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Abstract

The design of fair and efficient algorithms for allocating pub-
lic resources, such as school admissions, housing, or med-
ical residency, has a profound social impact. In one-sided
matching problems, where individuals are assigned to items
based on ranked preferences, a fundamental trade-off ex-
ists between efficiency and strategyproofness. Existing algo-
rithms like Random Serial Dictatorship (RSD), Probabilis-
tic Serial (PS), and Rank Minimization (RM) capture only
one side of this trade-off: RSD is strategyproof but ineffi-
cient, while PS and RM are efficient but incentivize manipu-
lation. We propose EMERGENT, a novel application of Gen-
erative Flow Networks (GFlowNets) to one-sided matching,
leveraging its ability to sample diverse, high-reward solu-
tions. In our approach, efficient and manipulation-resistant
matches emerge naturally: high-reward solutions yield effi-
cient matches, while the stochasticity of GFlowNets-based
outputs reduces incentives for manipulation. Experiments
show that EMERGENT outperforms RSD in rank efficiency
while significantly reducing strategic vulnerability compared
to matches produced by RM and PS. Our work highlights
the potential of GFlowNets for applications involving social
choice mechanisms, where it is crucial to balance efficiency
and manipulability.

Introduction
Matching agents to items based on their preferences is
a fundamental problem in economics, social choice the-
ory, and machine learning, with applications ranging from
school choice to resource allocation (Abdulkadiroğlu and
Sönmez 1998; Bogomolnaia and Moulin 2001). An ideal
matching mechanism aims to balance two critical objec-
tives: efficiency, ensuring agents are matched to items they
value highly, and strategyproofness, ensuring agents have
no incentive to misreport their preferences or manipulate
the matching mechanism. However, it is well-established
that no mechanism can simultaneously achieve both objec-
tives (Roth 1982; Svensson 1999).

Existing mechanisms, such as Random Serial Dictator-
ship (RSD), Probabilistic Serial (PS), and Rank Minimiza-
tion (RM), each address only one side of this trade-off.
RSD is strategyproof but often produces inefficient matches,

Copyright © 2025, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

Figure 1: The trade-offs of popular one-sided matching
methods i.e., Random Serial Dictatorship (RSD), Probabilis-
tic Serial (PS) and Rank Minimization (RM). A hypothetical
”ideal” method provides maximum rank efficiency and no
incentive to manipulate.

while PS and RM are more efficient but incentivize agents
to manipulate their preferences (Bogomolnaia and Moulin
2001).

In this work, we propose EMERGENT, a novel approach
based on Generative Flow Networks (GFlowNets), to one-
sided matching problem. GFlowNets are generative models
designed to sample diverse solutions in proportion to their
rewards (Bengio et al. 2021). By framing the matching prob-
lem as a sequential decision process, EMERGENT learns
to generate allocations that balance efficiency and manip-
ulation resistance. 1 In particular, the diversity inherent in
solutions generated by GFlowNets helps make the matching
mechanism less vulnerable to manipulation, while providing
consistently high, if not optimal, rank efficiency. Notably,
these properties emerge from the generative process, with-
out explicitly training the model to learn them.

We evaluate EMERGENT against established baselines
on synthetic preference profiles for markets of varying sizes

1We will use the term synonymously with strategyproofness.
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Figure 2: EMERGENT. Training a GFlowNets-based model to create valid one-to-one matches over bipartite graphs.

(n = 3, 5, 7). Our results demonstrate that EMERGENT
achieves higher rank efficiency than RSD and approaches
the performance of PS, while significantly reducing strate-
gic vulnerability compared to PS and RM. These findings
suggest that EMERGENT is a promising new approach to
tackling the efficiency-strategyproofness trade-off.

Our main contributions are as follows:

• We introduce EMERGENT, a novel GFlowNet-based
framework for one-sided matching.

• We show that EMERGENT produces matchings with
high rank efficiency and low manipulation incentives.

• We introduce the Efficiency-Manipulation Trade-off
(EMT) to characterize the distance between any match-
ing method and an ideal rank efficient method which pro-
vides no incentive to manipulate.

• We provide experimental validation of EMERGENT’s
performance against baseline methods such as RSD, PS
and RM.

