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PEPTIDE STRUCTURES

Peptide therapeutics occupy a unique sweet spot in drug
discovery, combining the target selectivity and low toxicity of
biological macromolecules with the synthetic accessibility of
small molecules. However, traversing the vast sequence space of
peptides—where even a modest 20-amino-acid peptide yields
20%° (over 10%°) possible sequence permutations—presents a
daunting combinatorial barrier. Traditional discovery workflows
rely heavily on natural sequence mining, display technologies
(such as phage or yeast display), or high-throughput physical
library screening. While effective, these physical screening
regimes explore only a tiny fraction of functional sequence space

and are often constrained by natural evolutionary bias.

Over the past few years, the integration of generative artificial
intelligence and machine learning (ML) has fundamentally
reshaped this paradigm. Rather than physically screening static

libraries, modern biopharma platforms increasingly deploy



‘generate-and-rank’ Al methods for peptide discovery. By

htre GG d¥ep generative models—such as variational Page of
autoencoders (VAEs), generative adversarial networks (GANSs),
diffusion architectures, and protein language models (PLMs)—
with high-capacity predictive ranking surrogates, researchers can
generate millions of de novo candidate sequences in silico and
prioritize only the most promising candidates for physical

synthesis.

Yet, as biopharma organizations transition from computational
proofs-of-concept to active pipeline deployment, they encounter
severe operational pitfalls. Generative models optimized
aggressively against computational surrogate scores frequently
suffer from proxy overfitting (or reward hacking), generating
sequences that score exceptionally well in silico but aggregate,
insoluble, or prove completely inactive in physical wet-lab

assays.

To realize the full economic and scientific gains of machine
learning in peptide discovery, biopharma leaders need more
than sophisticated algorithms. They require a pragmatic
operational framework that balances algorithmic sequence
exploration with rigorous wet-lab ground truth. This guide
delivers an actionable blueprint for adopting generate-and-rank
Al methods, detailing how to set up closed-loop active learning
rollouts, leverage on-policy distillation, implement essential
orthogonal wet-lab assays, and maintain auditable model

governance.



wDeconstructing the ‘Generate-and-Rank’ o= of
Architecture in Peptide Design

The core philosophy of 'generate-and-rank' Al in peptide
discovery is to decouple molecular space exploration from
molecular property evaluation. By establishing a two-stage
computational pipeline, discovery teams can sample widely
across unmapped regions of sequence space while applying
multi-objective filters before allocating physical laboratory

resources.

GENERATION PHASE De Novo Sequence Sampling via Diffusion,
VAEs, GANs & Protein Language Models (Explores 10° to 107
Unmapped Peptide Sequence Candidates in Latent Space) v
RANKING PHASE Multi-Objective Proxy Filtering: Docking,
Affinity GNNs, pLDDT, Toxicity, & Synthesis Feasibility Models
(Filters Down to Top 10" to 10? Candidates) v WET-LAB
VALIDATION High-Purity Synthesis (SPPS/Fermentation) &
Orthogonal Biophysical Assays (Generates Empirical Ground
Truth for Model Retraining)

Generation Phase: Navigating Latent Space with
Diffusion, VAEs, and Language Models

The generation stage functions as the proposal engine. Rather
than making step-wise single-amino-acid substitutions from a

known wild-type scaffold, generative architectures learn the



underlying statistical and structural distribution of peptide
P ARtiOREIFSFate to propose entirely novel sequences. Page of

1. Protein Language Models (PLMs): Architectures fine-
tuned on vast protein sequence repositories (e.g., ESM-2,
PepMLM, or GPT-style transformer backbones) treat amino
acid sequences as natural language. They leverage masked
language modeling or autoregressive sampling to generate
syntactically plausible peptide sequences conditioned on

specific target prompts or functional motifs.

2. Diffusion Models: Adapted from 3D structure generation
algorithms (such as RFdiffusion, PepFlow, or structure-
conditioned continuous diffusion), these models sample
spatial backbone coordinates and sequence identities
simultaneously. They excel at designing rigid, target-
binding peptide scaffolds where structural co-design is

paramount.

