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Abstract

Motif scaffolding is one promising direction in
computational protein design where de novo pro-
tein scaffolds are designed to maintain a set of
functional protein coordinates — a motif. Here
we explore an AlphaFold-Multimer hallucination
workflow, MotifCraft, for motif scaffolding and
present approaches that improve efficiency while
maintaining or improving protein generation ac-
curacy. Our approach produces higher in silico
success rates than existing diffusion-based scaf-
folding methods. Furthermore, we show that scaf-
folding a binder interface motif results in designs
scoring as well, or better, according to established
in silico interface metrics when we include the tar-
get protein in the workflow. Finally, we conclude
that cropping the target protein to the minimal
binding interface of a target protein is an effective
method for scalable binder design against large
proteins. MotifCraft thus enables fast, accurate,
and scalable motif scaffolding as well as binder
design against large protein targets.

1. Introduction

The field of de novo protein design has seen big advances
in the past years, to a large extent tracking the successes in
deep learning-based protein structure prediction (Khakzad
et al., 2023). Generative approaches like RFdiffusion (Wat-
son et al., 2023) and gradient-based methods like BindCraft
(Pacesa et al., 2025), among many others, have emerged
to solve the problem of conditionally and unconditionally
generating a novel protein backbone and the corresponding
amino acid sequence (Dauparas et al., 2022; 2025). How-
ever, design of functional de novo proteins does not con-
sistently succeed (Albanese et al., 2025). One such area of
functional design is motif scaffolding, where de novo pro-

! Anonymous Institution, Anonymous City, Anonymous Region,
Anonymous Country. Correspondence to: Anonymous Author
<anon.email@domain.com>.

Submitted to the 2026 Workshop on Generative and Agentic Al
for Biology (ICML 2026). Do not distribute.

tein scaffolds are generated to maintain a set of functional
protein coordinates, such as enzyme active sites or interface
residues.

BindCraft was shown to have exceptionally high experimen-
tal success rates for designed mini-protein binders, ranging
from 10-100% (Pacesa et al., 2025). The paradigm of it-
erative protein backbone and sequence co-design seems to
be very effective in generating mini-protein binders and
allows for a high degree of freedom due to the modifiable
losses. In this work, we exploit a similar AlphaFold2 (AF2)-
backpropagation model for motif scaffolding. By initializ-
ing the network with the motif coordinates and performing
gradient-descent using motif-specific losses, MotifCraft gen-
erates scaffolds both in the presence of and without a target
protein.

One of the main known limitations of this approach is the
computationally intensive backpropagation through AF2,
which additionally scales poorly for large proteins (Evans
et al., 2022; Bennett et al., 2023). Due to the complexity
of the model, run time increases cubically with the length
of the input protein sequence(s) (Jumper et al., 2021). A
simple approach to reducing computational efforts would
be to reduce the total number of amino acids in the protein
(complex). Here we compare two effective methods for
reducing the target protein to the essential binding interface
to accelerate binder design through AF2-backpropagation.

Overall, we obtain high quality de novo scaffolds that meet
established in silico designability criteria (Overath et al.,
2025) across various benchmarks. We achieve an up to
9-fold acceleration of gradient-based design against large
protein targets. Thus, using AF2-hallucination through back-
propagation provides a novel, precise, and scalable approach
to protein binder design and motif scaffolding.

2. AlphaFold2 backpropagation for motif
scaffolding

To generate motif scaffolds, the ColabDesign implementa-
tion of AF2 is used, with inspiration from the BindCraft
pipeline. The input consists of the structural template of
the motif and the scaffold sequence, which is randomly
initialized, but contains the motif placed at a random posi-
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Figure 1. AlphaFold-Multimer architecture (Jumper et al., 2021; Evans et al., 2022), with implemented modifications in MotifCraft to the

inputs (purple) and target cropping (red).

