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Abstract
Intrinsically disordered protein regions are ubiq-
uitous across all kingdoms of life. These struc-
turally heterogeneous regions play central roles
in cellular processes such as transcriptional reg-
ulation, cellular signaling, and subcellular orga-
nization, yet they have remained largely inacces-
sible to rational design. Structure-based genera-
tive methods are not applicable to proteins that
lack a stable fold, and existing sequence-based
approaches for disordered regions rely on sam-
pling methods that do not capture the evolution-
ary statistics of natural disordered regions. Here,
we introduce IDiom, an autoregressive protein
language model trained on 37 million intrinsi-
cally disordered region sequences curated from
the AlphaFold Database. Trained using a fill-in-
the-middle data augmentation, IDiom generates
disordered region sequences conditioned on their
surrounding structured context, as well as fully
disordered proteins without any context. The
model generates diverse sequences that recapit-
ulate biologically relevant sequence features of
natural disordered regions, and we demonstrate
that post-training via reinforcement learning with
a subcellular localization reward model produces
sequences with features which are consistent with
known sequence determinants of compartment-
specific localization. These results establish ID-
iom as a general platform for the generative de-
sign of intrinsically disordered proteins and re-
gions.

1. Introduction
Intrinsically disordered protein regions are ubiquitous across
all kingdoms of life. The functional relevance of intrinsi-
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cally disordered regions (IDRs) has become increasingly
clear recently, in spite of the classical dogma of protein biol-
ogy that structure implies function (Holehouse & Kragelund,
2024). While IDRs do not adopt well-defined folds, these
sequences can act as flexible linkers (González-Foutel et al.,
2022), multivalent signaling hubs (Wright & Dyson, 2015),
and drivers of biomolecular condensate formation (Mar-
tin et al., 2020; Elbaum-Garfinkle et al., 2015; Wei et al.,
2017), playing crucial roles in biological processes such
as transcriptional regulation, chromatin organization, and
subcellular organization (Holehouse & Kragelund, 2024;
Banani et al., 2017).

Rational design of IDRs would unlock new functional con-
trols in bioengineering, including tunable condensate phase
behavior, precise regulation of cell signaling, and targeted
protein localization (Tesei et al., 2026). While much of the
recent progress in protein design has been driven by accu-
rate structure prediction (Jumper et al., 2021; Abramson
et al., 2024) and diffusion-based generative models (Watson
et al., 2023; Chu et al., 2024; Pacesa et al., 2025), direct
application of these approaches to IDRs is untenable due to
their lack of a stable folded structure.

Sequence-based generative models have also been exten-
sively explored recently for applications in protein design.
Transformer-based (Vaswani et al., 2017) protein language
models (PLMs) have been trained on corpora of full length
protein sequences from databases such as the UniProt Refer-
ence Clusters and the Big Fantastic Database. These models
learn rich evolutionary statistics over amino acid sequences
and have enabled the design of novel proteins and functional
variants (Ferruz et al., 2022; Lin et al., 2023; Hayes et al.,
2025; Madani et al., 2023; Nijkamp et al., 2023; Bhatna-
gar et al., 2025). Nevertheless, the design of intrinsically
disordered regions with existing PLMs is not straightfor-
ward: since structured domains outnumber intrinsically dis-
ordered regions in the sequence databases on which current
PLMs are trained, the generative prior is largely biased to-
wards folded domains (Ferruz et al., 2022). Alternative
sequence-based approaches to IDR design have attempted
to use sampling-based methods to construct IDRs from com-
positional rules or simple statistical models (Pesce et al.,
2024; Krueger et al., 2024; Kilgore et al., 2025; Hunter et al.,
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Generative design of intrinsically disordered protein regions with IDiom

2026). However, these approaches cannot be conditioned on
any surrounding sequence context of generated IDRs, and
they do not capture the evolutionary statistics which emerge
from training on large corpora of natural protein sequences.

Here, we address this gap by training a 122M parameter
autoregressive, decoder-only protein language model called
IDiom using a dataset of 37 million intrinsically disordered
regions curated from the AlphaFold Database (Figure 1a)
(Varadi et al., 2022; 2024). We apply a fill-in-the-middle
transformation to the training data (Bavarian et al., 2022;
Li et al., 2023) to enable the model to generate IDR spans
conditioned on their surrounding context, a capability es-
sential for the design of disordered regions (Tesei et al.,
2026). Training on this dataset of disordered sequences
allows IDiom to learn a generative prior over the sequence
statistics of natural disordered regions, and we demonstrate
that the model generates diverse sequences that recapitulate
the compositions, patterning, and motifs of natural intrin-
sically disordered regions. We further show that IDiom
learns in-context: given the flanking sequence context of
a specific protein, the model generates disordered spans
whose sequence features are more appropriate for that con-
text than unprompted generations. Finally, we demonstrate
that IDiom can be post-trained using reinforcement learn-
ing, and we apply this to design disordered sequences with
targeted subcellular localization (Kilgore et al., 2025). To-
gether, these results establish IDiom as a general platform
for the generative design of intrinsically disordered proteins
and regions.

2. Results
2.1. Protein language modeling for intrinsically

disordered proteins and regions

To curate a dataset of intrinsically disordered region (IDR)
sequences for model training, we first use AlphaFold2 (AF2)
predicted structures from the AlphaFold Database (AFDB)
(Varadi et al., 2024) to identify IDRs of proteins. We use low
AF2 predicted local distance difference test (pLDDT) values
as a predictor of disorder, as this has been demonstrated to
correlate strongly with experimental measurements of disor-
der (Ruff & Pappu, 2021; Wilson et al., 2022; Zhao et al.,
2023). To curate these IDRs from the database, we first
cluster AFDB sequences at 90% sequence identity before
applying a windowed pLDDT-based threshold to identify
IDRs (Tesei et al., 2024), with proteins containing multiple
IDRs contributing multiple records to the dataset. Finally,
we discard IDRs shorter than 30 residues, IDRs which reside
in proteins whose full length is greater than 512 residues,
and proteins whose entire length is low-pLDDT. This pro-
cess yields a dataset of 37M IDRs and their positions within
their associated full length proteins (see Methods for more
details). Figure 1c (upper) depicts an example low-pLDDT

IDR, in orange, extracted by this process for the human
protein NPM1 (UniProt: P06748).

We use two baselines to validate our data curation strategy.
First, we use 1,017 experimentally validated IDRs from the
DisProt database as a ground-truth dataset of IDRs (Nugnes
et al., 2026). Second, we use 1,000 randomly chosen se-
quences from the Class, Architecture, Topology, and Homol-
ogous superfamily (CATH) database clustered at 60% iden-
tity (S60) as a ground-truth dataset of protein domains with
well-defined folded structures (Waman et al., 2025). Using
secondary structure content calculations, we show that this
method extracts IDRs with substantially lower secondary
structural content compared to CATH sequences (Figure
BS1). We note that our analysis shows that AF2 assigns
high secondary structural content (with low confidence) to
a fraction of the extracted IDRs, although this effect is also
reflected in the set of DisProt IDRs. We additionally run or-
thogonal disorder predictions on a subset of the dataset and
further validate that the curated sequences score similarly
to DisProt sequences on these metrics (Figures BS2, BS3).