3. Variational Autoencoders (VAEs) and GANs: VAEs
compress continuous sequence-property distributions into
a lower-dimensional latent space, allowing smooth
interpolation between distant functional clusters. GANs
utilize competitive generator-discriminator dynamics to
propose sequences that mimic the statistical property
distributions of known active classes (such as antimicrobial,

cell-penetrating, or receptor-targeted peptides).



According to peer-reviewed deep generative model reviews,
htippERdcaedfitettures enable researchers to jump across sequencede ©f

space far beyond the reach of traditional mutagenesis,

generating thousands of novel candidates in minutes.

Ranking Phase: Multi-Objective Surrogate Models and
Fitness Landscapes

Because physical synthesis and wet-lab testing remain the
primary cost and time bottlenecks in peptide discovery, the
ranking phase must act as a strict gatekeeper. Generated
candidate pools (typically 10° to 107 sequences) are evaluated
through an ensemble of computational scoring surrogates to
produce a prioritized shortlist (usually 50 to 200 sequences) for

physical synthesis.

A robust ranking architecture relies on multi-objective scoring

functions rather than a single binding affinity score:

¢ Binding Affinity & Structure Predictors: Graph Neural
Networks (GNNs), 3D complex docking algorithms (e.g.,
AlphaFold-Multimer, Boltz-1, or Rosetta FlexPepDock), and
sequence-based binding predictors estimate target
engagement metrics (such as K d, plCso, or binding free

energy AG).

e Structural Stability Scores: Structural prediction
confidence metrics, such as residue-level predicted Local

Distance Difference Test (pLDDT) and alignment errors


https://pmc.ncbi.nlm.nih.gov/articles/PMC11163380/

(PAE), filter out flexible or unfolded peptides that lack

hitps://molgtglghe €8tondary structure in solution. Page of

¢ Physicochemical & Off-Target Filters: Quantitative
classifiers assess charge distribution, hydrophobic moment,
aqueous solubility, aggregation propensity (e.g., Aggrescan
or CamSol proxies), and potential mammalian cytotoxicity

or hemolysis.

¢ Synthesis Liability Estimators: Machine learning scoring
models evaluate solid-phase peptide synthesis (SPPS)
feasibility, flagging difficult couplings, excessive
hydrophobic stretches, or sequences prone to aspartimide

formation and aggregation during cleavage.

The Fundamental Failure Mode: Proxy Overfitting and
Reward Hacking

While the generate-and-rank paradigm promises rapid
candidate discovery, its single greatest vulnerability is proxy
overfitting—frequently referred to in reinforcement learning

literature as reward hacking.

Surrogate ranking models are, by definition, imperfect
approximations of complex biological phenomena. They are
trained on finite, often noisy historical datasets. When a powerful
generative algorithm or reinforcement learning agent is tasked
with maximizing a surrogate score, it aggressively explores the

boundary conditions of the surrogate's input space. Inevitably,



the generator discovers mathematical "blind spots" or artifacts in
hipeHEnBIFaPHrTStel where the surrogate predicts near-perfect P29 of
affinity, but the physical prediction is completely ungrounded in

biological reality.

1, Warning: A generator optimized strictly against an
unconstrained proxy model will consistently produce
"pathological" peptides—such as hyper-hydrophobic strings or
poly-cationic motifs—that score exceptionally high in silico by
exploiting proxy scoring artifacts, yet fail instantly in the

laboratory due to insoluble aggregation, non-specific binding,

or synthetic insolubdlity.

Structuring Closed-Loop Active Learning
Rollouts (Design-Make-Test-Learn)

To overcome proxy overfitting, biopharma platforms must
abandon static, one-shot "generate-then-test" mindsets in favor
of dynamic, closed-loop peptide design rollouts. A closed-loop
rollout establishes an iterative Design-Make-Test-Learn (DMTL)
engine where wet-lab assay results are continuously fed back to
retrain both the generative proposal engine and the ranking

surrogates.

| 1. DESIGN (AI)
| Generative Al proposes candidate pool; Ranking surrog:

| apply multi—objective filters & uncertainty sampling.
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2. MAKE (Synthesis)
High-purity SPPS / Fermentation synthesis in Class 10(

cleanroom; HPLC/MS verification & CoA generation.

| 3. TEST (Assays)
| Orthogonal wet—lab screening (SPR/BLI, CD, DLS, LC-MS
|

stability, cell-based functional assays).

| 4. LEARN (Retraining)
| Empirical activity & failure data updates proxy scorei
|

On—policy distillation adapts generator policy.

