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Abstract

Peptide linkers have emerged as the preferred cleavable linker class in modern ADCs owing to their
biocompatibility, tunable protease specificity, and favorable pharmacological properties. Recent gener-
ative biomolecular models can now design high-quality proteins and peptides de novo with structural
fidelity. We present BoltzGen-ADC, a pipeline built on the generative models ADFlip and Boltz-
Gen, that designs short protease-cleavable peptide linkers for any antibody variable-region sequence
and any small-molecule payload specified by isomeric SMILES, without retraining or program-specific
templates. BoltzGen co-generates linker backbone and sequence within a covalently constrained Fv—
linker—payload assembly; ranked conjugates are then refined with ADFLIP all-atom inverse folding on
the designed peptide in structural context. Downstream filters enforce Fc preservation (no spurious
contacts to constant-region surfaces), protease-cleavage liability scoring, and Boltz-based validation
of peptide—protease complexes. We demonstrate the workflow on Adcetris-inspired brentuximab-MMAE
conjugates. BoltzGen-ADC compresses empirical linker iteration into a GPU-accelerated in silico cam-
paign applicable to arbitrary antibody—payload pairs.

1 Introduction

1.1 Antibody—drug conjugates and the role of linkers

Cytotoxic chemotherapeutics remain a cornerstone of cancer treatment but are frequently limited by poor tu-
mor selectivity and dose-limiting toxicity toward healthy proliferating tissues [2]. Antibody—drug conjugates
(ADCs) were developed to overcome these limitations by combining the targeting specificity of monoclonal
antibodies with highly potent cytotoxic agents [3, 4]. Structurally, an ADC comprises three essential com-
ponents: a tumor-targeting antibody, a cytotoxic payload, and a chemical linker that covalently connects
the two [4, 5]. Although the antibody and payload determine target specificity and cytotoxic mechanism,
respectively, the linker is critical for maintaining systemic stability and controlling payload release, thereby
directly influencing both the efficacy and safety of the conjugate [5, 6].

ADC linkers are broadly classified as non-cleavable or cleavable, the latter including acid-sensitive (hy-
drazone), reduction-sensitive (disulfide), and enzyme-cleavable linkers [7, 8]. Although hydrazone linkers
were among the first clinically used linker chemistries, their susceptibility to premature hydrolysis can re-
sult in systemic payload release and off-target toxicity [9]. Likewise, disulfide linkers may undergo undesired
extracellular reduction, making it difficult to simultaneously achieve high plasma stability and efficient intra-
cellular payload release [7]. In contrast, non-cleavable thioether linkers exhibit excellent circulatory stability
but rely on complete lysosomal degradation of the antibody for drug release and generally lack a bystander
effect because the released lysine-linker—payload metabolite is poorly membrane permeable and therefore
cannot efficiently diffuse into neighboring cells [7]. These limitations have driven the development of enzyme-
cleavable peptide linkers, which have become the predominant linker class in clinically approved ADCs owing
to their favorable balance between stability and tumor-selective payload release [8].



1.2 Peptide linkers as a platform for next-generation ADCs

Peptide linkers possess excellent biocompatibility, high plasma stability, and efficient intracellular pay-
load release following protease-mediated cleavage [8, 10]. Their amino acid sequences can be readily en-
gineered to modulate cleavage kinetics, stability, and enzyme specificity, while numerous tumor-associated
proteases—including cathepsins, legumain, fibroblast activation protein (FAP), and plasmin—provide diverse
and well-characterized biological triggers for selective drug release [7, 8, 11]. Moreover, extensive peptide se-
quence repositories and protease—substrate databases provide rich biochemical knowledge for rational linker
engineering [12]. Recent advances in machine learning and generative artificial intelligence have enabled
the computational design and optimization of peptide sequences with tailored biochemical and functional
properties [13], making peptide linkers an attractive platform for next-generation ADC engineering.

The challenge is not whether to use peptide linkers, but rather to identify peptide sequences that simulta-
neously preserve antibody function, remain stable during systemic circulation, and undergo efficient cleavage
within the tumor microenvironment. Achieving these competing objectives requires integrating structural
compatibility with protease specificity, motivating the development of generative computational approaches
for peptide linker design.

