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Abstract

Although Generative Flow Networks (GFlowNets) are de-
signed to capture multiple modes of a reward function, they
often suffer from mode collapse in practice, getting trapped
in early-discovered modes and requiring prolonged train-
ing to find diverse solutions. Existing exploration techniques
often rely on heuristic novelty signals. We propose Loss-
Guided GFlowNets (LGGFN), a novel approach where an
auxiliary GFlowNet’s exploration is directly driven by the
main GFlowNet’s training loss. By prioritizing trajectories
where the main model exhibits high loss, LGGFN focuses
sampling on poorly understood regions of the state space.
This targeted exploration significantly accelerates the discov-
ery of diverse, high-reward samples. Empirically, across di-
verse benchmarks including grid environments, structured
sequence generation, Bayesian structure learning, and bio-
logical sequence design, LGGFN consistently outperforms
baselines in exploration efficiency and sample diversity. For
instance, on a challenging sequence generation task, it dis-
covered over 40 times more unique valid modes while simul-
taneously reducing the exploration error metric by approxi-
mately 99% .

Extended version — https://arxiv.org/abs/2505.15251

Introduction
Tasks such as material design and drug discovery are fun-
damental to advancing essential scientific fields such as
medicine (Hughes et al. 2011), energy, engineering and tech-
nology (Curtarolo et al. 2013). However, these tasks in-
volve exploring vast combinatorial design spaces, ranging
from 1060 possible drug-like molecules to potentially more
for functional materials, making exhaustive search infeasi-
ble. Traditionally, drug and material discovery relied heav-
ily on time-consuming and costly experimental screening
and expert-guided design. (Wani et al. 1971; Klayman 1985;
Cobb 2010).

To overcome these limitations, machine learning has
emerged as a key tool for accelerating discovery by pro-
viding proxy models (Schütt et al. 2018; Chen et al. 2019;
Jumper et al. 2021) or methods to guide experiments (Häse
et al. 2018, 2021). Moreover, it enables efficient exploration

Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

of large combinatorial spaces efficiently by leveraging their
underlying structure. Reinforcement Learning (RL) (Sutton,
Barto et al. 1998) is the most popular learning framework for
this purpose, as it enables agents to iteratively interact with
an environment to discover the single candidate that max-
imizes a reward, making it well-suited for tasks where the
goal is to identify one optimal solution. However, in a real-
world setting, high-scoring candidates may have undesirable
side effects or be synthetically inaccessible. Therefore, gen-
erating a diverse set of high-quality candidates is often more
practical than identifying a single optimal solution, increas-
ing the chances that at least one will be viable in practice.

Generative Flow Networks (GFlowNets) (Bengio et al.
2021) aim at learning a forward policy PF (a | s), encoding
choices of actions a at partial states s, that sequentially con-
structs an object x with probability proportional to a given
reward R(x) > 0. Unlike RL, which prioritizes finding the
single best candidate, GFlowNets focus on generating a di-
verse set of high-reward samples. GFlowNets have found
great success in many areas of applications, such as causal
discovery (Manta, Hu, and Bengio 2023; Deleu et al. 2022),
material discovery (Cipcigan et al. 2024; Nguyen et al.
2023), drug discovery (Shen et al. 2024; Pandey, Subbaraj,
and Bengio 2024), biological sequence design (Jain et al.
2022) and editing (Ghari et al. 2024), large language model
improvement (Takase et al. 2024; Ho et al. 2024; Hu et al.
2024; Younsi et al. 2025), diffusion models improvement
(Zhang et al. 2024), scheduling (Zhang et al. 2023b) and
combinatorial optimization problems (Zhang et al. 2023a)
. In addition, alternative theories that extend GFlowNets
to environments that are continuous (Lahlou et al. 2023a),
stochastic (Pan et al. 2023c), and adversarial (Jiralerspong
et al. 2024), which further expand the scope of possible
applications such as an alternative to denoising diffusion
modes (Sendera et al. 2024).

