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Quantifying uncertainty in protein 
representations across models and tasks
 

R. Prabakaran    1   & Yana Bromberg    1,2 

Biomolecular embeddings serve as efficient representations of sequence 
and structure, enabling tasks such as similarity searches, structure and 
function prediction and estimation of biophysical properties. However, 
relying on embeddings without assessing their ability to accurately 
represent biomolecules is a critical flaw—akin to using a scalpel in surgery 
without verifying its sharpness. Here we propose a means to evaluate the 
capacity of protein language models to encode biologically meaningful 
information. For each protein, representation uncertainty is scored as the 
fraction of non-biological ‘synthetic’ sequences among its nearest neighbors 
in latent space. Our analysis reveals that low-quality embeddings often fail to 
capture meaningful biology, displaying vector properties indistinguishable 
from those of randomly generated sequences. Our model-agnostic scoring 
framework is, to our knowledge, the first to quantify protein sequence 
embedding reliability. It enables embedding screening prior to downstream 
applications and inferences, significantly improving their reliability. We 
propose that embedding evaluation should be undertaken for other uses of 
language models in science as well.

Language models (LMs), originally developed for natural language 
processing (NLP)1, are increasingly accepted as the preferred in silico 
representation of the primary and higher-order structures of pro-
tein, DNA and RNA2–5. Their ability to learn an encoding that captures 
many aspects of a given biomolecule from simple amino or nucleic 
acid sequence has made them a promising tool for deriving biologi-
cal insights6–11. LMs encode a biomolecule as an embedding—that is, 
a sequence of numbers representing a point in a multidimensional 
latent space. Embeddings serve as powerful computational proxies for 
facilitating a range of downstream tasks, such as similarity searches, 
structural and functional annotations and prediction of biomolecule 
properties12–15. For instance, embeddings from protein language models 
(pLMs) have been used to predict protein function, mutation effect and 
subcellular localization, achieving performance that rivals or surpasses 
traditional methods13,14,16–19. Additionally, fine-tuning pretrained pLMs 
has been shown to enhance predictions across multiple additional 
biological tasks, underscoring the versatility of these models2,20,21.

Despite the advantages of embeddings as biomolecular represen-
tations, the reliability or confidence of an embedding remains largely 

unquestioned. Unlike most machine-learning-based predictions that 
have a corresponding prediction probability/reliability score, a given 
embedding is not questioned as a representation of a protein any more 
than a protein sequence would be.

Embeddings are low-dimensional representation of biomolecules 
in the latent space of the LM, with each vector element serving as a 
coordinate in the map of this space. Coordinates are learned to encode 
the training data while minimizing the loss associated with the training 
tasks22. The model’s uncertainty or confidence in an embedding origi-
nates from the same sources as any of its predictions—the LM’s training 
process, optimized to reach a computationally feasible solution that 
balances task performance within cost and time constraints, rather 
than achieving complete learning or a globally optimal representa-
tion. Put simply, the latent space of a model is just one of many pos-
sible optimal mappings for the given training dataset and the training 
objective. Moreover, datasets may not comprehensively capture the 
full sequence space—a limitation that is, arguably, even more obvious 
for protein sequences than for human languages. As a result, each pro-
tein’s projection into the latent space carries an inherent uncertainty, 
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low-confidence embeddings, erroneous predictions propagate across 
applications, misleading biological insights.

Establishing a systematic approach to assess embedding quality, 
independent of model architecture, training paradigms or down-
stream applications, would enable the prescreening of embeddings, 
improve downstream task performance and, more importantly, 
enhance the reliability and interpretability of pLM-based predictions23. 
Additionally, such an approach would provide a means to identify 
underrepresented and poorly learned regions of the protein space, 
guiding further experimental and computational exploration. Outside 
of biology—that is, in the general LM space—there have been a few 
efforts in this direction. For example, Tsitsulin et al.24 proposed four 
complementary metrics to capture different aspects of unsupervised 
learning-generated embedding quality. Although no single metric 
was found to be universally optimal, coherence—that is, a measure 
of alignment between embedding dimensions to canonical basis 
vectors—and stable rank—that is, a soft rank proxy for the effective 
dimensionality of a set of representations—were shown to correlate 
strongly with downstream shallow model performance. Similarly, 
May et al.25 proposed the eigenspace overlap score as a selection cri-
terion for evaluating the quality of compressed (lower-dimensional) 
word embeddings. However, assessment of the uncertainty of learned 
protein representations in a biologically meaningful way has not yet 
been performed.

raising the question of whether embeddings consistently place every 
protein in a biologically meaningful position—for example, one where 
functionally or evolutionarily related sequences remain nearby.

The uncertainty of protein embedding propagates to down-
stream tasks. Consider a pLM that can generate embeddings to serve 
as representations of protein sequences to enable downstream tasks 
such as predicting protein subcellular localization, Ts, or transferring 
functional annotations between proteins based on their embedding 
similarity, Tf

14,20,21. Most pLMs do not provide an explicit measure 
of a model’s confidence or uncertainty, U(P1), associated with an 
embedding, E1, for a given protein P1. Devoid of a score to indicate 
the biological information content in an embedding, it is difficult to 
prescreen embeddings or diagnose sources of error in downstream 
tasks like Ts and Tf.

Traditional sequence alignment-based approaches offer a bio-
logically interpretable foundation for inference placed on top of their 
captured information, leveraging the level of evolutionary conserva-
tion as a well-established measure of confidence. pLM embeddings, by 
contrast, lack the standardized framework for evaluating their biologi-
cal relevance and robustness across the complete range of sequences, 
seen or yet unseen. This issue is particularly clear when embeddings are 
derived from heterogeneous sequence distributions, as model biases or 
incomplete training data may lead to representations that fail to encode 
meaningful biological information. Without a mechanism to recognize 
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Fig. 1 | Protein structure prediction quality as a function of embedding 
certainty. Across a−d, color indicates the prediction confidence levels, judged  
by TM scores of ESM-2-predicted versus experimentally determined structures  
of Astral40 domains (n = 14,711): excellent (blue, TM > 0.9, n = 10,251), high 
(green, 0.7 < TM ≤ 0.9, n = 3,040), moderate (orange, 0.5 < TM ≤ 0.7, n = 768)  
and low (red, TM ≤ 0.5, n = 652). a, ESM-2-predicted structure quality (mean 
pLDDT, y axis) is, as expected, correlated with TM scores (x axis) of alignments of 
predicted versus experimental structures across Astral40 domains.  
b, Average cosine similarity (y axis) of Astral40’s ESM-2 embeddings to a set of 
randomly generated, biologically irrelevant sequences in Astral40R (n = 73,555) 
differs across structure prediction confidence levels (x axis)—that is, proteins 
with poor prediction confidence (red box) tend to have more similarity to 
random embeddings than high-confidence predictions (green and blue). 
Blue circles are outliers beyond 1.5× IQR from the first and third quartiles 
of distribution. Statistical significance—***P ≤ 1 × 10−3, **P ≤ 1 × 10−2 and ‘NS’ 
otherwise, between low versus moderate (6.55 × 10−5), moderate versus high 