1.3 Generative models for linker design

Recent advances in generative Al have begun to automate linker discovery. For example, LinkerGPT [1]
generates chemically valid ADC linker scaffolds using language models and reinforcement learning, but it is
limited to small-molecule linkers and does not account for the three-dimensional structure of the antibody,
payload, or conjugate. In contrast, recent structure-aware generative models such as Boltz and BoltzGen
jointly model biomolecular structure and sequence, enabling the design of peptide linkers conditioned on
a specific antibody—payload pair. This motivates us to treat ADC linker discovery as a structure-aware
generative design problem rather than a purely chemical optimization task.

1.4 Hypothesis

We hypothesize that structure-aware generative models can design short peptide linkers tailored to a given
antibody and payload while satisfying the structural and functional constraints required for antibody—drug
conjugates. To investigate this hypothesis, we propose a computational pipeline that combines BoltzGen
with inverse folding, Fc-preservation filtering, protease-cleavage prediction, and structural validation. As a
proof of concept, we evaluate the pipeline in silico on the brentuximab—-MMAE system and demonstrate
that it can generate multiple candidate peptide linkers that satisfy these computational design criteria.

2 Methods

2.1 Pipeline overview

BoltzGen-ADC proceeds in six stages (Figure 1):

1. Specification — antibody heavy/light Fv sequences and payload isomeric SMILES; conjugation atom
indices.

2. Generative design (BoltzGen) — sample linker peptide backbones and sequences in a covalently
constrained Fv-linker-payload assembly.

3. Inverse folding (BoltzGen + ADFLIP) — assign sequences during design; re-sequence designed
peptides in final structures with ADFLIP all-atom inverse folding.

4. Structural filtering (BoltzGen) — hard thresholds on refolding RMSD, composition bias, interface
confidence, and diversity selection.

5. Fc filtering — reject designs whose linker peptide contacts antibody constant-region (non-Fv) surfaces.



6. Protease-cleavage filtering (Boltz) — rank by liability motifs and validate peptide—cathepsin B
complexes with Boltz structure prediction.

© mputs © BoltzGen @ ApFuP O FcFitter © Protease Filter 0 Btz © Ranked
(Fv + SMILES) | Design Inverse Folding Validation Conjugates

Fv Generate initial Inverse fold to Filter designs for Remove sequences Re-fold and validate Rank and output
(antibody variable Fv-drug conjugate design full-length acceptable Fc with predicted final conjugate final ADC
fragment) complexes antibody properties protease cleavage structure candidates

liabilities

SMILES
(drug-linker)

@ Expression

N\-H‘\N’H\SAN JLNH (@] Stability — Cleav‘age site (@ Structural confidence
Lr 1 Multiple ;;Ll)ses @ Developability (predicted) (@ Conjugation geometry
oH ki (ensemble) @ No clashes

Figure 1: BoltzGen-ADC computational pipeline.

2.2 Generative models: Boltz and BoltzGen
Boltz is a structure-prediction model for proteins, nucleic acids, and small-molecule ligands in complex [15].
We use Boltz in the protease-validation stage to predict cathepsin B—peptide complex structures and confi-
dence metrics (ptm, iptm, complex_plddt).
BoltzGen extends the Boltz architecture with a generative design module that jointly samples binder
backbone geometry and target context, followed by inverse folding and refolding to assess designability [14].
The standard boltzgen run workflow comprises design, inverse fold, folding, analysis, and filtering.
2.3 Universal antibody-linker—payload conjugate design
We model the ADC as a covalent assembly of four entities:

o H, L — user-supplied Antibody sequences (heavy and light chains).

e P — designed peptide linker, length 2—6 residues.

o D — payload specified by isomeric SMILES (e.g., MMAE).

Two covalent bond constraints define topology:

1. Antibody heavy-chain C-terminus — linker N-terminus ([H, C_term, C] - [P, 1, NI).

2. Linker C-terminus — payload attachment atom ([P, L, CI - [D, 1, N5] for MMAE).

No antibody PDB is required; BoltzGen builds that from sequence. Swapping antibody or payload
requires only new sequences/SMILES in the YAML specification.



