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Abstract

Cellular reprogramming, the artificial transformation of one
cell type into another, has been attracting increasing research
attention due to its therapeutic potential for complex dis-
eases. However, identifying effective reprogramming strate-
gies through classical wet-lab experiments is hindered by
long time commitments and high costs.
Although computational methods have been proposed to ad-
dress this challenge, exact state-of-the-art techniques suffer
from limited scalability owing to the notorious state space
explosion problem. To overcome this limitation, we explore
deep reinforcement learning (DRL) for controlling holistic
Boolean network models of complex biological systems, such
as gene regulatory and signalling pathway networks. We for-
mulate a novel control problem for Boolean network models
operating under the asynchronous update mode, specifically
tailored to the context of cellular reprogramming. To solve it,
we devise GATTACA – a DRL-based computational frame-
work explicitly designed for scalability, capable of handling
large and complex network models where exact methods fail.
To facilitate scalability of our framework, we consider our
previously introduced concept of a pseudo-attractor and im-
prove the procedure for effective identification of pseudo-
attractor states. We incorporate graph neural networks with
graph convolution operations into the artificial neural network
approximator of the DRL agent’s action-value function. The
new architecture allows us to leverage the available knowl-
edge on the structure of a biological system and to indirectly,
yet effectively, encode the system’s dynamics into a latent
representation.
Experiments on several large-scale, real-world biological net-
works from the literature demonstrate the scalability and ef-
fectiveness of our approach.

Code — https://github.com/andrzejmizera/gattaca
Extended version — https://arxiv.org/abs/2505.02712

1 Introduction
Gene regulatory networks (GRNs) play a central role in de-
termining cellular identity and function. Their emergent dy-
namics can be effectively modelled and comprehensively
understood within the framework of Boolean networks
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(BNs), where genes are represented as binary variables with
interactions encoded as logical functions. Attractors of such
networks correspond to stable gene expression profiles and
are commonly interpreted as phenotypic cell states (Kauff-
man 1969; Huang 2002).

Disruptions in GRNs may lead cells into pathological
states (Barabási, Gulbahce, and Loscalzo 2011). Cellular re-
programming seeks to restore healthy dynamics by interven-
ing to guide the system from an undesirable attractor to a tar-
get one. However, finding effective intervention strategies
through wet-lab experiments is costly and time-consuming.

Computational approaches have emerged to address this,
yet exact state-of-the-art symbolic methods, like those im-
plemented in CABEAN (Su and Pang 2021), face scalabil-
ity limitations due to the exponential size of the state space.
Reinforcement learning (RL), particularly deep RL (DRL),
has proven powerful in high-dimensional decision problems.
Previous applications of DRL to BN control have shown
promise (Acernese et al. 2021; Moschoyiannis et al. 2023),
yet are limited by the way the structure and dynamics of the
network are encoded.

Our prior work (Mizera and Zarzycki 2025) introduced
the pbn-STAC framework, which exploits DRL to control
asynchronous BNs. Here, we generalise and scale this ap-
proach through GATTACA, a novel framework leveraging
graph neural networks (GNNs) to embed BN structure and
guide DRL control strategies. To reflect biological observ-
ability, we restrict interventions to attractor states that are
identifiable in practice.

We demonstrate GATTACA’s performance on several
large, real-world biological networks, showing that it iden-
tifies successful and interpretable reprogramming strategies
in cases where symbolic methods fail.

2 Related Work
Control of asynchronous BNs has long relied on symbolic
techniques. Exact algorithms and software tools such as
CABEAN offer formal guarantees, but do not scale well
due to the infamous state-space explosion. Earlier reinforce-
ment learning efforts explored Q-learning for probabilistic
BN models with limited network sizes (Sirin, Polat, and Al-
hajj 2013).

The idea of combining Q-learning with deep learning has
recently emerged. For the first time, such a control method
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was proposed for BNs in (Papagiannis and Moschoyian-
nis 2020). It was based on the Double Deep Q Network
(DDQN) with Prioritised Experience Replay (PER). Vari-
ants of this approach were later explored in (Acernese et al.
2021; Moschoyiannis et al. 2023). However, most applica-
tions remain restricted to small real-world systems.

