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Abstract—Federated fine-tuning of on-device large language
models (LLMs) faces a significant computing burden. To over-
come this limitation, split learning (SL) has emerged as a
promising solution, which offloads the primary training workload
to a powerful server. However, SL requires exchanging high-
dimensional activations and gradients between clients and the
server, resulting in prohibitive communication costs. To overcome
this challenge, we propose SplitLite, a communication-efficient
split federated LoRA fine-tuning method that exploits the low
effective rank structure of consecutive-epoch activation and
gradient residuals. Our key finding is that, when LoRA uses
rank r updates in parameter space, the activation and gradient
residuals of the same data sample between adjacent epochs also
exhibit effective rank-2r and rank-4r structures, respectively.
By revealing this property, SplitLite transmits only quantized
truncated singular value decomposition (SVD) residual factors,
thereby significantly reducing both activation uplink and gradient
downlink traffic. Extensive experiments on the GLUE benchmark
across a series of advanced on-device LLMs demonstrate that our
method reduces activation uplink communication costs by up to
93.5% and total communication costs by up to 83.7%, without
performance degradation.

Index Terms—Federated Learning, Split Federated Learning,
Large Language Models, Parameter-Efficient Fine-Tuning.

I. INTRODUCTION

Various downstream applications of large language models
(LLMs) [1], such as personal assistants, healthcare, and home
robotics, rely on data distributed across organizations or indi-
vidual users, which cannot be centralized due to privacy and
regulatory constraints [2], [3]. Federated learning (FL) offers
a privacy-preserving paradigm that keeps raw data local and
shares only model updates [4]-[6]. However, conventional FL
requires each participating device to train the entire model
locally, which is impractical for LLMs given the limited mem-
ory and compute budgets of edge devices [7], [8]. Even with
parameter-efficient fine-tuning (PEFT) methods such as low-
rank adaptation (LoRA) [9], which trains lightweight low-rank
adapters only while keeping the pre-trained backbone frozen,
this challenge still persists. For example, fine-tuning Llama-
3.2-3B with LoRA rank 24 and batch size 8 consumes over 16
GB of GPU memory, which still exceeds the capacity of many
edge devices. Against this backdrop, split learning (SL) [10]
has emerged as a promising alternative by partitioning the
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Fig. 1. Total communication overhead of LoRA aggregation,
activation uploading, and gradient downloading until model
convergence for Llama-3.2-3B and Qwen-2.5-3B under split
federated LoRA fine-tuning on the MNLI dataset with 6 clients
over 10 epochs.

model into client-side and server-side sub-models, thereby
offloading the primary training workload to a powerful server.
This makes the integration of LoRA and SL a natural paradigm
for resource-efficient LLM fine-tuning on edge devices [11].

However, applying SL to fine-tune LLMs still faces a major
bottleneck, i.e., high-dimensional activation and gradient com-
munications at the model cut layer [12], [13]. Specifically,
the frequent exchanges of high-dimensional activations and
gradients at the cut layer lead to significant communication
overhead (shown in Fig. 1). While forward and backward
passes both involve communication costs at the cut layer
between clients and the server, uplink communication puts
an even heavier burden on wireless/mobile devices due to
asymmetric data rates' and limited on-device energy. An
intuitive approach to mitigate this communication overhead is
activation quantization. Nevertheless, since Transformer archi-
tectures can generate activations with an extremely wide value
range [16]-[18], naively quantizing activations can catastroph-
ically degrade the fine-tuning performance for LLMs [12],
[19]. As a result, prior activation-quantization methods de-
signed for traditional SL [20] may not work effectively for
LLMs. Thus, a fundamental research question remains open
in split learning: Is it possible to significantly compress activa-
tions and gradients at the cut layer of LLMs without degrading
the fine-tuning performance?

At first glance, the question seems to be paradoxical, as
there is generally no free lunch. However, focusing on LoRA
fine-tuning, we can leverage two key insights to answer the
question affirmatively. First, given the same data sample, the

I'Since wireless devices are less powerful than base stations, uplink data rate
is often much lower than the downlink data rate in wireless networks [14],
e.g., 30.6 Mbps and 166.8 Mbps for average 5G uplink and downlink,
respectively [15].
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Fig. 2. Residual energy ratios of LoRA-induced low-rank tem-
poral residuals on MNLI for (a) Llama-3.2-3B and (b) Qwen-
2.5-3B. Rank-2r activation and rank-4r gradient residuals
retain most of the adjacent-epoch residual energy, confirming
their low effective ranks.

activation/gradient residuals at the cut layer across consecutive
epochs are very small during fine-tuning, because they are
solely induced by subtle parameter changes. Second, LoRA
fine-tuning of the parameter space also leads to low-rank
structure for such residuals at the cut layer. Given that LoRA
with rank r is adopted and parameter change is sufficiently
small, we show that the effective rank of the activation residual
between adjacent training epochs is upper-bounded by 2r,
while that of the gradient residual is upper-bounded by 4r.
This phenomenon is also empirically validated in Fig. 2, where
the majority of energy in activation/gradient residuals can be
captured by low-rank approximation.

Motivated by these insights, we propose SplitLite, a
communication-efficient split federated LoRA fine-tuning
framework for LLMs that exploits the LoRA-induced low-rank
property of activation and gradient residuals across consecutive
training epochs. Specifically, we exploit the LoRA-induced
low-rank structure of temporal residuals and transmit only
rank-2r activation residuals and rank-4r gradient residuals. To
achieve this, we encode the activation and gradient residuals
using rank-2r and rank-4r truncated singular value decompo-
sition (SVD), respectively. We further compress the resulting
factors using an unbiased stochastic uniform quantizer, thereby
reducing both the number of transmitted elements and the
number of bits per element. Our key contributions are sum-
marized as follows.

o We uncover the LoRA-induced low-effective-rank struc-
ture of temporal residuals at the cut layer. Specifically, for
parameter updates with LoRA rank r, the effective ranks
of the activation and gradient residuals between adjacent
epochs are upper-bounded by 27 and 4r, respectively.

e We leverage quantized rank-2r activation and rank-4r
gradient residual factors to substantially reduce commu-
nication overhead.

o« We establish a theoretical convergence analysis that
explicitly captures the impact of SVD truncation and
stochastic quantization on model convergence.