Intrinsically disordered regions are naturally located at var-
ious locations within a protein sequence (Figure 1b). To
enable IDiom to infill sequences of intrinsically disordered
regions at arbitrary locations within a protein, we employ a
fill-in-the-middle data transformation (Bavarian et al., 2022;
Li et al., 2023). In this approach, we prepend the special
token <N> to residues in the N-terminal flanking context
before the IDR, the token <C> to residues in the C-terminal
context after the IDR, and the token <I> to residues of
the IDR span itself. Then, we transform the sequence by
relocating <I> and the IDR span to the end of the entire
sequence, thus allowing the standard causal language mod-
eling objective to generate IDR spans conditioned on any
preceding N-terminal and succeeding C-terminal flanking
context (see Figure 1a). In addition, to enable the gener-
ation of intrinsically disordered proteins (IDPs) with no
surrounding context, we augment the dataset by creating
records in which take each curated IDR and delete their N-
and C-terminal flanking context, enabling unconditioned
generation. The final dataset comprises 74M sequences
in total (37M IDRs and 37M IDPs), which we use to pre-
train IDiom. Additional details of the data augmentation,
model architecture, and training procedure are provided in
the Methods section.

2.2. IDiom generates diverse disordered regions and
proteins

To characterize the pre-trained model, we first generate two
sets of sequences: 100,000 unprompted IDPs (referred to
as generated IDPs), and a set of context-prompted IDRs
in which 100 IDRs are generated for each of 1,017 exper-
imentally validated IDRs from the DisProt set, using the
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Figure 1. Data curation, training, and generative modeling of intrinsically disordered regions (IDRs) and proteins (IDPs) using
IDiom. (a) Schematic depicting data preparation, pre-training, sequence generation, and post-training of IDiom. (b) Distribution of the
sequence locations of 37M IDRs curated from the AlphaFold Database (AFDB), as well as the locations of experimentally validated
DisProt IDRs. (c) AlphaFold2 (AF2)-predicted structures, amino acid sequences, and plots of predicted local distance difference test
(pLDDT) values of an example IDR curated from AFDB (NPM1, upper), an IDR generated by IDiom using SYFA as the prompt (middle),
and an unprompted generated IDP (lower). Blue and green regions correspond to the N-terminal and C-terminal flanking context around
the IDR, which is orange. (d) Distribution of maximum sequence identities of unprompted generated IDPs and DisProt-prompt generated
IDRs relative to the 37M IDRs of the training set, calculated using MMseqs2. (e) Distribution of sequence lengths of unprompted generated
IDPs, DisProt-prompt generated IDRs, natural DisProt IDRs, and training set IDRs. (f) Relative enrichment of amino acid compositions
of unprompted generated IDPs, DisProt-prompt generated IDRs, natural DisProt IDRs, and training set IDRs. The horizontal dashed line
is the reference composition of folded CATH domain sequences. (g) (Upper): AF2 prediction pLDDTs of generated unprompted IDPs,
natural DisProt IDRs removed from their surrounding context (DisProt IDPs), training set IDRs removed from their surrounding context
(train IDPs), and CATH domains. (Lower): AF2 prediction pLDDTs of DisProt-prompt generated IDRs, natural DisProt IDRs within their
context, training set IDRs within their context, and CATH domains.

IDR flanking contexts as prompts (referred to as gener-
ated IDRs). Representative examples of a DisProt context-
prompted IDR and an unprompted IDP are shown in Figure
1c (middle) and 1c (lower), respectively.

We find that across multiple metrics, IDiom generates se-
quences that closely resemble natural DisProt IDRs while
remaining diverse and distinct from the training data. The
distribution of maximum sequence identities to training set
IDRs peaks broadly around 60%, indicating that most gener-
ated sequences are substantially dissimilar to any sequence
seen during training (Figure 1d). Generated IDR and IDP

lengths are also consistent with those of both the training set
and DisProt IDRs, with most sequences below 100 residues
long and a tail extending to approximately 300 residues long
(Figure 1e).

To analyze the compositional biases of the IDRs and IDPs,
we compute the amino acid enrichment of training, gener-
ated, and DisProt sequences relative to a baseline composi-
tion of the folded CATH domains (Figure 1f). Consistent
with established compositional biases of disordered regions
(Theillet et al., 2013; Ruff et al., 2026), generated sequences
are strongly enriched in proline and serine, and depleted
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in order-promoting aliphatics such as leucine, isoleucine,
and valine, as well as the aromatics phenylalanine, trypto-
phan, and tyrosine. The trends for training and generated
sequences closely match natural DisProt IDRs across most
amino acids, with the closest agreement observed for IDRs
generated with the DisProt flanking contexts as prompts.
We note that the discrepancies with DisProt in the generated
compositions of cysteine and charged residues (glutamic
acid, lysine, and aspartic acid), may be attributed to the
small size and selection bias of the DisProt dataset.

We next assess the extent to which the generated sequences
are disordered by predicting their structures using ColabFold
(Mirdita et al., 2022); the resulting pLDDT distributions are
shown in Figure 1g. We run the structure predictions in two
settings. In the first, we compare the unprompted generated
IDPs to DisProt and training IDRs which are provided to
ColabFold as standalone sequences, without their flanking
context (i.e. as IDPs). In this setting, the pLDDT for a given
sequence is averaged across the entire IDP, generated or ex-
tracted (Figure 1g (upper)). In the second, we compare the
DisProt-prompt generated IDRs to the full protein DisProt
and training sequences. In this setting, we provide the full
generated, training, or DisProt sequence to ColabFold, and
the pLDDT is only averaged across the IDR span (Figure 1g
(lower)). Across both settings, generated sequences exhibit
pLDDT distributions that closely mirror those of DisProt as
well as the training set, confirming that IDiom is able to
generate sequences which are disordered to the same extent
as natural IDRs. We note that the pLDDTs of IDPs in isola-
tion are higher than for IDRs within their flanking context,
which may be due to dataset biases in the AF2 training data.
We additionally calculate secondary structure metrics and
conduct orthogonal disorder predictions on these generated
sequences, and we find that the metrics compare similarly
to DisProt IDRs (Figures BS1–BS3).

2.3. Generated sequences capture the residue patterning
of natural disordered regions

IDRs exhibit sequence patterning features that differ sub-
stantially from those of folded domains, including charac-
teristic charge distributions, hydrophobic residue patterning,
and low-complexity compositions (Langstein-Skora et al.,
2026; Ruff et al., 2026; Das et al., 2015). Figure 2a shows
representative generated sequences which illustrate canoni-
cal IDR features such as Q/N-rich low-complexity regions
(van der Lee et al., 2014), polyampholyte charge block pat-
terning (Mitrea et al., 2018), prion-like aromatic/glycine
patterning (Martin et al., 2020), and proline enrichment
(Theillet et al., 2013). To quantify how well IDiom reca-
pitulates these properties, we computed the distributions of
several sequence-level metrics for the generated, training,
and DisProt disordered sequences, as well as the folded
CATH domain sequences (Figure 2b-e).

Electrostatic interactions strongly influence the conforma-
tional behavior of IDRs, and both the overall charge content
and its linear patterning are closely linked to physical prop-
erties and biological function (Mantonico et al., 2024; Lin
et al., 2017; Mitrea et al., 2018; Das et al., 2015). The
fraction of charged residues (FCR, Figure 2b) distinguishes
strongly charged polyampholytes from weakly charged se-
quences. We find that the generated and natural IDRs and
IDPs span a wider range of FCR values than folded CATH
domains, reflecting the heterogeneity of natural IDRs, which
range from highly charged sequences in which electrostatic
repulsion drives disorder, to weakly charged low-complexity
sequences (Das & Pappu, 2013).