tion within the specified range (in the user-specified JSON
file). The motif placement in the scaffold sequence is rese-
lected at the beginning of each trajectory. These are passed
through the AlphaFold-Multimer (AFM) network to ob-
tain a 3D structure, which is used to compute the losses.
The loss function is composed of several terms, with spe-
cific motif loss terms being added in MotifCraft, compared
to the BindCraft and ColabDesign implementations (see
Appendix B for full list). The position-specific errors are
backpropagated through the AF2 network resulting in an
Lx20 gradient matrix (L=sequence length). This gradient is
iteratively recomputed across multiple rounds of stochastic
gradient descent, driving progressive refinement of the input
binder sequence toward a minimized loss. As in BindCraft,
to promote sequence robustness and prevent overfitting, one
of the five AF2 models is selected at random at each itera-
tion. The scaffold design is made up of four stages, starting
from continuous logits to a discrete sequence (Pacesa et al.,
2025). To improve the stability and solubility of the final
design, eight sequences are generated with SolubleMPNN
(Goverde et al., 2024), giving as input the predicted structure
of the final iteration and fixing the motif residues. These se-
quences are then re-predicted using the two template-based
models of AF2-monomer, with three recycles and in single
sequence mode without templates.

We benchmark MotifCraft’s motif scaffolding capabilities
using the RFdiffusion dataset (Watson et al., 2023) of 24
motifs. We generate 100 trajectories for each motif and
consider a successful scaffold one that passes the in sil-
ico thresholds of predicted local distance difference test
(pLDDT) > 0.7, self-consistency root mean square devi-
ation (scRMSD, calculated by comparing the Ca coordi-
nates of the final trajectory step predicted by AFM and
the validation: the SolubleMPNN sequence predicted with
ESMFold (Lin et al., 2023), after structure alignment) < 2A
and motifRMSD (calculated by comparing the backbone
coordinates of the input motif and the corresponding atoms

of the AF2-monomer-predicted validation, after structure
alignment) < 1A. After obtaining all successful scaffolds
for a motif, the final unique solutions are obtained from the
cluster representatives using Foldseek’s (van Kempen et al.,
2024) easy-cluster method, as used in MotifBench (Zheng
et al., 2025).

After adjusting the weights of the losses (tests were con-
ducted on a single example task from the independent Mo-
tifBench dataset: PDB 1LDB), the method can generate
unique scaffolds that pass the in silico scores by AF2-
monomer (used for validation during development) valida-
tion (Supplementary Table C.2, MotifCraft_V1_AF2mono).
Upon closer inspection of the more problematic motifs, we
observed that the generated scaffolds had more trouble main-
taining a low motifRMSD than the scRMSD (Supplemen-
tary Figure A.1). In other words, iterations led to proteins
with high refolding success, but did not contain the correct
motif structure. In order to counteract this known tendency
to create over-stable designs, we implemented a two-step
loss function weighting, emphasizing the motif structure
conservation (motifRMSD) more in the first stage of design,
and then allowing the scaffold to gain confidence in the later
stages by lowering the motif losses (details in Appendix B).

The final version of MotifCraft shows a high success rate
in generating distinct passing scaffolds, measured by the
number of targets with at least one unique passing solu-
tion (using ESMFold as the structure prediction method)
found in 100 trajectories (Figure 2A, Supplementary Ta-
bles C.1 and C.2), with improvements over both diffusion-
based design methods (RFdiffusion (Watson et al., 2023),
Proteina (Geffner et al., 2025), Genie2 (Lin et al., 2024),
FrameFlow (Yim et al., 2023)), pLM-based (DayHoff Atlas
(Yang et al., 2025)), as well as the single-step motif losses
(MotifCraft_V1_AF2mono). Despite ESMFold typically
reported to have higher success rates in motif scaffolding
problems than AlphaFold2 (Zheng et al., 2025), in our case
MotifCraft designs had higher success rates when using the
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Figure 2. A) RFdiffusion motif scaffolding benchmark results.
Number of motif scaffolding tasks with unique successful solu-
tions found in > 1/100 trajectories (details in Appendix C.1). B)
Examples of designs for two tasks from the RFdiffusion bench-
mark, PDB 1PRW and PDB 5IUS, for which MotifCraft found an
in silico successful scaffold in 100 trajectories for the input motif
(red), whereas benchmark methods did not.

