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Abstract

Oracle-guided biological sequence design must
improve predicted function without moving out-
side the sequence distribution where the oracle
is trustworthy. We introduce Generative Pop-
ulation Annealing (GPA), a test-time sampler
for sequence design with a frozen generator and
frozen oracle. GPA instantiates annealed Sequen-
tial Monte Carlo at population scale: particles
are initialized from a pretrained sequence prior,
reweighted by an oracle reward tilt, selectively
upsampled as effective sample size falls, mutated
with the pretrained generator, and returned as the
design pool. The base sampler targets a reward-
tilted prior; practical variants shape the proposal
or modify the objective to trade activity, speci-
ficity, fidelity, and diversity. Across enhancer and
promoter benchmarks, GPA scales to thousands
of sequences and is competitive with inference-
time samplers, gradient-based editors, tree-search
diffusion, and RL-fine-tuned generators. The
same inference loop is evaluated with masked
discrete-diffusion and autoregressive DNA gener-
ators. GPA reaches high predicted activity while
preserving strong motif fidelity and model-based
likelihood, although specialized baselines retain
higher diversity or stronger k-mer fidelity in some
settings. Cross-oracle and sequence-level audits
suggest fewer obvious reward-hacking patholo-
gies, including shorter homopolymer runs than
CTRL-DNA in the HepG2 audit (5.1 bp mean
maximum run versus 20.9 bp), but all validation
remains computational.
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1. Introduction

Designing biological sequences with specified functions
is a central problem in synthetic biology, spanning regu-
latory DNA, proteins, and other molecular substrates. In
this paper, we focus on cell-type-specific regulatory DNA,
including enhancers and promoters, where the goal is to
design sequences that drive activity in a chosen cellular con-
text while remaining biologically plausible. This setting is
a useful testbed for oracle-guided sequence design because
the sequence-to-function map is high-dimensional, combi-
natorial, and only partially observed experimentally. Regu-
latory activity depends on transcription-factor motifs, local
sequence context, and chromatin state, so computational
methods typically rely on an oracle: a sequence-to-function
model trained on experimental measurements and used to
score, guide, or reward candidate sequences during search
(De Winter et al., 2025). Existing approaches include in
silico evolution (Vaishnav et al., 2022; Taskiran et al., 2024),
gradient-based editing (Linder & Seelig, 2021; Schreiber
et al., 2025), genetic algorithms (Li et al., 2025), conditional
generation (Avdeyev et al., 2023; Stark et al., 2024; Sarkar
et al., 2024; DaSilva et al., 2026; Awasthi et al., 2026), RL
fine-tuning of generative priors (Wang et al., 2024; Chen
et al., 2025b), and reward-tilted sampling (Lee et al., 2025;
Pani et al., 2025; Skreta et al., 2025). Across these meth-
ods, the central challenge is that aggressive optimization
can move designs away from the oracle’s training distribu-
tion, where predicted activity becomes unreliable. A useful
design sampler must therefore balance oracle-directed im-
provement against a prior over natural sequences, while
returning a sufficiently diverse population of candidates for
downstream experimental screening.

Oracle optimization and reward hacking. A direct ap-
proach is to start from a sequence, evaluate the oracle, and
iteratively edit the sequence toward higher predicted activ-
ity. This is the regime in which reward hacking is most
apparent. Because the oracle is a learned model trained
on a finite experimental dataset, sequences that maximize
its prediction can exploit model-specific artifacts instead
of regulatory logic that transfers beyond the training ora-
cle. In regulatory DNA, this can appear as excessive motif
tiling, low-complexity sequence patterns, or other designs
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that score highly under the optimization oracle but fail un-
der held-out models or biological plausibility checks. This
failure mode is not specific to regulatory genomics. It re-
flects a broader problem in reward-driven generation, where
optimizing a learned proxy can move samples outside the
region in which the proxy is reliable (Skalse et al., 2022;
Clark et al., 2023; Gao et al., 2023). A pretrained gener-
ative model fills this gap by assigning high probability to
sequences resembling natural regulatory DNA. The design
objective is therefore to find sequences that are high-scoring
under the oracle while remaining likely under a generative
prior.

Fine-tuning generative priors. One way to combine these
objectives is to fine-tune a pretrained generator with rein-
forcement learning, shifting its sample distribution toward
high oracle reward while regularizing against the original
prior (Ouyang et al., 2022). Recent biological sequence
design methods instantiate this strategy with different back-
bones and optimization schemes. DRAKES (Wang et al.,
2024) backpropagates a Gumbel-softmax-relaxed reward
through the denoising trajectory of a pretrained masked-
diffusion model, while CTRL-DNA (Chen et al., 2025b)
applies constrained proximal policy optimization (PPO) to
a HyenaDNA backbone with explicit specificity constraints.
These methods can produce high-activity designs, but each
new oracle, cell type, or constraint requires another opti-
mization run. The generator is also updated directly against
the oracle reward. When that update is strong, the resulting
distribution can lose diversity or drift toward degenerate
sequence patterns, weakening the prior constraint that moti-
vated the pretrained generator in the first place.

Frozen-prior test-time sampling. A second approach
leaves the pretrained generator fixed and steers sampling
only at inference time. Sequential Monte Carlo (SMC) pro-
vides a natural framework for this setting: a population
of candidate sequences is reweighted by oracle reward, se-
lectively upsampled to retain high-reward candidates, and
mutated using the pretrained generator’s transition kernel.
This approximates a reward-tilted target distribution that
combines the prior and reward without modifying the gen-
erator. Existing twisted-SMC and reward-guided diffusion
samplers have this structure (Lee et al., 2025; Pani et al.,
2025), but have largely been evaluated with small particle
populations or outside population-scale biological sequence
design. DNA-CRAFT (Awasthi et al., 2026) extends this
direction for enhancer design using conditional Monte Carlo
tree diffusion and achieves strong sequence-fidelity metrics,
but its search procedure can trade target-cell activity against
motif and k-mer fidelity. These results suggest that the
main practical issue is how to explore the prior-reward dis-
tribution at sufficient scale while retaining a diverse pool of
high-scoring candidates.

We introduce GPA, an annealed SMC sampler for biological
sequence design that keeps both the pretrained generator and
the oracle fixed. The base sampler targets a reward-tilted
prior, but the main practical point is the population: GPA
returns thousands of particles as the design pool, rather than
using particles only to estimate an expectation. Starting
from prior samples, GPA reweights sequences by an in-
cremental reward tilt, selectively upsamples when effective
sample size falls, and mutates sequences with the pretrained
generator. The resulting pool can be selected post hoc for ac-
tivity, specificity, diversity, or motif-grounded criteria. Our
contributions are:

* We instantiate ESS-adaptive annealed SMC as a
population-output, frozen-generator test-time sampler
for oracle-guided biological sequence design.

* We scale the sampler to thousands of particles and
return the final population directly as the design pool.

* We define a generator-interface view of GPA and eval-
uate the same inference loop with masked discrete-
diffusion and autoregressive DNA backbones.

* We evaluate GPA across enhancer and promoter bench-
marks against inference-time samplers, gradient-based
editors, tree-search diffusion, and RL-fine-tuned gener-
ators.

* We test reward overoptimization using held-out cross-
oracle evaluation and sequence-level naturalness diag-
nostics, showing that GPA avoids some oracle-specific
and low-complexity pathologies observed in greedy or
fine-tuned alternatives.

This interface is deliberately small: GPA needs a way to
sample initial sequences, a generator-defined mutation pro-
posal, and an evaluable scalar reward. This is what lets the
same inference loop be reused across generator classes and
design objectives without retraining the generator.

2. Background

Pretrained generative models over biological sequences.
Let ¥ denote a discrete vocabulary, such as {A,C, G, T}
for DNA or the amino-acid alphabet for proteins, and let
X = ¥ be the space of length-L sequences. A pretrained
generative model defines a prior distribution py over X,
assigning higher probability to sequences that resemble its
training corpus. In biological sequence design, this prior is
useful because useful designs occupy a small and structured
subset of an exponentially large discrete space, while purely
reward-driven search can move rapidly into regions with
little support under the biological training distribution.
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Different model classes provide different ways to sample
or locally perturb sequences. Discrete diffusion models de-
fine a corruption process and learn the reverse denoising
distribution, enabling partial corruption followed by resam-
pling of masked positions (Austin et al., 2021; Lou et al.,
2023; Sahoo et al., 2024). Autoregressive models factorize
po(x) =[], po(x; | x<;) and can resample tokens under a
partial context (Nguyen et al., 2023; Brixi et al., 2026). Con-
tinuous diffusion models operate through relaxed sequence
representations and require an additional discretization or
decoding step before returning discrete sequences. In this
work, we treat the generator through the operation required
by GPA: a model-defined mutation kernel that proposes
sequence variants while keeping search anchored to the pre-
trained prior. The theoretical analysis in Sec. 3.4 states the
standard SMC assumptions explicitly; the implementation
uses generator-defined proposals to restore diversity while
keeping mutations tied to the pretrained prior.

Reward-tilted sequence design. A design task specifies
a desired property through an oracle reward r : & — R,
typically a learned sequence-to-function model trained on
experimental measurements (De Winter et al., 2025). In our
experiments, this reward represents enhancer or promoter
activity, with multi-cell-type settings handled by combin-
ing target-cell activity with penalties for off-target activity
(Chen et al., 2025b; Awasthi et al., 2026; Wang et al., 2024).
The same formulation can also accommodate other learned
or computed sequence-level objectives, such as binding
affinity or structural compatibility, provided they can be
evaluated as rewards over candidate sequences (Goel et al.,
2024; Geffner et al., 2025; Tang et al., 2025). Sampling
from py alone preserves the pretrained sequence distribution
but does not target the desired function. Maximizing r alone
can exploit the oracle outside the region where its predic-
tions are reliable (Skalse et al., 2022; Gao et al., 2023; Clark
et al., 2023). A standard way to combine the pretrained
prior and oracle reward is to sample from the reward-tilted
distribution (Neal, 2001; Del Moral et al., 2006; Wu et al.,
2023; Pani et al., 2025)

m(x) o< po(x) exp(Br(z)), M

where 5 > 0 controls the strength of selection toward high-
reward sequences.

This target has a useful variational interpretation: mg op-
timizes expected reward minus 3~ 'KL(7||pg), up to the
normalizing constant in Eq. 1 (Boyd & Vandenberghe, 2004;
Yang et al., 2025). Thus, [ sets the trade-off between oracle
reward and deviation from the pretrained prior. This is the
same basic objective used in reward-regularized generator
fine-tuning (Ouyang et al., 2022), but here it is used as a
sampling target with the generator fixed. Direct sampling
from Eq. 1 is intractable for nontrivial sequence lengths,
motivating annealed SMC.

Sequential Monte Carlo and population annealing. Se-
quential Monte Carlo (SMC) approximates a difficult target
distribution through a sequence of easier intermediate tar-
gets (Del Moral et al., 2006; Naesseth et al., 2019). For the
reward-tilted target in Eq. 1, this corresponds to an annealing
path

0=080<pr1 << Pr =P

The sampler maintains a population of N weighted se-
quences {(xi, w!)}Y ;. In standard SMC, this population
is often used to approximate expectations under the target
distribution (Doucet & Johansen, 2009; Chopin, 2002). In
sequence design, the sampled population itself is the output:
a pool of candidate sequences for downstream selection or
experimental screening.

TBos T By s TBrs

At each step, weights are updated by the incremental reward
tilt,
wiyq o< wyexp{(Bey1 — Be)r(ay)}
The population is selectively upsampled when the effective
sample size,
)2
ESS, = (> wz_t) ’

2i(wi)?
falls below a chosen threshold aN for @ € (0,1) (Liu
& Chen, 1995). Mutation steps are then used to restore
diversity after selection. Under standard annealed-SMC
assumptions, including controlled incremental weights and
appropriate mutation kernels, the weighted empirical distri-
bution converges to the target at rate O(1/+v/N) (Del Moral
et al., 2006).

The annealing schedule can also be chosen adaptively.
Rather than fixing all temperatures in advance, one can
choose the next /3.1 by bisection so that the effective sam-
ple size remains above a prescribed fraction of the popu-
lation (Del Moral et al., 2012). This is useful because the
reward distribution changes during sampling: early pop-
ulations may tolerate large temperature steps, while later
populations may require smaller steps to avoid collapse. The
same structure appears in statistical physics as population
annealing (Hukushima & Iba, 2003; Machta, 2010; Wang
et al., 2015). Appendices D and F compare related method
families.

Closest SMC-style sequence-design methods. Closest
prior methods use related machinery for different purposes.
SMC ot and debiasing-guidance methods use SMC mainly
as an inference correction for guided diffusion, typically
with small particle counts rather than as a population-scale
candidate generator. SVDD uses per-step proposal branch-
ing but not ESS-adaptive annealing over a large returned
population. FK-style correctors provide useful reward-
tilting language, but have not, to our knowledge, been
evaluated as frozen-prior, population-output samplers for
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regulatory DNA across both discrete-diffusion and autore-
gressive generators. GPA combines ESS-adaptive anneal-
ing, generator-defined mutation proposals, and thousands-
particle design pools, with the returned population evaluated
directly as the design object.

