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Abstract

Generative Flow Networks (GFlowNets) is a new family of
probabilistic samplers for generating objects under an un-
normalized reward distribution. It has emerged as a promis-
ing framework for learning stochastic policies that generate
high-quality and diverse discrete objects proportional to their
rewards, surpassing traditional reward-maximizing reinforce-
ment learning methods. However, existing GFlowNets often
suffer with data efficiency due to the direct parameterization of
edge flows or dependence on backward policies that are chal-
lenging to specify or optimize, especially in high-dimensional
action spaces. While the recent development of GFlowNets
has primarily focused on developing alternative loss func-
tions, we introduce a novel approach by exploring enhanced
flow representations from an architectural perspective. In this
paper, we propose to factorize the conventional edge flows
into separate state flow and edge-based allocation streams. By
introducing an effective method to synergistically combine
these two streams to estimate the flows, we develop Bifurcated
Generative Flow Networks (BN), a practical implementation
to improve learning efficiency. We conduct extensive experi-
ments on various standard benchmarks, and results show that
BN significantly improves learning efficiency and effective-
ness compared to state-of-the-art baselines.

Extended version — https://arxiv.org/abs/2406.01901

1 Introduction

Deep reinforcement learning (RL) has made remarkable
progress in recent years, particularly in the domain of
games (Mnih et al. 2015; Vinyals et al. 2019). While RL typi-
cally aims to maximize the reward function and learn the opti-
mal policy, this singular focus may not always yield the most
desirable outcomes in many practical applications where the
diversity of generated states is crucial, e.g., molecule discov-
ery (Bengio et al. 2021), combinatorial optimization (Zhang
et al. 2023b, 2024), and large language models (Li et al.
2023; Hu et al. 2023). In contrast, Generative Flow Networks
(GFlowNets) (Bengio et al. 2021) offer a novel approach
as probabilistic samplers that learn a stochastic policy for
generating compositional objects z € X with probability
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proportionally to the return R(x). Unlike RL, GFlowNets
model all the modes of the reward function, enabling the
discovery of high-quality and diverse candidates.
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Figure 1: Upon factorizing the conventional edge flows in
Flow Matching (Bengio et al. 2021) into the state flow and
the edge-based allocation streams, the disparities in attention
between these streams across various states are illustrated
via the Penicillin discovery task. The red circle with a red
halo signifies the attention of the edge-based allocation at the
current state, while the blue circle with a blue halo denotes
the focus of the state flow stream.

GFlowNets training can be conceptualized as satisfying
the flow consistency constraint in a water flow network (Ben-
gio et al. 2023), ensuring that incoming flows from parent
states F'(Sparent — §) match the state flow F'(s), and equal
to outgoing flows to children states F'(s — scpiia), With ter-
minal flows set to returns R(z). Flow Matching (Bengio et al.
2021) pioneered the conversion of this constraint into a prac-
tical loss function for training neural networks that directly



represent edge flows F(s — '), estimating the state-next
state flow function. Recent advancements, including Detailed
Balance (Bengio et al. 2023), Trajectory Balance (Malkin
et al. 2022), and Sub-Trajectory Balance (Madan et al. 2023),
have introduced backward policies Pp(s|s’), extending flow
matching to various levels based on the TD()\) principle (Sut-
ton 1988) in the RL literature. However, these methods still
face challenges when dealing with high-dimensional tasks
involving large-scale action spaces, primarily due to the com-
plexity in specifying and optimizing backward policies.

In high-dimensional and complex real-world tasks such as
molecule generation (Bengio et al. 2021), GFlowNets face
the challenge of traversing vast state and action spaces. In-
deed, the impact of different states and actions on the final
properties of generated molecules varies significantly. Fig-
ure 1 illustrates this concept through an example of antibiotic
generation. At critical states, such as the formation of key
functional groups that determine therapeutic properties, cer-
tain actions play a crucial role in shaping the outcome. There-
fore, an effective flow representation should exhibit high
sensitivity to the available actions (as illustrated in Figure 1,
reflecting their importance in determining the molecule’s fi-
nal properties. Conversely, during less critical phases, such
as the addition of peripheral side chains, action choices may
have only marginal effects on the molecule’s core functional-
ity. In these cases, the flow representation need not exhibit
high sensitivity to specific action choices.