Even if GFlowNets and Reinforcement Learning have two
different objectives, they share their need for exploration to
achieve their goal. In sparse reward settings, an RL agent
that doesn’t explore will not be able to improve its “under-
standing” of the environment and will converge to a sub-
optimal policy. In the same manner, even though they were
specifically designed to capture multiple modes of a reward
function, GFlowNets training strategies that lack exploration
might lead the agent to get stuck in a region and make the
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underlying distribution incomplete. This behavior is more
visible in large sparse-reward environments (Malkin et al.
2023) where the agent might need to go through expansive
regions with no or minimal reward.

Previous studies have aimed to enhance GFlowNet train-
ing by investigating credit assignment (Malkin et al. 2022;
Madan et al. 2023; Pan et al. 2023a). However, akin to
RL, the effectiveness of GFlowNets relies on the trajectories
used to explore high-reward regions. Due to this similarity,
prior work on GFlowNets (Pan et al. 2023b; Rector-Brooks
et al. 2023; Lau et al. 2023; Kim et al. 2023; Madan et al.
2025) has drawn insights from the RL literature (Chapelle
and Li 2011; Burda et al. 2019; Van Hasselt, Guez, and
Silver 2016) to develop new exploration strategies. In par-
ticular, Bengio et al. (2023a) briefly cite the idea of using
a second GFlowNet trained mostly to match a different re-
ward function that is high when the losses observed by the
main GFlowNet are large. Building on this idea, Madan et al.
(2025) suggested to implement this idea by using novelty-
based intrinsic rewards, whereas Kim et al. (2025) directly
uses the loss value of a trajectory.

In this work, we introduce a new general training strat-
egy for GFlowNets that can be used with any training ob-
jective. Instead of using an artificial novelty-based intrinsic
reward to judge how informative a trajectory is, we directly
use the loss value. To avoid ruining the objective probabil-
ity distribution, we use an auxiliary agent that will sam-
ple never-seen trajectories. The Background section intro-
duces GFlowNets, while the related works section in the ap-
pendix reviews existing exploration strategies employed in
their training. Our methodology section presents the motiva-
tion for our approach, provides detailed descriptions of the
proposed method, and examines the benefits of utilizing loss
signals compared to conventional novelty-based intrinsic re-
wards. The Experiments section then shows that our method
matches or exceeds the previous state-of-the-art across di-
verse experimental settings, including hypergrid environ-
ments of varying sizes and sparsity levels, structured bit
sequence generation, Bayesian network structure learn-
ing, and a novel multi-objective mRNA sequence design
environment, achieving improvements ranging from 10%
in Bayesian structure learning to 99% reduction in explo-
ration error in sequence generation where prior methods
failed entirely.

The method shows particular strength in sparse reward
settings where traditional on-policy training completely
fails, as demonstrated by our motivating example where dis-
covering a distant mode requires navigating through expo-
nentially many low-reward states.

Background
Readers unfamiliar with GFlowNets are encouraged to refer
to the first section of the Appendix1, which provides addi-
tional context and introduces some key ideas to understand
this framework.
We consider a directed acyclic graph (S,A), where nodes S
represent states and edges A represent actions. If (s, s′) ∈

1Appendices are available at: https://arxiv.org/abs/2505.15251.

A, we say that s is a parent of s′ and that s′ is a child of
s. There is a unique state s0 with no parents that we name
source state and a unique state sf with no children that we
name sink state. We refer to the parents of the sink state as
terminating states X = {s ∈ S | (s, sf ) ∈ A)}. A complete
trajectory τ = (s0, s1, ..., sn, sn+1 = sf ) is a sequence of
states that start with the source state and ends with the sink
state.

We also consider a reward function R : X → R such
as ∀x ∈ X , R(x) > 0. By convention, we can also con-
sider that the reward for non terminating states is zero ∀s ∈
S \ X , R(s) = 0. The goal of the GFlowNet is to learn to
sample terminating states proportionally to the reward func-
tion PT (x) ∝ R(x). To do this, GFlowNets start from the
initial state (for example, empty molecule in drug discovery
setting, initial coordinates in hyper-grid environment) and
iteratively sample actions to move to the following states.

