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Abstract

Generative models of protein sequence families are an important tool in the repertoire of

protein scientists and engineers alike. However, state-of-the-art generative approaches

face inference, accuracy, and overfitting- related obstacles when modeling moderately

sized to large proteins and/or protein families with low sequence coverage. Here, we pres-

ent a simple to learn, tunable, and accurate generative model, GENERALIST: GENERAtive

nonLInear tenSor-factorizaTion for protein sequences. GENERALIST accurately captures

several high order summary statistics of amino acid covariation. GENERALIST also predicts

conservative local optimal sequences which are likely to fold in stable 3D structure. Impor-

tantly, unlike current methods, the density of sequences in GENERALIST-modeled

sequence ensembles closely resembles the corresponding natural ensembles. Finally,

GENERALIST embeds protein sequences in an informative latent space. GENERALIST will

be an important tool to study protein sequence variability.

Author summary

Protein sequence families show tremendous sequence variation. Yet, it is thought that a

large portion of the functional sequence space remains unexplored. Generative models are

machine learning methods that allow us to learn what makes proteins functional using

sequences of naturally occurring proteins. Here, we present a new type of generative

model GENERALIST: GENERAtive nonLInear tenSor-factorizaTion for protein sequences

that is accurate, easy to implement, and works with very small datasets. We believe that

GENERALIST will be an important tool in the repertoire of protein scientists and engi-

neers alike.

Introduction

Advances in omics technologies allow us to investigate sequences of evolutionarily related pro-

teins from several different organisms. Surprisingly, even when the function and structure are

conserved, sequences within protein families can vary substantially [1]. This variability is
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governed by a combination of factors, including protein stability [2], interaction partners [3],

and function [4]. Therefore, it is not feasible to rationalize observed variation in protein

sequences using bottom-up mechanistic models.

To understand the forces that constrain protein sequence variability and to identify new

protein sequences that perform desired functions, we need methods to probabilistically sample

sequences that are likely to result in functional proteins [5]. Generative models of protein fam-

ilies that use multiple sequence alignments (MSAs) are one such approach. These models

attempt to learn patterns of covariation between amino acids across different positions and

model a distribution over the sequence space that captures aspects of the observed covariation.

The Potts model is one of the most popular generative models of protein families [6–8]. Potts

model is a maximum entropy model constrained to reproduce positional amino acid frequen-

cies and position-position pair correlations. Even though only 1- and 2-site frequencies are

constrained, the model can reproduce higher order covariation statistics. The model is easy to

interpret, as it assigns an energy to sequences. In addition to modeling covariance between

amino acid positions, Potts models have also been used to rationalize effects of mutations on

fitness [9–12], and to predict physical contacts between residues [5].

Despite their tremendous success, there are some issues with the Potts model. For example,

the associated numerical inference using gradient descent [13] is computationally intensive as

it requires Markov Chain Monte Carlo (MCMC) simulations, potentially limiting their appli-

cation to small proteins and protein domains (L~100 residues), unless approximate inference

methods are employed [11,14,15]. Moreover, there is no realistic way to tune the model

beyond one- and two- position moments, for example, by incorporating multi-position corre-

lations. Also, as we will show below, the Potts model does not reproduce statistics related to

the probability density of sequence distances and result in highly unnatural optimal sequences.

Field theoretic approaches [16] can systematically generalize the Potts model by incorporat-

ing higher order interaction terms. However, these models can only be trained on very small

sequences. We note that a recent generalization that combines elements of autoregressive

modeling and the Potts model; the autoregressive DCA model (ArDCA) [17], addresses the

inference difficulties associated with the Potts model while generating novel sequences that

accurately reproduce natural sequence statistics. Finally, the Potts models do not obtain a

reduced dimensional representation of data points, for example, akin to a latent space embed-

ding that may be used to identify similarity/differences between sequences.

Deep generative models (reviewed in [18]) are a alternative to Potts models that can poten-

tially incorporate very high order interactions. However, these models require large amounts

of training data and lack interpretability. Moreover, while sequencing advances have led to

large MSAs, especially for bacterial protein families, many human proteins only exist in mam-

mals and other higher order organisms where the MSA sizes are currently limited by the num-

ber of sequenced genomes and ultimately by the total number of mammalian species [19].

Neural network architectures are notorious for being over parametrized, including several

hyperparameters for training the networks. In addition, as we show below, variational autoen-

coders [20], a specific type of neural network architecture, perform worse as compared to

other tested models in reproducing the correlations in the data, as well as the Hamming dis-

tance distributions for the tested protein families. Finally, deep generative models may not

necessarily improve in accuracy with the increasing complexity of the architecture.

As an alternative to these approaches, we present here GENERALIST: GENERAtive non-
LInear tenSor-factorizaTion-based model for protein sequences and other categorical data.

GENERALIST is an easily implementable, interpretable, and accurate description of protein

sequences. In GENERALIST, we obtain a latent space representation for each sequence in the

natural multiple sequence alignment. Using these latent variables as temperature-like
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quantities, we describe the probabilities of natural sequences using the Gibbs Boltzmann distri-

bution [21,22]. The energies of the Gibbs-Boltzmann distribution are shared across all

sequences. The modeler only specifies complexity of the model, i.e. the dimension of the latent

space. Both the energies and the latent variables are inferred directly from the data. The latent

space dimension is tuned to achieve a user-desired tradeoff between the novelty of generated

sequences and the accuracy of the ensemble in reproducing properties of the natural MSAs.