3. The GPA Algorithm

3.1. Core algorithm

GPA is an annealed SMC sampler for the reward-tilted
target in Eq. 1. Starting from prior samples, it increases
the reward tilt through an adaptive temperature schedule,
selectively upsamples high-weight particles, and mutates
sequences with the pretrained generator. For diffusion
backbones, mutation is partial corruption followed by re-
denoising with py (Uehara et al., 2025); for autoregressive
backbones, it is partial-context resampling. These generator-
defined proposals restore diversity while keeping mutations
tied to the pretrained prior. Figure 1 summarizes the loop;
Appendix B gives pseudocode and Appendix E gives a
worked example.

Population as the design output. Prior SMC-based dif-
fusion samplers have typically used smaller populations,
treating particles as inference samples rather than as a de-
sign pool (Wu et al., 2023; Pani et al., 2025). In GPA, the
returned population is the output. Scaling IV to thousands of
sequences changes the role of SMC from estimating a low-
dimensional quantity to producing candidates for post hoc
selection by activity, specificity, diversity, or motif-grounded
criteria.

3.2. Practical extensions

Branch factor K. A practical way to increase local se-
lection pressure is to draw K proposals for each sequence
and retain the one with the highest reward. This changes the
proposal distribution rather than leaving the base target in
Eq. 1 unchanged. Under a symmetric proposal, this is the
standard maximum order-statistic proposal, which adds a
monotone reward-dependent shaping term (Appendix C.3).
Empirically, increasing K has a similar qualitative effect
to increasing selection pressure, at extra oracle-evaluation
cost.

Gumbel-softmax oracle gradient. For differentiable or-
acles, we optionally bias proposals using gradients of r
with respect to a relaxed sequence representation, imple-
mented with a straight-through Gumbel-softmax estimator
and strength n (Maddison et al., 2017; Jang et al., 2017).
This is a proposal heuristic, not part of the base SMC target,
and is unavailable for strictly black-box or API-only oracles.

Diversity regularization. To reduce population col-
lapse, we optionally add a population-conformity penalty
Ac(z; St), where c is the fraction of positions matching the
current population majority token. This changes the target
to

T (@) o< po(z) exp{Br(z) — Ac(z; St)}, (2
and we report when \ > 0.

The distinction between the base sampler and the experimen-
tal recipes is important. Base GPA is the clean annealed-
SMC reference for Eq. 1. The variants used in the bench-
mark recipes should be read more narrowly: K-branch
selection, DPS, and GC-centering shape the proposal; A and
pw modify the objective; and DPS/GC-centering require
oracle gradients. Thus, the empirical claim is not that every
recipe is an exact sampler for Eq. 1, but that these proposal
and objective controls give a practical frozen-prior design
procedure.

3.3. Multi-objective design via pw

For multi-cell-type design, we combine target-cell activity
with an off-target penalty using the linear fitness

1
pr((E) = rtarget(x) — pw - @ Z TC(QE), (3)

ceO

where O is the set of off-target cell types and pw > 0 is
the penalty weight. Sweeping pw explores the activity—
specificity trade-off without re-training the generator or
oracle. This is a linear scalarization of the multi-objective
trade-off, with pw playing the role of a Lagrange multiplier;
Appendix C.4 gives the corresponding formal statement.

3.4. Standard SMC facts used by GPA

The base sampler uses standard annealed-SMC and adaptive-
SMC constructions; we do not claim a new SMC conver-
gence theorem. Under the usual assumptions on incremental
weights, resampling, and mutation kernels, the weighted em-
pirical distribution converges to the terminal reward-tilted
target at rate O(N~1/2) (Del Moral et al., 2006; Naesseth
et al., 2019). ESS-adaptive temperature selection is likewise
standard and consistent in the large-N limit (Del Moral
et al., 2012). These statements apply to the base sampler;
the experimental controls in Sec. 3.2 modify the proposal or
objective as described above and in Appendix C.

4. Results

We evaluate GPA across four comparisons: the DNA-
CRAFT enhancer benchmark (§4.1), a cross-oracle reward-
inflation test (§4.2), the Gosai HepG2 sampler benchmark
(§4.3), and a CTRL-DNA promoter-design comparison us-
ing HyenaDNA (§4.4). Together, these comparisons ask
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Figure 1. GPA overview. Left: Starting from prior samples, GPA adapts 3 by ESS, reweights, upsamples, and mutates with the pretrained
generator; the full final population is returned as the design pool. Optional controls shape the proposal or modify the target. Right:
Increasing (3 shifts mass toward higher-reward regions while remaining modulated by the pretrained prior.

whether population-scale frozen-prior sampling can improve
predicted function while preserving prior- or benchmark-
based evidence of sequence fidelity and reducing oracle-
specific optimization artifacts. Ablations for population
size, branch factor, DPS, GC-centering, runtime, and natu-
ralness are in the appendix. Across benchmarks, GPA runs
in minutes to tens of minutes per seed on a single H100
without per-task policy optimization; on the K562 enhancer
runtime comparison, it is 3.4x faster than LEDIDI and
9.3 x faster than ISM for a matched 5,000-sequence pool.

4.1. Cell-type-specific enhancer design on the 3-cell
benchmark

We first evaluate GPA on the DNA-CRAFT enhancer-
design benchmark. The task is to design 200 bp regulatory
sequences with high predicted activity in a target cell type
while preserving motif and k-mer statistics of high-activity
natural enhancers. The benchmark uses the Gosai MPRA
dataset (Gosali et al., 2024), which contains approximately
798,000 enhancer sequences measured in HepG2, K562,
and SK-N-SH cells. We follow the DNA-CRAFT protocol
(Awasthi et al., 2026): a 50/50 graph-cluster split is used to
train separate design-time and evaluation Enformer oracles,
and outputs are evaluated by MinGap to a real top-99.9%
anchor, motif correlation, 3-mer correlation, and pairwise
Hamming diversity. GPA runs at inference time on the
publicly available MDLM backbone of Sahoo et al. (2024);
DNA-CRAFT reports its strongest results with DiMamba,
so the backbone is not matched.

We interpret MinGap jointly with motif and 3-mer corre-
lation, since high activity is only meaningful here if the
selected pool remains close to the benchmark’s high-activity
natural enhancers.

For the main comparison, we use GPA with K = 8
and DPS, without MCTS-style planning, and select 64
sequences from each 5,000-sequence pool using DNA-
CRAFT’s greedy pool-composite rule. GPA improves Min-
Gap over the reported DNA-CRAFT values in all three
cell types and matches or exceeds motif correlation, while
DNA-CRAFT retains a consistent 3-mer advantage. This
is the relevant operating point for this benchmark: higher
target-cell activity than the strongest sequence-fidelity base-
line, while retaining motif and 3-mer statistics close to high-
activity natural enhancers. Because DNA-CRAFT reports
its strongest values with DiMamba whereas GPA uses pub-
licly available MDLM, Table 1 should be read as benchmark
competitiveness rather than an isolated comparison of search
procedures. The relevant claim is therefore conditional: un-
der the published benchmark and matched top-64 selection
rule, GPA occupies a favorable activity—fidelity point, not
that its search procedure dominates DNA-CRAFT indepen-
dent of backbone.

GPA does not reach the diversity ceiling of this bench-
mark: several baselines report Diversity = 1.98, while GPA
reaches 1.83-1.86. Appendix N audits the HepG2 top-128
pools and finds long homopolymer tracts in CTRL-DNA
designs (20.9 bp mean maximum run) but not in GPA (5.1
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Table 1. DNA-CRAFT enhancer benchmark. Top-64 sequences were selected by by_pool_composite, matched to DNA-
CRAFT’s G* at Nmax = 64. GPA values are means across 3 runs using a 5,000-particle pool. Baselines are from Awasthi et al. (2026);

standard deviations are in Appendix Table 18.

Cell Metric SMC CG TDS DRAKES D3 Ledidi Ctrl-DNA DNA-CRAFT GPA
MinGap 1 1.61 —-0.23 0.40 —1.40 0.05 5.77 7.79 4.35 6.91

HenG2 Motif 1 0.55 0.86 0.40 0.06 0.87 0.58 0.63 0.92 0.92
P 3-mer 1 0.81 0.97 0.74 —0.36 0.98 0.76 0.49 0.98 0.95
Diversity 1 0.83 1.98 0.96 1.86 1.98 1.98 1.90 1.98 1.86

MinGap 1 4.12 0.00 1.62 —0.20 0.18 7.66 9.07 5.69 8.13

K562 Motif 1 0.45 0.85 0.51 0.14 0.86 0.65 0.63 0.93 0.94
3-mer 1 0.66 0.94 0.65 —0.35 0.96 0.69 0.41 0.98 0.95

Diversity 1 0.31 1.98 0.64 1.96 1.98 1.98 1.90 1.98 1.83

MinGap 1 0.56 —0.28 0.19 0.09 —0.01 3.03 3.72 3.23 4.98

SK-N-SH Motif 1 0.52 0.86 0.48 0.23 0.84 0.38 0.48 0.88 0.92
3-mer 1 0.78 0.95 0.72 —0.38 0.93 0.37 0.20 0.97 0.94

Diversity 1 1.27 1.98 0.92 1.83 1.97 1.98 1.86 1.98 1.86

bp, close to the real Gosai value of 5.4 bp).

Population size is the main budget parameter. With the
recipe and top-64 rule fixed, increasing N from 128 to
20,000 improves MinGap by +1.03 in HepG2, +1.08 in
K562, and +2.98 in SK-N-SH, with gains in motif corre-
lation, 3-mer correlation, and diversity (Appendix J). We
use N = 5,000 as a runtime-benefit compromise; moving
to 20,000 improves every metric but gives modest average
gains for a 4 x larger pool.

4.2. Cross-oracle evaluation of reward inflation

‘We next test whether population-scale sampling is less vul-
nerable to oracle-specific optimization than greedy single-
sequence editing. On the LentiMPRA K562 task, all meth-
ods optimize LegNet K562 (LN), while outputs are evalu-
ated by a held-out AlphaGenome K562 oracle (AG) that is
never used during optimization (Appendix K). Because AG
is also a learned predictor, this is a cross-model transfer test
rather than experimental validation.

We compare GPA against ISM (Vaishnav et al., 2022) and
LEDIDI (Schreiber et al., 2025) on random and natural
5,000-sequence seed pools under edit-budget caps of 20,
40, 60, and 100, plus each method’s best final checkpoint.
Figure 2 reports LN/AG ratio and a joint-rank score that
rewards high AG with low LN/AG inflation; we use joint
rank as the primary summary because the ratio is unstable
when AG is near zero.

On the random seed pool, GPA has the best joint-rank score
at every edit budget. On the natural seed pool, LEDIDI
has LN/AG ratios closer to 1 at small edit budgets, reflect-
ing limited movement from the natural seeds rather than
high held-out activity. The joint-rank score is similar at 20
and 40 edits and favors GPA at caps of 60 and above. At
larger edit budgets, LEDIDI continues to increase LN while

its joint-rank score decreases, consistent with optimization-
oracle inflation that does not transfer to AG. This is the
failure mode motivating the sampler: additional optimiza-
tion pressure can improve the design oracle while reducing
the quality of the transferred design pool under an indepen-
dently trained evaluator. Full wall-time results are reported
in Appendix L.

4.3. Activity—naturalness trade-off on Gosai HepG2
enhancers

We next compare GPA to reward-guided and SMC-based
samplers on Gosai HepG2 using the protocol of Pani et al.
(2025). The benchmark reports held-out gReL.U activity,
ATAC accessibility, k-mer and motif correlations to high-
expression references, and approximate log-likelihood under
the pretrained model. GPA uses the same MDLM backbone
as above, the DRAKES split-oracle as the design-time ac-
tivity head, three random seeds, and top-640-by-composite
selection. We report 5, = 25 and 50 as inference-time
operating points of the same frozen generator.

This benchmark should be read as a trade-off rather than
a single-metric ranking. At 3, = 25, GPA reaches Pred-
Activity 8.09, exceeding DRAKES, SVDD, and SMC 01,
while achieving the highest App-Log-Lik in the table
(—246). Increasing S, to 50 raises Pred-Activity to 8.63
and ATAC accessibility to 86.9%, with a modest decrease
in App-Log-Lik. SGDD reaches the highest Pred-Activity,
and SMCjot reaches the highest ATAC accessibility.