Preliminaries
We formally define our problem setting, followed by some
key concepts for measuring efficiency and strategyproofness
and the GFlowNets framework(Bengio et al. 2021).

Problem Setting
One-sided matching. Given a set A = {a1, a2, ..., an} of n
agents and a set I = {i1, i2, ..., in} of n items, each agent
a ∈ A has strict ranked preferences Ra over the items in
I . A matching mechanism M : 2R → 2{(a,i)|a∈A,i∈I} is a

function that maps a given preference profile R = (Ra)a∈A

to a set of pairs (a, i) (matching) such that each agent is
matched exactly to a single item and vice versa. 2

In this work, we only consider complete and strict pref-
erences. The rank of an item i for an agent a, denoted as
r(a,i) ∈ {1, 2, . . . , n}, represents the position of i in a’s
preference list Ra. The objective of a rank-minimizing match
(RM) is to find a matching M∗ that minimizes the average
rank:

M∗ = argmin
M

1

n

∑
(a,i)∈M

r(a,i).

Rank Efficiency. (Featherstone 2020) defines rank effi-
ciency as a refinement of ordinal efficiency (Bogomolnaia
and Moulin 2001), where an assignment is rank efficient if
its rank distribution cannot be stochastically improved, and
the RM method produces rank efficient matches. Since ver-
ifying stochastic dominance is computationally intractable,
we approximate rank efficiency (RE) using the average rank
of a given match M , AR(M) = 1

n

∑
(a,i)∈M r(a,i). Conse-

quently, we define rank efficiency as:

RE(M) =
1

1
n

∑
(a,i)∈M r(a,i)

.

Higher values of RE(M ) indicate that agents, on average,
are matched to items closer to the top of their preferences.

Truthful & Manipulated Preferences. Let u(a, i) ∈ R de-
note agent a’s private utility for item i. An agent’s prefer-

2A preference profile is also referred to as a market.



ence list Ra is said to be truthful if ∀(i, j) ∈ I : r(a,i) <
r(a,j) ⇐⇒ u(a, i) > u(a, j). That is, the items in an
agent’s preference list are ranked in decreasing order of their
private utility. Any deviation from this order is considered a
manipulation or misreport.
Strategyproofness. A matching mechanism M is said to be
strategyproof if no agent can achieve a strictly better out-
come by misreporting their preferences (Roth 1982). Let Ra

and R′
a represent the true and misreported preference order-

ing of agent a, respectively. Then, M is strategyproof if and
only if:

u(a,M(Ra, R−a)) ≥ u(a,M(R′
a, R−a)),

for all agents a ∈ A, all possible true preference profiles
R = (Ra, R−a), and all misreported preferences R′

a, where
R−a denotes the preferences of all agents except a.
Measuring Resistance to Manipulation. The degree to
which a mechanism resists manipulation can be quantified
using the incentive ratio (Chen, Deng, and Zhang 2011).
This metric measures the maximum improvement in util-
ity that an agent can achieve by misreporting their prefer-
ences, compared to reporting truthfully. The incentive ratio
for agent a is defined as:

IRa =
maxR′

a
u(a,M(R′

a, R−a))

u(a,M(Ra, R−a)

The overall incentive ratio for a mechanism M is then com-
puted as the average incentive ratio across all agents:

IR(M) =
1

|A|
∑
a∈A

IRa.

An incentive ratio close to 1 indicates high resistance to ma-
nipulation, as agents gain little or no utility by misreporting
their preferences.

GFlowNets
Generative Flow Networks (GFlowNets) offer an approach
to variational inference by framing the process of sampling
from a target distribution as a sequential decision-making
task (Bengio et al. 2021). We briefly summarize the formu-
lation and the main training algorithms for GFlowNets used
in this work.

Let there be a fully observable, deterministic MDP with a
set of states S, a set of actions C ⊆ S ×S, and a designated
initial state s0. The set of terminal states is denoted by X .
All states in the MDP are assumed to be reachable from the
initial state s0 via a sequence of actions. A complete trajec-
tory is defined by a sequence of states x = (s0 → s1 →
· · · → sn), where sn ∈ X and every state pair is related via
an action, i.e., ∀i(si, si+1) ∈ C.