Our previous framework, pbn-STAC (Mizera and Zarzy-
cki 2025), introduced the concept of pseudo-attractors,
a procedure for identification of pseudo-attractor states, and
a DRL-based control scheme for BNs and probabilistic BNs
of up to 33 nodes. GATTACA builds on this foundation by
incorporating GNNs into the DRL agent’s architecture, en-
abling improved structure-based generalisation and unprece-
dented scalability.

3 Preliminaries
A Boolean Network is defined as a set of binary nodes
(genes) together with associated Boolean update rules that
determine their evolution in discrete time steps. In this work,
we consider the asynchronous regime, where only one node
is updated at a time. A state of a BN with n nodes is a bi-
nary vector x ∈ {0, 1}n specifying the activity of each
node. An attractor is a set of states from which no escape
is possible; formally, it corresponds to a bottom strongly
connected component (BSCC) of the state transition graph
under asynchronous updates. Attractors represent the long-
term behaviours of the system and correspond to phenotypic
cell states.

Since exact attractor enumeration is computationally pro-
hibitive, we defined pseudo-attractors to be frequently re-
visited states under the stationary distribution of the induced
Markov chain, as practical approximations of observable
phenotypes (Mizera and Zarzycki 2025). Formally, let A be
an attractor of an asynchronous BN and let πA be the station-
ary distribution of the underlying Markov chain restricted
to A. The pseudo-attractor associated with A is the subset
PA ⊆ A such that πA(s) ≥ 1

|A| for all s ∈ PA.
As shown in (Mizera and Zarzycki 2025), pseudo-

attractors have the following two important properties. The-
orem 1: For every BN attractor there exists an associated
non-empty pseudo-attractor. Theorem 2: If πA is uniform,
then PA = A.

We define a novel control problem tailored for cellular
reprogramming, in which interventions are permitted only
in pseudo-attractor states to reflect biological constraints.
Given a BN, a source pseudo-attractor state, and a tar-
get configuration specifying desired values for a subset of
nodes, an attractor-target control strategy is a sequence
of instantaneous interventions that guides the network to
a pseudo-attractor state aligned with the target. Interven-
tions consists of flipping the states of selected genes and are
only applied in pseudo-attractor states. A strategy of min-
imal length among all attractor-target control strategies is
termed minimal.

Our attractor-target control problem is to compute
a minimal attractor-target control strategy for a given
source pseudo-attractor state and a target configuration.
This formulation generalises the control problem introduced

in (Mizera and Zarzycki 2025), allowing transitions to any
attractor that satisfies a partial specification rather than to
a unique target state. It aligns with biological practice, where
the goal is often to induce phenotypes characterised by par-
tial gene expression profiles rather than fully specified states.
For more details and a schematic illustration of the concept
of the attractor–target control strategy, we refer the reader to
the extended version of this paper.

4 The GATTACA Framework
Since the problem of BN control can be viewed as a Markov
Decision Process (MDP), we decide to use a DRL agent to
learn an optimal control policy mapping BN states to in-
terventions. We propose a Graph-based Attractor-Target
Control Algorithm (GATTACA) framework – a GNN-
based DRL approach for solving the attractor-target control
problem. With cellular reprogramming in mind, we focus on
cellular phenotypic functional states, which are observable
in experimental practice and thus allow the DRL agent to
take actions only in (pseudo-)attractor states (PA states).

Since the identification of all attractor states is an NP-
hard problem in itself, we improve the pseudo-attractor
states identification procedure (PASIP), which was pre-
viously established in (Mizera and Zarzycki 2025). The
original PASIP consists of two phases: environment pre-
processing and DRL training. In the pre-processing phase,
k random trajectories are simulated, each beginning with
a burn-in of n0 = 200 steps, followed by n1 = 1000 steps
during which state visitation frequencies are recorded. States
visited for at least k1 = 5% of this time are added to the
pseudo-attractor list. During DRL training, additional attrac-
tors may be encountered. Fixed-point attractors are identi-
fied when the system remains in a single state for n2 = 1000
steps. For multi-state attractors, a rolling buffer of the last
n3 = 10000 states is maintained and revisits are counted;
any state revisited more than k2 = 15% of the time is added
to the pseudo-attractor list if not already recorded.

