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Abstract

We present Protpardelle-1c, a collection of protein structure generative models
with robust motif scaffolding and support for multi-chain complex generation
under hotspot-conditioning. Enabling sidechain-conditioning to a backbone-only
model increased Protpardelle-1c’s MotifBench score from 4.97 to 28.16, outper-
forming RFdiffusion’s 21.27. The crop-conditional all-atom model achieved 208
unique solutions on the La-Proteina all-atom motif scaffolding benchmark, on par
with La-Proteina while having ~10 times fewer parameters. At 25M parameters,
Protpardelle-1c enables rapid sampling, taking 40 minutes to sample all 3000
MotifBench backbones on an NVIDIA A100-80GB, compared to 31 hours for
RFdiffusion.

1 Introduction

To engineer proteins with function, it is often convenient to treat certain regions of a protein inde-
pendently from the rest. Motifs are often defined as sets of amino acid patterns or conformations
associated with specific functional sites. The ability to generate diverse scaffolds conditioned on a
desired motif geometry is a key challenge in protein design. Motif scaffolding offers an approach
to design functional de novo proteins if the motif geometry specification is accurately presented.
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The objective is to generate scaffolds that can host the motif in the desired and functionally relevant
geometry, given a complete or partial functional motif. Conditional sampling allows the motif to be
present in all the generated samples, in contrast to the traditional method of searching for motifs in a
scaffold library [} 2} 3]].

Evaluation of a motif scaffolding model requires experimental data, but in the model development
phase, we can benchmark the performance in silico with protein structure prediction models such
as ESMFold [4] and count the number of unique samples that recapitulate the motif structure in
the predicted structure. We consider two benchmarks of motif scaffolding, MotifBench [S] and
RFdiffusion/La-Proteina [6, 7], spanning a diverse set of motif geometries from one to eight segments.
Here, we describe modifications to the training dataset and the model architecture of Protpardelle [8]
which enables the updated Protpardelle-1c cc58 model to solve 22 of the 30 MotifBench problems
with 164 total unique solutions. As a reference, RFdiffusion can solve 16 of the problems with 192
total unique solutions. The same changes also improve the Protpardelle-1c cc91 all-atom model
performance on the RFdiffusion/La-Proteina motif scaffolding benchmark, solving 22=26 tasks with
208 unique solutions.

2 Methods

Protpardelle is a diffusion model following the EDM framework that introduces the first all-atom
generative design capability [8,19]. In contrast to most other generative models of protein structure,
Protpardelle is not equivariant to rotations and translations by design. As such, during training, the
input is randomly rotated by a uniform sample from SO(3) and randomly translated by a sample from
N(0; 1). During sampling, the initial Gaussian noise is SO(3) invariant and the model picks a frame
during the denoising process.

Conditional sampling with a diffusion model can be achieved with a combination of approaches,
which we refer to the framework introduced in Didi ef al. for details [10]. Here, we highlight
reconstruction/classifier-based guidance and classifier-free guidance. The initial-release Protpardelle
model was trained unconditionally and is only amenable to reconstruction guidance, in which at every
denoising step, the negative gradient of a motif reconstruction loss is added to the score:

Vi, INpe(Xelym) = Vi, Inp(ym[Xe) + Vi, Inpe(Xt) (1)

where X is the structure at denoising step t € [0; 1], pt is the model distribution, and Yy, is the motif
coordinates, and p(ym |Xt), i.e. the classifier term, is estimated with the mean squared error of the
motif coordinates in X to the desired motif coordinates Yy, where we assume the motif indices are
known, i.e. given by the user or sampled from scaffold length range constraints.

However, this approach is often brittle as the guidance scale ¢ must be tuned empirically. In practice,
setting ¢ too large risks broken chains where the motif is disconnected, while setting ¢ too small
risks poor motif reconstruction. The search space for this hyperparameter is large, as it can also be
time-dependent instead of a constant.

In classifier-free guidance, we amortize training of an unconditional and a conditional model into one
model, by randomly dropping out the conditioning input some percentage of steps, here 5%. We can
draw conditional samples with

Vi, INpe(Xtlym) = Vi, INp(Xtlym) + (1 — ) Vy, Inpe(Xt) 2

where the reversal in the p(X¢|ym) term is possible as the model is trained to attend to motif
coordinates Yy as conditional input. The In p¢(X¢) term is computed by setting the motif input to
zeros. In all our experiments, we set ¢ = 1.