The policy in a GFlowNet, denoted as PF (s
′|s), defines

a probability distribution over the possible transitions from
one state s to a subsequent state s′. This policy induces a
distribution over complete trajectories:

PF (s0 → s1 → · · · → sn) =

n−1∏
i=0

PF (si+1|si).

The marginal distribution over terminal states, denoted by
P⊤
F (x), is induced by the policy, but computing it exactly

can be intractable.
The reward function R(x) = exp(−E(x)/T ) assigns a

positive value to terminal states and can be interpreted as an
unnormalized probability mass over terminal states where
E : X → R is an energy function and T > 0 is a tem-
perature parameter. The GFlowNets objective is to learn a
parameterized policy PF (s

′|s; θ) that generates a distribu-
tion P⊤

F (x) over terminal states proportional to the reward
function:

P⊤
F (x) ∝ R(x) = exp (−E(x)/T ) (1)

The forward policy PF (s
′|s) is parameterized by a neural

network with parameters θ, which takes the state s as in-
put and produces the logits for transitioning to each possi-
ble next state s′. Learning this policy is challenging due to
the intractability of computing the marginal distribution P⊤

F
induced by PF and the unknown normalization constant in
Equation 1. These difficulties are overcome by introducing
auxiliary functions into the optimization process. In the fol-
lowing sections, we review two such objectives:
Detailed Balance (DB). The detailed balance (DB) ob-
jective (Bengio et al. 2023) requires learning two addi-
tional functions alongside the parametric forward policy
PF (s

′|s; θ). These include a backward policy PB(s|s′; θ),
which defines a probability distribution over the predecessor
states of any non-initial state in the MDP, and a state flow
function F (·; θ) : S → R>0, which assigns positive flow
values to states. The detailed balance loss for a transition
s → s′ is given by:

ℓDB(s, s
′; θ) =

(
log

F (s; θ)PF (s
′|s; θ)

F (s′; θ)PB(s|s′; θ)

)2

.

The DB training theorem states that if ℓDB(s, s
′; θ) = 0

for all transitions s → s′, then the forward policy PF

successfully generates samples proportionally to the reward
function.
Forward-Looking (FL). The Forward-Looking (FL) objec-
tive (Pan et al. 2023) incorporates intermediate learning sig-
nals to facilitate denser supervision. The FL loss is defined
as:
ℓFL(s, s

′; θ) =
(
−Ẽ(s) + log F̃ (s; θ) + logPF (s

′|s; θ)

+Ẽ(s′)− log F̃ (s′; θ)− logPB(s|s′; θ)
)

2

where Ẽ(·) extends the reward energy function E(·) to non-
terminal states, F̃ (s; θ) is the approximate flow for these
states. This approach enables faster credit assignment and
improves training stability, as also reported by (Zhang et al.
2023).

Method
We first characterize the Efficiency-Manipulation trade-off,
by introducing EMT, metric that measures the distance of a
given matching mechanism from an idealized method that
maximizes rank efficiency and minimizes strategic incen-
tives.



(a) n = 3 (b) n = 5 (c) n = 7

Figure 3: Average Rank and Incentive Ratio. Evaluating the efficiency and incentives given by matching algorithms. Matches
made using GFN are more efficient and have lower average rank than Random Serial Dictatorship (RSD), while providing less
incentive to manipulate than both the Hungarian and the Probabilistic Serial (PS) methods.

Measuring the Efficiency-Manipulation trade-off.
RSD has an incentive ratio of 1 (perfect strategyproofness),
while RM has the highest (most manipulable). They also
have respectively the worst and the best rank efficiency. To
allow fair comparison, we normalize both metrics:

REnorm(M) =
RE(M)− RERSD

RERM − RERSD
,

IRnorm(M) =
IR(M)− IRRSD

IRRM − IRRSD
.

where RERM is the highest rank efficiency (best case) and
RERSD is the lowest (worst case).

An ideal matching mechanism would achieve both perfect
efficiency (REnorm(M) = 1) and perfect strategy resistance
(IRnorm(M) = 0). However, such a mechanism is theoreti-
cally impossible.