The cost is weaker marginal-statistic fidelity than the
strongest fidelity-oriented baselines: motif correlation is
0.628-0.688 versus DRAKES at 0.911, and 3-mer correla-
tion is 0.527-0.562 versus SVDD N = 16 at 0.891. Thus,
GPA does not dominate this benchmark; it gives a dis-
tinct operating point with high predicted activity and high
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Figure 2. Joint LegNet/AlphaGenome behavior across editing budgets. All methods optimize LegNet K562 (LN) and are evaluated by
a held-out AlphaGenome-derived K562 oracle (AG). Curves show per-pool behavior across edit budgets; tables report LN/AG ratio and
joint rank. LN/AG measures optimization-oracle inflation when AG is positive; higher joint rank indicates designs that transfer better to
AG without excessive LN/AG inflation. Best per row is bolded; the ratio is omitted when mean AG is negative.

Table 2. Gosai HepG2 sequence-design benchmark. The table reports trade-offs between predicted activity, accessibility, marginal-
statistic fidelity, and model likelihood. Pred-Activity and App-Log-Lik are medians; ATAC-Acc, 3-mer Corr, and JASPAR Corr are means
across 3 seeds. Baselines are from Pani et al. (2025), originally from DRAKES (Wang et al., 2024). Standard deviations are in Appendix
Table 19.

Method Pred-Activity T ATAC-Acc T (%) 3-mer Corr T JASPAR Corr t App-Log-Lik 1
Pretrained 0.17 1.5 —0.061 0.249 —261
CG 3.30 0.0 —0.065 0.212 —266
CFG 5.04 92.1 0.746 0.864 —265
DRAKES w/o KL 6.44 82.5 0.307 0.557 —281
DRAKES 5.61 92.5 0.887 0.911 —264
SGDD (8 = 30) 8.85 90.9 0.470 0.466 —263
SGDD (8 = 50) 9.32 96.4 0.370 0.398 —269
SVDD (N = 8) 6.57 67.4 0.813 0.753 —258
SVDD (N = 16) 6.89 84.3 0.891 0.834 —260
SMCamot (N = 1) 5.40 82.1 0.653 0.778 —259
SMCapot (N = 8) 6.35 95.8 0.736 0.845 —261
SMCamot (N = 16) 6.68 97.6 0.796 0.886 —261
GPA (8 = 25) 8.09 72.1 0.562 0.688 —246
GPA (8 = 50) 8.63 86.9 0.527 0.628 —249
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Table 3. Cell-type-specific promoter design on the Reddy MPRA benchmark. Both methods select the top 128 sequences by predicted
target activity. CTRL-DNA uses the R200 PPO policy; GPA uses the universal inference-time recipe. Values are mean(std) across 5 seeds.

Cell Method Seeds Target Composite Shannon Motif Corr
JURKAT CTRL-DNA R200 5 5.68(0.48) 4.04(0.44) 1.64 (0.07) 0.78 (0.06)
GPA universal 5 8.37(0.09) 6.32(0.10) 1.53(0.10) 0.91 (0.01)
K562 CTRL-DNA R200 5 6.02 (0.06) 5.01(0.08) 1.69 (0.01) 0.80(0.04)
GPA universal 5 7.00 (0.01) 4.76 (0.03) 1.63 (0.05) 0.84(0.03)
THP1 CTRL-DNA R200 5 4.16(0.26) 2.15(0.18) 1.79 (0.03) 0.70(0.09)
GPA universal 5 4.52(0.04) 2.44(0.03) 1.60(0.16) 0.82(0.04)

likelihood under the frozen MDLM prior, while SVDD,
SMCymot; and DRAKES retain stronger marginal-statistic
fidelity. Because GPA reports top-selected sequences while
the Pretrained row reports unfiltered samples, App-Log-Lik
should be interpreted as a relative diagnostic of whether
design methods remain in high-likelihood regions of the
MDLM prior, not as evidence that selected designs are more
natural than unfiltered prior samples.

4.4. Cell-type-specific promoter design on the 3-cell
benchmark

Finally, we compare GPA to RL fine-tuning on the Reddy
MPRA promoter benchmark, with 250 bp promoters mea-
sured in JURKAT, K562, and THP1 cells. CTRL-DNA
fine-tunes a separate constrained PPO policy for each cell
type on a HyenaDNA backbone. GPA uses the same pre-
trained HyenaDNA backbone with one universal inference-
time recipe across all three cells (pw = 0.35, A = 1.0;
Appendix G). Following CTRL-DNA, candidate pools are
ranked by predicted target activity, the top 128 sequences
are selected, and performance is reported using target activ-
ity, composite activity-specificity score, Shannon diversity,
and motif correlation.

GPA achieves higher target activity and motif correlation
than CTRL-DNA in all three cell types, and higher com-
posite score in JURKAT and THP1. This comparison is
useful because CTRL-DNA trains a separate PPO policy for
each target cell type, whereas GPA uses one frozen Hye-
naDNA prior and one inference-time recipe across all three
cells. The result therefore supports the backbone-interface
claim: the same population-annealing loop can be reused
with an autoregressive generator, rather than being tied to
masked discrete diffusion. The remaining gaps are also
clear. CTRL-DNA achieves higher Shannon diversity in
all three cells and higher K562 composite score, indicating
better off-target suppression at that operating point. On
K562, GPA reaches higher target activity with very low
seed-to-seed variance, so the composite-score gap is mainly
a specificity/diversity issue rather than failure to activate
the target cell. We use the same pw across all three cells
to test a universal inference-time recipe rather than per-cell
hyperparameter tuning.

5. Conclusion

We presented GPA, a test-time annealed SMC sampler for
oracle-guided biological sequence design with frozen gen-
erative priors. GPA uses ESS-adaptive reward annealing,
selective upsampling, and generator-defined mutation pro-
posals to return a population-scale design pool without fine-
tuning the generator or oracle. Across enhancer and pro-
moter benchmarks, GPA is competitive with inference-time
samplers, editors, tree-search diffusion, and RL-fine-tuned
generators. The main practical benefit is that a user can
change the oracle, target cell type, or scalar reward terms
without retraining the generator, while still obtaining a large
candidate pool for downstream filtering or experimental
screening. This shifts design from training a new genera-
tor for each objective to reusing a fixed prior as a reusable
proposal mechanism.

The results should be interpreted within several limits. All
validation is computational: the held-out AlphaGenome
experiment tests cross-model transfer, not wet-lab activity.
The DNA-CRAFT comparison is not backbone-matched,
so it establishes benchmark competitiveness rather than iso-
lated search-algorithm superiority. Practical variants are not
exact samplers for the base reward-tilted target: K -branch
selection, DPS, and GC-centering shape the proposal, while
A and pw modify the objective. The strongest evidence for
this framing is not single-metric dominance, but the ability
to return large design pools that remain competitive across
activity, fidelity, transfer, and runtime diagnostics. GPA still
does not uniformly dominate specialized baselines: diver-
sity, k-mer fidelity, and K562 promoter specificity remain
gaps, and future work should pair oracle-based evaluation
with experimental validation.
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A. GPA variant summary

The base sampler is the clean annealed-SMC reference. The
variants used in experiments are practical controls; their
interpretation is narrower because some modify the proposal
and others modify the target or scalarized objective.

B. GPA algorithm pseudocode

Algorithm 1 gives the core ESS-adaptive annealed SMC
loop used by GPA. The main text summarizes the loop in
Fig. 1; the pseudocode is placed here to keep the main meth-
ods section focused on the modeling choices and empirical
claims.

C. Standard SMC statements and proof
sketches

This appendix collects the formal statements used in Sec. 3.4.
These are standard facts from annealed SMC, adaptive SMC,
order statistics, and convex duality. The paper does not
claim a new SMC theorem. The contribution is the way
these pieces are used for fixed-prior, oracle-guided biologi-
cal sequence design, where the SMC population is itself the
returned design pool. We separate the base annealed-SMC
target from practical modifications, including K -branch pro-
posal selection, gradient-biased proposals, and population-
level penalties.

Throughout, py denotes a pretrained generative model over
sequences, 7 : X — R is an evaluable reward, and the
reward-tilted target is

m(2) o< po(x) exp(Br(z)).

For diffusion backbones, the mutation proposal is imple-
mented by partial-mask o denoise; for autoregressive back-
bones, by partial-context resampling. The exact conver-
gence statements below use standard annealed-SMC as-
sumptions on the mutation kernels. The implemented pro-
posals should be read as prior-anchored approximations
whose empirical behavior is evaluated in the Results.

C.1. Convergence of the base annealed-SMC sampler

Known result being used. Annealed SMC approximates
a difficult target distribution by moving through a sequence
of intermediate targets and maintaining a weighted particle
approximation at each stage. We use the following theorem
as the idealized reference point for the base GPA sampler.

Theorem C.1 (Base annealed-SMC convergence; standard).
Consider Algorithm [ with K = 1, A\ = 0, and no gradient-
biased proposal. Given:

(Al) The incremental importance weights have finite second
moments along the annealing path.

13

(A2) The mutation kernels satisfy the standard annealed-
SMC assumptions for the intermediate targets

{ﬂ-ﬁt } %F:o-

(A3) The resampling rule is unbiased.

Then for any bounded test function o,

N

; i ob
S whila) 22 B[],
Pl —00

with Monte Carlo error of order O(N~1/2) under the usual
regularity conditions (Del Moral et al., 2006, Naesseth et al.,
2019).

Proof sketch. This is the standard convergence result for
SMC samplers (Del Moral et al., 2006; Naesseth et al.,
2019). (A1) controls the variance of the incremental im-
portance weights along the annealing path. By (A2) and
(A3), the weighted particle system gives a consistent empir-
ical approximation to each intermediate target, and the final
weighted empirical average converges to the corresponding
expectation under 7g, at the standard Monte Carlo rate. []

GPA-specificuse. The GPA sampler proposes a generator-
defined mutation kernel: partial-maskodenoise for diffusion
backbones or partial-context resampling for autoregressive
backbones. We therefore use Theorem C.1 as an idealized
SMC reference point. The implemented proposal is not
claimed to be an exact 7g-invariant transition in all settings;
its role is to restore diversity while keeping mutations tied
to the pretrained prior.

What this gives us in practice. The O(1/v/N) rate for-
malizes the population-as-budget intuition: under the ideal-
ized SMC assumptions, more particles reduce Monte Carlo
error in empirical averages over the reward-tilted target. In
sequence design, the same population is also the returned
candidate pool, so larger N gives more candidates for post-
hoc selection. The N-axis ablation in Appendix J tests how
this scaling appears in the empirical design metrics.

C.2. ESS-adaptive schedule

Known result being used. Adaptive SMC can choose the
next temperature using the post-reweighting effective sam-
ple size instead of fixing the full annealing path in advance
(Del Moral et al., 2012). We use this standard construction
to set the reward tilt in GPA.

The effective sample size after an incremental tilt A is

(Zi Mem(zi)) :
5 (wjedr)*

ESS(A) =
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Table 4. What each GPA variant changes. The base sampler is the clean annealed-SMC reference. The variants used in experiments are
practical controls, and the claim attached to each variant is correspondingly narrower.

Proposal Target Grad. Correct interpretation

Variant Used

Base GPA reference no no
GPA-K yes yes no
GPA-DPS yes yes no
GPA-GC yes yes no
GPA-A yes possible  yes
GPA-pw yes no yes

Annealed SMC for the reward-
tilted prior under the assumptions
of Sec. 3.4.

Reward-shaped proposal selection;
higher local oracle pressure at ex-
tra evaluation cost.
Gradient-biased proposal heuristic
for differentiable oracles.
Proposal-level GC control used in
the enhancer benchmark recipe.
Diversity-regularized modified tar-
get.

Scalarized activity-specificity ob-
jective.

no

no

yes

yes

no

no

Algorithm 1 GPA core: ESS-adaptive annealed SMC

0: Input: pretrained generator py; reward r; target temperature (,; population size N; ESS threshold o € (0, 1); max

steps T’
0: Sample {zi}Y | % pp; set wi = 1/N and By = 0
0: fort=0,...,7T—1do

0: Choose Af,; by bisection so that the ESS after reweighting at 5, + AS; is at least N
0: Brt1  min(Be + ABy, Bi) A

0 Wiy < wiexp{(Bi41 — Be)r(xy)}; normalize Wy 41

0 if ESS(?I)t+1) < aN then

0 Upsample ancestors proportional to @}, ; to obtain {Z{} ; setwi,; = 1/N
0: else

0: Set 7 = 2} and wj , = W},

0: end if

0 Mutate: z},, ~ My(- | Z}) {e.g., partial mask + denoise}

0 if 5;11 = (. then break

0: end if

0: end for

0: Return: {(z%., wi)} Y, =0

As A increases, the weights concentrate on higher-reward
particles and the ESS decreases. The adaptive schedule
chooses the largest step that keeps the post-tilt ESS above a
prescribed threshold aN. This matters in sequence design
because the reward distribution evolves during sampling:
early populations admit larger temperature steps, while later
populations require smaller steps once high-reward particles
have concentrated. The adaptive schedule avoids choosing
a global temperature path that is too conservative early in
sampling and too aggressive later.

