
000
001
002
003
004
005
006
007
008
009
010
011
012
013
014
015
016
017
018
019
020
021
022
023
024
025
026
027
028
029
030
031
032
033
034
035
036
037
038
039
040
041
042
043
044
045
046
047
048
049
050
051
052
053

Under review as a conference paper at ICLR 2026

REINFORCEMENT LEARNING FOR BLACK-BOX OBJEC-
TIVES IN LOGIT-BASED PROTEIN HALLUCINATION

Anonymous authors
Paper under double-blind review

ABSTRACT

Gradient-based “hallucination” methods such as Germinal and BindCraft enable
efficient protein binder design by optimizing a continuous relaxation of the se-
quence (a logit matrix) using gradients from differentiable structure predictors and
protein language models. However, many practically useful objectives for ranking
or filtering designs are non-differentiable with respect to sequence (e.g., external
confidence metrics from AlphaFold3 or Chai, experimental readouts, or arbitrary
black-box scores), preventing direct backpropagation through the objective. We ex-
tend the Germinal pipeline with an optional policy-gradient update on the sequence
logits, enabling direct optimization of black-box rewards while preserving Germi-
nal’s differentiable optimization backbone. Our implementation reuses Germinal’s
existing filter metrics as modular reward components and supports both Chai-1 and
AlphaFold3 backends for reward evaluation. On a nanobody design task against
PD-L1, adding a small policy-gradient term during the high-softness portion of
Germinal’s optimization yields a 2.3× improvement in acceptance rate among
processed trajectories, from 0.161± 0.020 to 0.370± 0.055 (mean±std over six
seeds), while maintaining comparable confidence metrics for accepted designs.
This suggests that combining policy-gradient-based black-box optimization helps
improve design success rates, potentially improving downstream wet-lab metrics.

1 INTRODUCTION

Figure 1: Overview of the RL-augmented logit-optimization pipeline. Logits are updated by com-
bining differentiable hallucination gradients with a policy-gradient term computed from black-box
rewards.

Designing functional protein binders requires searching a large discrete sequence space under
structural and interface constraints. Recent progress has come from gradient-based design pipelines
that optimize sequence logits through differentiable structure models and sequence priors Frank et al.
(2024); Pacesa et al. (2025); Mille-Fragoso et al. (2025). These approaches are effective, but they are
naturally limited to objectives that can be backpropagated.

Two families dominate current practice. Hallucination-based methods optimize sequences directly
against structure-model losses and can produce strong sequence–structure consistency Frank et al.
(2024); Pacesa et al. (2025); Mille-Fragoso et al. (2025). Diffusion-based pipelines sample candidate
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structures quickly and then design sequences conditioned on those structures Bennett et al. (2024);
Watson et al. (2023); Gruver et al. (2023). Both families still rely heavily on downstream filtering and
cannot directly optimize black-box success criteria. For a larger discussion of related works, please
see A.1

For example, confidence metrics from external structure predictors like AlphaFold3 Abramson
et al. (2024) are often useful for ranking candidates, but are not differentiable with respect to
sequence. Reinforcement learning offers a natural route to optimize such objectives without requiring
differentiability da Silva et al. (2023); Ding et al. (2024); Lee et al. (2025).

We propose a minimal, modular RL augmentation for gradient-based protein hallucination pipelines.
Our method adds an optional policy-gradient term to the existing logit optimization loop, supports
rewards from either internal design metrics or external predictors (e.g., Chai-1 or AlphaFold3 Chai
Discovery (2024); Abramson et al. (2024)), and can be activated only in selected optimization regions
(e.g., late logits / softmax) to control variance and compute. When RL is disabled, the pipeline is
reduced to the baseline hallucination method.

The central question is practical: can sparse RL updates improve end-to-end design yield without
destabilizing the core hallucination workflow? We evaluate this question on PD-L1 nanobody design
and report acceptance-rate behavior across multiple independent seeds.

2 METHOD

RALO is implemented as an optional extension to Germinal Mille-Fragoso et al. (2025). We retain
Germinal’s core optimization loop—gradient-based hallucination on a logit parameterization of
sequences—and add a policy-gradient term that can optimize black-box objectives that do not admit
backpropagation. Figure 1 provides a high-level overview.

2.1 BACKGROUND: GERMINAL OPTIMIZES A LOGIT DISTRIBUTION

Let x = (x1, . . . , xN ) be an amino-acid sequence of length N over an alphabet of size M (typically
M = 20). Germinal maintains logits ϕ ∈ RN×M and defines an independent categorical distribution
using Eq. (1). Gradients from a structure prediction loss (AlphaFold2-Multimer Evans et al. (2022))
and sequence prior (IgLM Shuai et al. (2023)) are merged (e.g., with PCGrad Yu et al. (2020)) and
applied to the logits during a three-phase schedule: Phase 1 (logits), Phase 2 (softmax), and Phase 3
(semi-greedy).

