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Abstract— Multi-robot systems must decide which robot
should perform which task. These decisions are typically
based on numerical utility values transmitted by robots to a
coordinator, and sending each utility using 32 bits precision
can be costly for miniature and resource-constrained robots.
We study how much numerical precision is actually needed
to make good task-allocation decisions. We propose Margin-
Triggered Bit Refinement (MTBR), which starts with low-
precision utilities and requests additional bits only when more
information is needed to distinguish between competing assign-
ments. Across the tested swarm sizes, four-bit utilities preserve
more than 98.8% of the 32-bit reference welfare while reducing
the utility payload by 87.5%. Although the exact robot-task
pairing may change, the resulting assignment achieves nearly
the same overall value. MTBR further improves the welfare—
utility-payload trade-off by directing additional precision only
to utilities involved in ambiguous competing assignments and
consistently outperforms matched-payload refinement baselines.
By concentrating additional precision on the decisions that need
it, MTBR provides a resource-aware task-allocation strategy for
miniature robot swarms operating under tight communication,
computation, and energy constraints.
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resource-constrained autonomy, communication-efficient co-
ordination, adaptive precision, low-power robotics.

I. INTRODUCTION

Multi-robot task allocation (MRTA) is the problem of
assigning robots to tasks based on factors such as task
value, travel cost, and robot capability. These factors are
typically combined into real-valued utilities, and the goal
is to maximize their total value [1], [2]. Distributed auctions
and consensus methods reduce reliance on a centralized coor-
dinator [3], [4], while communication-aware MRTA studies
when and where robots should exchange information to coor-
dinate their task assignments [5]. More recent work considers
whether agents should communicate when their information
is stale or asymmetric [6]. We ask a different question: if each
robot already has a local utility value, how many bits of that
value must it reveal to the coordinator to resolve competing
task assignments globally? Building on adaptive quantization
in distributed optimization [7], we introduce a method that
progressively refines utility values only when more precision
is needed to resolve task assignments in multi-robot systems.

This focus on precision matters because the numerical
representation of a utility is not free on very small robots.
In software, a utility may be stored using a 32- or 64-bit
IEEE 754 floating-point representation [8], whereas MRTA

Eashwar Sathyamurthy is an independent researcher. He received
the Ph.D. degree in Mechanical Engineering from the University
of Maryland, College Park, MD, USA, in 2026. Email: eash-
war.sathyamurthy @ gmail.com.

formulations typically treat it simply as a real number. This
distinction can matter in miniature swarms, where communi-
cation and onboard resources are limited. Kilobots, for exam-
ple, use an 8-MHz microcontroller and short-range infrared
communication [10], [11], while insect-scale RoboBees face
severe constraints on mass, power, and onboard computation
[9], [12]. If many robots repeatedly send utilities to a
coordinator, transmitting more precision than needed adds
communication without necessarily changing the resulting
assignment. In our setting, the coordinator is simply an
external node that receives utility values from the robots and
uses them to determine the task assignment; it does not need
to be physically onboard any miniature robot.

Reducing the number of transmitted bits requires repre-
senting utility values at lower precision, which introduces
quantization error. The important question is therefore not
whether quantization changes the assignment, but whether
that change meaningfully affects its quality.The coordinator
evaluates each assignment by its welfare, defined as the sum
of utilities of the selected robot—task pairs. When several
assignments have nearly equal welfare, quantization may
select a different assignment with little effect on mission
performance. In such cases, spending more bits to reproduce
the full-precision assignment provides little benefit. More
precision is valuable only when uncertainty in the utilities
could lead to a meaningfully worse assignment

We make three contributions. First, we show how commu-
nicated precision affects both welfare loss and whether the
same assignment as the full-precision solution is recovered.
We derive a worst-case bound on the effect of utility errors
and a margin-based condition for exact recovery. Second,
we introduce Margin-Triggered Bit Refinement (MTBR),
which concentrates residual bits on the edges responsible for
ambiguity. Third, we evaluate fixed and adaptive precision on
synthetic spatial MRTA instances, measuring welfare, exact
recovery, and communication. The study is a communication-
design analysis rather than a hardware demonstration; its
relevance to insect-scale autonomy is that it identifies which
numerical information a constrained coordination layer ac-
tually needs.

