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ABSTRACT

We present AFRC (Adaptive Federated Responsible Compression),
a coordination mechanism for multiagent federated learning that
jointly regulates model compression, cross-agent equity, and dif-
ferential privacy under statistical heterogeneity. AFRC introduces
two feedback controllers: a proportional-integral (PI) fairness con-
troller that dynamically adjusts per-round fairness pressure to drive
equitable agent outcomes, and a budget-aware privacy controller
that schedules the DP noise multiplier to approximately meet a
global (¢, §) target while preserving late-stage utility. Across K=100
agents on CIFAR-10 and Shakespeare with severe non-IID parti-
tions (=0.1), AFRC achieves 3-7% higher average accuracy than
the strongest non-private baseline, while reducing inter-agent ac-
curacy variance by over 30% compared to FedAvg, at 90% sparsity
and a fixed ¢=5 budget. We provide convergence guarantees for a
simplified variant and show that adaptive mechanism-based coordi-
nation is essential to balance utility, equity, privacy, and efficiency
in decentralised multiagent learning.
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1 INTRODUCTION

Federated Learning (FL) [6] enables decentralised multiagent sys-
tems to collaboratively train shared models without pooling private
data. In practice, deployments must satisfy four coupled objectives:
accuracy, communication efficiency, cross-agent fairness, and
differential privacy (DP). These objectives are especially difficult
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to balance under non-IID data, where compression can dispropor-
tionately harm minority agents [1], and fixed DP noise degrades
both accuracy and fairness [2].

The dominant practice is a static compromise: fixed compression
ratio, fairness coefficient, and noise level. This is brittle — configu-
rations that stabilise the turbulent early phase of training are rarely
optimal for fine-tuning. We propose AFRC, which replaces static
parameters with two online feedback controllers that self-regulate
the balance between all four objectives across training rounds.

Contributions. (1) A coordination mechanism for responsible
FL that integrates dual feedback controllers into the standard ag-
gregation loop. (2) A complete algorithmic specification including
PI fairness control with anti-windup, RDP-based budget-aware
DP scheduling via Poisson subsampling, and structured pruning.
(3) A convergence guarantee for a simplified variant, decomposing
the optimisation neighbourhood into a fairness-bias term and a
DP/variance term. (4) Empirical evaluation on CIFAR-10 and Shake-
speare with 100 agents, severe heterogeneity, and full per-agent
outcome reporting.

2 FRAMEWORK AND ALGORITHM

Setup. Consider K agents with private datasets {Dy} where
Dy ~ Pg, Pr # Pj. Each round t, the server samples S; C [K]
with participation rate ¢ = |S;|/K and aggregates using data-
proportional weights:

IDel sk
1
ks, ZjES, |Dj|
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where Nt‘ is the clipped and privatised local update (defined below).
Each agent minimises a fairness-regularised local objective:
min |Fe(wb) + Apllwk = w3 + R (") |, @

w

with global adaptive fairness weight Ar; > 0 and compressibility
regulariser R.

PI Fairness Controller. Leta;, = ﬁ Ykes; a’; denote the mean per-
agent validation accuracy in round ¢. A rolling dispersion estimator
tracks cross-agent outcome variance:

1 k-2
o= (=Yoo ty = > (df-a)” )
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with exponential smoothing parameter y € (0, 1). Defining error
e; = v; —v” relative to a target dispersion band v* > 0, the PI update
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with conditional-integration anti-windup is:

St = Sp—1 t e I{AF,I € (o, Amax)} ,

©
®)

The indicator freezes integration at the actuator limits (Ar; = 0 or
A+ = Amax), preventing integral windup. When dispersion rises,
Ar,; increases, tightening the drift penalty and pulling minority-
agent updates toward the global model; as v; enters the target band,
Ars relaxes.

ARt — T 0, A max ] (AF,z + kpet + kist) .

Budget-aware DP Scheduler. Each agent clips its update to £,
norm C and adds calibrated Gaussian noise:

A¥ = clip(AF, ©) + N (0, o2C?I) . (6)

Given remaining privacy budget & at the start of round ¢, the
scheduler selects the smallest feasible noise multiplier o;4+; by solv-
ing the constrained problem:

min o
c>0

log(1/8) | _ érem. (7)

s.t. s
-1 T-t

01212 ea(0,q) +
where ¢4 (0, q) is the RDP guarantee of the subsampled Gaussian
mechanism at order a under Poisson subsampling [8], and A is a
finite grid of RDP orders. The inner min converts the per-round
RDP guarantee to a (-, §)-DP cost via the standard RDP-to-(¢, §)
conversion [8]; the outer minimisation over o is solved by Brent’s
method. Allocating érem /(T—t) uniformly across remaining rounds
front-loads noise (higher o early, lower o late), preserving utility
in the fine-tuning phase.

