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ABSTRACT

We introduce the General Incentives-based Framework for Fairness
(GIFF), a novel approach for fair multi-agent resource allocation
that infers fair decision-making from standard value functions.
In resource-constrained settings, agents optimizing for efficiency
often create inequitable outcomes. Our approach leverages the
action-value (Q-)function to balance efficiency and fairness without
requiring additional training. Specifically, our method computes a
local fairness gain for each action and introduces a counterfactual
advantage correction term to discourage over-allocation to already
well-off agents. This approach is formalized within a centralized
control setting, where an arbitrator uses the GIFF-modified Q-values
to solve an allocation problem.

Empirical evaluations across diverse domains—including dy-
namic ridesharing, homelessness prevention, and a complex job
allocation task—demonstrate that our framework consistently out-
performs strong baselines and can discover far-sighted, equitable
policies. The framework’s effectiveness is supported by a theoreti-
cal foundation; we prove its fairness surrogate is a principled lower
bound on the true fairness improvement and that its trade-off pa-
rameter offers monotonic tuning. Our findings establish GIFF as a
robust and principled framework for leveraging standard reinforce-
ment learning components to achieve more equitable outcomes in
complex multi-agent systems.
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1 INTRODUCTION

In many real-world applications, ranging from ridesharing [2, 21]
to allocating homelessness resources [8], multiple agents vie for
limited resources, often leading to significant disparities in out-
comes. Traditional RL-based allocation methods focus on maxi-
mizing individual or aggregate utility, but they typically overlook
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fairness, resulting in inequitable resource distributions that can
undermine both system-wide performance and societal acceptance.
In this work, we address this gap by proposing a novel framework
for fair multi-agent resource allocation that leverages the existing
action-value functions to infer fairness improvements, without any
additional learning.

Existing approaches to fair RL generally incorporate fairness di-
rectly into the reward structure or modify the learning process
to produce value functions that reflect fairness considerations.
However, these strategies can introduce complexities such as non-
stationarity and may require extensive retraining, which is imprac-
tical in many dynamic and high-stakes environments. Moreover,
such methods typically assume that agents are intrinsically mo-
tivated to be fair, that is, they are willing to sacrifice their own
utility for collective equity. In many real-world scenarios, agents
may have competing objectives or operate independently without
centralized coordination, making it unreasonable to expect them
to adopt fairness as an inherent goal. Our work takes a different
path: Rather than embedding fairness into the value function, we
infer fair decisions by analyzing the long-term Q-values computed
by agents. This allows us to extract information about the poten-
tial fairness gains associated with different actions and adjust the
allocation process accordingly.

The core idea of our approach, named General Incentives-based
Framework for Fairness (GIFF), is to combine the standard utility-
driven Q-values with additional fairness-related signals. Specifically,
we decompose the fairness gain into a component that captures the
marginal improvement in fairness resulting from an action, and we
introduce an advantage correction term that incentivizes better-off
agents to moderate their resource consumption in favor of those
who are disadvantaged. This decomposition not only translates
to a diverse set of fairness metrics but also offers a transparent
mechanism to balance efficiency and fairness during the resource
allocation process.

We formalize our framework within a centralized control setting,
where a central arbitrator uses the GIFF-modified Q-values to solve
an optimization problem subject to resource constraints, and wishes
to incorporate fairness into the decision-making. Through exten-
sive experiments in domains such as ridesharing, homelessness,
and job allocation, we demonstrate that our framework achieves
competitive fairness-utility trade-offs compared to state-of-the-art
methods.! Our evaluations also highlight the critical role of the
advantage correction term, particularly in environments where
independent evaluations of fairness improvement fail to capture
the benefits of inter-agent cooperation.

!The supplementary material and code can be accessed at: https://github.com/YODA-
Lab/General-Incentives-based-Framework-for-Fairness/


https://doi.org/10.65109/GQAG8531
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.65109/GQAG8531
https://github.com/YODA-Lab/General-Incentives-based-Framework-for-Fairness/
https://github.com/YODA-Lab/General-Incentives-based-Framework-for-Fairness/

In summary, our contributions are as follows:

(1) We develop a General Incentives-based Framework for
Fairness (GIFF) that can be used to improve diverse fairness
metrics in multi-agent resource allocation problems without
the need for additional learning. This framework infers fair-
ness from standard Q-values without altering the underlying
RL models.

(2) We propose a principled mechanism—comprising fairness
gain estimation and counterfactual advantage correction—to
adjust allocation decisions in favor of fairer outcomes, with
only two hyperparameters.

(3) We derive instantiations of GIFF for various fairness mea-
sures like variance, a-fairness and Generalized Gini Func-
tions (GGF).

(4) We provide theoretical bounds on the actual fairness im-
provement in relation to the locally estimated fairness gain
when using GIFF, for multiple fairness functions. We also
provide a Pareto-improvement property over the total local
fairness.