II. PROBLEM FORMULATION AND MAIN INSIGHT

Consider N robots and N tasks. Let w;; € [tmin, Umax)
denote robot ¢’s utility for task j, with range W = upax —
Umin. A One-to-one assignment is represented by a permu-
tation matrix X € X, where z;; = 1 if robot ¢ is assigned



task j. Its welfare, or total utility, is

N N
i=1 j=1
Using the original utilities, the optimal assignment is
X* = argmaxxex J(X). To model finite communication,
each utility is encoded using B bits, allowing it to be
represented by one of 28 evenly spaced values between Umin
and up,.x. The quantizer @ g rounds the original utility to the
nearest of these values. Here, B denotes the communication
bit budget of a uniform quantizer, not an IEEE 754 floating-
point format. For example, if B = 2 and utilities u;; lie in
[0, 1], the four possible values are 0, 1/3, 2/3, and 1. Since
these 22 values include both endpoints, they create 28 — 1
equal gaps across the range W = umax — Umin- Each gap
therefore has width W/ (25 —1). Because a utility is rounded
to the nearest level, the largest possible error occurs halfway
between two adjacent levels and is half this spacing:

W
2028 — 1)

The coordinator uses the quantized utility matrix @ g(U)
obtained from all robots to compute

Xp = arg max(Qp(U), X), 3)

2

€p = max |Qp(u) —u| =

where X is the assignment selected using B-bit utility
values. We evaluate this assignment in two ways. First, its
welfare loss is measured using the original, unquantized
utilities, with normalized welfare regret defined as
R(B)
J(X*)

Second, exact recovery checks whether the quantized
solution reproduces the full-precision assignment, i.e., X B =
X*. We report exact recovery separately because a different
assignment may still achieve nearly the same welfare.

For empirical evaluation, robots and tasks are placed in
a two-dimensional workspace, with utilities combining task
priority and normalized Euclidean travel cost. Utilities are
normalized to a shared a priori range, and full N x N utility
matrices are used unless stated otherwise. The same linear
assignment solver is used for both the full-precision and
quantized problems.

R(B) = J(X*) = J(XB),  Ry(B) =100 ey

III. PRECISION BOUNDS AND ADAPTIVE REFINEMENT

We now relate the B-bit utility representation to the two
measures above: welfare loss and exact assignment recovery.
Let Eg = Qp(U) — U denote the quantization error, so
every utility changes by at most ep and |Eg|, < ep. If
k robots receive different tasks in X B and X*, then k =
%|X B — X*|1 because each changed robot contributes one
removed assignment and one added assignment.

Proposition 1 (rate-regret envelope). If each quantized
utility differs from its original value by at most €p, then

NW
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Each changed robot replaces one assignment edge with
another, and each edge can shift by at most e¢g. Thus the
welfare difference can change by at most 2¢p per changed
robot, giving R(B) < 2keg. Since k < N, the remaining
bounds follow directly. This is a worst-case bound; the actual
regret can be much smaller.

We next ask when quantization preserves the full-precision
assignment itself. For any competing assignment X, define
its welfare gap from the optimum as A(X) = J(X*)—J(X),
and let k = 1|X* — X|; be the number of robots assigned
differently.

Proposition 2 (global margin certificate). The unique op-
timum X* remains uniquely optimal under every entrywise
perturbation satisfying |E|., < ep if and only if

A(X) > 2kep, VX # X" (6)

Here, A(X) is how much better X* is than a competing
assignment X, while 2kep is the largest amount bounded
utility errors could reduce that advantage. Thus, exact recov-
ery is guaranteed when every competing assignment remains
worse even under the worst allowed perturbation.

For a fixed deterministic quantizer, (6) is therefore a
sufficient certificate. Let A = minx+x+ A(X) be the small-
est welfare gap. Since & < N, the conservative condition
A > 2Nep guarantees the certificate for every competitor.
Substituting ez = W/[2(28 — 1)] gives

NW
A> 1
~ 28 -1’
which yields the sufficient bit budget
NW
Bgur = \‘IOgQ (1 + A)J + 1 (7N

The floor-plus-one form preserves the strict inequality.
Checking only two-robot swaps is not sufficient because the
closest competing assignment may involve several robots.
Hence, additional precision is mainly needed when globally
competing assignments have small welfare gaps.