We use GENERALIST to model sequence variability in proteins that span multiple king-

doms of life, alignment sizes, and sequence lengths. We compare the performance of GENER-

ALIST with three other generative models, the Potts model (referred to as adabmDCA [13]),

the autoregressive DCA model (referred to as ArDCA [17]), and a variational autoencoder-

based model (referred to as VAE [20]). We show that compared to these other models, GENER-

ALIST captures higher order statistics of amino acid covariation across sequences. GENERAL-

IST also predicts conservative local optima that are likely to fold in stable three-dimensional

structures. Importantly, the ensemble of sequences generated using GENERALIST most accu-

rately captures the probability density of several inter-sequence distances observed in the natu-

ral ensemble. Finally, the latent space representation of sequences naturally identifies sequence

subsets with differing higher order covariance statistics. We believe that GENERALIST will be

an important tool to model protein sequences and other categorical data.

Methods

The Mathematical formalism of GENERALIST

In GENERALIST (Fig 1), we take inspiration from restricted Boltzmann machines (RBM) [23]

(reviewed in Mehta et al. [24]) wherein observable “spins” are coupled to hidden variables

with their own distribution. We start with a one-hot encoded representation of a multiple

sequence alignment of N sequences of length L; σanl = 1 if the amino acid at position l in the

protein sequence indexed n has the identity a.

panl ¼
1

Onl
exp �

XK

k¼1

znkyakl

 !

: ð1Þ

In Eq (1), we write the probability of observing amino acid a in position l given a sequence

specific latent vector zn, p(σal|zn) as πanl. znk are sequence-specific inverse temperature-like

quantities (latent space embeddings), θakl are position and amino acid dependent variables,

and Onl ¼
P

aexpð�
PK

k¼1
znkyaklÞ is the partition function that normalizes the probabilities.

Onl can be explicitly calculated as a sum over the possible categories in a single position (20

amino acids + gap) without requiring MCMC simulations, which is a salient feature of GEN-

ERALIST. We note that in GENERALIST, each sequence in the training data gets assigned a

latent space embedding. And that the probabilities of individual amino acids in different posi-

tions are dependent on this latent space location. This way, GENERALIST automatically

incorporates genetic background in evaluating probabilities of mutations. At the same time,

when the latent variables are fixed, the probabilities at different positions are independent of

each other (while dependent on the latent space location). This means that given a fixed loca-

tion in the latent space, GENERALIST-based probabilities do not have epistasis.

To train the model, we write the total log-likelihood of the data:

L ¼
X

n;l;a

sanllogpanl ¼ �
X

n;l;a;k

sanlznkyakl �
X

n;l

logOnl: ð2Þ
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The gradients of the log-likelihood with respect to position- and amino-acid dependent

parameters θakl and znk are analytical (Section 1 in S1 Text). To infer the parameters as maxi-

mizers of the log-likelihood, we initialize them using uniformly distributed positive and nega-

tive values. We then simultaneously infer z0s and θ0s using maximum likelihood inference

(Section 1 in S1Text ). To generate de novo sequences, we randomly sample the learned latent

variables, z, with replacement. The sampled z0s, along with the energy parameters θ are used to

define the probabilities in Eq (1), which are then used to generate sequences.

Below, we present our results for two proteins: Bovine Pancreatic Trypsin Inhibitor or

BPTI, a small protein domain comprising 51 residues with a large MSA of 16569 sequences

and epidermal growth factor receptor or EGFR, a large protein comprising 1091 residues with

a small MSA of 1010 sequences. In S1 Text, we show our analyses for dihydrofolate reductase

or DHFR (158 residues, 7164 sequences in the MSA), p53 (341 residues, 785 sequences in the

MSA), and mammalian target of rapamycin or mTor (2549 residues, 520 sequences in the

MSA). Details of model training can be found in Section 1 in S1 Text.

Optimizing the latent space dimension in GENERALIST

GENERALIST is a latent space model. Increasing latent space dimension typically improves

the ability of the generated ensemble to accurately capture summary statistics of the data (for

example, amino acid frequencies and covariation). At the same time, a high dimensional latent

space can result in a generated ensemble that is nearly identical to the natural one; trivially

reproducing all statistics but failing to generate new sequences. Indeed, a common challenge

with latent space models such as GENERALIST is selecting an appropriate complexity to avoid

overfitting.

Fig 1. Schematic of the GENERALIST approach. Sequences are modeled as arising from sequence-specific Gibbs-Boltzmann distributions over categorical

variables. The inferred probabilities are used to generate new sequences.

https://doi.org/10.1371/journal.pcbi.1011655.g001
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In order to tune the latent dimension to accurately represent the data while avoiding overfit-

ting, we compute the fractional Hamming distance from each generated sequence to all the nat-

ural sequences, this allows us to define the closest natural neighbor to a given generated

sequence with the corresponding fractional Hamming distance Hmin. Hmin for all the generated

sequences defines the distribution of the minimum fractional Hamming distances between gen-

erated sequences and MSA. Similarly, we calculate the fractional Hamming distance between all

natural sequences and their closest natural neighbor, which provides a distribution Hmin within

MSA. The optimum latent dimension is then determined by matching the means these two dis-

tributions; we would like the generated ensemble to be on average as distant from its closest nat-

ural neighbors as the natural sequences are from their closest neighbor. Therefore, we define a

difference Δ2 = (hHminigenerated− hHmininatural)
2. In Fig 2 (S1 Fig), we show this value reaches a

minimum. When the latent dimension is smaller than the optimal one, the model is underfitted,

with the hHminigenerated greater than hHmininatural. For a latent dimension greater than the opti-

mum, the model is overfitted and hHminigenerated gets smaller than hHmininatural.