(4.29 × 10−3) and high versus excellent (9.35 × 10−50)—was assessed using two-
sided Mann−Whitney U-test. Purple stars denote the mean cosine similarity 
of the Astral40R embeddings within each set (box), further highlighting the 
distinction between low-quality and high-quality embeddings versus random. 
c, Two-dimensional t-SNE projections of ESM-2 embeddings for Astral40 and 
Astral40R (gray) illustrate the specifics of the overlap of the two sets. That is, low-
scoring protein embeddings (red dots and density lines) fall into the latent space 
also covered by random sequences (gray). At the same time, the latent space of 
excellent-scoring embeddings (blue) is nearly disjoint from the random space 
(gray). d, RNS (y axis), computed across varying values of k (k nearest neighbors, 
x axis), effectively discriminates ESM-2 embeddings corresponding to low-
confidence structures (TM ≤ 0.5, red line) from higher-quality ones (all others). 
Error bars indicate the 95% confidence interval of mean RNS, derived through 
100× bootstrapping. e, RNS is moderately inversely correlated with the TM score, 
reaching peak correlation (Kendallʼs τ = −0.36, black line; Pearsonʼs ρ = −0.70, 
blue line, at k = 500) for higher ‘k’. NS, not significant.
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In the present work, we illustrate a model-agnostic, empirical 
approach to measure the uncertainty associated with protein embed-
dings and to assess the biological relevance of said embeddings. By 
proposing methods for pLM embedding evaluation, we seek to stand-
ardize, expand and improve the usefulness of these models in moving 
biology forward.

Results
In this study, we systematically evaluate the quality of pLM-derived 
embeddings using the Astral40 dataset26, a curated collection of protein 
structures. Our analysis reveals that inconsistencies in the generated 
embeddings stem from biased learning processes, where non-uniform 
representation of sequence space in the training set leads to suboptimal 
encoding. To address this challenge, we propose a rigorous screening 
framework to assess the biological relevance of embeddings prior to 
their application in computational analyses. By establishing quality 
control measures, we aim to enhance the reliability of pLMs for bio-
logical inference, ensuring their robustness in real-world applications.

Embeddings share the same defect as predictions
Few pLM designs provide a confidence score to assess the quality of 
their learning. One such model is Evolutionary Scale Modeling 2 (ESM-
2)6, which provides per-residue predicted local distance difference 
test (pLDDT) scores that describe how well the predicted structure 
is expected to align with a corresponding real protein structure6; we, 
thus, chose ESM-2 to illustrate embedding uncertainty. We collected 
embeddings, predicted structures and corresponding pLDDT scores 
by running ESM-2 on the Astral40 protein dataset, which consists of 
14,711 unique Structural Classification of Proteins−extended (SCOPe) 
domains (Methods and Supplementary Table 1)26–29. We aligned30 
ESM2-predicted structures with respective Protein Data Bank (PDB) 
structures27,31 to compute template modeling (TM) scores30,32, a stand-
ard measure of goodness of structural alignment (Methods). We labeled 
the quality of predicted structures as very high, high, moderate and 
low quality if the TM scores fell within (0.9, 1), (0.7, 0.9), (0.5, 0.7) and 
(0, 0.5) bins, respectively (Fig. 1a). ESM-2’s mean pLDDT scores for 
the predicted structures correlated well with TM scores, as expected  
of different measures of structural similarity (Pearsonʼs ρ = 0.84, 
Kendallʼs τ = 0.56).

We hypothesized that low-quality structures could derive from 
information-poor or ambiguous embeddings. To illustrate this, we 
created the Astral40R dataset that consists of five randomly shuffled 
sequences for every one of 14,711 unique domains in Astral40 (Methods 
and Supplementary Table 1). Note that, among the various methods for 

generating random sequence sets, we chose residue shuffling because 
we hypothesize that one of the advantages of pLMs over traditional 
statistical models arises from their ability to learn more than merely 
the amino acid composition of a sequence. Sequences in Astral40R are, 
thus, unique, randomly generated and exhibit no appreciable similarity 
to biological sequences in UniRef50 (<30% identity33).

We then computed the cosine and Euclidean similarities (equa-
tions (1) and (2)) of every domain/sequence in Astral40 (biological) 
against Astral40R (non-biological) datasets (Fig. 1b). Indeed, domain 
embeddings whose structures were accurately predicted were the 
least similar to embeddings of random sequences in Astral40R. As the 
quality of structures dropped, the similarity of domain embeddings 
to those of Astral40R increased; in other words, the embeddings cor-
responding to poorly predicted structures were less meaningful. This 
observation is neither unexpected nor unique to the ESM-2 model. We 
repeated our experiment with ProtT5 (ref. 34) and other LMs (Table 1) 
and observed similar patterns (Supplementary Figs. 1 and 2)—that is, 
Astral40 sequences with low-quality ESM-2-predicted structures were 
not meaningfully represented by ProtT5 either.

LMs are deep learning models, and the embeddings are as much 
model predictions as are the predicted structures. Predictions, how-
ever, are only as good as the model’s understanding of the input; in 
other words, if an input does not fall within the model’s scope, the 
prediction mirrors random inputs. We think that this observation is 
common among all LMs, but, unlike ESM-2, they are not trained to 
report a certainty (pLDDT-like) score that can be used to screen embed-
dings for future use.

Is there a ‘junkyard’ of embeddings?
We asked: Is there a subspace for low-quality embeddings in the 
latent spaces of pLMs where the low-quality, underlearned, noisy or 
less biomeaningful embeddings go? We used t-distributed stochastic 
neighbor embedding (t-SNE) to explore model embeddings of Astral40 
and Astral40R (Methods). Indeed, we observed a distinct subspace for 
the random sequences of Astral40R in both ESM-2 and ProtT5 latent 
spaces (Fig. 1c and Supplementary Figs. 1 and 2).