AlphaFold2 structure prediction method compared to ESM-
Fold (Supplementary Table C.2). Although our run time per
trajectory is around 15 times longer than RFdiffusion for a
protein 100 amino acids long, MotifCraft shows superior
success rates in the same run time in 6 (selected examples
in Figure 2B, Supplementary Table C.1) out of the 15 of
the hardest tasks (defined as cases where the majority of the
compared methods obtain < 1/100 unique successful trajec-
tories). Thus, our proposed method generalizes to a diverse
set of motif scaffolding problems, including active site, ion
binding site, protein-binding interface, and RNA-binding
interface motif scaffolding.

3. Motif scaffolding of binder-target interfaces

For the goal of scaffolding a motif that is part of a binder-
target interface, we investigate the usefulness of the presence
of the target protein in the design process. The optimal
scaffold would not only pass the in silico motif scaffolding
criteria of maintaining the motifRMSD and scRMSD, but
also the established in silico protein binder interface metrics.
These interface-specific scores include i_pTM, i_pAE and
ipSAE (R. L. Dunbrack, 2025), which have been shown to
correlate with the experimental success of designed binders

(Pacesa et al., 2025; Overath et al., 2025; Cotet et al., 2025).

Our first observation after generating the initial designs
is that validation of the protein structure output with
AlphaFold2-monomer, across various loss parameters and
design inputs, consistently places both proteins far from
each other in space, a previously observed phenomenon
when using this model with just the input template (Bennett
et al., 2023). Therefore, we first analyze the validation itself.
Running AF2-monomer with initial guess (IG) (Bennett
et al., 2023) or "big bang" (BB) structure module initializa-
tion (Schweke et al., 2024) alone did not resolve the problem
(Supplementary Figure A.2A,B). However, unmasking the
inter-chain contacts from the template (IC (Mirabello et al.,
2024), Figure 1), both with initial guess (or big bang) and
without, places the two proteins in the intended proxim-
ity, indicated by a low RMSD to the original input motif
structure (after aligning the target chains). ESMFold (Lin
et al., 2023) does not correctly model the target protein it-
self, therefore also leading to high RMSDs (Supplementary
Figure A.2A).

We benchmark the use of AF2-monomer (IC) with the ex-
perimental dataset of the Adaptyv Bio’s Nipah binder de-
sign competition (Proteinbase, 2025), divided into “Not
expressed”, “Binding” and “No binding” categories. Given
the Boltz-1 (Wohlwend et al., 2024) predicted structures
as input templates, AF2-monomer validation is run in two
modes, with and without IC, both with gapped-sequence
(Roney & Ovchinnikov, 2022) template. The RMSDs in the
analyses are computed by comparing the first 10 binder pro-
tein interface residues (to simulate a binder interface motif)
of the re-predicted structure and the same residues in the
input structure, after aligning by the target protein. We ob-
serve that, as in the case of the motif scaffolding examples,
AF2-monomer is unable to place the Nipah binder designs
in the same position as the input without IC (Supplementary
Figure A.3A, RMSD compared to RMSD (IC)). Unsurpris-
ingly, the confidence scores are also higher in the IC case.
However, from the area under the ROC curve (AUC, Figure
4A, Supplementary Figure A.3B), as well as the area under
the precision-recall curve (AP, Figure 4B), we can see that
the IC-based scores are consistently more discriminative
than the non-IC counterparts, although the discriminative
power remains quite low. Since the primary objective of the
validation and filtering step is obtaining a high precision,
while allowing for low specificity, we compute the precision
in the top 10% of ranked designs (by the respective score),
and we can see that ipSAE, as well as the product of ipSAE
and iLDDT (computed using OpenStructure v2.11.1 (Studer
et al., 2026) with the compare-structures action) of
the IC models result in the highest precision values (26% in
the ranked top 10%) (Supplementary Figure A.3C). There-
fore, we use AF2-monomer (IC) for the rest of the in silico
validation analyses.
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Figure 4. A) ROC curves and area under the ROC curves (AUC)
of the RMSD and ipSAE scores for the binding and non-binding
(non-expressed proteins were omitted) experimentally tested sub-
missions to Adaptyv Bio’s Nipah binder design competition (Pro-
teinbase, 2025), rescored using AF2-monomer (IC). B) Precision-
recall (PR) curves, area under the PR curves (AP) and precision in
the top 10% of binder scores (P@10) for the RMSD and ipSAE
scores of the same dataset.

