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ABSTRACT

Liquid-liquid phase separation (LLPS) is a widespread mechanism by which cells
organize their internal environment, leading to the formation of membraneless
organelles and biomolecular condensates. The ability to design to generate syn-
thetic condensates properties has significant implications for biotechnology and
medicine. While current studies focused on protein-driven phase separation, it
is now clear that many condensates are multi-component systems, including pro-
teins, DNA, and RNA. Hereby, We propose a joint diffusion framework that lever-
ages the compositional generative process in and guide a joint generation with
a positive-unlabeled (PU) assumption. Experiments on our newly curated multi-
component phase separation dataset demonstrate the efficacy of generating unseen
biosystems with desired phase behaviors. Our approach demonstrates the feasi-
bility of in silico designing and engineering multi-component phase-separating
biosystems.

1 INTRODUCTION

Liquid-liquid phase separation (LLPS) enables cells to compartmentalize their internal spaces
through the assembly of membraneless organelles and biomolecular condensates Banani et al.
(2017); Alberti et al. (2019); Xu et al. (2024). Recent discoveries reveal that many condensates
comprise multiple components beyond proteins, including DNA and RNA molecules, and multiple
interactions Laflamme & Mekhail (2020); Gu et al. (2022); Welles et al. (2024). Such interplay
between these biomolecules, together with their sequence patterns and physicochemical proper-
ties, gives rise to complex phase behaviors that are essential for diverse cellular functions and have
been implicated in diseases Ding et al. (2024). Despite this importance, designing phase-separating
biosystems with specific properties remains exceptionally challenging due to the intricate interplay
of multiple factors and the lack of predictive models. The complexity of these phase separating
system has motivated the development of novel approaches for generation and design.

Despite rapid advances in protein design methods, phase separation remains an understudied target
property, with most design efforts focusing on structure design, property optimization, and function
rather than phase behavior modulation Kortemme (2024); Koh et al. (2025). In addition, existing
design methods primarily focus on homogeneous systems with single proteins, which limits their
applicability to more complex, multi-component systems Dallago et al. (2021); Koh et al. (2025).
However, proteins rarely act alone in biological contexts, and many phase-separating condensates
comprise multiple biomolecules with very different properties and interactions Laflamme & Mekhail
(2020). The ability of such a biocondensate system to undergo phase separation is believed to be
encoded in the components themselves, while extrinsic conditions can modulate the phase outcome
to a large extent Hardenberg et al. (2020); Singh (2024). Therefore, there is a critical need for design
methods that can account for multiple components and their interactions to enable the rational design
of phase-separating biosystems with controllable phase behaviors.

While the design and generation of individual proteins is now mature Chronowska et al. (2025),
the challenge lies in rationally orchestrating multiple distinct biomolecules to achieve desired col-
lective phase behavior Alberti et al. (2019). There are a few key challenges to overcome in such
design tasks. First, it is extremely hard to acquire well-annotated datasets with multi-component
phase separation behaviors under diverse experimental conditions, which are essential for training
and evaluation at system-level. Jiang et al. (2025); Raymond et al. (2025). Second, the design is
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actually performed at a positive-unlabeled space, in which only a very small subset of biomolec-
ular combinations are known to phase separate at given experiments, while the vast majority of
combinations lack experimental characterization Jiang et al. (2023); Raymond et al. (2025). This
positive-unlabeled setting makes it difficult to distinguish true phase-separating combinations from
non-phase-separating ones. Third, experimental conditions are critical factors that modulate phase
behavior, as the ability of a system to undergo phase separation depends not only on component
properties but also on extrinsic factors like salt concentration, temperature, and pH. Accounting for
these conditions in the design process is essential for achieving desired phase behaviors Wang et al.
(2022); Arter et al. (2022); Raimondi et al. (2021). Therefore, we must consider these conditions
when conducting designing.

