs on a 4 seg-
ment motif, as opposed to a single successful design for all
other methods.

2. Background

Protein Structure Generation. Deep learning approaches
for protein structure generation aim to aid biological dis-
covery by proposing solutions to conditional design tasks
such as motif scaffolding (Yim et al., 2024a) and binder
design (Watson et al., 2023). Toward this, a crucial bench-
mark has been unconditional protein structure generation,
based on which several axes of model design have been
explored. These include architectures (Lin and AlQuraishi,
2023; Lin et al., 2024; Geffner et al., 2025), generative mod-
eling paradigms and processes (Yim et al., 2023a; Bose
et al., 2024), and which geometric priors should be captured
in the architecture (Wagner et al., 2024; Geffner et al., 2025)



or generative process (Yim et al., 2023b).

Meanwhile, alternative representations for protein structures
remain largely unexplored. The main extent to which vari-
ations of protein representation have been considered are
variations of 3D point clouds: geometric frames (Yim et al.,
2023b), a-carbons (Lin et al., 2024; Geftner et al., 2025),
and all-atom representations (Chu et al., 2023). We ar-
gue that considering a density-based protein representation
opens the door for new types of conditioning and control-
lable generation, favorable inductive biases, and employing
optimized and scalable architectures from image generation
literature.

Density-based Generative modeling. With 3D density-
based modeling, we refer to representing proteins via one or
multiple functions f : R® — R that assign a density to each
point in 3D space. Such fields could, e.g., be the electron
density or an artificially constructed density to capture the
protein’s shape and properties. To represent them compu-
tationally, we can discretize them into 3D grids of voxels.
Operating on densities introduces a new set of possibly ad-
vantageous prior knowledge, similar to how operating on 3D
point cloud representations imbues models with inductive
biases that may be helpful for reasoning about biomolecules
(a bias toward reasoning about distances and underlying
atomic interactions). Reasoning about densities may be a
further step in this direction, in that modeling electron den-
sities can be considered closer to modeling the underlying
physical interactions than reasoning about atoms.

Employing this richer density representation as a generative
modeling target has also proven fruitful in small molecule
generation (Pinheiro et al., 2024a; Zhang et al., 2024; Pin-
heiro et al., 2024b; Dumitrescu et al., 2025). In contrast,
ProxelGen explores the use of such representations for pro-
teins for the first time. Compared to small molecules, pro-
teins present unique challenges due to their larger size and
their chain-like nature which forms an important implicit
constraint on the densities.

Latent Diffusion and Flow Models. Diffusion or flow
models (Song et al., 2020; Liu et al., 2022; Lipman et al.,
2022; Albergo and Vanden-Eijnden, 2022; Albergo et al.,
2023) are a class of generative models that parameterize a
time-dependent vector field vg ¢, which can be integrated to
evolve noise from a chosen prior distribution xy ~ pg to
samples from the desired data distribution x; ~ p;. Latent
diffusion approaches train two models and compose them
at inference time to obtain a generative model: a variational
autoencoder (VAE) (Kingma and Welling, 2022) and a flow
model trained to generate objects from the VAE’s latent
space.

Protein structure generation has struggled to obtain benefits
from latent diffusion or flow approaches (Fu et al., 2023;

McPartlon et al., 2024; Lu et al., 2025a; Yim et al., 2025),
possibly due to their use of 3D atomistic representations
that change their dimensionality with the number of atoms
and are hard to compress into a favorable fixed-size latent
space. Operating on densities discretized as 3D voxel grids
instead allows ProxelGen to leverage modern, highly op-
timized deep learning machinery developed for 2D pixel
grids (images).

3. Method

3.1. Proxel Representation

We represent proteins as proxel (protein element) arrays:
multi-channel 3D arrays P € REXH*WxD ‘which can be
seen as a discrete sampling of C' continuous functions on a
regular grid of points in 3D. We use the different channels
to represent different information about the protein.