« Extensive experiments on the GLUE benchmark with on-
device LLMs demonstrate that our method reduces acti-
vation uplink communication by up to 93.5% and total
communication cost by up to 83.7%, without sacrificing
model performance.

II. RELATED WORK

Split fine-tuning on resource-constrained devices. Fine-
tuning billion-parameter LLMs through conventional FL re-
mains impractical for resource-limited edge devices [7], [21].
SL mitigates this burden by partitioning the model between
clients and a server [10], [22]. Among SL approaches, SFL
is a predominant framework that integrates SL with FL. Lin
et al. [23] studied the convergence of SFL and optimized
cut-layer placement for heterogeneous, resource-constrained
clients. Recent work further combines SFL with PEFT to
support on-device LLM adaptation [11], [24], [25]. For ex-
ample, SplitLoRA [11] partitions the model into client-side
and server-side sub-models and updates only LoRA adapters
to alleviate client-side computation overhead. However, these
methods overlook SFL’s key bottleneck for LLMs: excessive
communication overhead caused by repeated activation up-
loads and gradient downloads. This limitation has motivated
communication compression techniques for intermediate acti-
vations and gradients in SL.

Communication compression in split learning. Prior SL
studies reduce cut-layer traffic by compressing intermedi-
ate tensors through quantization [26] or sparsification [27].
FedLite [28] clusters and vector-quantizes cut-layer activations
and introduces gradient correction to mitigate compression
errors. Rand-Top-k [29] sparsifies cut-layer representations
through randomized top-k selection, improving convergence
and generalization over deterministic top-k [30]. However,
these methods process each training round independently
and do not exploit the cross-epoch redundancy arising in
parameter-efficient LLM fine-tuning, where the activations and
gradients tend to change gradually as only lightweight adapters
are updated. AQ-SGD [19] partially exploits this redundancy
by quantizing inter-epoch activation changes, but directly
quantizes the backward gradients without leveraging their
temporal structure. SplitCom [12] instead reduces transmission
frequency by skipping sufficiently similar activations and
gradients. Distinct from these approaches, SplitLite reduces
the traffic of every bidirectional exchange by compressing
rank-27r activation and rank-4r gradient residuals via truncated
SVD [31] and stochastic uniform quantization [26].

III. SYSTEM MODEL

As shown in Fig. 3, our method is based on a standard
SFL framework [10]. In SFL, clients and the central server
exchange intermediate activations and gradients at the cut layer
during each training step. Formally, let W = [W,;; W, ]
denote the weights of a pre-trained LLM, partitioned into
a client-side sub-model W, ; and a server-side sub-model
W, . The set of participating edge devices is denoted by
N ={1,2,...,N}, where N is the number of edge devices.
Each edge device ¢ has its local dataset D; = {z; &, Vi k } iy
with n; data samples, where x; j, and y; ; are the k-th input
data and its corresponding label.

We introduce trainable LoRA adapters to fine-tune both
parts of W: R, ; for the client-side sub-model and R ; for
the server-side sub-model of each client 7. During training,
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Fig. 3. System overview of SplitLite. Clients and the server
maintain synchronized activation and gradient caches, and
communicate only adjacent-round quantized rank-2r activation
residuals and rank-4r gradient residuals, while periodically
aggregating the trainable LoRA adapters.

only these lightweight LoRA adapters are updated while W
remains frozen, which substantially reduces the number of
trainable parameters. At every training step, the central server
locally aggregates the server-side LoRA adapters {Rs,i}f-v:l,
and every I steps, the clients upload their client-side LoRA
adapters {R.;}¥ | to the federated server for aggregation?,
after which the averaged client-side adapter is broadcast back
to the clients to continue training.

The global LoRA adapter is denoted by R = [R.; Rs),
where R. and R, are the aggregated client-side and server-
side LoRA adapters across all clients, respectively. The objec-
tive of split federated LoRA fine-tuning is to find the adapter
configuration R* that minimizes the following non-convex
finite-sum global loss over all participating devices:

1
min 3" SV | R), (M)

where f;(W | R) is the local loss function evaluated on
the data of client ¢ using the frozen global backbone W
together with the global LoRA adapter R, i.e., fi(W | R) =
Ee,~p, [Fi(W | R;&;)], where &; captures the training ran-
domness induced by mini-batch sampling from D;. Following
the standard stochastic optimization setting [23], [32], the
stochastic gradient is assumed to be an unbiased estimator of
the true gradient, i.e., Egrop, [VRE,(W | RE €L | €671] =
VRS(W | RY). where €'Y £ [€]]ic1,.. Ny, reqo,...t-1)
denotes all mini-batch sampling randomness up to training
step ¢t — 1.

To solve problem (1), conventional SFL frameworks for
LLM fine-tuning require transmitting high-dimensional cut-
layer activations and gradients at every iteration, leading to
substantial bidirectional communication overhead. To address
this bottleneck, we propose SplitLite, which exploits the low-
rank structure of activation and gradient residuals for efficient
communication.

2We assume homogeneous cut layers across all clients. Our method can be
extended to heterogeneous scenarios with different cut layers.

