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1 Supplementary Text

1.1 Definitions
1.1.1 Data

In the definitions of metrics measuring performance of generative models, we will consistently refer to the following
three objects:

1. G — set of generated outputs from the model.
2. R — set of reference data, which usually comes from the model’s training or evaluation dataset.
3. ¢ — representation function, which usually decodes data to sequence strings or embedding vectors.

We assume that both the reference and generated sets share a common domain D D R, G.
It is worth mentioning that we consider the elements x,y € G different as long as they were generated by two
distinct calls to the generative model, even if their string representations are identical

@string(w) = @string(y) 75 r =Y.

The same holds for elements of the reference set R.

1.1.2 Representation functions

We distinguish between three categories of representation functions (:

1. String representation which for each element assigns its decoded sequence. The sequence is a list of n letters
coming from a finite alphabet .A. In the case of peptide sequences, |A| = 20 is the alphabet of canonical amino
acids. Formally

Ostring : D — U A", where A" = {(a1,as,...,a,) : a; € A}.

n=1

2. Fixed-size embeddings which employ some embedding model E : gosmng(D) — R4, usually a pretrained deep
learning model, to map the variable-length sequences to a fixed d-dimensional Euclidean space. Formally

vE:D— R?, where oE(2) = E(@string (7))

3. Sequence property in which for each function P : ¢guing(D) — Y assigning some property to a sequence, we
define
@wp - D — Y7 WhCI‘C (pP(l’) = P(gostring(x))

Assumptions on the codomain Y will be introduced separately for each metric definition.

For any representation function ¢ : D — Y and set X C D we define ¢(X) to be the image set {p(z) : x € X}.

1.1.3 Metric
A metric is a function m of generated data G, which scores its quality
m : P(D) — R, where P(D) ={G : G C D}.
Optimizing the metric is desired, and the optimal set G* is either minimizer m(G*) = infg{m(G)} or maximizer

m(G*) = supg{m(G)} of the metric.

1.2 Metrics

In this section, we define metrics to evaluate generated data G based on reference data set R and representation
function . All metrics are implemented in the seqme library. The metrics naturally split into three categories
depending on the employed function ¢ to represent the data.



1.2.1 Metrics from string representation

In this group, metrics use the representation function ¢gring which assigns a decoded sequence to each element x € D.
We denote these metrics as sequence-based metrics.

Novelty is the fraction of generated data not included in the reference set

G\ R

Noveltyr (G) = g

Uniqueness is the fraction of unique sequences in the generated data

|Spstrmg (g) | )

Uniqueness(G) = G|

Diversity measures the average pairwise dissimilarity between sequences in G

Diversity g |g‘ Z |g‘ Z leV Sﬁstrlng ‘pstrmg(y)) (3)

zEG yeg

where lev(a, b) is the Levenshtein distance between strings normalized by the maximum string length

lev(a, b)
max(len(a),len(b))

lev(a, b) =

Because the cost of computing the Diversity metric grows quadratically in the size of the generated set O(|G|?), we
approximate the inner sum by sampling a random subset of k elements from G which does not contain x

Gk (x) ~ Unif[{G’" C G\ {2} : |G'| = k}].

Therefore we get a k-approximation of Diversity

Diversityk. Q |g| Z Z leV LF’strmg, )7¢string(y))~ (4)

zeg yEGi(x)

The cost of computing Diversity,, is O(nk). Note that Diversity(G) = Diversity g|_(9).

N-gram Jaccard similarity computes the average intersection over union for N-grams of generated data G and
aggregated N-grams of reference data R

Jaccardy 2 (G ‘g| Z Ngram(@string(«)) N Ngram(@sring(R)) 5)

Ngram (Pstring () U Ngram(gpsmng(R))’

where the Ngram of a string is a set of its N-element substrings. Formally, for s = @gtring(2) we define
Ngram(s) = {s;4n : 0 < i <len(s) — N},

and for a set of strings R = @string(R) the aggregated Ngram is defined as

Ngram(R) = U Ngram(s).
SER

1.2.2 Metrics from fixed-size embeddings

In this group, metrics use representation functions ¢g that assign a fixed-size d-dimensional embedding vector to
each element x € D. We denote these metrics as embedding-based metrics. While generally less interpretable than
sequence-based and property-based metrics, embedding-based metrics offer a key advantage: they leverage pretrained
models that generalize across different sequence categories within the same domain, removing the need to train a new
model from scratch, which can be time-consuming, computationally demanding, and often require more than a single
reference dataset.



Fréchet Biological Distance (FBD) is defined identically to the Fréchet Inception Distance (FID) (Heusel et al.,
2018), but replaces the Inception network with any biologically relevant embedding model E.