To improve upon this, our improved PASIP (iPASIP) in-
corporates entropy-based stopping criteria to detect pseudo-
attractors more accurately and comprehensively. As random
walks explore broadly, the entropy of the visited state dis-
tribution remains high, but as the trajectory enters an at-
tractor basin, the state revisitation increases and the entropy
decreases. This drop in entropy indicates the presence of
pseudo-attractors in low-entropy regions of the state space.

Two additional checkpoints are introduced to each of the
two phases of PASIP to improve the detection of large at-
tractors that do not exhibit strong single-state revisitation.
Specifically, if over 1,000,000 steps elapse without encoun-
tering a dominant state (i.e. one revisited in at least k1 = 5%
of steps), the most frequently visited state is added to the
pseudo-attractor list as a representative. This modification
enhances robustness in complex BN models and reduces
computational overhead in lengthy simulations. The detailed
outline of iPASIP is presented in the extended version of this
paper.

The Attractor-Target Graph-based Controller (ATGC)
constitutes the core of the GATTACA framework. ATGC
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Figure 1: Schematic illustration of the ATGC DRL agent of the GATTACA framework.

consists of three main components: a Graph Convolu-
tion Network (GCN), a multi-layer perceptron (MLP), and
a Branching Dueling Q-Network (BDQ). The architecture
of ATGC is schematically illustrated in Figure 1.

We propose the GCN to consist of three graph con-
volutional layers with ReLU activations and node-wise
max-pooling to aggregate features. In our implementation,
a graph convolutional layer takes the values of each input
node from the previous layer and produces the correspond-
ing output vectors for each node. The convolutional layer
implements the function:

x′
v =

∑
u∈N(v)

hΘ(v||u− v),

where v is the current node, N(v) is the set of neighbours of
v, and h is the graph convolutional kernel with learnable pa-
rameters Θ. In our case, h consists of a neural network with
a 64-neuron deep layer and ReLu activations. Here h(x||y)
means conditioning-by-intervention, that is, the distribution
of x with y set to some fixed value. Its role is to reduce the
spurious correlations present in the graph; for more details,
we refer to (Wang et al. 2019).

The reason for introducing the GCN into the architecture
of the ATGC is twofold. First, to allow the DRL agent to
effectively learn the interactions between the BN nodes that
represent the system components. In particular, the available
knowledge of the structure of the BN is explicitly incorpo-
rated into the ATGC by defining the GCN architecture in
accordance with the structure graph of the BN. Then, during
training, the BN is simulated in accordance with its Boolean
functions. Since the resulting state of the BN is observed
and used to compute the reward function discussed in the
following, information on the dynamics of the BN is implic-
itly encoded via training into the graph convolutional kernels
hΘ and the remaining parameters of the ATGC architecture.

Second, the GCN creates an embedding of a discrete
graph into a continuous space, which is more suitable for
machine learning algorithms and eases the training of the
DRL agent.

The output of the graph convolutions is passed through
a three-hidden-layers MLP with 1024, 512, and 256 neurons
per layer.

Finally, the DRL agent contains a Branching Dueling Q-
Network (BDQ) architecture (Tavakoli, Pardo, and Kormu-
shev 2018) to handle combinatorial action spaces, which al-
lows multigene interventions per step. In our experiments,

we observed that the factorisation of BDQ improves sample
efficiency by ∼ 30% over a standard DQN. A shared GNN
encoder followed by the MLP maps states to latent repre-
sentations, which are fed into parallel branches estimating
Q-values for each node’s flip action. This allows scalable
action space representation and captures topological depen-
dencies among genes.

The action-value function Q(s, a) is optimised using dou-
ble Q-learning with Huber loss and prioritised experience
replay (Fujimoto, van Hoof, and Meger 2018). The reward
encourages progress towards an attractor that satisfies the
target configuration. It is defined as:

Ra(s, s
′) = 21 + 100 ∗ 1TA(s

′)− |a|,

where s and s′ are the current and next PA states, respec-
tively, 1TA is an indicator function of the target configu-
ration, and |a| is the number of genes perturbed by apply-
ing action a. This reward scheme is balanced to punish the
model for perturbing many genes in a single action while
providing enough reward to allow to still reach the target
configuration by the means of a sequence of actions. Our
experiments revealed (data not shown) that it is important
that the reward function maintains a consistent sign during
training (in this particular case, it is designed to remain non-
negative, which is ensured by the term of 21). This design
ensures convergence towards biologically plausible repro-
gramming strategies.