IV. DESIGN OF SPLITLITE

To address the communication bottleneck in SFL, this
section presents our low-rank residual compression frame-
work named SplitLite. We first provide an overview of our
method in Sec. IV-A. We then analyze the LoRA-induced low
effective rank structure of the adjacent-epoch activation and
gradient residuals in Sec. IV-B, which motivates the residual
compression scheme detailed in Sec. IV-C. Finally, the system
implementation and optimizations are described in Sec. IV-D.

A. Overview

Fig. 3 provides an overview of our SplitLite framework, a
compression scheme for activations/gradients at the cut layer
in SFL. Its design is based on a structural property of LoRA
fine-tuning: given the same data sample, since the adjacent-
epoch change in intermediate representations is driven solely
by the rank-r adapter updates, we can show that activation
and gradient residuals of each sample have low effective
ranks of 2r and 4r, respectively. This allows the compression
rank of activations/gradients to be set to 2r and 4r without
compromising learning performance.

The communication procedure at the cut layer operates as
follows. Each client and the server maintain synchronized
caches of the cut-layer activations and gradients, initialized by
exchanging the full tensors in the first epoch. In subsequent
epochs, each side transmits only the residual against its latest
cached versions. Prior to transmissions, the activation and
gradient residuals undergo a truncated SVD to rank-2r and
rank-4r, respectively. This decomposition is then factored into
two low-rank matrices by absorbing the singular values into
the left factor. To further improve the compression ratio, these
low-rank matrices are compressed by an unbiased stochastic
quantizer. Finally, the receiver reconstructs the residuals from
the quantized factors and updates its local cache, repeating this
process until the model converges.

B. Insights: Low Effective Rank Residuals

We next show the rationale behind our design: if the model
is fine-tuned via LoRA adapters, the residual of activations
and gradients across epochs also exhibits a low-rank structure.
Consider a fixed sample z;;, of client 7, and let be/ c RSxE
denote its activations at cut layer £ in epoch e. Similarly, let
Gz’f € R5*F denote the gradient of the loss with respect to
the cut-layer activation. We define the adjacent-epoch activa-
tion and gradient residuals as AY;l’f = Y;l’f] =Y L4 and
AGOE 2 GOF — G, respectively. Clearly, these residuals
are induced éntirely7 by updates to the client-side and server-
side LoRA adapters.

Activation residual. To characterize the activation residual,
let ®%(z;R.) denote the client-side activation mapping from
input z to cut layer ¢, implemented by the frozen client-
side backbone together with its LoRA adapters. Accordingly,
Yf,;z = ! (xi,b;Ri,i). Assuming that the adjacent-epoch
LoRA parameter variation AR ; is sufficiently small and
that ®¢ is Fréchet differentiable with respect to R., the



adjacent-epoch change in ®‘ admits the following first-order
approximation:

AYS ~ Dr ®f (25 RE;Y) [ARE] @)

where Dx_®! denotes the Fréchet derivative of ® with
respect to R, evaluated at Ri;l, and ARE,; £ RE, — Rf,:l
denotes the adjacent-epoch variation of the client-side LoRA
parameters. Hence, the activation change is primarily charac-
terized by the local linear response of the client-side activation
mapping to the LoRA parameter update.

For a LoRA-augmented projection, the effective LoRA
weight update at epoch e is given by Rt ; = B¢, A¢ ;, where r
denotes the LoRA rank. Its variation between two consecutive
epochs can be expressed as

e e—1 __ e e e—1 qe—1
Rc,i - Rc,i - Bc,iAc,i - Bc,i Ac,i . (3)

Since each matrix product on the right-hand side has
rank at most 7, the subadditivity of matrix rank yields
rank (R¢,; — R¢;') < 2r. Through the first-order lineariza-
tion of the client-side mapping, this low-rank parameter varia-
tion is propagated to the activation residual. Consequently, the
dominant component of AY;I;Z inherits the low-rank structure
of ARE ,, yielding '

rank (AY;Z’)Z) < 2r. 4)

Therefore, although nonlinear Transformer operations may
introduce additional higher-order components, the dominant
activation residual is driven by LoRA-constrained update
directions and is thus expected to exhibit an effective rank
of approximately 27.

Gradient residual. To characterize the gradient residual,

A

define the server-side backward mapping as B‘(Y,R) =
Vy Fs(Y; Ws, Rs). Accordingly, the cut-layer gradient can be

expressed as G<f = B (bee,Riz) . A first-order Fréchet

expansion around (be_ 1’6,7%2;1) gives
AGTy ~ DyBL_y [AYS| + Dr,BLy [ARE], ()

where Dy B¢_; and D B’_, denote the Fréchet derivatives
of B! with respect to Y and R, respectively, evaluated at

(v MRS, and AR, 2 R, — RE;' denotes the
adjacent-epoch variation of the server-side LORA parameters.

Thus, the gradient residual is jointly induced by the client-
side activation shift and the server-side LoRA update. Since
both sources are driven by LoRA weight variations with
effective ranks of approximately 2r, the dominant gradient
variation is expected to concentrate in a subspace of dimension

approximately 4r, yielding
rank (AG%) < 4r, (6)

We emphasize that the above low-rank characterization
relies on first-order linearization and should be interpreted
as an effective, rather than exact algebraic, rank property
for the nonlinear Transformer. Specifically, for a matrix Z

Algorithm 1 SplitLite Algorithm

Require: Client set A/, local datasets {D;}Y ,, total itera-
tions 7', LoRA rank r, client-side aggregation interval I,
bitwidths ¢,, ¢4, and learning rate 7

1: Initialize the frozen backbone W = [W, ;; W, ;], client-
side adapters {R2;}Y,, server-side adapters {RJ;}1¥,,
and empty activation and gradient caches

2. fort=0,1,..., 7 —1do

3: for i € NV in parallel do

4: Sample a mini-batch B! C D;

5 for b € B! do

6: Compute Y, = @& (w4 RE,)

7: Yi’f;f <+ Algorithm 2(Yif;f, Y, 7, qy)

8: Perform server-side forward and backward

propagation using Y;;f to obtain Gfﬁ

9: G’ff + Algorithm Z(G%, g,7,4g) )
10 Perform client-side backpropagation using GZﬁ
11: end for
12: Form the mini-batch gradients g/ ; and g!