Since the log-likelihood is a non-convex function with several indeterminacies [21,22], dif-

ferent parameter initializations may result in different inferred parameters. To obtain robust

performance, we train GENERALIST 10 times starting from arbitrary initializations (Section 1

in S1 Text). Notably, the performance of the model as measured by reproduction of sequence

statistics is robust across multiple runs (S2 Fig). The optimum latent dimension K is then

determined as the one that minimizes Δ2 averaged across 10 runs. We find the optimum latent

dimension for BPTI is K = 42, and for EGFR K = 19 using the average from the different runs.

After deciding the latent dimension based on average of Δ2, we use the trained model with the

smallest Δ2 for further analysis. We use the same metric to optimize for VAE and ArDCA

hyperparameters (Section 4 in S1 Text and S3 and S4 Figs).

Results

GENERALIST reproduces high order summary statistics of natural sequences

A key metric to evaluate the accuracy of generative models is their ability to reproduce sum-

mary statistics of sequences (Section 3 in S1 Text). In Fig 3A and 3B, we show for BPTI and

Fig 2. Optimization for the latent dimension for BPTI (left panel) and EGFR (right panel). The optimized value Δ2 = (hHminigenerated− hHmininatural)
2 (y-

axis) is plotted against the latent dimension K (x-axis). For each sequence in an ensemble (natural or generated) Hmin is calculated by obtaining the minimum

fractional Hamming distance to the natural sequences. Each box plot represents 10 runs, each run with a different random initialization, for each latent

dimension. The optimum latent dimension is determined as the one that minimizes the average value of Δ2 across the 10 runs. Optimal dimension for BPTI is

42, and for EGFR is 19.

https://doi.org/10.1371/journal.pcbi.1011655.g002
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Fig 3. Panels A and B. Comparison of amino acid frequencies and cumulants up to order 4 calculated from

GENERALIST-generated in silico ensembles (y-axis) and the natural sequences (x-axis) for BPTI (panel A) and EGFR

(panel B). Panels C and D. 1 –Pearson correlation coefficient versus 1 –slope of the best fit line for the comparison

between amino acid frequencies, and cumulants up to order 4 for GENERALIST, ArDCA, adabmDCA, and VAEs

shown for BPTI (panel C) and EGFR (panel D). Panels E and F. The average Pearson correlation coefficient between

frequencies of top 20 amino acid combinations of order n (x-axis) averaged across different combinations (y-axis) for

GENERALIST, ArDCA, adabmDCA, and VAEs shown for BPTI (panel E) and EGFR (panel F).

https://doi.org/10.1371/journal.pcbi.1011655.g003
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EGFR that GENERALIST accurately reproduces amino acid frequencies and cumulants (cen-

tral moments) up to order 4. Notably, as seen in Fig 3C and 3D (S7 Fig), while adabmDCA,

ArDCA, and VAE-based predictions of positional frequency statistics correlate strongly with

those observed in the natural sequences (Section 3 in S1 Text); these methods typically under-

predict these statistics (quantified by the slope of the best fit line). To keep all models on an

equal footing, we turned off phylogenetic corrections in adabmDCA and ArDCA. That is, we

set the phylogenetic weights of all sequences to one.

Next, we investigated the ability of the generated ensembles to reproduce higher order sum-

mary statistics. Most amino acid combinations of order higher than 4 are rarely found in natural

MSAs. We therefore used a recently introduced metric r20 that measures the average Pearson

correlation between the occurrence frequency of the top 20 amino acid combinations of any

given order [25]. By computing the frequency of only the most frequent amino acid combina-

tions, the r20 metric is robust to sampling noise [25]. In Fig 3E and 3F (S8 Fig), we show that

GENERALIST accurately captures co-occurrence frequencies of the most frequent amino acid

combinations up to order 10. The ability of GENERALIST to capture these higher order statis-

tics did not depend on restricting our attention to the top 20 amino acid combinations (S9 Fig).

In comparison, adabmDCA, ArDCA, and VAEs led to less accurate predictions about higher

order correlations when the MSAs were large (BPTI in the main text and DHFR in the SI).

Importantly, the ensembles generated using VAEs did not exhibit a systematic trend toward

more accurate predictions when the latent space dimension was increased unlike GENERAL-

IST, where increasing the latent dimension K corresponds to higher r20. (S5 and S6 Figs).

These results conclusively show that GENERALIST-based sequence ensembles retain posi-

tional correlation information of arbitrarily high orders observed in naturally occurring

sequences for large proteins as well as for proteins with very small MSAs. Table 1 provides a

summary of the statistics results for all protein families studied here.

GENERALIST finds conservative optimal sequences

A key feature of generative models is the ability to assign probabilities to arbitrary sequences

and therefore find local sequence optima (sequences corresponding to the local maximum of

the probability). The local optima inform us about the local structure of the inferred sequence

space energy landscape and their relationship to naturally occurring sequences [9,10,15]. For

example, if the generative models are purely data-driven, that is, if they do not incorporate any

information about structure/function/fitness, it may be desirable that the local optima are in

the vicinity of natural sequences.

To test the relationship between local optimum sequences and natural sequences, we use

GENERALIST, adabmDCA, and ArDCA to obtain locally optimal sequences. VAE was not

included because VAEs involve a nonlinear transformation from the latent space to the

sequence space and therefore the probability in the sequence space is difficult to calculate.

