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ABSTRACT

Reverse auctions are widely used for budgeted task allocation, but
efficiency-only rules can systematically disadvantage higher-cost
communities. We ask whether equity can be built into reverse-
auction task allocation without sacrificing the incentive guarantees.
We introduce two complementary fairness notions: aggregate group
fairness and within-group Lipschitz individual fairness. We pro-
pose GIFTA, a two-stage mechanism that learns group-selection
probabilities and then allocates within the chosen group using a
bid-decreasing randomized rule with truthful payments. We prove
that GIFTA is truthful in expectation, individually rational, budget-
feasible, satisfies the Lipschitz guarantee, and achieves asymptotic
e-group fairness; experiments show large disparity reductions with
modest social-cost increases.
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1 INTRODUCTION

Reverse auctions are widely used for task allocation and can lower
expected expenditure and shorten turnaround time by awarding
work to the lowest bidders [15]. However, when bidders face struc-
tural cost differences, this rule can systematically allocate far fewer
tasks to higher-cost (often minority) communities, undermining
equity. More broadly, systems optimized for a narrow objective
can exhibit persistent group disparities unless fairness is made
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an explicit design constraint, as documented across multiple high-
stakes domains [3, 11, 14]. Policy frameworks have therefore shifted
toward proactive safeguards, often framed as “Equity by design”.

We study reverse-auction allocation with socially salient groups
and ask whether equity can be embedded into the allocation rule
without sacrificing the core incentive guarantees. Fairness in auc-
tions has been widely studied, including envy-freeness (EF) and
its variants [1, 5, 8, 16], but EF does not preclude the systematic
exclusion of higher-cost groups. Related fairness principles have
also been developed in Al at both the individual and group lev-
els [4, 6, 7, 10]. Motivated by these insights, we will introduce
two complementary fairness notions and design a mechanism that
enforces them while preserving incentive guarantees.

2 PROBLEM FORMULATION

We study task allocation with a single requester and n workers,
indexed by N = [n]. The requester seeks to complete a set of tasks
K = [k]. Each task k € K has a publicly known value v > 0
to the requester; write o == (vy,...,0vx). Each worker i € N has
a privately known cost ¢;; € O = [c}, vg], where O is the
feasible cost domain bounded by ¢, and v;. We collect costs as ¢; =
(¢i1,.-->cix) and C = (¢y,...,¢n). Each worker i € N reports
a bid bi,k € Oy for every task k. Collect worker i’s bids into the
bid vector l_;i = (bi1,...,bix)"; the bid matrixis B = (ljl, . l;n),
Bids may deviate from true costs if profitable. We assume each task
is assigned to at most one worker (or left unassigned), and each
worker may be assigned any number of tasks.

By the revelation principle [13], it is without loss of generality
to analyze direct mechanisms that map reports to (possibly random-
ized) allocations and payments. An allocation outcome is a function
x: N — {0,1}F where x(i); = 1 iff worker i € N is assigned
task k € K. We usually write x; ;. for x(i)r. A payment outcome
is a function p: N' — RY, where p; = p(i)i is the payment
to worker i contingent on completing task k. Let X denote the
feasible set of allocations (e.g., 2; x;x < 1 for all k). Given bids
B, the utility of worker i is u;(x, p) = Yreac Xik (Pik — Cik),and
the social cost is the total true cost of assigned workers, sc(x) =
ZkeXK ZieN Cik Xik-

DEFINITION 1. In a randomized mechanism M, the allocation
outcome is a probability distribution over the set of feasible outcomes
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X, and the payment outcome is a probability distribution over the set
of all possible payment functions p: N — RY .

Let (X, P) denote the random variables of the allocation and
payment outcomes, resp., which are induced by M at bids B. For
worker-task pair (i, k), X; x(B) and P; ;. (B) are thus the random
variables with realizations x; ;. and p; x, resp. The expected alloca-
tion probability and expected payment for (i, k) are E[X; ;. (B)] €
[0,1] and E[P; x(B)] € Rxo, resp. Worker i’s expected utility is
E[Ui(B)] = Xkex (E[P;x(B)] — E[X; x(B)] ¢;), and the expected
social cost is E[SC(B)] = XYkex Zien Cik B[Xix(B)].

We define the mechanism desiderata. Let C—; := (¢) je (i} A
mechanism M is
e incentive compatible (IC) if for all i € N, all ¢;, I_;,- € O, and for

all C_; € Mex®"", B[U; (&, C-1)] = BIUj(bi, C-i)];

o individually rational (IR) if for all i € N, and for all C_; €

er(K@n_l, E[U;(é;,C-)] = 0;

o budget feasible (BF) if for all k € K, Yje & ik < V.