3 Results

3.1 MotifBench

The initial-release Protpardelle model achieved a MotifBench score of 4.97 using the best hyperpa-
rameters of step_scale = 1:1 and = 0:1 with replacement guidance. With a backbone-only
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Figure 1: Protpardelle-1c outperforms RFdiffusion on MotifBench. Per-problem unique successes
on MotifBench of Protpardelle-1c cc58 compared to RFdiffusion.

model, the guidance term in Equation|[I]is independent of motif sidechain atom coordinates. This is
not optimal as polar residues may become buried and hydrophobic residues may become exposed in
the sampled scaffolds, resulting in lower success rates. To test this hypothesis, during ProteinMPNN
sequence redesign, we allowed all positions, including the motif residues, to be redesigned, finding
that indeed the model achieved a higher MotifBench score of 10.18. We reasoned that a model that
can be conditioned on both backbone and sidechain coordinates of the motif would simultaneously
address the brittleness of reconstruction guidance and find scaffolds which can better host the motif
sidechains.

We trained a crop-conditional motif scaffolding model, cc58, identical to what was described in
the original Protpardelle [8]] and analogous to the Doob’s A-transform conditional training setup in
Algorithm 5 of Didi ef al. [10]. We concatenate the motif coordinates channel-wise such that a model
input with dimensions B;L;N;2 x X becomes B; L; N;3 x X, where B is the batch size, L is
the sequence length, N = 37 is the number of unique PDB atom types per residue, and X = 3 is
the X;y; z coordinates. The 2x allows for self-conditioning (6 channels), thus expanding it to 3x
allows for both self-conditioning and motif-conditioning (9 channels). A limitation is that the motif
indices must be pre-specified. We leave concatenation along the L dimension, which would allow
unindexed motifs as in RFdiffusion2 and La-Proteina, for future work [[11}[7]. We change the location
of where the noise residual is added to match the architecture of the adaptive layer normalization
setup in DiT [12]]. This change reduced the trainable parameters from 33M to 25M since the previous
architecture has the noise residual added at the feedforward layer where the dimensionality expands
4, causing an excessive number of parameters (8M) to encode the noise level. Other details of the
model architecture and the training noise schedule remain unchanged.

The backbone-only motif scaffolding model, cc58, was trained for 4.38M steps with an NVIDIA
A100-80GB on AI-CATH. The initial-release Protpardelle model was trained with rotary positional
encoding that used raw tensor indices, such that gaps in protein structures due to unresolved residues
were not correctly considered, i.e. the model treats the two flanking residues of a gap to be adjacent.
While it appears that we can resolve this issue by deriving the positional encoding from PDB residue
indices, the PDB files used in the CATH dataset contain inconsistencies in residue indexing that cause
gap lengths to be inconsistent with the actual number of unresolved residues when compared to the
SEQRES sequence, e.g. PDB: 1914. We resolved such residue indexing inconsistencies in the Al-



CATH dataset. We note that as the PDB file format is deprecated, deriving positional encodings from
the .cif file’s _atom_site.label_seq_id indices would correct indexing inconsistencies. During
training, motifs are randomly generated as crops of the input structure with the following parameters:
contiguous (5%), discontiguous (90%), sidechain conditioned (90%), maximum contiguous segment
length (12), maximum number of discontiguous residues forming the motif (24), maximum distance
between residue pairs forming the motif (45.0 A), and translating the structure such that the motif
coordinates have center of mass at the origin, before the default rotation/translation augmentations
and masking non-existent motif atom coordinates to zeros.

A solution to a MotifBench problem must satisfy the following criteria using ESMFold-predicted
structures of 8 ProteinMPNN sequences per scaffold, fixing the (possibly a subset of) motif amino

acid types: (1) Motif N, C , and C RMSD < 1.0 A. (2) Scaffold C -only RMSD < 2.0 A.