Given a mechanism M , EMT(M ) measures the Euclidean
distance of a given method from this ideal point (1, 0):

EMT(M) =

√
(REnorm(M)− 1)

2
+ (IRnorm(M)− 0)

2
.

A lower EMT value indicates a method that is closer to
the ideal trade-off, meaning it efficiently assigns items while
remaining strategy-resistant.

EMERGENT
Extending the work of (Zhang et al. 2023), we formulate
one-sided matching as a Markov Decision Process (MDP)

on a bipartite graph G = (A ∪ I, E), where edges E en-
code the ranked preferences Ra of agents over items. Using
this MDP, a GFlowNet policy model sequentially constructs
matchings, guided by the FL objective.

Given n agents and n items, the matching MDP (S,C,R)
is defined as follows:

States (S). A state s ∈ S represents a partial matching and is
denoted by a two-dimensional vector of size (n× n) where
each element corresponds to a match between an agent and
an item. The (a, i)th element of this vector denotes if the
match between agent a and item i is a part of the final solu-
tion X . Possible values 0, 1, 2 represent ’does not belong to
X’, ’belongs to X’, and ’not decided’ respectively.

For example, a state [[0, 1, 0], [1, 0, 0], [0, 0, 2]] signifies
that agent 1 is matched with item 2, agent 2 is matched with
item 1, and agent 3 hasn’t been assigned yet. The initial
state s0 would have all agents unassigned. The terminal
state space X would consist of all states where every agent
is assigned to a unique item.

Actions (C). An action c ∈ C consists of selecting agent
a and item i such that s[a, i] = 2 and after matching this
agent-item pair the new state becomes s′[a, i] = 1. Each
transition modifies the available actions in the policy. For
example, in s′, aj and ik can no longer be assigned to any
other item or agent. That is, s′[a, :] = 0 and s′[:, i] = 0.

Reward (R). The reward function R(x) for a terminal state



x ∈ X is defined as the inverse of the sum of ranks achieved
in that matching:

R(x) =
1

1 +
∑

(a,i)∈x r(a,i)

This reward ensures that matchings with lower total ranks
have higher rewards. Note that we do not include incentive
ratio into the reward, and despite this matches learned by
our method exhibits less incentive ratio than baselines, as
discussed later in Section .

The MDP is used to generate trajectory data through roll-
outs following the GFlowNets policy. Starting from the ini-
tial state s0, the policy samples actions iteratively based on
the current state and the learned probabilities of transitioning
to subsequent states. This process continues until a terminal
state is reached and a complete match is formed. Each roll-
out produces a trajectory τ consisting of a sequence of states
and actions:

τ = (s0, a1, s1, a2, s2, ..., at, st)

where st is a terminal state and t is the trajectory length.

GFlowNets Training The collected trajectory data is used
to train the GFlowNets model, which learns a policy param-
eterized by a Graph Isomorphism Network (GIN) (Xu et al.
2019). Our architecture follows (Zhang et al. 2023), utilizing
separate GIN models sharing the same parameters θ, for the
forward policy and the state flow function to improve train-
ing stability. Each GIN consists of five hidden layers with a
hidden size of 256 dimensions. The input to the GIN is an in-
teger vector representation of the state, where each element
takes values from {0, 1, 2}|A×I| and edge values E encod-
ing preference rankings, followed by an embedding layer.
For the forward policy GIN, we set a unidimensional out-
put node feature, followed by a softmax operation over all
vertices to obtain a categorical distribution over matching
actions. The state flow GIN applies an edge pooling layer
to extract a unidimensional graph-level output that serves as
the flow value. The training process employs the Forward-
Looking (FL) objective, which ensures that matchings are
generated with probability proportional to their rewards. We
minimize the FL loss function via stochastic gradient de-
scent using trajectories τ ∼ PF (τ ; θ) sampled from the for-
ward policy. Following (Zhang et al. 2023), we fix the back-
ward policy as a uniform distribution over all selected ver-
tices for simplicity. We train our model using the Adam op-
timizer with a learning rate of 1 × 10−3, without additional
hyperparameter tuning.