To characterize charge patterning, we calculate the linear
charge patterning parameter κ, which quantifies the devi-
ation of a given sequence from a maximally charge seg-
regated permutation of the same sequence (Das & Pappu,
2013). κ ≈ 0 indicates well-mixed opposite charges and
κ ≈ 1 indicates segregation into blocks of the same charge,
and we plot the distributions of these values in Figure 2c.
Consistent with prior work linking charge segregation in
IDRs to intermolecular interactions and phase behavior
(Mitrea et al., 2018; Ginell et al., 2025), natural IDRs from
the training and DisProt sets exhibit a tail toward high κ
values relative to CATH domains, a feature that IDiom
reproduces with its generated sequences.

We next examined hydrophobic patterning using the se-
quence hydropathy decoration (SHD) metric, which quan-
tifies the spatial clustering of hydrophobic residues along
the chain (Zheng et al., 2020). Generated sequences exhibit
substantially lower SHD values than folded CATH domains
(Figure 2d), consistent with the reduced hydrophobic cluster-
ing in disordered regions that prevents hydrophobic collapse
(Zheng et al., 2020). This trend closely matches natural
DisProt and training set IDRs, and it contrasts with folded
CATH domains, which exhibit higher SHD values, reflect-
ing the locally concentrated hydrophobic residues required
to stabilize buried protein cores (Dyson et al., 2006).

Finally, we assessed sequence complexity using the SEG al-
gorithm, which computes the average compositional entropy
over a sliding window (Wootton & Federhen, 1993). IDRs
frequently contain low-complexity segments (Romero et al.,
2001), and natural DisProt and training set IDRs show lower
complexity than folded CATH domains. Generated IDRs
and IDPs closely reproduce this shift, with the complexities
of generated sequences matching the DisProt distribution
well (Figure 2e). All together, these results demonstrate that
IDiom has learned the sequence grammar of disordered re-
gions across multiple metrics, and that generated sequences
closely recapitulate the sequence patterning features of nat-
ural IDRs.
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Figure 2. IDiom generates intrinsically disordered regions and proteins which capture the sequence patterning features of natural
sequences. (a) Example IDPs (upper row) and IDRs (lower row) generated using IDiom which exhibit canonical sequence features of
intrinsically disordered regions, including low complexity regions, charge blockiness, aromatic patterning, and compositional biases.
Greyed-out residues correspond to the flanking context of the IDR. (b)–(e) Distributions of various sequence metrics for generated IDPs
and IDRs, training set IDRs, DisProt IDRs, and folded CATH domains. Right subplots: Normalized Wasserstein-1 (W1) distance between
the distributions of DisProt IDRs and all other distributions. (b) Fraction of charged residues (FCR). (c) Charge patterning κ parameter.
(d) Sequence hydropathy decoration (SHD). (e) Sequence complexity quantified by the SEG algorithm.

2.4. Conditioned generation recapitulates
context-specific IDR sequence features

The previous analysis demonstrates that IDiom can gen-
erate sequences with patterning features and biophysical
properties which are similar to natural IDRs. To quantify
the agreement between generated and natural IDRs, we com-
pute the normalized Wasserstein-1 distance (W1) (Panaretos
& Zemel, 2019) between the distributions of each sequence
metric and the DisProt reference distribution (right subplots
of Figure 2b-e). Across most metrics, W1 distances for
generated sequences are low relative to folded CATH do-
mains, confirming that IDiom produces sequences that are
statistically much closer to natural IDRs than to folded pro-
teins. We find that in Figure 2b, the shift in mean values
for generated and training sequences relative to DisProt
leads to relatively larger W1 values compared to the other

metrics we consider, but we note that the shift relative to
the training data likely results from the relatively small set
of IDRs in DisProt. We also note that the shape of the
broad distribution of FCR values for generated and training
sequences matches that of DisProt more closely than the
narrower CATH distribution. Furthermore, W1 distances
for DisProt context-prompted IDRs are consistently lower
than for unprompted IDPs across all metrics, demonstrat-
ing that conditioning on flanking sequence context shifts
IDiom’s generations toward the sequence features of the
natural IDRs that reside inside those contexts. A detailed
case study of context-prompted generation using the NPM1
protein is provided in the Supplementary Information.

5



275
276
277
278
279
280
281
282
283
284
285
286
287
288
289
290
291
292
293
294
295
296
297
298
299
300
301
302
303
304
305
306
307
308
309
310
311
312
313
314
315
316
317
318
319
320
321
322
323
324
325
326
327
328
329

Generative design of intrinsically disordered protein regions with IDiom

MGPGS[ ]

Generate

RL Loss

Post-train

IDiom
ProtGPS score
Target length

Target Shannon entropy
KL Divergence penalty

a b c

Figure 3. Post-training IDiom with reinforcement learning enables the generation of sequences aligned with an external reward
model. (a) Schematic depicting the reinforcement learning process for post-training IDiom. ProtGPS is a reward model which returns a
score between 0 and 1 indicating the probability of a given sequence localizing to a chosen subcellular compartment. Quadratic penalties
are applied to sequences which deviate from the target ProtGPS score, target length, and target Shannon entropy, and a penalty is applied
for an increased Kullback-Liebler (KL) divergence of the post-trained model from the pre-trained base model. These metrics are combined
in a reinforcement learning loss which is used to update the IDiom policy. (b) Training curves depicting the ProtGPS score for a given
compartment, magnitude of the KL-divergence, DKL, and the average generated sequence length, as a function of post-training optimizer
steps. (c) Distribution of AlphaFold2 pLDDTs of sequences generated from IDiom checkpoints after 1500 post-training optimizer steps,
as well as pLDDTs of the original sequences used to train the ProtGPS reward model.

2.5. Sequence optimization using reinforcement learning

Our results demonstrate that IDiom has learned a strong
generative prior over IDR sequence space, and that the
model produces diverse and biologically realistic sequences.
This naturally positions the pre-trained model as a starting
point for sequence design: post-training via reinforcement
learning allows us to steer generation towards sequences that
score well on specified objectives while remaining IDR-like.
This approach allows the model to optimize arbitrary re-
ward functions such as computational predictors and reward
models trained on experimental data, while incorporating
explicit regularization to control sequence diversity, length,
and deviation from the base model (Ouyang et al., 2022;
Ferruz & Höcker, 2022; Xiong et al., 2025).

As a design target, we focus on subcellular localization,
as the ability to engineer protein localization could enable
both targeted delivery of therapeutics and modulation of
synthetic condensates (Ng et al., 2024; Dai et al., 2023). As
the reward model, we use ProtGPS, a neural network trained
with ESM2 embeddings to predict the probability of a given
protein sequence localizing to each of twelve specific sub-
cellular compartments (Kilgore et al., 2025; Lin et al., 2023).
Here, we post-train IDiom to optimize localization to four
compartments: the nucleolus, chromosomes/chromatin, P-
bodies, and stress granules. These compartments were cho-

sen because they are known to be enriched in proteins with
IDR-specific sequence features, including charge segrega-
tion, RNA-interacting motifs, nuclear localization signals,
and post-translational modification sites, thus providing a
clear test of whether RL post-training can induce the gener-
ation of biologically relevant sequence features.