Table 1. Summary of GENERALIST performance on test protein families. r1 represents the Pearson coefficient of correlation between single site frequencies calculated

from the generated ensemble and the natural MSA. rm where m>1, represents the Pearson coefficient of correlation between mth cumulants obtain from the generated

sequences and the natural sequences.

Protein MSA Size Sequence Length Optimum K r1 r2 r3 r4 Δ2

BPTI 16569 51 42 1 0.99 0.94 0.88 4.3×10−6

EGFR 1010 1091 19 1 0.99 0.98 0.98 4.8×10−7

DHFR 7164 158 64 1 0.99 0.95 0.95 2.3×10−6

P53 785 341 17 1 1 0.98 0.98 6.2×10−6

MTOR 520 2549 12 1 1 0.98 0.98 1.0×10−5

https://doi.org/10.1371/journal.pcbi.1011655.t001
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We obtained local minima in adabmDCA and ArDCA using a random search (Section 5 in

S1 Text). Briefly, we start from sequences in the natural MSA and randomly mutated amino

acids while only accepting mutations that improve sequence probability as evaluated by the

model. Multiple iterations of this operation lead to local optimum sequences. The local opti-

mum sequences predicted by GENERALIST were obtained by finding the highest probability

sequence corresponding to the latent space embedding of natural sequences. The sequences

obtained in this analysis are not a result of sampling a probability distribution but optimization

of an inferred probability landscape. This analysis was only performed on BPTI where all three

models could be trained in a reasonable time.

As seen in Fig 4A, adabmDCA generates locally optimal sequences that differed by a stag-

gering 84% from the closest naturally occurring sequence neighbor. These optimal sequences

were predicted to be significantly better compared to the starting natural sequences, with an

average improvement by ~101 fold in probability at each position (Fig 4B, measured by log

odds ratio). These local minima in the Potts model that do not resemble any natural sequences

are reminiscent of the unwanted spurious minima in Hopfield networks [26]. Compared to

adabmDCA, ArDCA generated local optimal sequences that were significantly more conserva-

tive (on an average, 17% difference compared to 84%) (Fig 4A). The optimal sequences were

also predicted to be a relatively modest improvement over the starting natural sequence with

an improvement by ~1.5 fold in probability at each position (Fig 4B). Like ArDCA, GENER-

ALIST-based local optima were significantly more conservative. As seen in Fig 4A, the local

optimum sequences differed from the closest naturally occurring sequences on an average by

8%. As seen in Fig 4B, the per amino acid improvement was only ~1.1 fold.

To test whether these sequences potentially fold in stable 3D structures, we used Alpha-

Fold2 [27], a recent machine learning method that can predict 3D structures from sequences

and MSAs (Section 6 in S1 Text). We used the sequence-averaged predicted local distance dif-

ference test (plddt) as a proxy for quality of predicted structures. The plddt score is a computa-

tionally predicted local distance difference test [27] and measures the confidence of the

AlphaFold2 algorithm in the predicted structure. Previous studies have shown that a sequence

average plddt of>80 corresponds to sequences that are likely to fold in stable 3D structures

[28]. In contrast, a lower plddt score may either imply an unstructured (disordered) protein

(or region of a protein) or a low algorithmic confidence in the predicted structure. Given that

wild type BPTI is a highly structured protein, it is reasonable to assume that a low plddt score

is likely to result in non-functional proteins. As seen in Fig 4C, local optimal sequences

imputed by adabmDCA were predicted to be significantly worse folders compared to both

Fig 4. Panel A. The distribution of distances to the nearest natural neighbor from sequences optimized using GENERALIST, ArDCA, and adabmDCA

modeled probabilities. Panel B. The log-fold improvement in probabilities between the starting sequence and the local optimum. Panel C. Sequence-averaged

plddt scores for AlphaFold2 predicted structures for the locally optimum sequences for all models, and the starting natural sequences labeled “MSA”.

https://doi.org/10.1371/journal.pcbi.1011655.g004
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GENERALIST and ArDCA. While ArDCA and GENERALIST produce sequences that were

predicted to be comparable by AlphaFold2 on average.

These results show that GENERALIST can identify local optima in the sequence space.

These optima are typically not seen in nature. The optimal sequences predicted by GENERAL-

IST were also predicted by AlphaFold2 to fold in stable 3D structures.

GENERALIST reproduces the distributions sequence distances from

natural ensembles

In addition to reproducing the summary statistics (Fig 3), an important test for generative

models is capturing various distribution of inter-sequence distances in the natural ensemble

[8,29]. To that end, we evaluated three different statistics for all generated ensembles: (a) the

distribution of distances between pairs of randomly picked sequences, (b) the distribution of

nearest neighbor distances within an ensemble, and (c) the distribution of distances to the

nearest natural neighbor.

In Fig 5A and 5B (S10 Fig), we plot the distribution of fractional Hamming distances

between pairs of random sequences in an ensemble. We see that all generative models, except

for the VAEs for BPTI (Fig 5A) and DHFR (S10 Fig), accurately reproduced this distribution,

implying that most ensembles captured the expanse of the natural sequence ensemble. Ensem-

bles generated using VAEs comprised sequences that are on average are closer to each other

than natural sequences.

The distribution of nearest neighbor distances portrayed a more complex picture. In Fig 5C

and 5D (S10 Fig and Section 2 in S1 Text), we plot the distribution of fractional Hamming

Fig 5. Panels A and B. Distribution of fractional Hamming distances between random pairs of sequences within an ensemble shown as the fraction of pairs

for which the hamming distance hrand within ensemble (y-axis) is greater or equal than value h (x-axis). Panel A: BPTI, Panel B: EGFR. Panels C and D.