We repeated this analysis for a selected set of models cover-
ing diverse architectures (Table 1). We observed similar patterns 
for ProtT5 and ESM family pLMs but not for Bepler and PLUS-RNN 
(Supplementary Figs. 1 and 2). The training tasks used for these latter 
two models differ from mask language modeling (MLM), the standard 
training protocol for most LMs. PLUS-RNN is a bidirectional recurrent 
neural network (RNN) model, trained with a combination of MLM and 
contrastive learning loss, scoring similar representation of protein 

Table 1 | List of protein sequence embedders evaluated

Embedder Model size Architecture Embedding dimension Trained dataset Reference

ESM-2 3 B Transformer 2,560 UniRef50 6

ProtT5 3 B T5 Transformer 1,024 UniRef50 34

ProtTrans T5-BFDa 3 B T5 Transformer 1,024 BFD 34

ESM-2 (650 M)b 650 M Transformer 1,280 UniRef50 6

ESM-1vb 650 M Transformer 1,280 UniRef50 8

ESM-1ba 650 M Transformer 1,280 UniRef50 8

ESM-1a 650 M Transformer 1,280 UniRef50 8

Bepler & Bergera 93 M BiLSTM 121 SCOPe 45

PLUS-RNNa 59 M RNN 1,024 Pfam 46

Word2Veca 6.4 M Skip-gram 512 47,48

FastTexta 5.5 M Skip-gram 512 49

GloVea 6.4 M Matrix Factorization 512 50
a Bio Embeddings was used to run these models13. b These models were used for the analysis of the human variant effect prediction.
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pairs from same Pfam families. Bepler is a bidirectional long short-term 
memory (LSTM) model trained on contrastive learning of global and 
local protein structural similarity. One could hypothesize the incorpo-
ration of contrastive loss configures a model’s latent space in a manner 
different from that of LMs trained solely via MLM.

Traditional NLP algorithms Word2Vec, GloVe and FastText, which 
learn through the co-occurrence words or k-mers, failed to distance 
Astral40R embeddings from Astral40. Additionally, ESM-2 embed-
dings of Astral40 biological sequences with high-quality predicted 
structures (TM ≥ 0.9; Methods) occupied a clearly distinct space within 
the Astral40 range, whereas sequence embeddings with low-quality 
structures spread out into the Astral40R random sequence space.

What is a ‘good’ embedding?
Based on these observations, we hypothesized that, if the model 
failed to adequately learn its representation during training, a pro-
tein would be positioned close to biologically irrelevant sequences, 
such as Astral40R. As above, we define this region of poorly learned 
or uncharacterized protein embeddings as a ‘junkyard’.

We further propose that the degree of overlap in latent space 
between a protein’s nearest neighbors and the embeddings of 
non-biological sequences is inversely correlated with the model’s 
confidence in the embedding—that is, the embedding quality. We 
formulate this relationship as random neighbor score (RNS) (RNSk (P1)), 
reflecting the number of non-biological sequence neighbors of a given 
protein P1 in a given pLM’s latent space (equation (5)). RNS is computed 
by measuring the fraction of randomly generated sequences among k 
nearest neighbors of a given embedding (equations (5) and (6)).

RNS is a measurable quantity reflecting the confidence of an 
embedding in a model’s latent space. We tested this new measure on the 
Astral40 dataset in ESM-2’s latent space (Fig. 1d). For ESM-2-predicted 
structures, RNS inversely correlated with the TM score of alignment to 
the PDB structures, with a maximum Pearsonʼs correlation of −0.70 
(Kendallʼs τ = −0.36) across different values of k; for comparison, the 
TM score to ESM’s pLDDT correlation was 0.84 (τ = 0.56). Unlike the 
pLDDT score, however, which is an output of supervised learning, 
coupled with ESM-2’s structure prediction architecture, RNS is model 
agnostic and (1) can be computed for any language model, (2) does 
not depend on the embedding downstream use and (3) can be fur-
ther refined for the purposes of the data and tasks at hand. Note that, 
although computation of RNS is independent of downstream tasks, it 
can be applied for active learning of fine-tuning tasks23.

RNS depends on the selection of the parameter k—that is, the 
number of nearest neighbors to consider. Higher k values are preferred, 
ensuring enhanced score stability in light of perturbation and outliers; 
however, k should be substantially smaller than the dataset size to 
ensure that the theoretical ideal RNS score equals zero. For example, we 
observed a k > 100 range to be appropriate for our work with datasets 
sized from 930 to 14,711 sequences (Fig. 1e and Supplementary Table 1).

Because RNS is computed as a fraction of random nearest neigh-
bors, it also assumes that the biological—that is, non-random—protein 
set is sufficiently diverse in its role as a secondary anchor for filtering 
out uncertain embeddings. We had initially selected Astral40R for its 
assumed sufficient diversity, but, to further evaluate the impact of 
the random set selection, we substituted Astral40R in its position as a 
junkyard anchor by another randomized set, Proteome4R (comprising 
one shuffled sequence per protein from four complete proteomes; 
Methods). This substitution yielded similar results across analyses in 
this study; for instance, the correlation with ESM-2’s TM score (−0.70) 
remained unchanged.

Embedding uncertainty and downstream performance
In its reliability scoring role, RNS is similar to perplexity (equations (7) 
and (8)) as a lower score indicates higher model confidence, whereas 
a higher score reflects uncertainty. However, unlike perplexity, which 

quantifies the probability predicted by the decoder and is, thus, tied 
to decoder design and training paradigm, RNS is independent of the 
decoder, deriving uncertainty directly from encoder embeddings. For 
example, ESM-2 is an encoder-only model with a shallow multilayer per-
ceptron decoder, whereas ProtT5 adopts a full encoder−decoder archi-
tecture with two transformer modules. Consistent with this difference, 
the correlation coefficient between RNSk = 1,000 and pseudo-perplexity 
(equation (7)) computed for the Astral40 dataset was higher for ESM-2 
(τ = 0.59) than for ProtT5 (τ = 0.44) (Fig. 2a,b). We saw similar results 
across different datasets (Supplementary Tables 2 and 3). These obser-
vations highlight the degree to which decoder complexity decouples 
perplexity and RNS.

To evaluate other possible measures of embedding quality,  
we compared RNS to Jensen−Shannon divergence, computed 
between the distribution of amino acid dimers or trimers, extracted 
from real protein sequence, versus a random uniform distribu-
tion (Methods and equation (9)). We found weak or no correlation 
of the two measures across all datasets used in this study (Fig. 2a,b 
and Supplementary Fig. 3). On the other hand, across datasets, RNS 
inversely correlated with the number of alignments matches in 
UniRef50 and UniRef90 (Supplementary Fig. 3), indicating that models 
learn protein families better than orphan sequences35.

Model uncertainty is known to influence predictive performance 
of foundation and fine-tuned pLMs6,23. The magnitude of these effects 
depends on architecture-specific and task-specific biases that influence 
how encoder-derived embeddings are used by the classifier module. As 
a result, we do not expect a linear relationship between RNS and overall 
prediction performance. However, as representations of sequences 
with higher pretraining RNS (low quality) are unlikely to improve 
upon fine-tuning, our score could potentially serve as an indicator of 
a task-specific upper limit of prediction performance.