To address the aforementioned challenges, we propose to leverage existing mature single-component
(protein, RNA, DNA) design methods, such as diffusion models or flow match models Meshchani-
nov et al. (2024); Geffner et al. (2025) and putting our efforts on how to guide the joint samplings
and generation of multi-component phase-separating systems in the positive-unlabeled space Ray-
mond et al. (2025). More specifically, components from compositional generative models serve as
building blocks that can be combined to form complex biosystems with desired phase behaviors. PU
guidance based on the recorded pair-wise experimental outcomes steers the joint generation process
towards optimal direction. Our approach paves the way for rational design of biocondensates.

2 METHOD

2.1 PROBLEM FORMULATION

We formulate the exploration of phase-separating biosystems within a unified context so that we can
model the interplay among three key variables:

• System Components (x): A set of representations of the components. Common repre-
sentations include, but are not limited to, sequence one-hot vector, intrinsic biophysical
characteristics, and language model embeddings derived from pretrained models. The fea-
ture space of component i is denoted as Xi.

• Experimental Conditions (c): A set of representations of extrinsic environmental fac-
tors like salt concentration, temperature, solute concentration, crowding agent, pH and etc.
These conditions are well curated and normalized to ensure consistency across different
experiments. The feature space of experimental conditions is denoted as C.

• Phase Outcome (y): A binary variable y ∈ Y = {0, 1} (or a quantity y ∈ Y = [0, 1]
from a continuous measure from phase experiments) indicating whether (or how intense)
the system undergoes phase separation (dual-phase, y = 1) or remains in a single phase
(y = 0) under given experiment conditions.

A two-component biosystem design task can be formulated as generating a pair of components
(x1,x2) ∈ X1 × X2 (product space of two component feature spaces) that can undergo phase
separation (y = 1) or can not be phase-separating (y = 0).

2.2 JOINT DIFFUSION MODEL

Diffusion models are generative models that learn to reverse a gradual noise corruption process,
enabling the generation of complex data by iteratively denoising random noise guided by a learned
score function. They have demonstrated remarkable success across various domains including image
generation, molecular design, and protein structure prediction Yang et al. (2023). We adopt a score-
based diffusion framework to model the joint generation of multi-component biosystems. The score
function ∇x log p(x) characterizes the gradient of the log probability density, guiding the generative
process towards high-probability regions of the component space. For a two-component system, we
define the joint score function as sθ(x1,x2, t) = ∇(x1,x2) log p(x1,t,x2,t) at diffusion timestep t.
During the reverse process, we iteratively denoise the randomly initialized components by following
the score function:

dx = −β(t)

2
sθ(x1,x2, t)︸ ︷︷ ︸
joint score function

dt+
√

β(t)dwt (1)

2



Under review at the GEM workshop, ICLR 2026

where β(t) is the noise schedule and wt is a Wiener process. The score function is trained by
minimizing the score matching objective, enabling efficient sampling Song et al. (2020).

2.3 POSITIVE-UNLABELED GUIDANCE

While diffusion models can generate diverse multi-component biosystems by sampling from the
learned data distribution, they lack the ability to steer the generation process towards systems with
desired phase separation properties. For targeted (or conditional) we need to guide the generation
towards specific outcomes. A guided diffusion generation leverages classifier feedback to prefer-
entially sample from regions of the component space that are more likely to exhibit target phase
behaviors. The classifier guidance technique leverages Bayes’ rule to decompose the conditional
score function:

p(x1,t,x2,t|y) =
p(x1,t,x2,t)p(y|x1,t,x2,t)

p(y)
(2)

Taking the gradient of the log probability, the conditional score can be expressed as:

∇x log p(x1,t,x2,t|y) = ∇x log p(x1,t,x2,t)︸ ︷︷ ︸
unconditional score, sθ(x1,t,x2,t)

+∇x log p(y|x1,t,x2,t)︸ ︷︷ ︸
classifier guidance

(3)

The first term ∇x log p(x1,t,x2,t) is the unconditional score from the diffusion model, while the
second term ∇x log p(y|x1,t,x2,t) is the adversarial gradient from a classifier trained to predict the
phase outcome. In practice, we usually guide the generation towards positive samples (y = 1) that
exhibit phase separation.