(5) We provide experimental evidence across multiple domains
and fairness metrics to illustrate the effectiveness of our
approach.

By rethinking how fairness can be integrated into multi-agent
systems, our work opens up promising new directions for achieving
equitable resource distribution in complex, dynamic environments—
a crucial step toward deploying RL in socially sensitive applications.

2 RELATED WORK

Many domains employ multi-agent resource allocation with central-
ized decision-makers, like ridesharing [2, 21], homelessness preven-
tion [8, 9], satellite allocation [16], and wireless networks [24]. In
our work, we focus on fair decision making in multi-agent systems
that have a similar structure. There has been recent work on devel-
oping methods to learn fair policies in multi-agent RL [7, 13, 22, 25],
using policy optimization [19] with modified rewards or hierar-
chical policies to elicit fair behavior. Alamdari et al. [1] look at
fair resource allocation at different time horizons, learning to be
fair by constructing counterfactual experiences. DECAF [12] is a
similar learning-time algorithm that trains Q-functions to add fair-
ness considerations during policy learning. In contrast, GIFF is a
strictly post-training mechanism. It assumes that Q-values (from
any source—RL, heuristics, simulators) are already available and
modifies them online through a closed-form correction. GIFF there-
fore requires no additional learning, making it lightweight and
computationally inexpensive. Simple Incentives [11] is a related
approach looking at fairness in ridesharing systems, employing do-
main and metric specific fairness post-processing. Our approach is
much more general and adaptable to different domains and fairness
metrics, as we show in our experimental results.

Beyond reinforcement learning and resource allocation, the ma-
chine learning community has broadly investigated bias and fair-
ness. The survey by Mehrabi et al. [14] provides comprehensive
overviews of fairness metrics and mitigation strategies, while foun-
dational works [5, 6] have laid the groundwork for understanding
fairness in supervised settings. In parallel, economic and social
welfare research has long provided robust formulations of equity,

giving rise to measures like a-fairness and the Generalized Gini
Function—which are rooted in social welfare theory [3, 15, 18, 20].
By drawing on these diverse strands of literature, our work bridges
multi-agent reinforcement learning, dynamic resource allocation,
and fairness, contributing a novel framework that infers fairness
directly from long-term Q-value estimates.

3 PRELIMINARIES

We now formally describe the resource allocation problem that
tackled in this paper as well as describe several key fairness concepts
that motivates our work and used later in empirical evaluations.

3.1 Resource Allocation

A typical resource allocation problem consists of n agents i € o
with diverse preferences over K types of resources, with a total set
of resources R being available. Each time-step, agents attempt to
take resources they want, following which new resources appear
and the global state changes according to some transition dynamics.

In the centralized control setting, an arbitrator aggregates agent
preferences and allocates actions while ensuring no two agents
try to take the same resource. This constrained Multi-agent MDP
model [4] is described by the tuple M with the following compo-
nents:

M={(a,S,0,{Ai}ica;T.R y,c) (1)

e o is the set of agents indexed by i (n agents).

o S is the global state space.

e 0 :S > 01 X0y X...%X Oy is the observation function that
maps the true state to agent observations.

e A; is the action space for agent i, where an action a includes
allocation of a set of resources.

T :SXA; XAz X...XxAp xS — [0,1] represents the joint
transition probabilities.

® R:SXA; XAy X...x A, — R" denotes the (utility) reward
function, which returns a vector of rewards, one for each agent.

o y is the discount factor for future rewards.

e c:AlUAU...UA, — RK maps each action to its resource
consumption for K types of resources.

Each agent can then learn an action-value function Q(o;, a),
which estimates the expected long-term return from taking action
a given the local observation o;, without knowledge of other agents’
current actions. Formally, this is defined as:

Z}/tri(t) 0o = o;,al” = a] , 2)
1=0
()

1

where r;"’ is the reward received by agent i at time-step ¢, and
v € [0, 1) is the discount factor. The expectation is taken over the
trajectories induced by the environment dynamics and policies of
all agents, conditioned only on agent i’s observation and action. In
any state s, agents compute the Q-values for all of their available
actions and communicate them to the central arbitrator, who can
then use them to compute a utilitarian allocation.

Let A denote the allocation of actions decided by the cen-
tral allocator such that A; is the action assigned to agent i. Let
xi(a) € {0,1} be a binary decision variable that indicates whether

Q(0i,a) =E




agent i is assigned action a € A;. Let R € RK denote the vector of
available resources, with Ry representing the quantity of resource
type k € {1,2,...,K}. Let c(a) € RK denote the resource consump-
tion vector for action a, where c(a) is the amount of resource k
consumed by action a. This gives us the following optimization:

2. 2, xi(@) - Qoia) ®)

max
xi(a)e{0,1}

i€ acA;

subject to Z xi(a) =1, Viea (4)
acA;
Z Z xi(a) - cla) < Rp, Vke{l...K} (5
i€x acA;

These constraints ensure that each agent is assigned exactly one
action and that total resource usage does not exceed available sup-
plies. This is a general formulation, and many real-world prob-
lems follow this approach [2, 8, 16, 21, 24]. This problem can be
formulated as an integer linear program (ILP), but more efficient
algorithms and distributed approaches exist for allocation problems
with stricter constraints. For instance, if the constraints boil down
to a bipartite matching between agents and resources, the Hungar-
ian algorithm [10] can solve the allocation problem in polynomial
time.