The key insight is that the learning of GFlowNets may
not need to model every possible state-action transition with
equal precision. While recent GFlowNet research has largely
focused on designing alternative loss functions, we propose a
complementary approach by exploring better flow representa-
tions from the network architectural perspective. In this paper,
we propose a novel training perspective for GFlowNets, Bifur-
cated GFlowNets (BN), that factorizes the edge flows into sep-
arate representations for state flows (which estimate the flow
through each state) and edge-based allocations (which deter-
mines how the flow is distributed among the outgoing edges).
Our idea draws inspiration from the dueling network architec-
ture (Wang et al. 2016) in RL, where the Q-value is computed
via a state-dependent value function V'(s) and an advantage
function A(s,a) (i.e., Q(s,a) = V(s) + A(s, a)). However,
following a direct decomposition as in (Wang et al. 2016)
will lead to negative flows that are invalid in the GFlowNets
formulation. To address the challenge of extending the advan-
tage function to GFlowNets while maintaining non-negative
flow constraints, we redefine the learning objective to in-
corporate edge-based allocations. This factorization enables
BN to learn more efficiently from experiences, which im-
proves efficiency from the collected data, and scales up well
to handle large state and action spaces. Finally, extensive
experiments on the various standard evaluation benchmarks
demonstrate the remarkable effectiveness of BN.

The main contributions are summarized as follows:

* We propose a novel training perspective for GFlowNets,
termed Bifurcated GFlowNets (BN), that factories edge
flows into separate representations for state flows and
edge-based flow allocations.
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* We develop a new learning objective that incorpo-
rates edge-based allocations, effectively maintaining non-
negative flow constraints.

* We conduct extensive experiments on standard evalua-
tion benchmarks in the GFlowNets literature, including
HyperGrid (Bengio et al. 2021), RNA sequence genera-
tion (Kim et al. 2023), and molecule generation (Bengio
et al. 2021), where the results demonstrate that BN signifi-
cantly improves learning efficiency and task performance
compared to previous methods and can be better scale up
to real-world high-dimensional tasks.

2 Background
2.1 GFlowNets Preliminaries

Given a directed acyclic graph (DAG) as G = (S, .A), where
S denotes the state space and A C S x S represents the
action set, we denote sg in S as the unique initial state with no
incoming edges, and terminal states as those in X C S with
no outgoing edges. The objective of GFlowNets is to learn
a stochastic policy Pr to objects s,, from trajectories 7 =
(so — 81— ... — s,) where s,, € X and (s; — s;41) €
A, with the sampling probability directly proportional to a
reward function R : X — R, such that P/ (z) x R(z).
As detailed by (Bengio et al. 2021), the flow characterizes
the transitions within the DAG. We define the trajectory flow
F : T — R™. The flow for any state s is given by F(s) =
> rer, F(7) where Ty is the collection of all trajectories
ends with state s. The flow for any edge s — s’ is given
by F(s —s') =3, F(r), which induces a probability

measure P(7) = %, Z denotes the total flow, calculated as

Z =3 .o F(7). The forward policy Pr(s'[s) = Fs—s')

/ )
F%S(?,j ) determine the

and the backward policy Pg(s|s’) =
transitions between states.

2.2 Training Criteria for GFlowNets

Flow Matching (FM). The FM (Bengio et al. 2021) ob-
jective realizes the flow consistency constraint (Bengio et al.
2021), i.e., the incoming flows for a state match the outgoing
flows, at the state level. FM directly parameterizes the edge
flow function as Fy(s — s’), where 0 represents the learn-
able parameters. The optimization objective is to minimize
the loss function Lgm(s) defined as

(log Z Fp(s" — s) —log Z Fy(s — s'))2

s'" €Parent(s) s’ €Child(s)
ey

for non-terminal states, where the log-scale is used for opti-
mization to address stability concerns (Bengio et al. 2021),
while the objective for terminal states x is to encourage the
incoming flow to match the corresponding reward R(x). To
optimize the FM objective, trajectories are sampled from
a training policy 7 that ensures full support over the state
space. This policy can be constructed as a tempered version
of the forward policy Pr, or as a mixture of P, and a uni-
form policy U (i.e., 19 = (1 — €)Pr, + €U), which can
encourage exploration and prevent premature convergence



to sub-optimal solutions. It is proven in (Bengio et al. 2021)
that if the expected loss function (Eq. (1)) reaches a global
minimum and the training policy 7 has full support, then FM
can generate samples from the desired target distribution.