Assume that the embeddings of the generated data and the embeddings of the reference data follow a multivariate
Gaussian distribution

¢E(G) ~ N(ug, Xg),
¢E(R) ~ N(ur, Er).
The FBD between the generated data embeddings and the reference data embeddings is defined as
FBDR() = llug — pmlf + Tr (Sg + Sr — 2(S65R) ') | (6)
where || - || denotes the Euclidean norm, Tr(-) denotes the trace operator, and (¥g¥r)'/? denotes the matrix square

root of the product ¥g¥x. In practice, we estimate ug, ur,Xg, 2r from the data.

Maximum Mean Discrepancy (MMD) together with a positive-definite kernel &, is used to compare the distri-
butions of reference data embeddings and generated data embeddings. Assume that ¢g(G) and ¢g(R) are sampled
from corresponding probability distributions Ag, Ar

@E(g) ~ )‘97
(pE(R) ~ )\R
Then, the MMD between the generated data embeddings and the reference data embeddings is defined as
MMDy. = (G) = Ex,x/~xg [£(X, X)] + By, y /g [6(Y,Y')] = 2Exxg,yoar [K(X, Y], (7)

where k : R4 x R* — R is a positive-definite kernel function. The usual choice of x is the Gaussian RBF kernel

k(z,y) = exp(—||z — y||3/(20?)) (Jayasumana et al., 2024) or the rational quadratic kernel x(z,y) = (1 + %)7 )
where o > 0 (Bitkowski et al., 2021).
In practice, we have access to i.i.d. samples from distributions Ag and Ar

ii.d.
{X13X27 e 7Xn} ~ Aga

{Yla }/27 ceey Ym} I}\Jd >\R7
and thus compute an unbiased estimator MMD,, z of MMD,,
n m

MMD,, = (G) = m 3D k(X X))+ ﬁ S k(YY) - % D> KX, Y). (8)
i=1 j#i i=1 j#i

i=1j=1

Improved Precision and Recall uses intra-set k-th nearest neighbor distance to calibrate the binary classification
of a point as a set member. We classify = as being included in set R if there exists y € R such that x is closer to
y than the k-th nearest neighbor of y from set R. We follow Kynk&énniemi et al. (2019) and define the Improved
Precision and Recall to measure similarity between sets ¢g(G) and ¢g(R) as

{z € G: Jyerllee(@) — ve®)ll2 < llPe(y) — NNk oy (4, R)||2}]
4 ’
_ Hy e R:Fecgllony) — vu(@)l2 < llvp(z) = NNk oy (2, G)[l2} |
IR ’
where NNy, . (z,G) is an embedding of the k-th nearest neighbor of = from the set G under the embedding function
PE-

Precisiony z (G) =

9)

Recally, = (G) (10)

Authenticity measures the fraction of generated samples that appear to be sampled from the approximated distri-
bution, rather than being memorized and recalled training examples, i.e., near-copied (Alaa et al., 2022). Intuitively,
generated samples that are closer to a training example than any other training data are considered memorized and
therefore not authentic. Formally, for € G we define it’s closest neighbor y*(z) from the reference set R as

y* () = argmin ez [[pp(z) — ¢r(Y)l?2,
and define the Authenticity metric as

_ Hzeg:llen@) —erly™ (@)l > nfyer (@ ller(y) — ¢rly™(@)ll2}}]
9 '

Authenticityz (G) (11)



Vendi Score is a reference-free diversity metric (Friedman and Dieng, 2023). It is defined as the exponen-
tial of the Shanon entropy of the trace-normalized similarity matrix’s eigenvalues. The similarity matrix is in-
duced by a positive semi-definite kernel function k. Formally, for G = {x1,z2,...,2,} and z = (21,22,...,2,) =
(pr(z1), Pr(22),. .., 0E(TN)), let S;;(G) = K(2, 2;) be the similarity matrix of set G with respect to some embedding
model E and similarity kernel k. Given the eigenvalues of the trace-normalized similarity matrix

_ B S(9) B
(50 = o (o ) = P

the Vendi Score is defined as

VENDL, (G) _exp< Z)\ log)\> (12)

where a higher score indicates more modes in the embedding space and therefore greater diversity. Note that
> xeo(a) A = Tr(A), hence the normalized eigenvalues o(A) sum up to 1 and the entropy is well defined.

The usual choice of « is the Gaussian kernel s (z,y) = exp(—||z — y||3/(202)) for some o > 0. We can approximate
the spectrum of the similarity matrix o(S(G)) using Random Fourier Features of kernel k. For a Gaussian kernel,

fix a set of random feature vectors {wy,wa,...,wm} ~ N(0,0721;x4) and define the Random Fourier Feature map
¢ :R* - R?™ ag
1 . .
o(z) =1/ - [cos({w1, 2)),sin({w1, 2)), . . ., cos({wm, 2)), sin({W, 2})] .

