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Abstract

Deploying large language models (LLMs) on
personal devices is appealing because the most
useful interactions depend on private, user-
specific context, yet on-device inference and
adaptation are constrained by memory, la-
tency, and energy budgets. Structural pruning
can reduce runtime cost by removing coher-
ent computation units while preserving dense-
kernel execution, but most existing pruning
pipelines are developed in centralized settings
with shared corpora and optimize for broadly
averaged capability, which is misaligned with
personalized objectives and difficult to trans-
fer to privacy-sensitive, non-1ID client data.
We present Structural Federated Tuning and
Pruning (SFT-P), a federated framework that
learns the pruning decision jointly with training
under a round-based FedAvg protocol. SFT-
P uses a client-conditioned mask generator
with globally shared parameters and a private
on-client embedding to produce hard routing
masks, enabling client-specific structured prun-
ing specified budgets; it can optionally co-train
lightweight low-rank adapters to improve ro-
bustness at higher pruning ratios. Experiments
on four heterogeneous client tasks show that
federating pruning decisions with training is
especially beneficial under aggressive compres-
sion, where SFT-P improves the best federated
baseline by +8.5 Avg points on LLaMA-7B at
50% pruning.

1 Introduction

Large language models (LLMs) are rapidly be-
coming personal computing infrastructure: they
sit inside email clients to draft replies (Li et al.,
2025), inside IDEs to assist coding (Li and Izadi,
2025), and inside note apps to reorganize scattered
thoughts (Tsai et al., 2025). The most valuable
interactions often happen close to the user’s con-
text, yet the devices that naturally host this context,
phones, laptops, and office desktops, operate under
tight memory, latency, and energy budgets (Chen
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Figure 1: Motivation for personalized structural pruning.
Standard pruning uses a generic corpus to produce a uni-
form structure, yielding mediocre capability retention
across all tasks. SFT-P learns client-specific masks (g1,
g2) under the same pruning budget, preserving capabili-
ties each user needs.

et al., 2025). This tension motivates an emerging
question: how can we deploy and adapt LLMs on-
device without sacrificing the capabilities that each
user actually needs?

Structural pruning is a practical step toward this
goal (Ma et al., 2023). By removing entire archi-
tectural units such as channels, neurons, and atten-
tion heads, structural pruning yields real inference
speedups on commodity hardware, unlike many un-
structured sparsification schemes (Bai et al., 2024;
Xu et al., 2024) that depend on specialized ker-
nels. Recent structural pruning methods (Ashkboos
et al., 2024; Gao et al., 2024b; Hu et al., 2024) re-
lax architectural dependence along the embedding
dimension, allowing different blocks to select dif-
ferent feature subsets and to adopt different widths,
which naturally supports depth-dependent budget
allocation and improves the accuracy—efficiency
tradeoff. As a result, structurally pruned LLMs are
attractive for edge deployment (Qu et al., 2025).

However, personal deployment exposes a mis-
match between how pruned models are usually pro-



duced and what users actually want. Standard prun-
ing pipelines typically rely on centralized recovery
data and shared calibration objectives (Zhang et al.,
2024b; Chen et al., 2024), which are often unavail-
able in privacy-preserving settings and can degrade
under non-IID client distributions. Yet user de-
mands are inherently skewed: a researcher may
care most about coding assistance and long-form
technical writing with consistent citations, while a
customer support agent may prioritize fast email
drafting with the right tone and reliable extraction
of action items from messy notes. As illustrated
in Fig. 1, under strict budgets, spending capacity
to preserve every capability uniformly is ineffec-
tive; the better objective is to preserve the right
capabilities for each user.

The most direct supervision for such personal-
ization is the user’s own data, but this immediately
raises two issues. First, per-user data are often too
small to reliably steer pruning or recovery. Second,
across clients (each corresponding to a user device)
the data are non-IID (McMahan et al., 2017): there
exist clients k # k' such that Py (z,y) # Pw(z,y),
where (x,y) denotes an input output example and
P is the local data distribution on client k; for ex-
ample one device contains mostly source code, IDE
interaction traces, and I&TEX drafts, while another
contains email threads, and meeting notes. Naively
aggregating updates can blur distinct requirements
and degrade personalization, while centralizing raw
data is typically unacceptable for privacy (McMa-
han et al., 2017). In our evaluation, we model this
heterogeneity by treating distinct capability profiles
as separate clients (e.g., different benchmark tasks),
which lets us isolate non-1ID effects in a controlled
setting. In addition, clients often face different de-
vice constraints, inducing heterogeneous pruning
budgets; jointly learning client-specific structures
under a shared global model can therefore lead to
budget conflicts during aggregation.