Backbone Channels We use 3 channels to encode the
positions of the C, Ca: and N backbone atoms. Taking the
Ca channels as an example, let z1,...,zxy € R3 be the
atom coordinates. This is represented as a singular density,

f(=) =Z<5xi<:c>- (1)

In order to expand the support of this density, it is convolved
with a Gaussian kernel to give,

g(z) = (G f)(z) = ZG(xfxi), )

which is then sampled on a discrete grid,
Pt = g(wije), 3)
with grid points given by,

i,J,k € [H] x [W] x [D]

4)
where x is the lower left corner of the grid and e;, es, e3
are the standard basis vectors,

Tijr = ie1 + jea + keg + o,

Bond Channel The fourth channel encodes the backbone
bonds. For each pair of bonded backbone atoms (z},z?) €
R? x R3, we place density at the midpoints 7; = (x} +
xf) /2, convolve with a Gaussian, and sample on the grid as
above:

el =gz, g(x) =) Gla—3,). ()

Chain Flow In protein design practice, the final produced
protein descriptor is its sequence that can be synthesized and



o
<

e

iy,

%

e

Figure 2. Unconditional Samples. Top row: chain flow of generated proxels. Bottom row: decoded atomic structures.

experimentally tested. For this purpose, we need to be able
to decode our proxel representations to an ordered sequence
of amino acids. Hence, proxels and their latent features
need to carry information which we term the chain flow -
information for each part of the represented density about
which density follows it in the protein’s chain ordering.

We encode this as a vector field that flows along the back-
bone from the N terminus to the C terminus. Concretely, let
v1,...,un—1 € R3 denote the sequence of vectors connect-
ing successive Ca positions in the backbone, v; = x;41 —x;.
Furthermore, let Z; = (x;4+1 + x;)/2 denote the midpoints
between Ca’s. The vector field is then,

Q)

Because the vector field takes values in R?, this accounts
for three channels in the voxel representation.

Finally, note that as a practical consideration, this proxeliza-
tion process can be done very fast. Each density is a sum of
terms that can be processed in parallel, taking advantage of
Single Instruction Multiple Data (SIMD). More details are
given in the appendix.

3.2. Latent Flow Model

In order to handle large proxel arrays, we follow the ap-
proach in latent diffusion (Rombach et al., 2022; Vahdat
et al., 2021) and learn a spatially compressed representation
of the proxels. Concretely, we learn latents I, € R¢*/xwxd
where h = H/f, w=W/f,d= D/ f for some downsam-
pling factor f and ¢ # C in general. We learn L using a
B-VAE with an encoder F, which predicts the parameters
of a Gaussian in latent space given proxels as input and a
decoder Dy, which produces proxels given a latent. Letting

1 denote the data distribution of proxels P, the objective is

Lae = Epp,p),poulllDy(L) = PII3]
+ BKL(Es(P)|N(0,1)). (7)

In practice, S is chosen to be very small in order to achieve
a good reconstruction loss. Because of the sparsity of the
proxels, we also found that the variances predicted by the
encoder varied heavily between empty regions and regions
occupied by the protein structure. This introduces an irregu-
lar geometry in the latent space, where the embedded data
distribution is concentrated very tightly in some dimensions
(regions occupied by the structure) and very diffuse in other
dimensions (empty regions). To alleviate this, we force the
distribution predicted by Fg to have an identity covariance
matrix. Note that this effectively reduces the KL penalty to
an Lo penalty on the predicted latents, preventing the latent
distribution from spreading out too much, which can hinder
downstream generative modeling.

After training the VAE, its weights are fixed, and we train a
flow model to generate the latents L. We use a linear stochas-
tic interpolant (Albergo et al., 2023) and train a model to
predict the velocity,

»CFlow =
Epmp, 2o tnu[lI56(Z0) — (Eg(P) = Z)IIP], (8)

where Z, = t- E4(P) + (1 — t)Z and v is a timestep
distribution supported on [0, 1]. In practice, we found it
helpful to bias this distribution towards earlier times. See
appendix App. A.1 for details.