Formally, we consider a non-negative flow function F :
A → R. The goal of the GFlowNet framework is to learn
such a flow function that satisfies the following flow match-
ing (FM) and reward matching constraints, for all s′ ̸=
s0, sf and for all x ∈ X , respectively:∑

(s,s′)∈A

F (s → s′) =
∑

(s′,s′′)∈A

F (s′ → s′′), (1)

F (x → sf ) = R(x). (2)

We extend the definition of the flow function to states:

∀s ∈ S, F (s) =
∑

(s,s′)∈A

F (s → s′). (3)

We also define the forward and backward policies as follow:

PF (s
′ | s) = F (s → s′)

F (s)
, PB(s | s′) =

F (s → s′)

F (s′)
. (4)

In this paper, we use the trajectory balance (TB) objective
to train GFlowNets. Introduced in Malkin et al. (2022), the
trajectory-decomposable loss only parametrizes the forward
P θ
F and backward P θ

B policies, and adds a learnable scalar
Zθ that represents the unknown partition function. The loss
for each trajectory τ :

LTB(τ ; θ) =
(
log

(
Zθ

∏n+1
t=1 P θ

F (st|st−1)

R(sn)
∏n

t=1 P θ
B(st−1|st)

))2

, (5)

is minimized by stochastic gradient descent, using trajecto-
ries sampled from a given behavior policy. Common choices
of the behavior policy include the learned policy P θ

F and ar-
tificially modified versions of it (Bengio et al. 2023b).

Methodology
In this section, we describe our methodology for improv-
ing the training efficiency and exploration capabilities of
GFlowNets. We begin by illustrating a minimal environ-
ment that highlights the limitations of on-policy GFlowNet
training in discovering high-reward modes. Building on this
insight, we introduce a novel training framework that
leverages an auxiliary GFlowNet guided by the main
GFlowNet’s loss to promote exploration in underrepre-
sented regions of the state space. Finally, we discuss the
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practical benefits of this loss-guided auxiliary mechanism,
particularly in settings where neural network generalization
and efficient credit assignment are critical.

Motivation

s0 s1 · · · sN−1 sN

Figure 1: Directed chain of N +1 states. Extremal nodes s0
and sN have high reward, while all intermediate states have
low reward.

To understand why GFlowNets can fail to learn the de-
sired distribution, we consider a simple illustrative envi-
ronment, depicted in Figure 1. The state space is defined
as S = {s0, s1, . . . , sN} ∪ sf , and the action space is
A = {advance,exit}. For every i ≤ N , the action
exit leads from si to the terminal state sf , and for every
i < N , the action advance leads from si to si+1. The
reward function assigns high values to the extremal states,
with R(s0) = R(sN ) ≫ R(si) for all i ∈ 1, . . . , N − 1.
We use a tabular GFlowNet where each state s is mapped to
a parameter θs such that PF (exit|s) = σ(θs) (where σ is
the sigmoid function) and a parameter Z that represents the
total reward learned.

Figure 2: Plot of the evolution of PF (exit | s0) for dif-
ferent algorithms as a function of number of sampled trajec-
tories. The chain has 100 states and uses the reward setup
R(s0) = R(sN ) = 101 and R(si) = 1. At convergence,
PF (exit | s0) = 101

300 ≈ 0.337.

Despite its simplicity (linear, non-branching DAG struc-
ture with a single non-terminal action and binary reward
pattern), on-policy GFlowNet training fails to converge
within a reasonable number of iterations. Intuitively, for the
GFlowNet to approximate the correct distribution, it must
discover and propagate the high reward associated with sN .
However, assuming the initial policy is a uniform action
policy where each action is chosen with probability 0.5,
the probability of reaching sN is 0.5N . This probability di-
minishes exponentially with N , and as training progresses,

the policy increasingly prioritizes the more easily discov-
ered high-reward state s0, further reducing the chance of
ever reaching sN . As a result, sN is typically discovered
far later than expected (approximately 190,000 trajectories
in the case of a chain of length 100, as indicated by a notice-
able inflection point in the green curve in Figure 2), which
significantly slows down learning despite the simplicity of
the environment.