Alternatively, some systems assume agents act independently
without a central arbitrator or consensus-based decision making. In
this case, methods like first-come-first-served or random tie breaks
are used to decide who gets contested resources. This approach is
much more commonly seen in multi-agent RL [7, 23, 25]. When
using a policy optimization based approach, agents express prefer-
ences over actions which maximize their chances of getting good
resources in the form of a policy 7 rather than expressing valuations
over bundles of resources.

In this paper, we restrict ourselves to using Q-functions. Further,
we select the centralized control setting, where the decision-maker
has the ability to enforce fairness constraints by providing incen-
tives to agents. Thus, in this work, we assume agents bid for actions
by communicating their Q-values to the central decision maker,
and each action is associated with the allocation of some resources
and the corresponding gain in utility is the reward. The Q-function
then captures the long-term expected utility for each agent.

Payoff-vector (Z): We are interested in resource allocation prob-
lems that have a temporal aspect to them, i.e., after each allocation,
new resources may arrive in the system, and resources and agents
may enter or exit the allocation pool. We consider two cases: 1) A
fixed number of agents, and 2) An arbitrary number of agents that
belong to a fixed number of groups. In both cases, we consider a
total of n groups or agents. Given this, we can construct a vector of
payoffs Z = [z1, z, . . ., z,] that captures the accumulated value of
all resources allocated to each agent/group over time.

Unless specified otherwise, we use z; to denote the cumulative
payoff for agent or group i at the current time-step. When referring
to a specific time, we will write zl.(t) to indicate the value at time-
step t. The cumulative reward is given by:

t
2=y n", ©)
=0

where ri(T) is the reward received by agent i at time-step 7. In some

settings, an average payof is used instead:
1 Zt ()
= T
Zi=—— ) 1. (7)

This payoff vector serves as a temporal record of how resources
have been distributed across agents and provides a foundation for
incorporating fairness criteria into future allocation decisions.

3.2 Fairness Concepts

To capture fairness, we consider a fairness function F : R" — R,

which maps any payoff vector Z = [z1, ..., z,] to a numerical value

such that larger values correspond to fairer distributions. In other
words, for any two payoff vectors Z1 and Zy, we say that Z; is fairer
than Z; if and only if F(Z1) > F(Z5).

In the literature on fair multi-agent resource allocation, two main
schools of thought emerge:

e Social Welfare Function Approaches. In these methods, fair-
ness is directly embedded into a social welfare function that
aggregates individual utilities [22, 25]. Such functions may be
designed to satisfy three desirable properties: They exhibit im-
partiality, remaining invariant under any permutation of agents
to ensure equal treatment; they promote equity by rewarding
reallocations that transfer resources from better-off agents to
those worse-off, consistent with the Pigou-Dalton principle; and
they ensure efficiency by assigning a higher value to allocations
in which every agent receives higher or equal utility compared
to alternative allocations.

These metrics usually take the form of a summation over trans-

formations of agent utilities, for example:

o a-Fairness: For a given payoff vector Z = [z1,...,z,], define
the per-agent a-fair utility as:

Zl-a .
Ua<z>={ﬁ el ®
log(z) ifa=1,
and the overall fairness measure as: F(Z) = X1 Un(2;).
¢ Generalized Gini Function (GGF): Order the components
of Zas z(1) < z@p) < < 2z(y). Then, the GGF function is
defined as

n
Foer(Z) = Z Wi Z(i), 9)
i=1
with weights satisfying w; > wy > --- > wy and Z?zl w; = 1.
By varying « or w;, these metrics can transition between utilitar-
ian and egalitarian fairness. Specifically, a-fairness with o = 1 is
equivalent to the popular log Nash Welfare metric.

Distributional Approaches. Alternatively, fairness may be
measured separately via distributional metrics—such as variance,
the Gini index, or Jain’s fairness index—and then combined with
total utility [11, 17]. These metrics can capture non-linear rela-
tionships among agents’ utilities and provide a distinct measure
of fairness that is later interpolated with the overall efficiency.

Having outlined these approaches, our work aims to balance
efficiency and fairness via a joint objective. Specifically, for a given
time horizon T with payoff vector Z7, we seek an allocation policy



that maximizes:

max (1- f)Ur+ pF(Zr), (10)
n
Ur= ), z (11)
i=1
Here, f € [0,1] is a trade-off parameter that controls the relative
importance of efficiency (total utility) versus fairness.