5 Experiments
We evaluate how our GATTACA framework scales with the
size of the BN model. We focus on large, verified models
taken from the literature for well-known real-world biologi-
cal networks.

Case Studies: Models and Their Target
Configurations
To evaluate the performance of our approach, we select a va-
riety of models from the literature, ranging in size from 35
nodes (the Bladder model) to 188 nodes (the CD4+ model).
To ensure that the target configurations used in our evalua-
tion are both realistic and of significance to biologists, we
focus on the configurations considered in the original publi-
cations where these models were introduced. The following
models are considered.
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Model Size (Inputs) iPASIP PA States CABEAN
F-A C-A Spurious F-A C-A Failed

Bladder 35 (4) 9 [20] 0 [5] 0 [0] 9 [20] 0 [4] 1 of 16
MAPK 53 (4) 6 [12] 0 [3] 0 [0] 6 [12] 0 [3] 3 of 16
T-LGL 61 (7) 149 182 2? 166 130 6 of 128

Bortezomib 67 (5) 5 [83] 0 [0] 0 [0] 5 [83] 0 [0] 0 of 32
T-diff 68 (24) 12 0 0 12 0 0 of 1

MCF-7 117 (8) 4 0 0 4 0 N/A
CD4+ 188 (34) 12 0 1 12 0 0 of 1

Table 1: Comparison of the numbers of pseudo-attractor (PA) states identified by iPASIP with the numbers of attractors ob-
tained with CABEAN. The numbers of fixpoint attractors (F-A), cyclic or complex attractors (C-A), and spurious PA states
are presented for the environmental conditions enumerated in the extended version of this paper (plain numbers) and for input
nodes left unspecified, i.e. all possible environmental conditions (numbers in square brackets). The numbers of environmental
conditions for which CABEAN failed to compute a result are shown in the ‘Failed’ column. The ‘?’ indicates that our verifica-
tion of whether the PA states are indeed spurious failed.

• A 35-node logical model for the prediction that bladder
cancer cells will become invasive, originally introduced
in (Remy et al. 2015) (Bladder).

• A 53-node predictive BN model of (Grieco et al. 2013)
for the role of the mitogen-activated protein kinase net-
work in urinary bladder cancer with an emphasis on
the differential behaviour between EGFR overexpression
and FGFR3 activating mutation (MAPK).

• A 61-node BN model of (Zhang et al. 2008) to describe
the signalling involved in maintaining the long-term sur-
vival of competent cytotoxic T lymphocytes in human
T cell large granular lymphocyte leukemia (T-LGL).

• A 67-node BN model constructed in (Chudasama et al.
2015) that includes major survival and apoptotic sig-
nalling pathways in U266 multiple myeloma (MM) cells
to investigate the role of bortezomib, a commonly used
first-line agent in MM treatment (Bortezomib).

• A 71-node comprehensive BN model originally intro-
duced in (Naldi et al. 2010) to represent the regulatory
and signalling pathways controlling the differentiation of
CD4+ T helper (Th) cells and its reduced version of 68
nodes studied in (Su and Pang 2020) (T-diff).

• A 81-node BN model introduced in (Albert et al. 2017)
to investigate the responses of the abscisic acid phytohor-
mone signal transduction underlying stomatal closure,
a vital process to reduce water loss during drought stress
conditions in plants (ABA).

• A 117-node BN model of cell growth and proliferation in
breast cancer incorporating common signalling pathways
in the MCF-7 cell line originally introduced in (Taoma
et al. 2024) (MCF-7).

• A 188-node BN model introduced in (Conroy et al. 2014)
to study the role of overexpressed Caveolin-1, i.e. a vi-
tal scaffold protein heterogeneously expressed in healthy
and malignant tissue, in T-cell leukaemia (CD4+).

The models and their corresponding target configurations
are listed in Table 1 in the extended version of this paper.