In more complex settings where rewards vary more
widely, a similar phenomenon can occur: trajectories may
get trapped in suboptimal regions around locally high-
reward states, further impeding exploration and slowing
down convergence.

Algorithm
In the example illustrated in Figure 1, once the model has
learned to terminate trajectories at s0, such trajectories be-
come dominant on policy, making the discovery of the final
state slower. Figure 2 shows that even after 200,000 trajec-
tories, training using an on-policy method (TB) has yet to
converge for a 100-sized chain. Moreover, standard explo-
ration techniques such as tempering or ε-greedy exploration
prove insufficient in overcoming this limitation.

To address this, we propose training the main GFlowNet
using trajectories sampled from an auxiliary GFlowNet,
which is optimized to sample trajectories according to a
modified reward:

Raux = Rmain + λLmain,

where Rmain is the original reward used to train the main
GFlowNet, and Lmain denotes the loss associated with a state
or trajectory under the main GFlowNet. This auxiliary re-
ward prioritizes trajectories that the main GFlowNet has not
yet learned (i.e., those with high loss), while reducing fo-
cus on already well-learned regions (i.e., low-loss trajec-
tories). While we mainly focus on trajectory-based objec-
tives in this paper, the same idea holds for transition, state or
sub-trajectory -based objective. As a result, this encourages
broader exploration and mitigates mode collapse.

To leverage the auxiliary GFlowNet, we train the main
agent using a mixture of on-policy trajectories and trajecto-
ries sampled by the auxiliary GFlowNet. This strategy helps
the main agent retain knowledge of previously discovered
modes while also exposing it to regions where its perfor-
mance remains weak. To mitigate the training instability of
the auxiliary gflownet that is due to a moving reward, we
include Rmain in the auxiliary reward to provide a consistent
structural signal, thereby counteracting the inherent fluctu-
ations of the loss term. The coefficient λ balances the in-
fluence of the loss and the reward, ensuring that the overall
scale of Raux remains comparable to that of Rmain and avoids
destabilizing the learning process. The training procedure is
outlined in detail in Algorithm 1.

Benefits of loss-guided auxiliary GFlowNet
Using the loss of the main GFlowNet as a guide for the auxil-
iary GFlowNet allows to leverage the generalization induced
by the use of Neural Networks. During training, neural net-
works learn to recognize patterns and generalize them to
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Algorithm 1: Training with Auxiliary GFlowNet

1: Initialize: Main GFlowNet Fmain, Auxiliary GFlowNet
Faux, reward function R, auxiliary weight λ

2: for each training iteration do
3: Sample trajectories τaux ∼ Faux, with reward R
4: Sample trajectories τmain ∼ Fmain
5: Compute main loss L(τaux;Fmain, R)
6: Compute auxiliary reward: Raux = R +

λL(τaux;Fmain, R)
7: Update Faux using L(τaux;Faux, Raux)
8: Concatenate trajectories: τ = τmain ∪ τaux
9: Update Fmain using L(τ ;Fmain, R)

10: end for

previously unseen states. For instance, as discussed in the
BitSequence subsection in the experiments, the model may
infer that when a sequence is incomplete but valid, the opti-
mal next action leading to high-reward states is consistently
appending a 0 (an open parentheses). Due to this general-
ization, some trajectories or transitions, despite never being
explicitly encountered, can still produce a low loss. Lever-
aging the loss to guide exploration takes advantage of this
property.

In contrast, relying solely on novelty-based intrinsic re-
wards might drive the model toward areas that are techni-
cally new but were already implicitly understood through
the network’s generalization. Using the loss is also cheaper
computationally, since it will be computed anyway to train
the main agent, whereas intrinsic rewards ask for a sepa-
rate set of calculations, and can be expensive depending on
which novelty-based algorithm is used.