In our evaluations, we show results using both kinds of fairness
metrics. In particular, for the social welfare function approaches, we
incorporate a specialized term that enables agents to locally assess
the benefits of their actions for others. Notably, our incentives-based
framework operates entirely online with zero additional training.

4 GENERAL INCENTIVES-BASED
FRAMEWORK FOR FAIRNESS (GIFF)

The key insight in our work is that the Q-function, which captures
the long-term utilitarian effects of actions, can also be used to
guide the decision maker towards a fair allocation. Previous work
has considered directly learning to optimize for fairness [7, 25] or
using knowledge of the true reward function to myopically improve
variance using domain-specific post-processing [11]. Instead, we
provide a General Incentives-based Framework for Fairness (GIFF)
that improves fairness without the need for additional learning for
a variety of domains and fairness functions.

To achieve this, we develop an approach that takes advantage of
the instantaneous pre-decision payoffs Z; at the current time ¢ to
guide the present decision towards a fairer outcome by improving
the perceived value of fairer allocations. We do this by computing
the estimated improvement to fairness, the fairness gain of actions,
and augmenting the pre-trained Q-values to reflect our objective
(Eq. 10).

First, we assume an idealized scenario. Let A = [a;];icq denote
an allocation that contains one action for each agent. We overload
the notation for the reward function to let R(A;) be a shorthand
for the true reward received by agent i under allocation A. The
updated payoff vector Z;41|A can be computed using Z; and A,
by updating the payoffs using the true rewards. Then, the fairness
gain for any allocation can be defined as:

AF(A) = F(Z+1) — F(Zy) (12)
2 =2l + R(A;) Vi (13)
ﬂ;ﬁ = argmax AF(A) (14)

A

Here, ﬂ]"} is the allocation that improves fairness the most in
the current step. We can also conceive of a similar search which
maximizes over an entire sequence of allocations to maximize long-
term fairness. However, even for the one-step allocation, the search
space is combinatorial in the number of agents and their respective
action spaces, as we have to consider all possible joint actions. This
makes the global optimization intractable, necessitating alternate
methods for computing a fair allocation.

4.1 Using Q-values to Estimate Fairness

We observe that it is much easier to reason about fair actions if we
can decompose the fairness gain across agents. To achieve this, we

reason only over the locally conditioned updated payoff vector Z& ,
updating all accumulated utilities based only on a single agent’s
action a’, keeping everything else unaffected.
Z = 2L+ 1{j = i} R(d') vj (15)
In many real problems, having access to the true reward function
R(a) is unlikely. Further, in dynamic environments, agents may take
a critical action earlier, which leads to a payoff after multiple steps;
however, a critical decision towards getting to it may happen much
earlier. If the agent is a Q-learner, we can leverage the fact that the
Q-values encode the long-term value of taking certain actions, and
the difference in Q-values will be small in states where all routes
lead to similar payoffs. Thus, if we use the Q-value as a proxy for
the reward function, we can account for long-term returns without
knowing the reward function or the environment dynamics.

AF(a') = F(Z% ) - F(Zs) (16)
=2+ 1{j = i} Q(os, a") vj (17)

This quantity AF(a?), termed the fairness gain measures the
marginal (local) impact of agent i’s action on the overall fairness of
the allocation given the current distribution of resources Z;. Note
that computing this for all agent actions is linear in the size of the
action space for each agent. This has two benefits. First, we do
not need to have access to the true reward function (which is not
available in many cases) and, second, we capture more than just
the immediate return, allowing us to capture long-term effects of
certain allocations. However, this has the drawback that it does not
capture inter-agent interactions very well. Thus, we introduce an
additional mechanism that can provide this information.

4.2 Advantage Correction: Incorporating
Counterfactual Fairness Gains

Fairness concerns in dynamic resource allocation may also require
that agents who are already well-off (i.e., have a high accumulated
utility) are discouraged from taking resources that can help worse-
off agents improve their return, thus allowing disadvantaged agents
to catch up. This is also a desirable property of social welfare func-
tions, termed equity, used to capture the notion of accumulated
wealth: Moving resources from better-off agents to worse-off agents
should improve the fairness function’s value. This is also known as
the Pigou-Dalton principle [25] and has been discussed in previous
works in fair multi-agent RL.

However, in practice, the local fairness gain AF (ai )—which re-
flects only the immediate change in an agent’s own utility—does not
capture the broader altruistic impact of reallocating resources. In
many fairness metrics, this counterfactual update considers solely
the acting agent’s payoft, thereby ignoring the significant improve-
ment in fairness that would occur if the resources were allocated
to a disadvantaged agent. Consequently, even when an agent’s
decision to forgo an action yields AF = 0, it may still lead to sub-
stantial overall fairness gains if the resource were reallocated. This
limitation motivates the inclusion of a method to more accurately
account for these counterfactual benefits.