13: Update both LoRA adapters:

R« Rai—ndas A€ {es)
14: end for
15: Server-side local aggregation:

RIEL  RIFL v

1N
RIFL Ri+1
s N 1:21 EXAR
16: if (t+ 1) mod I =0 then
17: Clients upload {R”;'}, to the federated server
18: Federated aggregation and broadcast:

RGN RIFY, Vi

N
1
t+1 t+1
R ;R :
19: end if
20: end for
21: return RT = [RT; RT]

with singular values s;(Z), define its top-k energy ratio as
I'v(2) 2 Z?:l s3(Z)/ > 53(Z) and its effective rank under
an energy threshold 6 as r.g(Z;0) £ mink : Ty (Z) > 6. As
shown in Fig. 2, both F2T<AYL-€Z;[) and F4T(AG%) remain
close to 1, indicating that the activation and gradierit residuals
between adjacent epochs have effective ranks of 2r and
4r, respectively. This motivates their rank-2r and rank-4r
truncated SVD compression.

C. Algorithm: Low-Rank Bidirectional Residual Compression

We now present the proposed low-rank bidirectional residual
compression mechanism for reducing both activation uplink
and gradient downlink communication at the cut layer. The
key idea is to maintain synchronized sample-wise caches at the
sender and receiver and transmit only the low-rank temporal



Algorithm 2 Low-Rank Residual Compression (ny’f ,d, T, qq)

Require: Tensor fo , direction d € {y,g}, LoRA rank 7,
bitwidth ¢4
Ensure: Reconstructed tensor fo
1: Set ky = 2r and kg = 4r
2: if the synchronized sender—receiver cache is empty then
3 Transmit Zf’lf in full and set Zf’be — Zit’f
4: else 7 ’
s AZU ezl - 27O
6 UzvT « SVD,,(AZ")
7 Independently quantize and transmit

P Q,(U%), Q¢ Qu(V7)
8: Identically update the sender and receiver caches:
Zh e 27" 4 PQ

9: end if
return Zf lf

_
=4

residual relative to the most recently reconstructed tensor of
the same sample.

Low-rank temporal residual compression. For each sam-
ple b, the client and the server maintain synchronized recon-
structed activation and gradient caches. When sample b is
processed again, the activation and gradient residuals relative
to their most recently reconstructed caches are computed as
AYS = v - VO AGh = Gt - a7 where
m,b( ) denotes the most recent iteration before ¢ at which
sample b was processed.

Motivated by the low effective rank of the activation and
gradient residuals revealed in Sec. IV-B, we approximate

A?f}f and Aéfi using rank-2r and rank-4r truncated SVD,
respectively:
-
.l t,l t,l t,0
AY ~ UT/ 4 bzu,z b (Vy,i,b) ) @)
T
L e gl t,0
AC;i,b'\'l]g'tb gzb(‘/gzb) . (8)
T
Here, U iy € RS*2r Ezl; , € R2rX2r and (Vytfb) c

2rx B t,l Sx4r t.l
R , whereas Uq,i7b e R s Eq b €

ne \' 4rxE
(viis) emri.

To further reduce the communication payload, we absorb
the singular-value matrix into the corresponding left singular-
vector matrix, thereby avoiding its separate transmission:

R4r x4r , and

tl A prtl <at,l tl A t,e \T
Brivn = UyinByan  Quip = Vyip) ©
t,l A t,l t,l tl A tl \NT
Pg i,b T Ugﬂ',b g,i,b? Qgﬂ',b - (VQJJJ) :
Sl ptl Sl ptl
ThllS, AYvi,b Y, be i,b and AGi,b 9,1, ng i,b*

Overall, the proposed low-rank factonzatlon reduces the
per-sample transmission from 2SE to 6r(S+E) elements, cor-

responding to a relative communication cost of 3r (4 + &).

With S = 128, E = 3072, and r = 8, it requires only approx-
imately 19.5% of the uncompressed bidirectional communi-
cation. The gain becomes greater for longer sequences and
larger hidden dimensions. We further quantize the low-rank
residual factors using unbiased stochastic uniform quantization
to reduce the per-element bit width.

Stochastic uniform quantization. Low-rank factorization
compresses the transmitted tensor along the element-count
dimension but leaves the precision of each retained element
untouched. We therefore apply stochastic uniform quantization
to low-rank factors, an orthogonal mechanism that lowers the
per-element bit width without degrading model performance.
Unlike deterministic rounding, which pushes small factor
entries consistently in the same direction and lets systematic
errors accumulate over iterations, the stochastic quantizer [26]
is unbiased, i.e., Eg[Q(x)] = z for any factor matrix x.

Accordingly, the sender quantizes the low-rank factors as

t,0 t,0 ALl t,L
Py,z b — Q<Py i b) Qyﬂ',b - Q(Qyﬂ}b) )

Stl t,0 At L t,0
Pgﬂ‘,b B Q<Pg7i,b) ’ Qgﬂ‘,b B Q(Qg,i,b) ’

and transmits only the quantized factors together with the
corresponding quantization parameters. Upon reception, the
activation and gradient residuals are reconstructed as

(10)

(1)

Aﬁf=ﬁﬁf%w (12)
AG = PliQu . (13)

These reconstructed residuals are then added to the corre-
sponding cached values to recover the activations and gradients
used for forward and backward propagation:

Vi = VO L ArY, (14)
Gt = QT 1 AGH. (15)