Iterative DMTL Cycles and Uncertainty-Aware
Sampling

An active learning closed loop does not simply select the
highest-scoring peptides in every iteration. Instead, it utilizes

acquisition functions that explicitly balance exploitation (testing



predicted high performers) with exploration (testing candidates
RHACKIGI#GEel uncertainty). Page of

1. Uncertainty-Aware Batch Selection: By incorporating
Bayesian Neural Networks, Monte Carlo Dropout, or Deep
Ensembles into the ranking pipeline, the system calculates
an epistemic uncertainty score for each predicted
sequence. The acquisition function selects a batch
containing a mixture of top predicted binders and high-

uncertainty candidates located near decision boundaries.

2. Negative Data Ingestion: In traditional research, synthetic
failures or inactive sequences are routinely discarded. In an
active learning closed loop, negative data—such as
sequences that failed to synthesize, aggregated in solution,
or showed no binding—are treated as high-value training
signals. Ingesting negative data shrinks the proxy's blind
spots and prevents future generative iterations from

proposing similar pathological motifs.

3. Iterative Model Recalibration: After each experimental
round (typically 48 to 96 peptides per batch), the ranking
surrogates are retrained on the expanded dataset. This
prevents the generator from continuing to exploit

uncalibrated regions of the fitness landscape.

Balancing Exploration Gains with Physicochemical
Boundaries



To maintain productive search trajectories during active learning
httprdTeslfts, eféngFative sampling must be bounded by hard Page of

physicochemical constraints:

e Convex Hull Filtering: Restrict generative latent sampling
to regions of sequence space that lie within the convex hull

of known, physically viable peptides.

e Charge and Hydrophobicity Caps: Enforce strict upper
thresholds on net charge (+4 to -4 at pH 7.4) and grand
average of hydropathicity (GRAVY) scores to eliminate
sequences that inherently promote non-specific membrane

disruption or precipitation.

¢ Isoelectric Point (pl) Alignment: Exclude sequences with
Isoelectric points near physiological pH (pH 6.8 - 7.4) to

prevent iso-ionic precipitation during cell-based assays.

Overcoming Sequence Synthesis Bottlenecks in Batch
Rollouts

An active learning closed loop is only as fast as its physical
synthesis turnaround time. If wet-lab synthesis and quality
control require months per iteration, the computational model
stalls, losing momentum and market advantage. Biopharma R&D
teams must establish streamlined synthesis pipelines capable of
delivering high-purity, fully characterized custom peptides within

days of computational batch finalization.
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Reinforce Model Accuracy

When adapting pretrained generative foundation models (such
as large PLMs or diffusion frameworks) to specific peptide
discovery goals, traditional fine-tuning presents significant
drawbacks. Standard off-policy supervised fine-tuning on small,
curated peptide datasets often leads to severe model collapse—
where the generator loses its structural language diversity and

overfits to narrow sequence motifs.

To steer generative models toward high-reward functional
regimes without destroying their latent diversity, advanced
platforms leverage on-policy distillation peptides optimization

strategies.

v Generates candidate sequences under current policy +
trainable adapter parameters v Affinity (GNN) + Stability (pLDDT)
+ Solubility (CamSol) - Toxicity (Penalty) v Updates prompt
embeddings / Low-Rank Adapters (LoRA) via RL / KL-divergence
penalty

PRETRAINED FOUNDATION MODEL (Frozen Backbone: Captures
Universal Peptide Grammar) ON-POLICY SAMPLING MULTI-
OBJECTIVE REWARD SCORING ON-POLICY DISTILLATION
UPDATE

The Off-Policy Distribution Shift Problem



In peptide generation, off-policy learning refers to training a

R GepENBGFERy BN historical static datasets collected under Page of
different conditions or wild-type contexts. When the generative
model proposes novel sequences that deviate from the historical
training distribution, the scoring model's predictions become

highly uncalibrated.

