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Abstract

Reinforcement learning (RL) fine-tuning of protein language models (PLMs) is increasingly
proposed for sequence design, but reported gains are usually measured against weak baselines
on learned, gameable oracles. We run a deliberately fair comparison on the GB1 four-site
combinatorial fitness landscape: an exact-lookup oracle (no surrogate to exploit), a matched
unique-query budget, a strong classical baseline (simulated annealing), and a novelty floor,
averaged over five seeds. We first show the PLM prior is a poor fitness predictor: ESM-2 masked-
marginal score correlates with GB1 fitness at Spearman 0.04 (35M) and 0.15 (150M), and its
top-ranked variants have near-zero fitness, so a no-RL masked-marginal proposer (greedy-MLM)
is weak. Simulated annealing is a strong baseline that nearly solves the landscape. Group
Relative Policy Optimization (GRPO) collapses by default (spending only 19 of 1000 queries) and
requires discovery-shaped reward, an entropy bonus, and a low learning rate to be viable. Even
tuned, GRPO over a 35M prior only matches annealing. Scaling the prior to 150M, however,
changes the outcome: GRPO then beats simulated annealing by about 10% in the sample-limited
regime where oracle queries are scarce, with the advantage narrowing as the budget grows and
both methods approach the global optimum. Strikingly, this gain is decoupled from the prior’s
fitness-ranking quality, which remains poor at 150M, suggesting the larger PLM helps as an
initialization / inductive bias rather than as a fitness oracle. The practical message: scaling the
protein language model lets reinforcement learning overtake a strong classical optimizer precisely
where queries are expensive.

1 Introduction

Machine-guided protein design searches an astronomically large sequence space using a fitness oracle
(a wet-lab assay or simulator) that is expensive to query. The dominant recent narrative is that
fine-tuning a pretrained protein language model (PLM) with reinforcement learning (RL) yields
better proposals than classical search [1, 2]. Yet most such claims are benchmarked against weak
baselines, on learned oracles that an optimizer can exploit, and without controlling the number of
oracle queries, precisely the axis that matters in practice [3, 4].

We ask a sharp, controlled question: at a matched unique-query budget, on an exact (ungameable)
oracle, does GRPO [5] fine-tuning of ESM-2 [6] propose higher-fitness variants than cheap classical
search? We use the GB1 four-site combinatorial landscape [7, 8]: every one of the 160,000 variants

∗Corresponding author: deep@lab.cloud

1



RL vs. directed evolution on GB1 under a matched query budget

has (or lacks) a measured fitness, so the oracle is an exact lookup and the entire landscape is
enumerable for evaluation. We enforce a matched budget (one query = one unique measured
variant), a strong baseline (simulated annealing), a novelty floor, and five seeds.
Contributions.

1. A prior-informativeness probe showing ESM-2’s masked-marginal score is nearly uninformative
about GB1 fitness (ρ=0.04 at 35M, 0.15 at 150M), so “the prior already knows the answer” is
false here (§5).

2. A fair matched-budget benchmark in which, at 35M, tuned GRPO only ties simulated annealing
and never meets the pre-registered ≥ 10% bar (§5).

3. A scale finding: a 150M prior makes GRPO beat directed evolution by ∼10% in the sample-
limited regime, decoupled from the prior’s (still poor) fitness-ranking, consistent with the
PLM helping as an initialization / inductive bias rather than as a fitness oracle (a correlational
link we do not isolate; §5, §6).

4. A reproducible account of the engineering required to make GRPO viable on a tiny epistatic
landscape (anti-collapse reward shaping, entropy, learning rate) (§3).