To this end, we introduce an advantage correction term that
incentivizes better-off agents to give up their top preferences to
benefit other disadvantaged agents. Recall that in our setting, when



agent i takes action a, its local fairness gain AF(a) is computed
by updating the agent’s payoff z; with Q(o;,a) (Egs. 16 and 17).
To measure the counterfactual benefit of this action, we consider
allocating this resource to any other agent that can take this action
J #i,a € Aj, and compute the counterfactual benefit AF (), using
Q(oj, a) to update agent j’s payoff:

AFYD = F(ZYU)) ~ F(zy), (18)
Z;_+1 — Z; + Q(Oj, a) (19)

Let us define the set of these candidate counterfactual agents as
ac(a) ={j € a: j#i,a € Aj}. We can then compute the average
counterfactual fairness improvement:

1 .
AFyyg(a) = —— AFW) 20
we@ = D) (20)
jeac(a)
To capture the benefit of allocating this resource to agent i, we
can calculate the advantage function:

Fagv(a) = AF(a) — AFavg(a) (1)

A negative F,q, suggests that another agent would benefit more
from the resource allocation, whereas a positive F,4, indicates that
the current agent can better improve fairness. If the fairness metric
follows the principle of equity, then we expect agents with higher
fairness gain to be the disadvantaged agents. Instead of AFayg,
alternate baselines like the maximum fairness improvement may
also be considered.

To integrate this counterfactual fairness measure with the ac-
tion’s inherent quality, we weigh the fairness advantage by the
relative Q-value gap:

AQ(a) = Q(0i,a) — min Q(o;, a’), (22)

which reflects how much better action a is compared to the worst
option for agent i. This is helpful in preventing disproportional
changes because of Q-value overestimation.

Finally, we define the counterfactual advantage correction term
as:

AQadv(a) = Fagy(a) AQ(a). (23)

This formulation has the following intuitive implications:

o If the fairness gain AF(a) is lower than the mean counterfactual
gain AFayg(a), then F,qy(a) is negative, leading to a negative
AQadv(a). This reduces the attractiveness of action a, discourag-
ing further accumulation by already advantaged agents.

e Conversely, if AF(a) exceeds AFayg(a), then Foqy(a) is positive,
and AQ,g4y(a) is positive. This boosts the value of actions that
help a disadvantaged agent catch up.

4.3 GIFF-modified Q-values

We combine the original Q-value estimate with the fairness gain
and the counterfactual advantage correction to obtain the GIFF-
modified Q-value, which we can use in the optimization in Equa-
tion 3 to compute allocations:

07(a) = AF(a) + 5 AQuq,(a)

Q¥ (05,0, 8,8) = (1= B) Q(01,a) + fQf(a) (24)

e [ € [0,1] controls the trade-off between efficiency (standard
Q-values) and fairness, with = 1 leading to allocations based
purely on the fairness gain.

e § > 0 controls the degree of advantage correction. Empirically,
we observed that small positive values (< 0.5) lead to good results,
but this is dependent on the environment and fairness function
being used.

In practice, by adjusting f and §, the central optimizer can be

nudged toward actions that balance both overall system utility and

fairness, as measured by F(Z).

5 THEORETICAL RESULTS

In this section, we provide theoretical guarantees for the core mech-
anism of GIFF. The algorithm’s fairness-aware Q-value, QOIFF re.
lies on a tractable surrogate for the true, combinatorial fairness
improvement of a joint allocation. Specifically, GIFF approximates
the true joint gain by summing the individual, local fairness gains
of each agent’s action (or Q-value), a quantity we formally define
as the surrogate, S. We now prove three key properties of this de-
sign: (1) This surrogate S is a principled lower bound on the true
fairness improvement for several canonical fairness functions; (2)
Maximizing this surrogate is guaranteed to improve as the fairness
weight f increases; and (3) How these guarantees on our surrogate
translate to guarantees on the realized, real-world fairness.

Throughout, let Z = (z1, ..., z,) € R" be the current payoff vec-
torand y = (y1,...,yn) € RL be the vector of utility increments
from a feasible allocation. For a fairness function F : R” — R, we
define the realized fairness improvement as Ajoint := F(Z+y) —F(Z)
and the local fairness gain for agent i as All.ocal = F(Z+y;e;) - F(Z),
where e; is the i-th unit vector. GIFF’s objective uses the sum of
local gains, S := X1, Ai.ocal
provement.

Our proofs rely on the following assumptions:

, as a surrogate for the true joint im-

Assumption 1 (Nonnegative increments). Any agent’s change in
utility from an allocation is nonnegative: y; > 0 for all i.

In resource allocation domains, receiving additional resources
does not decrease an agent’s utility. This is satisfied by virtually
all real-world applications (e.g., more compute time, bandwidth, or
energy increases utility). This assumption enables monotonicity
arguments in the fairness correction.

Assumption 2 (Q-value correctness). Q-values are perfectly accu-
rate predictors of utility increments.

