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Abstract

Protein language models have become essential tools for engineering novel func-
tional proteins. Within this domain, family-conditioned models use homologous
sequences to steer protein design and enhance zero-shot fitness prediction. To
provide an open foundation for this modelling strategy, we introduce ProFam-1, a
251M-parameter autoregressive protein family language model (pfLM) that condi-
tions on sets of homologous sequences to guide sequence scoring and generation.
ProFam-1 achieves Spearman correlations of 0.47 for substitutions, and 0.48 for
indels in ProteinGym zero-shot fitness prediction, competitive with state-of-the-art
models. For homology-guided generation, ProFam-1 generates diverse sequences
with predicted structural similarity, while preserving residue conservation and
covariance patterns. All of ProFam’s training and inference pipelines, including a
curated, large-scale training dataset ProFam-atlas, are released fully open source,
lowering the barrier to future method development.

1 Introduction

Protein language models (pLMs) distill statistical patterns from vast sequence databases to predict
protein properties [1–3], score variants [4, 5], and guide engineering [6, 7]. Dominant pre-training
strategies include masked language models (MLMs) [1–3], sequence diffusion models [7–9], and
autoregressive pLMs [10–12]. While MLM pLM likelihoods excel at ranking point mutations, they
are ill-suited for scoring the relative fitness of insertions, deletions, and distant sequence variants.
Conversely, autoregressive models offer a principled framework by decomposing the joint likelihood
into a series of conditional probabilities, providing a likelihood score that is efficiently computed
and that naturally accommodates insertions and deletions. Moreover, sampling from a learned
autoregressively decomposed probability distribution supports de novo generation without specifying
sequence length or alignment. However, unconditional autoregressive generation has limited practical
utility, as it samples from the entire protein sequence space rather than targeting specific protein
families or functions [13].
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Figure 1:The ProFam-atlas & ProFam-1 Training and Inference.The ProFam-atlas (Panel A)
consists of protein families derived from the AlphaFold-Database (AFDB), TED, or OpenFold and
individual proteins from UniRef90. ProFam-1 (Panel B) is autoregressively pre-trained on protein
families by sampling at different ratios from the data sources de�ned in the ProFam-atlas. For each
sample, unaligned protein sequences within one family are concatenated using special separator
tokens (depicted here as [X]) up to a maximum of 8192 tokens/amino acids per family. During
inference, ProFam-1 can leverage evolutionary information from homologs to either guide generation
towards proteins with related function and structure (Panel C) or score variants (Panel D). Instead
of expanding the model's input to ultra-long context, we show that both, scoring and generation,
can be improved by ensembling large families into multiple prompts (indicated by dashed lines and
gray coloring in panels C and D), each processed separately, and we average either the next-token
probabilities (generation) or the �nal scores (variant scoring).

Early strategies for steering generative models relied on explicit functional labels, such as enzyme
commission numbers [14], or �ne-tuning on speci�c protein families [15]. Recent approaches
instead condition directly on evolutionary context provided by sets of homologous sequences. This
paradigm includes MSA-based MLMs [16, 17] and generative models [8, 18, 19] as well as alignment-
free autoregressive models trained on concatenated sequences [20–22]. Unlike functional tags,
conditioning on homologs guides generation via evolutionary constraints without requiring rigid
functional priors. For scoring, the family context in the prompt provides evolutionary information
that improves �tness prediction [17, 20, 22]. For sequence generation, family conditioning directs
sampling toward a design goal via in-context exemplars, without the need for any additional model
�ne-tuning.

Here, we introduce ProFam, a suite of data, weights, and code for the training and inference of
autoregressive protein family language models (pfLMs). First, we introduce a curated, large-scale and
openly accessible training corpus calledProFam-atlas, incorporating single and multi-domain protein
sets derived from sequence-, structure- and function-level relationships. To exploit this dataset, we
introduce a 251M parameter autoregressive Transformer model,ProFam-1, trained on ProFam-atlas.
We provide open-source training and inference code together with model weights.

In terms of capabilities, ProFam-1 is comparable to other leading sequence-based models, achieving
performance competitive with state-of-the-art sequence-based methods on ProteinGym. Motivated
by use-cases in evolution-based functional protein design, we also demonstrate ProFam's sequence
generation capacities via a series ofin silico evaluations. To maximise the signal available to the
model via the evolutionary context in both settings, we experiment with sequence prompt ensembling
schemes, �nding that they improve both the diversity of the model's generations and its ability to
follow evolutionary constraints.