We show five examples from the RFdiffusion (Watson et al.,
2023) and MotifBench (Zheng et al., 2025) motif scaffold-
ing benchmark datasets: MotifBench dataset: 02 (PDB
1ITU) and 30 (PDB 7UWL), RFdiffusion dataset: m (PDB
5SWN9), n (PDB 6VW1) and k (PDB 4JHW). These tasks
are selected because their original PDB entries contain a
target protein interacting at the motif site, and they had few
or no successful scaffolds when designed without the target.
For these five examples, we run the optimized motif scaf-
folding workflow for 100 trajectories, (1) giving only the
motif coordinates from the benchmark datasets as input and
(2) giving both the motif coordinates and the corresponding

target protein from the same PDB entry (in this workflow,
the interface-specific losses 7+8 from Appendix B were ad-
ditionally included). For k (4JHW) and m (SWNO) from the
RFdiffusion dataset, the antibody target is cropped to the
variable regions to reduce run time, creating a single-chain
variable fragment as the target protein.

We observe that including the target protein with interface-
specific losses often rescued these cases and allowed ob-
taining successful binders containing the motif of interest.
In some examples we observe a decrease in the number of
designs reaching the final stage of iterative design (number
of points in Figure 3), failing due to low confidence in the
initial stages. In the case of k_4JHW, no trajectory passed
the final stage thresholds, but we suppose that with more
extensive sampling, passing scaffolds could be found also
for this motif.

Secondly, the presence of the target protein improved or
maintained the correct placement of the design upon refold-
ing and aligning on the target protein chains (Figure 3, frac-
tion of green (motifRMSD < 1 or 2A)/ gray (motif RMSD
> 2A) points) and improved or maintained the interface-
specific ipSAE scores (Figure 3) (R. L. Dunbrack, 2025).
The other common interface-specific scores (i_pAE (Sup-
plementary Figure A.2C), i_pTM (Supplementary Figure
A.2D)) show the same trend of improvement when design-
ing with the target protein. For some motif-target pairs, the
confidence scores were significantly worse than in the Ni-
pah binder design competition, suggesting that the in silico
scoring thresholds might have to be adjusted on a case-by-
case basis. In conclusion, more consistent high interface
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confidences can be found in the case that the scaffold has
been designed with the intended target.

4. Protein design with AF2-hallucination can
be accelerated through target truncation

One main limitation of iterative generation of de novo de-
signs through AlphaFold2 backpropagation is the high com-
putational resources required. The run time increases cubi-
cally with the protein sequence length L due to the triangle
attention in the Evoformer blocks (Jumper et al., 2021).
Therefore, a drastic reduction in run time for each trajectory
can be achieved by cropping the target down to the essential
binding site, which would then serve as input to design a
de novo protein binder or to scaffold a protein-binder in-
terface motif. We implement two strategies to explore this:
(1) crop the target before the whole workflow and input the
now discontinuous target interface as several separate chains
(Sep.chains), or (2) crop the target after the AlphaFold2 em-
bedding of the input data (Emb.crop), such that the heavy
pass through the Evoformer blocks is reduced to the inter-
face residues, but the embeddings contain information from
the full protein context (Figure 1, red scissors). In both
cases, the SolubleMPNN and validation steps are run using
the full target protein.