To assess whether RNS that quantifies embedding uncertainty, 
can serve as an indicator of predictive performance, we systematically 
compared RNS (RNSk=1,000) with task accuracy across two representa-
tive fine-tuned task scenarios: (1) residue−residue contact prediction 
using ESM-2 on Astral40 and PDB23to24—a collection of recent, experi-
mentally determined structures (Methods)—and (2) secondary struc-
ture prediction with ProtT5 on the same datasets.

Note that these two tasks differ considerably in design: ESM-2’s 
residue−residue contact prediction is unsupervised—that is, derived 
from attention maps—whereas ProtT5’s secondary structure prediction 
is supervised, with a fine-tuned classifier transforming residue-level 
embeddings into three-class (helix, extended strand and other) predic-
tions. In all evaluations, proteins with higher RNS consistently exhibited 
lower predictive accuracy (Fig. 2c–f and Supplementary Figs. 4–6) irre-
spective of their sequence similarity to the PDB (Supplementary Fig. 7).

For ESM-2 residue−residue contact predictions for both 
Astral40 and PDB23to24, precision (equation (12)) decreased 
sharply (approximately 40%) for proteins with high RNS (Fig. 2c,d 
and Supplementary Figs. 4 and 5). The decline was most pronounced 
(>60%) for long-range contacts (residues ≥24 sequence positions 
apart), highlighting a stronger dependence of non-local over local 
interaction predictions on embedding quality.

For protein residues from both datasets, ProtT5’s three-class 
secondary structure prediction quality (equation (16)) degraded in 
high-RNS proteins, with helices and extended states disproportionately 
affected relative to the ‘other’ class (Fig. 2e,f and Supplementary Fig. 6). 
The overall effect, however, was less severe than for contact predic-
tion, possibly reflecting that (1) secondary structure assignment is 
primarily determined by local interactions, which are less sensitive to 
embedding uncertainty, and/or (2) RNS, derived from protein embed-
dings, mean-pooled from residues, may underrepresent fine-grained 
residue-level information.

Together, these observations reinforce the utility of RNS as 
a robust, architecture-agnostic embedding uncertainty measure, 
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independent of downstream analyses. It, thus, holds promise as a 
general diagnostic tool for protein representation learning.

Discussion
Choosing a model for a protein set
Models trained on the same sequence sets but with different architec-
tures and/or training regimes end up being distinct. Do these learn-
ing differences make certain models better at representing specific 
test sets? We applied RNS to evaluate the appropriateness of differ-
ent pretrained pLMs for diverse protein sequence datasets. We com-
pared the average RNS score (equation (6)) of different embedders 
(Table 1) on six datasets: Astral40 domains, a composite set of four 
complete proteomes (Proteome4), intrinsically disordered proteins 
(IDP) and intrinsically disordered regions (IDR)36, novel metagenomic 
sequences35 and novel ‘hallucinated’ sequences37 (Methods, Fig. 3a and 
Supplementary Tables 1 and 4). Note that, because RNS was formulated 
to quantify uncertainty of individual protein embeddings, averages 
across a dataset should be viewed as indicative, rather than explicit, 
measures of dataset-level uncertainty.

Among the tested models, ProtT5 and ESM-2 consistently 
yielded the lowest RNS scores (<0.1) across all datasets (Fig. 4a,b, 
Supplementary Fig. 8 and Supplementary Table 4), suggesting higher 
confidence in their learned representations. These two models outper-
formed all other pLMs, including variants of similar architecture—for 
example, ProtTrans T5-BFD and ESM-1.

Interestingly, all pLMs, including ProtT5 and ESM-2, assigned 
higher RNS scores (RNSk=1,000 = 0.23 and 0.25, respectively) to IDRs 
compared to the structured Astral40 dataset (P < 1 × 10−6, two-sided 
Mann−Whitney U-test), placing IDRs closer in representational 

uncertainty to their junkyards (Fig. 4). Notably, for the IDR set, ESM-1 
showed the most uncertainty among pLMs—a possible consequence 
of training bias toward structured proteins, which could limit its ability 
to represent the disordered sequence space. As expected, for all mod-
els, the RNS of IDPs, which contain both structured and disordered 
regions, fell between RNSs of Astral40 and IDR datasets.

NLP-based models, although generally underperforming in other 
datasets, showed improved performance on IDPs and IDRs. This may 
reflect the presence of low-complexity regions in IDRs, producing dis-
tinctive k-mer signatures diverging from both Astral40 and Astral40R.

We also evaluated RNS on two novel sequence sets: metagenomic 
proteins, translated from predicted genes in metagenome-assembled 
genomes (MAGs), and hallucinated sequences, generated de novo using 
trRosetta. Note that the term ‘novel’ in this context refers to sequences 
with less than 30% sequence identity to any protein in UniProt.

Most pLMs, except ESM-1, PLUS-RNN and Bepler, attained low RNS 
scores for novel metagenomic sequences, suggesting recognition of 
coherent biological patterns despite their sequence divergence from 
training data (Fig. 4). A more striking pattern was observed for the trRo-
setta hallucinated sequences. The embeddings for all models, including 
NLP-based ones, for these sequences attained low RNS (Fig. 4). This 
uniformity suggests a shared recognition of synthetic sequences that 
are biologically plausible.

RNS captures vector properties of unlearned embeddings
To examine the information content of un(der)learned embeddings, 
we compared the information richness of the Astral40 embeddings 
with those of their randomly shuffled counterparts (Astral40R). The 
informational richness of each embedding was quantified using four 
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correlations (τ) between RNS and other uncertainty indicators (leave-one-out 
pseudo-perplexity, Jensen−Shannon divergence and number of sequence 
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distributions; black lines are medians; and blue dots represent statistical outliers 
beyond 1.5× IQR from the first and third quartiles of distribution. Sec. Struct., 
secondary structure.
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metrics (equations (17–22)): (1) L2 norm of the full sequence embed-
ding—that is, the measure of magnitude or length of the embeddings; 
(2) covariance of residue embeddings across the full sequence (COVprot); 
(3) mean covariance among residue embeddings within all possible 
15-residue fragments of the sequence (COVfrag); and (4) average cosine 
similarity among consecutive residues in all possible 15-residue frag-
ments ( ̄Sfrag). Residue covariance and residue similarity within a 
sequence indicate mutual agreement or disagreement between resi-
dues in vector space. Unlike randomly generated sequences, biological 
ones have evolved to perform specific functions. This constraint 
enforces synergy among residues, enabling protein folding, dynamic 
conformational changes, allosteric regulation and carrying out func-
tions like catalysis.