3.3. Conditional Generation

We also consider conditioning on spatially structured inputs,
such as masked proxels or voxelized volumes. Concretely,
let I € R”*WXD be the conditioning input. Because our



generative model operates in a spatially compressed latent
space, we first map the input down to a similarly spatially
compressed input I, using a condition encoder with the
same architecture as the VAE encoder E. The compressed
input is then fed into the generative model by channel-wise
concatenation, so that the model sees the part of the input
relevant to each spatial location. The condition encoder is
trained concurrently with the generative model, in contrast
to the VAE encoder, which is pretrained separately.

3.4. Structure Recovery

Because atomic or frame representations of proteins are
ubiquitous, we also consider how to decode from proxels
back into a backbone representation. This allows us to, for
example, use inverse folding models like ProteinMPNN to
design sequences based on our generated structures and eval-
uate self-consistency RMSDs for comparison with previous
methods.

To achieve this, we fine-tune an atomistic flow model to
generate structures conditioned on proxels. Specifically, we
finetune a small Proteina (Geffner et al., 2025) model to
generate structures conditioned on generated proxels. To
condition the model, we first tokenize the proxels by taking
spatial patches, in the same way that images are tokenized in
vision transformers. However, in order to reduce the number
of tokens used to represent the proxels, we only tokenize
the latent representation of the proxels. We also add a 3D
sinusoidal positional embedding to the proxel tokens.

These latent proxel tokens are then injected into each layer
of the model by concatenating them to the regular tokens
that Proteina operates on, where we also allow the proxel
tokens to be updated by each layer of the model. This
method avoids the need to add any additional layers into
the model, which we finetune from a unconditional Proteina
checkpoint.

In order to avoid the need to finetune a much larger and
more computationally demanding Proteina architecture, we
opt to finetune a small 60M parameter version and then use
a larger pretrained unconditional 200M parameter Proteina
model to refine the decoded structures. Empirically, we
found that this refinement step helps designability with only
slight changes to the structures. We hypothesize that the
small model may not fully respect local geometry such as
bond lengths and angles leading in turn to poorly designed
sequences due to ProteinMPNN’s sensitivity to backbone
geometry.

3.5. Self-Supervised Proxel Representations

In order to directly evaluate the proxels generated by our
model, we opt to use the Frechet Inception Distance (Heusel
et al., 2017), which compares the similarity of two distribu-

tions in a latent space (see Sec. 4.1 for more details). By
comparing the samples generated by the model to the train-
ing set, we can assess how well it has learned the desired
distribution. This metric has also recently been applied to
evaluate protein generative models (Geffner et al., 2025;
Faltings et al., 2025; Lu et al., 2025b). In order to adapt the
FID to proxels, we learn self-supervised representations of
proxels using contrastive learning. Specifically, we train a
3D ResNet using SimCLR (Chen et al., 2020), which we
refer to as ProxCLR. See App. A.2 for more details.

4. Experiments

The goals of our experiments are to (1) demonstrate that
generating realistic and diverse protein structures is possible
using our proxel representation and (2) demonstrate new
capabilities enabled by the representation. We thus first eval-
uate unconditional generation, followed by two applications
to motif scaffolding and shape-conditioned generation.

4.1. Experimental Details

We first give general experimental details on inference set-
tings and evaluation metrics. See Appendix A.1 for details
on data processing, model architectures, and training.

Sampling Many protein structure generative models use
some form of low-temperature sampling to optimize for des-
ignability, such as using a larger step scaling when integrat-
ing the flow field (Geffner et al., 2025), using a lower noise
scale in the sampling SDE (Watson et al., 2023), or anneal-
ing rotations faster than translations in frame-based models
(Bose et al., 2024). However, previous work (Faltings et al.,
2025) suggests that optimizing for designability may not
be desirable. Moreover, better unconditional designabil-
ity may not necessarily translate to better performance on
relevant tasks such as motif scaffolding. Instead, we tune
our model towards the FID and find that moderate step size
inflation improves the FID, but overly large ones (i.e., low
temperatures) hurt the FID, likely because the model could
drop parts of the distribution at low temperatures. Based
on our previous observation in Sec. 3.2 that the early time
steps are important for generation quality, we integrate the
vector field with a smaller step size at early time steps so
that more function evaluations are spent in the initial parts
of generation.

