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Abstract—Federated learning on long-tailed, highly non-IID
data often suffers from heterogeneity, particularly in tail classes.
However, there remains an open and unexplained phenomenon in
federated learning with LoRA adapters: Tail-class performance
can improve as heterogeneity increases. Existing FL-LoRA vari-
ants overlook this phenomenon, as they either adopt heteroge-
neous low-rank structures or rely on modified aggregation rules
that depart from the standard shared-rank setting. We show that
standard LoRA aggregation naturally introduces a similarity-
dependent cross-client interaction term, which manifests as
structured heterogeneous noise. Motivated by this observation,
we decompose aggregated LoRA updates into an ideal component
and a similarity-induced cross-client interaction term, which
manifests as structured heterogeneous noise. We propose PIN-
LoRA, which explicitly treats aggregation-induced cross-client
interactions as controllable positive-incentive noise rather than
eliminating them. Within a positive-incentive noise (pi-noise)
framework, we further show that this structured noise can
reduce task entropy while preserving task-relevant information,
thereby explaining why PIN-LoRA becomes beneficial in certain
heterogeneous regimes. Extensive experiments on long-tailed
federated benchmarks validate our analysis and show substantial
and robust gains, particularly under severe non-IID conditions.

Index Terms—Federated learning, LoRA, long-tailed learning,
positive-incentive noise

I. INTRODUCTION

Federated learning (FL) enables multiple clients to col-
laboratively train a shared model without exchanging raw
data, offering an effective solution to privacy, ownership, and
regulatory constraints in distributed learning systems [1]-[3].
However, adapting large Vision-Language Models (VLMs)
such as CLIP [4] and ALIGN [5] in federated learning remains
challenging due to their massive parameter scales and the
prohibitive communication cost of full fine-tuning. To mitigate
this limitation, Parameter-Efficient Fine-Tuning (PEFT) has
emerged as a practical paradigm for federated adaptation.
Among PEFT methods, LoRA [6] is particularly well-suited
to FL, as it enables efficient communication while largely
preserving model performance.
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Fig. 1. The performance comparison of LoRA aggregation on CIFAR-
100-LT under different heterogeneity levels. Suppressing cross-client in-
teractions improves head performance but consistently degrades tail accuracy
under heterogeneous long-tailed settings.

Despite LoRA’s efficiency, data heterogeneity remains a
fundamental challenge, as existing work does not place data
heterogeneity induced by non-IID settings at the center of
its investigation [7]-[12]. However, real-world data are often
long-tailed, where head classes dominate and tail classes are
sparse, presenting a compounded difficulty beyond standard
non-IID settings. Crucially, in this specific long-tailed LoRA
regime, we observe a counter-intuitive phenomenon: unlike in
full fine-tuning, data heterogeneity can actually enhance tail-
class representations.

In contrast to this observation, prevailing FL strategies pre-
dominantly focus on minimizing aggregation errors, operating
under the premise that client discrepancies are purely detri-
mental noise. These methods typically employ drift-correction
or variance-reduction mechanisms to align local updates, aim-
ing to recover an “ideal” global model by eliminating non-IID
interference [7]-[9], [11], [13]. However, we demonstrate that
indiscriminately suppressing such discrepancies consistently
degrades tail-class performance (Fig.1), suggesting that certain
aggregation artifacts paradoxically encode structured infor-
mation beneficial for the tail. This finding shifts the central
research challenge from total error suppression to the nuanced
task of distinguishing between beneficial heterogeneity and
harmful noise.

Motivated by this, we revisit the aggregation behavior of
shared-rank LoRA under heterogeneous and long-tailed feder-



ated settings. We first analyze the intrinsic structure of stan-
dard FedAvg-style LoRA aggregation and observe that client
discrepancies induce structured cross-client interaction terms
rather than purely random noise. Building on this observa-
tion, we reinterpret these interactions through an information-
theoretic lens and formalize them as positive-incentive noise
(m-noise) [14]. We further show that such perturbations act
as a constructive inductive bias, reducing task entropy while
preserving task-relevant information, thereby establishing het-
erogeneity as a necessary condition for these gains. Build-
ing on this insight, we propose PIN-LoRA, a principled ag-
gregation framework that explicitly distinguishes beneficial
heterogeneity from harmful noise in federated LoRA. PIN-
LoRA addresses the fundamental challenge of preserving tail-
beneficial cross-client interactions while avoiding destructive
non-1ID interference by treating aggregation-induced hetero-
geneity as positive-incentive noise and selectively injecting
similarity-aware perturbations into a rank-preserving subspace,
enabling controlled exploitation without sacrificing stability.
Our contributions are summarized as follows:

o We propose PIN-LoRA, a lightweight and rank-preserving
aggregation strategy consistently improving tail-class per-
formance under severe non-IID distributions.