We evaluated the difference in these metrics between embeddings 
of Astral40 and Astral40R datasets using standardized mean difference 
(Cohen’s d, equations (23) and (24); Extended Data Fig. 1a and 
Supplementary Table 6). Although the L2 norm significantly distin-
guished Astral40 from Astral40R for the ESM family of models, this 
distinction was absent in other pLMs (Supplementary Table 6 and 
Extended Data Fig. 1a). By contrast, COVfrag showed more consistent 
differentiation for the most evaluated pLMs—ESM family, PLUS-RNN 
and Bepler—but not the ProtT5 family. Interestingly, ̄Sfrag was signifi-
cantly different between Astral40 and Astral40R for ESM and ProtT5 
families but not for PLUS-RNN and Bepler. These findings suggest that 
the different metrics capture distinct aspects of representational 
learning across architectures. To convey the signals of these diverse 
characteristics into a single uncertainty metric, we devised the RNS, 
which ranks each protein embedding’s position—relative to both ran-
domized sequence and other protein embeddings—within the latent 
space of a pLM (Extended Data Fig. 1b).

We note that embedding representations of a protein sequence 
are derived from residue embeddings as either an average of all token 
(residue) embeddings or a most representative token embedding. In 
either case, the complete set of token embeddings, an array of vectors, 
would be more informative. Indeed, in our analysis, COVprot was less 
distinct thanCOVfrag, confirming the information loss incurred from 
averaging over the entire sequence. Nevertheless, protein-level embed-
dings remain widely used due to their convenience and lower compu-
tational costs. For this reason, we used protein-level embeddings to 
illustrate the utility of RNS in this study, whereas a more comprehensive 
residue-level analysis of RNS and related features may have been 
more informative.

The un(der)learned portion of the human proteome informs 
predictive performance
We found that 19.1% (3,450) and 46.2% (8,372) of the human proteome 
(18,100 proteins of length ≤1,022) is un(der)learned (RNSk=1,000  > 0) 
by ProtT5 and ESM-2 (3 billion (3 B)) models, respectively. Note that 
when all isoforms (n = 37,477) are considered, these proportions 
increase to 19.7% (7,386) and 49.8% (18,677). Unexpectedly, ESM-2—a 
model with 3 B parameters and also the backbone of ESMFold—exhib-
ited substantially higher uncertainty than ProtT5. We hypothesize that 
this could stem from the specialization of ESM-2 for structure predic-
tions, potentially at the expense of sequence-level generalization.

We extended our analysis to include other ESM variants (Table 1), 
namely ESM-1v and ESM-2 (with 650 million (650 M) parameters). 
These demonstrated lower uncertainty of 27.5% and 15.2% of the human 
proteome, respectively. These results further underscore that larger 
models do not universally outperform smaller ones across tasks and 
datasets. Note that, for this computation, proteins exceeding 1,022 
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Fig. 3 | Uncertainty in pLM latent representations varies across protein sets. 
Our RNS quantifies how similar a protein embedding is to the embeddings of 
random sequences in a given pLM’s latent space. Embedding of Astral40 protein 
domains (dark green, n = 14,711), four complete proteomes (Proteome4, light 
green, n = 42,471), IDPs (pink, n = 2,028), IDRs (red, n = 3,025) within IDPs, novel 
sequences from MAGs (orange, n = 11,369) and de novo hallucinated proteins 
(yellow, n = 2,000) was computed through different models (Methods and 
Supplementary Table 1). a, For the same model, the cosine similarity between 
protein and random sequence (Astral40R, gray) embeddings differs across 
protein sets (colors), reflecting the model’s learning bias. The distributions of 

average cosine similarities with random embeddings for each sequence set (each 
sequence versus all random) are presented as z-scores (xaxis, computed across 
all sequence sets for each model); outliers are omitted for clarity. The dashed 
blue lines in each box plot represent the mean of the distribution; black lines are 
medians; and blue dots represent statistical outliers beyond 1.5× IQR from the 
first and third quartiles of distribution. b, A two-dimensional t-SNE projection 
of ESM-2 embeddings shows distinct spatial distributions for diverse sequence 
sets. The extent of overlap with non-biological/random Astral40R embeddings 
(gray) illustrates uncertainty in ESM-2’s latent space (Supplementary Table 1). 
NovelMetaG, novel metagenomic sequences.
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residues were excluded due to the sequence length limitations imposed 
by ESM models.

With a more relaxed RNS threshold (RNSk=1,000 > 0.1), illustrating 
the performance of a potentially more tolerant downstream applica-
tion, the fraction of uncertain embeddings decreased, to 9.7% for 
ProtT5, to 10.4% for ESM-2 (3 B), to 8.8% for ESM-2 (650 M) and to 16.1% 
for ESM-1v, but did not disappear. Given that the human proteome is 
exceedingly well studied38—for example, there are many human protein 
structures in the PDB39—the expectation for other proteomes would 
be a higher number of underlearned protein representations40. Thus, 
we expect that application of embedding screening prior to down-
stream applications could increase the precision of the latter.

To evaluate the above conjecture, here we demonstrate the util-
ity of our RNS-based screening in improving the prediction of the 
effects of protein variants. We evaluated three pLMs—ProtT5, ESM-1v 
and the 650 M-parameter version of ESM-2 (Table 1)—on two different 
datasets of human variants, as described in ref. 16. In brief, these are 
variants (single-nucleotide polymorphisms (SNPs)) (1) annotated by 
the Protein Mutant Database (PMD)41 as knockout, effect or neutral 
with regard to the corresponding protein function changes (‘Function’) 
or (2) labeled by ClinVar42 as pathogenic or likely pathogenic versus 
identified as common or rare43 in the human population (Methods 
and Supplementary Table 1). For each model, we binned the proteins 
based on the RNS score of the corresponding protein and compared 
the log-likelihood score of variants, inferred from embeddings16, 
to the variant classes. Note that, although RNS can be computed 
at the residue level, this analysis focused on protein-level RNS for 
illustration purposes.

We evaluated the performance (equations (10–15)) of these three 
pLMs in distinguishing SNPs as all combinations of (knockout or effect) 
versus neutral and (pathogenic or likely pathogenic) versus (common 
or rare). The models attained the highest performance (area under the 
receiver operating characterisitc (AUROC) > 0.8; Methods) for variants 
from proteins with zero embedding uncertainty (RNSk=1,000 = 0; Fig. 5); 
AUROC dropped to approximately 0.5 for proteins with RNSk=1,000 > 0.8.