Federated learning (FL) (Kairouz et al., 2021)
provides a principled way to leverage private, dis-
tributed user data without centralizing raw text, and
has recently been explored for adapting LLMs pri-
marily via training or instruction fine-tuning, often
through parameter-efficient updates such as low-
rank adapters to reduce computation and communi-
cation (Zhang et al., 2024a; Qin et al., 2025). How-
ever, existing pipelines typically assume a fixed
deployed architecture, aggregating only client-side
parameter updates while keeping compression and
structural choices fixed or centrally determined. In

parallel, federated pruning studies investigate how
to learn or allocate client-specific architecture un-
der privacy constraints, but have largely focused
on non-LLM backbones (Gao et al., 2024a; Huang
et al., 2023) or do not address flexible structural
pruning for LLMs (Bai et al., 2025). These gaps
motivate our central idea: incorporate structural
pruning into the federated workflow so that clients
collaboratively learn pruned LLM architecture un-
der both uniform and heterogeneous pruning bud-
gets.

Motivated by this view, we propose Structural
Federated Tuning and Pruning (SFT-P), a feder-
ated framework that integrates (i) round-based op-
timization and (ii) structured, mask-driven routing
for pruning decisions. SFT-P cleanly separates
globally shared components from client-private
state: the mask generator parameters (and, op-
tionally, lightweight tuning adapters) are synchro-
nized across clients via FedAvg, whereas each
client maintains a private conditioning embedding
that steers its routed compute pattern from local
data without being exposed to the server. This
split encourages substantial shared structure via the
global generator while allowing small, consistent
client-specific deviations through private embed-
dings. This design supports capability-preserving
personalization when clients have different device
budgets and non-IID client data, and it also allows
optional adapter co-training to recover capacity at
higher pruning ratios. Empirically, we find that
federating pruning together with training yields
stronger personalization—efficiency trade-offs than
regular general-purpose pruning methods.

* We propose a federated framework that inte-
grates structural pruning into LLM adaptation,
targeting personalized capability preservation
under privacy constraints and non-IID user
data.

* We instantiate a residual-safe routed compu-
tation interface that keeps the residual stream
width fixed while enabling block-wise feature
selection and depth-dependent width alloca-
tion with dense-kernel compilation, so clients
can obtain different routed compute patterns
under the same pruning ratio.

* We adopt a client-conditioned mask genera-
tor with a shared hypernetwork and a private
per-client embedding; hard routing masks are



obtained via Bernoulli gating with a straight-
through estimator with ReinMax (Liu et al.,
2023).

* We empirically demonstrate improved person-
alization efficiency trade-offs under uniform
and heterogeneous (mixed) pruning budgets
compared with post-hoc pruning and feder-
ated instantiations of existing structural prun-
ing pipelines.

2 Related Work

Structural pruning in LLLMs accelerates infer-
ence by removing coherent parameter groups (e.g.,
heads and channels) so that the compressed model
can execute with standard dense kernels on com-
modity hardware, rather than relying on sparse
accelerators. Early LLM-focused work, such as
LLM-Pruner (Ma et al., 2023), demonstrates that
structured pruning can be paired with lightweight
recovery (e.g., LoORA) using a relatively small cali-
bration set (reported as 50K samples) to regain gen-
eral capability. Subsequent methods increase recov-
ery strength by coupling pruning with post-training
or parameter-efficient tuning, often assuming ac-
cess to a large, centralized corpus: for instance,
FLAP (An et al., 2024) relies on broad web corpora
for recovery or calibration, such as SlimPajama-
derived data (e.g., SlimPajama-6B is a sampled
variant with 5,489,000 rows and about 6B tokens).
This trend toward large, shared post-training cor-
pora is effective for producing a general-purpose
pruned model, but it also explains why such recipes
can transfer poorly to federated settings: FL clients
typically cannot access a common recovery corpus
and instead have small, heterogeneous private data,
so the pruning-and-recovery signal becomes client-
dependent and non-uniform, making it difficult to
maintain a consistent trade-off across capabilities
when pruning is aggressive.