Evaluation Metrics We use several metrics for evaluating
generated proxels and protein structures.

* FID We evaluate the quality of generated proxels us-
ing the Frechet Inception Distance based on the self-
supervised representations from our ProxCLR model
®. Given a sample of proxels Pi,..., Py, and a



Sample Designability T Diversity T Novelty | FID| «/f Contacts
Native 39.45 232 0.71 1.89 34.31/14.99 29.19
Native Proxels 50.39 233 0.74 2.93 40.80/16.82  29.55
Proteina 200M (C) 97.77 127 0.87 20.47  69.11/7.08 15.77
Proteina 200M (H) 22.27 243 0.69 10.53  33.25/11.90 15.55
Proteina 400M (C) 97.66 114 0.88 16.68 66.45/8.99  21.07
Proteina 400M (H) 45.70 239 0.74 7.25 48.00/12.98 18.77
ProxelGen 53.13 233 0.73 6.05 41.56/16.05 24.54

Table 1. Unconditional generation results Low temperature Proteina samples marked (C) and regular temperature samples marked (H).
o/ B give the fraction of residues in alpha-helices/beta-sheets. Contacts gives the number of contacts of order greater than 0. Results

computed on 256 samples.

reference set P, ..., Py, we compute embeddings
®(Py),...,®(Py)and ®(Py), ..., ®(Py). The FID
is the W, distance between Gaussian approximations
of the two sets of embedded proxels,

FID = Wa(N (p1, £1), N (p2, Xa), )

where p1, X7 and ps,Xo are the mean and
covariance matrices of ®(P;),...,®(Py), and
O(Py),...,D(Py) respectively.

* Designability For a given protein structure, we sample
8 sequences using ProteinMPNN, which are subse-
quently folded with ESMFold. The structure is consid-
ered designable if the folded structure of any one of
the designed sequences has an RMSD to the original
structure under 2A.

 Diversity We compute the diversity of a set of struc-
tures by counting the number of foldseek clusters using
a threshold of 0.5.

* Novelty The novelty of a structure is reported as the
highest TMScore (Zhang and Skolnick, 2005) between
the structure and any structure in the training set. Note
that this implies that a lower novelty is better.

* Higher Order Contacts We also report the number
of higher-order contacts in the structures as a measure
of structural complexity. Two backbone positions in a
structure form a contact if their Ca atoms are within
5Aof each other. The order of a contact is taken as the
number of intervening secondary structures between
the two residues. For example, a contact within the
same secondary structure, such as between consecutive
residues in an alpha helix, has an order of 0. We report
the number of contacts of order greater than 0.

* Secondary Structure Statistics We also report the
percentage of residues that occur in alpha helices and
beta sheets.

4.2. Unconditional Generation

We evaluate the unconditional proxel samples from Proxel-
Gen, as well as the structures reconstructed from the gener-
ated proxels. We compare our model against native struc-
tures and structures recovered from native proxels. As a
baseline, we compare against the SOTA Proteina model
(Geffner et al., 2025) using both high and low tempera-
ture sampling and two model sizes. For each method, we
consider 256 samples. We see from the results in Table 4
that, compared to Proteina at low temperatures, ProxelGen
achieves better FID, novelty, secondary structure distribu-
tions, and number of high-order contacts, while maintaining
a designability close to the training data. Sampling from
Proteina at regular temperatures improves novelty and FID,
but leads to worse designability compared to ProxelGen.
Overall, we see that ProxelGen is able to generate realistic
proteins.

4.3. Inpainting and Motif Scaffolding

We next consider how ProxelGen can be used for motif
scaffolding. Similar to previous methods, we frame this as
an inpainting task. However, contrary to atomistic models,
the input to the model is a masked region of space, rather
than a masked region of the protein sequence as in atomistic
models.