Distribution of fractional Hamming distances to the closest sequence within an ensemble for different models shown as the fraction of sequences for which the

minimum hamming distance hmin within ensemble (y-axis) is greater or equal than value h (x-axis). Panel C: BPTI, Pabel D: EGFR. Panels E and F.

Distribution of fractional Hamming distances to closest natural sequence for different models shown as the fraction of sequences for which the minimum

hamming distance hmin to MSA (y-axis) is greater or equal than value h (x-axis). Panel E: BPTI, Panel F: EGFR.

https://doi.org/10.1371/journal.pcbi.1011655.g005
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distances to the nearest neighbor within the ensemble. When MSA was large (BPTI in Fig 5C

and DHFR in S10 Fig), ArDCA/adabmDCA generated ensemble comprised sequences that

were farther away from their ensemble nearest neighbors compared to natural sequences. In

contrast, for the smallest MSA (mTor in S10 Fig), ArDCA generated ensembles comprised

sequences with closer nearest neighbors compared to natural sequences. For proteins P53 and

EGFR, ArDCA model was able to the capture the distance distribution (Figs 5D and S10). VAEs

generated ensemble always comprised sequences that were on average closer to their nearest

neighbors than natural sequences. Finally, GENERALIST generated ensemble closely repro-

duced the density of nearest neighbor sequences observed and shows robustness to MSA size.

Next, we compared the distance distribution to the nearest natural neighbor. Here too,

GENERALIST generated ensembles closely reproduced the density of nearest neighbor

sequences (Figs 5E, 5F, and S10). In contrast, ArDCA/adabmDCA generated sequences were

farther from the natural sequences if the MSA was large (BPTI in Fig 5E and DHFR in S10

Fig). While ArDCA shows accurate representation of the nearest natural neighbor distance

distribution for EGFR (Fig 5B) and P53 (S10 Fig), it shows overfitting to the smallest MSA of

mTor (S10 Fig). Finally, VAEs generated ensemble comprised sequences that were farther

away compared to natural sequences for all proteins.

These results show that an optimally tuned GENERALIST ensemble can capture various

aspects of the density of sequences in the natural ensemble.

The latent space representation identifies sequence clusters with differing

positional covariance structure

One significant advantage of GENERALIST is that its latent space representation embeds indi-

vidual sequences in a smaller dimensional latent space. Notably, the covariance structure in

Fig 6. Statistics of the cluster assignments for BPTI. Pearson correlation coefficient between higher order statistics of amino

acid occurrences in sequences belonging to the two clusters. Cluster sizes are 12646 and 3923.

https://doi.org/10.1371/journal.pcbi.1011655.g006
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the latent space (covariance of different latent dimensions across samples) is directly analogous

to statistical relationships among the amino acid positions. Consequently, if the latent space

partition into several sub-clusters of differing covariance, the corresponding sequences are

similarly grouped, each cluster characterized by distinct statistical properties. To test this, we

used Gaussian mixture modeling (GMM) to identify clusters in the latent space for BPTI (Sec-

tion 7 in S1 Text). We identified 2 clusters in the data (S11 Fig) and found that they captured

distinct higher order statistical characteristics. To show this, we computed the Pearson correla-

tion between amino acid frequencies and covariances of multiple orders between sequences

belonging to the two clusters. These statistics were compared to a null model where the

sequences were partitioned randomly using the same cluster sizes as obtained using the

GMMs. As seen in Fig 6, comparison between GMM clusters and the null clusters show that

the latent space can be partitioned into regions representing different statistics. This shows

that GENERALIST can be used to identify clusters of sequences with unique statistical

structure.

Discussion

Generative models of protein sequence families are an important tool for protein scientists

and engineers alike. Ideally, these models should be simple to learn, tunable, and accurate,

especially when studying proteins of significant clinical interest which tend to be large proteins

with small MSAs.

In this work, we examined three state-of-the-art models. Potts models could only be used to

model small sequences, limiting their application to single domains and small proteins. More-

over, these models could not be tuned. The sequence ensemble generated by Potts models

could not reproduce the density of sequences in the natural ensemble and had optima that

appeared unnatural. In contrast, the autoregressive DCA model was significantly more effi-

cient in model fitting and more accurate in reproducing summary statistics such as frequencies

of higher order amino acid combinations (Fig 3). The model also reproduced local optima that

were computationally deemed to fold in stable 3D structures (Fig 4). However, given that the

model has O(L2) parameters for proteins of sequence length L, this model overfits the training

data when modeling human proteins of significant clinical interest which are large and have

small MSAs (mTOR S10 Fig).

Neural networks based variational autoencoders were efficient and did not appear to overfit

the training data (Fig 5). Overall, these models were less accurate in predicting summary statis-

tics of sequences compared to GENERALIST, the Potts model, and the autoregressive DCA

model. Consistently VAE generated sequences that are much closer to each other than the nat-

ural sequences, indicating a separation in the sequences space between the generated and the

natural ensemble. At the same time, potentially owing to model complexity (and therefore

parameter non-identifiability) and low amounts of training data, the models appeared to not

have any systematic trends with respect to accuracy and overfit as a function of the dimension

of the latent space.