Federated Learning (FL) for LLLM adapta-
tion has gained momentum alongside parameter-
efficient fine-tuning, especially low rank adapters
(LoRA), which freeze the backbone and train a
small set of injected parameters to reduce both
local training cost and communication overhead
(Hu et al., 2022). Recent work applies this idea
to decentralized instruction data: FedIT (Zhang
et al., 2024a) casts federated instruction tuning as
repeatedly training client side LoORA modules and
aggregating them on the server, enabling privacy-
preserving instruction tuning without collecting

raw prompts or responses centrally. FedHDS (Qin
et al., 2025) pushes this direction further by making
federated instruction tuning data efficient, selecting
a representative subset of edge side data to reduce
redundant local computation and mitigate overfit-
ting while keeping data private. However, these
pipelines primarily optimize a fixed dense architec-
ture, so they improve training and communication
efficiency but do not directly solve deployment
time constraints, since clients still need to host and
run the full backbone for inference. In parallel,
federated pruning has been explored for years in
smaller backbones and vision models, and has re-
cently been extended to LLMs: FedSpalLLM (Bai
et al., 2025) proposes a federated pruning frame-
work for LLMs under client heterogeneity that
learns sparse masks on each client and aggregates
updates with sparsity aware mechanisms to meet
global sparsity targets. While this is an important
first step, it targets weight level sparsification and
is not designed for structural, dense kernel friendly
pruning that yields commodity speedups, nor does
it explicitly couple the compression choice with ca-
pability targeted personalization, which motivates
our focus on federating structural pruning decisions
(with optional lightweight tuning) under non-I1ID
private data.

3 Method

3.1 Routing interfaces for residual-safe width
decoupling

Transformer blocks are residual: each submodule
produces an update that is added back to a running
hidden state. Because the add operator requires
identical tensor shapes on both branches, many
structured pruning designs keep the residual stream
width fixed and perform width reduction only in-
side submodules. A convenient way to describe
and implement such designs is to view the model
as a fixed residual bus with layer-specific compute
lanes, connected by lightweight gather and scatter-
add interfaces. We adopt this view as a common so-
lution to avoid prune-together constraints induced
by residual shape alignment, while keeping the
macro-architecture intact. We treat the bus-and-
lane routing as an implementation choice for struc-
tured pruning in residual architectures, rather than
a new pruning criterion.

System view: a fixed residual bus with variable
compute lanes. We consider a fixed residual bus



of width d throughout the network, while each sub-
module executes on a smaller, layer-specific com-
pute lane. Let X; € RE*T*4 be the residual bus
entering layer [ (batch size B, sequence length 7").
For each layer [ and submodule m € {attn, fin},
we define two routing specifications

ot C {1, dYy, Tt C . dY,
with lane widths k™ = |7"™| and k""" =
77" |. We implement two primitives:
route(Xy; ) == Xi[:, 5, 7, (1)

merge(X;, Up; ) := X + scatter(Up; m), (2)

where scatter(U; 7) writes U to indices 7 along
the last axis (zeros elsewhere), and the addi-
tion is an indexed add. Here route(-) returns
a BxT'x|m| lane tensor and merge(-) returns a
BxT'xd residual-bus tensor. In practice, route
and merge map to runtime-friendly primitives such
as index_select and index_add, and the residual bus
always remains d-wide.

Dense-submatrix equivalence. Our route/merge
interface can be implemented without unstruc-
tured sparsity: routed computation is equivalent
to executing smaller dense submatrices (selected
rows/columns) plus lightweight gather/scatter on
the residual bus. We provide the algebraic equiva-
lence in Appx. A.1.

Generic routed residual update. Under this in-
terface, each submodule m in layer [ follows

X™ = Norm (route(Xl;Wlm’in)) ; 3)
U = (X ) e BT @
X merge(Xl, Ulm$7rlm’out> ’ )

where f/™ is instantiated as attention or feed-
forward computation using compiled lane-specific
weights. Crucially, (5) always returns a tensor
in RBXTxd 5o residual add compatibility is pre-
served without requiring any cross-layer agree-
ment on which feature channels are used. Par-
ticularly, for self-attention, we first form Xl =
Norm(route(Xy; mi*™™)), compute (Q, K, V) =
(XM/ZQ,XM/ZK,XWVZV), and merge the routed
output

X < merge (Xl, Attn(Q, K, V) VVlO; 7rlattn,out) ‘

(6)
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Figure 2: Overview of SFT-P with client sampling ratio
q = 1. Each client k£ maintains a private embedding ey
that conditions a shared mask generator hg to produce
client-specific binary masks gj. These masks route
computation through personalized structural patterns
in the LLM, while optional adapters ® provide addi-
tional capacity recovery. Only © (mask generator) and
® (adapters) are uploaded to the server for FedAvg ag-
gregation; ey and local data Dy, remain private.