The recovered activations and gradients then update the cache
entries for sample b at both the sender and the receiver, keeping
the two caches synchronized for the next residual computation.
In this manner, low-rank factorization reduces the number of
communicated elements and stochastic quantization reduces
the bits per element, yielding a multiplicative reduction in
communication costs while preserving model performance.
Communication analysis. Instead of transmitting the full
S x E tensor, our method communicates only k4(S + E)
elements, where the bottleneck dimension k4 is determined
by the LoRA rank 7. For each communication direction, this
low-rank factorization reduces the communication complexity
from O(SE) to O(kq(S + E)). Moreover, since the relative
communication cost scales as kg (% + %), the resulting com-
munication gain becomes more pronounced as the sequence
length or hidden dimension increases, making our method
particularly attractive for long-context fine-tuning [33] and
large models. Furthermore, the unbiased stochastic quantizer
decreases the bitwidth of each transmitted element. Conse-
quently, our framework jointly reduces both the number of
communicated elements and the bits per element, substantially



lowering bidirectional communication overhead without com-
promising fine-tuning performance.

The SplitLite training procedure is outlined in Algorithms 1
and 2

D. Implementation Considerations

Computation costs. A potential concern is the SVD com-
putation cost. While a full SVD of an S x E residual
costs O(SE min(S, F)), our scheme requires only the leading
ka € {2r,4r} singular triplets and thus costs O(SEk,)
using truncated randomized SVD [31]. Moreover, SVD and
quantization are independent across samples, enabling batched
and pipelined execution that overlaps with communication.
As shown in Table II, despite the additional compression
computation, SplitLite consistently achieves the lowest end-
to-end fine-tuning latency among all evaluated methods across
three GLUE tasks, reducing the latency of Llama-3.2-3B by
65.5%~73.6% relative to SplitLoRA.

Storage costs. The second implementation consideration
is storage cost. SplitLite malntams per-sample caches of the
reconstructed activation Y b ‘ and gradient G b on both sides
of the cut layer. Since the caches are overwritten in place,
they require at most 2n;SE entries on client ¢. For Llama-
3.2-3B fine-tuning, this amounts to about 1 GB per client on
MRPC and 100 GB on MNLI due to its larger local dataset.
As only the current mini-batch B! is accessed per iteration, the
caches can be offloaded to CPU memory or SSD [34], stored
in low precision with synchronized rounding [12]. Following
activation-caching systems [19], cache loading and updates
can be overlapped with forward and backward computation
or scheduled during training idle periods.

V. CONVERGENCE ANALYSIS

We establish the convergence guarantee under residual com-
pression, rank-2r/4r truncated SVD, and stochastic uniform
quantization. Recall R! = [’RZZ,Rt JRE= L3 R and
the applied gradient g = g} + ¢! with perturbation ¢f, so
the averaged update is R'™! = R — n(gt + o), where

§' =520 and 0" = 5 37, 0

Assumption 1 (Lipschitz regularity). Vf;, Vg Fi(R;;-), and

Vr.Fi(Ri;+) are -, Lgf) -, and L(Cf) -Lipschitz: for any R, R’
and Yl,YQ,GhGQ c RSXE,
IVfi(R) = Vfi(R)] < BIR —R', (16)
IVR, Fi(Ri: Y1) — Vr, Fi(Ri; Ya)|| < LY|[Y1 — Y| r,
(17)
V. Fi(Ri;Gh) — VR, Fi(Ri; Go)|| < LY |Gy — Gl
(18)

with { the cut layer.

Assumption 2 (Bounded variance and second moment). The
stochastic gradient is unbiased, and its per-layer variance and
second moment are bounded:

Ee,

L
) e 2
H(R; &) <>
L .
Eeon [VERGI* < Y GF ¥R, i,
(20)

where L is the number of layers, and 0' G2 bound the
variance and second moment for the j-th layer of model W.

V(R o3, YR, Vi, (19)

Assumption 3 (Unbiased bounded quantization). The quan-

tizer Q() is unbiased and variance-bounded, and its quanti-

zation error variance is bounded by c, < S —
\/2(1+8r)

Eo[Q(z)] = =,

Lemma 1 (Recursive stability of activation cache error).
Under Assumption 3, Algorithms 1 and 2 ensure

Eo|Qx) —z|> <cl=|*, @D

§ i,b(t i, V4
E||5y2b||F < T7€Tib ;ﬂ b(E)=m: b(T)A;zbv (22)
min 7, <7<t
; Y
where Ay b T Zk>2r y i, b k) + 20 E”AYT ) F-
Proof. Decompose 5 6. ib = EsvdtEq with e5,q = PQ— Ry i

whereP—PZfb,Q Qf/zb,fD—P—G—AP Q Q +
AQ, and ¢, = PQ - PQ =APQ+ PAQ + AP AQ. By
Assumption 3, E[AP | P] = E[AQ | Q] = 0 with AP, AQ
conditionally independent, so E[e, | P,Q] = 0 and the cross
term vanishes; with Eckart—Young—Mirsky [35], [36],

Elleyiallt =D, ., (@y0x)® + Ellegl3-
Submultiplicativity, conditional independence, and Assump-
tion 3, with [Qll2 = L Q7 = 2. [P} < [[PIF =
| PQ||%, bound the quantization term,

Ellegl7 < cIQIEIPIE + cZIIPIZIQIE + ol PlEIQIE
< (1 +20) +2rg)|PQE = GIIPQIF, (24)

which yields the one-step bound

t,l 2 t,l
E”EyszF = Zk>2 ( yibk) y” 1bezb”F' (25)
‘n'i,b(t),f

N t,6 ¢,
Smce R iy = AYy —eyiy " and [P szyszQ

IRy bHF’ applying ||z — y||* < 2|z|* + 2IIyH2 to (25) gives

(23)

ﬂ'L, t),l

wnME o
Indexing the appearances of sample b as 7 < --- < TM =1
(M =my;p(t), i p(Tm) = Tim—1) and unrolling from gmt

y i b -
0 with p, = 2¢2 < 1 yields the claim.