GIFF relies on Q-values being accurate predictors of utility incre-
ments. This is typical in centralized allocation domains where Q-
values come from either (i) sufficiently trained RL models, (ii) well-
validated domain simulators, or (iii) engineered scoring functions.
The assumption mirrors standard requirements for preference-
based optimization: the fairness mechanism must operate on accu-
rate inputs.

5.1 Local-Gain Lower Bound

Our first result establishes that the surrogate S is a conservative
lower bound on the realized fairness improvement Ajoint for four
canonical fairness metrics.



Theorem 1 (Local-Gain Lower Bound). Let Z € R" be a payoff
vector and y € RY be a nonnegative increment vector. For each
fairness function F € {Fy, FGGF., Fvar, Fmin}, the realized joint gain

dominates the sum of local gains:

n
Ajoint > S= Z AliocaI’
i=1

ProoF SKETCH. The result for a-fairness follows from the sepa-
rability of the function, which yields exact equality. For negative
variance, the inequality arises from the non-negative cross-term
% 2i<;j Yiyj in the expression for Ajoint — S. The proofs for GGF
and maximin rely on the properties of order statistics and case
analysis on the minimum-achieving agents, respectively. O

5.2 Monotonicity of Surrogate Fairness in f

Next, we show that GIFF’s surrogate objective is guaranteed to be
nondecreasing as the fairness weight f increases. This provides a
reliable mechanism for tuning the fairness-utility trade-off.

Theorem 2 (Monotone Surrogate Fairness). Fix a decision round
and let A be the finite set of feasible joint allocations. Let U(A) be
the total utility and S(A) be the sum of local fairness gains for an
allocation A € A. Let A*(p) be the allocation chosen by GIFF for
a given fairness weight f € [0,1). For any 0 < f; < fy < 1, the
corresponding surrogate fairness values are ordered:

S(A™(B2)) = S(A™(B1)).

Proor SKETCH. Let 8 = /(1 — f8). The GIFF objective is to max-
imize Gg(A) = U(A) + 0S(A). By optimality, we have Gy, (A1) >
Gg, (A2) and Gg, (Az) = Gg,(A1). Subtracting these two inequali-
ties yields (62 — 01)(S(A2) — S(A1)) > 0. Since 02 > 61, we must
have S(Az) > S(A1). O

Corollary 1 (Strict Increase at a Switch). If the maximizer of the
GIFF objective is unique at 1 and Pz, and A*(f1) # A*(p2), then
S(A*(B2)) > S(A*(B1))-

5.3 From Surrogate to Realized Fairness
Guarantees

Finally, we connect the surrogate guarantees to realized fairness by

bounding the slack, defined as slack := Ajoint — S. By Theorem 1,

the slack is always non-negative for the metrics considered. We

can derive exact expressions or tight bounds for it:

e a-fairness: The surrogate is exact, so slack = 0.

e Negative Variance: The slack is a precisely computable qua-
dratic term, slack = % i<j Yiyj-

e GGF & Maximin: The slack depends on whether utility incre-
ments cause agents to change ranks (for GGF) or on the unique-
ness of the minimum-payoff agent (for maximin).

These bounds allow us to translate the monotonicity of the sur-
rogate into a guarantee on realized fairness. When an increase in
triggers a switch to a new allocation, if the surrogate S increases
by more than the maximum possible slack of the previous alloca-
tion, the realized fairness Ajoin¢ is guaranteed to strictly increase.
For a-fairness, any switch to a different allocation with a higher
surrogate value implies a strict increase in realized fairness.
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Figure 1: Comparison of fairness versus system utility. Each
line is plotted in order of increasing fairness tradeoff weight
B, starting from the red X (f = 0) Top: Passenger fairness
(measured as —var(Zy)) versus overall service rate. Bottom:
Driver fairness (measured as —var(Z;)) versus overall service
rate. The red X indicates the baseline performance (raw Q-
values without fairness adjustments).

In summary, our theoretical results provide a firm foundation for
GIFF. We have shown that its core mechanism of using a sum-of-
local-gains surrogate is principled (Theorem 1), predictable (Theo-
rem 2), and directly translatable into guarantees on realized fairness
(Section 5.3). This analysis confirms that GIFF is not just a heuris-
tic but a structured framework for improving fairness in complex
allocation problems.

6 EMPIRICAL RESULTS

We show results from two experiments. First, we compare GIFF
to an existing domain-specific method for ridesharing, optimizing
variance (a distributional metric). Then, we extend this to a new
domain of homelessness, minimizing the Gini index. Finally, we
look at SWF-based metrics in a domain highlighting the need for
the counterfactual advantage correction.

6.1 Baseline Comparisons in Real-World
Domains: Ridesharing

We test our approach in the complicated ridesharing domain [11,
21], where passengers are allocated to drivers in a dynamic match-
ing environment. Part of the complexity also arises from the fact
that more than one passenger can be allocated to the same driver,
sharing the trip, leading to a huge combinatorial search space that
is difficult to directly optimize. Each vehicle estimates the Q-values
based on groups of passengers, and the central allocation maximizes
this Q-value for all drivers, subject to passenger constraints.