Performance Evaluation Methodology
We evaluated the GATTACA framework on asynchronous
BN models of various sizes to solve the attractor-target
control problem. Input nodes typically represent environ-
mental conditions and are kept fixed. Hence, they are not
very interesting from the control problem point of view. For
most models (i.e. Bortezomib, T-diff, MCF-7, CD4+), we
selected biologically relevant environmental settings from
the literature. For smaller models, e.g. Bladder and MAPK,
a partial environmental specification was used to allow mul-
tiple conditions at once, ensuring that the control task is nei-
ther trivial nor impossible. This is due to the fact that in the
majority of cases where all input nodes are set to a specific
environmental condition, the models manifest a single at-
tractor or no or all attractors aligned with the target config-
uration. For the T-LGL and ABA models, no environmental
conditions were originally specified, so we considered all.

We let ATGC of our GATTACA framework perturb all
nodes (including input nodes) except those specified in the
target configuration, which we refer to as target genes. Be-
yond this, we do not impose any other restrictions on genes
that can be perturbed: we allow full flexibility in selecting
genes for interventions to ensure a fair comparison with the
CABEAN benchmark and to demonstrate the potential of
the GATTACA framework to identify optimal or suboptimal
strategies in large networks. However, we emphasise that our
framework can be straightforwardly modified to incorporate
prior biological knowledge by restricting perturbations to
a predefined subset of genes.

To reflect practical feasibility of wet-lab experimental
procedures, we limit the number of simultaneous perturba-
tions to five per intervention. Notice that this is a parameter
of the GATTACA framework and can be adjusted to partic-
ular needs as required.

ATGC learns control strategies by minimising the num-
ber of interventions required to reach any attractor that sat-
isfies the target configuration. Each training episode starts
from a pseudo-attractor state misaligned with the target that
is randomly selected from the PA states identified so far
by iPASIP. Throughout each episode, we track the number
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Model Size (Inputs) PA states Attractors GATTACA CABEAN
Bladder 35 (4) 9 9 1.0 1.0
MAPK 53 (4) 6 6 1.0 1.0
T-LGL 61 (7) 333 296 1.02 1.0

Bortezomib 67 (5) 5 5 1.99 1.05
T-diff 68 (24) 12 12 2.55 1.18
ABA 81 (23) 40,000 N/A 2.23 N/A

MCF-7 117 (8) 4 4 2.33 N/A
CD4+ 188 (34) 13 12 1.16 1.03

Random200 200 (0) 165 N/A 7.1 N/A

Table 2: Comparison of the average control strategy lengths required to drive the network from the source state to the target
configuration obtained with the GATTACA framework and the exact ASI method implemented in CABEAN. Results that could
not be obtained with CABEAN are indicated as not available (N/A).

of control actions taken, referred to as the episode control
length, as ATGC guides the network dynamics to any PA
state aligned with the given target configuration. ATGC can
take up to 100 control actions per episode. If it fails to con-
trol the BN within this limit, the episode is considered un-
successful, indicating that no valid control strategy is found.

We evaluate performance by averaging the number of
steps across 10 simulations for each source PA state, as
due to the nondeterministic dynamics of the environment
introduced by the asynchronous update mode, results may
vary between runs. The average lengths of successful control
strategies are compared with the results of the state-of-the-
art exact attractor-based sequential instantaneous source-
target control algorithm (ASI) (Mandon et al. 2019) imple-
mented in the CABEAN software tool (Su and Pang 2021).
The ASI algorithm computes optimal strategies by lever-
aging symbolic techniques based on Binary Decision Dia-
grams (BDDs) to encode the BN dynamics.

CABEAN requires fully specified environmental condi-
tions and searches for the shortest control paths from the
source to the target attractors. However, in the case of all en-
vironmental conditions considered, e.g. the T-LGL model,
we enumerate all fully specified environmental conditions
and analyse them one by one with CABEAN. For each
such condition, all attractors are computed and divided into
source attractors, i.e. those not aligned with the target config-
uration, and target attractors, i.e. those aligned with the tar-
get configuration. Then, for each source attractor, the short-
est path to any of the target attractors is computed with
CABEAN. Finally, the averaged length of the shortest paths
is reported over all environmental conditions and source at-
tractors. Formally, the average CABEAN control path length
for a BN model M , denoted ACPLCabean(M), is defined as:

ACPLCabean(M) = Ee∈EM

[
Es∈SM

e

[
min
t∈T M

e

cpl(s, t)
]]
, (1)

where EM is the set of all separate environmental conditions
considered for model M , SM

e is the set of source attractors,
T M
e is the set of target attractors for a given environmental

condition e for model M , and cpl is the control path length
computed by CABEAN for a specific pair of source and tar-
get attractors.