The resulting similarity matrix ¢(z)¢(z)" = (¢(z), ¢(z))i; € R™*" has approximately the same spectrum as the
original matrix S;;(G) = (2, z;) but conveniently shares the nonzero eigenvalues with the matrix ¢(z)” ¢(z) € R>m*2m
which is beneficial considering computational savings when 2m < n. This approximation was introduced in Ospanov
et al. (2024). Denote the normalized eigenvalues of approximated similarity matrix {A1, A2, ..., Ao} = 7(¢(2)T ¢(2))
and define the Fourier Kernel Entropy Approximation (FKEA) of the Vendi Score as

FKEA-VENDI(G) = exp ( Z A log A ) (13)

Finally, one can generalize the above measure by using the more general Rényi entropy in the exponent

ia log (i :\f‘)) . (14)

FKEA-VENDI, (G) = exp (1

Note that lima_,; FKEA-VENDI, (G) = FKEA-VENDI(G).

1.2.3 Metrics from sequence properties

In this group, metrics use representation functions pp that assign some property to each element = € D. The metrics
are computed using different aggregations of properties given by pp. We denote these metrics as property-based
metrics.

Property moment is defined for scalar properties pp : D — R and simply aggregates the property with mean and

variance )
ID,.(G) = . 15
® |Q|Z<PP |QZ<¢P |g‘ Z‘PP > (15)

z’'eg

Hit-rate is defined for binary properties ¢p : D — {0, 1} and computes the fraction of positively-labeled elements

Hz € G:pp(x)=1}
4 '

Hit-rate,. (G) = (16)

Threshold which is a special case of Hit-rate, is defined for scalar properties ¢p : D — R and computes the fraction
of generated elements whose property exceeds a given threshold

H{z € G:vp(x) >c}
9 '

Threshold,,, .(G) = (17)



Hypervolume is used in multi-objective optimization, when several and often conflicting properties are optimized
(Zitzler and Thiele, 1999). The Hypervolume Indicator (HVI) is defined for positive vector-valued properties ¢p :
D — R’j_ and measures the volume under the Pareto front of the set ¢p(G)

HVI,.(G) = VOIM (Pareto(¢p(G))) = VOlR’; (U {y e Ry : Vie(i,2,..n}¥i < SDP(x)i}> . (18)
zeG

Alternatively, one can measure the volume of the convex hull

Convex(pp(G)) = Z Agg i Ag >0, Z)\g =1

geg g€y

Conformity score can be defined for any property function ¢p : D — Y. It uses a conformity measure A which
jointly assigns the conformity scores a for each pair (z,pp(x)) given the whole set G. We only require A to be
permutation equivariant. Formally, for G = {z1,za,...,z,} and R = {y1,92, .., Ym}, let

A (i, 0p(w))i1) = (ai)izg,
A((yi,SOP(yi))ZL) (bi)?iu

denote the conformity scores of the generated set and reference set, respectively. Since A is permutation equivariant,
each x; has a unique score assigned a; = a(x;) which depends only on the value of x and not the index 4. Similarly
bi = b(yl>

The Conformity Score metric is defined as the fraction of generated-reference pairs for which the conformity score
of the generated sample is greater than the conformity score of the reference sample

CSan() = WED) €9 X R le) 2 00}, 19)

In practice, A is the log-likelihood of the joint density over a user-specified set of sequence properties, and the
Conformity Score is averaged over K-folds sampled from the reference set (Frey et al., 2024).

KL-divergence between the property distributions of the reference set and the generated set can be computed for
op : D — Y where Y is either a discrete space or a vector space R¥. Using a kernel density estimator of choice, we
approximate the distributions Ag and Ar

©p(G) ~ Ag = pg A,
ep(R) ~ Ar = prA,

which are absolutely continuous with respect to some common measure A\. Then we use the usual definition of
Kullback—Leibler divergence

KL (G) = Dir(Ag|Ar) = / pglog P9 d. (20)
Y PR

In practice, the KL-divergence is approximated using Monte-Carlo sampling.

1.3 Limitations of the metrics

Metric failure modes While embedding-based metrics generalize across multiple biological domains, they rely on
two key assumptions that, when violated, can cause metric deterioration. The first is a structural assumption about the
embedding space, e.g., FBD assumes that embedding point clouds follow a Gaussian distribution, and MMD assumes
a Gaussian kernel. The second is a sensitivity to the choice of embedding model itself. If the embedding space is
not ordered as the metric expects, results can become unreliable. More broadly, Réisd et al. (2025) demonstrate
that all current fidelity and diversity metrics fail at one or more sanity checks, exhibiting issues such as lack of
outlier robustness, mode collapse, and poor behavior in high-dimensional embedding spaces. Improved precision and
improved recall are, e.g., not robust towards outliers. Thus, designing more robust metrics remains an important
research direction.



Hyperparameter sensitivity Beyond distributional assumptions, several metrics require hyperparameters whose
optimal values are not universal. MMD requires bandwidth selection, and improved precision/recall requires specifying
k in k-NN. Strashnov et al. (2024) find that a bandwidth of 10 is a reasonable fit for MMD on protein sequences,
but observe that optimal hyperparameter values are sensitive to the embedding model and do not transfer reliably
across all settings. We therefore recommend performing an initial hyperparameter sensitivity analysis for the biological
domain of interest.