On-policy methods, by contrast, sample sequences directly from
the current state of the generator, evaluate those generated
sequences through updated reward models or empirical wet-lab
data, and use those active samples to update the generator's

weights.
On-Policy Distillation and Prompt Tuning Mechanics

Rather than updating all parameters of a multi-billion-parameter
foundation model, on-policy distillation typically freezes the core
model backbone and trains lightweight parameter adapters
(such as Low-Rank Adaptation [LoRA] or continuous prompt

embeddings).

As demonstrated in recent Science Advances study on LLM-

based peptide distillation, combining large language models

with prompt tuning, knowledge distillation, and reinforcement
learning allows discovery platforms to steer generative
distributions toward high antimicrobial or binding potency while

preserving broad structural novelty.


https://www.science.org/doi/10.1126/sciadv.ads8932
https://www.science.org/doi/10.1126/sciadv.ads8932

1. Policy Sampling: The generator samples a batch of novel
hitps://molh@apiidé8 using its current prompt or adapter weights. ~ 29¢ of

2. Reward Evaluation: The batch is evaluated through a
composite reward function penalizing toxicity, aggregation,
and structural instability while rewarding predicted target

binding.

3. KL-Divergence Penalization: To prevent the model from
drifting into degenerate, repetitive sequence states, a
Kullback-Leibler (KL) divergence penalty is applied. This
penalty measures how far the updated distribution strays
from the base pretrained model, forcing the generator to

retain natural peptide grammar.

4. Distillation Step: High-reward sequence traits are distilled
back into the adapter parameters, systematically shifting
the generative probability mass toward high-potency

functional space.

Multi-Objective Pareto Optimization vs. Single-Metric
Exploitation

Single-metric reinforcement learning inevitably triggers reward
hacking. Effective on-policy distillation frameworks formulate
reward functions as a Pareto optimization frontier, balancing

multiple competing objectives simultaneously:



Reward = w; - Score_{Affinity} + w, - Score_{pLDDT} + ws -
S EEIECTSBraBINity} - w, - Penalty_{Toxicity} Page of

By forcing the model to solve for a multi-objective Pareto front,
the generator cannot simply maximize affinity by adding infinite
hydrophobic residues; doing so triggers immediate penalties

from the solubility and toxicity scorers.

Essential Orthogonal Wet-Lab Assays:
Eliminating Model Proxy Delusions

No matter how sophisticated an Al pipeline appears,
computational predictions remain hypotheses until verified at
the lab bench. A major pitfall in Al adoption is relying on a single
wet-lab primary assay (such as an ELISA or single-concentration

cell binding assay) to validate model predictions.

Primary screening assays are subject to their own artifacts—
including non-specific hydrophobic stickiness, optical
interference, and pan-assay interference compounds (PAINS). To
prevent proxy overfitting ML peptide discovery traps,
biopharma platforms must institute an Orthogonal Wet-Lab

Assay Matrix.

Pro Tip: An orthogonal assay validates the exact same
molecular property or biological outcome using a completely

different physical measurement mechanism. If a peptide




demonstrates high target binding in an optical BLI assay,
httgs//meSATIFIITRG that binding via non-optical SPR or isothermal F29¢ °f

titration calorimetry (ITC) proves the interaction s real—not

an optical or surface-stickiness artifact.

The Orthogonal Wet-Lab Assay Matrix for Al-
Designed Peptides

The following matrix outlines the non-negotiable assay layers
required to validate Al-generated peptide sequences prior to

lead selection:

Validation Primary Primary Wet- Orthogo
Domain Computational Lab Assay Assay
Proxy

Binding Affinity = GNN docking Surface Plasmon  Bio-Laye
& Kinetics score, AG Resonance (SPR) Interfero

calculations ITC
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As detailed in recent NIH analysis on generative Al in peptide

design, integrating property prediction filters with
comprehensive orthogonal assay checkpoints is essential to

transition Al candidates successfully into clinical development.