The GIN model outputs a probability distribution over
possible agent-item matches. This distribution is then used
to sample the next action during rollouts, ensuring stochas-
tic exploration. To improve training efficiency, we break full
trajectories into transition pieces, which are batched with a
batch size of 64 and used to compute the FL loss. Figure 2
illustrates the full training pipeline of EMERGENT.

Experiments
We conduct empirical experiments to show the effectiveness
of EMERGENT in providing matches with high rank effi-

ciency as well as low incentive to manipulate in different
market settings. We also show the flexibility of our method
in navigating the efficiency-manipulability trade-off using
the temperature parameter (T ) of the energy function for
GFlowNets. Additionally, we assess the scalability of our
method by training it on small markets and testing it on pro-
gressively larger markets. Each data point is obtained by av-
eraging across 100 different runs.

Datasets
We generate synthetic preference profiles for one-sided
matching tasks, where n agents have complete and strict
ranked preferences over n items, sampled uniformly at ran-
dom. The dataset includes profiles for markets of varying
sizes (n = 3, 4, 5, 6, 7) to evaluate the scalability and perfor-
mance of our model across different problem complexities.
Each profile is stored as a bipartite graph, where edges rep-
resent agent-item rankings, encoded as weights. The train-
ing and test data sets consist of 4,000 and 400 profiles for
n = 3, 4, and 10,000 and 1000 for n = 5, 6, 7, respectively.

Baselines
We compare the performance of EMERGENT against three
traditional algorithms for one-sided matching:
Random Serial Dictatorship (RSD): RSD is a widely used
matching mechanism that assigns items to agents based on
a randomly generated priority order (Abdulkadiroğlu and
Sönmez 1998). Agents sequentially select their most pre-
ferred available item according to this order, and therefore
have no incentive to manipulate their preferences.
Probabilistic Serial (PS): PS is a fractional allocation
mechanism in which agents simultaneously consume items
at a uniform rate starting from their top-ranked prefer-
ences (Bogomolnaia and Moulin 2001). This process con-
tinues until all items are fully consumed. PS is well-known
for producing efficient matches with high welfare. However,
the mechanism is not strategyproof, as agents may benefit
from misreporting their preferences to gain more desirable
allocations.
Rank Minimization (RM): In this mechanism, matches
are done with the sole principle of minimizing the average
rank of matched item. RM is implemented using the clas-
sic Hungarian algorithm for solving the assignment prob-
lem (Kuhn 1955). It provides rank-efficient matches with re-
spect to agents’ ranked preferences. Despite this efficiency,
the mechanism is vulnerable to manipulation from agents.

Metrics
We measure the rank-efficiency and manipulability of our
method through average rank (AR) and incentive ratio (IR)
respectively, previously defined in Section . We also assess
how closely all methods approximate the ideal matching
method by computing their Efficiency-Manipulation Trade-
off (EMT) scores. Low AR indicates that agents receive
items closer to the top of their preference lists. Lower values
of IR suggest that the mechanism incentivizes less strate-
gic behavior. The computation of the IR involves evaluating
all possible misreports for each agent in the market. For a



Table 1: Average rank (AR), Incentive Ratio (IR) and Efficiency-Manipulation trade-off (EMT) scores for EMERGENT and
baselines.

Figure 4: Flexibility. Effect of the inverse temperature T
on rank efficiency and incentive ratio. The x-axis represents
T−1, with the y-axis showing average rank (left) and incen-
tive ratio (right).

market with n agents and n items, the number of misreports
grows factorially (n ·n!), making the problem computation-
ally intractable for even moderately sized markets. There-
fore we approximate the computation of IR for (n = 5, 7)
by evaluating a subset of agents and sampling possible mis-
reported preferences uniformly for these agents.

Results
We evaluate the above metrics for each method, averaged
over all preference profiles in the test dataset for markets of
size (n = 3, 5, 7). Additionally each datapoint for EMER-
GENT is averaged over 100 runs.

We summarize our main findings below.

Balancing Efficiency and Incentives
Table 1 and Figure 3 present the average values of AR,
IR and EMT for each method. As expected, RSD exhibits
the worst AR due to its random order of allocation, while
RM achieves the best. Our method demonstrates AR nearly
equivalent to PS and significantly better than RSD.