2 Related Work

PLMs as fitness predictors. ESM-1v [9] and ESM-2 [6] score mutations by masked-marginal
log-odds; our greedy-MLM baseline is exactly this no-RL use of the prior. The FLIP benchmark [8]
already reports that pretrained embeddings “do not outperform simpler models on mutational
landscapes (GB1, AAV)”; we quantify this as a calibration probe. Model-based optimization for
sequences. CbAS [10], GFlowNets [11], AdaLead/FLEXS [4], and PEX [12] formalize budgeted,
oracle-metered design; notably Sinai et al. [4] find a trivial greedy search out-competes the RL
method DyNA-PPO [1], and Jain et al. [11] argue RL maximizers mode-collapse. These motivate
our strong-baseline, novelty-aware protocol. RL fine-tuning of PLMs. GRPO [5] is our optimizer;
theory shows it amplifies modes the base model already samples and cannot reach zero-prior
modes [13]. Closest to us, Cao et al. [2] ask whether RL on PLMs explores beyond the prior and
find it largely contracts the explored space, but they compare RL only to the base model’s sampling
distribution, never to a no-RL proposer at a matched unique-query budget on an exact oracle.
Concurrent work points the same way: Kmicikiewicz et al. [14] report that frozen-prior search
can match or beat RL fine-tuning, and Wang et al. [15] find a frozen language-model proposer
competitive with evolutionary search (only tying it on GB1), both consistent with our 35M result.
We add the exact-oracle, matched-budget, and scale axes.

3 Method

Task and oracle. A method is a search procedure that, given a budgeted oracle, proposes length-4
variants over GB1 positions {39, 40, 41, 54}. The oracle returns the measured fitness (wild-type
= 1.0, non-binding ≈ 0, max 8.76); one unique measured variant costs one budget unit, repeats
and unmeasured cells are free. The evaluator (fixed, never optimized) computes all metrics on the
method’s queried set.
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Baselines. Random mutagenesis; directed evolution (greedy hill-climb and Metropolis /
simulated annealing); greedy-MLM (ESM-2 masked-marginal additive scoring, ranking all combos
and querying the top measured ones, the no-RL prior control); ESM-2 used only as a prior, never
trained on GB1.

GRPO policy. The policy is a small autoregressive network over the four sites (each residue
conditioned on previous choices, so it can represent epistasis), with per-position logits biased by the
frozen ESM-2 masked-marginal prior; that is, the policy is initialized at the prior and KL-anchored to
a frozen reference. For a group of G sampled variants with rewards ri, GRPO uses the group-relative
advantage Âi = (ri − mean(r))/(std(r) + ϵ) and a Schulman KL penalty to the reference, with no
value network. Three choices prove necessary to avoid collapse (§5): a discovery-shaped reward
(an already-queried or unmeasured proposal yields reward 0, so the policy is not rewarded for
re-proposing known peaks), an entropy bonus, and a low learning rate, which the sweep identifies as
the single most important hyperparameter.

4 Experimental Setup

Data. GB1 from FLIP [8] (Wu et al. [7]): 149,361 measured of 160,000 variants. A fixed pool of
96 low-fitness, leakage-checked seeds (no peak or near-peak) is the shared cold start. Protocol.
Budgets {100, 1k, 1.28k, 5k, 20k} unique queries (plus 2k/3k for the win-region map); 5 seeds for
the headline; primary metric is the mean ground-truth fitness of the top-100 unique variants found
(top100-mean, higher is better). Error bars and the “±” notation throughout denote one standard
deviation over the five seeds. All runs execute on a single NVIDIA A10; the matched budget
equalizes oracle queries, not compute (see §6). The pre-registered success criterion was a ≥ 10%
relative top100-mean win over the strongest non-RL baseline at a 5k budget with the 35M backbone,
stable over ≥ 3 seeds, with a median-Hamming-≥ 2 novelty floor. We call a budget a tie when
the relative gap is below this 10% margin and a Welch two-sample t-test over the five seeds is
non-significant (p > 0.05).

5 Results

The prior is uninformative about fitness. ESM-2 masked-marginal score correlates with GB1
fitness at Spearman ρ=0.04 (35M) and 0.15 (150M), both negligible despite N ≈ 149k measured
variants, so neither is practically informative. The top-100 model-ranked variants average fitness 0.12
(35M) and 0.02 (150M), and the global peak ranks below the median. Note the non-monotonicity:
rank correlation rises slightly with scale while the absolute fitness of the top-ranked picks does not,
so the larger prior is not a usefully better fitness predictor. Consequently greedy-MLM is weak at
both scales (Table 1, Fig. 1a).