Figure 1: Illustration of the decomposition of joint distribution,
positive component and negative component. The unlabeled data
by production is independently drawn from the mixture distribu-
tion of positive and negative components.

However, in many real-world scenar-
ios, especially in biological experi-
ments, we often encounter positive-
unlabeled (PU) data, where only a sub-
set of positive samples are labeled,
while the rest of the data remains un-
labeled. In detail, let p1(x1,x2) denote
the distribution of positive pairs (phase-
separating systems) in corresponding
feature space, and p0(x1,x2) denote
the equivalent distribution of negative
pairs (non-phase-separating systems).
The overall data distribution can be ex-
pressed as a mixture:

p(x1,x2) = πp1(x1,x2) + (1− π)p0(x1,x2) (4)
where π is the prior probability of positive samples in the dataset. Based on the insights from Ivanov
(2020); Zeiberg et al. (2020); Raymond et al. (2025), Eq. 3 can be adapted to the PU setting as:

∇x log p(x1,t,x2,t|y = 1) = sθ(x1,t,x2,t) +∇x log
p1(x1,t,x2,t)

p(x1,t,x2,t)
(5)

Based on the assumption that the if without phase label, the product distribution should be a mixture
of positive and negative distributions and also , i.e., p(x1,t) · p(x2,t) = πp1(x1,t,x2,t) + (1 −
π)p0(x1,t,x2,t). Then training a non-traditional classifier to (PU classifier) discriminate P and U
h(x1,t,x2,t) could avoid the class prior estimation problem in the joint space Raymond et al. (2025)
and further simplify the PU-guided score function as,

∇x log p(x1,t,x2,t|y = 1) = [sθ(x1,t) sθ(x2,t)]
⊤︸ ︷︷ ︸

independent score function

+∇x log
h(x1,t,x2,t)

1− h(x1,t,x2,t)︸ ︷︷ ︸
positive-unlabeled guidance

(6)

To implement the PU-guided diffusion, we retrain diffusion models to match component scores
sθ(x·,t) from the corresponding dataset, and train a nested PU classifier ĥ(xt) = ĥ(x1,t,x2,t) by
minimizing the empirical cross entropy loss to provide the guidance term in Eq. 6.
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3 EXPERIMENTS

We conduct experiments on the newly curated multi-component phase separation dataset to evalu-
ate the effectiveness of the joint diffusion model with PU guidance in designing phase-separating
biosystems. Taking ”protein(1)-RNA“ systems as the system of interest. We examine the single
component generation quality, the ability to generate multi-component systems that exhibit desired
phase behaviors, and the impact of PU guidance on the generation process.

3.1 DATASET CURATION

Table 1: General component statistics in db1, db2 and db3

Dataset # Entry # Protein # DNA # RNA

db1 6,005 546 102 279
db2 1,188 14 0 3
db3 1,514 37 0 147

We curate a standardized dataset of
multi-component phase-separating
systems with diverse experimen-
tal conditions, integrating annota-
tions of components, conditions,
and phase outcomes from three
sources. The db1 dataset from
LLPSDB v2.0 Wang et al. (2022)

contains 2,917 entries with 586 unique proteins and 6,678 experimental conditions, filtered into
protein-only and protein-nucleic acid categories. The db2 dataset includes 1,188 manually curated
entries across in vitro and in vivo systems, featuring quantitative phase outcomes for high-resolution
measurements. The db3 dataset from RNAPhaSep Zhu et al. (2022) offers numeric records for
condition-dependent protein-RNA interactions. This combined resource enables systematic bench-
marking and development of computational tools for phase separation studies, with statistics sum-
marized in Table 1.

3.2 COMPONENT GENERATION AND EVALUATION

Table 2: Comparison between source and compositional generation

Component protein RNA

Property original generated original generated

length1 154±54 195±41 110±65 111±48

compositional dist.2 0.3148 0.1830
1Length: mean ± std of sequence length. 2Composition distribution distance:Jensen Shannon
divergence of amino acid or nucleotide composition vectors.