2.2 POLICY-GRADIENT TERM FOR BLACK-BOX REWARDS

Many useful scoring functions for binder design are not differentiable with respect to ϕ, including
confidence scores produced by external structure predictors (Chai-1, AlphaFold3 Chai Discovery
(2024); Abramson et al. (2024)), or experimental measurements. To enable optimization under such
objectives, we add an optional policy-gradient update. At selected iterations, we sample K sequences
x(k) ∼ p(· | ϕ), evaluate a black-box reward R(x(k)), and apply the REINFORCE Williams (1992)
estimator:

∇ϕEx∼p(·|ϕ)[R(x)] ≈ 1

K

K∑
k=1

(R(x(k))− b)∇ϕ log p(x
(k) | ϕ) ,

where b is a baseline (we use a per-update batch mean) to reduce variance. In practice, we implement
this by minimizing the surrogate loss

LRL(ϕ) = − 1

K

K∑
k=1

(R̃(k) − b) log p(x(k) | ϕ) ,

where b = 1
K

∑
k R̃

(k) is the per-update baseline. For the setting used in this paper, the scalar reward
is clipped as

R̃(k) = clip(R(x(k));−c, c),
where the clipping threshold c is a tunable hyperparameter. When reward variance within an update
is effectively zero (std(R) ≤ ϵ, with ϵ a small constant ), the implementation skips the RL update to
avoid adding numerical noise. The total logit update combines the differentiable Germinal gradients
with the RL term:

gtotal = gAF + gIgLM + λRL gRL ,
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iterations

Phase 1: Logits
hard-to-soft schedule

Phase 2: Softmax
optimization

Phase 3:
semi-greedy

step ≈ 65 step ≈ 100

RL updates active (frequency-gated)

Early logits: no RL updates (warm-up / low softness). Greedy phase: RL off; deterministic refinement only.

Figure 2: Temporal view of Germinal phases and where the optional RL gradient is injected. In the
RALO configuration, RL is applied only in late logits and softmax steps, at frequency-gated update
events. The RL gradient is added to the logit-gradient tensor and merged with standard Germinal
gradients before each optimizer step.

with a tunable coefficient λRL. When λRL = 0 (or the feature flag is disabled), behavior is identical to
the unmodified Germinal pipeline.

2.3 REWARD CONSTRUCTION FROM GERMINAL METRICS

We define R(x) as a weighted sum of modular reward components: R(x) =
∑

i wi ri(x) . To
maximize reuse and avoid backend-specific code paths, each ri wraps an existing Germinal Mille-
Fragoso et al. (2025) metric. In particular, we support: (i) internal metrics from Germinal (or optional
per-sample AlphaFold Evans et al. (2022) reevaluation), and (ii) external metrics computed by an
external predictor (Chai-1 or AlphaFold3 Chai Discovery (2024); Abramson et al. (2024)), using the
same backend selected by the run configuration.

Margin Mode. To increase filter pass rates, we introduce a margin reward. Given a filter threshold
τ and a metric m(x), we define a signed margin:

rmargin(x) =

{
m(x)− τ, for filters of the form m(x) ≥ τ,

τ −m(x), for filters of the form m(x) ≤ τ.

Positive margin indicates the constraint is satisfied; negative margin indicates violation. This
simple transformation makes the RL term “push” designs toward passing the same constraints
used downstream.

2.4 SCHEDULING: APPLY RL WHEN THE DISTRIBUTION HAS VARIANCE

Policy-gradient updates require reward variance under p(· | ϕ). If the logit distribution collapses
to (nearly) a point mass, or if sampling is deterministic, then the sampled rewards become (nearly)
constant and the REINFORCE update becomes ineffective. We therefore introduce simple scheduling
controls: (i) a warm-up step, (ii) a minimum “softness” threshold, (iii) an update frequency, and (iv)
a sampling strategy. Figure 2 provides a temporal view of these controls across Germinal’s three
phases and highlights where RL updates are active. Here “softness” refers to Germinal’s scalar soft
knob that interpolates between a hard, nearly deterministic sequence representation and a fully soft
categorical distribution over amino acids. In the experiments in Section 3, we restrict RL updates
to the late steps of the logits phase and the softmax phase; this controls compute and helps avoid
no-variance updates.

3 EXPERIMENTS

We evaluate RALO as an extension of the Germinal pipeline Mille-Fragoso et al. (2025) on a nanobody
binder design task against PD-L1. All runs use the same Germinal backbone, which attempts 50
trajectories and uses Germinal’s standard three-phase schedule (logits→ softmax→ semi-greedy).
We add a small RL term in the high-softness region of optimization and test its effect on final
filter acceptance rates (see Appendix A.4 for filter details).Our baseline is the unmodified Germinal
pipeline, which we compare to an RL-augmented configuration that uses sparse policy-gradient
updates with rewards computed by Chai-1 Chai Discovery (2024).