All projection matrices are compiled into lane-
specific dense submatrices (row/column selec-
tion) consistent with the route/merge indices; see
Appx. A.l. The feed-forward sublayer ffn uses the
same route-compute-merge pattern with its MLP
projections.

3.2 Client-conditioned Mask Generation

The routing interfaces in §3.1 require, for each
layer [ and submodule m € {attn, ffn}, two index
sets 7™, " C {1,...,d} that specify which
hidden features are read and written. We represent
each index set by a binary mask over the residual

bus,

gri g € (0,1}, ™
= {i gy =1}, (8)
=i gt =13, ©)

where k indexes a client. The masks are generated
by a small conditioning network, so that different
clients can realize different routing patterns.

Client-conditioned mask generator. Each client
k maintains a trainable embedding vector e}, € R%
that captures persistent local preference. A shared
hypernetwork hg maps e (optionally together
with a layer identifier) to mask logits:

syt = hig ™ (ex, 1) € RY, (10)

(1)

m,out __ ; m,out d
s, =hg" (ey,1) € R



Algorithm 1: Federated Training with

Client-conditioned Masks
Input: Global rounds R; local steps per round E;
client sampling ratio q.

Init :Server initializes shared parameters 0 (and
optional adapters &), Each client k
initializes private embedding ei,o).

forr=0,1,...,R—1do

Server samples participating clients S, with

|Sr| = ¢K;

Server broadcasts current global parameters

(0™, dM) toall k € S, (omit ® if disabled);

foreach k € S, do // in parallel
Client sets local copies O < O,
Dy
fort=1,2,...,Edo
Sample a minibatch from Dy;
Generate hard masks gj; using §3.2;
Compute Ly, by Eq. (13);
Take one optimizer step on
(O, Dk, ex);

Client uploads (O, Px) (never uploads eg);

Server aggregates (©("+1) ®("+1)) by FedAvg
as in Eq. (15);

The parameters O are globally shared and will be
aggregated by the server in FL, while e; remains
local to client k. This split matches the federated
constraint: the generator learns transferable struc-
ture across clients, while the embedding provides
lightweight client conditioning without exposing
raw data.

From continuous logits to hard routing masks.
We require hard binary masks to instantiate rout-
ing at training and deployment time. Rather than
enforcing a hard top-K constraint, we treat each
coordinate as a binary gate and obtain g € {0, 1}%
from logits s € R? using a binary straight-through
estimator with the ReinMax estimator. Concretely,
for each coordinate we form a Bernoulli probabil-
ity mo = o(s + ¢) with a constant bias ¢ (used to
start from an all-ones mask at initialization), sam-
ple B ~ Bernoulli(mg) in the forward pass, and
use a ReinMax-adjusted surrogate in the backward
pass:

g = ReinMaxBinary(s; T, ¢), (12)

where 7 is a temperature controlling the softness of
the surrogate. This yields hard gates in the forward
computation while providing stable gradients to s
through the surrogate.

We follow a standard round-based federated op-
timization protocol in which clients collaboratively

learn (i) the shared mask generator and (ii) optional
lightweight adaptation parameters, while keeping
client-specific conditioning variables local. Con-
cretely, the server maintains the global parameters
of the mask generator (the hypernetwork) ©. Each
client k£ maintains a private, trainable conditioning
vector e, (introduced in the previous subsection),
which is never uploaded. Optionally, we also en-
able parameter-efficient adaptation via low-rank
adapters with global parameters ®, which are ag-
gregated in the same way as O.

Client objective. Let Dy denote client £’s local
text corpus. Given current (O, ey ), the client con-
structs a discrete structural mask gy, using the soft-
to-hard procedure described in §3.2. This mask
determines which routed lanes and sliced weight
blocks are active during forward computation. The
client then minimizes a standard causal language
modeling objective with a budget-matching regu-
larizer:

@min@ Ly, Z,CELM(@, er, ®)+
o (13)
A R(T(Qk)v b ﬂotal) .