, Y
EHE;Z‘,bHF < At vt Py Ele

Lemma 2 (Recursive stability of gradient cache error). Under
Assumption 3, Algorithms 1 and 2 ensure

m p(T) 47,0

m; p(t)—
Bl b < > pgtr® i @D
TETi b
min T; » <7<t
7,0
where APy =3 1o 4, gzbk) + 22 E[|AG b”F'

Proof. The argument mirrors Lemma 1 with rank 4r. With

t,6 PR . .
P =P/, Q=Q,;, the factor noises are unbiased and



conditionally independent, so the cross term vanishes and, by
Eckart—Young—Mirsky,

t,l
Ellegipl =D, (i) + Ellegl?.

Using [|Ql2 = 1, |Q||% = 4r, [|P|3 < ||P||% = [ PQ]|%, and
Assumption 3,

(28)

EllegllF < (c5(1+ 4r) + 4rc) |PQII7 = & | PQIIF, (29)
giving the one-step bound IE||5g isllE < DY psun(o ;‘;b’k)Q +
— VA l Tib(t), L

2” ZglegszF WlthR_f]lb AG:b gzbb()

IRy I3 and [lz — y]|* < 2|lz| + 2||y]1%,
t,l i, (t),0
Euagzan <AL+ Bleg i R G0

Unrolling from ag = 0 with p; = 2c < 1 yields the
claim. O

By Assumption 1, for each sample b, E[d}, 2 <
(LY)?Elley’ o3 + (LE)?Elleys |13 Averaging over the
mini-batch and clients, the average perturbation obeys

E[|6%]]? < €lomp» Where
1 (¢ ¢
Chompi = 5 2 | (LY VEIES 15+ (LEVENS 1.
beBt
(3D
where 6comp N Zz 1 comp,

Lemma 3 (Client-side LoRA model drift). Under Assump-
tion 2, Algorithms 1 and 2 ensure

Lc
EIRL: = REl® < Lysny$® P " GF

+ 11341 IZ

r
comp % + 6comp)’

(32)
with I the client-side aggregation interval.

Proof. Since server-side adapters aggregate every iteration,
RL, =RLso |[Ri—R!* = ||RL,; —RLI?. Let to < t be the
latest client-side aggregation (tg mod I = 0, t —tg < I), at
which Ri‘)l = Rlo. Accumulating the applied gradients over

[to, 1), X - N
. t—1 t— ~
Rea =0, 90i=1D _, 7 Dy e
(33)

By ||z +y||? < 2||z||?+2||ly||*> (with the indicator since t = t

when I = 1), |3 27|12 < (t —to) Y. ||27||% and Jensen’s
inequality,
t—1
E|RL — RE2 < 1oy 202 —10) Y (ElGz,)°

N
+ 5 B ) (34)
The applied second moment satisfies E||g7,||* < 2 Z G3+
2€%omp,i» DY the bounded second moment and ]E||6 H2

E[[67[|* < €lomp.- Substituting this with its client aver-
age, using t — tg < I, and averaging over clients with
N D €lomp.i = Eromp Yields the claim. O

Theorem 1 (Main convergence result). Let Assumptions 1-3

hold. If 0 <n < 55 and cq < m, then
1 71 2 _ A(f(R) — ")
ey < WE) L)

2 9279 Le o 4Pn L 2
Ly 168 Y T GRS E o

1 T-1
+ 4(1 + B+ 1{1>1}462n212) T o

where L and f* denote the total number of global model layers
and the minimum value of problem (1).

(35)

Proof. By f-smoothness of f and R+ = R —n(gt + &),
FRFY) < F(RY) =0(VF(RY), 5")
2
~n(VHRY, 5 + P g + 5% G

We bound the three terms in expectation with ht =
+ 3, Vfi(RY) and E[g'] = h'. The polarization identity,
Jensen’s inequality, and Assumption 1 (so E||V f(R?)—h!|?> <
B2D?) give

E[-n(Vf(R"),5")] < —3BIIVF(R")|2 -

2

n
TR0
(37

where D' £ LS E|RE - RY|2.
As truncated SVD biases 5t Young’s inequality and the
perturbation bound E||6||2 < €., give

E[-n(V[(R"),0")] <

while ||z +y||? < 2[|z||* + 2||y||* with Assumption 2 bounds
the quadratic term,

comp

TE[VARD|P + ety (38)

B e, w2 2 2 PPt
E[ZL gt + 81| < grEnt)2 + S0 :
T lgt + 517 < sl + 555 o

+ 5n2€comp (39)

Summing the three, the E||h||? coefficient —(Z — 8n?) is non-

positive for 7 < 1/(20) and is dropped; substituting Lemma 3
for D? then yields

{E|ViR H2 <E[f(R")] —E[f(R™)]
ﬂ;\; 1103+ (14 B ) ecomp
- t—1 -
+ 1{[>1}462,’73 (IQ ijl G? + IZT=t0(t) 6C0mp> .

(40)

Summing over ¢t = 0,...,T — 1, the function values telescope
to f(RY)—E[f(RT)] < f(R") — f*, and the drift double sum

. T—1 t—1
counts each €Z.,,, at most I times, >, ¢ > ) €tomp <

I Zf 01 €lomp- Dividing by 7T'/4 yields the stated bound. [

Insights. The four terms in Theorem 1 respectively capture
the O(1/T') optimization gap, client-side model drift, stochas-
tic gradient noise, and compression error. In the fourth term,
the factor 1 + (7 captures the direct effect of compression-
induced gradient perturbation, whereas the I2-dependent factor



TABLE I. LLM fine-tuning accuracy (%) on GLUE tasks and communication cost relative to SplitLoRA (%). Each cell is
reported as ‘““accuracy/uplink-only communication cost/total communication cost”, where SplitLoRA is normalized to 100%.
Boldface denotes the highest accuracy and the lowest traffic for each task.