2 Methods

We trained ProFam-1, a 251M-parameter autoregressive transformer, on the ProFam-atlas, a dataset
of � 40 million protein families aggregated from FoldSeek AFDB clusters [23], OpenProteinSet
MSAs [24], TED functional domains [25], and UniRef90 sequences [26]. The model is trained with
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next-token-prediction on unaligned, concatenated family sequences up to a context length of 8192
tokens. For inference, we introduce an ensemble strategy that averages predictions across multiple
subsampled prompts from the same family (Appendix A.5). We evaluated model performance
through comprehensive in-silico benchmarks: capturing �rst- and higher-order sequence statistics
on Enzyme Commission (EC) families, generating structurally consistent sequences for held-out
FoldSeek clusters, and zero-shot variant �tness prediction on ProteinGym [27]. Full details on dataset
construction, model architecture, training, and evaluation are provided in Appendix A.2. Throughout
these benchmarks, we extensively compare ProFam-1 against PoET [20], an autoregressive pfLM
trained on sets of homologous sequences.

3 Results

Our evaluation shows that ProFam-1 generates sequences that successfully capture evolutionary statis-
tics of the family sequences in the prompt, even when conditioning on only a single protein sequence.
Comparing ProFam-1 synthetic MSAs with the natural family, we see respectable correlations on
position-speci�c conservation (Fig. 2a) and residue covariance (Fig. 6a, 6b). When combined
with our ensemble inference strategy, the model achieves competitive zero-shot �tness prediction
on ProteinGym (Fig. 3) and generates diverse sequences that retain the structural characteristics of
their target families (Fig. 4). We release both the trained model and the ProFam-atlas dataset to the
community.

3.1 ProFam-1 captures family statistics.

We evaluated the performance of ProFam-1 relative to PoET in capturing key family statistics
in EC families. Under single-sequence conditioning, ProFam-1's synthetic MSAs achieve higher
conservation correlation and lower KL divergence (natural! synthetic MSA) in position-speci�c
amino acid distributions (Figure 2a–b) compared to PoET. With multi-sequence conditioning, ProFam-
1 generates a notably higher proportion of sequences within an acceptable length range (95.1% vs.
PoET's 83.8%; Fig. 6c) and exhibits lower KL divergence when mean sequence identity is less than
80 (Fig. 2c). As expected, conditioning on multiple sequences generally reduces KL divergence
compared to single sequence conditioning (Fig. 2c vs. 2b). We also assessed ProFam-1's ensemble
mode (Appendix A.5). Ensemble generation yields sequences with lower average pairwise identity
(PID) to natural homologs and typically achieves lower KL divergence at comparable PID levels
(Fig. 2c). This increased diversity, however, slightly reduces the proportion of sequences within the
acceptable length range (Fig. 6c).

Moving beyond single-site statistics, we evaluated the extent to which ProFam-1 captures higher-order
dependencies as quanti�ed by the Pearson Correlation Coef�cient (PCC) of covariances derived
from natural and synthetic MSAs. For this, we used the subset of 24 deep EC families, described in
Appendix A.8, generated 1200 proteins conditioning on a single prompt per family and computed
covariances as described in A.6.3. By focusing only on positions with suf�cient support, we avoided
introducing noise from positions that are not well supported in the natural MSA. Following this
analysis, we see that both PoET and ProFam-1, learn higher-order correlations as indicated by a PCC
of 0.86 and 0.88, respectively (Fig. 6b).

3.2 Improved Zero-Shot Fitness Prediction Using Test-Time-Scaling

Having established that ProFam-1 captures lower- and higher-order sequence statistics, we bench-
marked to what extent its output probabilities capture protein �tness. Using deep-mutational scanning
(DMS) data from ProteinGym [27], we observe two �ndings. First, prompt ensembling A.5 transforms
ProFam from an average predictor (Spearman 0.42) into one that is competitive with state-of-the-art
(Spearman 0.47) (Fig. 3): aggregating likelihoods across diverse prompts steadily raises Spearman
correlation, with larger ensembles closing much of the gap to stronger zero-shot methods (Fig. 3,
panel C). Second, �tness performance is not monotonically increasing with likelihood. Across assays,
pushing the average variant log-likelihood too high often reduces Spearman; performance peaks in a
mid-log-likelihood regime (roughly -1.8 to -1.1, often near -1.3). When using few prompts/ensembles,
tuning the individual prompt(s) to target this likelihood range improves correlation; with larger
ensembles, the bene�t diminishes as ensemble diversity dominates (�g. 3C).
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Figure 2:ProFam-1 captures sequences statistics.We tested how well ProFam-1 or PoET capture
per-position conservation correlation (2a) and KL divergence of position-speci�c amino-acid distribu-
tions (natural! synthetic) under single-sequence EC prompting (2b); using the same set, we show
how multi-sequence prompting changes KL divergence (2c). Additional evaluations on sequence
length and covariance are shown in Appendix Figure 6.