Detailed Balance (DB). Bengio et al. (2023) propose an
alternative objective, DB, to achieve consistent flows in the
edge level. The training involves learning three models: a
state flow model Fy(s), a forward policy model Pg(:|s),
and a backward policy model Pg(:|s). The training ob-
jective is to minimize the loss defined as Lpp(s,s’) =
(log(Fy(s)Pp(s'|s)) — log(Fy(s')Ps(s|s)))? for the non-
terminal states, and a similar object is used to ensure Fy(z)
match the corresponding rewards R(z) for terminal states.

Trajectory Balance (TB). TB extends the learning ob-
jective of DB based on a telescoping calculation to
directly train on full trajectories(Malkin et al. 2022),
whose learning objective is to minimize the loss func-
tion defined as Lrg(7) = (log(Zy H?;()l Pr(siy1]st)) —
log(R(x) [T/, Ps(st|st+1)))?, which parameterizes the
forward and backward policies and also the total flow Zy.

Sub-Trajectory Balance (SubTB). SubTB considers all
possible O(n?) sub-trajectories 7;.; = {s;, - ,s;}, and the
optimization objective is defined as in Eq. (2), where w;; =

A\t . o
S, denotes the weight for 7;.;, and A represents

the weighting hyperparameter.

j—1
Lswrs(t) = Y wj <1Og F(s;) [ ] Pr(si4alse)
t=1

Tiij €T

j—1 2
—log F(s;) H PB(St|3t+1)>
t=1
(2)
3 Proposed Method

We begin by presenting a motivating example that illustrates
the benefits of factorizing edge flows in the flow matching
objective (Bengio et al. 2021) into state flows and edge-based
allocations. Then, we provide BN for introducing the above
idea into a practical training policy, followed by a theoretical
analysis and discussion of BN with previous approaches.

3.1 Motivation Example

As discussed above, an expected edge flow should not focus
extensively on learning the relative merits of each action.
Instead, it should concentrate on states where the choice of
action is crucial. However, the direct parametrization of edge
flows as in Flow Matching (FM) (Bengio et al. 2021) can not
achieve such an effect, therefore decreasing data efficiency,
which we illustrate through a tabular example below.
Consider a simple directed acyclic graph (DAG) as shown
in Figure 2, which illustrates a hard exploration problem
with sparse rewards, as only s5 has a reward of 1 while other
terminal states have very small terminal rewards. Suppose
that the FM agent has sampled a trajectory 7 = {sg, s1, S4}
and obtained a reward of R(s;) = 1073, According to the
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learning criterion of FM, the update for state s, (illustrated in
Figure 2(a)) only directly affects the edge flows F'(s1 — s4)
and F'(s2 — s4) according to R(s4). However, it does not
effectively propagate meaningful information to other transi-
tions that are not sampled, and can leave them underexplored.
In contrast, with an effective decomposition of the edge flow
into separate representations for state flows and edge-based
allocations (to be introduced in Section 3.2), the update for
state s4 will not only affect edge-based allocations, but will
also update the value of the corresponding state flows F'(s1)
and F'(s2) based on the reward. Thus, it will also implic-
itly change the value for other unsampled edges including
s1 — s3 and s — s5, which informs all outgoing edges
from the parent states, thereby enhancing exploration by pro-
viding valuable information for potential trajectories like
Sg — So — 5. Therefore, it can address FM’s data ineffi-
ciency problem by ensuring that the training signal is more
broadly disseminated throughout the underlying DAG, and
realize better exploration and discovery of modes.

It is also worth noting that although there have been recent
methods (Bengio et al. 2023; Malkin et al. 2022; Madan et al.
2023) that do not explicitly model edge flows, they rely on a
backward policy Pg(s|s) that can be hard to learn or specify
in large scale problems with huge action spaces (Zhang et al.
2022). We validate this on a didactic environment with con-
trollable state and action spaces with more complicated tran-
sition dynamics than Figure 2. We consider two environment
specifications, small and large, with varying state and action
space sizes, where the full description of the environment
can be found in Appendix B.1. We evaluate the empirical
L error (Bengio et al. 2021) (defined as E[|p(z) — 7 (z)|],
where p(z) = R(x)/Z denotes the underlying true reward
distribution, and 7 is approximated by repeated sampling
and calculating the visitation frequencies of each x) of the
flow factorization method (BN) and compare it with previous
GFlowNets objectives including FM, DB, TB, and SubTB.
As shown in Figure 3, when the problem size is large, all
methods that rely on learning the backward policy (including
DB, TB, and SubTB) face challenges in scaling effectively,
which highlights the difficulty of specifying or learning the
backward policy in large-scale problems (Bengio et al. 2021).