RSD is strategyproof, and therefore exhibits an IR of 1.0.
In contrast, RM and PS show significantly higher IR. Our
method achieves lower incentive ratios compared to RM and
even PS across all tested market sizes.

EMERGENT also achieves the lowest EMT scores out of
all tested methods for markets of size n = 3, 5, shown in Ta-
ble 1. Figure 6 illustrates this by showing the position of all
methods with respect to the ideal matching method, with our
method being the closest. While PS and RM achieve higher
rank efficiency (RE), they do so at the cost of a higher IR.
Our method, in contrast, attains a favorable balance, com-
bining high RE with a significantly lower IR.

Figure 5: Scalability. The y-axis shows the gap in average
rank across different market sizes N for a model trained on
n = 3.

Flexibility
We also evaluate the flexibility of our method when trained
using different values for the temperature parameter T , as
defined in Section . As the reward for the GFLowNets policy
is inversely proportional to AR, larger values of T lead to a
more uniform distribution over possible matches and there-
fore lead to higher AR. Smaller values of T lead to more
rank-efficient matches with lower AR and consequently in-
centivize more manipulation. We empirically show this in
figure 4, where the x-axis shows inverse temperature T−1,
and a dual y-axis shows AR (left) and IR (right). This shows
the possibility of fine-tuning the performance of EMER-
GENT along the efficiency-manipulation trade-off.

Scaling To Larger Markets
To evaluate the generalization capabilities of our method,
we conduct an experiment where a model trained on a small
market (n = 3) is tested on progressively larger markets. We
compare its performance against models that are explicitly
trained for each market size (n = 3, 4, 5, 6, 7).

For each n, we measure the AR of matches for a model
trained on n = 3 and a model trained directly on the respec-
tive market size n. Our results, shown in Figure 5, indicate
that the gap in AR between the explicitly trained models and
the n = 3 model decreases as market size increases. De-
spite being trained only on a small market, the n = 3 model
continues to produce matches with low AR, approaching the
performance of larger models. We hypothesize that this oc-
curs since the n = 3 model benefits from complete exposure
to all possible preference profiles (only 36 exist), whereas
models trained on larger markets face an exponentially in-
creasing preference space (207M for n = 5, 1.93 × 1014



Figure 6: Efficiency-Manipulation Trade-off. Trade-off
between RE (x-axis) and IR (y-axis) for all methods.
EMERGENT is closest to the ideal matching method.

for n = 6, and 1.64 × 1022 for n = 7). Given that the
models are trained on 4,000-10,000 samples, larger models
suffer from reduced preference coverage. This suggests that
EMERGENT captures structural patterns in matching mar-
kets, with the potential to generalize well even when trained
on small markets.

Discussion
Our findings highlight the potential of our approach, EMER-
GENT, in addressing the fundamental trade-off between ef-
ficiency and incentive to manipulate in one-sided matching
problems. Among all tested methods, EMERGENT achieves
the lowest Efficiency-Manipulation Tradeoff (EMT) score,
indicating that it provides the closest approximation to the
ideal matching method. Another key strength of our ap-
proach is its ability to generalize across different market
sizes. While the generalization gap increases with market
size, the model continues to produce efficient matches, sug-
gesting that it successfully learns structural properties of the
matching problem. This property is particularly valuable in
real-world applications where training data may be limited.

Our results also show that EMERGENT allows for flexi-
ble control over the trade-off between efficiency and strate-
gic resistance through the temperature parameter T . By ad-
justing T , one can tune the distribution of generated match-
ings, ranging from nearly deterministic, highly efficient so-
lutions to more randomized assignments that discourage ma-
nipulation. This flexibility is not present in standard mecha-
nisms such as RSD or PS, where the trade-off is inherent to
the method rather than a tunable parameter.

Despite empirical results, our method does not provide
theoretical guarantees on incentives to manipulate. Future
work could derive upper and lower bounds for incentive ra-
tios for this method. Future work should also explore other
solution concepts in matching such as stability and envy-
freeness (Brandt et al. 2016). Our current experiments focus
on uniform preference distributions; it would be valuable
to evaluate our method under real-world preference data,

where strategic incentives may be more nuanced. Finally,
scaling and evaluating EMERGENT to significantly larger
markets (n ≫ 7) remains an open challenge, particularly in
terms of computational efficiency and training stability.