Lemma C.2 (ESS-adaptive schedule; standard adaptive
SMCQ). Let Ay be chosen by bisection so that the post-tilt
ESS is at least aN, for a € (0,1). Under the assumptions of
Theorem C.1 and the regularity conditions of adaptive SMC,
the resulting random temperature schedule is consistent in
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the large- N limit (Del Moral et al., 2012).

Proof sketch. The ESS is monotone non-increasing in the
temperature increment under the standard adaptive-SMC
conditions. Bisection therefore identifies the largest admis-
sible step up to numerical tolerance. As N grows, the em-
pirical reward distribution converges to its population coun-
terpart along the annealing path, so the adaptive schedule
converges to the corresponding deterministic limiting sched-
ule. The SMC consistency conclusion then follows from the
adaptive-SMC results of Del Moral et al. (2012). O

GPA-specificuse. We use oo = 0.5 throughout, a common
default in SMC implementations (Liu & Chen, 1995). This
setting allows the weights to concentrate between resam-
pling events while limiting collapse to a small number of
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dominant particles. Sensitivity to o € [0.3, 0.8] is reported
in Appendix G.

C.3. Branch factor K: order-statistic proposal shaping

Known result being used. Selecting the highest-reward
sample among K iid proposals induces the standard maxi-
mum order-statistic distribution. In GPA, this gives a simple
way to describe the effect of K -branching: it biases the mu-
tation proposal toward higher-reward candidates.

Proposition C.3 (Order-statistic proposal). Let q(z’ | ) be
a proposal kernel on X and letr : X — R be an evaluable
reward. At state x, draw Y1,..., Y ~ q(- | ) iid and
retain the proposal with the highest reward. Assuming no
ties for simplicity, the induced proposal density is

qx (2’ | ) = Kq(a' | o) [Fy(r(z') | 2)]°7Y, @)

where

Fy(pla) =

= Pr [rY)<pl
qu(_lx)[() ol

For K =1, qx = q. For K > 1, the proposal is biased
toward states with higher reward under the local proposal
distribution.

Proof. This is the standard density of the maximum order
statistic applied to the scalar random variable r(Y). A
retained proposal at ' requires one proposal to land at z’
and the remaining K — 1 proposals to have reward at most
r(z’). Summing over which of the K proposals is retained
gives the factor K, yielding Eq. 4. O

GPA-specific interpretation. In GPA, K is a proposal-
selection parameter. Drawing multiple proposals and keep-
ing the highest-reward one reduces wasted local proposals
and increases local reward pressure. Operationally, K trades
additional oracle evaluations for a more selective local mu-
tation step. However, this changes the proposal distribution;
it does not preserve the base target mg without an additional
correction. We therefore report recipes with their chosen K
and treat K > 1 as a deliberate proposal modification. This
is why the main text describes K as proposal shaping, not
as a target-preserving reparameterization of .

Empirical signature. The K-sweep in Appendix I
tests whether increased proposal branching improves the
matched-output-budget metrics. Because K changes the
proposal distribution, its effect is empirical and benchmark-
dependent.

C.4. pw as a Lagrangian-style scalarization

Known result being used. Linear penalties are the stan-
dard Lagrangian form for constrained optimization. We use
this interpretation to connect the off-target penalty weight
pw to a relaxed activity—specificity trade-off.

15

Proposition C.4 (Lagrangian form of the relaxed off-target
constraint). Consider the relaxed problem over distributions
on X that maximizes expected target reward subject to an
upper bound on expected average off-target reward:

max By, [Targes ()] subjectto Eg.,
o

The Lagrangian contains the scalarized reward
1
pr(fE) = rtarget(‘r) — pw- @ Z Tc(x)7

where pw > 0 is the multiplier on the off-target constraint.
As T varies over the feasible range, the corresponding mul-
tipliers pw(T) define a family of scalarized objectives along
the activity—specificity trade-off, under the usual convex-
duality assumptions for the relaxed problem (Boyd & Van-
denberghe, 2004).

Proof sketch. The result follows by forming the Lagrangian
for the relaxed constrained problem. The multiplier on the
off-target constraint appears exactly as the coefficient on the
average off-target reward. Standard convex-duality results
apply to the relaxed problem under the usual feasibility and
regularity assumptions (Boyd & Vandenberghe, 2004). [

GPA-specific use. In the experiments, we do not claim
to solve the full constrained discrete optimization problem.
We use pw as an inference-time scalarization parameter that
can be swept without retraining the generator or oracle. This
interpretation explains why pw is a useful knob: it indexes
a family of scalarized objectives that trade target activity
against average off-target activity. In practice, this lets us
sweep specificity pressure at inference time while holding
the generator, oracle, and sampling procedure fixed.

Empirical signature. The pw sweep tests whether the
scalarized objective moves designs along the observed
activity—specificity trade-off. Monotonicity is expected for
the relaxed convex formulation, but the empirical sequence-
design problem is discrete and model-dependent; we there-
fore report the observed trade-off directly.

C.5. Backbone and oracle interface

Known result being used. The standard SMC statement
is agnostic to where the proposal kernel and reward func-
tion come from, once the assumptions of the theorem are
satisfied. Thus, changing the generator or oracle does not
require a new derivation if the new proposal satisfies the
same mutation-kernel assumptions and the reward remains
evaluable with stable incremental weights.
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Remark C.5 (Backbone and oracle interface). The algo-
rithmic interface consists of a generator-defined mutation
proposal and an evaluable scalar reward. The formal conver-
gence statement continues to apply under the assumptions
of Theorem C.1. In practice, changing backbones changes
the proposal distribution and can change mixing, runtime,
and empirical design quality. Our experiments evaluate this
interface across the specific backbones and oracles reported
in the main text.

GPA-specific use. This interface is useful because GPA
does not require retraining the generator when the reward
changes. It also allows different generator classes to be used
when they expose an appropriate mutation or resampling
operation. This is an empirical portability claim, not a
guarantee that every sequence generator will mix well under
the same hyperparameters.

D. Method-family comparison

Table 5 gives a qualitative comparison of method families
under the design requirements emphasized in this paper.
These axes correspond to practical choices a user faces
when applying a design method: whether the method re-
turns a pool, whether it stays tied to a learned prior, whether
it can use black-box rewards, whether selection pressure
can be adjusted at inference time, whether constraints can
be added at inference time, and whether the same procedure
can be reused across generator classes. The axes were se-
lected to surface trade-offs we observed in practice; they are
not intended as a model-independent specification of what
every sequence-design sampler must support. Because these
are method-family summaries, the entries should be read
as typical behavior rather than definitive statements about
every possible implementation. The distinguishing feature
of GPA is the combination of these properties in a single
frozen-generator inference loop, rather than any one axis in
isolation.

We classify methods along six axes: population output (does
the method naturally return a large pool of designs from one
run?), prior-anchored proposals (are mutations or samples
tied to a pretrained sequence generator?), black-box reward
(can the method use rewards without oracle gradients?),
test-time trade-off control (can selection pressure or scalar
objective terms be changed at inference time without re-
training?), composable constraints (can additional scalar
reward terms be added without retraining?), and backbone
interface (can the method be reused across generator classes,
such as discrete diffusion or autoregressive models, without
re-deriving the algorithm?).

Interface combinations. A practical advantage of GPA is
that the mutation proposal, reward oracle, and scalar reward
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terms are specified separately. This modularity is a design
property of the interface; it does not imply that all com-
patible combinations have been benchmarked or that they
will behave similarly. Changing one component does not
require retraining the generator, but empirical performance
still depends on the generator proposal, the oracle, and the
reward terms used in a given benchmark. Table 6 separates
combinations evaluated in this paper from combinations that
are compatible with the same interface but not tested here.
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Table 5. Qualitative method-family comparison. v* = typical support, X = typically absent, ~ = partial or implementation-dependent.
Entries are not impossibility claims. For GPA, black-box compatibility refers to the base sampler; optional gradient-biased proposals
require oracle gradients. GFlowNets are listed separately because they train an amortized reward-proportional sampler rather than
fine-tuning a generator by RL.

Pop. out. Prior anch. BB compat. TT ctrl. Compos. Backbone
RL fine-tuning (DRAKES,

CTRL-DNA) ~ ~ 4 ~ X
GFlowNets (Jain et al., 2022) v ~ v X ~ ~
Beam/tree search (EvO 2,

Proteina (Geftner et al., 2025), ~ v v X ~ ~
DNA-CRAFT)

MCMC/score-guidance

(DDRM, Langevin) ~ ~ ~ X ~ ~
Genetic alg. (CMA-ES,

neuroevolution) 4 X 4 X 4 4
GPA (ours) v v ~ v v ~

Table 6. Examples of mutation proposals, reward oracles, and scalar reward terms under the GPA interface. v = evaluated in this paper;
~ = compatible with the interface but not evaluated here. Compatibility requires a usable mutation or resampling operation from the

generator and an evaluable scalar reward.

Component Example Use in this paper Status
MDLM partial- k
Mutation proposal  pariatmas Enhancer benchmarks v
odenoise
H DNA partial-context
Mutation proposal yenanaA parua-contex Promoter benchmark v
resampling
Not run; checkpoint
Mutation proposal DiMamba-style discrete diffusion of Tum; Checkpornts ~
unavailable
. SEDD / D3PM-style
Mutation proposal discrete diffusion Not evaluated here ~
. Causal LM resampling,
Mutation proposal e.g. EVO 2 Not evaluated here ~
LegNet / split-oracle LentiMPRA and
Reward oracle activity model design-time scoring /
. DNA-CRAFT benchmark
Reward oracle Enformer evaluation oracle protocol v
Gosai HepG2 / 1
Reward oracle gReLU MSE oracle osat Fiep promotet v
comparisons
Reward oracle AlphaGenome evaluation oracle gﬁ}i_om cross-oracle v
Reward oracle Other evaluable black-box scorer ~ Not evaluated here ~
Scalar reward term Off-target penalty pw Multi-cell-type specificity v
Population conformity L L
Scalar reward term Diversity regularization v
penalty A
DNA-CRAFT and
Scalar reward term GC penalty / GC filter naturalness ablations v
Cross-oracle edit-budget
Scalar reward term Edit-budget constraint ross-oracic editbudge v

analysis
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E. Worked example: SMC walk-through with
N =28

To make Algorithm 1 concrete, we walk through one GPA
update on a toy population of N = 8 particles. The exam-
ple is illustrative: the scores and sequences are chosen for
clarity, and the purpose is to show how reweighting, ESS
adaptation, resampling, and mutation interact in a single
SMC step.

E.1. Score and reweight

Let the eight particles {!, ..., 28} have oracle scores 7;:
i1 2 3 4 5 6 7 8
ri 045 —0.38 —052 —031 —048 —0.25 —041 —0.35

Suppose higher scores are preferred (true in our case for
activity prediction) and take A = 15. The unnormalized
weights are w; = exp(ASr;) and the normalized weights
that introduce a tilt to the distribution (Fig 3) are: w; =

QI}Z/ZJ 'UNJjI

i 1 2 3 4 5 6 7 8
w; 0025 0073 0009 0207 0016 0510 0046 0.114
w? 00006 00053 00001 00428 00003 0.2601 0.0021 0.0130

E.2. Adapting A5 by bisection on ESS

We now have:

1 1 ESS
ESS = = ~ 3.08 — =0.39.
Jwio0.3241 ’ N
(%)

The ESS-adaptive schedule chooses the largest AS such
that ESS > «V, up to numerical tolerance and the remain-
ing distance to 8,. With o = 0.5, the target threshold is
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ESStarget = 4. Algorithm 2 shows the bisection used in
this toy example.

The bisection gives AZ =~ 11.7, with ESS =~ 4.0 = aN.
Note that our original choice of AZ = 15 is more aggressive
than what the adaptive schedule would choose.

E.3. Selective upsampling: multinomial vs. systematic

Multinomial. Multinomial upsampling draws copy counts
(c1y...,cn) ~ Multinomial(N,w). The expected copy
count is E[¢;] = Nw;, but the realized counts can have
substantial sampling variance.

Systematic. Systematic upsampling lays the weights end-
to-end on the unit interval [0, 1], where segment ¢ has width
w;. It then places IV evenly spaced pointers at positions
u+k/N fork =0,...,N—1, with u ~ Uniform[0, 1/N).
Particle 7 receives one copy for each pointer that falls in its
segment. This has the same expected copy counts as multi-
nomial resampling but lower variance, and is the default in
GPA.

For the offset used in Fig. 5, the eight pointers fall into the
segments for particles 2,4,4,6,6,6,6,8, giving the copy
counts below:

1 1 2 3 4 5 6 7 8
copes 0 1 O 2 0 4 0 1
Particles x!, 23, 2%, 27 are removed, while 25 is duplicated

four times. After resampling, all retained particles have
weight 1/N.