Given that RNS quantifies the model’s uncertainty in its representa-
tion of a protein, we hypothesized an inverse relationship between RNS 
and the ability of the model to correctly identify functionally impactful 
variants. Across all three models, effects of variants in proteins with low 
RNS values (<0.5)—that is, more certain embeddings—were, indeed, 
more readily distinguishable, whereas, for proteins with higher RNS 
values, variant impact was indistinguishable from wild-type. We also 
observed this trend when comparing predictions of ClinVar patho-
genicity versus common SNPs (Supplementary Fig. 9).

These results demonstrate diminished predictive capacity in down-
stream tasks when using embeddings of greater representational uncer-
tainty. In other words, prescreening for embeddings of high uncertainty 
could improve model performance. Beyond improving existing model 
performance, we suggest that the ability to select well-represented sam-
ples could also lead to better training sets for newly built downstream 
models. After all, better and more suitable-to-the-task data are arguably 
the best source of model improvement.

‘All models are wrong, but some are useful’
George Box’s famous maxim applies to pLMs just as well as any other 
model44. Here we demonstrated the limitations of using pLM-produced 
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Fig. 4 | RNS measures embedding uncertainty across a range of protein 
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computed for protein embeddings from multiple pLMs (a–f) across diverse 
sequence sets (yaxis, colors), including protein domains from the Astral40 
dataset (n = 14,711), proteomes from four model organisms (Proteome4, 
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of pLMs in representation of certain sequence sets in latent space. For example, 
IDR representations are consistently uncertain (close to random sequences 
in Astral40R) across all models, whereas Astral40 representations are mostly 
certain for models in a−c. The blue dashed line in box plots indicates the means of 
distributions; black lines are medians; and blue dots represent statistical outliers 
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combination in gray labels. NovelMetaG, novel metagenomic sequences.
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protein embeddings as protein representations. We advocate for 
assigning confidence measures to these embeddings prior to any 
downstream applications. To this end, we propose several measures 
of embedding uncertainty estimates, reflecting incomplete learning or 
representation gaps. One of these, the RNS, is a model-agnostic metric 
that can be readily applied to outputs of existing foundational models 
with minimal implementation effort. We argue that incorporating such 
screening strategies will enhance the reliability and interpretability of 
deep learning models in protein science. RNS can be integrated with 
pLM training workflows to pinpoint blindspots in the protein repre-
sentation space and dynamically steer model training.
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Methods
Protein datasets
We collected 14,711 sequences and structures of SCOPe domains of 
30−1,000 residues in length from the Astral40 dataset26,28. Astral40 
consists of non-redundant cluster representatives, clustered at 
40% sequence identity. For every Astral40 sequence, we generated 
five corresponding ‘synthetic’ sequences by randomly rearranging 
the residues. Thus, we generated Astral40R, comprising 73,555 
random sequences with the same amino acid composition as the 
Astral40 set.

In addition to Astral40 and Astral40R, we also collected six other 
sequence datasets: IDP, IDR, novel metagenomic proteins, novel hallu-
cinated proteins, PDB23to24 and Proteome4 (Supplementary Table 1). 
IDP and IDR consist of 2,028 and 3,025 intrinsically disordered pro-
teins and regions, respectively, extracted from DisProt36. The novel 
metagenomic protein set consists of 11,369 proteins translated from 
genes of MAGs of less than 30% sequence identity to UniRef100  
(refs. 35,51). The novel hallucinated protein set includes 2,000 syn-
thetic proteins of length 100 residues, generated using the trRosetta 
deep neural network37.

The PDB23to24 set consists of 663 protein chains (non-redundant 
at 30% sequence identity33) representing 930 monomeric and 
homo-multimeric structures with resolution <2.5 Å, deposited into 
the PDB31 between 2023 and 2024—that is, after the release of the most 
recent pLM considered in this study. The Proteome4 set comprises 
complete proteomes from four model organisms: Drosophila mela-
nogaster (fruit fly), Saccharomyces cerevisiae (baker’s yeast), Mus mus-
culus (mouse) and Homo sapiens (human), contributing, 6,176, 3,253, 
15,104 and 17,938 protein sequences, respectively52. To ensure unin-
terrupted processing of the sequences through pLMs, we restricted 
sequence lengths to 30–1,000 residues and removed any sequences 
containing non-standard amino acid residues.

Variant datasets
We used two human protein variant sets: (1) the functional set consists 
of 1,584, 3,818 and 1,777 mutants from 2,056 human proteins, classified 
as knockout, effect and neutral, respectively, based on the effect of 
these variants on protein function16,41; (2) the pathogenic set comprises 
2,499 pathogenic and 4,804 likely pathogenic genomic variants (SNPs) 
from ClinVar, combined with 1,887 common (minor allele frequency 
(MAF) ≥ 0.01) and 3,073 rare (0.01 > MAF ≥ 0.001) variants from 1,430 
human genes/proteins16,42,53. For each of the variants, we extracted the 
log-likelihood scores16 from pLMs: ESM-2 (650 M), ESM-1v and ProtT5 
(Table 1).

Dataset of non-biological sequences
To capture the latent space occupied by biologically meaning-
less sequences, we derived a negative control set of random 
sequences termed Astral40R. Astral40R consists of five randomly 
shuffled sequences for every one of 14,711 sequences in Astral40 
(Supplementary Table 1). The random shuffling rearranges the resi-
dues in a given sequence to new positions without changing the overall 
sequence amino acid composition. This removes any biologically mean-
ingful residue−residue interactions. We also repeated the experiments 
in this study using another version of the random sequence set, where 
Proteome4R contains one sequence generated by random shuffling of 
residues for every one of 42,471 proteins in Proteome4.

Extracting embeddings from pLMs
We analyzed protein representations in the form of embeddings 
derived from a range of pretrained pLMs. These included models 
from the ESM family—ESM-2 (3 B and 650 M), ESM-1, ESM-1b and 
ESM-1v (refs. 6,8)—and the ProtTrans T5 family, comprising ProtT5 
(ProtT5-XL-U50) and ProtTrans T5-BFD34. For comparison, we also 
included PLUS-RNN46, the Bepler & Berger model45 and three classical 

natural language models—Word2Vec47, FastText49 and GloVe50—adapted 
for amino acid sequences.

Protein embeddings and the corresponding perplexity scores 
from ESM-2, ESM-1v and ProtT5 models were retrieved via the Hugging 
Face Transformers interface. Protein embeddings from the three clas-
sical natural language models and the Bepler & Berger model45 were 
generated using the Bio Embeddings framework13. For PLUS-RNN46, 
we used Bio Embeddings for extracting embeddings and the author’s 
GitHub repository for perplexity calculation (ref. 46; https://github.
com/mswzeus/PLUS). For all models and datasets, protein-level embed-
dings were computed by averaging residue-level embeddings across 
the full length of each sequence.