The number of unique solutions is the number of clusters with TM score threshold of 0.5 obtained with
Foldseek-Cluster. Protpardelle-1c is able to solve the additional problems 13_4JHW, 21_1B73,
23_1MPY, 24_1QY3, 25_2RKX, 26_3B5V, 27_4X0J, and 29_6CPA, offering solutions to previously
difficult multi-segment tasks (Figure E]) No solutions were found for 01_1LDB, 03_2CGA, 08_7AD5,
12_4JHW, 18_7MQQ, 19_7MQQ, 20_7UWL, and 30_7UWL. Across runs with different random seeds, we
occasionally observe solutions for these motifs though the MotifBench score remains fairly consistent.
We also confirm that the PDBs for all MotifBench problems for which Protpardelle-1c finds at least
one solution are not present in the training data. We highlight four examples of successful scaffolds
in Figure[d Note that the highlighted solution for 1QY3 has 9 strands instead of the typical 11 strand
barrel found in natural GFP. Although having fewer total unique solutions than RFdiffusion, the
MotifBench score is higher for Protpardelle-1c due to additional solutions to several previously
unsolved problems, while the extra RFdiffusion solutions are concentrated mainly on 07_6E6R.

3.2 RFdiffusion and La-Proteina Motif Scaffolding Benchmark

We benchmark the backbone-only model cc58 and the all-atom model cc91 against motifs scaffolding
tasks first introduced in RFdiffusion [6] and modified by La-Proteina [[7]]. A solution must satisfy
the following criteria: (1) Motif C RMSD < 1 A. (2) Motif all-atom RMSD < 2 A. (3) All-atom
scRMSD <2 A.

The number of unique solutions is the number of clusters with TM score threshold of 0.5 obtained with
Foldseek-Cluster. Since the backbone-only model cc58 does not directly generate sidechains,
we cannot compute criteria 2 and 3 and compare with La-Proteina directly. Instead, we replace
criterion 2 with the motif all-atom scRMSD between the coordinates of the ground truth motif and the
ESMFold-predicted structure and replace criterion 3 with the C  scRMSD between the sample and
the ESMFold-predicted structure. The all-atom model cc91’s evaluation criteria remain unchanged.
For motifs with unresolved atoms, e.g. 5TRV, we do not remodel the missing motif atoms and
compute the all-atom RMSD only on the resolved atoms.

Previously, the original all-atom Protpardelle model solved 4=26 tasks with a total of 4 unique
solutions whereas the Protpardelle-1c all-atom cc91 model solved 22=26 tasks with a total of 208
unique solutions (Figure Table . The backbone-only model cc58 solved 26=26 tasks with a total
of 787 unique solutions with MPNN-8 (Table [2). MPNN-X refers to sampling X ProteinMPNN
sequences allows per scaffold and a scaffold is considered a success if at least one design passes all
criteria. A more comparable setting is with MPNN-1 as La-Proteina evaluates a single sequence per
scaffold. In this setting, cc58 solved 25=26 tasks with 424 unique solutions. Motif all-atom scRMSD
< 2 A may be too lenient both with respect to the often sub-Angstrom precision required for motifs
to be functional and that fewer residues are involved in the all-atom scRMSD calculation compared
to La-Proteina where the whole protein is considered. Thus, we also report the success rate with the
strict criterion of all-atom motif scRMSD < 1 A in Table [3|(together with motif C RMSD < 1 A
and scaffold C scRMSD < 2 A). With the strict criterion, cc58 solved 14=26 tasks with 295 unique
solutions with MPNN-8 and solved 10/26 problems with 107 unique solutions with MPNN-1. While
a direct comparison between the backbone-only cc58 model and the all-atom models (La-Proteina
and cc91) is not possible due to the different success criteria, we observe that cc91’s performance
is roughly on par with the performance of cc68 MPNN-1, which matches the single ProteinMPNN
sequence used in the final step of cc91’s denoising trajectory. Examples of successes are shown in

Figure 3]



Figure 2: Protpardelle-1c is competitive with La-Proteina on all-atom motif scaffolding. Per-
problem unique successes on motif scaffolding tasks initially introduced in RFdiffusion compared
against La-Proteina. (A) Number of unique successes out of 200 samples per motif. Note that only the
all-atom modetc91 is directly comparable with La-Proteina due to the difference in the de nition of
success for the backbone-omg58 model. (B) Sum of unique successes out of 5200 total sampled
scaffolds. Strict refers to motif all-atom scRMSD < 1 A.