E.4. Mutation: partial mask + denoise on a length-12
DNA toy

After selective usampling, each retained particle is indepen-
dently mutated by the generator-defined proposal. For a
diffusion backbone, this can be implemented by randomly
masking a fraction nf of positions and denoising with py.
With nf = 0.25 on a length-12 toy sequence, three positions
are masked:

Step Sequence

Before mutation ACGTATGCACGT
Random mask 3 positions AC?TA?GC?CGT
Denoise via pg ACTTAAGCACGT

Net edits

pos 3: G—T; pos 6: T—A; pos9: C—A

This mutation step has two practical roles:
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X1
X2
X3
Xa
Xs
X6
X7

X8

-0.6 -0.4 -0.2 0.0

Step 1: Score all particles

-0.35

oracle score s;

Step 2: Reweight w; x 28, AB=15

iuniform
x; 0025 }(0.125)

X2 -0.01(3

x3 40.009 !

x, - 0 207

x5 440.016
x; - o 510
X7 -0.046E
Xg -ﬁ:).114

T — T 1

0.0 0.1 0.2 0.3 0.4 0.5 0.6
normalised weight w;

Xe (best score —0.25) —» weight 51.0% — 4.1 X more likely to survive than uniform

Figure 3. Score and reweight on the N = 8 toy example. Left: per-particle oracle scores 7;; ¢ has the highest score and =3 the lowest.
Right: normalized weights w; o« exp(ASr;) at A = 15; uniform weight 1/N = 0.125 is shown as a dashed line.

Algorithm 2 Bisection for Ag given an ESS threshold

0: Input: scores {r;}¥ ,, threshold a N, range [ABmin, ABmax], max iterations T
0: fort=1,...,Tys do
0:

0
0
0
0:
0:
0
0
0
0

ABmid <~ (Aﬂmin + A/Bmaut)/2

w; < exp(APBmiari)/Z, with Z =37 exp(ABmiar;)
ESS « 1/, w?
if ESS > aN then
ABumin + APmia {larger tilt is still admissible}
else
APmax ¢ ABmiq {tiltis too large}
end if
: end for

: Return: ABpnin =0

* Prior-anchored mutation. The denoiser conditions on
the unmasked context and samples replacements from
the pretrained model, instead of drawing independent
per-position mutations.

* Diversity after resampling. In this toy example, dupli-
cated particles receive independent mask locations and
denoising samples, so resampled copies can separate
again after mutation.

The mask fraction nf controls the size of the local move:
smaller values give more local proposals, while larger val-
ues produce broader proposals. For example, on a 200 bp
enhancer, nf = 0.05 masks about 10 positions per mutation
step.
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ESS(AB) — bisection auto-picks AS at target

AB=11.6
ESS =4

ESS

317 Our example: AB =15
=3.1
2 -
1 -
O T T T T T T T 1
0 5 10 15 20 25 30 35 40

AB

Figure 4. ESS(Ap) for the N = 8 toy oracle scores. The ESS decreases as the temperature increment increases because weight mass
concentrates on higher-scoring particles. Bisection finds A5 ~ 11.7, where the ESS reaches the threshold N = 4. The illustrative
value A = 15 drops ESS below the target threshold.

Before (size xw;) After (4 survive, 4 eliminated)

0.025 @ x1

X1 (@)
x;, @ 0073

Q
X2

X3 ® 0.009 @

draw
X4 . 0.207 N=8 @
—»

xs ®  0.016 @
x4

Xe ‘ 0.510 @

X7 @  0.046 @
xs @ 0114 @ x1

Figure 5. Systematic upsampling of the N = 8 toy example. Left: bubble area is proportional to w;; green particles are retained and red
particles are removed. Right: after selective upsampling, all retained particles have weight 1/N; x¢ appears four times, z4 twice, and x2
and xg once each.
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F. Related Work

SMC and Feynman—Kac steering for diffusion models.
Sequential Monte Carlo and Feynman—Kac formulations
have been used as inference-time mechanisms for steering
pretrained diffusion models. Twisted-Diffusion-Sampler
(Wu et al., 2023) introduced SMC for continuous diffusion
at small particle counts (N < 32) using a first-order twist
approximation of the reward. Lee et al. (2025) extended
SMC ideas to discrete diffusion with a debiasing identity for
partial-maskodenoise kernels. Pani et al. (2025) proposed
SMCymot, a twisted SMC method with a first-order Taylor
reward expansion, evaluated on synthetic 2-D Gaussians,
binarized MNIST, and HepG2 enhancers at N = 16 with
a fixed annealing schedule. Luo et al. (2026) use SMC
with model confidence as the reward, which is orthogo-
nal to our oracle-driven setting. Li et al. (2024) propose
Soft Value-based Decoding (SVDD), a derivative-free per-
step value-tilted resampler that we benchmark against in
§4.3. Feynman—Kac correctors provide a broader theoreti-
cal lens: Skreta et al. (2025) formalize annealing, guidance,
and product-of-experts inference as Feynman—Kac SMC for
continuous diffusion; Singhal et al. (2025) cast inference-
time scaling and steering of diffusion models in the same
framework; and Hasan et al. (2026) extend the framework
to discrete masked diffusion via Doob h-transform-based
correctors. We view Feynman—-Kac SMC as the relevant
theoretical language for this class of inference-time steering
methods. Concurrent FK-style steering for protein struc-
ture design (Hartman et al., 2025) is complementary to the
sequence-design setting considered here.

The methodological contribution is the biological sequence-
design instantiation: ESS-adaptive scheduling, population-
scale outputs, frozen generators as mutation proposals, and
evaluation on regulatory-sequence design benchmarks. We
do not claim a new SMC convergence theorem. In the
benchmarks here, GPA uses populations of 5,000 sequences,
substantially larger than the small-particle SMC settings
used in most prior diffusion-steering experiments. We treat
the order-statistic branch factor K as proposal shaping; it
does not exactly preserve the base target mg.

MCTS and tree-search diffusion. DNA-CRAFT
(Awasthi et al., 2026) uses Monte-Carlo Tree Search
on a DiMamba diffusion backbone: each node selects
via UCB, expands M = 128 children, rolls each leaf
out to ¢ 0 by conditional ancestral sampling, and
updates a MinGap-Set memory of the best 64 designs. Its
benchmark protocol, including MinGap, motif correlation,
3-mer correlation, and diversity, provides the basis for
Table 1. The comparison to GPA is not backbone-matched,
since DNA-CRAFT reports its strongest results with
DiMamba and those checkpoints were not available
for our experiments. The MDLM ablation reported by
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DNA-CRAFT is therefore the closest available evidence
for how much of their performance comes from the
backbone itself. The algorithms also allocate computation
differently: DNA-CRAFT uses tree search as the main
design procedure, while GPA uses a population-level SMC
sampler with generator-defined mutations. This leads to
a different cost profile: DNA-CRAFT spends compute
on tree expansion and leaf rollouts, whereas GPA spends
compute on maintaining and mutating a large population
before matched-budget selection. Appendix I evaluates an
optional ucb_stacked variant that inserts UCB-style
planning into the GPA mutation step. This variant tests
whether tree-search planning improves the motif and k-mer
metrics where base GPA is closest to DNA-CRAFT.

Reward fine-tuning of biological sequence generators.
DRAKES (Wang et al., 2024) backpropagates Gumbel-
softmax rewards through the denoising trajectory of a pre-
trained MDLM. CTRL-DNA (Chen et al., 2025b) applies
constrained PPO to a HyenaDNA backbone for cell-type-
specific promoter design. These methods use the reward
signal to update or align the generator for a given task. This
can produce strong activity scores, but changing the oracle,
cell type, or reward definition generally requires a new opti-
mization run. This prior-anchored reward optimization view
also has close analogues in RLHF-style KL-regularized
learning (Ouyang et al., 2022). GPA instead keeps the
generator fixed and uses the reward only at inference time
through SMC reweighting and proposal modifications. The
comparison to CTRL-DNA in §4.4 tests whether this frozen-
generator strategy can approach or exceed several reward-
fine-tuning metrics without policy optimization.

Test-time gradient, edit guidance, and directed evolu-
tion. ISM (Vaishnav et al., 2022; Taskiran et al., 2024)
and LEDIDI (Schreiber et al., 2025) are single-sequence ed-
itors: ISM performs greedy in-silico mutagenesis, and LE-
DIDI reparameterizes the input one-hot sequence through
Gumbel-softmax and follows an oracle gradient. Adal.ead
(Sinai et al., 2020) extends greedy editing with rejection
sampling against a fitness threshold, connecting this line to
model-guided directed evolution. More broadly, in silico
directed-evolution and neural-network-guided sequence de-
sign methods iteratively propose variants, score them with a
learned model, and retain high-scoring candidates (Vaish-
nav et al., 2022; Taskiran et al., 2024; Jiang et al., 2024).
Bayesian optimization methods for biological sequence de-
sign, including LamBO-style approaches, also use learned
surrogates to allocate expensive evaluations in sequence
space (Stanton et al., 2022). These methods are adjacent
to GPA in their use of learned rewards, but they do not
directly target the same frozen-prior, reward-tilted sampling
distribution.
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Other test-time guidance methods provide per-step steer-
ing mechanisms. NOS (Gruver et al., 2023) and PRro-
TEINGUIDE (Goel et al., 2024) guide generation through
hidden-state gradients or token-level rate modulation; TFG-
Flow (Ye et al., 2024) extends test-time gradient guidance
to continuous flow models. For masked discrete diffusion,
classifier-free or classifier guidance (Schiff et al., 2024)
and the discrete-state guidance derivation of Nisonoff et al.
(2024) formalize per-step rate modulation. These methods
provide a range of test-time guidance mechanisms, from
single-sequence editing to per-step rate or hidden-state mod-
ulation. Many operate per trajectory instead of maintaining
a population. In §4.2, we use a held-out cross-oracle eval-
uation to test whether gains under the optimization oracle
transfer to an independent evaluator. In GPA, optional gradi-
ent information enters as a proposal bias inside a population-
scale SMC loop, applied to the full population at each step.

Annealed importance sampling and population anneal-
ing. The base GPA sampler builds on annealed impor-
tance sampling and annealed SMC (Neal, 2001; Del Moral
et al., 2006; 2012; Naesseth et al., 2019). The same algo-
rithmic skeleton was developed independently in statistical
physics under the name population annealing for spin-glass
Monte Carlo (Hukushima & Iba, 2003; Machta, 2010; Wang
et al., 2015). We use “annealed SMC” for the formal sam-
pling view and “population annealing” for the population-
as-output intuition. Adaptive SMC scheduling (Syed et al.,
2024) and waste-free SMC (Dau & Chopin, 2022) are re-
lated refinements that could be combined with the present
implementation.

The branch factor K is related to proposal-selection ideas
in auxiliary particle filters (Pitt & Shephard, 1999) and to
tournament selection in evolutionary computation (Blickle
& Thiele, 1996). The pool-as-output view is closest in spirit
to evolutionary algorithms, but the selection and reweight-
ing steps are organized through an annealed-SMC target
instead of a hand-designed evolutionary loop. The recent
“Global Annealing” work is the closest neighbor by name
(Del Bono et al., 2025), combining population annealing
with generative-model-proposed global moves for spin-glass
combinatorial optimization. GPA differs in its application
domain and target: the proposal comes from a frozen bio-
logical sequence generator, and the target is an oracle-tilted
biological sequence distribution, distinct from the Ising or
QUBO energies considered there. Population-based SMC
steering has also been explored for language models (Lew
et al., 2023; Loula et al., 2025); GPA applies the same broad
inference-time sampling idea to biological sequence design
with generator-defined mutation proposals.

Generative Flow Networks for biological sequence de-
sign. GFlowNets (Jain et al., 2022) train an amortized
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sampler whose marginal distribution is proportional to a
reward, with diversity encouraged by the trajectory-balance
objective. They share GPA’s motivation of sampling high-
reward sequences and not only optimizing a single best
candidate. The main difference is where adaptation occurs:
GFlowNets train a task-specific sampler against the reward,
while GPA uses a frozen pretrained generator and applies
reward guidance at inference time. These approaches are not
mutually exclusive; a trained GFlowNet could in principle
serve as a proposal mechanism inside a population-based
sampler.

Multi-objective biological sequence design. Multi-
objective design has been studied with Pareto-guided con-
tinuous diffusion (Yao et al., 2024), MCTS-guided discrete
diffusion for therapeutic peptides (Tang et al., 2025), and
multi-objective-guided discrete flow matching with hyper-
cone filters (Chen et al., 2025a). In GPA, the off-target
penalty pw is a linear scalarization with a Lagrangian in-
terpretation for a relaxed off-target-constrained objective
(Appendix C.4). Sweeping pw evaluates different points
along the observed activity—specificity trade-off without re-
training the generator. Other inference-time scaling methods
for diffusion, including particle Gibbs sampling (Dang et al.,
2025), replica exchange (He et al., 2025), drift-controlled
SMC (Ren et al., 2025), initial-particle alignment (Yoon
et al., 2025), and training-free reward alignment (Kim et al.,
2025), are related directions in inference-time steering.