A. Margin-Triggered Bit Refinement (MTBR)

Proposition 2 shows that more precision is needed when
the best assignment and a competitor have a small welfare
gap. MTBR uses this idea adaptively: robots first send
coarse utility information, and additional bits are requested
only when the coordinator cannot yet determine the winner.
Unlike the fixed endpoint quantizer used above, MTBR uses
nested dyadic intervals so that each new bit halves the
remaining uncertainty. For a normalized utility u;; € [0, 1],

Ip(ui) = [qff)2_37 (q§f> + 1) 2—3} ,

) (®)
q;; = min {[2%ui;], 2% —1}.

where qZ(JB) € 0,...,28 — 1 is the index of the interval

containing u;;.

For example, suppose each robot is initially allowed to
send only B = 2 bits for each robot-task utility. After nor-
malization of utilities u;; to [0, 1], those two bits identify one
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Low precision preserves task-allocation value, and selective refinement improves it further. (a) Across representative swarm sizes, assignment

welfare reaches near-reference levels with only a few bits per utility, while exact recovery of the B = 32 reference assignment requires much higher
precision. (b) With four-bit utilities, welfare remains above 98.8% of the B = 32 reference for all tested swarm sizes while using 87.5% less utility
payload. (¢c) MTBR achieves lower normalized welfare regret (Ro,(B)) than Random and Local-gap at the same utility payload, and also outperforms
fixed three-bit quantization (Q3). Error bars show 41 sample SD, and green labels indicate the mean MTBR bits per utility.

of four intervals in Ip: 00 — [0,0.25], 01 — [0.25,0.50],
10 — [0.50,0.75], and 11 — [0.75,1]. If robot 1 values
task 1 at uy; = 0.68, it sends 10, so the coordinator knows
only that uy; € [0.50,0.75]. If this uncertainty affects the
assignment, MTBR requests one more bit; with B = 3,
the message becomes 101, narrowing the same utility to
[0.625,0.75].

The coordinator first uses the midpoint of each received
interval as the current utility estimate and solves the MRTA
problem. Suppose u1; = 0.68, uj2 = 0.62, ug; = 0.61,
and uge = 0.82, the B = 2 intervals are [0.50,0.75],
[0.50,0.75], [0.50,0.75], and [0.75,1], respectively. Their
midpoints select X = (1,1),(2,2).

The coordinator then asks whether this assignment must
remain optimal for any utility values within these intervals.
It tests the worst case for X by setting its selected utilities
to their lower bounds, u;; = 0.50 and use = 0.75, and all
competing utilities to their upper bounds, w12 = ug; = 0.75.
These values form the adversarial matrix U2V, Let X4V
be the best assignment other than X under this matrix. The
candidate is certified if

Z u;; — <Uadv7Xadv> > 0.
(4,4)EX

(€))

Thus, the lowest possible welfare of X must exceed the
highest possible welfare of its strongest competitor.

Here, X4V = (1,2), (2, 1) has welfare 0.75+0.75 = 1.50,
while the lower-bound welfare of X is 0.504-0.75 = 1.25, so
the test fails. MTBR therefore requests one additional bit for
the four utilities on which the two assignments differ. At B =
3, their intervals narrow enough that the lower-bound welfare
of X becomes 0.625 + 0.75 = 1.375, while the competing
assignment can reach at most 0.625 + 0.625 = 1.25; hence
X is certified. In larger MRTA problems, utilities shared by
both assignments need no refinement because they contribute
equally to both. The coordinator repeats this solve—test—refine
cycle until certification or the bit budget is exhausted.

IV. EXPERIMENTAL EVALUATION

We evaluate spatial MRTA problems with an equal number
of robots and tasks, N € {5,10,15,...,50}. In each
instance, robots and tasks are placed in a two-dimensional
workspace, and each robot—task utility combines task priority
with normalized Euclidean travel cost. For every swarm
size, we generate 500 instances and evaluate each at fixed
precisions B € {1,2,3,4,5,6,8,16,32}. A separate set of
300 instances per swarm size is used to evaluate adaptive
refinement and its comparison methods. At every precision,
the coordinator solves the resulting utility matrix using
the same linear-sum assignment solver [13]. The uniformly
quantized B = 32 solution serves as the empirical reference
for both welfare and assignment identity.

The comparisons separate two questions: how much pre-
cision is needed, and where additional precision should be
spent. Fixed B-bit quantization gives every robot—task utility
the same number of bits and establishes the basic precision—
performance tradeoff. For adaptive refinement, Random dis-
tributes the same additional utility payload as MTBR among
randomly selected entries, while Local-gap assigns it to
robots whose two best local task choices are closest. MTBR
instead directs those bits to utilities involved in the strongest
competing global assignment. Fixed ()3 provides a simple
one-round, three-bit comparison near the communication
level used by MTBR.