Model Task SplitLoRA SplitLite AQ-SGD Rand-Top-k AdaptSFL
Owen-2.5 MNLI 83.8/100/100  85.1/6.8/16.9  84.5/25.0/37.5 84.9/50.5/40.2 83.7/100/100
(L.5B) MRPC  78.7/100/100  81.4/6.8/16.9  78.2/25.0/37.5 80.8/50.5/40.2  77.7/100/100

' RTE 81.2/100/100  82.0/6.8/16.9  82.0/25.0/37.5 82.0/50.5/40.2  73.3/100/100
Owen-2.5 MNLI 86.9/100/100  87.4/6.6/16.6  86.6/25.0/37.5 87.4/50.6/40.3 86.9/100/100
GB) MRPC  77.2/100/100  77.5/6.6/16.6  77.7/25.0/37.5  79.2/50.6/40.3 75.3/100/100
RTE 83.8/100/100  85.9/6.6/16.6  87.4/25.0/37.5 86.3/50.6/40.3 80.1/100/100

G 5 MNLI 82.7/100/100  83.8/6.9/17.4  82.7/25.0/37.5 83.7/50.5/40.2 81.9/100/100
"’(nllgl)a" MRPC 77.5/100/100 78.2/6.9/17.4 77.9/25.0/37.5 75.7/50.5/40.2 77.9/100/100
RTE 76.9/100/100  80.1/6.917.4  79.4/250/375  78.7/50.5/402  73.7/100/100

a3 MNLI 87.2/100/100  87.1/6.5163  87.4/25.0/375  87.6/52.5/41.2 87.1/100/100
a(‘?g) : MRPC 82.4/100/100  82.4/6.5/163  82.4/25.0/37.5 82.1/52.5/412  74.5/100/100
RTE 88.8/100/100  88.8/6.5/16.3  88.5/25.0/37.5 87.7/52.5/412  66.8/100/100

Server

(Powerful GPU server)

Fig. 4. The testbed composed of an RTX4090 server and
multiple Jetson Orin NX clients.

captures its indirect effect through client drift. By Lemmas 1
and 2, increasing r reduces the SVD tails Zk>2r 05,1@ and
> > dr og’k, but increases quantization error and communi-
cation. A higher bitwidth lowers ¢, and tightens the stable
cache recursion with p,, p, < 1. Thus, the bitwidth should be
selected to balance model performance and communication
overhead. At the same time, a smaller I reduces both the
second term and the drift-induced part of the fourth term at
the cost of more frequent LoORA synchronization.

VI. EVALUATION
A. Experimental Setup

Datasets and models. We evaluate SplitLite on a subset
of the GLUE benchmark [37], covering three representative
tasks: MNLI (three-way natural-language inference), MRPC
(paraphrase detection), and RTE (binary natural-language in-
ference). We partition each dataset across clients under a Non-
IID setting, where Non-IID partitions are generated using a
Dirichlet distribution with o = 0.5 [38]. We adopt four pre-
trained causal language models of different scales: Qwen-2.5-
1.5B, Qwen-2.5-3B [39], Gemma-3-1B [40], and Llama-3.2-
3B [41]. All SFL experiments are conducted with N = 6
clients.

Baselines. We benchmark SplitLite against four represen-
tative methods: SplitLoRA [11], which partitions the model
into client-side and server-side sub-models and updates only
LoRA adapters without compressing cut-layer communication;
AdaptSFL [23], which adaptively selects the cut layer and

local update frequency to balance computation and communi-
cation under resource constraints; AQ-SGD [19], which quan-
tizes cut-layer activations based on their temporal variation
across training epochs; and Rand-Top-k [29], which sparsifies
activations and gradients by randomly retaining the top-k
coordinates.

System settings. For all LoRA-based methods, the rank is
set to 16. The model is split at layer 3 for homogeneous
methods, while AdaptSFL [23] adopts heterogeneous local
depths of [3,3,2,2,3,3] across six clients. For SplitLite,
activation and gradient residuals are compressed to ranks of 32
and 64, respectively, followed by 4-bit and 8-bit quantization.
For AQ-SGD [19], 4-bit and 8-bit fixed-point quantization
are applied to activation residuals and gradients, respectively.
For Rand-Top-k [29], the sparsification ratio is set to 0.3.
Extensive simulations and realistic laboratory experiments
were conducted on the testbed system shown in Fig. 4, where
the server is equipped with four NVIDIA RTX 4090 GPUs
and the client nodes consist of multiple NVIDIA Jetson Orin
NX devices [42]. To emulate realistic wireless communication
between clients and the server, gRPC [43] is adopted as the
communication framework.

B. Experimental Results

1) Fine-Tuning Model Performance: Table I reports the
fine-tuning accuracy and communication overhead on GLUE
tasks. SplitLite achieves accuracy comparable to or higher
than SplitLoRA across nearly all model-task combinations;
for example, on MNLLI, it improves Gemma-3-1B from 82.7%
to 83.8% and Qwen-2.5-3B from 86.9% to 87.4%. Meanwhile,
SplitLite reduces the activation uplink and total communica-
tion to 6.5%—6.9% and 16.3%—17.4% of those of SplitLoRA,
corresponding to maximum reductions of 93.5% and 83.7%,
respectively. These results verify that the LoRA-induced tem-
poral residuals can be represented by extremely compact
low-rank factors without sacrificing model performance. The
MRPC training curves in Fig. 5 further show stable con-
vergence, while comparisons with AQ-SGD and Rand-Top-
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Fig. 5. Training curves of compared methods on MRPC for (a) Gemma-3-1B, (b) Qwen-2.5-3B, and (c) Llama-3.2-3B.