Grounding Al Predictions with High-Purity Synthesis
and Class 100 Cleanroom Standards

A frequently overlooked failure mode in Al-driven discovery is
wet-lab artifact confounding caused by impure synthetic
samples. When a generated sequence is synthesized at low
purity (e.g., 70-80% crude yield), residual deletion sequences,
incomplete coupling fragments, TFA salts, or bacterial
endotoxins contaminate the test well. If the assay yields a

negative result, researchers may falsely assume the Al model


https://pmc.ncbi.nlm.nih.gov/articles/PMC13060724/
https://pmc.ncbi.nlm.nih.gov/articles/PMC13060724/

failed, discarding a potentially winning sequence. Conversely,
sy tHEriediiBirities can cause false-positive cytotoxicity or non29¢ ©f
specific binding.

To ensure empirical assay readouts reflect true molecular
performance, biopharma discovery teams must partner with
specialized synthesis providers capable of delivering reliable

high-purity custom peptides.

Platforms like MOL Changes address this critical validation
requirement by combining advanced solid-phase peptide
synthesis (SPPS) and microbial fermentation technologies with

strict quality assurance:

¢ Ultra-Sterile Production Environments: Performing
synthesis and packaging within Class 100 ultra-sterile
cleanrooms prevents endotoxin contamination that

corrupts cell-based cytotoxicity and immunological assays.

¢ Rigorous CoA Verification: Providing full High-
Performance Liquid Chromatography (HPLC) and Mass
Spectrometry (MS) Certificate of Analysis (CoA)
documentation ensures sequence fidelity and purity levels
up to 298%.

e Complex Modification Capabilities: Offering over 300
specialized functional modifications—including lipidation,
head-to-tail cyclization, staple modifications, and

fluorescent labeling—allows discovery teams to validate Al-


https://molchanges.com/

designed constrained cyclic peptides or lipidated
hitps://moledpgergates with absolute structural certainty. Page of

Computational Sequence Recommendation (Al)

v Class 100 Ultra-Sterile SPPS / Fermentation Synthesis v HPLC
Purity Verification (298%) + LC-MS Mass Confirmation v
Orthogonal Wet-Lab Assays (SPR, CD, DLS, Toxicity) v
Uncorrupted Ground-Truth Data for Model Retraining

By ensuring that physical samples meet rigorous purity and
sterility standards, R&D teams guarantee that active learning
retraining loops are driven by authentic molecular properties

rather than synthetic artifacts.

Governance, Auditability, and Regulatory
Compliance for Al Peptides

As Al-designed peptides advance toward Investigational New
Drug (IND) applications and commercial regulatory filings,
regulatory bodies (such as the US FDA and EMA) increasingly
scrutinize the provenance, safety boundaries, and auditability of
machine learning workflows. Implementing robust governance
protocols early in the discovery phase is essential to prevent

costly regulatory delays later.

Training Data Lineage and Provenance Tracking



Regulatory agencies require clear documentation proving that
e SpUItaTRO AT predictions are not derived from contaminated,#9¢ ©f

biased, or unauthorized data sources:

1. Dataset Versioning & Hash Verification: Maintain
immutable cryptographic logs (e.g., SHA-256 hashes) for all
training datasets, recording exact database retrieval dates
(such as PDB, UniProt, or ChEMBL version numbers).

2. Data Leakage Audits: Ensure strict temporal or cluster-
based splits between training, validation, and test datasets.
Prevent sequence similarity overlap (e.g., via CD-HIT
clustering at 40% sequence identity) between training sets

and benchmark test sets to verify genuine generalization.

3. Intellectual Property & Freedom-to-Operate (FTO):
Track sequence lineage to confirm that Al-generated
candidates do not accidentally replicate patented

proprietary sequences.