We optimize IDiom using the reinforcement learning algo-
rithm Group Relative Policy Optimization (GRPO) (Guo
et al., 2025; Liu et al., 2025), and we generate unprompted
IDPs in all post-training runs (overview in Figure 3a). To
prevent reward hacking and to maintain sequence diversity,
we incorporate three forms of regularization: a Kullback-
Liebler (KL) divergence penalty DKL to prevent excess di-
vergence of the post-trained model from the pre-trained
base model, a quadratic penalty around a target sequence
Shannon entropy of H = 2.7 nats to prevent diversity col-
lapse, and a quadratic penalty around a target sequence
length of 100 residues. Figure 3b shows training curves
for the ProtGPS reward, DKL, and mean sequence length
versus post-training optimizer steps. The ProtGPS reward
increases steadily across all four compartments, the mean
sequence lengths converge to the target value, and DKL

remains below 0.4 throughout training, confirming that post-
training successfully optimizes the reward without diverging
substantially from the pre-trained base distribution.
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a b

c d

Figure 4. Post-trained IDiom models generate sequences which reproduce the amino acid compositional biases known to drive
subcellular localization. Amino acid composition of sequences generated after post-training IDiom to optimize the ProtGPS localization
score for the (a) nucleolus, (b) chromosome, (c) P-bodies, and (d) stress granules. Underneath each plot is one representative generated
sequence for each compartment, with sequence features such as nuclear localization signals, post-translational modification sites, and
RNA-binding motifs underlined.

Figure 3c shows the distributions of AlphaFold2 pLDDT val-
ues for sequences generated from each post-trained check-
point, alongside the pLDDT distribution of the full length
proteins used to train the ProtGPS predictor. The ProtGPS
training sequences have a wide distribution of pLDDTs,
with a substantial fraction of high-pLDDT residues, reflect-
ing the fact that ProtGPS was trained on full length pro-
teins containing both folded domains and disordered regions.
However, sequences generated by the post-trained IDiom
models maintain low pLDDT values, comparable to those
of natural IDRs, demonstrating that the KL regularization
successfully prevents the model from drifting towards the
sequence features of folded proteins in the ProtGPS training
set. This further confirms that post-training steers gener-
ation towards the desired compartment localization while
preserving the disordered nature of generated sequences.

2.6. Post-trained models generate sequences with
compartment-specific features

After post-training with the ProtGPS reward, we generate
10,000 sequences from each localization-optimized check-
point and analyze their amino acid compositions. Sequences
targeting specific subcellular compartments are expected to
have compositional biases that reflect their local biochemi-
cal environments, and we find that post-trained generations
exhibit biologically interpretable compositional shifts rel-
ative to both base model generations and DisProt IDRs
(Figure 4).

Nucleolar-targeting sequences are enriched in lysine and

arginine, consistent with the prevalence of positively
charged nuclear localization signals and the charge-rich
low-complexity regions found in nucleolar proteins (Musi-
nova et al., 2015; Martin et al., 2015). Sequences targeting
the chromosomes are enriched in serine and threonine, con-
sistent with the high density of phosphorylation sites charac-
teristic of chromatin-associating proteins, which are heavily
regulated by post-translational modification (Taverna et al.,
2007; Bannister & Kouzarides, 2011). The generated P-
body targeting sequences are glycine-rich and basic (lysine-
and arginine-rich), consistent with the RNA-binding mo-
tifs and arginine-glycine rich regions present in proteins
that associate with RNA granules (Chowdhury & Jin, 2023;
Thandapani et al., 2013). Finally, stress granule-targeting
sequences are similarly glycine-rich, consistent with the
low-complexity, RNA-interacting motifs expected in stress
granule associating proteins (Millar et al., 2023). Represen-
tative sequences generated from each checkpoint are also
shown in Figure 4, with specific sequence features such
as nuclear localization signals, post-translational modifica-
tion sites, and RNA-binding motifs underlined, illustrating
that the global compositional shifts accompanied by the
generation of specific local sequence features.

To further characterize the sequence features learned during
post-training, we analyze the compartment-specific genera-
tions for sequence patterning and sequence-specific motifs.
Charge segregation, quantified by κ, varies across com-
partments (Figure 5a), with nucleolus-targeting sequences
showing elevated κ relative to all other sequences; this ob-
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Nuclear Non-nuclear Reference Nuclear Non-nuclear Reference

Nuclear Non-nuclear Reference

a b e

c d

Figure 5. Proteins generated from post-trained IDiom models recapitulate specific sequences features which are characteristic of
each target cellular compartment. (a) Box plot of the distribution of κ charge patterning values for sequences generated from IDiom
checkpoints optimized for localization to the four labeled ProtGPS compartments. The horizontal orange line and band indicates the
mean and standard deviation of κ for sequences generated from the base pre-trained model. The green line indicates the mean κ value of
natural DisProt IDRs. (b) Plot of the percentage of generated sequences which contain at least one nuclear localization signal from the
Eukaryotic Linear Motif (ELM) Resource. (c) Plot of the percentage of generated sequences which contain the RNA-interaction sequence
motifs indicated in the legend. (≥ 1) indicates the presence of at least one motif within a given sequence. (≥ 2) indicates the presence of
at least two motifs within 30 residues of one another within a given sequence. (d) Plot of the average number of unique post-translational
modification (PTM) motifs from the ELM Resource per sequence for sequences generated from various model checkpoints or the DisProt
IDRs. (e) Plot of the ratio of the number of counts of all PTM motifs from the ELM Resource (MOD) appearing in a generated sequence
or DisProt IDRs, normalized to the counts within sequences generated by the base model.

servation is consistent with the prevalence of charge-block
architectures in nucleolar-associating IDRs (Miyagi et al.,
2022). In contrast, sequences targeting stress granules and
P-bodies show reduced κ relative to baselines, consistent
with the weakly charged nature of stress granule proteins
(Molliex et al., 2015) and the aromaticity-driven nature of P-
body condensate formation (Martin et al., 2020). In addition,
we find that sequences targeting the nucleolus and chromo-
somes are enriched in nuclear localization signals (NLSs),
as is expected for these nuclear compartments (Ba¨uerle
et al., 2002). We scan generated sequences for a curated set
of NLS patterns from the Eukaryotic Linear Motif (ELM)
Resource (Kumar et al., 2024) (patterns in the Supplemen-
tary Information), and we find that a substantially higher
fraction of nucleolus- and chromosome-targeting sequences
contain at least one NLS compared to sequences targeting
cytoplasmic compartments (Figure 5b).

Chromosome-associating proteins are heavily regulated
through post-translational modifications (PTMs), and we
probe whether chromosome-targeting sequences are corre-

spondingly enriched in PTM motifs (Pejaver et al., 2014).
We scan generated sequences for all 40 PTM motif classes
from the ELM Resource (Supplementary Information).
Chromosome-targeting sequences show a pronounced in-
crease in MOD-motif density, with over 10 putative unique
PTM sites per sequence on average, compared to approxi-
mately 5-7 sites per sequence for other compartments (Fig-
ure 5c). In Figure 5d we quantify enrichment as the ratio of
motif counts in post-trained generations relative to the base
model, finding that the enriched motifs span multiple kinase
families, including AGC-class sites, PIK/PIKK-associated
phosphorylation sites, acidophilic CK2 motifs, and proline-
directed CDK-class motifs. This broad enrichment across
kinase families is consistent with PTM-driven regulatory
control being a crucial role of chromatin-interacting proteins
(Taverna et al., 2007; Bannister & Kouzarides, 2011), and it
demonstrates that post-training with a localization reward is
sufficient to induce the generation of these specific sequence
features.

P-bodies and stress granules are RNA-rich condensates
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with central roles in mRNA regulation and decay (Decker
& Parker, 2012), and we find that post-trained sequences
targeting these compartments are enriched in short RNA-
interaction motifs including RG/RGG tracts, F/YGG mo-
tifs, and SYG motifs (Figure 5e). RG/RGG-rich regions
are widely implicated in RNA binding and recruitment
to ribonucleoprotein assemblies (Chowdhury & Jin, 2023;
Thandapani et al., 2013), while F/YGG (Van Lindt et al.,
2022; Sänger et al., 2021) and SYG (Bressin et al., 2019;
Kato et al., 2012) motifs provide aromatic sticker elements
that mediate π-π and cation-π interactions which drive
phase separation in low-complexity IDRs. The emergence
of these motifs through post-training indicates that optimiz-
ing for RNA granule localization is also sufficient to induce
the generation of RNA-interaction sequence grammars.