3.2 Bifurcated Generative Flow Networks (BN)

As discussed in the previous sections, it can pose a significant
challenge for the agent to accurately capture the state-next
state flows for every possible transition and to efficiently
learn from experiences. We aim to naturally separate the edge
flow function into a state-only dependent state flow and an
edge-related component responsible for assigning importance
to different actions within a single state. In RL, there is a
natural decomposition of the (J-value for a state-action pair
Q(s, a) based on the summation of the state-value V' (s) and
advantage function A(s,a), i.e., Q(s,a) = V(s) + A(s, a).
The advantage function-based -value decomposition (Wang
et al. 2016) can greatly improve sample efficiency by more
efficient information propagation.

However, extending the notion of the advantage function
to GFlowNets is non-trivial, and a direct extension (i.e.,
F(s — §') = F(s) + A(s — &')) is invalid. This is be-
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Figure 2: The data inefficiency problem in a simple scenario.
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Figure 3: Results in large didactic DAG tasks.

cause the state flow for a given state s’ is defined as the
summation of incoming edge flows from its parent states s,
ie., F(5) = X . epuen(s) £'(s” — s), and the naive exten-
sion of the advantage function can lead to negative advantage
flows, which does not make sense and contradicts the funda-
mental non-negative flow constraints inherent to flow network
systems. To address this challenge, we carefully analyze the
flow definition in GFlowNets, and introduce a novel notion
of edge-based allocation based on the relationships of value
functions and flow functions (Tiapkin et al. 2024), defined
as log F(s — §') = log F'(s) + log A(s'|s), where F(s)
represents the state flow and A(s'|s) denotes the edge-based
allocation (as a probability distribution). This allows for a
more interpretable and expressive representation of the flow.

Based on this notion of edge-based allocations, we de-
rive the learning objective of Bifurcated Generative Flow
Networks (BN) as in Eq. (3) by extending Flow Matching to
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allow for efficient decomposition of the edge flow.

Z F(s)A(s'|s) = F(s') = Z F(s")A(S"]s")  (3)
Notably, the right-hand-side can be further simplified as
Yoo A(s"|s") = 1, and we obtain the final loss function
for learning BN as in Eq. (4) for non-terminal states, and a
similar objective encouraging the inflow at terminal states x
equal the reward R(x). We train BN in the log-scale follow-
ing (Bengio et al. 2021) to stabilize the learning process.

Lpn(s') = <log Z F(s)A(s']s) — log F(s’)) 4)

s—s'eA

Theoretical Justification. In Theorem 1, we provide a
theoretical justification for the BN learning objective, demon-
strating its convergence and correctness. The detailed proof
can be found in Appendix A.

Theorem 1. If Lgy(s') = 0, for Vs, then the edge advantage
policy A(s'|s) samples proportionally to the reward function.

Practical Implementation. The idea can indeed be im-
plemented in a simple yet effective manner, where Figure 4
illustrates the learning structure of our proposed Bifurcated
GFlowNets. It consists of a carefully designed bifurcated
architecture with a shared state encoder parameterized by
6, which decomposes the edge flow F'(s — s’) into a state
flow network stream F'(s) parameterized by p and an edge
advantage network stream A(s’|s) parameterized by 7.

Discussion. Our Bifurcated Generative Flow Networks
(BN) introduce a novel decomposition of the edge flow in
GFlowNets (Bengio et al. 2021), inspired by the dueling deep
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Figure 4: The network structure of BN.

Q-network (DQN) (Wang et al. 2016) architecture. However,
it is non-trivial to directly extend such decomposition to
GFlowNets, as it can lead to impractical negative edge-based
flows. Through an in-depth analysis of the flow function in
GFlowNets, we propose an innovative edge flow decomposi-
tion that effectively separates the representations into state-
related and edge-related components, which significantly
enhances data efficiency. Our method is also related to the
actor-critic framework (Sutton et al. 1999), featuring a state-
dependent component that estimates the flow value for each
state and a policy-like component for edge-based allocations.
In contrast, FM can be considered as a pure value-based
approach, while methods like DB, TB, and SubTB involve
learning a state flow function, a forward policy, and an ad-
ditional backward policy. BN offers a new perspective by
circumventing the complexities of the introduction of the
backward policy, which can be challenging to specify or
learn in high-dimensional problems. Interestingly, our final
learning objective also exhibits a close relationship with the
concept of Detailed Balance when considering the full spec-
trum of possible next states (Bengio et al. 2023), which can
also be derived from another analytical perspective of DB
(Please refer to Appendix D for the detailed analysis).