Sample size sensitivity An added complexity of applying metrics is their sensitivity to sample size. Strashnov et al.
(2024) evaluates the robustness of several metrics on protein sequences, including MMD, FBD, improved precision and
improved recall, and finds that the metrics depend on sample size. Thus, to ensure sample size biased is eliminated,
all models should evaluate the same number of sequences. Additionally, Strashnov et al. (2024) recommend to use at
least 1,024 samples as it provides stable approximations for protein sequences.

Computational cost Finally, a practical consideration when selecting metrics is computational cost. Metrics that
require structure prediction, such as pLDDT and self-consistency perplexity, are substantially more expensive than
sequence-based metrics, as they require running a folding model for every generated sequence. We therefore recommend
reserving expensive structure-based metrics for final evaluations where computational resources permit.

1.4 Diagnostics

Embedding-based metrics require an embedding model to map sequences to fixed-size vector representations. Since a
misaligned embedding model will likely produce unreliable or uninterpretable metrics, we include two diagnostics to
assess how well an embedding model’s sequence representations align with the sequence features of interest.

1.4.1 k-NN feature-alignment score

The k-nearest neighbor (k-NN) feature-alignment score (Rissom et al., 2025) evaluates an embedding model’s alignment
with labels assigned by a discrete valued function y : R — {1,2,..., K}. Let E : D — R? denote the embedding model
mapping a sequence to a fixed-size vector representation and NNy g(z) denote the set of k nearest neighbors under
embedding E. The k-NN feature-alignment score of the embedding model E is defined as

1 "€ NN cy(x') =
FAS e (5) = L 3 2 € NNep(o) i) = )} o)
|R‘ TER k

The k-NN feature-alignment score yields a value between 0 and 1. An embedding model aligning well with the sequence
feature(s) of interest has a value close to 1.

1.4.2 Spearman alignment score

The Spearman alignment score (Rissom et al., 2025) evaluates an embedding model’s alignment with sequence prop-
erties when the properties are continuous. The Spearman alignment score is defined as the Spearman correlation
between the pairwise distance between sequences in the embedding space and the feature space, respectively.

1.5 Case studies
1.5.1 Case study 1: Benchmarking antimicrobial peptide design models

In this case study, we use seqme to benchmark five existing generative models for antimicrobial peptide (AMP) design,
obtaining 10,000 generated sequences from each. The models span three generative paradigms: diffusion models,
generative adversarial networks, and conditional variational autoencoders.

AMP-Diffusion (Torres et al., 2025) is a latent diffusion model that denoises Gaussian noise into ESM2 embeddings
subsequently decoded into amino acid sequences. It employs a Markov chain-based forward process that pro-
gressively corrupts ESM2 peptide embeddings with Gaussian noise, and trains a neural network to reverse this
process, reconstructing clean embeddings from noised inputs. The frozen ESM2 language model head then de-
codes the recovered embeddings into amino acid sequences, enriching the diffusion process with prior evolutionary
knowledge encoded in the pretrained protein language model.



MMCD (Wang et al., 2024) is a multi-modal diffusion model that co-generates sequences alongside backbone coordi-
nates. It constructs separate sequence-modal and structure-modal diffusion models and couples them through a
contrastive learning objective applied at each timestep, where an inter-contrastive term maximises the agreement
between sequence and structure embeddings of the same peptide, and an intra-contrastive term maximises the
disagreement between embeddings of therapeutic and non-therapeutic peptides.

AMP-GAN v2 (Van Oort et al., 2021) is a bidirectional conditional generative adversarial network in which the
generator maps samples from a latent Gaussian distribution to AMP sequences, the discriminator distinguishes
real from generated sequences conditioned on binary metadata vectors encoding properties such as microbial
target and mechanism of action, and a third encoder network maps real sequences back into the generator’s
latent space to enable iterative latent space manipulation.

PepCVAE (Das et al., 2018) is a conditional variational autoencoder that adopts a semi-supervised training strategy,
in which a GRU-based encoder—decoder learns a continuous latent space from a large corpus of unlabeled peptides,
while a jointly trained LSTM-based AMP classifier enforces a disentangled antimicrobial attribute space, allowing
controllable generation by conditioning the decoder on the desired activity label.

HydrAMP (Szymczak et al., 2023) is a conditional variational autoencoder that augments the standard ¢VAE ob-
jective with a Jacobian disentanglement regularizer and latent reconstruction loss, and introduces two auxiliary
classifiers predicting antimicrobial activity and minimum inhibitory concentration whose gradients guide the
decoder to separate the antimicrobial condition from the sequence latent vector. A temperature parameter fur-
ther controls the trade-off between generation diversity and proximity to a prototype sequence, supporting both
unconstrained and analogue generation modes.