Altogether, these results demonstrate that RL post-training
using the ProtGPS predictor as a reward model is able to
teach IDiom the global amino acid compositions, sequence
patterning, and specific motifs which are necessary for
compartment-specific localization. Each of the changes we
identify is biologically interpretable and consistent with the
known sequence determinants of localization to or interac-
tion with the corresponding compartment, and these features
emerge without any explicit supervision. This indicates
that the post-training of IDiom to optimize the ProtGPS
score alone is sufficient to learn the necessary compartment-
specific sequence grammars for subcellular localization of
IDRs.

3. Discussion
IDiom demonstrates that a protein language model trained
exclusively on intrinsically disordered region sequences
can faithfully capture the highly contextual evolutionary
statistics of natural IDRs. The pre-trained model gener-
ates diverse sequences that recapitulate the compositional
biases, charge patterning, hydrophobic decoration, and low-
complexity features of natural disordered regions. Crucially,
the model is able to generate highly plausible disordered
sequences while remaining substantially dissimilar to the
training examples. Furthermore, IDiom learns in-context
and is able to generate IDRs conditioned on flanking se-
quence context that are more similar to the natural IDRs
that exist within that flanking context, as demonstrated by
the DisProt context-prompted IDRs.

Beyond generation from the base pre-trained model, we
demonstrate that IDiom can be post-trained using rein-
forcement learning to optimize arbitrary external reward
functions. While here we demonstrate this using ProtGPS
as the reward signal for subcellular localization, the post-
training approach is general. IDiom can be combined with
any objective, such as sequence-based predictors of con-
formational ensembles (Novak et al., 2026), intermolecular

interactions (Ginell et al., 2025), phase behavior (Von Bülow
et al., 2025), as well as machine-learned predictors of ex-
perimentally characterized biological function such as tran-
scriptional activity (Sanborn et al., 2021; DelRosso et al.,
2023) or direct binding affinity (DelRosso et al., 2024). Post-
training can also be applied directly to experimental data,
using approaches such as direct preference optimization
(Xiong et al., 2025; Rafailov et al., 2024) or energy rank
alignment (Ibarraran et al., 2026; Chennakesavalu et al.,
2025). Such approaches would enable iterative optimiza-
tion of the generative model as new experimental measure-
ments become available. Due to the often modular nature
of IDRs, a designed IDR could be inserted or appended to
a full length protein to tune localization, phase behavior,
or signaling properties without redesigning the folded do-
mains. Additionally, the prevalence of short IDRs in our
training data (Figure 1e) also makes IDiom well-suited for
the design of disordered peptides for therapeutic applica-
tions. Finally, IDiom offers interesting opportunities for
shrinking proteins containing functional IDRs, an important
objective in protein delivery (Baron et al., 2026).

IDiom can also enable the automated discovery of evo-
lutionarily and biologically important sequence features
within IDRs. In the examples with the ProtGPS reward
model, we manually identified sequence features to analyze
in the post-trained sequences. Future work applying tech-
niques such as feature learning with sparse autoencoders
(Cunningham et al., 2023) would enable automatic identifi-
cation of prominent sequence features learned by IDiom.
While prior work has studied the features learned by protein
language models trained on full length sequences, intrinsi-
cally disordered regions are poorly resolved in those learned
feature spaces (Simon & Zou, 2025). In contrast, sparse au-
toencoders trained on IDiom representations would be free
from folded domain features, allowing for more precise iden-
tification of sequence grammars that underlie intrinsically
disordered regions. When applied to post-trained models,
this approach could further reveal the function-specific fea-
tures that underlie biological function, such as subcellular
localization.

Intrinsically disordered regions play central roles in cellular
processes such as gene regulation, subcellular compartmen-
talization, and signaling, yet they have remained largely
inaccessible to rational design. IDiom provides a gener-
ative framework for disordered sequence design that can
be steered towards specific functional objectives through
post-training. Combined with high-throughput experimen-
tal assays and machine learned reward models trained on
experimental data, this platform offers a path toward the sys-
tematic design and engineering of intrinsically disordered
proteins and regions, opening new avenues in synthetic biol-
ogy, targeted therapeutics, and the design of programmable
condensates.
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Fichó, E., DisProt Consortium, Tompa, P., Piovesan, D.,
Tosatto, S. E., and Aspromonte, M. C. DisProt in 2026:
enhancing intrinsically disordered proteins accessibility,
deposition, and annotation. Nucleic Acids Research, 54
(D1):D383–D392, January 2026. ISSN 1362-4962. doi:
10.1093/nar/gkaf1175. URL https://doi.org/10
.1093/nar/gkaf1175.

Ouyang, L., Wu, J., Jiang, X., Almeida, D., Wainwright,
C. L., Mishkin, P., Zhang, C., Agarwal, S., Slama, K.,
Ray, A., Schulman, J., Hilton, J., Kelton, F., Miller, L.,
Simens, M., Askell, A., Welinder, P., Christiano, P., Leike,
J., and Lowe, R. Training language models to follow
instructions with human feedback. NeurIPS, 2022.

Pacesa, M., Nickel, L., Schellhaas, C., Schmidt, J., Py-
atova, E., Kissling, L., Barendse, P., Choudhury, J.,
Kapoor, S., Alcaraz-Serna, A., Cho, Y., Ghamary, K. H.,
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A. Methods
Data Curation We curate our dataset of intrinsically disordered regions from the AlphaFold Database (AFDB), version 4.
First, we use MMseqs2 to cluster the 214M AFDB sequences at 90% identity and 80% coverage (other MMseqs2 parameters
below). Next, we follow the method of (Tesei et al., 2024) to determine the sequences and locations of pLDDT-based IDRs
within the MMseqs2 cluster representative proteins. In this method, we first apply a 15 residue-wide averaging filter to the
pLDDT values. Next, we mark residues with pLDDT > 80 as folded, pLDDT < 70 as disordered, and 70 < pLDDT < 80
as gap regions. Folded and disordered regions with a length shorter than ten residues are reclassified as gaps. If a gap region
is flanked by two disordered regions, or if it is N- or C-terminal and is adjacent to a disordered region, we relabel it as
disordered. All other gap regions are relabeled as folded. Each record within the dataset corresponds to a different IDR, and
any given protein may yield ≥ 1 IDR. IDRs which are located in proteins whose full length is greater than 512 residues,
IDRs shorter than 30 residues long, and sequences whose entire length is low-pLDDT are discarded. This curation process
yields 37M IDRs and their associated N- and C-terminal flanking contexts.

Sequence Clustering and Percent Identity Characterization We use MMseqs2 to cluster sequences in the AlphaFold
Database at 90% identity and 80% coverage. MMseqs2 was run using the following command: mmseqs linclust
--min-seq-id 0.9 --cov-mode 0 -c 0.8 --cluster-mode 2.

We also use MMseqs2 to identify the sequence identity of generated sequences with respect to the training set. Specifically,
we compare generated IDR and IDP sequences against the 37M AFDB training set IDRs without their surrounding context.
MMseqs2 was run with the following command to search the generated sequences against the AFDB training set IDRs:
mmseqs search --max-seqs 1 -e 1e3 --min-seq-id 0.0 -c 0.0. For each generated sequence, this
command returns the sequence identity of the closest match in the training set, which is plotted in Figure 1.