Here L{™(©, ey, ®) denotes the standard
causal language modeling loss on client £’s lo-
cal corpus (next-token prediction), evaluated un-
der the client-specific routed structure induced by
9x(0, er) and the optional adapter parameters P.
T(gx) is the number of parameters (or equiva-
lently, the accounted parameter budget) activated
by the mask gy, Tiotal iS the total parameter count
of the dense backbone, and p € (0,1] is the tar-
get remaining-parameter ratio (fixed in our exper-
iments, e.g., p = 0.8 for 20% pruning). We use a
simple scale-invariant penalty that drives the active
budget toward pTio¢ar:

which equals 0 when z = y and increases symmet-
rically when z deviates from y.

Round-based parameter updates. We use a
round-based FedAvg protocol (Alg. 1): clients run
up to E local steps optimizing Eq. (13) with masks
from §3.2, keep ey, local, and upload only (O, Py,)
for server aggregation by Eq. (15); repeat for R
rounds.



After local steps finish, each client uploads its
update (or the updated parameters) for the shared
variables, and the server aggregates via FedAvg:

Nk
Or+D = 64,
res, 2jes, M

e (15)

r+l) Dy,

res, 2 jes,

where ny, is the number of local samples (or tokens)
used by client £ in this round. This “communicate
after a fixed number of local steps” schedule decou-
ples communication frequency from a client’s local
epoch length, making the communication budget
explicit and easy to control.

Optional adapter co-training. When adapters
are enabled, & is trained jointly with © under the
same objective (13) and aggregated by (15). Intu-
itively, when the pruning ratio is mild, the masked
backbone may already retain sufficient capacity
and adapters can be unnecessary. At higher prun-
ing ratios, adapters provide a small amount of ad-
ditional trainable capacity that can compensate for
the reduced structural flexibility and improve down-
stream performance, while keeping local computa-
tion and communication modest.

4 [Experiments

We evaluate SFT-P with two goals. (1) We test
whether learning structural pruning within the
federated workflow improves the personalization—
efficiency trade-off under non-IID client data, com-
pared to applying centralized pruning recipes or
naively porting them to FL. (2) We examine
whether SFT-P can support heterogeneous client
budgets (mixed pruning ratios) while sharing a sin-
gle global mask generator, without inducing con-
flicts across clients.

4.1 Experimental Setup

Baselines. We compare against representative
structural pruning methods, including FLAP (An
et al., 2024), SliceGPT+Finetune (Ashkboos et al.,
2024), LLM-Pruner+Finetune (Ma et al., 2023),
and LLM-Streamline+Finetune (Chen et al., 2024).
We implement each baseline by following the
authors’ released code, and we provide a table
to describe the datasets they use in Tab. 3 in
Appx. A. For some methods that involve an ex-
plicit recovery stage (i.e. post-training), namely
SliceGPT+Finetune, LLM-Pruner+Finetune, and

LLM-Streamline+Finetune, we also evaluate a fed-
erated variant. To obtain a simple and reproducible
FL instantiation, we integrate these methods into a
FedAvg loop by aggregating once per local epoch,
which preserves the baselines’ canonical central-
ized training schedule while introducing periodic
synchronization across clients. We report results
from a single run for each method due to computa-
tional constraints.

Implementation details. We use the budget reg-
ularizer in Eq. (13) with A=16 unless stated other-
wise. We evaluate four SFT-P variants by toggling
client conditioning (C) and adapter co-training (A):
NOC/NOA, NOC/+A, +C/NOA, and +C/+A. Train-
ing follows round-based FedAvg with full participa-
tion (g=1) over 100 rounds, with at most 100 local
update steps per client per round. We report results
under 20% and 50% structured pruning budgets and
a mixed-budget setting (20/20/50/50). Remaining
hyperparameters are in Tab. 4 in Appx. A.

Datasets and federated partitioning. We
evaluate on four widely used benchmarks:
Arc_easy (Clark et al., 2018), PIQA (Bisk et al.,
2020), HellaSwag (Zellers et al., 2019), and
WinoGrande (Sakaguchi et al., 2021). We use each
task’s training split as the client-side fine-tuning
corpus, and report multiple-choice accuracy using
Im-eval on the standard evaluation split for each
task.