In addition to the models, we have acquired sequences from two databases. DBAASP (Pirtskhalava et al., 2020)
is a curated database of experimental validated antimicrobial peptides. UniProt (Consortium, 2024) is a large-scale
general protein and peptide database that captures the diversity of naturally occurring sequences. Both reference
datasets were filtered to sequences of 8-50 amino acids consistent with typical AMP length, yielding 13,926 sequences
from DBAASP and 2,933,310 sequences from UniProt. Lastly, we randomly sample 10,000 sequences from each of the
databases.

Metric selection. We now provide a discussion of the metric selection strategy. We first note that both sequence-
based and embedding-based metrics provide general quality insights that are always useful to compute to evaluate the
design based on different aspects. However, the actual choice of the cut-off thresholds for the metrics, the choice of
the embedding model for the embedding-based metrics and finally, the choice of the property-based metrics depend
on the user-defined task and are left for the user to define. To guide the user choices, here, we first discuss the
general phenomenon of realism-idealism tradeoff in sequence design, which is important to be aware of. Next, for
the embedding-based metrics, we illustrate the analysis assessing the suitability of candidate embedding models,
then examine metric correlation and redundancy. Finally, both for embedding-based and property-based metrics, we
determine their correlation with biologically meaningful properties.

The realism-idealism tradeoff. A central challenge in evaluating de novo sequence generation is the tension between
realism and idealism: sequences optimized purely for a single surrogate property, such as predicted potency against
bacteria, risk reward hacking, whereby high scores on that surrogate are achieved at the expense of broader viability—
for example by producing sequences that cannot fold correctly and would therefore be non-functional in practice. In
this benchmark, we therefore want to include metrics which cover both realism and idealism. To be concrete, we
are interested in scoring the generative models based on whether they generate plausible, well-formed peptides with
antimicrobial properties. Additionally, we want to reward sequence diversity, as models outputs should span a broad
region of sequence space rather than collapsing to a narrow set of near-duplicate solutions. Based on this design
preference, we now analyze the embedding models and metrics best aligning with these goals.

Choice of embedding model. For this benchmark, a well-aligned embedding model should be able to distinguish
between AMPs and non-AMPs. We treat DBAASP sequences as AMPs and UniProt sequences as non-AMPs, and
evaluate the embedding models by computing the k-NN feature-alignment score across several neighborhood sizes,
which uncovers the separation at a local and global resolution. Furthermore, we visualize the embeddings projected
onto the first two principle components. We compare ESM2 (150M parameter checkpoint), Hyformer (35M parameter
peptide checkpoint) and embeddings derived from physico-chemical properties, namely by computing the charge, hy-
drophobicity and mass for each sequence. As shown in Fig. S1, Hyformer provides the best separation both locally and
globally between AMPs and non-AMPs. ESM2 provides a strong local separation but poor global separation. Lastly,
the embeddings based on physico-chemical properties performs poorly at local separation but does not deteriorate



further at global separation. The PCA projections in Fig. S2 corroborate these findings on global separation. Based
on these findings, we choose to use Hyformer embeddings for the remainder of the analysis and benchmark.

Feature alignment score

1.0
° —— Hyformer
é \\"‘\\—\\\1\\1’11‘ —— ESM2 (150M)
V0.7 A | —— Physico-chemical
0.6 1
0.5 T

0 500 1000 1500 2000
Number of neighbors

Figure S1: Feature-alignment score using k-NN (k = 1-2048) across embedding models, measuring separation of
DBAASP and UniProt sequences. Score = fraction of correctly assigned sequences based on majority vote of nearest
neighbors. Higher values indicate better separation between the groups.

Hyformer ESM2 (150M) Physico-chemical

o DBAASP
e UniProt

PC2

PC1 PC1 PC1

Figure S2: PC embeddings for different embedding models. Each point represents the embedding of a sequence, with
colors indicating the corresponding data source.

Embedding metric correlation and redundancy. To examine metric correlation and redundancy, we plot a cross-
correlation matrix between metrics using 5,000 sequences from each of the data sources: DBAASP, UniProt, the 5
generative models, and also DBAASP and UniProt where the order of amino acids has been randomly permuted for
each sequence. We compare the correlation between the following metrics: Diversity, FKEA, Precision (DBAASP)
using 12-nearest neighbors, Recall (UniProt) using 12-nearest neighbors, MMD (UniProt), MMD (DBAASP), FBD
(UniProt), and FBD (DBAASP). The reference sequences in UniProt and DBAASP do not overlap with the sequences
used for evaluation. Additionally, we compute the Spearman correlation.