Tokenization We tokenize protein sequences using a simple alphabet in which each amino acid is represented by a single
token. We introduce the tokens <N>, <C>, and <I> to denote the N-terminal flanking context of an IDR, the C-terminal
flanking context, and the IDR span itself, respectively. We additionally add the standard beginning-of-sequence <bos> and
end-of-sequence <eos> tokens to all sequences, and we pad all sequences to the maximum length of 512 tokens using
the <pad> token. The total size of the alphabet we use is 27 tokens (20 amino acids, <N>, <C>, and <I>, and <bos>,
<eos>, <pad>, and <mask>.

Data Augmentations To process the curated AFDB IDRs for model pre-training, we transform the protein sequences
into a fill-in-the-middle format. We prepend the token <N> to any N-terminal context of the IDR, prepend <I>
to the IDR itself, and prepend <C> to any C-terminal context of the IDR. We then rearrange the sequence in the
order <N><N-terminal context><C><C-terminal context><I><IDR span>. An example sequence is
<N>MEDS..HLVA<C>SVED..RKSL<I>VEED..KGPS.

We augment the data with intrinsically disordered proteins by duplicating the set of IDRs and removing their N- and
C-terminal flanking contexts. An example sequence from this data augmentation is <N><C><I>VEED..KGPS. In all, this
produces 74M sequences for training (37M IDRs and 37M IDPs).

Model Architecture IDiom is a 12-layer decoder-only Transformer with 14 attention heads and a hidden dimension of
dmodel = 896. The model employs pre-LayerNorm and utilizes the SwiGLU non-linearity (Shazeer, 2020) in all feedforward
networks. The feedforward network expansion ratio is 8/3, resulting in a total of 122M trainable parameters. Positional
information is encoded using Rotary Position Embeddings (RoPE) (Su et al., 2023). The model processes sequences with a
maximum length of 512 tokens, and shorter sequences are padded to this length. Multi-head attention is computed using
Flash Attention (Dao et al., 2022).

Pre-training We pre-train IDiom on the aforementioned 74M sequences. The data are randomly split into 99% training,
0.5% validation, and 0.5% test sets. All sequences are padded or truncated to a fixed length of 512 tokens. The model is
trained autoregressively using next-token prediction.

Training is performed using the AdamW optimizer with a learning rate of 4.0× 10−4 and no weight decay. The learning rate
schedule uses a linear warmup over the first 3,000 steps, followed by cosine annealing decay to a minimum of 4.0× 10−5

(10% the initial learning rate) over 250,000 total training steps. The global batch size is 1,024 (Distributed Data Parallel
training with 128 sequences per GPU across 8 NVIDIA H100 GPUs), with no gradient accumulation. We use a cross-entropy
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loss while ignoring contributions from pad or mask tokens. Training is performed in mixed precision (fp32/bfloat16) and no
gradient clipping is applied. Model validation is performed every 25,000 training steps on the validation set, and training is
run for 250,000 optimizer steps. The training and validation curves are presented in the Supplementary Information.

Sequence Generation We generate IDR sequences from IDiom using autoregressive decoding. At each position t in the
sequence, we compute the model logits zt and convert them to a probability distribution via p(xt|x<t) = softmax(zt/T ),
then sample the next token from this full categorical distribution over the vocabulary. We use a fixed sampling temperature
of T = 1.0 for all generations

Sequence generation supports both prompted and unprompted modes. For prompted generation, the N- and C-terminal flank-
ing contexts are provided as the prompt in fill-in-the-middle format: <N><N-terminal context><C><C-terminal
context><I>, and the model generates the IDR span autoregressively following the <I> token. For unprompted gen-
eration of fully disordered proteins, the prompt consists of only the three special tokens without any flanking context:
<N><C><I>, and the model generates the disordered sequence. In both cases, generation terminates upon sampling the
<eos> token or upon reaching the maximum sequence length of 512 tokens.

Post-training We fine-tuned IDiom using Group Relative Policy Optimization (GRPO) with the Decoupled Advantage
Policy Optimization (DAPO) modification. During GRPO training, for each batch of sequence prompts, the model generates
multiple completions per prompt (group size = 8). Rewards are computed for each generated sequence using a reward
function that combines three rewards: 1) A quadratic reward around a target ProtGPS score of 0.9 for the desired target
compartment, 2) A quadratic reward around a target sequence length of Ltarget = 100 residues, and 3) A quadratic reward
around a target sequence Shannon entropy of Htarget = 2.7 nats to prevent diversity collapse.

Within each group, advantages are computed as normalized relative rewards: Ai =
ri−r̄g
σg

, where r̄g and σg are the
group-wise mean and standard deviation. The GRPO loss combines a clipped policy gradient term (PPO-style clipping with
ϵclip = 0.2) weighted by advantages, and a KL-divergence penalty LKL = βKLDKL(pref||pcurrent) with strength βKL = 0.02.
The total loss is optimized per-token on generated completions only (any prompt tokens are masked).

Post-training is performed with a learning rate of 5× 10−6, the AdamW optimizer, and a global batch size of 8, for 1,500
optimizer steps. Post-training was performed separately for all 12 target cellular compartments in ProtGPS, although we
only analyze the sequences generated from checkpoints trained for localization to the nucleolus, chromosomes, P-bodies,
and stress granules.

Structure Prediction We use Colabfold (Mirdita et al., 2022) to perform AlphaFold2 structure predictions on generated
sequences and determine the predicted local distance difference test (pLDDT) values.

Sequence Analysis We use the Sparrow package (Holehouse, 2022) to calculate sequence-level metrics such as charge
patterning κ, sequence hydropathy decoration, sequence complexity (SEG), and fraction of charged residues. Short linear
motif (SLIM) analysis is performed with a regular expression search using the SLIM regular expressions from the Eukaryotic
Linear Motif Resource (Kumar et al., 2024). The specific regular expressions are presented in the Supplementary Information

Visualization Protein structure visualization is performed with PyMOL (Schrödinger, LLC, 2025).

Data and Code Availability The code used for model pre-training, sequence generation, and post-training is available on
Github:

Information regarding these artifacts is provided in the Supplementary Information.
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B. Supplementary Information
B.1. Datasets

Here we describe the datasets provided on HuggingFace:

Below, we describe the data files under idr datasets/training sequences:

• AFDB IDR 90 reps.fasta contains the 53M cluster representatives after the initial 214M full length AFDB protein
sequences are clustered at 90% identity, 80% coverage.

• AFDB IDR 90 alldata.h5 contains 73M IDRs as extracted from the AFDB according to the Te-
sei logic (Tesei et al., 2024) (see Methods), and after filtering for IDRs belonging to the 53M clus-
ter representatives identified in AFDB IDR 90 reps.fasta. This HDF5 file contains the following
keys: <KeysViewHDF5 [’accession ids’, ’full avg plddt’, ’full length’, ’full seq’,
’idr end’, ’idr length’, ’idr plddt’, ’idr start’, ’idrs’]>.

• AFDB IDR 90 FIM 512.h5 is created from AFDB IDR 90 alldata.h5 by filtering out IDRs whose full length
sequences are longer than 512 residues. We also find that ∼ 1/3 of records in AFDB IDR 90 alldata.h5 are
fully low-pLDDT sequences, and we filter out those sequences because we find that they are not representative of
intrinsically disordered proteins. We only keep sequences with both low- and high-pLDDT regions. We hypothesize
that sequences which are fully low-pLDDT are due to AlphaFold2’s poor confidence in sequences which are not similar
to those seen during training, rather than because they are fully intrinsically disordered proteins. For the remaining
37M IDRs, we apply the fill-in-the-middle (FIM) transformation as well as IDP data augmentation as mentioned in the
Methods, and place those records into AFDB IDR 90 FIM 512.h5. We note that we represent the <N>, <C>, and
<I> tokens with 1, 2, and 3, respectively, in this HDF5 file as well as in the codebase. This is the final file used for the
precompute and pre-training steps.