4 Experiments

In this section, we conduct extensive experiments to under-
stand the effectiveness of our method and investigate the
following key questions: i) How does BN’s performance
compare to state-of-the-art baselines? ii) To what extent does
BN improve learning efficiency and promote diversity in solu-
tion generation? iii) How effectively does BN scale to tackle
larger-scale and more complex tasks?

4.1 HyperGrid

Experimental Setup We first evaluate our method on a
commonly used toy HyperGrid task to validate its effective-
ness as in (Bengio et al. 2021). The agent navigates in the
d-dimensional grid-based world by selecting actions at each
timestep. The objective is to model the distribution of the tar-
get rewards and successfully capture all the valuable modes.

A two-dimensional illustration of the task with horizon H
is shown in Figure 6, where the intensity of the color shading
represents the magnitude of the rewards, with darker colors
indicating higher reward values. The objective is to model
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the distribution of the target rewards and successfully capture
all the valuable modes.

We evaluate the performance of each algorithm using five
different seeds (0-4), and the results are presented as the mean
performance across these runs, along with the correspond-
ing standard deviation. The implementation of all baseline
methods is based on the publicly available open-source code
following default hyperparameters as used in (Bengio et al.
2021; Malkin et al. 2022; Madan et al. 2023). Please refer to
Appendix B.2 for a detailed description of the reward function
R(x) and hyperparameter settings due to space limitation.

Performance Comparison We evaluate our method and
compare it against strong baselines including Flow Matching
(FM) (Bengio et al. 2021), Detailed Balance (DB) (Bengio
et al. 2023), Trajectory Balance (Malkin et al. 2022), and
Sub-Trajectory Balance (Madan et al. 2023), following the
evaluation scheme in (Bengio et al. 2021) based on the em-
pirical L; error and the number of discovered modes. Specif-
ically, the L, error is computed as E[|p(x) — 7(z)|], where
p(z) = R(x)/Z represents the underlying true reward distri-
bution. To estimate 7, we repeatedly sample and summarize
the visitation frequencies for each possible state x. In this
toy environment with horizon H = 16 and increasing dimen-
sions d € {2, 3,4}, the state space is relatively small, so the
true reward distribution can be directly calculated since it
allows for enumerating all possible states. We measure the
number of modes discovered during the last 1024 samples.
The purpose of evaluating this toy environment is to verify
that our method can converge to sampling proportionally to
the rewards, and comparisons in more complex and practical
environments are analyzed in Sections 4.2 and 4.3.

The comparison results in HyperGrid in terms of the num-
ber of updates (Bengio et al. 2021) with increasing dimen-
sions of the action space n (from small, medium to large)
are summarized in Figures 5(a)-(c). As shown, our approach
significantly improves the learning efficiency of FM, which
validates our hypothesis that the well-designed learning struc-
ture improves data efficiency. Furthermore, BN outperforms
strong baselines including DB and TB by a large margin.

In this toy environment, the most competitive baseline
with our approach is SubTB, where our BN method performs
comparably to this strong baseline and outperforms it as the
problem scale increases with larger action spaces. However,
it is important to note that the computational cost of SubTB
grows quadratically with the trajectory length n, as it con-
siders all possible O(n?) sub-trajectories when computing
the loss for a single trajectory. In contrast, our method only
grows linearly with the trajectory length. We further compare
each method in terms of wall-clock time as studied in (Falet
et al. 2023). As shown in our arxiv version, BN significantly
outperforms SubTB, which is more computationally efficient
and leads to faster wall-clock time convergence. In addition,
we further demonstrate in Appendix C.1 that our method
outperforms RL methods in diverse generation scenarios and
analyze the efficiency of encoder in Appendix C.2.
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Table 1: The number of new molecules discovered by each method with a score > 8 that are not in the training dataset.
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4.2 Biological Sequence Design

Experimental Setup We now study a practical task of gen-
erating RNA sequences consisting of 14 nucleobases which
aims to achieve high binding affinity to the target transcrip-
tion factor. At each timestep, the agent chooses to either
prepend or append a token to the current state, following the
setup in (Shen et al. 2023) that results in a directed acyclic
graph instead of a simple tree. We consider four different tar-
get transcriptions introduced by (Lorenz et al. 2011). Details
for the experimental setup can be found in Appendix B.3.