Embedding similarity and distances
To quantify the similarity between two embeddings (e1 and e2), both 
cosine and Euclidean similarity metrics were employed (equations (1) 
and (2)). We chose a scaling factor of 0.5 over 1 in equation (2) to adjust 
the distribution’s spread and centering. This value, used consistently 
across our analyses, is arbitrary and chosen to aid visualization of pLM 
embedding similarity.

Cosine similarity(e1, e2) =
e1 ⋅ e2

|e1|2. |e2|2
(1)

Euclidean similarity (e1, e2) =
0.5

0.5 + |e1 − e2|2
(2)

Similarly, we had used cosine and Euclidean distances to measure 
distances between embeddings (equations (3) and (4)). Although 
all analyses were conducted using both distances/similarities, only 
the results derived from cosine-based measures are reported in this 
paper, given the consistency of the inferences obtained. Note that 
we also repeated all analyses using length-normalized embeddings 
(unit vectors), observing results consistent with those obtained 
without normalization.

Cosine distance (e1, e2) = 1 − e1 ⋅ e2
|e1|2. |e2|2

(3)

Euclideandistance (e1, e2) = |e1 − e2|2 (4)

Embedding visualization
We used t-SNE for dimensionality reduction of the pLM latent space. 
t-SNE two-dimensional projections were computed using ref. 54 with 
perplexity of 30 for 300 iterations, followed by 200 iterations of exag-
geration of 4, using cosine distance as metric.

RNS
We propose a new measure to quantify uncertainty of an embedding 
generated by a pLM, as a protein representation. RNS of a protein P1 
(RNSk(P1)) is the fraction of non-biological neighbors in a pLM’s latent 
space (equation (5)). In the study, we employ embeddings of Astral40R 
sequence set—generated sequences with random amino acid residue 
permutations (defined earlier) as representation of non-biological 
space. RNS is computed by measuring the fraction of these random 
sequences among ‘k’ nearest neighbors of a given protein embedding. 
RNS can further be extended to estimate uncertainty of a pLM for 
representation of a set of proteins (equation (6)).

RNSk (P1) =
1
k

k
∑
i=1
δ (i ) , whereδ (i) = 1 if i ∈ R, randomset (5)

RNSdatasetk (D1) =
1
n

n
∑
i=1

RNSk (Pi) (6)
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In this work, for a given set of proteins, the neighbors were identi-
fied from a combined pool comprising set protein embeddings and 
those of Astral40R, described above, that is a reference set of randomly 
generated non-biological sequences. To mitigate potential biases 
due to dataset imbalance, we applied undersampling to ensure an 
equal number of embeddings from each sequence set in each of the 
10 iterations. RNS values reported in this study are averaged over 100 
iterations. The neighborhood size (k) was varied from 10 to 1,000 to 
assess the sensitivity of RNS across scales.

Uncertainty measures
We compared RNS against existing uncertainty measures. We com-
puted two variants of pseudo-perplexity (PPL): PPLLOO (leave-one-out) 
and PPLunmasked

55.
For a protein sequence of length ‘l’ with tokens (x1, x2, …, xl), PPLLOO 

was computed by masking one residue at a time and re-parsing the 
sequence through the pLM, requiring ‘l’ forward pass in total. At each 
position i, the model predicts the probability P ( xi | xiM ), where xiM  
denotes the sequence with position i masked. The pseudo-perplexity 
is defined as:

PPLLOO = exp(− 1
l

l
∑
i=1

logP ( xi| xiM)) (7)

By contrast, PPLunmasked was computed using a single forward pass 
of the unmasked sequence. The logits at each position were used 
to estimate the token probabilities, and the pseudo-perplexity was 
calculated as:

PPLunmasked = exp(− 1
l

l
∑
i=1

logP ( xi| x)) (8)

PPLLOO provides a more faithful estimate of sequence-level 
uncertainty but at substantially higher computational cost, whereas 
PPLunmasked offers a scalable approximation suitable for large data-
sets and models. We computed PPLLOO on representative subsets of 
Astral40 and PDB23to24 using ProtT5 and ESM-2, enabling direct 
comparison to RNS under controlled conditions. For broader cover-
age, we computed PPLunmasked across all datasets using both ESM-2 
and PLUS-RNN.

Jensen–Shannon divergence analysis
To further quantify sequence-level uncertainty, we computed the 
Jensen–Shannon divergence between empirical and theoretical k-mer 
distributions. For a given protein sequence, we extracted contiguous 
k-mers (k = 2,3) and computed their empirical frequency distribution 
P. The theoretical k-mer distribution Q was obtained assuming uniform 
distribution. Because sparse k-mer distributions can lead to zero prob-
abilities, we applied additive smoothing with parameter α, adjusting 
raw counts ci for each k-mer i.

pi =
ci + α

∑V
j=1c j + α

where V is the total number of possible k-mers (20k). The Jensen–
Shannon ( JS) divergence between smoothed distributions P and Q 
is defined as:

JS (P| |Q ) = 1
2 DKL (P| |M ) + 1

2 DKL (Q| |M ) (9)

where M = 1
2
(P +Q) and DKL (P| |Q ) =

V
∑
i=1
pi log

pi
qi

We computed Jensen–Shannon divergence for k = 2 and k = 3 
across multiple values of the smoothing parameter α (α ∈ [0, 0.1, 0.01, 

0.001]), assessing the sensitivity of divergence to rare k-mer frequen-
cies. The values reported in this paper correspond to α = 0.

Alignment hits
We ran every protein sequence against UniRef50 and UniRef90 
(release 2022_01) using MMseqs33 with sensitivity parameter (s) of 
7.5 and minimum sequence identity of 30% (–cov-mode 2 –realign 
1 –alignment-mode 3 –max-seqs 100,000) to estimate the number of 
possible matches found during the model’s training. We compared the 
estimated number of matches to RNS.

Evaluation of prediction performance
We measured the impact of RNS-based prescreening of protein embed-
dings on various prediction performance using standard metrics (equa-
tions (10–15)) and including AUROC and area under the precision-recall 
curve (AUPRC)56.

Accuracy = Correctly predictedpositives andnegatives
Total number of positives andnegatives

(10)

Recall = Correctly predictedpositives
Total number of positives

(11)

Precision = Correctly predictedpositives
Total number of predictedpositives

(12)

Specificity = Correctly predictednegatives
Total number of negatives

(13)

F1 score =
2 (Precision × Recall)
Precision + Recall

(14)

Balanced accuracy = Recall + Specificity
2 (15)

For contact prediction, we focused on the precision of top L/k  
predictions, where L denotes the protein sequence length; k ∈ [1, 2, 5, 10];  
and contacts are defined as the number of unique residue pairs within 
8-Å distance between heavy atoms. Furthermore, we categorized 
the contacts into short-range (6–11 residues apart in the sequence), 
medium-range (12–23) and long-range (≥24) contacts. Similarly, for 
three-class secondary structure prediction for protein residues (helix, 
extended and other), we used Q3 accuracy (equation (16)).