According to Fig. S3, the MMD and FBD are significantly correlated (p-value < 0.001) when using the same
reference dataset (UniProt or DBAASP) and embedding model (Hyformer). Additionally, Recall (UniProt) and MMD
(UniProt), Recall (UniProt) and FBD (UniProt), FKEA and MMD (DBAASP), and FKEA and FBD (DBAASP) are
also statistically significantly correlated (p-value < 0.05). None of the remaining metrics are statistically significantly
correlated (p-value < 0.05).
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Figure S3: Cross-correlation matrix for different metrics in the AMP benchmark. Each point corresponds to sequences
from a data source.

Correlation with meaningful biological features. We finish this analysis by verifying that MMD and FBD correlate
with biological meaningful features. We follow a setup similar to Preuer et al. (2018), which analyzes the Frechet
ChemNet Distance for small molecules. We use Hyformer (35M peptide checkpoint) as embedding model. We use
three reference datasets; DBAASP, the AMP dataset from Veltri et al. (2018), and the non-AMP dataset from Veltri
et al. (2018). The two latter datasets are also referred to as the Veltri dataset. We use sequences from DBAASP
as reference sequences, and compute the scores on the AMP and non-AMP dataset from Veltri et al. (2018). This
yields a fair comparison as the sequences from Veltri et al. (2018) constituted a separate dataset from DBAASP.
We sample 1,700 from each of the datasets for the evaluation. We compare the MMD and FBD with AMPIify
and amPEPpy predictions, KL-divergence based on charge and KL-divergence using hydrophobocity. For the AMP
classifiers, AMPIlify and amPEPpy, we label a sequence as AMP if the output prediction is above 0.75 otherwise as a
non-AMP.
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Figure S4: Cross-correlation matrix for different metrics in the AMP benchmark. Each point corresponds to sequences
from a single model.

Fig. S4 shows that a low FBD or MMD yields a high probability of the sequences being AMP and the sequences has
similar physico-chemical properties as the reference sequences, namely the AMPs from DBAASP. Thus, MMD and
FBD can capture meaningful biological features, when using an appropriate embedding model and reference dataset.

Benchmark. Based on the preceding analysis, we evaluate all 5 models using the following metrics: Diversity,
FKEA, FBD (DBAASP), FBD (UniProt), and the median minimum inhibitory concentration (MIC) predicted by
AMPredictor. Diversity is computed via a k-nearest-neighbour approximation with k& = 200. The embedding-based
metrics FKEA and FBD are derived from representations produced by the 35M-parameter Hyformer model (Izdebski
et al., 2025), while AMPredictor (Dong et al., 2025) estimates the MIC of each sequence against a reference bacterial
strain.

For each model, the 10,000 generated sequences are partitioned into five non-overlapping splits of 2,000 sequences;
per-metric means and standard deviations are then aggregated across splits using seqme’s Fold utility—a standard
approach for quantifying evaluation uncertainty in generative models (Rodriguez et al., 2025; Kmicikiewicz et al.,
2025; Tang et al., 2025). AMPredictor-based MIC estimates are computed on the full set of 10,000 sequences without
splitting, which, where applicable, enables pairwise statistical comparisons between models.

Finally, we perform non-dominated (Pareto) ranking computed using seqme jointly over FBD (DBAASP) and
AMPredictor-predicted MIC values; ranks are assigned iteratively by identifying the non-dominated set, removing it,
and repeating until all methods have been ranked.

Method Diversity (1) FKEA (1) FBD (DBAASP) (/) FBD (UniProt) () AMPredictor () Rank ()

AMP-Diffusion 0.82 £0.01 1259 + 17 110+ 5 251+9 124 1
MMCD 0.81 +0.01 1344 +1 HE2 410£6 27.8 2
AMP-GAN 0.81 +0.01 1344 +1 70+3 47T £ 7 14.6 1
HydrAMP 0.86 £0.01 1344+ 1 129+ 3 595 £2 11.8 1
PepCVAE 0.87+0.01 1344 +1 119+ 2 674 £2 22.5 2

Table S1: Mean and std. across 5 runs, each run with 2000 sequences, except for AMPredictor where all 10,000
sequences are evaluated in a single run. Best values are shown in bold, and second best values are underlined. Table
is generated using seqme.
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Figure S5: Benchmark results visualized using seqme’s parallel coordinates plot function. Each metric is a coordinate
and lines represent individual model performance. Arrows indicate whether a metric ought to be maximized or
minimized.

Table S1 and Fig. S5 summarize the benchmark results. The VAE-based models, HydrAMP and PepCVAE, generate
the most diverse sequences, yet exhibit poor distributional fidelity as measured by FBD against both UniProt and
DBAASP. With the exception of AMP-Diffusion, all models achieve identical embedding-level diversity as measured
by FKEA. AMP-GAN, by contrast, achieves the best FBD against DBAASP and attains Pareto rank 1 jointly with
HydrAMP and AMP-diffusion. To test whether the difference in median predicted MIC between the two models
yielding the lowest MIC, namely HydrAMP and AMP-Diffusion, is statistically significant, we perform a Mann-
Whitney U test. We find that HydrAMP generates sequences with significantly lower predicted MIC than AMP-
Diffusion (p-value < 0.001).