While similar in spirit, the reward formulation proposed
in Kim et al. (2025) differs in two aspects. First, it is asym-
metric, placing greater emphasis on trajectories where the
estimated forward reward ZPF (τ) is lower than the ex-
pected reward R(xτ )PB(τ | xτ ). Second, it combines the
primary and auxiliary objectives multiplicatively, using the
formulation logRaux = α logR + logL. However, our ex-
periments indicate that this added complexity does not lead
to improved performance. In fact, our simplified variant out-
performs it by a small margin.

A short theoretical discussion of why loss-guided sam-
pling prevents partial-support stationary points and how it
implicitly induces a curriculum over trajectories is provided
in the Appendix.

Experiments
In the experiments section, we compare three GFlowNets
training procedures with the trajectory balance objective:
on-policy (that we simply refer to as TB), Siblings Aug-
mented GFlowNet (SAGFN; Madan et al. 2025), and our
loss-guided auxiliary GFlowNet (LGGFN). We first vali-
date the ability of both SAGFN and LGGFN to discover
all modes in the hyper-grid environemnt introduced in Ben-
gio et al. (2021), then we show that LGGFN outperforms
SAGFN in settings where the rewards have a strong struc-
ture: a bit-sequence environment similar to (Malkin et al.

2022)’s, a causal structure learning environment (Deleu et al.
2022), and a structured biological sequence design setting.
All experiments are run on 3 different seeds and were done
using torchgfn (Lahlou et al. 2023b).

Hypergrid
The Hypergrid environment, introduced in (Bengio et al.
2021), is a standard setup in GFlowNet literature. In this
environment, states are represented as integer vectors corre-
sponding to points in a grid, and actions involve increment-
ing one of the coordinates by 1, starting from s0 = 0. The
reward function typically assigns higher values to the cor-
ners of the grid (for more details on the environment, refer
to the Appendix).To showcase that getting stuck in a mode
is one of the main reasons GFlowNets fail to explore the
state space, we present a thorough experimentation on the
Hypergrid environment.

Comparison between LGGFN and adaptive teachers:
As discussed in the Methodology section, Kim et al. (2025)
propose a related approach. In this section, we present ex-
perimental results (Table 1) demonstrating that our simpler
method performs on par with their more complex formula-
tion. Therefore, for the remainder of our experiments, we
adopt our version of the loss-guided auxiliary GFlowNet.

Method Grid Size

32×32 64×64 128×128

Adaptive Teachers 7.20± 2.00 2.20± 0.31 0.92± 0.36

LGGFN 5.33± 1.89 2.13± 0.61 0.83± 0.21

Table 1: Final ℓ1 distance (scaled by ×10−5) on Hypergrid
benchmarks after 104 sampled trajectories.

Additionally, we observed that the performance and sta-
bility of (Kim et al. 2025) were highly dependent on the
selection of hyperparameters. Specifically, deviations from
the hyperparameter values specified in the original work fre-
quently led to numerical instability and NaN values, particu-
larly for larger grid sizes (128 x 128). In contrast, our version
exhibits a significantly lower sensitivity to hyperparameter
variations, as demonstrated later in the Experiments.

Different sizes: As shown by the toy example, the size
of the environment exponentially impacts the ability of the
model to escape explored modes. We validate this observa-
tion with a much more complete experimentation (Table 2).
In the following experiments, we use a sparse reward param-
eter that makes the exploration of modes far from s0 harder
(R0 = 0.0001, see the Appendix for more details).

We observe that on-policy training quickly becomes in-
effective as the size of the hypergrid increases, as it strug-
gles to escape the first mode within a reasonable amount
of time (see the appendix for visualizations of the learnt
distributions). In contrast, both SAGFN and LGGFN per-
form similarly on this task: they consistently discover all
the modes and achieve nearly identical L1 losses across all
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experiments. For these two algorithms, we can distinguish
two distinct training phases in Figure 3. The first phase is
characterized by a steep decline in the loss curve, indicating
active exploration and significant influence from the auxil-
iary GFlowNet’s loss or intrinsic reward. The second phase
begins when the curve starts to plateau, with only slow, in-
cremental improvement: at this point, the loss or intrinsic re-
ward has diminished to the extent that switching to on-policy
training would yield comparable results. It is also worth not-
ing that LGGFN shows more consistent training behavior
during the first phase across experiments with different ran-
dom seeds, as evidenced by a smaller standard deviation (re-
flected by the narrower standard deviation band in the plot)
compared to SAGFN.