We finetune a model starting from an unconditional check-
point using the strategy from (Lin et al., 2024) where we
randomly crop protein sequences to extract motifs that are
then proxelized. When generating scaffolds, we first con-
ditionally generate proxels and then decode them into a
structure as before. When refining the structure, we take
advantage of a conditional Proteina model to more strictly
preserve the structure of the motif region.

We evaluate on the RFdiffusion motif scaffolding bench-
mark from (Watson et al., 2023), consisting of 24 scaffold-
ing tasks compiled from the protein design literature. For
each of the 24 motifs, we design 1000 scaffolds. Each
design is then scored by (1) generating 8 sequences with
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6E6R 1 34 66.76
long 713 415 381 110 108
medium 417 272 151 99 78
short 56 26 23 25 48
6EXZ 1 66 81.39
long 290 326 167 403 110
medium 43 54 25 110 80
short 3 2 1 3 50
5TRV 1 33 92.94
long 179 97 23 77 116
medium 22 23 10 21 86
short 1 3 1 1 56
TMRX 1 2 68.50
128 51 27 66 35 128
85 31 23 13 22 85
60 2 5 1 1 60
1YCR 1 73 249 137 7 149 75.82  40-100
3IXT 1 17 8 14 3 8 73.88  50-75
5TPN 1 1 4 8 5 6 52.00  50-75
47ZYP 1 22 11 3 6 4 77.36  30-50
SWNO9 1 1 2 1 0 3 23.00  35-50
1PRW 2 2 1 1 1 1 88.00 60-105
SIUS 2 0 1 1 1 0 57-142
2KL8 2 1 1 1 1 1 103.00 79
4JHW 2 0 0 0 0 0 60-90
1QJIG 3 51 3 5 1 18 84.80 53-103
5YUI 3 2 5 3 1 1 116.50 50-100
1BCF 4 12 1 1 1 1 120.33  96-152

Table 2. Unique Successes on 24 motif scaffolding tasks. Free methods do not require the specification of where the motif appears in the
design, as opposed to Prespecified ones. Lengths for free methods are averages of the successes. Lengths for prespecified methods are
length ranges in the specification. Segments give the number of sequence-contiguous segments in the motif. The first four tasks contain

the same motif with different length specifications.

ProteinMPNN and (2) folding the resulting sequences with
ESMFold. The designed sequences preserve the original
sequence of the motif. A design is considered a success
if any of the folded structures of the 8 designed sequences
have (1) a backbone RMSD to the original design less than
2A (2) a motif RMSD less than 1A (3) a pLDDT greater
than 70 and (4) a pAE less than 5. Successes are clustered
based on a TM Score cutoff of 0.6 to give the final number
of unique successes. As baselines, we compare against Pro-
teina, Genie2 (Lin et al., 2024), RFDiffusion (Watson et al.,
2023), and FrameFlow (Yim et al., 2023a).

The results are presented in Table 4.1. Because our method

treats scaffolding differently, two distinctions are in order.
First, free methods denote ones that do not require a spec-
ification of where the motif should appear in the designed
protein, as opposed to prespecified methods. Second, some
tasks use the same motif but with different length specifica-
tions (top half), as opposed to some tasks that only give one
length specification (bottom half). For the former type of
task, we only report one number for ProxelGen.

ProxelGen delivers competitive performance in motif scaf-
folding, achieving many more unique successes in tasks that
all previous methods do poorly on, such as 1BCF or 1QJG.
It is not surprising that these two motifs are composed of



Subset Precision T Recall F11 TMScore| Novelty |
All 88.55 88.69 88.60 60.21 78.28
Designable 89.26 89.36  89.28 64.14 81.77

Table 3. Shape Conditioning Results Precision, Recall, and F1 are computed based on the input shape and the shape of the generated
proteins. TMScore is computed between the generated structure and the original structure used to create the input shape.

several disconnected segments, where the need to manu-
ally specify where each segment appears in the design is
especially limiting for previous methods.