Structured Pruning. After each aggregation, the server applies
magnitude-based structured pruning following a smooth schedule
St /" Smax (default 90%), reducing uplink/downlink communication
without destabilising training.

3 CONVERGENCE ANALYSIS

Under standard assumptions — £-smooth global loss, bounded sto-
chastic gradient variance E||VF||? < S?, bounded data heterogene-
ity {2, and bounded controller outputs (Ar; < Amax> 0 < Omax) —
we prove:

THEOREM 3.1 (CONVERGENCE TO A NEIGHBOURHOOD). For the
simplified AFRC update (clipping, local DP, data-proportional aggre-
gation, fairness regularisation; pruning excluded) with learning rate

n < 1/¢, letting BZ,, = max, E||B;||? bound the aggregation bias:
T-1
1 2 2(Fy — F*) 2 2
T Z E”VFglobal(Wt)” < T—U + Bhax t+ tnG® o,
t=0 SN—— S~——
fairness bias  DP + stoch. var.

(8)
where G? < §?+d o2, .C%, Fy = Fylobal(Wo), and F* = inf ,, Fglobal (W).

Setting n = +/(Fo — F*)/(¢G?T) gives an O(1/NT) convergence rate

to the neighbourhood.

The PI fairness controller shrinks B2, by contracting extreme
client drift; the DP scheduler bounds the noise term by capping omax
via the remaining budget. Anti-windup and projection in Egs. (4)-(5)

justify the bounded-adaptation assumption.
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4 EXPERIMENTS

Setup. K=100 agents, participation rate g=0.1, T=200 rounds,
Dirichlet non-IID with a € {0.5, 0.1} (severe), (=5, §=107°), Spax=90%.
Datasets: CIFAR-10 (ResNet-18) and Shakespeare (char-LSTM). All
results are mean =+ sd over 5 seeds.

Baselines. FedAvg [6], FedAvg+Pruning, q-FFL [5], DP-FedAvg [7],
FedProx [4], SCAFFOLD (3], Top-k sparsified [10], FedPAQ [9]. Ab-
lations remove each controller independently.

Results. Table 1 summarises end-of-training outcomes under se-
vere heterogeneity (¢=0.1). AFRC achieves the highest average
accuracy on both datasets (78.0% on CIFAR-10, 59.3% on Shake-
speare) while simultaneously attaining the lowest variance and
highest 10th-percentile accuracy, at a matched privacy budget e=5.

Table 1: Performance after 200 rounds (@=0.1, ¢=5), selected
baselines. Best result bold.

Method Avg. Acc.% Var. P10% ¢
CIFAR-10/ ResNet-18
FedAvg 71.2 0.089 52.0 -
q-FFL 70.5 0.055 58.4 -
DP-FedAvg 65.3 0.102 45.0 5.0
SCAFFOLD 73.0 0.066  57.5 -
AFRC 78.0 0.052 65.2 5.0
Shakespeare / char-LSTM
FedAvg 55.1 0.075  38.2 -
q-FFL 54.8 0.041 41.5 -
DP-FedAvg 48.9 0.091 30.3 5.0
SCAFFOLD 56.0 0.057  41.0 -
AFRC 59.3 0.035 48.8 5.0

Ablations confirm each controller’s necessity: removing the PI
controller raises variance by +44% on CIFAR-10; removing the DP
scheduler drops average accuracy by ~6% due to excess late-stage
noise. The combined gain exceeds the sum of individual contribu-
tions, evidencing synergy — fairness control improves the effective
signal-to-noise ratio under DP, and the reduced late-stage noise in
turn narrows per-agent accuracy disparity. Communication cost
matches FedAvg+Pruning (identical pruning schedule) while reach-
ing target accuracy with fewer total MB than update-sparsification
baselines.

5 CONCLUSION

AFRC demonstrates that the four-way tension between utility, eq-
uity, privacy, and efficiency in heterogeneous multiagent FL cannot
be resolved by static hyperparameter choices. Dual feedback con-
trollers — a PI fairness regulator and a budget-aware DP scheduler
— jointly adapt online to training dynamics, yielding consistent
improvements across tasks, heterogeneity regimes, and ablation
conditions. Future work will extend the convergence guarantee
to time-varying controllers and non-smooth pruning, incorporate
per-agent DP budgets, and evaluate on transformer-based models
with adapter training.
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