If there is no available target attractor for a given environ-
mental condition, we check all other environmental condi-
tions for a target attractor. We first switch the environmen-
tal condition and then use CABEAN to control the network
within the new environmental condition. To account for the
“manual” environmental condition switch, one is added to
the control path length returned by CABEAN. We take the
minimum length over all other environmental conditions that
contain a target attractor. This allows a fair comparison with
the GATTACA framework, which can handle input flipping
natively.

The remaining parameters of the GATTACA framework
are set as follows: Adam lr = 1e−4, γ = 0.99, batch size
= 128, replay = 106, PER α = 0.6, β = 0.4 → 1.0, target
update τ = 0.01, ϵ-greedy (1.0 → 0.05, 106 steps), and
gradient clip = 10.

6 Results
We evaluate the GATTACA framework on the BN mod-
els presented. The results obtained demonstrate that our ap-
proach is scalable – it is capable of controlling environments
across a wide range of sizes, particularly BN model charac-
terised by huge state spaces.

Evaluation of iPASIP
Our iPASIP method provides a strong alternative to tra-
ditional methods for finding BN attractor states. Table 1
presents the summarised results for each model in which
CABEAN was able to compute the attractors for the envi-
ronmental conditions specified in Table 2 in the extended
version of this paper.

To provide a more comprehensive evaluation of iPASIP,
we additionally ran it on the Bladder, T-LGL, and Borte-
zomib models without specifying the environmental condi-
tion. For comparison, we computed the attractors for each
model with CABEAN in all individual environmental con-
ditions one by one, i.e. in 16, 128, and 32 conditions, re-
spectively. The numbers of attractors in all environmental
conditions are presented in square brackets in Table 1.

In the case of the MAPK model, CABEAN failed in 3
of 16 possible environmental conditions. Running iPASIP
under all environmental conditions resulted in a very large

877



number of identified PA states, which we could not verify
due to the lack of ground-truth information. However, run-
ning iPASIP under all environmental conditions except the
ones in which CABEAN failed resulted in fully correct iden-
tification of all attractors, see Table 1.

For the Bladder model, iPASIP found 25 PA states in
total in all 16 environmental conditions, while CABEAN
returned 24 attractors in 15 environmental conditions and
failed in one. The 24 CABEAN-found attractors are rep-
resented within the 25 PA states. By computing an attrac-
tor reachable from the extra PA state identified by iPASIP,
we found that it is an attractor state of an attractor consist-
ing of 184,320 states under the environmental condition that
CABEAN was unable to handle.

We further investigated the distribution of revisits to the
individual states of this large attractor. We simulated a tra-
jectory of 1,000,000 steps with the PA state as the initial
state. The numbers of revisits for individual states are shown
in Figure 2. The extra PA state is clearly dominating all other
attractor states in terms of the count of revisits and is cor-
rectly identified by the iPASIP method despite the attractor
being exceptionally large.

In the cases of the T-LGL and CD4+ models, iPASIP
overestimates the number of attractor states, i.e. some of the
PA states are spurious attractor states, although for the T-
LGL model we were unable to confirm that indeed the two
states are spurious: we failed to compute attractors reach-
able from the potentially spurious states with a graph traver-
sal approach. Nevertheless, as argued above, the additional
states stand out due to being frequently revisited. Thus, they
can still be considered viable for performing control actions.

The extra PA state1 of the CD4+ BN model is indeed spu-
rious – this can be inferred from the fact that CABEAN de-
termined all attractor states for the given environmental con-
dition. By simulating 1,000,000-step trajectories from this
spurious attractor state, we observed that it was revisited
more than 996,000 times and the trajectories consisted of
less than 70 distinct states. Clearly, in this sense, the state
resembles a stable state.

We verified that for all models except T-LGL all the at-
tractors found by CABEAN have a representative amongst
the PA states. For T-LGL, 143 of 166 CABEAN fixed-point
attractors and 71 out of 130 CABEAN cyclic or complex at-
tractors are detected by iPASIP, some of them multiple times
as more than one PA state may belong to the same attractor
(data not shown). The remaining fixed-point PA states found
by iPASIP are attractor states in the six environmental con-
ditions in which CABEAN failed2.