• AFDB IDR 90 FIM 512 full.fasta contains the 37M full length sequences (in correct order, not FIM-
transformed) contained in AFDB IDR 90 FIM 512.h5. The fasta header contains IDR X-Y where X and Y are the
1-indexed indices of the start and end (inclusive) of the intrinsically disordered region.

• AFDB IDR 90 FIM 512 idrs.fasta contains only the sequences of the 37M intrinsically disordered regions in
AFDB IDR 90 FIM 512 full.fasta, without their surrounding context.

We also provide several datasets of sequences generated by our model under idr datasets/generated sequences.
All generated sequences are provided in FASTA format along with their corresponding autoregressive model log (pickle
format).

• Generated IDPs: 100,000 unprompted intrinsically disordered proteins.

• Generated IDRs: 101,700 intrinsically disordered regions generated using 1,017 DisProt flanking contexts prompts
(100 generated IDRs per prompt).

• Generated NPM1 IDRs: 100,000 sequences generated using the NPM1 flanking context as the prompt (UniProt:
P06748).

• Generated ProtGPS Sequences: 10,000 IDPs generated from post-trained checkpoints. Post-training was done to
optimize ProtGPS localization scores for the four target compartments: chromosome, nucleolus, P-body, and stress
granule.
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B.2. Models

Here we describe the model checkpoints and other files provided on HuggingFace:

Below, we describe the directories under idiom/:

• base/ contains the checkpoint of our pre-trained base IDiom model, along with its configuration files.

• post trained/protgps reward/ contains the checkpoints of IDiom post-trained via reinforcement learning
using the ProtGPS reward model, one checkpoint per target compartment. In this paper, we analyzed results for 4
compartments: the nucleolus, stress granules, P-bodies, and chromosomes. However, post-training runs were conducted
for all 12 ProtGPS compartments (chromosome, nucleolus, nuclear speckle, nuclear pore complex, P-body, PML body,
post-synaptic density, stress granule, Cajal body, RNA granule, cell junction, and transcriptional condensate). We leave
analysis of the remaining compartments to future work.

• protgps/ contains the ProtGPS reward model used during reinforcement learning post-training.

• data/ contains auxiliary files used during training and inference.
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B.3. Secondary Structure Metric Analysis

Here we present analysis of secondary structure metrics for training, generated, DisProt, and CATH sequences. Secondary
structure was assigned per residue using the dictionary of secondary structure of proteins (DSSP) algorithm as implemented
in MDTraj (McGibbon et al., 2015). Secondary structure content was then defined as the sum of the mean α-helical and
mean β-sheet fractions across all residues. Fig. BS1 shows histograms of the average secondary structure content of 100
randomly chosen sequences from the various training, generated, DisProt, and CATH sets of proteins.
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Figure BS1. Secondary structure content analysis. Histograms of of the average secondary structure content (α + β) for the AF2-
predicted structures of 100 randomly chosen sequences from the following sets of sequences: (a) Secondary structure content of training
IDRs, generated IDRs, DisProt IDRs, and CATH sequences, with their structures predicted with surrounding context included. (b)
Secondary structure content of training IDPs, generated IDPs, DisProt IDPs, and CATH sequences, with their structures predicted without
their surrounding context. (c) Secondary structure content of IDPs generated from post-trained IDiom checkpoints and CATH sequences,
with their structures predicted with surrounding context included.
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B.4. Disorder Predictions

Here, we present orthogonal disorder predictions from Metapredict v3 (Lotthammer et al., 2024) and IUPred3 (Erdős et al.,
2021). For both predictors, a higher value represents a higher propensity towards disorder.
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Figure BS2. Disorder predictions from Metapredict V3. Higher values correspond to higher propensity towards disorder. The horizontal
green and red dashed lines correspond to the predicted Metapredict V3 values for 1,017 DisProt IDRs and 1,000 CATH sequences,
respectively. The bars correspond to predicted Metapredict values for 10,000 sequences generated from IDiom for each condition, as
well as 10,000 training sequences. The sequences generated from IDiom include unprompted IDPs, DisProt-prompted IDRs, NPM1
IDRs, and IDPs generated after post-training for localization to the chromosomes, nucleolus, P-bodies, and stress granules.
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Figure BS3. Disorder predictions from IUPred3. Higher values correspond to higher propensity towards disorder. The horizontal green
and red dashed lines correspond to the predicted IUPred3 values for 1,017 DisProt IDRs and 1,000 CATH sequences, respectively. The
bars correspond to predicted IUPred3 values for 10,000 sequences generated from IDiom for each condition, as well as 10,000 training
sequences. The sequences generated from IDiom include unprompted IDPs, DisProt-prompted IDRs, NPM1 IDRs, and IDPs generated
after post-training for localization to the chromosomes, nucleolus, P-bodies, and stress granules.
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B.5. ESM3 Comparison

Here we present comparison plots between sequences generated by IDiom and ESM3, using the same 1,017 DisProt
flanking domain prompts. ESM3 sequences are generated using iterative decoding. A total of 1,000 sequences are sampled
for each prompt. As ESM3 consists of a bidirectional transformer architecture, the length of the generated IDRs is fixed at
the length of the ground truth IDR. The number of decoding steps, i.e. forward passes until the sequence is fully unmasked,
is set to be the minimum of 20 and the ground truth IDR length for each prompt. Tokens are sampled with a temperature of
1.0, and all other default inference hyperparameters for ESM3 are used. We find that compared to IDiom, ESM3-generated
IDRs are extremely low-complexity sequences, with a peak in the SEG complexity distribution around 0.5 (Figure BS4).
We show three example ESM3-generated IDRs below, in red:

UniProt P48439:
MNWLFLVSLVFFCGVSTHPALAHFLDLLLLLLLLLLLLLQLILTAILAAIALLLLLLFLL

IVIGILLGLSLGALQLLLLLLLLLLLLSFALQLIFAAILAALLLILLLLLLLIVIGILLS

LSFGALQLLILLLILLLWLLTLLLAKQLKLALALILAAILAALILLLLLLLLLLLIVIGI

LFGLSLSALQLLLFLLLLLLLLLLVSFALKLKNPISRIIWATLSTFFIICMISAYMFNQI

RNTQLAGVGPKGEVMYFLPNEFQHQFAIETQVMVLIYGTLAALVVVLVKGIQFLRSHLYP

ETKKAYFIDAILASFCALFIYVFFAALTTVFTIKSPAYPFPLLRLSAPFK

UniProt Q9NS23-4:
MPCHPPPLPPPPPPPSPPPEEEEEEEEIEEEGEEEEPPASPLPPASPPAPEPVEWETPDL

SQAEIEQKIKEYNAQINSNLFMSLNKDGSYTGFIKVQLKLVRPVSVPSSKKPPSLQDARR

GPGRGTSVRRRTSFYLPKDAVKHLHVLSRTRAREVIEALLRKFLVVDDPRKFALFERAER

HGQVYLRKLLDDEQPLRLRLLAGPSDKALSFVLKENDSGEVNWDAFSMPELHNFLRILQR

EEEEHLRQILQKYSYCRQKIQEALHACPLG

UniProt Q14011:
MASDEGKLFVGGLSFDTNEQSLEQVFSKYGQISEVVVVKDRETQRSRGFGFVTFENIDDA

KDAMMAMNGKSVDGRQIRVDQAGKSSDNRGGGGGGGGGRGGGGGGGGGGGGRGGGGGGRG

GGGSGGGGGGRGGGGGSGGRGGGGGGGGGGGGGGGGGGGGGRGGGGGGGGRY
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Figure BS4. Comparison between ESM3-generated IDRs and IDiom-generated IDRs. (a)–(d) Distributions of various sequence
metrics for sequences generated from IDiom versus ESM3. Training set IDRs, natural DisProt IDRs, and folded CATH domains are
shown as well. (a) Fraction of charged residues (FCR). (b) Charge patterning κ parameter. (c) Sequence hydropathy decoration (SHD).
(d) Sequence complexity quantified by the SEG algorithm.
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B.6. In-Context Learning Case Study: NPM1