Generative backbones used in this paper. We evaluate
GPA with two generator classes. For enhancer benchmarks,
we use MDLM (Sahoo et al., 2024), a masked discrete-
diffusion model with a partial-maskodenoise mutation pro-
posal. For promoter design, we use HyenaDNA (Nguyen
et al., 2023), an autoregressive sequence model with partial-
context resampling. DNA-CRAFT (Awasthi et al., 2026)
reports its strongest results on a Mamba-style discrete-
diffusion backbone, DiMamba, and reports DiMamba-vs-
MDLM ablations indicating that the backbone contributes
to biological-fidelity metrics. We did not run GPA on
DiMamba because the corresponding code and pretrained
checkpoints were not publicly available. Other sequence
generators, including SEDD (Lou et al., 2023; Sarkar et al.,
2024), D3PM (Austin et al., 2021), and large causal models
such as Evo 2 (Brixi et al., 2026), could be used if they
expose an appropriate mutation or resampling interface, but
those combinations are not evaluated here.

G. Hyperparameters

Table 7 lists the GPA hyperparameters for the SMC-protocol
comparison on Gosai HepG2 enhancers. Table 8 lists
the GPA recipe from Table 3 used for the CTRL-DNA
promoter comparison. Table 9 lists the two GPA recipe
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variants used for the DNA-CRAFT enhancer compari-
son: the headline recipe from Table 1 with a soft GC-
centering term in the DPS update, and the same recipe
without that. The effect of this GC-centering term is eval-
uated in Appendix H. The code to fully reproduce our

results are available at https://anonymous.4open.

science/status/gpa-paper—release—-"T7A2A.

Table 7. Hyperparameters for the SMC-protocol comparison
on Gosai HepG2 enhancers (MDLM backbone, DRAKES split-
oracle activity head).

Parameter Table 2 GPA recipe
N (population) 5,000

a (ESS threshold) 0.5

B« (target inverse temperature) 25 or 50

Timax (max steps) 30

nf (mask fraction) 0.10

DPS gradient strength n 3,000

GC filter [0.45,0.55]

Table 8. Hyperparameters for the CTRL-DNA promoter com-
parison (Reddy promoters, HyenaDNA backbone, gReLU MSE
oracles).

Parameter Table 3 GPA recipe
N (population) 5,000

a (ESS threshold) 0.5

B+ (target inverse temperature) 100

Tmax (max steps) 60

nf (mask fraction) 0.05

K (branch factor) 8

pw (off-target penalty weight) 0.35

A (population-conformity penalty) 1.0

Table 9. Hyperparameters for the DNA-CRAFT enhancer compar-
ison (Gosai 50/50 split, top-64 selection by greedy pool-composite
rule). Table 1 GPA recipe has a soft GC-centering term with target
gct = 0.60 inside the DPS update; the other recipe is same except
the GC-centering term.

Parameter Table 1 GPA without GC-centering ~ Table 1 GPA
N (population) 5,000 5,000

B« (target inverse temperature) 25 25

pw (off-target penalty weight) ~ 0.30 0.30

DPS on on
GC-centering target gct — 0.60

K (branch factor) 8 8

H. DNA-CRAFT ablation for GC penalty

The headline GPA column in Table 1 uses a soft GC-
centering term inside the DPS update. This section com-
pares that recipe to an otherwise matched variant without the
GC-centering term, under the same DNA-CRAFT matched-
output-budget protocol: by_pool_composite top-64
selection from a 5,000-sequence final pool, with 3 indepen-
dent runs for each variant. Both variants use the MDLM
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backbone and run in approximately 3.6 min/seed on a sin-
gle H100 without MCTS-style planning. The comparison
isolates the effect of the GC-centering term while holding
K, B, pw, N, and DPS fixed.

Recipe decomposition. Each component below maps to
a specific knob in the GPA algorithm of §3:

* dps: enables the Gumbel-softmax oracle-gradient pro-
posal with strength n = 3000 (§3.2). This gradient-
biased proposal is shared by both recipes, so the abla-
tion does not test DPS itself.

* pw030: sets the off-target penalty weight pw = 0.30
in the linear fitness of Eq. 3. The same value is used in
the DPS objective.

¢ b25: sets the SMC tilt ceiling 5, = 25. Both variants
use this value.

* gct060: adds the soft GC-centering term used only
in the headline recipe. The term is

—w (g(z) — 0.60)?,

where g(z) = P(C) + P(G) is the per-position soft-
onehot GC fraction and w = 10. This term is included
in the differentiable DPS objective; it is not a hard
accept/reject filter.

Both variants additionally use branch factor K = 8 and
population size N = 5,000. Because K > 1 changes the
proposal distribution (Prop. C.3), both recipes should be in-
terpreted as using the same K -branch proposal modification;
the contrast below isolates the GC-centering term.

Because both recipes use the same DPS setting, this compar-
ison should be read as an ablation of the GC-centering term
within the gradient-biased proposal, not as a comparison
of gradient-guided versus non-gradient-guided sampling.
The two GPA variants give similar MinGap values across
the three cell types: the no-GC variant is slightly higher
on K562 and SK-N-SH (+0.05 and +0.09), while the GC-
centered recipe is slightly higher on HepG2 (40.04). The
larger differences are in diversity and fidelity metrics. The
GC-centered recipe improves diversity in all three cell types
(+0.05, +0.27, and +0.27), improves motif correlation in
all three cell types (+0.02, +0.01, and +0.03), and im-
proves 3-mer correlation in K562 and SK-N-SH (4-0.03 and
+0.07). We therefore use the GC-centered recipe as the
headline result; the no-GC variant is included to isolate the
effect of the GC-centering term.

Several baselines report Diversity = 1.98 across cell types,
near the apparent saturation point of the DNA-CRAFT di-
versity metric. Both GPA variants remain below this ceiling,
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Table 10. DNA-CRAFT benchmark with the GPA alternate recipe (dps_pw030_b25; no GC-centering term), reported alongside the
headline GPA recipe. Both GPA columns use by_pool_composite top-64 selection from the final pool. Values are means over 3
runs; standard deviations are omitted here for readability. Small differences between the two GPA variants should therefore be interpreted
as descriptive rather than statistically resolved. Baselines are taken from Awasthi et al. (2026).

Cell Metric SMC CG TDS DRAKES D3 Ledidi Ctrl-DNA DNA-CRAFT rS)PC‘?(,Z GPA
MinGap 1.61 —0.23 0.40 —1.40 0.05 5.77 7.79 4.35 6.87 6.91

HenG2 Motif 055 086 040 0.06 0.87 0.58 0.63 0.92 0.90 0.92
P 3-mer 0.81 097 074 —0.36 0.98 0.76 0.49 0.98 0.95 0.95
Diversity ~ 0.83 198 0.96 1.86 1.98 1.98 1.90 1.98 1.81 1.86

MinGap 4.12 000 1.62 —0.20 0.18 7.66 9.07 5.69 8.18 8.13

K562 Motif 045 085 051 0.14 0.86 0.65 0.63 0.93 0.93 0.94
3-mer 066 094 0.65 —0.35 0.96 0.69 0.41 0.98 0.92 0.95

Diversity  0.31 198  0.64 1.96 1.98 1.98 1.90 1.98 1.56 1.83

MinGap 056 —0.28 0.19 0.09 —0.01 3.03 3.72 3.23 5.07 4.98

SK-N-SH Motif 052 086 048 0.23 0.84 0.38 0.48 0.88 0.89 0.92
3-mer 078 095 0.72 —0.38 0.93 0.37 0.20 0.97 0.87 0.94

Diversity ~ 1.27 198 092 1.83 1.97 1.98 1.86 1.98 1.59 1.86

with the GC-centering term partially closing the gap. DNA-
CRAFT also retains a consistent 3-mer Pearson advantage
over GPA across all three cell types (0.98 vs. 0.95 in HepG2,
0.98 vs. 0.95 in K562, and 0.97 vs. 0.94 in SK-N-SH). Con-
versely, GPA matches or exceeds DNA-CRAFT on motif
correlation and improves MinGap relative to DNA-CRAFT
in all three cell types. Ctrl-DNA achieves the highest Min-
Gap on HepG2 and K562, exceeding GPA by 0.88 and
0.94, respectively, while GPA is higher on SK-N-SH. This
is consistent with the broader activity—fidelity trade-off in
Table 1: reward-fine-tuned methods can reach higher activ-
ity in some cells, whereas GPA preserves stronger motif
and 3-mer fidelity than Ctrl-DNA under the matched-output
protocol.

Both GPA variants run at approximately 3.6 min/seed on a
single H100 without MCTS-style tree expansion or per-task
policy optimization. Matched wall-times for DNA-CRAFT
are not available because the DiMamba checkpoints and
code were not publicly released.

One possible explanation for the GC-centering effect is that
the term discourages the DPS update from moving the soft
sequence representation toward narrow GC-biased regions.
This interpretation is consistent with the observed diver-
sity increase, but the ablation does not isolate all possible
sequence-level effects of the term.

Backbone caveat. As noted in §4, the DNA-CRAFT
values in Table 1 were reported using a Mamba-style
discrete-diffusion backbone, DiMamba, whose code and
pretrained checkpoints were not publicly available for our
experiments. DNA-CRAFT also reports DiMamba-vs-
MDLM ablations indicating that the backbone contributes
to biological-fidelity metrics. Our GPA results use the pub-
licly available MDLM backbone of Sahoo et al. (2024). The
comparison should therefore be read with this backbone
mismatch in mind, and not as a fully controlled comparison
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of the search algorithms alone.

I. DNA-CRAFT K and ¢ scaling sweeps
(UCB-MCTS variant)

Motivation. DNA-CRAFT uses Monte-Carlo Tree
Search (MCTS) on a DiMamba diffusion backbone and
reports strong motif and 3-mer fidelity on the Gosai en-
hancer benchmark. Standard GPA already includes a depth-
1 proposal-selection step through the K-branch operator:
draw K candidate mutations and keep the highest-reward
proposal. The ucb_stacked variant tests whether adding
deeper UCB-style planning inside each GPA mutation step
improves motif or k-mer metrics where the standard recipe
lags DNA-CRAFT in Appendix H.

The ucb_stacked mutation kernel. At each SMC mu-
tation step, each particle xl(t] ) becomes the root of an in-
dependent Monte Carlo tree. We run ¢ MCTS iterations
on that tree. Each iteration follows the standard UCT loop
(Kocsis & Szepesviri, 2006): select a leaf using UCBI,
expand it with K candidate children, score the children, and
back-propagate the observed rewards.

The selection rule is

Inn(v)
n(a) ’

UCBI1(a) = Q(a) + ¢

(6

where Q(a) € [0, 1] is the range-normalized mean reward
backed up through child a, n(a) is the visit count of child
a, n(v) is the visit count of the parent node, and ¢ = V2
is the exploration constant (Auer et al., 2002; Kocsis &
Szepesvari, 2006). Unvisited children are selected first by
convention. Expansion uses the same proposal operator
as the standard GPA recipe: partial-maskodenoise with
DPS and branch factor K. We bound the tree depth at
d = 2, so the planner looks at most two mutation steps
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ahead. After ¢ iterations, the mutated state for particle xij )
is the highest-reward leaf in that tree. The outer SMC loop
then continues with reweighting, resampling, and mutation

as in Algorithm 1.

Relation to DNA-CRAFT. The ucb_stacked variant
uses the same broad MCTS ingredients as DNA-CRAFT:
UCB selection, child expansion, reward evaluation, and
reward back-propagation. The algorithms differ in how
the tree search is used. In DNA-CRAFT, the tree search
is the full design procedure: it uses Njier = 64 MCTS
iterations, expands M = 128 children per expansion, per-
forms full leaf-to-clean rollouts, and returns a MinGap-Set
archive of Ny,,x = 64 designs. In ucb_stacked, many
small trees are run, one per particle and per SMC mutation
step, and each tree defines only a local mutation proposal.
The final output remains the SMC population. The name
ucb_stacked refers to this layering: UCB-style planning
is stacked on top of the K -branch+DPS proposal inside the
SMC mutation step.

Cost and sweep design. Each ucb_stacked mutation
step evaluates approximately ¢/ scored nodes per parti-
cle, compared with K proposals in the standard K -branch
mutation step. At K = 8,7 = 18, this is up to 145 total
nodes per particle per mutation step including the root. The
variant remains substantially more expensive than the stan-
dard GPA recipe: K = 8,7 = 12 takes 31.35 min/seed,
approximately 8.7x the 3.6 min/seed standard non-MCTS
recipe used in Table 1; K = 8,47 = 18 takes 32.26 min/seed,
approximately 9.0x the standard recipe.

We evaluate two K562 sweeps under the matched-
output-budget protocol of Table 1: top-64 selection by
by_pool_composite from the final pool, with tree
depth fixed at d = 2. The i-axis sweep fixes K = 8 and
varies ¢. The K -axis sweep fixes ¢« = 12 and varies K. Wall-
time is reported per seed on a single H100. The pilot anchor
K = 8,1 = 12 uses 5 seeds; larger settings use 2 seeds.