RL-augmented. We enable the RL term in the high-softness region of optimization (when logits are
in their raw and softmax phases) and gate RL contributions until after a warm-up period. We compute

3
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Figure 3: Baseline Germinal vs. RL-augmented Germinal (RALO) on PD-L1 nanobody design. Left:
acceptance rates (mean±std across six seeds). Middle: counts of accepted and failed designs over
entire runs (mean±std across six seeds). Right: accepted-set metrics (mean±std across seeds of
per-run accepted-set means).

a margin reward as described above over the external confidence metrics already used by Germinal
filters: pLDDT, ipTM, and PAE, all computed by Chai-1 with weights w = {+1,+1,−0.2} and
reward clipping c = 2.0. We enable sparse, small RL updates (λRL = 0.02) every 20 optimization
steps. See Appendix A.3 for details.

Protocol and metrics. For each condition (baseline and RL), we run 6 independent seeds (6 separate
executions). We report mean±std over seeds. We track two acceptance rates: (i) accept/attempted,
the fraction of attempted trajectories that yield an accepted design, and (ii) accept/processed, the
fraction of trajectories that reach the final evaluation stage that are accepted.

Results. Across the seeds, adding a small RL term in the high-softness region increases acceptance
rates. The baseline achieves accept/attempted 0.100± 0.059 and accept/processed 0.181± 0.107.
The RL-augmented configuration achieves accept/attempted 0.197 ± 0.128 and accept/processed
0.342± 0.097. The higher variance in accept/attempted results stems from the stochastic sampling
performed by policy gradients; this variance tightens in accept/processed as RL contributions cease
in the final optimization stage. These results suggest policy gradients enhance sequence space
exploration, thus improving final performance. Figure 3 summarizes both acceptance rates, design
counts, and reward metrics (Chai-1 confidence scores) to verify that improvements in acceptance
rates are accompanied by improvements in the underlying reward metrics. The RL-augmented
configuration achieves higher acceptance rates by improving the underlying reward metrics, which
are directly related to the final filters.

4 CONCLUSION

We propose RALO, an extension to the Germinal protein design pipeline to enable optimization
of important downstream signals ordinarily reserved for filtering of designs. We leverage policy
gradients to optimize these objectives during the raw logits and softmax phases.

Our results show that integrating policy gradient methods for black-box optimization accelerates
antibody design: across run seeds, RALO significantly increases the number of passing designs.

A limitation of our results is that our evaluation is limited to a single target (PD-L1) and nanobody
scaffold. Future work should expand evaluation to diverse targets and scaffolds.

Future work will also explore greater algorithmic changes in more depth, study the effect of adding a
policy gradient optimization step on generated designs, expand the in silico benchmark suite, and
include wet lab validation of selected designs.
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A APPENDIX

A.1 RELATED WORK

Logit representations for protein sequence design. Modern hallucination pipelines Frank et al.
(2024); Pacesa et al. (2025); Mille-Fragoso et al. (2025) often optimize continuous logits ϕ ∈ RN×M

that induce a factorized categorical policy over sequences:

pi,j =
exp(ϕi,j)∑M
k=1 exp(ϕi,k)

, p(x | ϕ) =
N∏
i=1

pi,xi
. (1)

Equation (1) is the common parameterization used in logit-based sequence optimization and underlies
both differentiable hallucination updates and policy-gradient updates.

Policy gradients optimize via the score-function estimator:

∇ϕJ = Ex∼p(·|ϕ)[(Rx−b)∇ϕ log(px|ϕ)]

enabling optimization of black-box objectives.

RL objective and policy-gradient approaches. When design quality is measured by a black-box
reward R(x), the objective and its score-function gradient can be written jointly as

J(ϕ) = Ex∼p(·|ϕ)[R(x)], ∇ϕJ = Ex∼p(·|ϕ)[R(x)− b∇ϕ log p(x | ϕ)] (2)

with baseline b for variance reduction. RL-style sequence optimization has been used for difficult,
multi-objective fitness landscapes and diversity-constrained design Ding et al. (2024); da Silva et al.
(2023); Lee et al. (2025).