o We reveal a previously overlooked aggregation behavior
of shared-rank LoRA under long-tailed federated settings,
where heterogeneity can benefit tail representations.

e We establish a theoretical connection between LoRA
aggregation and entropy-reducing m-noise, proving the
existence and necessity of heterogeneity-induced gains.

o« We formally characterize how heterogeneity-induced
gains scale with client discrepancy, proving a monotonic
relationship between heterogeneity and tail performance
improvements.

II. BACKGROUND AND RELATED WORK
A. PEFT in Federated Learning

Recent work has explored parameter-efficient fine-tuning
(PEFT) as a practical solution for federated learning, with
LoRA-based methods becoming a dominant choice due to
their communication efficiency and compatibility with large
pre-trained models [6]. Early FL+LoRA studies focus on
transmitting low-rank updates or decoupling shared and client-
specific adapters to balance personalization and efficiency
[10], [15]-[17]. More recent works extend this line by intro-
ducing heterogeneous or structured aggregation mechanisms,
allowing clients to adopt different ranks or selectively partic-
ipate via rank alignment, weighting, or parameter selection
[9], [11], [12], [18], [19]. Despite these advances, existing
approaches consistently treat heterogeneity as instability to be
corrected, suppressing aggregation artifacts without examining
their potential constructive role in long-tailed representation
learning.

B. Federated Long-tailed Learning

Existing solutions for data heterogeneity in FL mainly
operate from two perspectives: optimization constraints to
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Fig. 2. Heterogeneity-induced gain in federated LoRA. As client hetero-
geneity increases, cross-term energy grows while calibration improves (lower
ECE / Gap), accompanied by higher tail-class accuracy.

limit local drift [7], [20], [21] and server-side aggregation
corrections to mitigate non-IID bias [8], [13], [22]. Although
these approaches stabilize non-IID training, they typically treat
aggregation neutrally and neglect global long-tailed distribu-
tions, resulting in suboptimal performance on tail classes.
Conversely, strategies addressing class imbalance often rely on
client selection based on uploaded distributions [23], [24] or
auxiliary server data [25], [26]. However, these approaches risk
violating privacy principles or assume unrealistic data avail-
ability. While centralized long-tailed techniques exist [27]-
[30], adapting them to FL without global statistics remains
challenging, with CReFF [31] being a rare exception address-
ing this intersection.

C. Positive-Incentive Noise

Most prior noise-based learning methods introduce explicit
stochastic perturbations for regularization or robustness. In
contrast, positive-incentive noise (m-noise) posits that certain
perturbations can reduce task complexity while preserving
relevant information, serving as a beneficial inductive bias
rather than pure interference [14]. Supported by entropy-
based analyses of representation learning [32], this framework
provides a criterion to distinguish constructive noise from
detrimental errors. Unlike prior works relying on explicit noise
injection, we focus on structured perturbations arising im-
plicitly from heterogeneous aggregation, analyzing conditions
where these interactions yield beneficial entropy reduction.

III. PRELIMINARIES

A. Motivation

In federated long-tailed settings, we observe a counter-
intuitive phenomenon: as client data become more non-IID,
tail-class performance improves rather than degrades. As
shown in Fig. 2(a), increasing heterogeneity (smaller «) leads
to a monotonic increase in tail-class accuracy. Meanwhile,
Fig. 2(b) shows that this improvement is accompanied by a
significant growth in cross-client interaction energy and better
calibration (lower ECE / Gap), suggesting that the tail gains are
closely tied to aggregation artifacts induced by heterogeneity.