For reference, the standard non-MCTS GPA recipe on K562
reaches MinGap = 8.13, Motif = 0.94, 3-mer = 0.95,
and Diversity = 1.83 at approximately 3.6 min/seed (Ap-
pendix H). The ucb_stacked variant should therefore be
read as a planning-augmented alternative with substantially
higher wall-time.

The ¢-axis sweep shows that tree-search planning mainly
affects the metrics where the standard recipe has the largest
remaining gaps to DNA-CRAFT. From ¢ = 12 to ¢ = 24,
3-mer Pearson increases from 0.945 to 0.968, and Diversity
increases from 1.903 to 1.941. MinGap remains in a narrow
range (8.02-8.15), and Motif remains near 0.94. Increasing
to 7 = 36 does not produce further improvement. Thus,
deeper planning partially closes the 3-mer and diversity
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gaps, but does not materially change MinGap or Motif under
this protocol.

The K-axis sweep shows no clear benefit from expanding
beyond K = 16 in this setting. i = 16 gives the highest 3-
mer Pearson in the sweep (0.959) and a MinGap comparable
to the other settings, but larger values of K increase wall-
time and do not give monotone improvements. We therefore
keep K = 8 as the default headline setting and treat larger
K as a higher-cost option that may be useful only when the
additional 3-mer or diversity gain is worth the compute.

These results do not rule out benefits from tree-search
planning in other settings, but they do not justify using
ucb_stacked as the main recipe here. The standard GPA
recipe is therefore used for the headline DNA-CRAFT
comparison, and ucb_stacked is reported as an optional
higher-cost variant.

J. Population-size (V) ablation

The headline GPA numbers in Table 1 use a population
of N 5,000 sequences. In the idealized SMC set-
ting, empirical averages converge to the reward-tilted tar-
get at rate O(1/v/N) (Theorem C.1). In the design set-
ting, IV also controls the size of the candidate pool avail-
able for post-hoc matched-budget selection. We there-
fore test how performance changes as the population
size increases, holding the standard GPA recipe and the
by_pool_composite top-64 selection rule fixed. We
sweep N € {128,500, 1000, 2500, 5000, 10000, 20000}
across all three cell types of the DNA-CRAFT enhancer
benchmark, with 5 SMC seeds per (N, cell) pair. This
sweep spans approximately 2.2 orders of magnitude in pop-
ulation size.

Across the full range from N = 128 to N = 20,000, all
three cell types show large improvements in the matched-
budget metrics. MinGap increases by +1.03 in HepG2,
+1.08 in K562, and +2.98 in SK-N-SH. Motif correlation
increases by 4-0.10 to 4+0.12, 3-mer correlation by +0.20
to +0.27, and diversity by +0.42 to +0.53. These gains
support the population-as-budget view: larger SMC popula-
tions provide more candidate sequences for the fixed top-64
selection rule. The SK-N-SH effect is largest: it starts from
the lowest MinGap at N = 128 and continues to improve
through N = 20,000, indicating that harder cell-type tasks
can benefit more from larger populations.

The relevant trend is overall improvement with increasing
population size and diminishing returns at larger N. Some
adjacent- N values fluctuate within run-to-run variation, es-
pecially on smaller-effect metrics; for example, SK-N-SH
Motif and 3-mer decrease slightly from N = 5,000 to
N = 10,000. This ablation should also not be read as a
direct empirical verification of the O(1/v/N) SMC rate,
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Table 11. DNA-CRAFT i-axis sweep for the ucb_stacked variant (K562, K = 8, d = 2). Results use by_pool_composite

top-64 selection from the final pool. Values are mean(std) across n seeds.

i1 n wall (min) MinGap Motif 3-mer Diversity
12 5 31.35(3.62) +8.066(0.063) 0.940 (0.004) 0.945(0.023) 1.903 (0.022)
18 5 3226(0.62) +8.115(0.013) 0.942(0.003) 0.961 (0.003)  1.926 (0.027)
24 2 37.07(4.08) +8.153(0.075) 0.940(0.002) 0.968 (0.003) 1.941 (0.012)
36 2 46.60(3.23) +8.015(0.001) 0.941(0.003) 0.965(0.002) 1.937 (0.014)

Table 12. DNA-CRAFT K-axis sweep for the ucb_stacked variant (K562, i = 12, d = 2). Results use by_pool_composite
top-64 selection from the final pool. Values are mean(std) across n seeds. The displayed 0.000 standard deviation for one motif row

reflects rounding at the shown precision.

K n wall (min) MinGap Motif 3-mer Diversity

8 5 31.35(3.62) +8.066(0.063) 0.940 (0.004)  0.945 (0.023)  1.903 (0.022)
16 2 49.39(6.64) +8.124 (0.108) 0.939(0.002) 0.959 (0.008)  1.898 (0.043)
24 2 69.00(13.13) +8.070(0.016)  0.942 (0.004) 0.953 (0.007) 1.935 (0.008)
32 2 77.40(4.31) +48.022(0.103) 0.936 (0.000) 0.953 (0.002) 1.907 (0.045)

since the reported quantities include top-64 post-hoc selec-
tion and nonlinear pool-level metrics.

The headline N = 5,000 setting is a runtime/benefit com-
promise. Increasing from N = 5,000 to N = 20,000
improves every metric in every cell type, but the gains are
modest relative to the 4 X increase in population size: aver-
aged across cells, approximately +0.22 MinGap, +0.010
Motif, +0.015 3-mer, and 4-0.045 diversity. At the standard
runtime of approximately 3.6 min/seed for a 5,000-sequence
pool, the headline setting corresponds to roughly 0.043 sec
per generated candidate before matched-budget selection.
Wall-time scales approximately linearly with N at fixed K,
B+, and number of SMC steps, so N = 20,000 would re-
quire roughly 14-15 min/seed under the same recipe. We
therefore use N = 5,000 as the headline operating point for
Table 1; practitioners with a larger wall-time budget can use
larger populations for additional gains.

Population scaling improves GPA but does not remove all
differences to the strongest task-aligned baselines. On K562,
where CTRL-DNA reaches MinGap = 9.07 in Table 1, the
N = 20,000 GPA setting reaches 8.31. On SK-N-SH,
where CTRL-DNA reports MinGap = 3.72, GPA already
exceeds that value at N = 5,000. Even the smallest HepG2
setting, N = 128, reaches MinGap = 6.05, above the
Ledidi (5.77) and DNA-CRAFT (4.35) reference values
in Table 1. These comparisons are descriptive because the
methods differ in optimization procedure, backbone, and
compute budget, but they show where population scaling
changes the benchmark picture.

All runs in this ablation use the same standard GPA recipe
as Table 1 (K = 8, DPS, GC-centering term, no MCTS,
MDLM backbone); only the SMC population size N is
varied. The N = 5,000 rows here use a 5-seed sweep,
while Table 1 and Appendix H report separate 3-seed runs;
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small differences between the corresponding rows reflect
different seed sets and are within the run-to-run variation
reported here.

K. Using an encoder-only AlphaGenome
fine-tuned model as a held-out oracle

For the held-out cross-oracle experiments in §4.2, we use
an encoder-only AlphaGenome model fine-tuned for MPRA
activity prediction. The model attaches a prediction head to
the AlphaGenome encoder and is fine-tuned for the K562
LentiMPRA task. We use it only as an independent evalua-
tion oracle; it is never used for GPA sampling, temperature
selection, proposal scoring, or post hoc selection.

This oracle is used only for evaluation in the cross-oracle
experiments. The optimization oracle is LegNet K562,
whereas the AlphaGenome-derived model is held out from
the optimization loop. Both LegNet and the AlphaGenome-
derived oracle are learned sequence-to-function models
trained on MPRA-style data. Cross-oracle agreement there-
fore measures consistency between independently trained
predictors and does not constitute wet-lab validation. The
advantage over single-oracle reporting is that sequence fea-
tures exploited by only one model are less likely to transfer
to the held-out evaluator.

L. GPA-vs-ISM/LEDIDI runtime
comparison

Table 14 reports wall-time for producing a 5,000-sequence
K562 enhancer pool on a single H100, averaged across the
random and natural seed pools used in §4.2. The compar-
ison is matched by output volume and hardware; output
quality on this task is reported in §4.2, and this appendix
addresses runtime only. GPA propagates the full population
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Table 13. Population-size ablation on the DNA-CRAFT enhancer benchmark. All runs use the standard GPA recipe from Table 1 without
MCTS and the by_pool_composite top-64 selection rule. Values are mean(std) over 5 SMC seeds. Increasing N generally improves
the matched-budget design metrics, with diminishing gains beyond the headline N = 5,000 setting.

N MinGap 1 Motif 1 3-mer T Diversity 1
HepG?2
128  6.052(0.087) 0.829 (0.036) 0.757 (0.084) 1.415 (0.101)
500 6.559(0.153) 0.884 (0.022) 0.843 (0.070) 1.600 (0.167)
1,000 6.677 (0.130) 0.895(0.008) 0.923 (0.021) 1.725 (0.104)
2,500 6.788(0.129) 0.912 (0.005) 0.938 (0.024)  1.845 (0.029)
5,000 6.962 (0.076) 0.915 (0.006) 0.952 (0.013) 1.870 (0.056)
10,000 7.013 (0.189)  0.920 (0.003) 0.968 (0.005) 1.908 (0.014)
20,000 7.081 (0.149) 0.928 (0.006)  0.972 (0.004)  1.912 (0.020)
K562
128 7.236 (0.160) 0.871 (0.012) 0.774 (0.104)  1.515 (0.120)
500 7.709 (0.175) 0915 (0.011) 0.863 (0.044) 1.677 (0.129)
1,000 7.968 (0.083) 0.933 (0.008) 0.912(0.106) 1.813 (0.070)
2,500  7.995(0.082) 0.939 (0.005) 0.951(0.017) 1.821 (0.065)
5,000 8.193 (0.086) 0.942 (0.005) 0.960 (0.010) 1.893 (0.042)
10,000  8.230 (0.118)  0.946 (0.004)  0.965 (0.007) 1.919 (0.014)
20,000 8.313 (0.060) 0.952 (0.004) 0.977 (0.005) 1.936 (0.021)
SK-N-SH
128 2.230(0.347) 0.807 (0.028) 0.672 (0.081) 1.384 (0.067)
500 4.149(0.470) 0.887 (0.011) 0.844 (0.068) 1.588 (0.128)
1,000 4.388 (0.282) 0.899 (0.009) 0.901 (0.021)  1.783 (0.049)
2,500 4.841(0.062) 0.908 (0.010) 0.923 (0.015) 1.852(0.017)
5,000 4.980 (0.079) 0.919 (0.004) 0.937 (0.007) 1.867 (0.042)
10,000 5.054 (0.077) 0.918 (0.006) 0.934 (0.022) 1.892 (0.028)
20,000 5.209 (0.037) 0.926 (0.003) 0.946 (0.011) 1.917 (0.028)

through the SMC loop, with particles processed in GPU-
memory chunks using mutation_batch_size=128.
ISM consists of 5,000 independent greedy trajectories of
115 sequential edit steps each, with each step scoring can-
didate single-nucleotide edits before selecting the next edit.
LEDIDI processes the 5,000 seeds in chunks of 128 through
its Gumbel-softmax optimization under the settings used
in §4.2.Under these settings, GPA is approximately 3.4 X
faster than LEDIDI and 9.3 faster than ISM for produc-
ing the same number of candidate sequences.

M. DPS gradient ablation for specificity

We evaluate the contribution of the optional DPS gradi-
ent proposal on the Gosai HepG2 enhancer task using the
MDLM backbone and the DRAKES split-oracle activity
head. This ablation uses the same general setup as §4.3, but
with a higher target temperature 5, = 100 and mask fraction
nf = 0.05 to test the proposal bias under stronger reward
pressure. The headline GPA recipe in Table 2 uses 3, = 25
with DPS as part of the standard configuration; this ablation
isolates the contribution of DPS in a higher-pressure regime.
We compare the base GPA proposal against GPA with DPS,
both without and with the off-target penalty pw = 0.35.
The latter setting tests whether DPS also helps when the
reward includes a specificity term. Specificity is computed
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here as

HepG2
eval

K562
eval

SKNSH
eval

Specificity(z) = r (z), r

(z))

(z) — max (r

DPS improves both evaluated quantities in this ablation.
Across the mean-activity and specificity tracks, DPS adds
roughly one point of held-out activity and approximately 1.5
specificity points. The specificity gain is similar with and
without the explicit off-target penalty (+1.48 and +1.50),
suggesting that DPS contributes more than a simple rescal-
ing of the linear specificity objective. A plausible inter-
pretation is that the gradient-biased proposal helps move
particles along locally high-specificity directions of the or-
acle landscape, although this ablation does not isolate that
mechanism directly. Because DPS is not part of the base
SMC target and requires differentiable oracle access, the
non-DPS setting remains the appropriate reference for black-
box or API-only oracles.