2.4 ADFLIP all-atom inverse folding on final structures

After BoltzGen produces ranked conjugate structures, we run ADFLIP [16] on the linker peptide residues
only within each final designed structure. ADFLIP conditions on the full atomic context containing antibody
Fv, payload atoms, and linker backbone geometry, to propose alternative sequences compatible with the
designed three-dimensional pose. ADFLIP complements BoltzGen’s built-in inverse folding by providing an
independent, all-atom sequence proposal on the final refolded conjugate geometry.

2.5 Fc filtering

ADC linkers must not engage antibody surfaces outside the intended attachment corridor, especially the
constant region (Fc), where off-target contacts could impair effector functions (ADCC, CDC) or accelerate
clearance. We implement an Fc filter using heavy-atom contact analysis.Peptide-antibody contacts within
4.5 A were quantified for Fv and constant-region residues, and designs were retained only if all peptide
contacts were confined to the Fv region. This enforces the challenge objective to preserve antibody binding
and Fc functions at the structural level.

2.6 Protease-cleavage filtering

To ensure payload release, candidate linker peptides are evaluated against a user-specified target protease.
For each design problem, the corresponding protease structure is provided (e.g., cathepsin B, PDB 3PBH),
and Boltz predicts the peptide—protease complex. Confidence metrics (ptm, iptm, and complex_plddt) are
used as in silico evidence of a plausible cleavage-compatible binding mode. 2a

2.7 Peptide physicochemical properties

Linker candidacy also depends on solution properties that influence conjugate solubility, aggregation risk, and
charge state across physiological pH. We compute peptide-level descriptors with BioPython ProteinAnalysis
for each BoltzGen and ADFLIP sequence:

o« GRAVY (grand average of hydropathy) — hydrophobicity proxy; lower values favor aqueous solubility.
o Instability index — sequences below 40 are classed as stable in the ProtParam model.

o Isoelectric point (pI) and net charge at pH 7.4 (circulation), 6.0, and 5.0 (endosomal/lysosomal)
— relevant to off-target binding and protease accessibility.

e Molecular weight and aromaticity — manufacturing and hydrophobicity indicators.

The results are summarized in Table 4.

2.8 Exemplar: brentuximab—MMAE

We instantiate the pipeline for Adcetris (brentuximab vedotin): cAC10 Fv sequences, MMAE payload
SMILES, and peptide-anything protocol with 50 intermediate designs and a final budget of 10 ranked
candidates.



(a) Protease validation structures from Boltz. (b) Best-ranked design for the peptide sequence “MR”.

Figure 2: Computational validation of the designed peptide linker. Left: predicted protease—linker complex.
Right: highest-ranked linker design generated by the pipeline.

3 Results

3.1 BoltzGen design outputs

From 50 sampled conjugates, BoltzGen filtering retained 10 diverse final ranked brentuximab—MMAE linker
designs (Table 1). Sequences span 26 residues; all pass refolding RMSD thresholds (< QA). Mean design-
to-target iPTM is 0.40 (range 0.37-0.46). Liability scoring flags MetOx at N-terminal methionine in 7/10
designs; ranks 8 and 10 carry ProtTryp motifs (cathepsin-favorable); rank 9 carries a DPP4 circulation
liability.

Table 1: BoltzGen outputs for 10 final ranked brentuximab—MMAE linker designs.

Rank Seq Len iPTM PAE RMSD (A) Filters Liability
1 MR 2 0.460 8.19 1.29 9/9 MetOx
2 MHH 3 0.437 8.39 1.47 9/9 MetOx
3  MSPPA 5 0.396 9.53 0.73 9/9 MetOx

4 GSPP 4 0.406 9.55 1.53 9/9 —
5 MSPPT 5 0.396 9.75 0.77 9/9 MetOx
6  MSPIIV 6 0.385 9.44 1.61 9/9 MetOx; HydroPatch
7  MGPLS 5 0.375 10.21 1.69 9/9 MetOx
8 MRPE 4 0.418 9.35 1.37 9/9 ProtTryp; MetOx

9 ASPTFS 6 0.375 10.76 1.85 9/9 DPP4

10 GSKAP 5 0.373 10.41 1.35 9/9 ProtTryp

3.2 Fc filtering results

All 10 final designs pass the Fc filter: linker peptides contact only Fv-region residues (8-17 heavy-atom
Fv contacts per design; 0 non-Fv contacts at 4.5A for every candidate), consistent with preservation of
constant-region integrity.