We train two separate models
for each component type (pro-
tein, RNA) in our db3 dataset
(Table 1). For all protein(1) +
RNA systems, a phase system
with single specie of protein
and single specie of RNA, we
train a protein diffusion model
and an RNA diffusion model
in the sequence space respec-

tively. Then, a sampling procedure is performed to generate novel protein and RNA sequences that
can participate phase-separating systems when combined. We randomly sample 100 protein and
100 RNA sequences from the trained diffusion models to form the marginal density p(x1), p(x2)
for joint generation. The diffusion models are trained with diffuser library von Platen et al. with
proper parameter settings. We analyze the quality of generated components by comparing their
sequence properties with those of real components from db3, as it is summarized in Table 2.

3.3 JOINT SAMPLING PROCEDURE

During the joint sampling procedure, we employ Langevin Dynamics to iteratively refine the com-
ponents while following the PU-guided score function (Eq. 6 and Fig. 2b). Correspondingly, we
also joint sample systems without PU guidance as a baseline (Eq. 6 and Fig. 2a). Regardless of
the forms of guidance, starting from any initial state, we perform reverse diffusion steps steering
samples toward the given joint score field (conditional ∇x log p(x1,t,x2,t|y = 1) or unconditional
score function ∇x log p(x1,t,x2,t)) This sampling strategy enables efficient generation of multi-
component biosystems with or without guidance. The comparison of two sampling methods are
conducted to evaluate the impact of PU guidance on the generation of phase behaviors.

3.4 MULTI-COMPONENT SYSTEMS GENERATION AND EVALUATION
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Figure 2: Process of sampling (a) with no guidance; (b) with PU guidance; (c) with negative guidance (not
available in real data); (d) from observed positive pairs. Right: cartoon illustration of protein, RNA, and phase
behavior. Sampled system A, B and C from the left are explained.

Figure 3: Evaluation of generated systems
and their phase behaviors. (a) Comparison of
predicted phase-separating propensities with
or without guidance. (b) Simulated 3-region
phase diagram of a selected system from
guided generation in (a).

We evaluate the joint generation of multi-component
biosystems using the trained nested PU classifier and
compositional diffusion models. The aim is to gen-
erate protein-RNA pairs that exhibit phase-separating
properties. From db3, 797 known ”protein(1)-RNA“
systems that are able to undergo phase separation are
treated as positive samples, while all other possible
(100 × 100 = 1 × 104) protein-RNA pairs formed by
single-component diffusions are used as unlabeled sam-
ples, resulting in a 8% labeled ratio. We trained a nested
PU classifier to discriminate P and U systems based on
the phase outcome predictor in Jiang et al. (2025).

An in silico evaluation is performed on the gener-
ated systems to assess their phase-separating propen-
sities. A pretrained phase outcome predictor Jiang
et al. (2025) predicts the propensity of phase separation
for each generated protein-RNA pair. Results demon-
strate that systems generated with PU guidance exhibit
significantly higher mean phase separation propensity
(0.94±0.03) compared to those generated without guid-
ance (0.48 ± 0.02, p-value < 0.001), shown in Fig.
3a. This showcases the effectiveness of PU guidance
in steering the generation process towards systems with
desired phase-separating behavior. Phase diagrams of a
selected generated systems under varying component concentrations are shown in Fig. 3b, validating
the model’s ability to generate systems with controllable phase behavior.

4 DISCUSSION

Generating phase-separating biosystems with desired properties is a challenging task due to the
intricate biophysical interactions. In this work, we curate a comprehensive dataset of phase sep-
aration behaviors for multi-component biosystems and proposed a novel approach that combines
joint diffusion modeling with positive-unlabeled guidance to control the generation of biomolecular
condensates. Future work will refine the guidance strategy, explore more complex multi-component
systems, more precisely validate the generated systems and their behaviors in a wet-lab.
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A.1 RELATED WORK AND CONTRIBUTIONS

• RNAPSEC is a predictor of protein and RNA under various environmental conditions.
It also provides a few embedding methods for RNA, protein and experimental conditions
Chin et al. (2024).

• PRO-LDM is a deep generative model that can design protein sequences with properties
from a learnable conditional latent space Zhang et al. (2023).