N. Naturalness audit

We audit HepG2 top-128 design pools against simple
sequence-level statistics computed from the Gosai MPRA
distribution. This analysis is intended as a diagnostic for ob-
vious sequence pathologies, not as experimental validation
of designed activity. We compare GPA and CTRL-DNA
using the same five-axis audit. The GPA recipe used here



GPA: Generative Population Annealing for Test-Time Sequence Design

Table 14. Runtime comparison for producing a 5,000-sequence K562 enhancer pool on a single H100. Wall-times are averaged across the
random and natural seed pools from §4.2. Speedup is computed as wallpaseiine /Wallgpa..

Method Wall (5K pool)  Parallelism Relative wall-time
GPA ~11.6 min population SMC, batched particles 1.0x
LEDIDI ~40 min 39 chunks x 128 seeds; 1000 gradient steps ~3.4x slower
ISM ~107.5 min 5,000 greedy trajectories; 115 edit steps ~9.3x slower

Table 15. DPS gradient ablation on the Gosai HepG2 enhancer task
using the MDLM backbone and DRAKES split-oracle activity
head. The “Mean” track uses the target-activity reward alone. The
“Spec” track includes the off-target penalty pw = 0.35. Values are
mean =+ std. over 3 random seeds;

Track  Metric GPA only GPA +DPS A DPS
Mean  Heval 8.73£0.50 10.06 +0.19 +1.33
Mean  Specificity 1.58 £0.31 3.06£0.55 +1.48
Spec  Heval 8.28 £0.12 9.35£0.20 +41.07
Spec  Specificity 6.11 £ 1.45 7.61+025 +1.50

omits the diversity penalty A, uses DPS, and includes the
specificity weight pw = 0.35.

Real Gosai values are computed over the top-128 HepG2
specificity-ranked sequences from the full Gosai MPRA
dataset (~735K sequences). This should be interpreted
when comparing against top-ranked design pools, since
top-activity sequences may differ from the full empirical
sequence distribution. The GC tolerance used for the au-
dit is wider than the GC filter used during GPA sampling
([0.40,0.60] in the audit vs. [0.45, 0.55] during sampling).
Of the six criteria in bio_pass_rate, only the GC range
overlaps with the generation-time filter, and the audit range
is wider. Thus, GPA outputs pass the GC criterion by con-
struction, while the remaining five criteria, entropy, CpG,
AT asymmetry, GC asymmetry, and homopolymer length,
are independent checks under this audit.

Audit components.

* GC mean. Per-sequence GC fraction averaged over
the pool. The real Gosai reference is near 0.44.

 bio_pass_rate. The fraction of sequences satisfying
all six sequence-level criteria:

1. GC content in [0.40, 0.60];

2. per-sequence Shannon entropy over base frequen-
cies > 1.9 bits, with log, 4 = 2.0 as the maxi-
mum;

3. CpG dinucleotide frequency < 0.072;

4. AT strand asymmetry |f(A) — f(T)] < 0.15;

5. GC strand asymmetry |f(G) — f(C)| < 0.15;

6. maximum homopolymer run < 12 bp.
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A sequence must pass all six criteria to count toward
bio_pass_rate. Since only 51% of real Gosai
sequences pass this conjunction, this metric should
be read as a stringent pathology screen; it is not a
definitive measure of biological realism.

* Maximum homopolymer. The mean over the pool of
the per-sequence longest same-base run; real Gosai has
typical maxima near 5 bp.

* k = 3 Pearson. Pearson correlation between the pool-
level 3-mer count vector (43 = 64 bins) and the same
vector computed on the real Gosai reference pool.

* HepG2 motif rates. Hit rates for HepG2-associated
TF motifs scanned by the audit script: HNF4A, CEBPA,
FOXA1, FOXA2, and HNF1A. Motifs are scanned with
IUPAC-aware regular expressions in both forward
and reverse-complement orientation. We report hit
rates rather than raw fold-enrichment when the real-
background hit rate is zero or near zero, since fold-
enrichment is then unstable or undefined.

Table 16. Naturalness audit on HepG2 top-128 design pools. The
audit is a sequence-level pathology screen, not experimental val-
idation. Bold values indicate the most favorable design-method
value for each row, except where noted.

Metric Real (Gosai) GPA CtTRL-DNA
GC mean 0.44 0.41 0.45
bio_pass_rate 0.51 1.00 0.05
max homopolymer 5.4 5.1 20.9
k=3 Pearson 1.0 0.61 0.39
HNFIAT 0x 10,040x 7,812x%

Under this audit, the GPA pool passes all six sequence-level
criteria for all top-128 sequences, while only 5% of the
CTRL-DNA pool passes the same conjunction. Because the
GC criterion overlaps with the GPA generation-time filter,
the more informative point is that GPA also passes the five
non-filtered criteria at 100%: entropy, CpG, AT asymmetry,
GC asymmetry, and homopolymer length.

The strongest difference is the homopolymer statistic. GPA
has a mean maximum homopolymer length of 5.1 bp, close
to the real Gosai value of 5.4 bp, whereas CTRL-DNA has
a mean maximum homopolymer length of 20.9 bp. This
indicates a clear low-complexity sequence feature pattern
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Table 17. HepG2-associated motif hit rates in the naturalness audit.
Motifs are scanned in both forward and reverse-complement orien-
tation using the same IUPAC-aware matching rule, and reported
as fold-enrichment over the Real (Gosai) hit rate, matching the
convention of Table 16. : motif absent from the Real reference set,
so the enrichment is computed against the audit script’s e = 10~°
floor and should be read as “present in design pool, absent in
natural reference,” not as a calibrated fold-change.

Motif Real (Gosai) GPA CTRL-DNA
HNF4A 1x 10.2x 5.6
CEBPA' 0x 240 0x
FOXA1 1x 0.04x 1.7x
FOXA2 1x 0.04x 1.7x
HNFIAT 0x 10,040x 7,812

in the CTRL-DNA top designs under this audit, consistent
with an oracle-overfit failure mode.

The real Gosai bio_pass_rate of 0.51 also calibrates
the audit. The conjunction is conservative: approximately
half of real sequences contain at least one flagged feature.
Thus, GPA’s 100% pass rate should not be interpreted as
evidence that GPA sequences are more biologically realistic
than real sequences. It indicates that this particular design
pool lies in a tighter, less pathological region under the audit
criteria.

The 3-mer Pearson values show that neither design pool
fully matches the real Gosai trinucleotide spectrum. GPA is
closer to the reference than CTRL-DNA (0.61 vs. 0.39), but
this remains a moderate correlation; the design pool does
not fully match the real distribution. The motif analysis
should also be interpreted cautiously. Motif presence is a
useful cell-type-relevant diagnostic, but motif enrichment
alone does not establish biological plausibility, especially
when accompanied by low-complexity sequence features.

Overall, this audit supports a limited conclusion: GPA
avoids the most obvious sequence pathologies detected
by this battery, whereas the CTRL-DNA top designs
contain long homopolymer tracts and fail the combined
sequence-level screen. Removing the GC-centering term
(Appendix H) changes diversity and fidelity metrics, but the
GPA no-GC outputs still avoid the long homopolymer tracts
seen in CTRL-DNA. The homopolymer-avoidance pattern
is therefore more consistent with the pretrained generator’s
sequence prior than with the explicit GC filter alone. The
filter is a backstop; the generator does most of the work.
This audit is not a substitute for experimental validation
and does not prove that all GPA designs are biologically
functional.

O. Additional Tables
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Table 18. DNA-CRAFT enhancer benchmark with standard deviations. =~ We followed top-64 sequence selection by
by_pool_composite, matched to DNA-CRAFT’s G* at Npax = 64. We ran 3 replicates of GPA with a 5,000-particle SMC pool
and report mean(std). Baseline numbers are taken from Awasthi et al. (2026).

Cell Metric SMC CG TDS DRAKES D3 Ledidi Ctrl-DNA DNA-CRAFT GPA

MinGap + 1.61 (1.67) —0.23 (0.10) 0.40 (0.57) —1.40(0.05)  0.05(0.03) 5.77 (0.05) 7.79 (0.07) 4.35(0.05) 6.91(0.10)
Motif 1 0.55(0.05) 0.86(0.01) 0.40(0.10) 0.06(0.01) 0.87 (0.01) 0.58 (0.03) 0.63 (0.05) 0.92 (0.01) 0.92 (0.01)

HepG2 3 fert  0.81(0.10)  0.97 (0.00) 0.74 (0.10) —0.36 (0.01)  0.98 (0.00) 0.76 (0.01) 049 (0.03)  0.98 (0.01) 0.95 (0.00)
Diversity T 0.83(0.43)  1.98 (0.00) 0.96 (0.10)  1.86 (0.00)  1.98 (0.00) 1.98 (0.00) 1.90(0.03)  1.98 (0.00) 1.86 (0.06)
MinGap + 4.12(0.89)  0.00 (0.05) 1.62(1.61) —0.20 (0.07)  0.18 (0.07) 7.66 (0.15) 9.07 (0.17)  5.69 (0.04) 8.13 (0.05)

Ksgy ~ Motif T 0.45(0.03) 085(0.03) 051(0.13) 0.14(0.02)  0.86(0.04) 0.65(0.04) 0.63 (0.08) 093 (0.01) 0.94 (0.01)
3cmert  0.66(0.13)  0.94(0.01) 0.65(0.20) —0.35 (0.01)  0.96 (0.02) 0.69 (0.02) 0.41(0.06)  0.98 (0.00) 0.95 (0.02)
Diversity 1 0.31(0.11) 198 (0.00) 0.64 (0.52)  1.96 (0.00)  1.98 (0.00) 1.98 (0.00) 1.90(0.02)  1.98 (0.00) 1.83 (0.08)
MinGap 1 0.56 (0.15) —0.28 (0.01) 0.19(0.33)  0.09 (0.05) —0.01 (0.01) 3.03 (0.22) 3.72(0.18)  3.23 (0.02) 4.98 (0.03)

SK.N.gj Motif T 0.52(0.15)  0.86(0.03) 048(0.09) 023 (0.02)  0.84(0.01) 038 (0.04) 048 (0.04)  0.88(0.03) 0.92 (0.01)

3-mert  0.78(0.04)  0.95(0.01) 0.72(0.03) —0.38 (0.00) 0.93 (0.01) 0.37(0.02) 0.20(0.17)  0.97 (0.01) 0.94 (0.01)
Diversity 1 1.27(0.11) 198 (0.00) 0.92 (0.21)  1.83 (0.00)  1.97 (0.00) 1.98 (0.00) 1.86(0.09)  1.98 (0.00) 1.86 (0.04)

Table 19. Gosai HepG2 sequence-design benchmark. Pred-Activity and App-Log-Lik are reported as medians; ATAC-Acc, 3-mer Corr,
and JASPAR Corr are reported as means; all values are averaged across 3 random seeds. Baseline rows from Pretrained through SMCymot
are collected from Pani et al. (2025), originally from DRAKES (Wang et al., 2024). GPA rows are appended at the bottom.

Method Pred-Activity T ATAC-Acc T (%) 3-mer Corr T JASPAR Corr T App-Log-Lik 1
Pretrained 0.17 (0.04) 1.5(0.2) —0.061(0.034)  0.249(0.015) —261(0.6)
CG 3.30(0.00) 0.0(0.0) —0.065(0.001)  0.212(0.035) —266(0.6)
CFG 5.04 (0.06) 92.1(0.9) 0.746 (0.001)  0.864(0.011) —265(0.6)
DRAKES w/o KL 6.44(0.04) 82.5(2.8) 0.307(0.001)  0.557(0.015) —281(0.6)
DRAKES 5.61(0.07) 92.5(0.6) 0.887(0.002)  0.911(0.002) —264(0.6)
SGDD (8 = 30) 8.85(0.07) 90.9 (0.00) 0.470(0.014)  0.466(0.015) —263(1.6)
SGDD (8 = 50) 9.32(0.04) 96.4(0.01) 0.370(0.010)  0.398(0.001) —269(0.1)
SVDD (N = 8) 6.57(0.01) 67.4(0.01) 0.813(0.009)  0.753(0.011) —258(0.2)
SVDD (N = 16) 6.89(0.04) 84.3(0.01) 0.891(0.009)  0.834(0.011) —260(0.2)
SMCamot (N = 1) 5.40(0.02) 82.1(0.01) 0.653(0.001)  0.778(0.005) —259(0.1)
SMCamot (N = 8) 6.35(0.01) 95.8(0.01) 0.736(0.003)  0.845(0.005) —261(0.2)
SMCumot (N =16)  6.68(0.02) 97.6 (0.01) 0.796 (0.005)  0.886(0.002) —261(0.4)
GPA (8 = 25) 8.09(0.07) 72.1(8.2) 0.562(0.029)  0.688(0.021) —246 (2.0)
GPA (8 = 50) 8.63(0.36) 86.9(4.2) 0.527(0.051)  0.628(0.058) —249(0.6)
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