Standardizing Wet-Lab Metadata for Uncorrupted
Retraining

Data quality determines model quality. When wet-lab assay
results are ingested for active learning retraining, variations in
experimental protocols can introduce catastrophic noise into

machine learning models.



e FAIR Data Principles: Ensure all [aboratory assay data
hitps://molgqprer&X® Findable, Accessible, Interoperable, and Reusabié® ©f
(FAIR) standards.

e Structured Metadata Capture: Every assay result logged
into the retraining database must store full environmental
and instrumental metadata—including assay temperature,
buffer composition, pH, microplate batch number,

instrument calibration logs, and operator ID.

e Standardized Assay Ontology: Map all experimental
readouts to unified biological ontologies to prevent mixing
incompatible metrics (e.g., confusing ICs values derived

from 2-hour assays with K d values from equilibrium SPR).

Regulatory Alignment (FDA/EMA IND & Cosmetic
Filings)

For biopharma therapeutics entering IND-enabling studies or
innovative functional peptides targeting international cosmetic
raw material registrations, model auditability must be embedded

directly into the discovery record:

e Model Explainability & Uncertainty Metrics: Document
why specific sequence candidates were selected, providing
feature attribution maps (such as integrated gradients or
attention-weight visualizations) alongside quantitative

model confidence intervals.



e Decision Boundary Documentation: Define explicit
hitps://molggtatihal boundaries where the model's predictions aré®9¢ ©f
considered valid, flagging when a proposed candidate falls

outside the model's domain of applicability.

e Complete Synthesis CoA Traceability: Archive full
HPLC/MS spectra and sterility CoA documentation for
every physical batch evaluated during lead optimization,
creating an unbroken chain of custody from in silico

sequence proposal to final preclinical lot.

Pragmatic Roadmap for Adopting
Generate-and-Rank Al

To successfully integrate generate-and-rank Al methods into
peptide discovery without falling into proxy traps, R&D leads

should execute the following five-step implementation roadmap:

[ Step 1: Establish Multi-Objective Proxy Pipeline ]

L—— Define composite reward functions incorporating affinit

[ Step 2: Implement On—Policy Distillation & RL ]
L—— Freeze pretrained PLM/Diffusion backbones: train LoRA :

[ Step 3: Launch Closed-Loop Active Learning Rollouts ]
L—— Deploy uncertainty—aware batch selection: ingest both :

[ Step 4: Mandate Orthogonal Wet-Lab Assay Matrix |
L—— Validate candidates across SPR/BLI, CD, DLS, and serum



httpE;/,‘z},{@pqa%QMre High—-Purity Synthesis & Governance | Page of
L—— Partner with Class 100 cleanroom synthesis CDMOs; enfo1

1. Formulate Multi-Objective Scoring Proxies: Replace
single-metric affinity scoring with composite fitness
functions that penalize hydrophobic aggregation, high net

charge, structural flexibility, and cytotoxicity.

2. Adopt On-Policy Distillation: Shift from static off-policy
fine-tuning to on-policy distillation and parameter-efficient
prompt tuning, applying KL-divergence penalties to
explore novel sequence space while preserving structural

grammar.

3. Institute Active Learning Closed Loops: Transition to
iterative DMTL cycles. Use uncertainty-aware acquisition
functions to sample both predicted high-performers and
high-uncertainty boundary candidates, systematically

logging negative data to eliminate proxy blind spots.

4. Deploy an Orthogonal Wet-Lab Assay Matrix: Validate
candidates using complementary physical measurement
technologies (SPR/BLI, CD/NMR, HPLC/DLS) to distinguish
authentic biological activity from optical, surface, or

aggregative artifacts.

5. Enforce Certified High-Purity Synthesis & Governance:

Eliminate false assay readouts by sourcing physical test



samples from Class 100 cleanroom synthesis environments
hitps://moliitliyaiidlated HPLC/MS CoAs. Maintain strict data lineaged¢ ©f
FAIR metadata standards, and model decision boundary

tracking to satisfy FDA/EMA regulatory requirements.

By balancing advanced machine learning exploration with
rigorous, high-purity wet-lab validation, biopharma
organizations can navigate the vast landscape of peptide
sequence space with unprecedented speed, confidence, and

scientific precision.