TB SAGFN LGGFN

Size 2-Dimensional Grid

32 1460.00± 0.016 63.9± 12.4 53.3± 18.9

64 366.00± 0.010 24.8± 5.64 21.3± 6.14

80 234.00± 0.0039 17.5± 4.51 15.7± 3.44

96 163.00± 0.0070 11.4± 3.09 10.6± 1.95

128 91.6± 0.0008 7.07± 1.00 8.30± 2.10

144 72.3± 0.0009 2.71± 0.493 2.57± 0.373

4-Dimensional Grid

4 113.0± 39.9 169.0± 47.7 113.0± 58.9

8 417.0± 38.2 27.1± 5.04 21.2± 3.19

16 28.6± 0.000099 2.15± 0.314 2.13± 0.309

Table 2: Final ℓ1 distance (scaled by ×10−6) for various Hy-
pergrid sizes after 104 sampled trajectories. Lower is better.

Different sparsity: In the toy example, the main reason
the GFlowNet couldn’t access the last high reward state is
the low reward of the intermediate states, that led to a low
move-on probability in the initial state. To validate this hy-
pothesis, we evaluate a range of reward configurations with
varying levels of sparsity by systematically modifying the
value of R0 (Figure 4).

We observe that, even in relatively easy settings, on-policy
training results in delayed convergence. Furthermore, once
all modes have been discovered, the behavior of all three al-
gorithms converges, suggesting that the auxiliary agent can
be discarded at this stage. This allows continued on-policy
training without performance degradation, while reducing
computational overhead.

Influence of the coefficient λ: The auxiliary reward incor-
porates a coefficient λ to balance the original reward R and
the additional loss term L. However, experimental results in-
dicate that when L is initially scaled to be in the same range
as R, variations in λ within a reasonable range (i.e., not ap-
proaching zero) have negligible effect on performance, as
demonstrated in Figure 5.

Valid bit sequences

The BITSEQUENCES environment was introduced as a
testbed for studying structured sequence generation by
Malkin et al. (2022). Each state in the environment corre-
sponds to a binary sequence, and the agent’s actions con-
sist of appending either individual bits or blocks of bits
to the current sequence. Episodes start with an empty se-
quence s0 = ϵ and terminate when the sequence reaches
a predefined length. In the original formulation, the reward
function quantifies how close a given sequence is to the
set of modes R(s) = e−d(s,modes). This set of modes is
constructed by first arbitrarily selecting a set of words H
and then generating different complete sequences by ran-
domly combining these words. Malkin et al. (2022) argues
that this construction inherently imposes a structural prop-
erty on the reward function. However, this claim is not en-
tirely accurate, as the candidate sequences that were not ul-
timately selected as modes still share the same underlying
structure but may receive a significantly lower reward. For
example, if we work on sequences of size 6 and the set
of arbitrary words is H = {01, 10} and the set of modes
is {010101, 101010, 100110}. In this setting, the sequence
011001 shares the same ”structure” of the modes as it is built
from the same process but has a much lower reward e−2 (the
reward of the modes being 1).
We introduce a new reward structure for this environment
(the motivation behind this modification is given in the Ap-
pendix). The set of valid sequences is defined recursively as
the smallest set that contains the empty sequence, is closed
under concatenation, and is stable under the simultaneous
operation of prepending a 0 and appending a 1. Interpreting
0 as an opening parenthesis ( and 1 as a closing parenthesis
), a valid sequence corresponds to a balanced parentheses
sequence. When considering sequences of maximum length
2N , we define a sequence as complete if it attains this maxi-
mum length. The objective of the task is to train a GFlowNet
to discover the full set of complete valid sequences.

To evaluate the performance of different algorithms in this
environment, we sample 16,000 sequences and assess them
using two key metrics:

• Exploration ↓: We estimate the probability mass as-
signed to the set of complete valid sequences using
Monte Carlo sampling and report its difference to the true
probability mass.