Fairness notions. The set of workers N is partitioned into
7 disjoint, observable groups My, ..., Ny with Ule Nt = N and
NsNN; = 0 for s # t. Group membership is exogenous and verified
by the platform. We assume structural cost heterogeneity across
groups: the distribution of ¢; may differ between groups. We now
introduce fairness concepts for group-structured workers at both
the group level and the individual level. At the group level, we adopt
an aggregate equity lens: the total economic benefit accruing to
each group should be comparable. Given an allocation-payment pair
(x,p), the group utility of group t is aur (x,p) = Djen, ui(x,p) =
2ieN, DkeK Xik (pik — cix)- For a mechanism M and bid profile
B, the expected group utility is E [AU;(B)], where the expectation
is over the mechanism’s internal randomness.

DEFINITION 2. Fixe > 0. A mechanism M is e-group fair if for
all feasible bid profiles B and all groups s,t € 7], [E[AUs(B)] —
E[AU:(B)]| < e.

We also adopt an individual-level criterion: agents that are close
under a task-relevant similarity should receive similar outcomes [4].

DEFINITION 3. A mechanism M satisfies Lipschitz fairness if, on
every admissible bid profile B, for any k € K, t € [7], and pair of
workersi, j € Ny, | E[X;  (B)]=E[X; x(B)] | < d(b;.bj ), where

b
d(b,b') = S

3 GIFTA MECHANISM

We present GIFTA (Group and Individual Fair Task Allocation),
a reverse-auction mechanism for group-structured workers that
enforces our fairness notions while preserving desirable properties.
Given task values & = (v1, . .., vx) and a bid matrix B, GIFTA returns
an allocation x(B) and payments p(B). It proceeds in two stages:

(1) Learn group-selection probabilities {y; i} re[] ke %- (2) Ran-
domly split workers into a learning set L and an allocation set A.
(b) For each group ¢t € [r] and task k € K, using the intra-group
allocation and payment rule (in Stage 2), simulate allocation of
task k among workers Ny N L with the roles of L and A swapped to
estimate the expected social cost, §5‘t, > and the expected aggregate

utility, AU tk of workers in Ny N L. (c) For each task k, choose a
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Figure 1: Performance of R-SPA and GIFTA

probability simplex vector (y; .. .

2, 2

keKtelr

-»Yz.k) by solving

min

SC
{vex) ] Yek>Tuk

s.t. Z Ys kAU g — Z YekAUrk| S € Vs,t € [1] (OPT)
keK keK

T
D vk =LYk e Ky 20V <t <t VkeX
t=1

We solve (OPT) over L via the Lagrangian dual method [12],
rewriting each absolute-value group-fairness constraint into two
linear inequalities and introducing multipliers {7, AJ; }s<;. The
resulting Lagrangian is additively separable across tasks, so the
dual decomposes into k independent subproblems (one per task)
over {Y; k}te[7], under the simplex and non-negativity constraints.
We then iterate between solving these subproblems for {y; x} and
updating A with Adam [9] until convergence.

(2) Allocate and pay. (a) For each k € K, draw t* ~ Categorical(y; k,
-+»Yr k) and restrict attention to eligible bidders in N+ N A for
task k. (b) Apply an intra-group auction rule (X’,P’) to the el-
igible workers: assign each worker i € Ny N A a probability
Pr(i,k|B) = (1/bix)/ X je N,-0a(1/bj k), and draw a winner w ~
Categorical(Pr(1, k|B), ..., Pr(n, k|B)). Pay i for task k as Pz{,k (B) =

b; +sz:'; E[X; x(B[i, k/y)]1dy/E[X; x (B)], where B[i, k/y] is the
bid matrix where the (i, k)th entry b; ;. is replaced by y.

THEOREM 1. The mechanism GIFTA is IC, IR, and BF. Moreover, it
satisfies within-group Lipschitz fairness and e-group fairness asymp-
totically as the market sizen — co. O

4 EXPERIMENTS

We evaluate GIFTA across a range of settings, focusing on its so-
cial cost, e-group fairness on A using probabilities y; ; learned
from L, and within-group individual fairness. Experimental results
(Figure 1) show consistent trends: relaxing the group-fairness pa-
rameter € lowers social cost and improves the app. ratio (app. =
E[SC(C)]/sc*(C)), reflecting the fairness—efficiency trade-off. Com-
pared with the reverse second-price auction (R-SPA) [2], GIFTA
yields substantially smaller group gaps and its realized fairness
on A closely matches the target € learned from L. Moreover, GIFTA
keeps within-group allocation disparities near zero, whereas R-SPA
has an individual-fairness gap of 1.0. These patterns persist across
all parameter sweeps: GIFTA consistently meets the group-equity
constraint with low individual disparity. Source code is available at
https://anonymous.4open.science/r/GIFTA-0B03.
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