Hallucination trick: moving from expectation to deterministic surrogate. Hallucination-style
design commonly replaces the stochastic expected objective Eq. (2) with a differentiable objective
evaluated on soft sequence representations. Let R denote a sequence-scoring functional and let pϕ be
induced by logits in Eq. (1). The usual approximation is

J(ϕ) = Ex∼p(·|ϕ)[R(x)] ≈ R
(
Ex∼p(·|ϕ)[x]

)
≈ R̂(pϕ), ∇ϕJ ≈ ∇ϕR̂(pϕ). (3)

where R̂ is differentiable with respect to soft marginals. This is accurate when distributional variance
is sufficiently small or R is locally well-approximated around the mean representation, which is
exactly the regime targeted by entropy reduction / sharpened logits in many hallucination pipelines
Frank et al. (2024); Pacesa et al. (2025); Mille-Fragoso et al. (2025).

Why combine both. The two paradigms are complementary: Eq. (3) gives low-variance, efficient
gradients for differentiable objectives, while Eq. (2) includes the score-function term that enables
optimization of non-differentiable black-box rewards Ding et al. (2024); Frank et al. (2024). We refer
to this hybrid as RALO (RL-Augmented Logit Optimization): it retains the hallucination backbone
and injects an optional RL gradient term only in selected optimization regions, yielding a practical
method that preserves baseline behavior when RL is disabled.

A.2 PSEUDO-CODE FOR RL-AUGMENTED GERMINAL STEP

A.3 POLICY GRADIENT HYPERPARAMETERS

For policy gradient optimization, we keep the RL term small (λRL = 0.02) and sparse (every 20
optimization steps), and we only start RL updates after the optimization has warmed up and the
distribution is sufficiently soft. Our default is to allow a 30-gradient-step warm-up period and require
distribution softness of 0.8.

A.4 RELAXED FILTER SET

For our experiments, we use a relaxed set of Germinal’s original filters.

A.5 REWARD FUNCTION WEIGHTS

Here we list the weights placed on the reward function derived from Chai-1 outputs.

We also apply reward clipping with c = 2.0.

7
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Algorithm 1 RL-augmented Germinal step

Require: current logits ϕt, Germinal gradient tensor gt (aux["grad"]["seq"]), step index t,
softness st

Require: design mode mt ∈ {logits,soft,greedy}
Require: RALO hyperparameters: λRL = 0.02, K = 10, frequency F = 20, start step t0 = 30,

minimum softness smin = 0.8
1: if RL disabled then
2: Use Germinal update only
3: return
4: end if
5: if mt /∈ {logits,soft} or t < t0 or st < smin or t mod F ̸= 0 then
6: Skip RL update for this step
7: else
8: Sample K sequences x(k) ∼ p(· | ϕt) with stochastic categorical sampling
9: for k = 1, . . . ,K do

10: Run Chai-1 prediction for x(k)

11: Extract {m(k)
plddt,m

(k)
iptm,m

(k)
pae}

12: Convert each metric to margin against its corresponding final-filter threshold
13: R(k) ← 1.0 ·∆(k)

plddt + 1.0 ·∆(k)
iptm − 0.2 ·∆(k)

pae

14: R(k) ← clip(R(k),−2.0, 2.0)
15: end for
16: if std({R(k)}Kk=1) ≤ ϵ then
17: Skip RL update (rl_skip_no_variance=true)
18: else
19: b← 1

K

∑K
k=1 R

(k)

20: gRL ← 1
K

∑K
k=1(R

(k) − b)∇ϕ log p(x
(k) | ϕt)

21: gt ← gt + λRL gRL

22: end if
23: end if
24: Apply the standard Germinal optimizer step using updated gt

Parameter Value
RL enabled enable_rl_structural_term=true
Reward backend Chai-1 (structure_model=chai)
Use external prediction rl_use_structure_prediction=true
Reward components [external_plddt, external_iptm, external_pae]
Reward weights {external_plddt:1, external_iptm:1, external_pae:-0.2}
Reward mode margin (relative to filter thresholds)
Reward clip rl_reward_clip=2.0
Allow soft-mode updates rl_apply_in_soft=true
RL coefficient λRL = 0.02
Update frequency rl_update_frequency=20
Samples per update rl_num_samples=10
Sampling strategy stochastic
Warm-up rl_start_step=30
Min softness rl_min_soft=0.8

Table 1: RL configuration used for the PD-L1 Germinal extension experiments.
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Filter Condition
Clashes < 2
self-consistency RMSD (scRMSD) < 8.0
Binder near hotspot True
CDR3 Hotspot contacts > 0
Percent Interface is CDR > 40%
Interface shape comlpementarity ≥ 0.5
Interface hydrogen bonds > 2
Surface hydrophobicity ≤ 0.5
Interface hydrophobicity ≥ 40
pDockQ2 Zhu et al. (2023) > 0.15
External pLDDT > 0.82
External ipTM > 0.60
External pTM > 0.75
External PAE < 12.0

Table 2: Filter set used for our experiments.

Metric Weight
pLDDT +1
ipTM +1
PAE -0.2

Table 3: Weighting terms placed on metrics used in the reward function.
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