The default number of one recycle in the initial stages works
without modifications for the Sep.chains mode. However,
in the Emb.crop mode, recycling requires the single and
pair representations obtained before the Structure Module,
as well as the predicted output coordinates. Since the di-
mensions of these tensors are not equivalent to the cropped
representations they are merged into, we explore two possi-
ble solutions. First, recycling is omitted during the design
process (0 recycles). Alternatively, after the first pass, the
inputs are cropped to the same dimension (same input there-
fore as Sep.chains) and then merged with the outputs of the
first pass. This case of Emb.crop lrecycle therefore sees
the full protein in the first pass through the AF2 network
and then refines the structure with the cropped target in the
second pass. All subsequent iterations start with the full
protein and updated sequence from the backpropagation. A
trajectory is considered successful if it passes all in silico
thresholds after AF2-monomer validation, which are equiva-
lent to the BindCraft default thresholds (Pacesa et al., 2025),
except without the filters for Rosetta interface scores and
hydrogen bonds at the interface.

Our first application is the target protein PBP2a (PDB
1VQQ), a protein of 494 amino acids known to confer
resistance to methicillin-resistant staphylococci (MRSA)
(Chambers, 1999). PBP2a’s transpeptidase activity surface
can be drastically cropped to 270 amino acids, to which
an inhibitor of PBP2a could be designed. 25 trajectories
(binder length: 85-95 amino acids) are run for each combi-

nation of the two cropping methods and two AlphaFold2
options: initial guess (IG) and big bang (BB) (Supplemen-
tary Figure A.4). From this example we conclude that both
cropping strategies are up to an order of magnitude faster
and produce the same or more successful trajectories. The
embedding-cropping (Emb.crop) mode with 1 recycle, ini-
tial guess (IG) and big bang (BB) shows an advantage in
terms of number of passing designs, however, the equivalent
separate chains (Sep.chains) input mode is faster, due to
more optimized GPU usage and less overhead. In general,
1 recycle is necessary to obtain good trajectories (a higher
proportion of trajectories fail after 50 steps with 0 recycles),
and the speedup of performing O recycles is not significant
(Supplementary Figure A.4).

These conclusions can also be observed in two other test
cases (same binder length of 85-95 amino acids), Derf7
(PDB 9HAE), the largest protein target in the BindCraft
dataset (Pacesa et al., 2025), and the Nipah Glycoprotein G
(PDB 2VSM) from Adaptyv Bio’s protein design competi-
tion (Proteinbase, 2025), with a varying degree of success
(Figure 5). Derf7, already being a much smaller protein
with 190 amino acids, still benefits from cropping in terms
of run time, though the full target input does just as well in
terms of trajectory successes, whereas the Emb.crop mode
fails to produce successful trajectories. The Nipah protein,
being cropped from 416 amino acids to 166 amino acids
around the binding site to the human cell receptor ephrinB2,
also shows a considerable decrease in run time. For this
target, the Sep.chains method showed better success rates
and faster run times per step. We conclude that the opti-
mal target cropping method is task-dependent, but in any
case is very successful at rendering binder design using
AF2-hallucination much more time-efficient.

5. Discussion

Our results demonstrate that MotifCraft, an AlphaFold-
Multimer backpropagation-based hallucination workflow,
can be successfully applied to the protein design task of
motif scaffolding. The high flexibility of the design process
through adaptations of the loss function allows us to guide
the designs in the desired direction, resulting in protein
scaffolds that upon validation with an independent model
(AlphaFold2-monomer), are confident, and keep the motif
structure intact. MotifCraft has a high in silico success rate
in the RFdiffusion benchmark dataset, notably generating
successful scaffolds for motifs that are considered difficult
test cases.