Motivated by these observations, we turn to the aggregation
mechanism itself. Under standard FedAvg, LoRA factors are
averaged separately across clients. For clarity, consider the
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Fig. 3. Overview of PIN-LoRA. Clients locally update shared-rank LoRA adapters and upload factors (A;, B;) to the server. The server first performs the
correct low-rank aggregation AWeorr = >, p;B; A, then constructs a heterogeneity-aware structured noise term IN from cross-client interactions using a
similarity graph over {B;}. The final update is obtained by injecting positive-incentive noise to form AW ey + AN, followed by a rank-r SVD projection.

case of two clients (K = 2) with aggregation weights py and
p1. The resulting LoRA update can be written as

AWreqaveg = (poBo + p1B1)(poAo + p1Ay)
= psBoAo + piB1A;
+ pop1(BoA1 + B1Ay),

where A, and B, denote the LoRA low-rank factors learned
on client ¢, and B;A; corresponds to the local LoRA weight
update. The last term consists of cross-client interaction
terms that do not appear in the ideal “correct” aggregation
ZZ. p;B;A;. These interactions are an inherent consequence
of FedAvg under heterogeneous LoRA updates and are closely
linked to the empirical trends in Fig. 2. This observation
motivates the need to explicitly model and regulate cross-client
interactions during aggregation, rather than treating them as
undifferentiated noise.

Guided by this perspective, we propose PIN-LoRA, which
introduces controlled aggregation of FedAvg-induced cross-
client interactions. To assess the theoretical feasibility of this
design, we further analyze heterogeneity-induced LoRA noise
through an information-theoretic framework based on positive-
incentive noise (m-noise). The formal analysis is presented in
Section IV-B.

(D

B. Settings and Notations

We consider a federated setting with K clients, where
client 7 holds a dataset D; of size n; with aggregation weight
p; = n;/n. The collective data distribution is highly non-IID
and globally long-tailed. With a frozen backbone f(x;0y),
adaptation is performed via rank-r LoRA updates:

AW, = B;A;, with B; € RluwX" A, e R4 ()

where (B;, A;) denote the trainable rank-r LoRA parameters
of client ¢. The server aggregates the resulting increments and
projects the update back to rank-r form via truncated SVD to

maintain communication efficiency. This formulation allows us
to explicitly characterize cross-client interactions as structured
aggregation noise in Section I'V-B.

IV. METHODOLOGY
A. PIN-LoRA: Structured-Noise Aggregation

PIN-LoRA operates in a standard federated training loop
where, in each communication round, clients locally update
their shared-rank LoRA adapters and upload the resulting
factors to the server. The server first forms the correct low-rank
aggregation of client updates, then identifies and reweights
cross-client interactions according to client similarity. Based
on this decomposition, a structured heterogeneity-aware noise
term is constructed and injected into the aggregation, followed
by a rank-r projection to preserve the shared LoRA parame-
terization. Algorithm 1 summarizes the complete client—server
workflow of the proposed aggregation procedure and clarifies
the execution order of these steps.

Structured-noise-driven aggregation. Guided by our anal-
ysis in Section IV-B, our method constructs a practical
heterogeneity-aware noise term that preserves the informative
components of cross-client interactions while suppressing re-
dundant or harmful ones. The construction operates directly
on LoRA increments of the form AW, = B;A,;, which are
the only trainable parameters in our federated setting. The
key idea is to use client similarity, measured in the space of
LoRA matrices, to decompose cross interactions into beneficial
(dissimilar) and interfering (similar) components.

Client-similarity graph. To quantify cross-client relation-
ships, we compute pairwise similarity using the LoRA down-
projection matrices {B;} |, adopting cosine similarity as the
metric. For each client 7, we select the kg;,,, most similar clients
as its near neighbors Nfim and the kq;s most dissimilar clients
as its far neighbors N, The corresponding normalized simi-
larity scores serve as weighting coefficients when aggregating



cross noise. This graph encodes the heterogeneity structure
upon which our noise construction is built.

Local cross-noise decomposition. We define two types of
local cross-noise components via the similarity graph. The bad
noise captures interference from strongly similar clients:

1
. Sis(Bi - Bs)(As - Az)y (3)
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where Nfim denotes the set of the kg;,,, most similar clients to
client ¢ under cosine similarity of LoRA matrices, and s;5 is
the corresponding normalized similarity weight. Complemen-
tarily, the good noise is defined over dissimilar clients as

> di(Bi—Bj)(A;—A). ()
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These definitions are motivated by the cross-client interaction
decomposition formalized in Section IV-B, where differences
(B;—B,)(A;—A,) isolate cross-client interaction terms while
eliminating redundant diagonal components.