In contrast, GENERALIST is accurate and tunable, allowing us to analyze large proteins

with small MSAs. Notably, given its simple structure, there are several avenues of improving

GENERALIST. For example, function/fitness information obtained from deep mutational

scanning can be incorporated as constraints on the energies and phylogenetic information can

be imposed as constraints on the latent space. Finally, GENERALIST can be easily reformu-

lated for any other categorical data, for example, presence/absence of single nucleotide poly-

morphisms or nucleotide sequences. We believe that GENERALIST will be an asset for protein

scientists and engineers alike.
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Supporting information

S1 Fig. Optimization for the latent dimension. The optimized value is Δ2 = (hHmin from gen-

erated ensemble to MSAi−hHmin within MSAi)2. Each box plot represents 10 runs for each

latent dimension. The optimum latent dimension for DHFR is 64, for P53 is 17 and for and for

MTOR is 12.

(TIF)

S2 Fig. Box plot of Pearson coefficient of correlation obtained from different initializa-

tions for the model. Pearson coefficient of correlation r (y-axis) generated from calculating

the cumulants of the generated ensemble and the natural ensemble vs order of cumulants n (x-

axis). Each box represents 10 runs for the same latent dimension of GENERALIST.

(TIF)

S3 Fig. Optimization for ArDCA hyperparameters. The regularization for the couplings and

the field, λJ and λH respectively. The optimized value is Δ2 = (hHmin from generated ensemble

to MSAi−hHmin within MSAi)2.

(TIF)

S4 Fig. Optimization for VAE latent dimension. The optimized value is Δ2 = (hHmin from

generated ensemble to MSAi−hHmin within MSAi)2.

(TIF)

S5 Fig. r20 of different latent dimensions of GENERALIST. The average Pearson correlation

coefficient between frequencies of top 20 amino acid combination of order n (x-axis) averaged

across different combinations (y-axis) for GENERALIST model trained with different latent

dimensions K (legend). Each subplot represents a different protein from left to right: BPTI,

DHFR, P53, EGFR, MTOR.

(TIF)

S6 Fig. r20 of different latent dimensions of VAE. The average Pearson correlation coefficient

between frequencies of top 20 amino acid combination of order n (x-axis) averaged across dif-

ferent combinations (y-axis) for VAE model trained with different latent dimensions K (leg-

end). Each subplot represents a different protein from left to right: BPTI, DHFR, P53, EGFR,

MTOR.

(TIF)

S7 Fig. Comparing the accuracy of different models in capturing statistics of different

orders through slope and Pearson correlation. For each order of statistics (grey legend panel

A), the frequencies of different amino-acid strings are obtained from Natural and generated

ensemble. For order >2, mean removed frequencies are used. The slope of the best fit line of

those frequencies as well as the Pearson coefficient of correlation is obtained. 1—slope (y-axis)

vs 1—Pearson correlation (x-axis) is plotted for different models (legend).

(TIF)

S8 Fig. r20 comparison between different models for DHFR, P53 and MTOR. The average

Pearson correlation coefficient between frequencies of top 20 amino acid combinations of

order n (x-axis) averaged across different combinations (y-axis). Panel A, protein DHFR,

panel B protein P53 and panel C is protein MTOR.

(TIF)

S9 Fig. Using top 10 and 50 frequencies for average Person Correlation for BPTI and

EGFR. Panels A, B. The average Pearson correlation coefficient between frequencies of the
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top 10 amino acid combinations of order n (x-axis) averaged across different combinations (y-

axis). Panels C, D Same as A and B but using the frequencies of the top 50 amino acid combi-

nations to obtain the average Pearson correlation.

(TIF)

S10 Fig. Comparison of the distribution of fractional Hamming distances between the gen-

erated and natural sequences for DHFR, P53 and MTOR. Panels A, B and C. Distribution

of fractional Hamming distances between random pairs of sequences within an ensemble

shown as the fraction of pairs for which the hamming distance hrand (y-axis) is greater or equal

than value h (x-axis). Panels D, E and F. Distribution of fractional Hamming distances to the

closest sequence within an ensemble for different models shown as the fraction of sequences

for which the minimum hamming distance hmin(y-axis) is greater or equal than value h (x-

axis). Panels G, H and I. Distribution of fractional Hamming distances to closest natural

sequence for different models shown as the fraction of sequences for which the minimum

hamming distance hmin to MSA (y-axis) is greater or equal than value h (x-axis).

(TIF)

S11 Fig. Optimization for the number of Gaussians in GMM. The optimal value is N = 2.

This was chosen with the Jaccard Index, a measure of similarity between cluster assignments.

Each box plots represents the Jaccard Index over 20 iterations of comparing the assigned clus-

ters of two GMMs for the labeled number of Gaussians.

(TIF)

S1 Text. Details of the implementation of GENERALIST, the different performance met-

rics as well as the models used for benchmarking.

(PDF)
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4. Konaté MM, Plata G, Park J, Usmanova DR, Wang H, Vitkup D. Molecular function limits divergent pro-

tein evolution on planetary timescales. eLife. 2019; 8: e39705. https://doi.org/10.7554/eLife.39705

PMID: 31532392

5. Cocco S, Feinauer C, Figliuzzi M, Monasson R, Weigt M. Inverse statistical physics of protein

sequences: a key issues review. Rep Prog Phys. 2018; 81: 032601. https://doi.org/10.1088/1361-6633/

aa9965 PMID: 29120346

6. Levy RM, Haldane A, Flynn WF. Potts Hamiltonian models of protein co-variation, free energy land-

scapes, and evolutionary fitness. Curr Opin Struct Biol. 2017; 43: 55–62. https://doi.org/10.1016/j.sbi.