Accuracy, Q3 = Numberof correctly predicted residues
Total number of residues

(16)

Features derived from embeddings
To quantify the information content of protein embeddings, we com-
puted four different measures:

(1) L2 norm of the full sequence embedding, representing the 
embedding magnitude.

|e|2 =√∑
d
i=1e

2
i (17)

(2) Covariance of residue embeddings across the full 
sequence (COVprot)

COVprot = sign (det (Σ)) ⋅ log ||det (Σ)|| , (18)

where Σ =
1
n
∑n
j=1 (e j − ̄e) (e j − ̄e)T  and n is the length of the protein and 

the number of residue embeddings.
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(3) Mean covariance among residue embeddings within all pos-
sible 15-residue fragments of the sequence (COVfrag)

COVfrag (w) =
1

n −w + 1

n−w+1
∑
i=1

COVfrag i, wherew is set as 15 (19)

(4) Average cosine similarity among consecutive residues in all 
possible 15-residue fragments ( ̄Sfrag; equations (20) and (21)). We intro-
duce this successive residue cosine similarity (SRCS) to measure the 
change in similarity between proximal residues along a protein 
sequence stretch (equation (20)). SRCS is a vector of similarity values, 
described as:

SRCSfrag (g,w) = [S (ei, ei+g) | 1 ≤ i ≤ w − g] (20)

Sfrag (g,w) =
1

w − g
w−g
∑
i=1

S (ei, ei+g) (21)

where S(ei, ej) represents the embedding similarity between residue i 
and j (equations (1) and (2)); w is the fragment length; and g denotes 
the sequence distance between residues. Unless otherwise specified, 
default values for w and g are 15 and 1, respectively.

For a given protein, we consolidate SRCS as a single score by aver-
aging over all fragments of length w (equation (22)).

Sprot (g,w) =
1

l −w + 1

l−w+1
∑
i=1

Sfrag i (g,w) (22)

Standardized mean difference
To quantify the size of the effect on embedding similarity of protein 
domains in real proteins versus randomly generated non-biological 
sequences, we computed standardized mean difference (SMD, Cohen’s d)  
for all embedding-derived metrics (equations (17–19) and (22)). For 
each metric, Cohen’s d was calculated as:

d = (M1 −M2) /spooled (23)

where M1 and M2 represent the mean values of the metric for the 
Astral40 and Astral40R sets, respectively, and pooled standard devia-
tion (spooled) is defined as:

spooled = sqrt (((n1 − 1) s21 + (n2 − 1) s22) / (n1 + n2 − 2)) (24)

with s1 and s2 denoting the standard deviations and n1 and n2 the sample 
sizes for each Astral40 and Astral40R.

Positive d values indicate that the metric is higher in Astral40 
than in Astral40R, whereas negative values indicate the reverse. 
Effect sizes were interpreted using standard thresholds (small ≥ 0.2, 
medium ≥ 0.5, large ≥ 0.8)57; relative trends across pLMs were empha-
sized for comparative purposes.

Statistical tests
Statistical significance was assessed using two-sided Mann–Whitney 
U-tests, Student’s t-tests, Pearsonʼs correlation and Kendallʼs rank cor-
relation, all implemented in SciPy58. Confidence intervals and standard 
errors were estimated by bootstrapping (100 iterations, 90% subsam-
pling without replacement). Box plots were generated in Matplotlib, 
with boxes spanning the interquartile range (IQR); central lines indicate 
medians; whiskers extend to the furthest points within 1.5× IQR; and 
points beyond are defined as outliers59.

Code runtime
We evaluated time requirements for RNS computation (Supplementary  
Fig. 10). For a dataset of 10,000 proteins with maximum k set at 1,000 

neighbors, the code for RNS computation with 100 iterations of under-
sampling typically takes approximately 2 minutes on GPU (16 cores, 
64 GB RAM; NVIDIA RTX 6000 Ada) and approximately 14 minutes on 
CPU (16 cores, 64 GB RAM).

Reporting summary
Further information on research design is available in the Nature 
Portfolio Reporting Summary linked to this article.

Data availability
Protein sequence datasets used in this study and their computed 
RNSs are available at https://doi.org/10.6084/m9.figshare.29080301  
(ref. 60). Source data are provided with this paper.

Code availability
A Python package to compute RNS is available at the figshare link 
above60 and at https://bitbucket.org/bromberglab/rns/src/main/.
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Extended Data Fig. 1 | Information-theoretic measures as indicators of protein 
uncertainty. (a) The absolute Standardized mean differences (Cohen’s d, circle 
location on |SMD| X-axes) were calculated to quantify the distinction between 
embeddings of Astral40 domains (n = 14,711) and Astral40R random sequences 
(n = 73,555) across multiple information-content-based measures, revealing 
differences in sensitivities across pLMs. The color of each circle ranges from  
blue (low SMD) to red (high SMD). (b) Correlation matrix presents the 

relationships between these measures and key confidence indicators, including 
Random Neighbor Score (RNS), ESM-2’s pLDDT scores, and the TM-scores 
comparing ESM2-predicted structures with experimental structures. Pearson’s 
correlation coefficients are below the matrix diagonal, while Kendall rank 
correlations are displayed above the diagonal, highlighting both linear and 
rank-based associations.

http://www.nature.com/naturemethods







	Quantifying uncertainty in protein representations across models and tasks

	Results

	Embeddings share the same defect as predictions

	Is there a ‘junkyard’ of embeddings?

	What is a ‘good’ embedding?

	Embedding uncertainty and downstream performance


	Discussion

	Choosing a model for a protein set

	RNS captures vector properties of unlearned embeddings

	The un(der)learned portion of the human proteome informs predictive performance

	‘All models are wrong, but some are useful’


	Online content

	Fig. 1 Protein structure prediction quality as a function of embedding certainty.
	Fig. 2 Higher RNS is associated with greater uncertainty and lower downstream prediction accuracy.
	Fig. 3 Uncertainty in pLM latent representations varies across protein sets.
	Fig. 4 RNS measures embedding uncertainty across a range of protein sets and pLMs.
	Fig. 5 Variant classification tasks are improved with RNS-based screening.
	Extended Data Fig. 1 Information-theoretic measures as indicators of protein uncertainty.
	Table 1 List of protein sequence embedders evaluated.