Structured heterogeneity noise. For each client, we combine
the two components by subtracting near-client interference
from far-client contributions:

1/\\11' _ Agood _ A?ad (5)

Aggregatmg over all clients yields the global structured noise
N = ZZ 1 Nl, which is designed to align with a similarity-
weighted projection of the theoretical cross-client noise ana-
lyzed in Section I'V-B.

Correct aggregation with noise injection. Let the correct
low-rank LoRA aggregation be

K
AWeorr = Y piBiA,. 6)
=1

We inject the structured noise via
AW® = AW o, + AN, ™)

where A > 0 controls the noise strength. This mirrors the
injected family AW () analyzed in Section IV-B, ensuring
consistency between the aggregation mechanism and the sub-
sequent analysis.

Rank-constrained projection via SVD. To maintain rank-r
LoRA parameterization, we apply truncated SVD to AWM);

AWN U, 2, V], (8)

where U,., ¥,, and V, denote the rank-r truncated singular
vectors and singular values of AW®). The global LoRA
factors are then updated as

Bt+1 — UTE,,IA/Q, At+1 El/QvT (9)

These updated factors are broadcast to clients for the next
round of federated training. This procedure ensures compat-
ibility with existing LoRA pipelines while injecting entropy-
reducing structured noise into the aggregation step.

We next present an information-theoretic analysis frame-
work (Section IV-B) to characterize when and why the induced
cross-client noise becomes beneficial.

Algorithm 1 Noise Aggregation of PIN-LoRA

. Input: round index ¢, clients A®, LoRA rank r, noise scale A
: Output: aggregated LoRA factors (A*" B
: Client-side.
- for each client i € A" in parallel do
(A, B;) < LocalUpdate(A*, BY)
Upload (A;, B;) to server
end for
: Server-side aggregation.
: Correct aggregation AWeor < D, 4 PiBiA;
. Construct similarity graph from {B; };c 4
. Aggregate structured heterogeneity noise:
N — Z e ( good Al;ad)
: Inject noise: AW( ) +— AWeor + AN
: Project AW () back to rank r via truncated SVD:
(A" B! + Rank-rProj (AW (X))
: Return (A™™! B't)

—_— e s e
QLB LN —~O 0

B. Analysis of Heterogeneity-Induced LoRA Noise

Cross-client interactions in FedAvg. We analyze the explicit
form of LoRA aggregation under standard FedAvg. For the
two-client case, the resulting update expands as

AVVFedAvg = p(2)B0AO + p%BlAl
+ pop1(BoA1 + B1Ay).

where the last term corresponds to cross-client interaction
terms that do not appear in the ideal aggregation AW g, =
Zi p;B;A;, and is referred to as the cross-client noise.
From raw cross noise to structured noise. Motivated by the
cross-client interactions identified above, we collect all off-
diagonal terms into a theoretical cross-noise

Neross 1= szpj BiAjv
i£]
which is dense and entangled with diagonal-aligned compo-
nents, making it unsuitable for direct aggregation. We therefore
reparameterize cross interactions via a bilinear expansion
over pairwise differences between LoRA factors, yielding the
structured noise

Npractical := Z Q;;(B; —B;j)(A; — Ay),

i<j

(10)

Y

12)

where €2;; are signed similarity-based weights. This con-
struction preserves cross-client interaction structure while
canceling diagonal redundancy, resulting in a compact and
heterogeneity-aware reparameterization of Nyogs.
Importantly, Egs. (11) and (12) show that Nyacicar 1S a
similarity-weighted reparameterization of N that preserves
cross-client interaction structure while removing diagonal re-
dundancy. Consequently, the noise term N used in PIN-LoRA
can be viewed as a sparse and implementable approximation
of Noss that retains the same class of heterogeneity-induced
perturbations, allowing theoretical analysis to directly transfer
to the practical aggregation mechanism.