2016.11.004 PMID: 27870991

7. Figliuzzi M, Barrat-Charlaix P, Weigt M. How Pairwise Coevolutionary Models Capture the Collective

Residue Variability in Proteins? Mol Biol Evol. 2018; 35: 1018–1027. https://doi.org/10.1093/molbev/

msy007 PMID: 29351669

8. Barrat-Charlaix P, Muntoni AP, Shimagaki K, Weigt M, Zamponi F. Sparse generative modeling via

parameter reduction of Boltzmann machines: Application to protein-sequence families. Phys Rev E.

2021; 104: 024407. https://doi.org/10.1103/PhysRevE.104.024407 PMID: 34525554

9. Ferguson AL, Falkowska E, Walker LM, Seaman MS, Burton DR, Chakraborty AK. Computational Pre-

diction of Broadly Neutralizing HIV-1 Antibody Epitopes from Neutralization Activity Data. Salsbury F,

editor. PLoS ONE. 2013; 8: e80562. https://doi.org/10.1371/journal.pone.0080562 PMID: 24312481

10. Mann JK, Barton JP, Ferguson AL, Omarjee S, Walker BD, Chakraborty A, et al. The Fitness Land-

scape of HIV-1 Gag: Advanced Modeling Approaches and Validation of Model Predictions by In Vitro

Testing. Regoes RR, editor. PLoS Comput Biol. 2014; 10: e1003776. https://doi.org/10.1371/journal.

pcbi.1003776 PMID: 25102049

11. Hopf TA, Ingraham JB, Poelwijk FJ, Schärfe CPI, Springer M, Sander C, et al. Mutation effects pre-

dicted from sequence co-variation. Nat Biotechnol. 2017; 35: 128–135. https://doi.org/10.1038/nbt.

3769 PMID: 28092658

12. Riesselman AJ, Ingraham JB, Marks DS. Deep generative models of genetic variation capture the

effects of mutations. Nat Methods. 2018; 15: 816–822. https://doi.org/10.1038/s41592-018-0138-4

PMID: 30250057

13. Muntoni AP, Pagnani A, Weigt M, Zamponi F. adabmDCA: adaptive Boltzmann machine learning for

biological sequences. BMC Bioinformatics. 2021; 22: 528. https://doi.org/10.1186/s12859-021-04441-9

PMID: 34715775

14. Barton JP, De Leonardis E, Coucke A, Cocco S. ACE: adaptive cluster expansion for maximum entropy

graphical model inference. Bioinformatics. 2016; 32: 3089–3097. https://doi.org/10.1093/

bioinformatics/btw328 PMID: 27329863

15. Louie RHY, Kaczorowski KJ, Barton JP, Chakraborty AK, McKay MR. Fitness landscape of the human

immunodeficiency virus envelope protein that is targeted by antibodies. Proc Natl Acad Sci. 2018; 115.

https://doi.org/10.1073/pnas.1717765115 PMID: 29311326

16. Chen W-C, Zhou J, Sheltzer JM, Kinney JB, McCandlish DM. Field-theoretic density estimation for bio-

logical sequence space with applications to 50 splice site diversity and aneuploidy in cancer. Proc Natl

Acad Sci. 2021; 118: e2025782118. https://doi.org/10.1073/pnas.2025782118 PMID: 34599093

17. Trinquier J, Uguzzoni G, Pagnani A, Zamponi F, Weigt M. Efficient generative modeling of protein

sequences using simple autoregressive models. Nat Commun. 2021; 12: 5800. https://doi.org/10.1038/

s41467-021-25756-4 PMID: 34608136

18. Wu Z, Johnston KE, Arnold FH, Yang KK. Protein sequence design with deep generative models. Curr

Opin Chem Biol. 2021; 65: 18–27. https://doi.org/10.1016/j.cbpa.2021.04.004 PMID: 34051682

19. Burgin CJ, Colella JP, Kahn PL, Upham NS. How many species of mammals are there? J Mammal.

2018; 99: 1–14. https://doi.org/10.1093/jmammal/gyx147

20. Hawkins-Hooker A, Depardieu F, Baur S, Couairon G, Chen A, Bikard D. Generating functional protein

variants with variational autoencoders. Orengo CA, editor. PLOS Comput Biol. 2021; 17: e1008736.

https://doi.org/10.1371/journal.pcbi.1008736 PMID: 33635868

21. Zhao X, Plata G, Dixit PD. SiGMoiD: A super-statistical generative model for binary data. Welch J, edi-

tor. PLOS Comput Biol. 2021; 17: e1009275. https://doi.org/10.1371/journal.pcbi.1009275 PMID:

34358223

22. Dixit PD. Thermodynamic inference of data manifolds. Phys Rev Res. 2020; 2: 023201. https://doi.org/

10.1103/PhysRevResearch.2.023201

PLOS COMPUTATIONAL BIOLOGY GENERALIST: A generative model for protein sequence families