• Diversity ↑: We measure the fraction of distinct complete
valid sequences sampled. For sequences of length 2N ,
the number of possible valid bit sequences is given by
the N -th catalan number CN = 1

N+1

(
2N
N

)
= (2N)!

(N+1)!N ! .

The results are presented in Table 3. Overall, LGGFN sig-
nificantly outperforms the other algorithms, particularly on
longer sequences. Its advantage over SAGFN is likely at-
tributable to its ability to leverage generalization, as hypoth-
esized earlier. Architectural details and hyperaparameters
are provided in the Appendix.
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Figure 3: L1-loss during training for different sizes of hypergrid as a function of training iterations.
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Figure 5: L1-loss evolution over training iterations for dif-
ferent λ values and grid sizes.

Bayesian structure learning
Bayesian networks (Pearl 2014) are probabilistic graphical
models that represent a set of variables and their conditional
dependencies using a directed acyclic graph (DAG). When
this graph is not known a priori (e.g., from expert knowl-
edge), it can be inferred from a dataset of observations D.

Traditional algorithms for this task typically return a sin-
gle DAG (Chickering 2002), which is suboptimal in prac-
tice. One reason for this limitation is that such methods fail
to account for the inherent uncertainty arising from Markov
equivalence (explained in the Appendix).

Graphs within the same equivalence class are therefore
indistinguishable solely on observational data. Another im-
portant consideration is that, when the dataset D is limited,
it may not provide sufficient evidence to clearly favor a par-
ticular equivalence class. In such cases, predicting a single
graph (or a single equivalence class) may lead to poor cali-
bration. Hence, it is more appropriate to estimate a posterior
distribution over DAGs, P (G | D), which better captures the
range of plausible graph structures supported by the data.

The use of GFlowNets for Bayesian structure learning

was previously explored by Deleu et al. (2022), yielding
strong empirical results. Building on this work, we evalu-
ate the effectiveness of various algorithms in the context of
Bayesian structure learning. Details of the environment, ar-
chitectures, and hyperparameters, are in the appendix.

We evaluate the models using two metrics:

• Expected Structural Hamming Distance (E-SHD) ↓:
the number of missing or extra edges, and the number of
reversals required to transform one graph into another.

• ROC-AUC ↑: measures how well the predicted edge
probabilities distinguish real edges from non-existent
edges.

Experimental results are presented in Table 4. For graphs
with a small number of nodes (5 to 8), all three algorithms
exhibit competitive performance, with no single method
consistently outperforming the others. However, LGGFN
demonstrates a clear advantage as the graph size increases
(9 nodes and above). Given that the size of the state space
grows rapidly with the number of nodes (see the Appendix),
this performance gap is likely due to LGGFN’s ability to
leverage generalization effectively. By learning to identify
and avoid unpromising regions of the search space, LGGFN
reduces the need for exhaustive exploration, directly leading
to better results.

Structured Biological Sequence Generation
Designing messenger RNA (mRNA) sequences that effi-
ciently and stably express target proteins is a central chal-
lenge in synthetic biology and medicine (Zhang et al. 2023c;
Fallahpour et al. 2025). Due to the redundancy of the genetic
code, each protein can be encoded by an exponentially large
number of synonymous mRNA sequences, which makes
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Method 16 24 32 40 48

Diversity Exploration Diversity Exploration Diversity Exploration Diversity Exploration Diversity Exploration

TB 23 ± 3 0.92 ± 0.00 15309 ± 40 0.01 ± 0.00 23 ± 3 0.92 ± 0.00 89 ± 7 0.99 ± 0.00 54 ± 5 0.99 ± 0.00

SAGFN 473 ± 640 0.63 ± 0.41 7387 ± 95 0.05 ± 0.01 4392 ±
3129 0.45 ± 0.39 102 ± 13 0.98 ± 0.01 35 ± 8 0.99 ± 0.01

LGGFN 1425 ± 2 0.01 ± 0.01 7770 ± 10 0.01 ± 0.01 7805 ± 39 0.02 ± 0.01 7746 ± 53 0.02 ± 0.01 7553 ± 65 0.05 ± 0.01

Table 3: Comparison of on-policy (TB), SAGFN, and LGGFN across different sequence sizes.