Directed evolution is strong; 35M GRPO ties it. Simulated annealing nearly solves
GB1 (success rate 1.0 by 1k queries; the global peak by 5k). A sweep produced two GRPO
configurations; we report the sweep-selected config (B: entropy 0.2, learning rate 0.02), and note
the higher-learning-rate config (A) underperforms (e.g. 4.70 vs. 5.51 at 5k). The tuned 35M policy
matches annealing for budgets ≥ 1k within five-seed noise but loses at 100 and never beats it by
≥ 10% (Table 1). The pre-registered primary criterion (a ≥ 10% win at 5k with the 35M backbone)
is therefore not met: a null we accept.

Scaling the prior makes RL win in the sample-limited regime. With a 150M prior,
GRPO beats annealing across the query-scarce regime (by +10.1%/ + 6.8%/ + 4.7%/ + 2.1% at
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Table 1: Top-100 mean GB1 fitness (mean ± 1 s.d. over 5 seeds) at matched unique-query budgets.
Bold marks the best method at each budget. gMLM (greedy masked-marginal, no RL) is deter-
ministic, so no s.d. is shown. The last column is the GRPO@150M-vs-annealing relative gap; ∗

denotes a significant difference (Welch t-test over 5 seeds, p < 0.05); “tie” follows the definition in
§4 (|gap| < 10% and p > 0.05). Annealing is the strongest classical baseline: it dominates random
mutagenesis and greedy hill-climbing at every budget (not shown), so we contrast against it alone.
greedy-MLM@35M (the 35M prior control) is weaker still than greedy-MLM@150M shown here (e.g.
1.78 vs. 1.18 at 1k).

Budget gMLM@150M anneal GRPO@35M GRPO@150M RL150 vs anneal

100 0.02 0.93 ±0.44 0.22 ±0.14 0.36 ±0.28 loses
1,000 1.18 4.34 ±0.31 4.49 ±0.14 4.77 ±0.07 +10.1%∗

1,280 1.46 4.61 ±0.26 4.74 ±0.11 4.92 ±0.13 +6.8%
5,000 3.80 5.53 ±0.06 5.51 ±0.04 5.50 ±0.03 tie
20,000 4.93 5.72 ±0.01 5.69 ±0.03 5.67 ±0.03 tie

1k/1.28k/2k/3k queries), with the largest margin where queries are scarcest, the gap narrowing
as both methods approach the global optimum and converging to a tie at saturation (5k–20k)
(Fig. 1b). The 1k margin is statistically significant (Welch t(4.4)=3.07, p=0.033, Cohen’s d=1.9,
95% CI of the gap [0.06, 0.82]); significance softens as the budgets grow and the methods converge
(marginal at 1.28k–2k, p≈0.05–0.07; not significant by 3k). We therefore read the trend (a clear,
monotone RL advantage that peaks where samples are scarce) as the result, more than any single
cell. Because greedy-MLM@150M stays weak, this advantage is decoupled from the prior’s (still
poor) fitness-ranking quality: the larger prior helps RL search, not by ranking fitness better (it does
not), but as a starting point (§6). As this lives off the pre-registered operating point, we treat it as
an exploratory finding.

GRPO requires shaping to avoid collapse. With an unshaped reward the policy collapses,
spending only 19 of 1000 queries before stalling (it is rewarded for re-proposing found peaks). The
final config jointly uses a discovery-shaped reward, an entropy bonus, and a low learning rate; the
sweep identifies learning rate (0.02 vs. a collapsing 0.1) as the dominant hyperparameter. We did
not run a full one-factor-at-a-time ablation, so we report these as the jointly-used choices rather
than independently certified necessary conditions.