4 Discussion

Protpardelle-1c improves the original Protpardelle where the main differences are the self-consistent
CATH training data and a more light-weight noise level embedding mechanism. The most impactful
change to training stability was the appropriate handling of unresolved residues. The recommended
model iscc58 for backbone-only single-chain conditional generatim83 for backbone-only multi-

chain conditional generatiorec89 for all-atom single-chain structure re nement, accb1 for
all-atom single-chain conditional generation.

We only evaluated the nal model checkpoint and have not evaluated auto-guidgjcertiere

an earlier checkpoint is used as a bad version to guide against, post-hoc'EMAr[sweeped

classi er-free guidance scales. Feynman-Kac steering using sequence design model likelihood may
also be promisingl5]. The training data was aggressively ltered to retain examples with scRMSD



< 2.0 A and pLDDT> 80; we anticipate that scaffold diversity can be further improved by training
on medium to low con dence structures at medium to high noise levels, respectively, as in Ambient
Protein Diffusion [L6]. We also anticipate that a similar Iter applied to the chain pair dataset may
lead to improved performance on the BindCraft benchmark.

For motif scaffolding, several comparisons remain: a baseline for searching motifs in a large database
of native structures (e.g. AlphaFold Databasd) or sampled structures (e.g. SHAPES]) and
comparison to recent diffusion models beyond RFdiffusion. The parameters which control how
motifs are generated on the y can also be tuned, in particular, by aligning the types of motifs
generated during training with features commonly observed in functional motifs, e.g. substructures
more enriched in loops, may further improve performance. Analysis of the frequencies of motif
structures observed during training compared to the scaffolding success of structurally similar motifs
may be insightful in explaining the heterogeneity of motif scaffolding problem dif culty. A limitation

of current motif scaffolding benchmarks is that the occlusion of function sites is not considered in the
criteria. For experimental applications, Itering out samples where the function motif is occluded
would reduce success rates and additional guidance terms to prevent clashes may be necessary.
Experimental validation of motif scaffolding designs are ongoing.
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Appendix A Additional Results

We veri ed the coverage of our baseline unconditional mdat#81 and unconditional samples
from the motif scaffolding modetc58 with SHAPES [L8]. Both models adequately cover the
CATH structure distribution (Figure 3) and we proceeded with evaluations of conditional generation
described below.

A.1 Backbone-only vs. All-Atom

The backbone-only model denoises coordinates of the N, CA, C, O backbone atoms for each residue.
The all-atom model denoises both backbone atoms and sidechain atoms. In the original Protpardelle,
we de ne a superposition scheme in which for the s&ip_mpnn_proportion denoising steps,

the sequence is sampled from a uniform prior on all amino acid types, then up to but excluding
the nal step, the sequence is sampled from MiniMPNN, a noise-conditional ProteinMPNN model
trained on the 1-step denoised predicted structyreln Protpardelle-1c, we retrain MiniMPNN
usingcc58-epoch416 as the pretrained structure denoiser. As MiniMPNN is not used until the
backbone structure is roughly determined, we only train on the lower noise levels corresponding to
the latter half of denoising. We only train on features derived fromcGordinates as the precise

N, C , C, O geometries are not yet formed when MiniMPNN is enabled. Following the original



Figure 3: Protpardelle-1c samples cover the CATH distribution. 20k samples were drawn from
each modellfb81 andcc58) and embeddings for the samples and CATH structures were computed
with ESM3, Protein Domain Segmentor (PDS), and ProteinMPNN encoder layers 1 and 3 (MPNN-L1
and MPNN-L3). We follow the CATH lIter in SHAPES: keep structures with resolutos.0 A,
Rfree< 0.25, and no unresolved residu&$]f The rst two principal components of the embeddings
are shown. The Fréchet Protein Distance (FPD) denotes the coverage where lower is better.

Figure 4. Examples of MotifBench solutions on previously unsolved casesl_1B73 Glutamate
racemase24 1QY3GFP uorophore.26_3B5VRetroaldolase27_4XOJTrypsin. Purple: sampled
structure. Teal: ESMFold-predicted structure. Motif atoms of the ESMFold-predicted structures are
shown in licorice. All structures shown pass MotifBench criteria.