Taken together, no single model dominates across all metrics, underscoring the value of a comprehensive multi-
metric evaluation. Nevertheless, HydrAMP presents the most favorable balance of predicted potency and diversity,
making it the recommended choice when antimicrobial activity is the primary design objective, while AMP-GAN is
preferable when distributional alignment with experimentally validated AMPs is prioritized.

1.5.2 Case study 2: Acquiring high-quality mRNA data

The second case study illustrates how seqme can be applied to monitor the process of selecting a high quality subset
of mRNA sequences from a larger pool. This case is motivated by a typical scesnario, where a small subset of
computationally designed sequences needs to be selected for wet-lab validation given a fixed experimental budget.

To select the bag of sequences, we run a genetic algorithm (see Algorithm 1). Starting from an initial pool of mRNA
sequences, the genetic algorithm iteratively evaluates and ranks bags of sequences using metrics from seqme. A bag’s
fitness is defined as the sequences’ diversity in the embedding space measured with FKEA and average stability. We
use RNA-FM (Chen et al., 2022) as the embedding model for FKEA, and the minimum free energy of the predicted
secondary structure as a measure of sequence instability (Zhang et al., 2023), computed using RNAfold from the
ViennaRNA package (Lorenz et al., 2011). This fitness function encourages the selection of bags that are both diverse
and structurally stable. The output of the genetic algorithm is the set of non-dominated bags, and it is the user’s task
to select the final bag of sequences from these non-dominated bags. The genetic algorithm is presented in Algorithm 1.
The lines highlighted in green indicate the use of functionality provided by seqme.
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Algorithm 1: GABS: Genetic Algorithm for Bag Selection
Input: Sequence pool, M metrics, bag size J, history size K, number of iterations N.
Output: Non-dominated bags of biological sequences.
1 Sample without replacement a bag with J sequences from the pool.
2 fori=1to N do
3 Evaluate the bag using the M metrics.
4 Extract the non-dominated set of bags from the previous K iterations.
5 Randomly sample a bag from the non-dominated set.
6 Form the next bag by sampling (1 — F') x J sequences from the bag and F' x J sequences from the pool.

7 Extract the non-dominated bags.
8 return Non-dominated bags of sequences.

We run Algorithm 1 with the following parameters: number of iterations N = 50,000, bag size J = 1,000, history size
K = 500, and the pool fraction F' defined by a bounded decay function F' = f(i), where f(t) = N1+ (No—Ni) exp(—rt)
with initial value Ny = 0.05, final value N; = 1/J = 0.001, and decay rate r = 0.0005. The sequence pool contains
12,000 randomly sampled mRNA sequences from the data used in Xiong et al. (2025), which was used for pre-training
their mRNA model. The total run-time is 4 hours. Results of running the algorithm is depicted in Figure S6.
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Figure S6: Left: Fitness of the bags. Each point is a bag. The bag in the red box is the bag in the right figure.
Right: Minimum free energy distribution of the bag with lowest average minimum free energy and the pool. The
average minimum free energy for each group is visualized with a vertical dashed line.

According to Figure S6, left, bag fitness improves over the iterations of running the genetic algorithm and produces
a non-dominated set with a trade-off between average minimum free energy and diversity as measured by FKFA. By
sampling the bag with lowest average minimum free energy, we observe that its minimum free-energy distribution is
left-shifted relative to that of the full pool (Figure S6, right). Hence, the mRNA sequences selected by the algorithm
are on average more stable than those in the pool. To summarize, we demonstrate the capabilities of seqme for iterative
sequence selection for multi-objective optimization through its utilties. Importantly, this approach is not limited to
mRNA and transfers readily to other biological sequence types and fitness functions, underscoring the generality of
seqme for this kind of task.

1.6 Comparison to existing frameworks

While existing benchmarks for biological sequence design exist for specific applications, a general framework to easily
create new benchmarks is lagging. Existing tools are purpose-built for a fixed set of tasks and metrics, leaving
researchers without a reusable backbone when moving to new sequence types or design objectives. seqme addresses
this gap by providing a modular, extensible toolbox that combines common evaluation metrics, embedding models for
all major biological domains, and a flexible interface for adding new metrics and models — enabling new benchmarks
to be readily constructed on top of it.