In summary, the iPASIP approach provides a scalable and
effective solution for identifying true PA states in large-size
BNs. Moreover, as the case studies show, iPASIP often suc-
cessfully identifies all the attractor states of a large BN.

1In the spurious attractor state the nodes Cofilin, GATA3,
IL4, PI3K, proliferation, AKT, PIP3 345, Dec2, IRF4, IL4RA,
PDK1, and IKB are 1 and all the remaining nodes are 0.

2By failure we mean the fact that CABEAN ended with an error.

Figure 2: Bar plot of the number of revisits to individual
states of the Bladder BN model attractor containing the ex-
tra PA state identified by iPASIP under the environmental
condition of EGFR stimulus set to 1 and all remaining in-
put nodes set to 0. For readability, only states with at least
1,000 revisits are shown in the decreasing order of revisit
count. State of index 0 is the PA state found by iPASIP and
the remaining attractor states are indexed arbitrarily.

Evaluation of the GATTACA Framework
With regard to control problem solutions found by our GAT-
TACA framework, the average length of the control strate-
gies is typically within one control action/intervention of the
optimal solution computed in accordance with the formula
in Equation (1) based on the control path lengths obtained
by the exact ASI algorithm implemented in the CABEAN
software tool, as shown in Table 2.

However, for the ABA model the number of environmen-
tal conditions is too large (223) to be handled by CABEAN
(entries marked N/A). As obtained with the GATTACA
framework, the ABA model is characterised by a very large
number of PA states. However, the GATTACA framework
successfully identifies effective control strategies, demon-
strating the scalability of our framework in this respect.
Moreover, we conducted experiments in which the number
of PA states was overestimated by a factor of 1000 and GAT-
TACA was still able to identify effective control strategies.
Those two facts prove that the GATTACA framework is re-
silient to both high attractor counts and spurious PA states.

To further investigate the scalability potential of the GAT-
TACA framework, we analysed the MCF-7 model under
all possible environmental conditions. It is characterised by
a large number of PA states and the GATTACA framework
is still capable of successfully identifying control strategies,
as shown in Table 3. Unfortunately, we were unable to ob-
tain exact results where all 256 fully specified environmental
conditions were considered with CABEAN as it could not
complete the attractors calculations in 168 hours (one week)
on an 8-Core 2.25 GHz AMD EPYC 7742 processor with
256 GB of RAM.

Next, we analysed the original T-diff model with 71
nodes, introduced in (Naldi et al. 2010), under two environ-
mental conditions: 1) the original, partially specified (PS)
condition from (Naldi et al. 2010) and 2) the fully specified
(FS) condition from (Su and Pang 2020) presented in the
extended version of this paper. The former condition leaves
some of the input nodes unspecified with respect to the latter.

The original 71-node T-diff model, under both conditions,
is characterised by a large number of PA states identified by
iPASIP. CABEAN fails to identify the attractors and can-
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Model Size PA states GATTACA
MCF-7 117 1,500 2.11
T-diff in PS env. cond. 71 156,864 6.17
T-diff in FS env. cond. 71 25,856 6.17

Table 3: Average control strategy lengths obtained with the
GATTACA framework for the MCF-7 model under all envi-
ronmental conditions and the original 71-node T-diff model
of (Naldi et al. 2010) under two environmental conditions
(env. cond.), i.e. the partially specified (PS) one in (Naldi
et al. 2010) and the fully specified (FS) one in (Su and Pang
2020). Both conditions are characterised by large number of
PA states identified by iPASIP.

not compute control strategies for these BNs. However, the
GATTACA framework successfully identifies control strate-
gies in both cases. The average control strategy length is
6.17, as shown in Table 3. It is noticeably larger than for
all other BN models considered in this study. Nevertheless,
this is justifiable, as such large numbers of PA states suggest
that the two BN models have large numbers of attractors.
Meanwhile, the size of the original T-diff model (71 nodes)
is comparable to the size of the model in (Su and Pang 2020)
(68 nodes), the latter with only 12 attractors; see Table 2.
The state space of the original T-diff model under the two
environmental conditions is then highly probable to be di-
vided into much finer-grained basins of attraction than in
the case of the modified model in (Su and Pang 2020). Con-
sequently, driving the dynamics towards a PA state aligned
with the given target configuration requires an action that
places the network dynamics into a relatively small basin of
attraction, likely necessitating simultaneous perturbation of
many genes. Since this is restricted due to the limit imposed
on the maximum number of genes that can be perturbed at
once within a single action, the identified control strategies
must traverse multiple attractors to reach the target configu-
ration.