We show that to obtain de novo designed scaffolds contain-
ing protein-binding motifs, including the target protein in
the design process can lead to more in silico successful
designs. An important observation is the failure of the com-
monly used model for protein design scoring, AlphaFold2-
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and Emb.crop (with O or 1 recycles, and initial guess (IG) and big
bang (BB) initializations), illustrations for each modification can
be found in Figure 1. Each method is run for 25 trajectories with
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B) Nipah Glycoprotein G (PDB 2VSM, 416 amino acids — 166
amino acids) and C) Derf7 (PDB 9HAE, 190 amino acids — 70
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of trajectories that fail, colored by the iteration at which it fails,
or pass all filters (light green). On the right, the box plots of the
average run times of a single step in each trajectory are plotted.
Some examples of protein structures from the final trajectory step
are shown on the right of the plots, with the PDB target in dark
green, the designed binders in light green (passing all filters) and
orange (failing at the validation step), the full protein targets in
light gray and the cropped protein target interfaces in dark gray,
with the defined hotspots in red sticks. The metrics of the structure
re-predicted with AF2-monomer (default mode) are shown next to
the binder: binder Cao RMSD after alignment on the target protein
(bRMSD, ="Hotspot RMSD" in BindCraft), i_pTM and pLDDT
(of the binder protein).

monomer in single-sequence mode with template - to dis-
tinguish between binders and non-binders. We partially
compensate for these shortcomings by using unmasked inter-
chain contacts (IC) AF2-monomer in single sequence mode
with the protein binder and target template to re-predict and
filter our designs. However, there remains ample room for
improvement in correctly distinguishing protein binders.

Due to repeated passes through AlphaFold2, a limitation
of motif scaffolding with this method is its relatively slow
computational speed. Our results show that cropping the tar-

yet effective method to reduce run time. Our designs exhibit
good in silico scores similar to validated de novo binder de-
sign results, indicating a strong likelihood of solubility and
binding. There are several promising directions for future
development, including further optimized and specialized
losses, as well as improved scoring through new co-folding
methods.

Ultimately, we show with MotifCraft that the AF2 back-
propagation framework can be used for motif scaffolding,
as well as the benefits of including the target protein for
scaffolding protein-protein interface motifs. The inclusion
of a target protein results in longer run times, for which we
propose an efficient speed-up using target truncation. Our
analyses thus demonstrate the advantages of having such a
versatile platform for de novo protein design. In the future,
these designs will also need to be validated experimentally
to verify successful motif conservation and binding. Overall,
the ability to guide designed proteins to specific characteris-
tics represents a generalizable approach that takes the field
one step closer to the design of functional protein binders,
enzymes, and DNA-binding proteins.

Data availability

The data and source code supporting the findings of this
study will be made available in a public repository upon
acceptance.

Impact Statement

This paper presents work whose goal is to advance the field
of computational protein design. There are many potential
societal consequences of our work, including addressing
bottlenecks and missing solutions in healthcare, agriculture
and ecology.
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Figure A.1. RFdiffusion motif scaffolding benchmark dataset. Individual trajectory sequences (outputs of SolubleMPNN) are re-predicted
using AF2-monomer in single sequence mode without templates and plotted on the y-axis at the Ca motifRMSD to the input motif

