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Abstract

Designing protein backbones that scaffold functional motifs is a central task in
de novo protein design. Current state-of-the-art methods are based on generative
models, yet they require extensive sampling and filtering of structures, typically
resulting in low in silico success rates. Here, we revisit backprop-based design
and systematically evaluate ColabDesign’s protocol for motif scaffolding. Re-
markably, we find that this protocol, which we call MotifCraft, outperforms all
known methods on the standard 24-motif RFDiffusion benchmark, ranking first
on 17 motifs, improving the median unique success rate 8.5x from 0.7% to 5.9%,
and substantially exceeding recent generative models like Proteina. Detailed error
analysis reveals that, for the most difficult motifs, MotifCraft attains an even higher
success rate when considering only design trajectories that terminate in struc-
tures containing the motif. These results establish backprop-based optimization
as the state-of-the-art strategy for motif scaffolding and challenge the prevailing
assumption that generative models are necessary for this task.

1 Introduction

Designing a scaffold that preserves a fixed structural motif is one of the core tasks in protein design,
with myriad applications from enzyme design to therapeutics. The prevailing paradigm for motif
scaffolding involves generative models that take the motif’s 3D coordinates as input and sample
compatible backbone structures ( ; ; ; s

), followed by sequence design with i 1nverse foldmg models l1ke ProtelnMPNN (

). The design is considered successful if the motif is preserved when the sequence is refolded
with a structure prediction model. Despite substantial progress from many generative modeling
frameworks, in silico success rates remain very low, with the leading generative model, Proteina,
attaining a >1% unique success rate on only 11 out of 24 benchmarks motifs. Evidently, folding
models impose complex constraints that are difficult to satisfy with structure generative models alone.

We reasoned that directly using a structure prediction model in the design process should increase the
proportion of designs passing filters defined by such models. Thus, we revisit a simpler paradigm for
protein design: backprop-based optimization, in which a structure predictor is treated as differentiable
to make iterative updates to an input sequence, as popularized in ColabDesign ( , ).
This approach has proven highly effective for de novo design of binders and antibodies (

, ), exceeding success rates for generative models
Although motif scaffoldmg with similar protocols has also been demonstrated ( , ), the
performance on standard benchmarks compared to recent generative models has not been established.

In this brief report, we systematically evaluate the motif scaffolding protocol implemented in Colab-
Design ( s ; s ), where motif residues are fixed and the surrounding
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backbone sequence is optimized with losses based on geometry and fold confidence. For convenience,
we refer to this protocol as MotifCraft. Surprisingly, we find that MOTIFCRAFT ranks first on 17 out
of 24 benchmark motifs when compared against leading generative models, attaining a > 1% unique
success rate on 17 motifs. Error analysis demonstrates that the most difficult motifs fail primarily
by loss of motif-geometry preservation at end of the structure trajectory rather than by failure to
preserve the motif during refolding. This suggests that successful trajectories from MOTIFCRAFT
produce much higher-quality structures than generative models, whose outputs contain the motif by
construction but often fail to preserve it during sequence design and refolding.

2 Methods

ColabDesign’s Scaffolding Procedure We use ColabDesign’s scaffolding pipeline and initialize
their optimization procedure with three of their losses, at equal weight: contact, categorical cross
entropy of the distogram and motif RMSD (each weighted = 1.0). Let M5, C {1,..., L} denote
residues corresponding to the motif, and and M¢,.. the designable positions. The procedure maintains
amino-acid logits § € R¥*?20 freeze 6, for i € Mgy, and update only @ Mroo -

e Contact loss (L.ontqct): €ncourages at least one strong contact per position.

* Distogram loss (Lg4rqm): categorical cross-entropy (CCE) between the predicted distance
map and the motif reference (from PDB).

* Motif RMSD loss (L,,rrsp): penalizes structural deviation of designed motifs from the
target backbone motif.

The total objective is a weighted sum of these terms:

j =« ﬁcontact + ﬁ ['dgram +7 ﬁmRJWSD- (1)

Algorithm 1 Gradient-based Scaffold Optimization (ColabDesign’s Scaffolding Procedure)

Require: template structure S (motif coords), masks Mgy, Mfee, length L, steps N
1: Initialize logits 6 € RE*20: freeze 6; for all i € Mpy
2: fori < 1to N do
3: p < softmax(6)

4 (X,D) « PREDICT(p, S)

50 Leontact & CONTACTLoss(X : Miree)

6: £dgram — CCE( Dref(s); Mgy XMﬁX)

7: £mRMSD — RMSD(X, S, Mﬁx)

8: J 4 Leontact + Ldgram + LmrMsD > all weights = 1.0
9: OMpee < OMeee =M Vou,, T > no updates on Mg,
10: end for

11: return final sequence AA_seq where AA_seq; = argmaxp; if i € Mp.ce; Otherwise residue
identity from S

Motif Scaffolding Task Set We evaluate on the functional-site scaffolding benchmark curated

by RFdiffusion ( , ), consisting of 25 motif-scaffolding problems, including viral
epitopes, enzymatlc active sites, and binding interfaces. Subsequent works (e.g. Genie2 and Proteina
( , ) report results on a 24-task single-motif subset that excludes

6VWI1 due to 1ts multl chain motif, which some methods do not support. This standardized suite
consists of discontinuous vs. contiguous segments, varied residue counts, and diverse functional
contexts. Examples of problems and task specifications are provided in Fig.