• PU diffusion is a diffusion model that can generate images with positive-unlabeled guid-
ance to avoid certain types of classes Takahashi et al. (2025).

• Superposition of Diffusion Models is a method that can combine multiple pretrained
diffusion models at the generation stage under a novel framework termed superposition.
Skreta et al. (2024).

Building upon the existing methods and resources summarized above, this work makes the following
key contributions:

1. We firstly curate an dataset of phase separation behaviors of multi-component biosystems
from existing literature and databases.

2. We propose a joint diffusion framework for the generation of biosystems that undergo phase
separation via positive-unlabeled guidance.

3. We showcase that the utility of using PU-guided joint diffusion for the design of multi-
component biosystems with desired phase separating behaviors.

A.2 DATASET CURATION DETAILS

We list the preprocessing methods for all three datasets (db1, db2, db3) below.

Figure 4: Statistics of system types in db1 before processing, including homogeneous (protein-only) and het-
erogeneous (protein-DNA/RNA) systems.

The db1 Dataset: For the db1 dataset, we performed a systematic data processing workflow to
maximize data quality and kept as many entries as we can for downstream modeling. The main
steps were as follows:
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1. System selection: We retained only representative systems with quantifiable numbers
for modeling, including protein(1), protein(2), protein(3), protein(1) + DNA, protein(2)
+ DNA, protein(1) + RNA, and protein(2) + RNA. Other systems such as protein(4) to
protein(7) have fewer numbers and were excluded from the dataset.

2. Label correction: All system labels were reviewed and corrected to ensure consistency
with the original experimental records. There were some entries with incorrect system
labels (e.g. “protein(2)” mislabeled as “protein(1)”, “protein(2) + RNA” mislabeled as
“protein(1) + RNA”).

3. Data filtering and Deduplication: Entries with missing, ambiguous, or unparsable exper-
imental conditions were excluded. Duplicate or redundant entries were removed to avoid
data leakage between training and testing splits.

The db2 Dataset: The db2 dataset is a collection of experimentally validated phase separation
outcomes, including sequence information, experimental conditions, and results. It contains 1,188
entries, each representing a single experimental measurement—either one cell (for in vivo data) or
one well (for in vitro data). Each entry includes the sequence(s), experimental conditions, and the
observed phase separation result. The dataset covers both in vivo and in vitro experiments, and
includes both natural and synthetic phase separation constructs.

Table 3: Overview of db2 subsets, phase outcome types, system composition, main variable, and notes

Subset Phase outcome System type Main variable Notes

LSD1 Binary (y ∈ {0, 1}) “protein(2) + RNA” Protein and RNA conc. Ternary exploration
Synthetic IDRs Intensity fraction (y ∈ [0, 1]) “protein(1)” Protein conc. Synthetic protein
LAF1 RGG Intensity fraction (y ∈ [0, 1]) “protein(1)” Protein conc. Cell cycle study

1. Subset 1 (LSD1): This subset contains 191 entries, each involving a three-component sys-
tem: two distinct proteins and one RNA species. All data are from in vitro experiments us-
ing natural proteins (and mutants) and natural RNA. Main variables include four sequence
variants of protein 1, three RNA sequence variants, and wide-ranging concentrations for
both protein 1 and RNA. Phase separation outcomes are recorded as TRUE (droplet for-
mation) or FALSE (no droplet formation), enabling exploration of how combinations of
protein and RNA sequences at varying concentrations influence phase separation. Other
variables (salt, buffer, pressure, temperature, crowding) are fixed and standardized, with no
crowding agent used.

2. Subset 2 (Synthetic IDRs): This subset contains 278 entries, each involving a single syn-
thetic protein in in vivo experiments conducted in HeLa RMCE cells. All proteins are syn-
thetic, with four different sequences (distinct IDRs, same oligomerization domain). Vari-
ables include solute concentration and cell cycle state (interphase or mitosis). All entries
display droplet formation (phase separation outcome = TRUE), but the intensity fraction is
measured for each entry, representing the fraction of protein undergoing phase separation.
This subset focuses on how sequence, concentration, and cell cycle stage impact the extent
of phase separation. Other conditions (salt, buffer, pressure, temperature, crowding) are
inferred from literature to reflect physiological conditions.