coordinates and colored by Ca self-consistency RMSD (scRMSD) of the full scaffold to the final trajectory step structure.
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Figure A.2. Results of in silico validation metrics of the test case n (PDB 6VW1) from the RFdiffusion benchmark dataset. The motif
scaffolding method is MotifCraft either without target (A, solid) or design in the presence of the target protein (B, hatched). For each
trajectory reaching the final step (=N, out of 50 trajectories run), 20 MPNN sequences were generated and the top-ranked sequence was
rescored using AF2-monomer, with the different modes on the x axis. The y axis values correspond to the proportion of sequences passing
either the motifRMSD threshold of 1A to the input (orange), the in silico confidence score thresholds of pLDDT > 0.7, i_pTM > 0.5
and i_pAE < 0.35 (pink), or both (green). Comparison of the re-predicted Coc motifRMSD to the final trajectory structure, after aligning
on the target protein, is plotted on the two right-most columns. The designs run without target protein do not have this metric, since the
structure of the final step does not contain the target to align to. C,D) AF2-monomer-rescored (IC) trajectories of five design targets, with
three different design methods: free binder design (green), motif scaffolding without the target (orange) and motif scaffolding with the
target (purple). The y axis shows the i_pAE (C) and i_pTM (D) score, respectively, for each trajectory sequence and the points are colored
dark green if they pass the strict motifRMSD threshold of 1A, light green if they pass the relaxed motifRMSD threshold of 2A, or gray if
they do not pass the thresholds. The fraction of passing trajectories is indicated as bar charts above the plot. For the free binder design
(with target), which is not constrained by a motif, the RMSD is computed as the minimal distance to the input target hotspots, thus the
thresholds are set higher (strict: 7A, relaxed: 10A).
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Figure A.3. Results of in silico scoring metrics of the Nipah protein design competition binding and non-binding complexes (Proteinbase,
2025), predicted using default AF2 parameters, versus with IC, both with the Boltz-1 (Wohlwend et al., 2024) predicted structures as
templates. A) Absolute values of the individual scores, separated by experimental success (binding, non-binding, and non-expressed). B)
Area under the ROC curve scores (AUC) of the individual scores for the binding and non-binding (non-expressed proteins were omitted)
experimentally tested submissions. C) For the same binder dataset, precision-recall (PR) curves, area under the PR curves (AP) and
precision in the top 10% (P@10) of the top-ranked scores (or product of scores), ranked by the precision in the top 10%.
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Figure A.4. Results of different methods for accelerated protein design through target cropping, evaluated on the target protein PBP2a
(PDB 1VQQ, 494 amino acids — 270 amino acids). Different AlphaFold2 initialization options, initial guess (IG) and big bang (BB),
were tested alone and in combination with each other. Each method is run for 25 trajectories with a binder sequence length of 85-95
amino acids. Bar charts on the left correspond to the proportion of trajectories that fail, colored by the iteration at which it fails, or pass all
filters (green). On the right, the box plots of the average run times of a single step in each trajectory are plotted.
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B.

Motif scaffolding loss composition

The final optimized motif scaffolding loss is composed of the following terms, with the italic points only applying to the

cas

e where the target is also given as input (1-3: full binder protein losses, 4-6: motif losses, 7-8: interface losses, 9-10:

other full binder protein losses). The default BindCraft and MotifCraft (for both the single-step and two-step models, if only
one value is indicated, then it is valid for both models) weights are indicated in brackets.

—_

10.

. full protein confidence pLDDT (BindCraft default=0.1, MotifCraft weight=0.1)
normalized predicted alignment error (pAE) within the full protein (BindCraft default=0.4, MotifCraft weight=0.4)
. residue contact loss within the full protein (BindCraft default=1.0, MotifCraft weight=0.5)

RMSD of motif Ca: atoms to input structure (NA in BindCraft, MotifCraft default one-step design weight=5.0, two-step
design: weight=6.0 in the first stage, then 4.0)

weighted geometric mean of the motif residues pAE (4.0, weight_mean=1.0) and RMSD (5.0, smoothened with sigmoid
scale 3.0, weight_mean=2.0) losses (NA in BindCraft, MotifCraft default one-step design weight=15.0, two-step design:
weight=20.0 in the first stage, then 10.0)

residue contact loss between the motif and scaffold (NA in BindCraft, MotifCraft weight=0.5)

normalized predicted alignment error (pAE) between the full binder protein and target (BindCraft default=0.1,
MotifCraft weight=0.1)

interface confidence i_pTM (BindCraft default=0.05, MotifCraft weight=0.05)
radius of gyration of the full protein (BindCraft default=0.3, MotifCraft weight=0.1)

“helicity loss’: penalize or promote backbone contacts every one in a three-residue offset to promote the hallucination
of helical or non-helical designs (BindCraft default=-0.3, MotifCraft weight=-0.3)
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C. Motif scaffolding RFdiffusion benchmark results