Evaluation Pipeline For each motif, we sample 1000 specifications of scaffold lengths and layouts
following the sampling procedure in ( ). For each specification, we run MOTIFCRAFT to
generate an initial sequence and corresponding structure and redesign seven additional sequences with
ProteinMPNN, producmg 8 sequences per backbone scaffold. We refold all candidates with ESMFold
( , ; , ) and mark a scaffold successful if any of its 8 sequences meet
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Figure 1: MOTIFCRAFT performance across tasks. Unique success rate of 1000 samples for each

problem in dataset (after FoldSeek clustering). Baseline (Proteina, Genie2, RFDiffusion, FrameFlow)
numbers from ( ).

all of the following criteria: motif RMSD (backbone) < 1.0 10\, self-consistency RMSD (C,, only)

<20 A, PAE <5 A, and pLDDT > 70. Finally, we cluster the successful scaffolds using Foldseek
with a TM-score threshold of 0.6 and report the number of clusters as unique successes.

3 Results

Figure | shows the unique success rate of MOTIFCRAFT compared to recent generative model
baselines on all 24 motifs. MOTIFCRAFT ranks as the top method on 17 of the 24 motifs (Fig. 2),
significantly outperforming Proteina (2) and FrameFlow (2). On a head-to-head comparison, MO-
TIFCRAFT outperforms both Proteina and FrameFlow on 19 motifs, and both Genie2 and RFDiffusion
on 21 motifs. In aggregate, the median unique success rate of MOTIFCRAFT is 5.9%, a factor of 8.5
times higher than the best baseline methods, FrameFlow. In particular, this method increases the
number of motifs with unique success rates of > 1% from 11 to 17.
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Figure 2: Task Success Comparisons. (Left) The number of tasks in which each method has the
highest unique success rate. (Right) Distribution of unique success rates for each method. The
numerical median values are reported prior to the log-transform.



_Error Analysis of MotifCraft Backbones

1000 - — 100 —
H
» 800 A 3 80
c o
3 a
8 600 - = 60
k=) k=)
5 o
% 400 4 % 40
& @
200 A G 20
R
0- = = e " 0- e
o) . < X N . >
CRQRCECRFRLRILOLLEITOLLOLL DR EP O & 3
S AR A AT S Y S ¥ «© S $ @ x© & <® S ’Ld'?d'%’ A S
A/ S8 1 T A AL SAERE
e F g N
MotifCraft motifRMSD > 1 ESMFold motifRMSD > 1 PAE > 5, pLDDT < 70 or scRMSD > 2 Il successes

Figure 3: Breakdown of failure modes via sequential filtering. At each stage, we filter the subset
from the prior stage using the denoted criterion. Counts are prior to FoldSeek clustering.

Error Analysis For each of 24 motifs, we provide a breakdown of the failure or success modes
across 1000 scaffolds in Figure 3, left. In particular, we examine failures across chronological
stages of the pipeline (before uniqueness clustering) using cumulative gates: MOTIFCRAFT design
motifRMSD> 1, then ESMFold refolds where none of the eight designs pass motifRMSD, and
finally failure on the remaining confidence or self-consistency metrics. Most motifs exhibit significant
overall pre-clustering success rates (dark green), with failures roughly equally distributed between
insufficiently confident or self-consistent designs (light green) and disruption of motif geometry upon
refolding (yellow). The most difficult motifs (1qjg, 4jhw, Syui) are characterized by a majority of
design trajectories converging to structures that do not contain the target motif (red). Filtering these
cases out, a substantial fraction of designs are successful for two out of three motifs (Figure 3, right).

Figure 4 shows more detailed success/failure break-
downs for all 192k sequences across 24 motifs. Over-
all, the metric pass rates are as follows: motifRMSD 30000
< 1A (51.7%), scRMSD < 2 A (64.7%), PAE < 5 A
(42.3%), and pLDDT > 70 (83.1%); success across

Metric Pass Intersections
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all thresholds is 28.8%. The most common failure 100007 H D D D D
combinations of a given scaffold are: all four criteria 0 I o
failing, the triple {PAE, scRMSD, motifRMSD}, and pLDDT>=701 o T T T I
{PAE} alone. This indicates that while sequence fold- PAE<=5 1 | | I {

ability is typically sufficient (pLDDT passes) while SCRMSD<=21 | I |

: motifRMSD<=1 - (]
long-range confidence and consistency are bottle-
necks. We note that in generative models, the pass rate  Figure 4: Frequency of sequences passing
for motifRMSD is 100% by construction, suggesting ,0st common combinations of criteria.
higher failure rates on the other criteria.