Here, we consider the human protein NPM1 (UniProt: P06748) as a case study to further illustrate the model’s ability to
learn via in-context conditioning. NPM1 has an IDR (residues 119–242) which drives nucleolar phase separation through
charge block patterning that mediates interactions with itself (Mitrea et al., 2018) as well as binding partners such as SURF6
(Ferrolino et al., 2018). Using the flanking regions around this IDR as the prompt (green and blue domains in Figure 1c
(upper)), we generated 100,000 IDRs and filtered out any with sequence identity > 90% to the wild-type (WT) NPM1
IDR (Figure BS5a). Figure BS5b shows the distribution of κ values for NPM1-prompted generations, randomly scrambled
versions of those sequences, and the dataset of DisProt IDRs. We find that the κ distribution of NPM1-prompted generations
is peaked near the WT NPM1 value, and is substantially shifted toward higher charge segregation than either randomly
scrambled sequences or generic DisProt IDRs, indicating that the model has learned to generate sequences with substantial
charge block patterning, when conditioned on the NPM1 flanking contexts.

Figure BS5c shows linear plots of net charge per residue (NCPR) for the WT NPM1 IDR and representative generated
sequences with high κ values but low sequence identity to the WT IDR. These plots illustrate that IDiom generates
sequences with alternating blocks of positive and negative charge which closely mirror the architecture of the WT IDR,
despite sharing little sequence identity with it. Together, these results demonstrate that IDiom is able to use flanking context
to reproduce the biologically relevant sequence features of a given IDR, and that the model is able to generate diverse
sequences that preserve the key sequence features that underlie biological function.

b

ca

Figure BS5. Conditioned generation and in-context learning enables generation of disordered regions which capture biologically
relevant sequence features. (a) Distribution of sequence identities between the wild-type (WT) NPM1 IDR and sequences generated
with the NPM1 IDR’s flanking context as the prompt. Generated sequences with identities greater than 0.9 are filtered out. (b) Distribution
of κ values for the WT NPM1 IDR (black vertical dashed line), IDRs generated with the NPM1 context as prompt (blue), randomly
scrambled versions of the generated IDRs (orange), and DisProt IDRs (green). (c) Plots of the net charge per residue along the sequence.
The WT NPM1 IDR is in the upper row, and three representative generated IDRs are below. The sequence identities relative to the WT, κ
values, and the amino acid sequences themselves are printed within the plots.
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B.7. Short Linear Motifs from the Eukaryotic Linear Motif Resource

Here, we list the short linear motifs from the ELM Resource which we scan for, for nuclear localization signals (NLSs) as
well as for post-translational modification (PTM) sites (ELM Identifier: MOD).

Nuclear Localization Signals The regular expressions of the 4 NLSs we consider are:

ID Pattern (regex)
TRG NLS Bipartite 1 [KR][KR].{7,15}[DE]((K[RK])|(RK))(([DE][KR])|([KR][DE]))[DE]
TRG NLS MonoCore 2 [DE]((K[RK])|(RK))[KRP][KR][DE]

TRG NLS MonoExtC 3 [DE]((K[RK])|(RK))(([DE][KR])|([KR][DE]))(([PKR])|([DE][DE]))

TRG NLS MonoExtN 4 (([PKR].{0,1}[DE])|([PKR]))((K[RK])|(RK))(([DE][KR])|([KR][DE]))[DE]
Table 1. ELM NLS motifs and their corresponding regex patterns.
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Post Translational Modification Motifs The regular expressions of the 40 PTM MOD sites we consider are:

ID Pattern (regex)
MOD AAK1BIKe LxxQxTG 1 [LIVM][D][DEHYWF]Q.(T)G

MOD ASX betaOH EGF C.([DN]).{4,4}[FY].C.C
MOD CAAXbox (C)[DENQ][LIVMF].$

MOD CDC14 SPxK 1 (S)P.[KR]

MOD CDK SPK 2 ...([ST])P[RK]

MOD CDK SPxK 1 ...([ST])P.[KR]

MOD CDK SPxxK 3 ...([ST])P..[RK]

MOD CK1 1 S..([ST])...

MOD CK2 1 ...([ST])..E

MOD CMANNOS (W)..W

MOD Cter Amidation (.)G[RK][RK]

MOD DYRK1A RPxSP 1 R[PSVA].([ST])P

MOD GlcNHglycan [ED]{0,3}.(S)[GA].
MOD GSK3 1 ...([ST])...[ST]

MOD LATS 1 H.[KR]..([ST])[P]

MOD LOK YxT 1 [KR][YF][IVEDPGAC](T)[LMIVWFY][RKH]

MOD NEK2 1 [FLM][PVIED][PVID]([ST])[MLIVF][RKH].

MOD NEK2 2 [FLMW][P][P]([ST])[PDEGAN][RKH].

MOD N-GLC 1 .(N)[P][ST]..

MOD N-GLC 2 (N)[P]C

MOD NMyristoyl M{0,1}(G)[EDRKHPFYW]..[STAGCN][P]
MOD OFUCOSY C.{3,5}([ST])C
MOD OGLYCOS C.(S).PC

MOD PIKK 1 ...([ST])Q..

MOD PK 1 [RK]..(S)[VI]..

MOD PKA 1 [RK][RK].([ST])[P]..

MOD PKA 2 .R.([ST])[P]..

MOD PKB 1 R.R..([ST])[P]..

MOD Plk 1 .[DNE][PG][ST](([FYILMVW]..)|([PEDGKN][FWYLIVM]).)

MOD Plk 2-3 [DE]..([ST])[EDILMVFWY](([DE].)|(.[DE]))

MOD Plk 4 ..[IRFW]([ST])[ILMVFWY][ILMVFWY].

MOD PRMT GGRGG 1 GGRGG

MOD ProDKin 1 ...([ST])P..

MOD SPalmitoyl 2 G(C)M[GS][CL][KP]C

MOD SPalmitoyl 4 M{0,1}G(C)..S[AKS]
MOD SUMO for 1 [VILMAFP](K).E

MOD SUMO rev 2 [SDE].{0,5}[DE].(K).{0,1}[AIFLMPSTV]
MOD TYR CSK [TAD][EA].Q(Y)[QE].[GQA][PEDLS]

MOD TYR DYR ..[RKTC][IVL]Y[TQHS](Y)[IL]QSR

MOD WntLipid [ETA](C)[QERK]..F...RWNC[ST]

Table 2. ELM MOD motifs and their corresponding regex patterns.
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B.8. Training Curves

Here, we present additional training curves from pre-training as well as post-training.
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Figure BS6. Pretraining loss curves. Training and validation losses vs optimizer steps during pre-training. The final training loss is 2.19.
The final validation loss is 2.22.
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Figure BS7. Additional post-training curves with the ProtGPS reward model. (a) Shannon entropy vs. training steps (target H = 2.7).
(b) %ID within a generated batch vs training steps (no target value).
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