On the other hand, ProxelGen achieves fewer unique suc-
cesses on other tasks, such as 6E6R. One possible explana-
tion for the differences is the length of the designs, since
longer designs are naturally more diverse, leading to more
unique successes. Indeed, the results on the first four tasks
are more comparable between rows with similar lengths.
However, the success of ProxelGen on 1QJG and 1BCF can-
not be explained by length. In Appendix B.1, we also dis-
cuss how the lack of motif-awareness in the atomic structure
decoder also limits ProxelGen’s performance, particularly
on motifs.

4.4. Shape Conditioning

In addition to motif scaffolding, we explore other forms of
spatial conditioning enabled by proxels. Here we consider
conditioning on arbitrary shapes, specified as binary voxel
masks. This allows us to take arbitrary geometries as in-
put, such as protein surfaces, and produce corresponding
proteins.

We create training pairs of shapes and structures by gen-
erating coarse protein surfaces. We generate the surfaces
by smoothing the proxels’ Ca channel. We then sample
this density on the same grid as the proxels and threshold
at a single standard deviation to obtain a binary mask. As
in motif scaffolding, we fine-tune a model starting from
pretrained unconditional weights.

In order to evaluate the model, we consider how well it is
able to generate novel proteins that conform to the same
shape as existing proteins in the validation set. We evaluate
a design by looking at the precision, recall, and F1 scores
between the shape of the generated protein and the shape
given as input. We also report the novelty and the TM-
Score to the original structure. As a baseline, we compared
against Chroma, a structure-based model that is also able to
condition on shapes.

In Table 4.3 we report ProxelGen’s results, including both all
samples as well as only the designable subset. We obtained
relatively poor shape adherence using Chroma (F1 0.67), but
given the difference between Chroma’s shape conditioning
and ours, the results may not be fully comparable, and we

All Samples Designable Samples
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Figure 3. Shape conditioning: Samples with the highest TM
Scores to the original structures have better shape adherence, but
there are also many samples with good F1 but low TM score. Des-
ignable samples are also evenly distributed with no evident bias.

therefore omitted them from the table.

We see that ProxelGen generates proteins that adhere well to
the input shape while being different from the original struc-
tures. In Fig. 3 we show that the shape adherence does not
depend much on the TMScore to the original structure, indi-
cating that ProxelGen is not simply recovering the original
structures from their shapes. It is, however, possible that the
model may have seen structures during training with very
similar shapes despite having dissimilar structures. This is
reflected in the relatively high TMScores to the training set
(Novelty).

5. Discussion

We identified an axis of protein structure generative model
development along which there is a distinct lack of explo-
ration: determining the fundamentally important question
of which protein representation is the most fit for generative
modeling and which benefits may arise from alternatives to
the unquestionedly prevailing 3D coordinate protein repre-
sentations. We argue for a density-based protein represen-
tation that is more true-to-nature than 3D point clouds in
that it can correspond to modeling the underlying density
rather than a coarse-grained atom representation. Operating
on discretized voxel grids of such densities admitted using
strong, established generative modeling machinery from
the image generation literature, resulting in our ProxelGen
model. Evaluating ProxelGen in a series of unconditional
and conditional generation benchmarks showed its supe-
rior performance along several metrics while demonstrating



strengths orthogonal to coordinate-based methods and en-
abling new types of conditioning.

For the future of density-based protein structure generation,
we envision training directly on electron densities instead
of employing custom-constructed densities that are derived
from coordinate representations. Such electron densities
are more information-rich and closer to experiment than
coordinate representations, which are only derived from
electron densities in an additional model-building step. Such
models, as well as the herein proposed ProxelGen, are most
likely to be used for protein engineering campaigns with
positive societal impacts.
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A. Additional Technical Details
A.1. Additional Experiment Details

Timestep Training Distribution We empirically probed the importance of different timesteps by taking data samples,
flowing them to a time ¢ and then denoising them with our generative model from that point. We found a sharp drop off in
FID around ¢ = 0.3 indicating that the model is easily able to generate good samples provided the intermediate samples at
t = 0.3 are good. We therefore oversampled timesteps around ¢ = 0.3 by sampling from a mixture of a uniform distribution
on [0, 1] and a truncated normal centered at ¢ = 0.2 with standard deviation o = 0.1.