For small molecules, GuacaMol (Brown et al., 2019) and MOSES (Polykovskiy et al., 2020) are established
benchmarking platforms for de novo molecular generation, evaluating models on metrics such as validity, novelty,
uniqueness, and Fréchet ChemNet Distance. For proteins, PDBench (Castorina et al., 2023) evaluates fixed-backbone
sequence design methods beyond simple sequence recovery by validating designs secondary structure. While these
frameworks have driven progress within their respective domains, they are purpose-built tools rather than a convenient

13



evaluation toolbox: Fach is restricted to a single molecular class, hardcodes a fixed metric set, and provides no
mechanism to extend evaluation to new sequence types or incorporate new scoring models. Consequently, when
a researcher moves to a new domain or design task, the work of assembling a benchmark must begin from scratch.
Notably, this is precisely the situation for mRNA and regulatory DNA design, where no shared benchmark framework
exists and recent generative methods each resort to bespoke evaluation protocols using metrics such as codon adaptation
index, minimum free energy, and oracle-based activity scores (Zhang et al., 2023; Gong et al., 2023).

seqgme is designed from the ground up as a reusable backbone for benchmark construction. Rather than providing
a single fixed benchmark, it supplies the building blocks—sequence-based, embedding-based, and property-based
metrics, together with domain-specific embedding models for small molecules, DNA, RNA, peptides, and proteins—
from which benchmarks for new tasks and modalities can be assembled with minimal effort. This distinguishes seqme
from GuacaMol, MOSES, and PDBench, which offer a benchmark but not a framework, and directly addresses the
absence of any benchmarking infrastructure for emerging design domains such as mRNA and regulatory DNA.
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1.7 Dependencies and licence

seqgme has the following dependencies: moocore (LGPL-2.1), modlAMP (BSD 3-Clause) (Miiller et al., 2017), scikit-
learn (BSD 3-Clause) (Pedregosa et al., 2011), UMAP-learn (BSD 3-Clause) (McInnes et al., 2018), Transformers
(Apache-2.0) (Wolf et al., 2020), scipy (BSD 3-Clause) (Virtanen et al., 2020), PyTorch2 (custom) (Ansel et al., 2024),
polyleven (MIT), matplotlib (custom) (Hunter, 2007), numpy (custom) (Harris et al., 2020), pandas (BSD 3-Clause)
(The pandas development team), tqdm (MIT).

All dependencies are compatible with seqme’s BSD 3-clause license. To satisfy a BSD 3-clause license, models with
incompatible licenses are not directly included in segme but are accessible through third-party repositories and act as
optional plugins. Likewise, models with dependency conflicts are not directly included in seqme but made compatible
with seqme’s third-party interface, which supports separate virtual Python environments.
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2 Supplementary Tables

Table S2: Supported metrics by sequence type

Metrics Protein Peptide RNA DNA Small Molecule

Diversity

Uniqueness

Novelty

N-Gram Jaccard Similarity

AN

Fréchet Biological Distance
Maximum Mean Discrepancy
Improved Precision
Improved Recall
Authenticity

FKEA

Property Moment
Hit-rate
Hypervolume
Conformity score
KL-divergence

NN N N N N NN AN NN
NN N N N N YA NN
AR NN N N N N NN AN NN
AN NI SN NES

SUNNN NN X NAX
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Table S3: Models currently included in seqme. * = models included in third-party repositories and ported to adhere
to seqme’s interface. For an up-to-date list, check https://seqme.readthedocs.io/en/stable/api/models_index.
html.

Model Description
ESM-2 (Lin et al., 2022) Masked language model with protein and peptide checkpoints.
g" RNA-FM (Chen et al., 2022) RNA language model trained on mRNA and ncRNA sequences.
T GENA-LM (Fishman et al., 2025) A family of language models for long DNA sequences trained on human DNA
T sequence.
"g Hyformer (Izdebski et al., 2025)*  Hybrid language model with small molecule, peptide and antimicrobial peptide
= checkpoint.
k-mer frequency Frequency of pre-specified k-mers of a sequence.
Physico-chemical properties 10 physico-chemical properties of peptides/proteins and 4 descriptors for small
molecules.
AMPredictor (Dong et al., 2025)* A regresssion model predicting minimum inhibitory concentration (MIC) against
bacteria.
AMPIlify (Li et al., 2022)* Ensemble model predicting the probability a sequence has antimicrobial proper-
ties.
amPEPpy (Lawrence et al., 2020)* Random forest model predicting the probability a sequence has antimicrobial
properties.
«E’ ESM-2 (Lin et al., 2022) Masked language model for proteins (and proteins) computing a sequences pseudo-
a perplexity.
© ESMFold (Lin et al., 2022)* Protein language model predicting proteins atom-wise coordinates, i.e., 3D struc-
= ture, predicted local distance difference test (pLDDT), predicted alignment error

(pAE) and predicted Template Modeling score (pTM).

ESM-IF1(Hsu et al., 2022)* A protein inverse folding model that enables computation of self-consistency per-
plexity (scPerplexity) and sequence recovery when combined with a protein folding
model, e.g., ESMFold.

GENA-LM (Fishman et al., 2025) Family of DNA language models finetuned to predict splice sites and promoter
regions.

Hyformer (Izdebski et al., 2025)*  Hybrid language model predicting sequence perplexity and probability a sequence
has antimicrobial properties.
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