We compare our results to SI [11], a recent approach for myopic
fairness designed for the ridesharing application. SI’s fairness ob-
jective is to reduce variance in groups of passengers (measured in
terms of service rate) and in drivers (measured as differences in
trips assigned). Their approach operates in a centrally constrained
resource allocation environment by augmenting the base model
with an additive fairness term. In our experiments, we compare both
the original SI and its heuristic variant SI(+), which clips negative
fairness incentives to focus solely on improvements. We also im-
plement a corresponding heuristic in our method, denoted GIFF(+).

Both GIFF and SI start from the same base model that predicts raw
Q-values (indicated by the red X’s in Figure 1, which represents the
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Figure 2: Variance vs. Fairness Weight. Top row: GIFF results
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baseline with no fairness adjustments). Our goal is to demonstrate
that GIFF not only improves fairness over SI, but also avoids the
drawbacks of SI(+) at high fairness weights. For passengers, fairness
is measured as the variance in service rate for groups traveling
between source and destination neighborhoods (Zy). For drivers,
the objective is to minimize variance in driver income, measured by
the number of trips per driver (Z;). In our simulation, 1000 vehicles
are deployed on the island of Manhattan, using a real-world dataset
from New York City, capturing passenger requests between 8am
and 12pm during the busy morning hours.

Our results, shown in Figure 1, demonstrate that GIFF consis-
tently achieves a better fairness-utility tradeoff than SI for both
passengers and drivers. For passengers, GIFF outperforms the base
SI method. While the heuristic variant SI(+) provides a marginal
improvement, applying the same heuristic to our method (GIFF(+))
matches its performance. This shows that GIFF’s core formulation is
strong and can be enhanced with simple heuristics when long-term
values are unavailable.

The superiority of GIFF is most pronounced for drivers. As the
fairness weight f§ increases, GIFF maintains a stable and favorable
tradeoff. In contrast, SI(+) becomes counterproductive, eventually
degrading fairness to a level worse than the baseline with no
fairness adjustments (indicated by the red X). This instability at
high fairness weights highlights a critical drawback of the SI(+)
heuristic, whereas our method, GIFF, remains robust and effective
across the full range of fairness weights.

Fairness with changing f: In SI, the objective is additive (U + SF),
as opposed to GIFF’s weighted combination (Eq. 10). To compare
the effect of this tradeoff weight on fairness, we transform the
weights for GIFF as % and plot the change in fairness for both SI
and GIFF with this hyperparameter on a logarithmic scale. Figure 2
shows the tradeoff between fairness weight and the variance in
utilities Z,, and Z.

For passengers, both GIFF and SI keep improving fairness as f is
increased, as shown in the left panels. In the top right panel, GIFF
continues to lower the variance for drivers as the fairness weight in-
creases. However, SI(+) (bottom right) eventually worsens fairness,
even falling below the baseline performance. This demonstrates
that GIFF achieves a more stable fairness—-utilty tradeoff.
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Figure 3: Results for the homelessness dataset. Top: Compar-
ison of the benefit of fairness (BoF) distribution as the price
of fairness (PoF) threshold is increased. Bottom: The BoF gap
compared to the best method, excluding BoF=0. Each vertical
slice corresponds to the distribution over all 38 features.

6.2 Generalization to Homelessness Prevention

To demonstrate the versatility of our approach beyond dynamic,
Q-value-based environments, we test GIFF in the domain of home-
lessness prevention using a real-world dataset [8]. Here, the task
is to assign households to one of four interventions to minimize
the total probability of re-entry into homelessness. The “cost” of
assigning household A to intervention a is given by a pre-computed
counterfactual probability, Pr(h, a).

Our framework is adapted to this new context by treating it
as a cost-minimization problem. We use the negative of the re-
entry probabilities as utility values, so that QSFF (b, a, 8,8) = (1 —
B) (=Pr(h,a)) +  Qf(a). To further highlight GIFF’s flexibility, we
move beyond variance reduction and adopt the Gini coefficient

1 D= lzimz)l
2n Yl 2k
is the average re-entry probability for a given demographic group.

The dataset includes 38 household features (e.g., race, gender,
family size), and we run 38 independent experiments, each defin-
ing fairness groups based on one feature. This allows us to assess
the robustness of each method across a wide variety of fairness
definitions. Since the original SI method is not applicable directly,
we developed a competitive baseline, Simple Incentives - Extended
(SI-X). Further details about the dataset, implementation and SI-X
formulation are included in the supplement.