Method
Graph Size (Nodes)

5 6 7 8 9 10 11 12 13

ROC AUC

TB 0.72 ± 0.08 0.57 ± 0.15 0.58 ± 0.08 0.60 ± 0.06 0.53 ± 0.07 0.53 ± 0.13 0.56 ± 0.09 0.52 ± 0.08 0.56 ± 0.05
SAGFN 0.66 ± 0.15 0.68 ± 0.10 0.44 ± 0.07 0.51 ± 0.16 0.56 ± 0.13 0.59 ± 0.06 0.49 ± 0.03 0.52 ± 0.08 0.55 ± 0.04
LGGFN 0.57 ± 0.18 0.68 ± 0.05 0.62 ± 0.16 0.52 ± 0.08 0.57 ± 0.05 0.62 ± 0.07 0.63 ± 0.11 0.59 ± 0.03 0.57 ± 0.07

E-SHD

TB 7.33 ± 1.08 12.28 ± 1.06 16.69 ± 0.12 20.25 ± 2.62 29.52 ± 2.11 37.31 ± 3.97 42.60 ± 3.38 54.09 ± 0.41 64.20 ± 3.05
SAGFN 7.62 ± 0.23 11.13 ± 0.85 18.03 ± 0.49 23.19 ± 2.20 29.34 ± 2.60 36.53 ± 1.12 45.58 ± 0.76 52.88 ± 4.78 63.31 ± 3.77
LGGFN 7.12 ± 1.38 11.83 ± 0.37 15.81 ± 2.47 23.78 ± 1.36 29.11 ± 1.17 36.68 ± 0.63 41.33 ± 3.50 51.77 ± 3.50 63.00 ± 4.50

Table 4: Comparison of on-policy (TB), SAGFN, and LGGFN on ROC AUC and SHD metrics across different graph sizes.

this task well suited to GFlowNet-based generative model-
ing (Jain et al. 2022; Cretu et al. 2024). However, not all syn-
onymous sequences are equally effective biologically. We
define a multi-objective reward function (Jain et al. 2023)
that captures desirable biological properties. We create a
generative framework that learns to generate synonymous
codon sequences while adhering to user-customized biolog-
ical constraints. The objective involves the Codon Adapta-
tion Index (CAI), the GC content, and the Minimum Free
energy (MFE), similar to Laajil et al. (2025), all explained
in the Appendix.

Results: We evaluated three GFlowNet variants, TB,
LGGFN, and SAGFN, for designing mRNA sequences en-
coding the protein, Acyl-CoA thioesterase 13 (ACOT13),
a 151-amino acid enzyme involved in lipid metabolism.
LGGFN demonstrated superior multi-objective mRNA de-
sign by generating sequences with higher GC content (up to
55.11% vs. 45.33% natural), more stable RNA secondary
structures (lowest MFE of −91.30 kcal/mol vs. −68.20
kcal/mol natural), and improved codon adaptation index
(CAI up to 0.62 vs. 0.54 natural). The generated sequences
also exhibited substantial diversity, as measured by Leven-
shtein distance between the generated sequences averaging
around 50–60 from each other.

Conclusion
In this work, we introduced Loss-Guided GFlowNets
(LGGFN), a simple yet effective auxiliary training strat-
egy for GFlowNets. Through extensive experiments across
four distinct domains, we demonstrated that LGGFN signifi-
cantly improves exploration efficiency and sample diversity,
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Figure 6: LGGFN consistently outperforms other methods
and provides a higher average reward.

with improvements ranging from 10% in complex tasks to
over 99% in sparse reward settings. While LGGFN shows
strong empirical results, computing the auxiliary reward re-
quires evaluating the main model’s loss, which adds compu-
tational overhead during training. Additionally, the method’s
performance depends on the choice of loss function and the
balance coefficient λ, though we found it to be relatively ro-
bust to these choices in practice. Future work could explore
using alternative signals as external rewards.
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