TABLE II. LLM fine-tuning latency (in hours) on GLUE tasks.
Boldface denotes the lowest latency for each task.

Model Task  SplitLoRA  SplitLitt  AQ-SGD  Rand-Top-k
MNLI 6.93 202 274 3.82

Qwen-2.5

(15B)  MRPC 1.30 0.38 0.51 0.71
RTE 0.88 0.25 0.34 0.48
MNLI 9.40 273 3.83 5.26

Qwen-2.5

38) MRPC 176 0.51 0.71 0.98
RTE 119 0.34 0.48 0.66

Gommaz | MNLL 527 17 2.13 2.95

0By MRPC 0.98 0.31 039 0.54
RTE 0.67 0.22 0.27 0.37

Lamasa  MNLI 6.90 2.38 3.19 422

‘3B)  MRPC 2.58 0.68 101 1.45
RTE 122 0.37 0.52 0.71

k confirm the favorable communication—accuracy trade-off of
SplitLite.

As reported in Table II, SplitLite also achieves the lowest
end-to-end fine-tuning latency across all evaluated settings,
reducing training time by up to 74% over SplitLoRA. On
MNLI, for example, the latency decreases from 9.40 to 2.73
hours for Qwen-2.5-3B and from 6.90 to 2.38 hours for Llama-
3.2-3B.

2) Communication Compression: Table I reports the com-
munication cost of all methods relative to SplitLoRA. Fol-
lowing the steady-state communication accounting adopted
by AQ-SGD [19], we report the communication costs of all
methods from the second epoch onward. Our method consis-
tently achieves the lowest communication overhead across all
evaluated models and tasks.

Specifically, SplitLite reduces the activation uplink and total
communication to 6.5%—6.9% and 16.3%-17.4% of those of
SplitLoRA, corresponding to maximum reductions of 93.5%
and 83.7%, respectively. The larger uplink savings are par-
ticularly beneficial for wireless edge devices, whose uplink
rates are typically lower than downlink rates. For example,
on MNLI with Gemma-3-1B, SplitLite reduces the uplink and
total communication to 6.9% and 17.4%, respectively, while
improving accuracy from 82.7% to 83.8%. It also substantially
outperforms AQ-SGD and Rand-Top-k, which retain 25.0%
and 50.5%-52.5% of the uplink cost, and 37.5% and 40.2%-—
41.2% of the total communication cost, respectively.

These results demonstrate that exploiting the LoR A-induced
low effective rank of temporal residuals effectively eliminates
redundant cut-layer traffic on both uplink and downlink.

TABLE III. Impact of heterogeneous cut layers on SplitLite.

Model Task Homogeneous Heterogeneous
Qwon2.5 MNLI 85.1/6.8/16.9 84.7/6.8/16.9
(15B) MRPC 81.4/6.8/16.9 80.6/6.8/16.9
RTE 82.0/6.8/16.9 76.2/6.8/16.9
MNLI 87.4/6.6/16.6 87.1/6.6/16.6
Qwen-2.5
3B) MRPC 77.5/6.6/16.6 75.5/6.6/16.6
RTE 85.9/6.6/16.6 80.1/6.6/16.6
Gomma MNLI $3.8/6.9/17.4 83.0/6.9/17.4
e(‘ﬁ‘g)‘" MRPC 78.2/6.9/17.4 77.9/6.9/17.4
RTE 80.1/6.9/17.4 73.7/6.9/17.4
Llamas MNLI 87.1/6.5/16.3 86.6/6.5/16.3
"l(lg‘g) i MRPC 82.4/6.5/16.3 75.5/6.5/16.3
RTE $8.8/6.5/16.3 66.8/6.5/16.3

3) Ablation Study: To assess the impact of cut-layer hetero-
geneity, we compare SplitLite under homogeneous and hetero-
geneous cut-layer configurations, as reported in Table III. The
heterogeneous configuration follows the cut-layer assignment
adopted in AdaptSFL [23]. Unlike SplitLoRA [11], where
all clients share the same cut layer, AdaptSFL adopts client-
specific split depths according to different device capabilities.
As shown in Tables I and III, while cut-layer heterogeneity in-
troduces additional aggregation inconsistency and leads to ac-
curacy degradation relative to the homogeneous configuration,
SplitLite under heterogeneous cut layers consistently matches
or surpasses AdaptSFL in accuracy at only 6.5%—-6.9% uplink
and 16.3%—-17.4% total communication cost. For instance, on
MNLI with Qwen-2.5-3B, SplitLite achieves 87.1% accuracy
under the heterogeneous configuration against AdaptSFL’s
86.9%, while reducing total communication cost by 83.4%.
Notably, the communication overhead under heterogeneous
cut layers stays identical to that of the homogeneous case,
confirming that the uplink and total communication savings
are preserved regardless of cut-layer configuration. These
observations indicate that our low-rank residual compression
framework is robust to cut-layer heterogeneity.

VII. CONCLUSION

This paper proposed SplitLite, a communication-efficient
split federated LoRA fine-tuning framework for on-device
LLMs that exploits the LoRA-induced low effective rank
of cut-layer activation and gradient residuals across adjacent
epochs. SplitLite transmits only quantized truncated-SVD
factors of rank-2r activation and rank-4r gradient residu-
als, reducing bidirectional cut-layer traffic without auxiliary
learning. We theoretically characterize this low-rank structure



and incorporate both SVD truncation and quantization errors
into the convergence analysis. Experiments on GLUE with
advanced on-device LLMs demonstrate reductions of up to
93.5% in activation uplink communication and 83.7% in
total communication cost, without degrading the fine-tuning
performance. Beyond edge learning, SplitLite holds strong
potential for model-parallel cloud training, which we leave
as future work.
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