Definition 1 (Positive-Incentive Noise). Let z denote a repre-
sentation and let Z = (1 + Q)z be a linearized perturbation



induced by aggregation. The perturbation is called positive-
incentive noise if the induced entropy change AS := H(z) —
H (%) satisfies AS > 0.

Injected aggregation family. To isolate the effect of cross-
client noise, we consider the one-parameter family of aggre-
gated updates:

AW()\) = AWcorr + )\Ncr0537 A 2> 0, (13)

where A = 1 recovers standard FedAvg and A = 0 removes all
cross-client interactions. This formulation allows us to analyze
whether the cross noise introduced by FedAvg can act as
positive-incentive noise.
Linearized representation perturbation. Under a small-
perturbation assumption, cross-client noise induces a lin-
earized representation shift of the form Z = (I+ AQ)z, where
Q is a linear operator derived from cross-client interactions.
We assume Q satisfies mild regularity conditions: tr(Q) = 0,
Q # 0 under heterogeneity, and || Q|| is bounded, which are
sufficient for the analysis.

Proposition I'V.1 (Entropy Change under Linear Perturbation).
If 1+ \Q is invertible, then
ASAN)=H(z) — H(I+ 2Q)z) = —log [T+ A\Q|.

Theorem IV.1 (Existence of Beneficial Cross-Client Noise).
If Q # 0 and tr(Q) = 0, then there exists \* > 0 such that
for all 0 < A < \*,

AS(A) > 0.

This follows from a second-order expansion of log |1 + \Q)|,
where the first-order term vanishes due to tr(Q) = 0 and the
leading quadratic term is strictly negative.

Theorem IV.2 (Necessity of Client Heterogeneity). If all
clients share identical or collinear LoRA factors (A;,B;),
then Nipss X AWeor and Q = 0 after baseline orthog-
onalization. Consequently, AS()\) = 0. Conversely, client
heterogeneity is necessary for any positive entropy reduction.

Theorem IV.3 (Heterogeneity—Gain Scaling Law). Define the
heterogeneity index

Hcross = Zpipj (HBz — BjHF O-min(Aj — Az)
1<J

(14)
+ [|A; = AjllF omin(B; — Bi))-

There exist constants ¢ > 0 and X* > 0 such that for all
0< A< A,

AS()‘) Z C)‘ZHCQross'
This result implies that, for sufficiently small )\, the entropy re-
duction induced by cross-client noise increases monotonically
with the degree of client heterogeneity.

V. EXPERIMENTS
A. Experimental Setup

We evaluate the proposed structured cross-noise injection
strategy under a federated long-tailed learning setting. All
experiments are conducted on CIFAR-style long-tailed bench-
marks, with a particular focus on CIFAR-100-LT as the
primary evaluation dataset. Unless otherwise specified, the
imbalance factor is fixed at [F=100. Client data heterogeneity
is simulated using a Dirichlet distribution with concentration
parameter . We consider a € {0.05,0.1,0.5} to represent dif-
ferent degrees of heterogeneity, where smaller v corresponds
to more severe non-IID data distributions. In Section V-C,
we mainly report results under o = 0.05, which represents
a highly heterogeneous scenario.

We adopt a standard federated learning pipeline with a fixed
backbone network and employ LoRA for parameter-efficient
adaptation. All methods share the same backbone architecture
and initialization to ensure fair comparison. Unless otherwise
specified, the LoRA rank is set to » = 16. Model performance
is evaluated using Top-1 accuracy on the test set. Following
common practice in long-tailed recognition, we report accu-
racy for Overall, Head, Mid, and Tail class groups.

B. Comparison with Baseline Methods

We compare PIN-LoRA with representative federated learn-
ing baselines under long-tailed and heterogeneous data distri-
butions, including FedAvg and FedProx with LoRA adapters,
FedSA-LoRA, and an SVD-based clean aggregation variant
(SVD-clean), under a unified federated setup and backbone
configuration. Results on CIFAR-10/100-LT across different
heterogeneity levels are summarized in Table I, while Table II
reports the corresponding results on ImageNet-LT with a fine-
grained breakdown over Head, Mid, and Tail classes.