A. Mission Value Is Preserved Before Assignment Identity

Figure 1(a) examines how communication precision af-
fects assignment quality at representative swarm sizes. As
B increases, welfare rapidly approaches the the B = 32
reference, whereas exact recovery of the same robot-task
permutation improves much more slowly. The separation is
especially clear at B = 4: welfare is already near 99%
across all shown swarm sizes, even though the probability of
reproducing the exact reference assignment decreases sharply



as IV grows. Increasing precision continues to improve exact
recovery, but provides comparatively little additional welfare.

Figure 1(b) isolates this scaling effect by fixing B = 4
and evaluating every swarm size from N = 5 to 50. Welfare
retained decreases only from 99.56% to 98.82%, while exact
recovery falls from 64.4% at N = 5 to zero from N = 20
onward. This is not a loss of mission quality: at N = 50 the
4-bit assignment still retains 98.82% of reference welfare
while using 87.5% less utility payload than the B = 32
representation. Even at B = 8, N = 50 retains 99.988% of
welfare but exactly reproduces the reference assignment in
only 11.6% of instances. Together, these results suggest that
uniformly increasing precision is inefficient: most mission
value is already recovered at low bit depth, while additional
bits are mainly needed to resolve close competing assign-
ments.

B. Adaptive Refinement Targets Global Ambiguity

Figure 1(c) asks whether adaptive refinement benefits from
choosing which utilities receive additional bits. Random and
Local-gap use exactly the same utility payload as MTBR,
but place the extra bits randomly or according to local task
ambiguity, respectively. At N = 10, all three use 3.04 bits
per utility on average, yet MTBR reduces regret to 0.387%+
0.564%, compared with 1.554%+1.198% for Local-gap and
2.130%=+1.500% for Random. This advantage persists as the
assignment grows: at N = 50, MTBR has 2.523% +0.640%
regret, versus 4.024% =+ 0.876% and 4.612% + 0.912% for
Local-gap and Random, while using only 2.24 bits per utility
on average. Thus, the improvement comes from directing
precision toward globally competing assignments rather than
simply transmitting more bits.

Fixed ()3 provides a complementary one-round baseline.
Unlike Random and Local-gap, it is not payload matched
to MTBR at larger N: it always assigns three bits to every
utility. MTBR nevertheless has lower regret at every tested
size, although the gap narrows with scale; at N = 50, regret
is 2.523% for MTBR and 2.755% for (3. This selectivity
comes at the cost of interaction, since MTBR’s request—
reply rounds use 4.54x the modeled network traffic of Q3
at N = 10 and 1.90x at N = 50. This shows that MTBR
benefits from refining utilities involved in global assignment
competition, while fixed low precision remains simpler when
extra communication rounds are costly.

V. DISCUSSION AND CONCLUSION

The main result is that high numerical precision is not
required to obtain a high-value task allocation. Across the
tested swarm sizes, four-bit utilities preserve nearly all of the
B = 32 reference welfare even when the exact robot—task
permutation changes. This distinction matters because exact
recovery becomes increasingly difficult as the assignment
grows, while the loss in mission value remains small. The
useful target is therefore not always to reproduce the full-
precision assignment, but to preserve the quality of the
decision.

MTBR builds on this observation by adding precision
only when coarse utilities leave competing assignments un-
resolved. At matched payload, it consistently outperforms
random and local-gap refinement, showing that global assign-
ment competition provides a useful signal for deciding where
extra bits should go. The benefit is not free: MTBR requires
additional request-reply rounds and therefore more protocol
traffic. A fixed low-bit scheme remains simpler and more
scalable when communication rounds or latency are costly,
while MTBR is more appropriate when selective refinement
is affordable.

The current study is limited to synthetic spatial MRTA
problems evaluated in a centralized, coordinator-based allo-
cation framework. The robots provide local utility informa-
tion, but a single coordinator computes the assignment and
requests any additional refinement. Communication cost is
modeled in bits rather than measured energy or latency, and
the experiments do not include sensing uncertainty, changing
tasks, distributed consensus, or hardware measurements on
miniature robots. These are necessary steps before claiming
platform-level savings or fully decentralized swarm applica-
bility. The practical lesson from the present results is simpler:
communicate enough precision to make a good assignment
decision, and spend additional bits only when the remaining
uncertainty can meaningfully change that decision.
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