Results We follow the evaluation scheme in (Shen et al.
2023; Kim et al. 2023) and evaluate our method and baselines
in terms of accuracy, which measures how well it matches
the target reward distribution. Specifically, it is computed by
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using a relative error between the sample mean of R(z) under
the learned policy distribution Pr(z) and the expectation of

R(x) given the target distribution R(z)/Z, i.e., %

(and clipped with a maximum value of 1). In addition, we also
measure the number of modes discovered by each method
during the course of learning following (Shen et al. 2023;
Kim et al. 2023), to investigate the diversity-seeking ability.

70 -
60
50
40
30
— FM
20 —— DB
— 1B
10 —— SubTB
0 —— BN

0 1000 2000 3000 4000 5000

Figure 7: Comparison in terms of accuracy for different meth-
ods in RNA generation task.

As demonstrated in Figure 7, our method achieves higher
accuracy and learns more efficiently than other baselines in
different reward setups. Figure 8 demonstrates the number of
modes discovered by each method, which shows that our pro-
posed approach discovers more modes in a more efficiently
manner, which validates its effectiveness in practical tasks.
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Figure 8: Comparison in terms of the number of modes dis-
covered for different methods in RNA generation task.

4.3 Molecule Generation

Experimental Setup We investigate the efficacy of BN
on the more complex and larger-scale molecule generation
task (Bengio et al. 2021), In this task, molecules are repre-
sented as graphs, composed of a set of building blocks.

The agent iteratively constructs the molecule by deciding
the attachment point and the specific block to attach at each
step, while adhering to chemical validity constraints. The
action space also includes an exit action allowing the agent to
terminate the generation process. This task presents signifi-
cant challenges due to the large state (approximately 10%) and
action (can contain about 2000 actions) spaces. The objective
of the agent is to discover a diverse set of molecules with
high rewards, corresponding to low binding energy to the
soluble epoxide hydrolase (sEH) protein (Bengio et al. 2021).
Following (Bengio et al. 2021), we employ a pre-trained
proxy model to estimate this binding energy. Please refer to
Appendix B.4 for further details of experimental setup.

Results We follow the same evaluation scheme as in (Ben-
gio et al. 2021) by comparing each method in terms of top-K
rewards and the number of modes discovered during the train-
ing course. As shown in Figure 9, our method achieves the
highest top- K rewards, where the most competitive baseline
in this large-scale problem is FM (consistent to previous stud-
ies (Pan et al. 2022; Zhang et al. 2023a)). Other baselines
that involve learning or specifying a backward policy fail to
perform well. In addition, our method also discovers many
more modes than FM, with a significant gap compared to
DB, TB, and SubTB. Table 1 summarizes the number of
new unique molecules discovered by each method with a
score above 8 that are not contained in the training dataset.
As demonstrated, our method has the potential to discover
new candidates with high quality that have not been seen
before. We further calculate the average pairwise Tanimoto
similarity (Bengio et al. 2021) for the top-K molecules pro-
duced by BN and a leading FM method. BN yields a result
of 0.472 4+ 0.015, while FM yields 0.497 + 0.037. This sug-
gests that the top-performing samples from our method are
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more varied than those from FM. The results demonstrate the
effectiveness of BN in large-scale practical problems.

2500
2000
1500
1000

500

Figure 9: Results in molecule generation. Number of modes
with R > 8.0. X-axis denotes the states visited number
(x10%)

5 Conclusion and Future Work

In this paper, we introduce Bifurcated GFlowNets (BN), a
novel approach to address the challenges of data efficiency
and scaling up to larger-scale problems. BN factorizes edge
flows into separate representations for state flows and edge-
based allocations, which leads to more efficient learning.
Extensive experiments demonstrated that BN outperforms ex-
isting GFlowNets variants, achieving superior performance
in terms of both learning efficiency and overall effective-
ness. While BN involves summation over parent states, the
computational overhead is minimal, as shown by wall-clock
time comparisons (Please refer to our arXiv version). Our
architectural method opens new avenues for GFlowNets re-
search. Future work could focus on enhancing efficiency and
scalability in larger state spaces.
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