Results on CIFAR-10/100-LT. Across both CIFAR bench-
marks and all heterogeneity levels, PIN-LoRA consistently
achieves strong overall performance, with the advantage being
most pronounced under severe heterogeneity. On CIFAR-100-
LT with o = 0.05, PIN-LoRA improves overall accuracy by
3.43% over FedAvg and 1.12% over SVD-clean. Notably, the
gains on tail classes are substantially larger. For instance,
under a = 0.05 on CIFAR-100-LT, PIN-LoRA improves tail
accuracy by over 4% compared to both baselines, with similar
trends on CIFAR-10-LT, where PIN-LoRA achieves the highest
tail accuracy across all heterogeneity settings.

Results on ImageNet-LT. On ImageNet-LT, under stronger
heterogeneity (e.g., @ = 0.05 and o = 0.1), some baselines
achieve slightly higher overall or head accuracy than PIN-
LoRA. This is expected in large-scale long-tailed datasets,
where head classes dominate the sample budget and implicit
alignment in aggregation tends to favor dominant representa-
tions under highly non-IID partitions. In contrast, PIN-LoRA
explicitly regulates cross-client interaction terms in LoRA ag-
gregation, preventing the global update from being dominated
by head-heavy clients. As a result, PIN-LoRA consistently
achieves stronger tail performance across all «, while its



Method CIFAR-100-LT

CIFAR-10-LT

a=0.05 a=0.1 a=0.5 a=0.05 a=0.1 a=0.5
Overall Tail Overall Tail Overall Tail Overall Tail Overall Tail Overall Tail
FedAvg (LoRA) 74.13 65.50  73.77 64.85 73.81 63.66 90.99 86.16 89.70 83.52 90.23 82.43
FedProx (LoRA) 76.23 65.45 7620  64.03 77.54  64.77 90.42 84.88 90.23 83.62 90.39 83.22
FedSA-LoRA 76.34 64.23 76.74 65.25 76.59 66.42 90.54 85.54 90.35 85.44 90.85 84.44
SVD-clean 76.44 63.15 76.97 65.92 77.38 67.23 93.71 90.62 93.70 90.58 94.41 91.40
PIN-LoRA (ours) 77.56 67.30 7816 6795 78.19  68.60 94.25 92.28 9438 9246  95.24 93.18
TABLE 1

ToP-1 TEST ACCURACY (%) (OVERALL / TAIL) ON CIFAR-100-LT AND CIFAR-10-LT UNDER DIFFERENT « (IF=100, R=16).

ImageNet-LT

Method
a=0.05 a=0.1 a=0.5

Overall Head Mid Tail Overall Head Mid Tail Overall Head Mid Tail
FedAvg (LoRA) 69.88 7821 6924 5937 6940 81.75 69.15 57.34 70.84 8235 69.06 56.86
FedProx (LoRA) 68.90 74.66 6837 6226 6842 7434 6791 6147 6846 75.06 6748 61.30
FedSA-LoRA 68.62 7568 69.11 6230 68.86 75.03 68.15 6149 6952 7592 68.13 62.12
SVD-clean 6890 74.11 6949 6353 69.07 7632 6748 6293 69.32 7773 68.49 61.73
PIN-LoRA (ours) 69.60 7498 69.97 6438 7043 7642 68.61 64.00 7124 78.03 69.84 064.28

TABLE 11

TOP-1 TEST ACCURACY (%) (OVERALL / HEAD / MID / TAIL) ON IMAGENET-LT UNDER DIFFERENT «¢ (IF=100, R=16).

overall accuracy becomes competitive again as heterogeneity
decreases (e.g., attaining the best overall result at a = 0.5).

Overall, the results suggest that explicitly decomposing
cross-client interactions in LoRA aggregation and reintroduc-
ing them in a structured manner enables the global model
to better balance shared and client-specific information. This
design makes the aggregated updates less dominated by head-
class clients, thereby improving robustness to data heterogene-
ity and benefiting tail-class generalization.

C. Model Validation

We further validate the key modeling assumptions under-
lying PIN-LoRA through controlled ablation studies, focusing
on the effect of noise strength and noise structure.