Secondary-structure diversity An analysis of secondary-structure content reveals that Mo-
TIFCRAFT generates a wide variety of structural compositions in successful designs for a given
problem. See Fig.7 for per-task secondary-structure analysis (helix, sheet, loop fractions). As a
case study, we analyzed designs for 6E6R_short. On average, successful scaffolds contained 54.6%
a-helix, 10.6% S-sheet, and 34.8% loop. Individual designs span a wide range: one helix-dominated
scaffold reached 85% «, another was enriched for 3 at 54%, and a third adopted a loop-heavy architec-
ture with 62% coil. This diversity in successful designs indicates that the pipeline explores a variety
of secondary-structure realizations while preserving the target motif (see Fig. 5 for representative
helix- and sheet-rich examples).

3.1 Ablations

ProteinMPNN Redesign. We compare success rates using only the original sequence versus after
generating seven redesigns with ProteinMPNN and refolding all eight candidates with ESMFold.
Fig. & reports per-problem success before vs. after ProteinMPNN; the table below summarizes average
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pass rates and deltas across criteria. Overall, the redesigns improve success rates over the original on
a majority of problems (17 out of 24). Notably, ProteinMPNN unlocks solutions on tasks that were
previously unsolved with the original sequence (e.g., SIUS and 1QJG), indicating that sequence-level
adjustments can rescue borderline backbones. We observe that ProteinMPNN improves model
confidence (pLDDT and PAE) but reduces geometric fidelity (drops in motifRMSD/scRMSD),
yielding a modest net gain in end-to-end success. This pattern suggests that while ProteinMPNN
sequences are more readily interpretable by the structure predictor, they do not always translate into
better geometric alignment with the target motif.

Template Guidance. We assessed the effect of conditioning on a template structure (the motif
segment) during optimization. With template guidance (the default setting), we achieve equivalent
or better performance on 16 out of 24 problems, but no additional problems are solved overall. On
average, template guidance improves motif fidelity but results in reductions to confidence metrics and
scRMSD. Despite these differences, overall success is higher with template guidance (considering
per-problem improvements), suggesting that structural conditioning enforces motif alignment but can
constrain solutions in a way that reduces model confidence.

Table 1: Average pass rates across criteria for ablation studies: before/after PMPNN and with/without
template guidance. Overall = fraction of scaffolds meeting all criteria.

Criteria Original Sequence After PMPNN  With Template Without Template
motifRMSD < 1 36.6% 353% 35.5% 31.6%
scRMSD < 2 40.2% 35.9% 36.4% 42.7%
PAE <5 16.6% 23.9% 23.0% 25.0%
pLDDT > 70 44.6% 59.4% 57.5% 62.4%
Overall 13.1% 15.6% 15.3% 12.6%

4 Discussion

Our results show that ColabDesign’s backprop-based optimization method outperforms top generative
models on a majority of motifs, challenging the prevailing paradigm that generative models are
necessary or well-suited for motif scaffolding. These results present several promising avenues
for further investigation. During optimization, one can prune or terminate trajectories early when
intermediate metrics are poor, or adopt sequential Monte Carlo-like resampling schemes to prioritize
promising trajectories. Such strategies could improve success rates even further. Another compelling
direction is to explore similar strategies for all-atom motif scaffolding—i.e. motifs specified only
with functional groups or sidechain coordinates. This will require the development of differentiable
scoring functions that measure the distance between a partially optimized sequence and a desired
atomic motif, which are currently not yet available. However, if the dramatic improvement in success
rate carries over to such settings, this could unlock many high-precision applications, such as enzyme
active sites, metal coordination, and high-specificity binding interfaces.
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5 Appendix

1BCF - 4JHW - 1QJG -
Double EF-hand motif RSV F-protein Site 0 Isomerase active site

Figure 6: Representative benchmark tasks. Example problems from the functional-site scaffolding
benchmark illustrate the design setup: a subset of residues corresponding to a functional motif is fixed
(boxed), and the protein must be redesigned subject to task-specific constraints such as allowable N-
and C-terminal lengths or total sequence length. Shown are three representative cases: 1BCF (di-iron
binding motif), 4JHW (RSV F-protein epitope, Site 0), and 1QJG (A’-3-ketosteroid isomerase active

site).
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Figure 7: Secondary Structure Breakdown. Distribution of a-helix, 10.6% [-sheet, and loops in
total successful designs for each problem (not clustered for uniqueness).



MotifCraft Sequence vs PMPNN Redesigns
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Figure 8: Effects of PMPNN on success rates Use of ProteinMPNN to redesign sequences boosts

success on majority of samples and produces successes for problems that were unsolved under the
original MotifCraft sequence. Numbers are reported pre-clustering.
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MotifCraft Designs (Including PMPNN Redesigns) Metric Distributions Per Problem
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Figure 11: Boxplots of metrics. Including all refolds for each particular scaffold.
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Figure 12: Average trajectories over designs. Plot of ColabDesign’s loss trajectory; for each sample,
the composite loss is recorded at each iteration and averaged aross a problem.
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