To evaluate performance across these 38 experiments, we intro-
duce two metrics:

as the fairness metric, Fyini = — , where z; € [0, 1]

e Price of Fairness (PoF): The ratio of the total re-entry probabil-
ity with fairness adjustments to the baseline (fairness-unaware)
total probability. A PoF of 1.05 means a 5% increase in the overall
re-entry rate.

o Benefit of Fairness (BoF): The percentage reduction in the Gini
Gini(new)

coefficient compared to the baseline, calculated as 1 — &7 ==
ini(base)
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Figure 4: Fairness and utility for the Job Allocation environ-
ment as functions of f and J.

Figure 3 summarizes the results by plotting the distribution of
BoF achieved for a given PoF threshold. Each vertical slice repre-
sents the BoF distribution over all 38 feature-based groupings. The
top panel shows that GIFF is a more effective and reliable method.
On 90% of the features, GIFF is able to get 60% improvement in
Fyini compared to the baseline. GIFF consistently yields a higher
mean BoF. More importantly, GIFF demonstrates superior worst-
case performance; its 90th percentile is substantially higher than
that of SI-X, indicating that GIFF avoids the severe fairness failures
that SI-X is prone to on certain groups. The bottom panel reinforces
this conclusion by analyzing the BoF Gap, which measures how
much a method underperforms only on the tasks where it was not
the best. The gap for GIFF is minimal and concentrated near zero,
showing that even when it is not the top performer, it is a close
second. In contrast, SI-X exhibits a wide gap distribution, with its
90th percentile exceeding 0.4. This means that when SI-X fails, it
fails badly, achieving fairness outcomes that are dramatically worse
than what is possible with GIFF.

Overall, these results in a distinct problem domain with a non-
linear fairness metric confirm that GIFF is a robust and broadly
applicable framework for integrating fairness into resource alloca-
tion systems.

6.3 Job Allocation and Advantage Correction

We evaluate our method in a challenging Job Allocation environ-
ment where 4 agents compete for a single job over 100 time steps.
An agent occupying the job earns reward but must forfeit it (earn-
ing no reward for that step) to allow another agent to take over.
This setup creates a tension between a greedy strategy (one agent
gets 100 utility), a simple turn-taking strategy (50 total utility, fairly

split), and a hard-to-compute oracle solution that achieves 96
total utility (24 per agent). Our goal is to show that our method can
discover this oracle solution via a simple hyperparameter search
over f and 8, without needing to plan over the full time horizon.

Our approach relies on the advantage correction term, AQ,4y-
We test two Efficient fairness metrics (a-fair and GGF), where
the fairness gain AF is always positive. Consequently, without the
correction term, an agent would never forfeit the job, and even
a fully fairness-focused policy (f = 1) would produce the same
unfair outcome as a purely utilitarian one (f = 0). The advantage
correction solves this by reducing the value of actions that offer
below-average fairness gains to agents that are already better off,
thereby encouraging equitable turn-taking.

Our results, shown in Figure 4, confirm that this mechanism
successfully balances utility and fairness:

e With the a-fair metric (Figure 4a), the policy achieves near-
optimal performance with a moderate § ~ 0.1. As ¢ increases,
fair behavior emerges at lower § values.

e With the GGF metric (Figure 4b), the impact of advantage cor-
rection becomes noticeable around & ~ 0.3. This metric reveals a
distinct band of high-utility, high-fairness solutions before the
policy converges to a simple turn-taking strategy when both
and § are high. This difference occurs because the logarithmic
nature of a-fairness is less sensitive to utility changes once all
agents are doing reasonably well.

In both experiments, we observe that as § increases, the tran-
sition from utilitarian to fair behavior happens at a smaller f.
Crucially, our method identifies the optimal long-term strategy
through a simple evaluation-only grid search, without any informa-
tion about the time horizon. This demonstrates that the advantage
correction term is a powerful and essential mechanism for achieving
complex, far-sighted fairness without explicit planning.

7 DISCUSSION AND CONCLUSION

In this work, we introduced GIFF, a general and lightweight frame-
work that integrates fairness into multi-agent resource allocation
systems. By modifying pre-trained Q-values with a local fairness
gain and a crucial counterfactual advantage correction, our method
adjusts allocations to be more equitable without requiring any
additional training. Our empirical evaluation showcased GIFF’s
power and versatility across diverse and challenging domains. The
practical strengths of GIFF are underpinned by a solid theoretical
foundation. Its design is simple, with minimal computational over-
head and just two interpretable hyperparameters (f, ) that allow
for easy tuning of the fairness-utility trade-off at deployment. We
formally proved that this is not merely a heuristic approach; GIFF’s
fairness surrogate is a principled lower bound on the true, realized
fairness improvement for several canonical metrics. Furthermore,
we showed that the fairness weight f provides a monotonic guaran-
tee, ensuring that increasing the emphasis on fairness predictably
improves the surrogate objective. In conclusion, GIFF provides a
practical, powerful, and principled bridge between the efficiency
of reinforcement learning and the critical societal need for equity,
representing a significant step toward creating multi-agent systems
that are not only optimal but also just.
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