Effect of Noise Injection Strength \. We investigate the
effect of the noise injection strength A in PIN-LoRA, recalling
that A controls the magnitude of the injected cross-client
noise term, which is theoretically shown to act as positive-
incentive noise under a small perturbation regime. Fig. 4
visualizes the relative accuracy change (A Accuracy) with
respect to the no-noise baseline (A = 0) on CIFAR-100-
LT with « 0.05. When A 0, PIN-LoRA reduces to
the baseline aggregation without noise injection. Introducing
a small amount of noise (A = 0.01) consistently improves
overall performance and yields the best tail accuracy, which
indicates that moderate heterogeneous cross-noise can enhance
representation generalization under severe data heterogeneity.
Specifically, when A 0.01, tail accuracy improves by
approximately +0.8% compared to the no-noise baseline, while
overall accuracy increases by around +0.4%, confirming the
existence of a beneficial small-noise regime. As A increases
further, performance begins to degrade, particularly for tail
classes. This observation is consistent with our theoretical
analysis, which predicts that the entropy-reduction benefit of

Effect of Noise Strength A (Relative Improvement)
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Fig. 4. Relative accuracy changes (A Accuracy) under different noise

strengths A on CIFAR-100-LT with o = 0.05.

cross-noise injection holds only within a bounded small-A
regime, as well as excessive noise violates the linear per-
turbation assumption and may introduce harmful distortion
rather than beneficial regularization. Overall, these results
empirically confirm that the effect of heterogeneous noise is
non-monotonic and can be effectively controlled via the noise
strength parameter \.

Effect of Noise Structure. To examine whether the perfor-
mance gain of PIN-LoRA depends on the structured construc-
tion of the injected noise, we specifically compare different
noise structures, including no noise (A = 0), random noise,
noise constructed from only beneficial interactions or detri-
mental interactions, and the full structured noise defined as
the difference between beneficial and detrimental interactions.
Table III reports the Top-1 accuracy across Overall, Head,
Mid, and Tail classes under different noise structures on
CIFAR-100-LT with o = 0.05. As shown in Table III, ran-
dom noise injection leads to only marginal tail improvement
(+0.27% over no noise), whereas using only beneficial or
only detrimental interactions fails to consistently improve tail
performance. In contrast, the full structured noise (Good —



Noise structure CIFAR-100-LT

Overall Head Mid Tail
No noise (A = 0) 76.44  90.28 80.65 63.15
Random noise 76.28  90.12 80.38 63.42
Good interactions only 7695  90.08 80.72 65.67
Bad interactions only 75.82 9035 8021 62.18
Good — Bad (ours) 7756  90.19 809 673
TABLE III

TOP-1 TEST ACCURACY (%) OF DIFFERENT NOISE STRUCTURES ON
CIFAR-100-LT UNDER HETEROGENEOUS FEDERATED LEARNING.

Bad) achieves the highest tail accuracy (67.30), outperforming
random noise by +1.88% and no-noise aggregation by +4.15%.
This behavior can be attributed to the way structured noise
selectively amplifies heterogeneous cross-client interactions
while suppressing redundant or conflicting ones. Specifically,
isolating only beneficial or only detrimental interactions leads
to biased perturbations, whereas their structured combination
(Good — Bad) preserves complementary information across
clients and avoids reinforcing spurious correlations. As a
result, the injected noise reshapes the aggregated update in
a more balanced manner, which is particularly favorable for
tail classes under severe heterogeneity.

VI. CONCLUSION

In this paper, we have revisited federated learning with
shared-rank LoRA on heterogeneous, long-tailed client data
and show that cross-client interaction terms introduced by
standard aggregation can serve as a beneficial inductive bias,
especially for tail classes. By decomposing standard LoRA
aggregation into an ideal update and a heterogeneity-dependent
interaction term, we have interpreted the latter as a structured
perturbation and show that, under a small-perturbation regime,
it can act as m-noise by reducing representation entropy with-
out erasing task-relevant information. From an information-
theoretic perspective, we have established the existence of
a beneficial noise interval and further show that client het-
erogeneity is necessary. Guided by these insights, we have
proposed PIN-LoRA, a lightweight server-side aggregation
mechanism that selectively retains beneficial cross-client in-
teractions while suppressing detrimental interference. Experi-
ments on federated long-tailed benchmarks have validated our
analysis, demonstrating consistent gains in tail-class accuracy
and calibration under severe non-IID data partitions.
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