ID Task Proteina  Genie2 RFdiffusion FrameFlow Dayhoff Atlas (3b-UR90)  MotifCraft
p 6E6R _long 71.3 41.5 38.1 11.0 3.0 42.0
P 6E6R_medium 41.7 27.2 15.1 9.9 4.0 27.0
p* 6E6R_short 5.6 2.6 2.3 2.5 14.0 20.0
q 6EXZ_long 29.0 32.6 16.7 40.3 0.0 31.0
q 6EXZ_med 4.3 54 2.5 11.0 0.0 39.0
q 6EXZ,_short 0.3 0.2 0.1 0.3 0.0 29.0
o 5STRV_long 17.9 9.7 2.3 7.7 0.0 10.0
o 5TRV_med 2.2 2.3 1.0 2.1 0.0 9.0
o STRV_short 0.1 0.3 0.1 0.1 0.0 0.0
j TMRX_long 5.1 2.7 6.6 3.5 42.0 0.0
j TMRX_med 3.1 2.3 1.3 2.2 19.0 0.0
j TMRX_short 0.2 0.5 0.1 0.1 0.0 0.0
h* 1YCR 24.9 13.4 0.7 14.9 2.0 52.0
e* 3IXT 0.8 1.4 0.3 0.8 18.0 26.0
c STPN 0.4 0.8 0.5 0.6 0.0 3.0
g*  1QJG 0.3 0.5 0.1 1.8 0.0 0.0
f 5YUI 0.5 0.3 0.1 0.1 0.0 0.0
1 4ZYP 1.1 0.3 0.6 0.4 0.0 2.0
a*  1PRW 0.1 0.1 0.1 0.1 94.0 14.0
d*  5IUS 0.1 0.1 0.1 0.0 0.0 8.0
b 1BCF 0.1 0.1 0.1 0.1 10.0 4.0
m 5SWNO9 0.2 0.1 0.0 0.3 0.0 0.0
i 2KL8 0.1 0.1 0.1 0.1 1.0 1.0
k 4JHW 0.0 0.0 0.0 0.0 0.0 0.0

Table C.1. Number of unique successes, per 100 backbones generated and validated using ESMFold structure prediction, for each task
in the RFdiffusion motif scaffolding benchmark dataset. Reference method results are obtained from previously published sources and
divided by 10 in the cases where the 1000 trajectories were run (Geffner et al., 2025; Yang et al., 2025). Note that the clustering was done
slightly differently (hierarchical instead of Foldseek clustering) for Proteina, Genie2, RFdiffusion and FrameFlow. *Tasks with MotifCraft
showing superior success rate than RFdiffusion in the same run time.
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ID Task MotifCraft_V1 (AF2-monomer) MotifCraft (AF2-monomer)  MotifCraft (ESMFold)
p 6E6R _long 43.0 37.0 42.0
p 6E6R_medium 38.0 32.0 27.0
p*  6E6R_short 38.0 30.0 20.0
q 6EXZ_long 29.0 23.0 31.0
q 6EXZ_med 26.0 26.0 39.0
q 6EXZ_short 8.0 13.0 29.0
[ STRV_long 17.0 11.0 10.0
o) 5TRV_med 4.0 11.0 9.0
0 STRV_short 0.0 1.0 0.0
j 7MRX_long 1.0 0.0 0.0
j TMRX_med 0.0 0.0 0.0
j TMRX _short 0.0 0.0 0.0
h* 1YCR 65.0 63.0 52.0
e*  3IXT 34.0 31.0 26.0
C STPN 0.0 2.0 3.0
g*  1QJG 15.0 32.0 0.0
f S5YUI 1.0 0.0 0.0
1 47YP 0.0 2.0 2.0
a* 1PRW 18.0 12.0 14.0
d*  5IUS 15.0 10.0 8.0
b 1BCF 6.0 4.0 4.0
m SWN9 0.0 0.0 0.0
i 2KL8 1.0 1.0 1.0
k 4JHW 0.0 0.0 0.0

Table C.2. Number of unique successes, per 100 backbones generated, for MotifCraft variants on the RFdiffusion motif scaffolding
benchmark dataset. *Tasks with MotifCraft showing superior success rate than RFdiffusion in the same run time.
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