6 Discussion

The result is two-sided. On the cautionary side: on a fair benchmark the PLM prior carries
essentially no fitness signal, and a carefully tuned RL policy only ties classical directed evolution at
small scale, echoing Sinai et al. [4] and Cao et al. [2]. On the constructive side: scaling the prior
buys a seed-consistent advantage in the sample-limited regime, and it does so without the prior
becoming a usefully better fitness predictor: its top-ranked variants remain near-zero fitness even at
150M. Because the gain appears while ranking quality stays poor, the most parsimonious reading is
that the larger prior helps as an initialization / inductive bias rather than as a fitness oracle. We
stress this is a correlational decoupling across a single 35M→150M contrast: we do not isolate the
channel, and alternatives we cannot exclude include a different initial-policy entropy or a smoother
logit landscape that aids exploration, or top-region ranking structure that a global Spearman over
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Figure 1: (a) Top-100 mean GB1 fitness (the primary metric; y-axis) versus unique-query budget
(x-axis, log scale). Error bars are ±1 standard deviation over five seeds. The prior-only proposer
(greedy-MLM, deterministic) is weak; GRPO over a 150M prior overtakes simulated annealing
in the sample-limited regime and converges to it at saturation. (b) Relative advantage (%) of
GRPO@150M over annealing versus budget; the gap peaks near 1k queries (+10.1%, significant at
p=0.03) and decays monotonically to a tie by 5k. The dashed line marks the pre-registered +10%
target.

all 160k variants washes out. Isolating the mechanism (e.g. ablating or shuffling the 150M prior
logits under an otherwise-identical policy) is left to future work. On this landscape, scale appears
to help by providing a better starting policy rather than better fitness knowledge.

7 Limitations

Construct (novelty). The median-Hamming-≥ 2 floor is met by no method, including baselines,
because GB1’s design space has diameter 4 and all good methods converge on the same clustered
optima, consistent with the floor being mis-calibrated for a diameter-4 landscape rather than with
memorization. We flag that this is a post-hoc relaxation of a pre-registered gate: because the
floor is unmet, the 150M advantage is defended geometrically (diameter 4) and not by a passed
anti-memorization test. A full-length landscape (e.g. GFP) is needed for a meaningful novelty
axis. Compute (fairness). The matched budget equalizes oracle queries, not computation:
GRPO@150M performs group sampling and policy forward/backward passes on a 150M backbone
per step, whereas annealing performs a single lookup plus a Metropolis test. On GB1’s exact-lookup
oracle a query is cheap, so the query-efficiency advantage in the sample-limited regime is not a
wall-clock or FLOP advantage; it is relevant only where one oracle query (e.g. a wet-lab assay) far
outweighs a GRPO step. We do not claim a practical-cost win on this benchmark. External. A
single, small, fully-enumerable landscape, and a two-point scaling contrast (35M → 150M): two
points do not establish monotone scaling. The effect should be confirmed on a second landscape and
across more model sizes before it is treated as confirmatory rather than exploratory. Internal. The
150M win lives off the pre-registered operating point (5k, 35M backbone); we label it exploratory
to avoid a garden-of-forking-paths reading, and the reported 35M “tie” uses the sweep-selected
config (B). The RL policy (an autoregressive head biased by the prior) and the greedy-MLM control
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(additive masked-marginal scoring) use the prior through different functional forms, so part of the
RL-vs-prior gap may reflect the autoregressive head’s capacity to represent epistasis rather than RL
per se; an ESM-2-as-policy variant and a no-RL policy-at-init proposer are untested.

8 Availability

Artifacts (code, configurations, the exact GB1 oracle hash, per-seed result logs, and the project
record) are available from the authors on request. The GB1 data is public via FLIP [8].

9 Conclusion and Future Work

On a deliberately fair benchmark, scaling the protein language model lets RL fine-tuning overtake
a strong classical optimizer for protein fitness design: with a 150M prior, GRPO beats simulated
annealing by about 10% in the query-scarce regime where it matters most. The effect is the more
striking because the prior remains an uninformative fitness predictor, so the benefit appears to come
from initialization rather than from the model knowing which proteins are good. At small scale
(35M) RL only matches annealing, and the advantage narrows at large query budgets where both
methods saturate. Next steps: confirm the scale effect on a second landscape (GFP) with a held-out
surrogate oracle and a meaningful novelty axis; test larger priors and an ESM-2-as-policy variant;
and characterize the budget at which the RL advantage appears as a function of model scale.
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