Related Work
Matching algorithms have been extensively studied in eco-
nomics and computer science, focusing on trade-offs be-
tween strategyproofness, fairness and efficiency. Random
Serial Dictatorship (RSD), a popular traditional matching
method, is strategyproof, ensuring that agents have no incen-
tive to misreport preferences (Abdulkadiroğlu and Sönmez
1998). However, RSD produces suboptimal matches in
terms of rank efficiency (Featherstone 2020), as it does
not minimize the ranks of assigned items. Assuming n
agents and n items, RSD provides matches that are ranked
log(n) on average, growing larger with increasing market
size (Knuth 1996; Nikzad 2022).

In contrast, rank efficient methods such as Rank-
Minimization (RM) (Featherstone 2020; Aksoy et al. 2013;
Troyan 2022; Ortega and Klein 2023) minimize the aver-
age rank received by all agents, but sacrifice strategyproof-
ness, allowing agents to manipulate the matching mech-
anism (Troyan 2022; Aksoy et al. 2013; Tasnim et al.
2024). Similarly, the Probabilistic Serial (PS) mechanism
provides a middle ground with ordinal efficiency (Bogomol-
naia and Moulin 2001), but remains vulnerable to manipula-
tion (Wang, Wei, and Zhang 2020).

The efficiency-strategyproofness trade-off has been stud-
ied in the context of both matching and voting prob-
lems. (Christodoulou et al. 2016) analyzed the price of
anarchy in one-sided matching, deriving theoretical wel-
fare loss bounds due to strategic behavior. (Anil and Bao
2021) explored whether neural networks can learn welfare-
maximizing voting rules while preserving incentives.

Several works have explored reinforcement learning (RL)
solutions for dynamic matching problems. (Min et al. 2022)
proposed an RL-based framework to provide stable matches
that optimize social welfare in Markovian matching markets.
(Liu et al. 2022) examined RL applications to competitive
equilibrium settings to maximize social welfare.

Inspired by RL, recent developments in machine learning
has further enabled more adaptive generative approaches,
such as Generative Flow Networks (Bengio et al. 2021),
which sample from a distribution proportional to a reward
function. In particular, (Zhang et al. 2023) demonstrated
their efficacy in solving combinatorial optimization prob-
lems, but their potential for matching problems remains
unexplored. Our work extends this paradigm by applying
GFlowNets to one-sided matching.

Conclusion
We presented, EMERGENT, a GFlowNets-based model for
generating rank-efficient matching with low incentives to
manipulate preferences. The ability to generate rank efficient
matchings that do not incentivize misreporting has signifi-
cant implications for real-world applications such as school
choice, resource allocation, and public housing assignments.



Our approach navigates the trade-off between rank effi-
ciency and incentive to manipulate, making it a promising
approach for policymakers seeking allocation methods that
can be fine-tuned for specific real-world contexts. However,
as with any data-driven approach, computational complex-
ity and lack of interpretability will limit real-world applica-
tions. Overall, our work demonstrates that GFlowNets of-
fer a novel and effective paradigm for solving combinatorial
problems, offering unexplored trade-offs. We believe this
approach opens new directions for future research in mar-
ket design and incentive-aware resource allocation.

Impact Statement
Beyond empirical contributions, our method has practical
implications for policy design in education, housing, and la-
bor markets, where improving both fairness and efficiency
is critical. Additionally, our scalability experiments suggest
that GFlowNets can be applied to larger real-world markets
without the combinatorial explosion associated with tradi-
tional matching optimization methods. This work serves as
a step towards AI-driven market design research, exploring
deep generative models to provide novel solutions to long-
standing economic and computational challenges. However,
the lack of explainability and interoperability remains an un-
solved issue, especially in the context of real-world applica-
tions. Despite its advantages, our method relies on learned
stochastic policies, which may introduce unpredictability.
AI and policy practitioners should therefore exercise caution
when adopting this approach in a real-world context.
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