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1011655 November 27, 2023 14 / 15

https://doi.org/10.1371/journal.pcbi.1003023
https://doi.org/10.1371/journal.pcbi.1003023
http://www.ncbi.nlm.nih.gov/pubmed/23592969
https://doi.org/10.7554/eLife.39705
http://www.ncbi.nlm.nih.gov/pubmed/31532392
https://doi.org/10.1088/1361-6633/aa9965
https://doi.org/10.1088/1361-6633/aa9965
http://www.ncbi.nlm.nih.gov/pubmed/29120346
https://doi.org/10.1016/j.sbi.2016.11.004
https://doi.org/10.1016/j.sbi.2016.11.004
http://www.ncbi.nlm.nih.gov/pubmed/27870991
https://doi.org/10.1093/molbev/msy007
https://doi.org/10.1093/molbev/msy007
http://www.ncbi.nlm.nih.gov/pubmed/29351669
https://doi.org/10.1103/PhysRevE.104.024407
http://www.ncbi.nlm.nih.gov/pubmed/34525554
https://doi.org/10.1371/journal.pone.0080562
http://www.ncbi.nlm.nih.gov/pubmed/24312481
https://doi.org/10.1371/journal.pcbi.1003776
https://doi.org/10.1371/journal.pcbi.1003776
http://www.ncbi.nlm.nih.gov/pubmed/25102049
https://doi.org/10.1038/nbt.3769
https://doi.org/10.1038/nbt.3769
http://www.ncbi.nlm.nih.gov/pubmed/28092658
https://doi.org/10.1038/s41592-018-0138-4
http://www.ncbi.nlm.nih.gov/pubmed/30250057
https://doi.org/10.1186/s12859-021-04441-9
http://www.ncbi.nlm.nih.gov/pubmed/34715775
https://doi.org/10.1093/bioinformatics/btw328
https://doi.org/10.1093/bioinformatics/btw328
http://www.ncbi.nlm.nih.gov/pubmed/27329863
https://doi.org/10.1073/pnas.1717765115
http://www.ncbi.nlm.nih.gov/pubmed/29311326
https://doi.org/10.1073/pnas.2025782118
http://www.ncbi.nlm.nih.gov/pubmed/34599093
https://doi.org/10.1038/s41467-021-25756-4
https://doi.org/10.1038/s41467-021-25756-4
http://www.ncbi.nlm.nih.gov/pubmed/34608136
https://doi.org/10.1016/j.cbpa.2021.04.004
http://www.ncbi.nlm.nih.gov/pubmed/34051682
https://doi.org/10.1093/jmammal/gyx147
https://doi.org/10.1371/journal.pcbi.1008736
http://www.ncbi.nlm.nih.gov/pubmed/33635868
https://doi.org/10.1371/journal.pcbi.1009275
http://www.ncbi.nlm.nih.gov/pubmed/34358223
https://doi.org/10.1103/PhysRevResearch.2.023201
https://doi.org/10.1103/PhysRevResearch.2.023201
https://doi.org/10.1371/journal.pcbi.1011655


23. Tubiana J, Cocco S, Monasson R. Learning Compositional Representations of Interacting Systems

with Restricted Boltzmann Machines: Comparative Study of Lattice Proteins. Neural Comput. 2019; 31:

1671–1717. https://doi.org/10.1162/neco_a_01210 PMID: 31260391

24. Mehta P, Bukov M, Wang C-H, Day AGR, Richardson C, Fisher CK, et al. A high-bias, low-variance

introduction to Machine Learning for physicists. Phys Rep. 2019; 810: 1–124. https://doi.org/10.1016/j.

physrep.2019.03.001 PMID: 31404441

25. McGee F, Hauri S, Novinger Q, Vucetic S, Levy RM, Carnevale V, et al. The generative capacity of

probabilistic protein sequence models. Nat Commun. 2021; 12: 6302. https://doi.org/10.1038/s41467-

021-26529-9 PMID: 34728624

26. Hertz J, Krogh A, Palmer RG. Introduction to the Theory of Neural Computation. 1st ed. CRC Press;

2018. https://doi.org/10.1201/9780429499661

27. Jumper J, Evans R, Pritzel A, Green T, Figurnov M, Ronneberger O, et al. Highly accurate protein struc-

ture prediction with AlphaFold. Nature. 2021; 596: 583–589. https://doi.org/10.1038/s41586-021-

03819-2 PMID: 34265844

28. David A, Islam S, Tankhilevich E, Sternberg MJE. The AlphaFold Database of Protein Structures: A

Biologist’s Guide. J Mol Biol. 2022; 434: 167336. https://doi.org/10.1016/j.jmb.2021.167336 PMID:

34757056

29. Yelmen B, Decelle A, Ongaro L, Marnetto D, Tallec C, Montinaro F, et al. Creating artificial human

genomes using generative neural networks. Mathieson S, editor. PLOS Genet. 2021; 17: e1009303.

https://doi.org/10.1371/journal.pgen.1009303 PMID: 33539374

PLOS COMPUTATIONAL BIOLOGY GENERALIST: A generative model for protein sequence families

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1011655 November 27, 2023 15 / 15

https://doi.org/10.1162/neco%5Fa%5F01210
http://www.ncbi.nlm.nih.gov/pubmed/31260391
https://doi.org/10.1016/j.physrep.2019.03.001
https://doi.org/10.1016/j.physrep.2019.03.001
http://www.ncbi.nlm.nih.gov/pubmed/31404441
https://doi.org/10.1038/s41467-021-26529-9
https://doi.org/10.1038/s41467-021-26529-9
http://www.ncbi.nlm.nih.gov/pubmed/34728624
https://doi.org/10.1201/9780429499661
https://doi.org/10.1038/s41586-021-03819-2
https://doi.org/10.1038/s41586-021-03819-2
http://www.ncbi.nlm.nih.gov/pubmed/34265844
https://doi.org/10.1016/j.jmb.2021.167336
http://www.ncbi.nlm.nih.gov/pubmed/34757056
https://doi.org/10.1371/journal.pgen.1009303
http://www.ncbi.nlm.nih.gov/pubmed/33539374
https://doi.org/10.1371/journal.pcbi.1011655