4.2 Performance Analysis

Tab. 1 reinforces our motivation that the compres-
sion decision itself should be learned within the
federated workflow when client data are non-1ID
and capability demands are skewed. Among cen-
tralized baselines, LLM-Streamline+Finetune is
the strongest overall at 20% pruning (Avg. 70.88),
which is consistent with the current trend of cou-
pling structural pruning with large, general-purpose
post-training corpora: such data-rich recovery ef-
fectively preserves broad capabilities in a central-
ized setting. However, this advantage does not reli-
ably transfer to federated training. When we port
prior pipelines to FL (rows marked “(FL)”), perfor-
mance typically drops, especially under aggressive
pruning (50%), reflecting that their pruning-and-
recovery objectives were tuned for abundant shared
data and become brittle when recovery supervision
is fragmented across small, heterogeneous clients.
Notably, SliceGPT+Finetune is the only baseline
that benefits from the FL setting at 20% pruning



Method Arc_easy (Acc) HellaSwag (Acc) PIQA (Acc) WinoGrande (Acc)  Avg
20% structural pruning budget (LLaMA-7B)
FLAP 49.41 64.90 74.81 64.56 63.42
SliceGPT+Finetune 56.90 62.25 74.97 65.82 64.99
LLMPruner+Finetune 56.86 67.40 75.84 64.64 68.19
LLM-Streamline+Finetune 66.71 70.62 76.50 69.69 70.88
SliceGPT+Finetune (FL) 66.67 66.24 74.76 67.25 68.73
LLMPruner+Finetune (FL) 54.79 66.31 75.41 60.38 64.22
LLM-Streamline+Finetune (FL) 61.95 65.69 73.94 69.85 67.86
SFT-P NOC/NOA 71.17 68.77 7791 66.30 71.04
SFT-P NOC/+A 71.21 68.08 76.82 63.93 70.01
SFT-P +C/NOA 73.06 69.13 79.05 66.46 71.93
SFT-P +C/+A 73.27 69.50 78.07 66.61 71.86
50% structural pruning budget (LLaMA-7B)
FLAP 40.32 41.89 62.95 54.06 49.81
SliceGPT+Finetune 28.96 29.61 56.09 50.99 41.41
LLMPruner+Finetune 47.14 55.26 69.59 57.85 57.46
LLM-Streamline+Finetune 42.85 49.85 65.72 62.98 55.35
SliceGPT+Finetune (FL) 32.32 29.01 57.83 51.14 42.58
LLMPruner+Finetune (FL) 39.27 46.60 63.54 5391 50.83
LLM-Streamline+Finetune (FL) 30.89 34.05 51.25 55.72 42.98
SFT-P NOC/NOA 54.42 49.93 70.29 53.67 57.08
SFT-P NOC/+A 54.59 49.93 70.57 57.06 58.04
SFT-P +C/NOA 58.12 49.09 70.78 56.59 58.65
SFT-P +C/+A 60.27 50.67 69.75 56.59 59.32

Table 1: Structured pruning under centralized vs. federated training. Accuracy (%) on four benchmarks for
LLaMA-7B at two pruning budgets (20% and 50%). All baselines without “(FL)” are centralized (non-FL) structural
pruning baselines reported for reference, while all entries marked “(FL)” and all SFT-P variants are trained under
our federated protocol. SFT-P variants ablate client conditioning (C) and adapter co-training (A). Bold/underlined
numbers indicate the best/second-best within each pruning-budget block.
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Figure 3: Cross-client mask agreement in SFT-P. (SFT-P +C/+A with 50% budget for LLaMA-7B) Visualization
of a representative binary routing submask (Layer 1; 4096 dimensions reshaped to 64 x64) learned for four clients.
The last panel highlights positions where all clients choose the same gate value, showing that the masks are largely

aligned.

(Avg. 68.73 vs. 64.99 centralized), and it is the
best-performing FL baseline in this regime; a plau-
sible explanation is that SliceGPT’s pipeline is com-
paratively less dependent on massive centralized
recovery data, making it better aligned with the
limited-data, per-client supervision available in our
federated protocol. In contrast, methods whose
effectiveness is largely driven by data-intensive
recovery (e.g., LLMPruner+Finetune and LLM-
Streamline+Finetune) degrade when federated, sup-
porting the interpretation that these designs work
best when the recovery signal is sufficiently rich
and shared.