Finally, we performed an additional scalability test of the
GATTACA framework on a randomly generated BN model
of 200 nodes (Random200). The model is challenging as
it has no input nodes and its structure graph consists of
a single SCC. Therefore, the attractor detection algorithm
and the ASI control algorithm in CABEAN cannot exploit
the SCC-decomposition and CABEAN fails to compute the
control strategies within 168 hours (one week). The GAT-
TACA framework identifies 165 PA states and returns con-
trol strategies of average length of 7.1 for the target config-
uration x3 = 1, where x3 is one of the nodes; see Table 2.
This relatively long control strategy on average can be ex-
plained by the fact that a network of highly interconnected
nodes may require a simultaneous perturbation of a larger
number of nodes than in the case of a loosely connected
network. Since we limit the number of simultaneous per-
turbations, the GATTACA framework finds longer control
strategies that traverse a number of intermediate PA states.
Training of the GATTACA framework on the 200-node net-
work required approximately 2.5h (A100) and 0.6M steps.

7 Conclusions
We formulate the attractor-target control problem in the con-
text of cellular reprogramming – a novel control problem for
biological networks modelled using the BN framework un-
der the asynchronous update mode. To provide a scalable
solution, we develop and implement the GATTACA frame-
work. Our framework can handle models of sizes that are
prohibitive for existing state-of-the-art control algorithms.

To facilitate scalability, the GATTACA framework is
based on DRL. Importantly, to leverage the known structure
of a biological system and to encode the network dynam-
ics into a latent representation, we incorporate graph neural
networks with graph convolution operations. The available
knowledge of the structure of the a BN model is explicitly in-
corporated into the ATGC agent by defining the GCN archi-
tecture in accordance with the BN structure graph. Through
interactions with the BN environment, the BN dynamics is
implicitly encoded into the agent via training. Moreover, the
GCN creates an embedding of a discrete graph into a contin-
uous space, which enhances the training of the DRL agent.

Moreover, scalability is achieved by considering the pre-
viously introduced concept of a pseudo-attractor and by ex-
ploiting iPASIP, which we develop by improving the previ-
ously proposed approach for effective identification of PA
states in large BN models. We demonstrate the effectiveness
of iPASIP on a number of BN models of real-world biolog-
ical networks of different sizes by comparing the identified
PA states with the attractors obtained with an exact state-
of-the-art algorithm implemented in the CABEAN software
tool. We show that iPASIP is capable of correctly identify-
ing the representative attractor states of all attractors in most
of the cases. It also manages to detect attractor states in BN
models for which CABEAN fails to compute the attractors.
Furthermore, iPASIP proves its scalability and effectiveness
as part of the GATTACA framework, where the determined
PA states facilitate the computation of control strategies for
large BN models of various real-world biological networks.

The proposed GATTACA framework offers a scalable and
effective solution to the attractor-target control problem, as
demonstrated by the results of computational experiments
conducted on a number of large real-world biological net-
works. Given the source PA state and target configuration
of genes, our framework finds proper control strategies that
drive the network from the source PA to the target configura-
tion by taking actions (intervening) only in intermediate PA
states that correspond to phenotypical cellular states that can
be observed in the lab. Our framework is capable of finding
optimal or close to optimal control strategies, where in the
latter case the lengths in most of the cases differ on aver-
age from the optimal strategies by at most one intervention.
Moreover, the GATTACA framework is capable of identify-
ing effective control strategies of reasonable lengths in BN
models on which CABEAN fails. An additional evaluation
conducted on a challenging network which structure graph
is a single large SCC of 200 nodes, the analysis of which
is beyond the capabilities of state-of-the-art exact solutions,
further demonstrates the unprecedented scalability potential
of the GATTACA framework in controlling large Boolean
models of complex biological networks.
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