Protpardelle, we use full ProteinMPNN to design the nal sequence. We call this process stage-1
sampling and use this to sample from cc91.

In Protpardelle-1c, we introduce a simpler all-atom sampling scheme which is distinguished from the
superposition scheme by the namméform-steps . We change the name of the original scheme to
jump-steps to highlight the non-uniform denoising steps taken. Injthep-steps scheme, we

cache the most recently observgdstate for each amino acid type in atom73format: backbone

atoms plus all combinations of residue types and sidechain atom types. The next time an amino acid
type is re-observed, the denoised output is computed in one step directly from stete when

the atom was previously observed. In ti@form-steps scheme, we take a step directly from

the previous steg;1 . In both schemes, fresh noise is injected in the dimensions corresponding to



Table 1: La-Proteina motif scaffolding benchmark: La-Proteina and cc91

Motif #segments La-Proteina (indexed) La-Proteina (unindexed) ccol
All Unique All Unique Al Unique
lycr 1 123 38 120 68 65 34
7mrx_128 1 22 17 86 36 9 6
5trv_long 1 91 9 26 14 21 21
5tpn 1 55 1 34 13 ili5 10
4zyp 1 11 2 82 7 2 1
7mrx_85 1 16 4 104 6 18 7
5trv_med 1 65 3 15 6 9 8
3ixt 1 34 6 50 5 3 3
7mrx_60 1 7 3 73 3 8 3
5trv_short 1 5 1 2 2 0 0
6e6r_short 1 35 8 0 0 3 2
6e6r_med 1 73 22 0 0 15 14
6e6r_long 1 71 43 0 0 16 16
5wn9 1 0 0 0 0 0 0
lprw 2 175 20 122 11 161 20
6vwl 2 21 1 60 6 14 5
2KkI8 2 165 1 156 1 176 1
5ius 2 16 2 1 1 0 0
4jhw 2 2 1 0 0 0 0
1qgjg_native 3 72 13 76 54 23 17
7k4v 3 116 11 35 35 14 2
1qjg 3 72 4 58 23 16 13
Syui 3 11 4 21 13 3 3
5aou 3 145 4 9 9 91 7
5aou_quad 4 171 2 92 37 56 6
1bcf 4 189 7 148 7 196 9
Total 1763 227 1370 357 934 208

non-existent sidechain atoms, i.e. dummy atoms. This noise scales with the denoising schedule and
is centered on the C of each residue of the predicted denoised strutguaethe current step.

We modify the default stage-2 sampling protocol from the original Protpardelle to directly model the
effect of sidechain-driven backbone conformation change. The default stage-2 sampling protocol in
Protpardelle-1c is to apply all-atom partial diffusion to the output of stage-1 sampling. In contrast to
the original Protpardelle where the backbone coordinates were xed, we allow backbone exibility to
accommodate the nal designed sequence from stage-1.

A.2  All-atom partial diffusion

Finally, we also trained an all-atom modet89, in which the sequence is always provided to the
model through the atom mask, where non-existent atoms are masked to be all zeros39 heodel

can be used for re nement and sidechain-aware partial diffusion. Given the same partial diffusion
noise levelcc89 samples a distinct space of structures, a CDR3 loop from 7EOW chain B in this
example, compared to the loops sampled by an all-atom model where dummy atom coordinates are
not maskedgc94) and backbone-only models trained on either AI-CATH or MD-CATH. At the same
noise level of 150/500 rewind steps;89 samples sidechain conformations with less uctuation on
the side of the CDR3 loop which packs against the nanobody framework (Figure 6A, right) where
the solvent-exposed residues have more uctuation (Figure 6A, left). In contrast, the other three
modelscc94, bb81, andbbmddo not have such residue-speci ¢ behavior: the uctuations across the
loop are more homogeneous tharca89 (Figure 6B, C, D) and more diffuse, as is evident in the
projected CDR3 loop coordinates into the rst two principal components (Figure 7).