Training Details We use 32 x 32 x 32 proxel arrays with the 7 channels described above. The discrete sampling points of
the proxel grid are spaced 1.5A apart. Given that the average distance between two consecutive Cov atoms is around 3A this
ensures that two atoms are rarely placed in the same proxel cell. The Gaussian kernel we use when constructing the proxels
has a standard deviation of 1A.

We train on the FoldSeek (Barrio-Hernandez et al., 2023) clustered AlphaFoldDB (Varadi et al., 2023) dataset used in (Lin
et al., 2024), keeping only structures that fit completely on our proxel grid, leaving 98,584 structures. We randomly split this
into 93,654 training structures and 4,930 validation structures.

Given the mixed advantages and disadvantages of rotation-equivariant convolutional architectures, we opt to use regular
non-equivariant convolutions. We instead axis-align all the structures we train on so that their principal components align
to the axes of a fixed coordinate system centered at their centers of mass. In order to avoid learning spurious biases from
this procedure, we compute the alignment using perturbed structures so that, for example, nearly spherical structures are
randomly aligned.

The VAE is implemented using a 3D convolutional architecture with self-attention based on the architecture used in
(Rombach et al., 2022). The VAE was trained with a KL weight of 1076 a learning rate of 10~* and a weight decay of
10~%. The generative model is implemented as a 3D UNet architecture, also with self-attention, based on the architecture
from (Song et al., 2020). We also tried a transformer architecture but the performance was much worse. The model was
trained with a learning rate of 10~%. Models were trained on single NVIDIA A6000 GPUs until relevant metrics converged
(validation loss for the VAE, FID for the generative model).

A.2. Contrastive Learning Details

Let ® denote our embedding model. Let P, ..., Pg denote a batch of proxelized proteins, and let z2;, z2;—1 denote two
augmented views of P;. In our case, we use random cropping, rotation, and translation as augmentations. Given the cosine
similarities,
oy = PTG w0
el
we define the loss for pair ¢, j
exp(si ;/T)

Sy T exp(sin /7).

1(i,j) = —log (11

The total loss for a batch is then,

B
1
L=cp ;[1(%, 2k —1) +1(2k — 1, 2k)]. (12)
We learn ¢ using stochasic gradient descent following gradients of L.

B. Additional Results
B.1. Motif Scaffolding

Table 4 gives a further breakdown of ProxelGen’s performance on the motif scaffolding tasks. We note that because the
coordinate decoder model is not conditioned on the motif it can fail to respect the motif topology and thread the protein
chain through the motif in a different way. We thus perform a first filtering of the 1000 designs from ProxelGen that checks
that the motif is properly preserved. We see that this is actually a big limiter on ProxelGen’s performance, particularly on

12



larger motifs where the chance of violating the motif topology is greater. Thus performance could be greatly improved by
improving the atomic decoding to be aware of the motif, though we leave this for future work.

Table 4. Additional motif scaffolding details

motif segments meanlen motiflen unique successes total successes prefilter successes

6e6r 1 66.76 13 34 37 311
6exz 1 81.39 15 66 93 315
Strv 1 92.94 21 33 46 204
Tmrx 1 68.50 22 2 5 94
lycr 1 75.82 9 73 77 208
3ixt 1 73.88 24 17 25 184
Stpn 1 52.00 19 1 4 39
4zyp 1 77.36 15 22 26 132
Swn9 1 23.00 20 1 5 133
Iprw 2 88.00 40 2 5 9
Sius 2 NaN 42 0 0 0
2k18 2 103.00 59 1 4 15
4jhw 2 NaN 24 0 0 116
1qjg 3 84.80 3 51 54 565
Syui 3 116.50 11 2 5 173
1bcf 4 120.33 32 12 91 510
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