3. Subset 3 (LAF1 RGG): This subset contains 719 entries, each involving a single protein
in in vivo experiments in HeLa RMCE cells. It includes natural proteins and IDR-mutant
variants. Variables include six protein sequences (modified IDRs, same oligomerization do-
main), solute concentration, and cell cycle state. Phase separation outcomes are recorded
as TRUE or FALSE. This subset investigates how sequence variation, concentration, and
cell cycle status affect binary phase separation outcomes. Other conditions are assumed to
match physiological values. Protein concentration data were derived from fluorescence in-
tensity using a preliminary calibration curve (one replicate); future refinements may slightly
adjust reported concentrations.

The db3 Dataset: The db3 provides a comprehensive collection of protein-RNA phase separation
experiments with detailed annotations.It is derived from RNAPSEC Chin et al. (2024), a manually
curated resource that aggregates experimental data Zhu et al. (2022) from the literature referenced in
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RNAPhaSep. The construction of db3 involved systematic collection and annotation of protein-RNA
phase separation experiments, including detailed records of protein and RNA sequences, experimen-
tal conditions, and observed outcomes.

Figure 5: Upset plot showing the distribution of experimental conditions for
”protein(1)+ RNA” systems.

Containing 1,514 curated
entries, the dataset covers
a diverse set of morpholo-
gies, including liquid-like,
gel-like, and solid-like
condensates, as well as
negative cases where no
phase separation occurs.
Specifically, it includes 984
liquid, 92 gel, 53 solid, and
385 non-phase-separating
solute entries. The exper-
iments span 37 distinct
proteins—such as SARS-
CoV-2 nucleoproteins, FUS,
and TDP-43—with 96
unique protein sequences
and 147 RNA species. The
protein UniProt IDs and
RNA species are provided in
Fig. 6.

A.3 EXPERIMENTAL DETAILS

We implement component diffusion by training separate sequence diffusion models for proteins and
RNA on the db3 non-redundant sequences. Sequences are tokenized with 1-indexed vocabularies
(20 amino acids for proteins, 4 bases for RNA) and padded or truncated to length 512. The de-
noising network is a lightweight conditional sequence model with a 64-dim embedding, a 2-layer
bidirectional LSTM (hidden size 256, dropout 0.2), and a timestep embedding that is concatenated
to the LSTM output and projected to token logits. We use T = 100 diffusion steps with a linear beta
schedule (β0 = 10−4, βT = 0.02), optimize with Adam (learning rate 5× 10−4, batch size 16) for
500 epochs, and apply gradient clipping at 1.0. During sampling, we run the reverse process from a
random token sequence and select the most likely token at each step, injecting mild stochasticity in
early steps to promote diversity; we generate 100 protein and 100 RNA sequences for downstream
analysis.

The classifier ĥ(x1,t,x2,t) is trained to discriminate between positive and negative samples. We
employ a binary classifier architecture consisting of a fully connected neural network with two
hidden layers (256 and 128 units respectively, ReLU activation, dropout 0.3). Input features are
concatenated embeddings from the diffusion model latent space for both components at timestep t.
The classifier is optimized using standard binary cross-entropy loss:

L = −
N∑
i=1

[yi log ĥ(x
i
1,t,x

i
2,t) + (1− yi) log(1− ĥ(xi

1,t,x
i
2,t))] (7)

where yi ∈ {0, 1} denotes the PU binary label for sample i. The classifier is trained with Adam
optimizer (learning rate 1× 10−3, batch size 512) for 200 epochs with early stopping based on vali-
dation performance. During guidance, the log-odds output log ĥ(x1,x2)

1−ĥ(x1,x2)
is computed and averaged

per batch via automatic differentiation to obtain the gradient term in Eq. 6.
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Figure 6: Statistics of protein and RNA species in db3. Different phase outcomes are reported under various
experimental conditions for each protein-RNA pair.
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