3.3 ADFLIP inverse folding on final structures

ADFLIP was run on all 10 final ranked conjugate mmCIF files with peptide-only design masks (Table 2).
Native sequences are those assigned by BoltzGen; ADFLIP sequences are all-atom inverse-folded proposals
conditioned on the full conjugate structure. Sequence recovery ranges from 0.00 (ranks 1-2) to 0.75 (rank
4); ADFLIP frequently proposes glycine- and proline-rich alternatives, consistent with backbone flexibility
at the antibody—payload junction.



Table 2: ADFLIP inverse folding on linker peptides in final BoltzGen structures (10 designs).

Rank Native (BoltzGen) @ ADFLIP Recovery Len
1 MR GG 0.00 2
2 MHH SDD 0.00 3
3  MSPPA LAPLL 0.20 5
4 GSPP GGPP 0.75 4
5 MSPPT MGPDD 0.40 5
6  MSPIIV GGPHHH 0.17 6
7  MGPLS GPPEV 0.20 5
8 MRPE GLPP 0.25 4
9 ASPTFS PPPPPF 0.17 6

10 GSKAP GGPPP 0.40 5

3.4 Boltz protease-validation outputs

Table 3 reports Boltz confidence metrics for cathepsin B—peptide complexes built from all 10 unique linker
sequences.

Table 3: Boltz structure-prediction outputs for cathepsin B-linker peptide complexes (10 designs).

Peptide Confidence ptm iptm  complex__plddt

MRPE 0.758 0.924  0.770 0.755
ASPTFS 0.744 0.878  0.724 0.749
MSPIIV 0.742 0.859  0.743 0.742
GSKAP 0.724 0.911 0.602 0.754
MHH 0.703 0.947  0.598 0.729
MGPLS 0.697 0.958  0.583 0.725
GSPP 0.694 0.959  0.513 0.740
MSPPA 0.686 0.870  0.478 0.738
MSPPT 0.676 0.847  0.363 0.755
MR 0.667 0.847  0.321 0.753

3.5 Peptide physicochemical properties

Table 4 compares representative BoltzGen-native, ADFLIP-refined, and Adcetris Val-Cit reference sequences
across the 10-design panel.

Table 4: Representative peptide physicochemical properties. Instability index < 40 = stable (ProtParam).

Source Seq GRAVY Instab. pl Charge (pH 7.4) MW (Da)
BoltzGen rank 1 MR —1.30 —-32.7 9.50 +0.28 305
BoltzGen rank 4 GSPP —1.10 165.5 5.53 —0.44 356
BoltzGen rank 7 MGPLS +0.58 8.0 5.28 —0.72 504
BoltzGen rank 8 MRPE —-1.93 80.3 5.97 -0.71 532
ADFLIP rank 5 MGPDD —1.42 —-7.1 4.05 —2.71 534
Adcetris (Val-Cit) VCIT +2.63 7.5 5.49 —0.50 435

4 Discussion

With BoltzGen-ADC By treating peptide linkers as the preferred cleavable trigger class and designing them
in context of arbitrary antibody—payload pairs, the pipeline aligns computational design with clinical linker
biology (cathepsin cleavage, circulation stability, Fc preservation).

The multi-model architecture—BoltzGen for joint structure—sequence generation, ADFLIP for all-atom
sequence refinement, Boltz for protease validation—provides complementary in silico proof points rather than
relying on a single score. Fc filtering ensures that linker placement does not spuriously engage constant-region
surfaces, directly addressing translational risk to effector function.



Data and Code Availability

All code, scripts, and curated outputs are available at https://github.com/Alirzeanoroozi/Merck-Challenge.
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