A.3 Multi-chain Conditional Generation

The binder design problem can be treated as a special case of the motif scaffolding problem, in which
the target structure is the motif and the binder is the piece to generate. To handle multiple chains, we



Figure 5: Examples of Protpardelle-1c scaffolds on RFdiffusion/La-Proteina motifs. In all panels,
slate: sampled structure, deepteal: ESMFold predicted structure, : mottqA)(B)

cc58 with all-atom motif SSRMSD < 2 A. (C) cc58 with all-atom motif SSRMSD < 1 A.

use learned relative positional embeddings added to the attention matrix analogous to AlphaFold2
[19], with a residue index gap between chains of 200. We train 80=&0mix of the single-chain
augmented CATH dataset described previously and a curated chain pair dataset following Boltz-1
[20] (Appendix C). For multi-chain examples, we randomly select one chain as the target (motif)
and takdUnif(3; 8) closest residues to the binder chain as the hotspots, dropping it out 10% of the
time. Paratope residues, de ned as the residues on the binder chain used to choose the hotspots, are
included as motif 50% of the time, allowing partial-paratope completions in which prior interface
geometries are desired to be recapitulated in the samples.

The resulting modek;c83, has the same architecturec$8, except for one additional input channel

for the boolean hotspot mask, and was trained for 1.25M steps. Despite not being trained on protein
complexes with more than two chains, the model is capable of conditioning complex generation on
two or three target chains. Figure 8 shows the SpCas9 target in BindCraft which was modeled as
three chains due to the two chain breaks in the target structure. The structure shown has iPTM = 0.76,
iPAE = 0.26, complex pLDDT = 0.86, and binder scRMSD = 0.95 A using AF2 single-sequence
model 1.

We evaluateac83 on the BindCraft targets using the following set of AlphaFold2-based thresholds,
following BindCraft: complex pLDDT> 0.80, iPTM> 0.5, iPAE< 0.35, and apo binder RMSD

< 3.5 A. We note that a direct comparison may be misleadirgg83 is a base model which was
trained on protein-protein interfaces not subject to Itering by AF2 metrics or sampling-time guidance.
In contrast, BindCraft explicitly optimizes for AF2 pLDDT, iPAE, and iPTM, though it uses the
multimer model for design and the monomer model for evaluation. To be as close as possible to
BindCraft's evaluation pipeline, we designed the sequence using AF2-Multimer hallucination with
binder template unmasked but interchain template features masked. Both sequence and sidechain
features of the target were given during design. All other design parameters were identical to
BindCraft's four-stage hallucination protocol. PyRosetta then determined the interface residues and
these remain xed positions during ProteinMPNN sequence redesign. For evaluation, we follow
BindCraft and use AF2 in single-sequence mode, providing the template of the target, no template of
the binder, remove interchain template features, and do not use initial guess. However, we remove the
target template sequence features to allow for target backbone exibility. This is due to the nding



Figure 6: An all-atom model with sequence maskc89 sample position-heterogeneous CDR3
loops. Partial diffusion rewind steps 150 out of 500 total denoising steps using (A) allea&8n
model, (B) all-atontc94 model, (C) backbone-onlgh81 model, (D) backbone-onlgbmdmodel.

The per-residue Root Mean Square Fluctuation pro les are shown for each model at different partial
diffusion rewind steps.

that many BindCraft designs would not pass the iPTM and iPAE thresholds on a subtly different
target conformation if the target sequence was left unmasked.

To compare with BindCraft runs, we took a random subsample of 100 passing BindCraft trajectories
(non-clashing, not low con dence) per target and took the better sequence from the rst two Pro-
teinMPNN redesigned sequences by AF2 single-sequence metrics. The results are shown in Figure
10. By AF2 metric-based success rates, BindCraft outperforms Protpardelle-1c on all targets except
DerF21. We note that the comparison is not one-to-one, as we drew generally much fewer samples
and do not apply any ltering to the Protpardelle-1c samples, nor compare against low con dence
and clashing trajectories which are discarded by BindCraft during hallucination. Another distinction
is the abundance of alpha-helical samples generated by BindCraft relative to Protpardelle-1c (Figure
9). BindCraft directly optimizes for sequences favored by AF2, while Protpardelle-1c was a base
model not optimized towards any speci ¢ metric. As shown in SHAPES, [helical structures
contribute to the bias towards in silico designability: beta-containing structures are more dif cult for

10
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