Figure 3:Test-Time-Scaling Improves ProteinGym Zero-shot Performance. Panel A and B show
the average Spearman correlation between model predictions and experimental �tness scores across
217 and 65 deep mutational scanning experiments. Panel A shows substitutions (all assessed variants
must be the same sequence length as the wild-type), while panel B shows performance for insertions
and deletions. Panel C shows how ProFam's performance increases with additional prompts used for
ensembling the likelihood score. Panel D plots results for 50 randomly selected ProteinGym DMS
assays (no indels). Each assay is represented with a color-marker combination. For each assay, we
show up to 150 results from different prompts (different context sequences) with the average log
likelihood of the variants on the x-axis and the normalised Spearman correlation between the variant
likelihood and the experimentally measured �tness score on the y-axis. We normalise so that the
Spearman score has a minimum value of 0 and maximum value of 1 across all prompts. We see that
the `best' prompts are those which yield variant log-likelihood in the range -1.8 to -1.1.

3.3 ProFam Generates Diverse Sequences Retaining Family Structure

To evaluate the design capabilities of ProFam-1, we conditioned on homologs within the 128 hold-out
families (A.7), predicted the structure of the generated sequence and compared it to the AFDB
entries of natural proteins within the same family using TM score [28]. Additionally, we report for
each generated sequence the mean predicted local difference distance test (plDDT), an AlphaFold
con�dence metric [29]. When plotting these metrics against the maximum sequence identity across
family members, including those sequences that were not sampled in the prompt (Fig. 4a, 4b), we
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Figure 4:ProFam Generates Diverse Sequences for Given Family Fold.We compare sequences
generated by ProFam-1 and PoET when conditioned on sequences from 128 held-out AFDB FoldSeek
cluster families. We also show results for a random mutation baseline generated by randomly changing
amino acids in natural sequences from the family. Structural coherence of the generated sequences
was quanti�ed by comparing ColabFold predictions of generated sequences with the family structures
(taken from AFDB). 4a shows the relationship between maximum sequence identity and maximum
TM-score when comparing the generated sequence with the natural family sequences and structures;
similarly, 4b shows this relationship with pLDDT. 4c restricts the analysis to generated sequences with
less than 50% maximum sequence identity to any natural family member, we report the proportion
with TM-score greater than 0.5 (with 95% CI). Visual examples of structural overlays are provided in
Appendix Figure 5. Sampling hyperparameters for PoET and ProFam are listed in Appendix Section
A.9

�nd that ProFam-generated sequences (in both non-ensemble and ensemble mode) have similar TM
and pLDDT scores to PoET, with a non-signi�cant trend favouring ProFam when the PID is less than
70 (Fig. 4a). If we restrict our analysis to only consider generated sequences with PID less than 50
to any natural sequence in the family, we �nd that ProFam-1 sequences are more likely to have a
TM score > 0.5 (Fig. 4c). Both ProFam-1 and PoET signi�cantly outperform the random mutation
baseline where random mutations are added to natural sequences at different rates.

4 Conclusion

We introduce ProFam-1, a fully open-source autoregressive protein family language model trained
on the ProFam-atlas of 40-million protein families + single sequences. Our results demonstrate
that ProFam-1 effectively internalizes biological constraints, reproducing evolutionary statistics and
covariance structures found in natural alignments even when prompted with just a single sequence.
Through our prompt ensembling strategy, ProFam-1 achieves zero-shot �tness prediction performance
on ProteinGym that is comparable with state-of-the-art methods, showing that the model likelihood
scores are correlated with �tness constraints. We further show that prompt ensemble sampling
enables the generation of structurally valid sequences that exhibit low identity to natural homologs.
By releasing ProFam-1, the ProFam-atlas, and our full codebase, we provide a robust, transparent
foundation to accelerate community development in protein family language modelling and design.

5 Code and Data Availability

All components of the ProFam codebase, data pipelines, training procedures, inference utilities
for variant scoring and family-conditioned generation, and detailed instructions for obtaining the
ProFam-atlas dataset, are publicly available athttps://github.com/alex-hh/profam/
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