Against this backdrop, SFT-P achieves the best
overall results across budgets. It consistently out-
performs the federated instantiations of prior struc-

tural pruning pipelines, and it remains competitive
with strong centralized pruning despite operating
under stricter privacy and data constraints. The
effect is most pronounced at 50% pruning, with an
+8.5 Avg-point margin over the strongest federated
baseline in Avg accuracy. Overall, these results
align with our storyline: rather than relying on a
large shared corpus to preserve general-purpose
ability, SFT-P federates the pruning decision with
training so that clients can learn shared structure
where it exists while retaining the flexibility to pre-
serve the right capabilities from private, non-1ID
data. Additional results are shown in Tab. 5 in
Appx. A.

Mixed-budget Federated Pruning. In practi-
cal on-device deployment, clients rarely share a



Setting Arc_easy HellaSwag

+C/NOA (20% all)  73.06 69.13
+C/NOA (mixed) 72.56 69.91
+C/+A (20% all) 73.27 69.50
+C/+A (mixed) 73.78 70.51
Setting PIQA WinoGrande
+C/NOA (50% all) 70.78 56.59
+C/NOA (mixed) 69.31 57.06
+C/+A (50% all)  69.75 56.59
+C/+A (mixed) 70.57 56.12

Table 2: SFT-P under uniform vs. mixed prun-
ing budgets (LLaMA-7B). Mixed: 20% pruning on
Arc_easy/HellaSwag and 50% on PIQA/WinoGrande.

single compression target: device-specific latency
and memory constraints naturally induce heteroge-
neous pruning budgets. To emulate this setting, we
evaluate SFT-P under a mixed budget that applies
20% structured pruning on Arc_easy/HellaSwag
and 50% on PIQA/WinoGrande (Tab. 2). The
mixed-budget model preserves performance for
both budget groups. Mixed-budget training
achieves accuracy comparable to the correspond-
ing uniform-budget runs on both lightly pruned
(20%) and heavily pruned (50%) clients (Table 2),
showing no evidence of “budget conflict” between
clients with different compression targets. This sug-
gests that a single global mask generator can sup-
port heterogeneous budgets, while client condition-
ing (and optional adapters) absorbs budget-induced
heterogeneity without collapsing performance.

4.3 Ablation Study

The ablations in Tab. 1 isolate the contributions
of client conditioning (C) and adapter co-training
(A), directly testing our core design claims. First,
enabling client-conditioned masks (+C) yields the
most consistent gains over the unconditioned vari-
ants (noC) at both budgets, validating that client-
specific routing is critical for non-IID personal-
ization: the shared generator captures transfer-
able structure while private conditioning steers
which capacity is preserved per client, aligning
with our goal of preserving the right capabilities
rather than uniformly retaining average ability. Sec-
ond, adapter co-training (+A) acts as a robustness
mechanism whose benefit is more pronounced un-
der heavier pruning: at 50%, +A improves the best
average (60.27 vs. 58.12 on +C/noA), consistent
with the intuition that lightweight extra capacity
helps compensate when structural flexibility is re-
duced. Overall, the full model (+C/+A) provides
the strongest trade-off by combining personaliza-
tion via routing with capacity recovery via adapters.

Cross-client mask agreement. Fig. 3 shows sub-
stantial overlap among learned masks across clients
(about 79% agreement for the illustrated submask
and 78% on average across layers), indicating that
much of the pruned structure can be learned collab-
oratively through the global mask generator, reduc-
ing per-client optimization burden. Meanwhile, the
remaining disagreement is structured rather than
noise: each client retains a non-trivial set of task-
specific active coordinates, motivating client condi-
tioning as a lightweight mechanism to deviate from
the shared structure when local data requires it.
Flexible layer-wise pruning. Fig. 5 in Appx A
illustrates that SFT-P allocates the global prun-
ing budget non-uniformly across depth, with sub-
stantial variation in layer-wise mask density for
a single client. This is aligned with the general
view (e.g., LLM-Streamline) that redundancy is
not evenly distributed across layers. Notably, we
observe a pronounced density drop around layer
~24 for Arc_easy, suggesting that the task-relevant
representation may be concentrated into a narrower
subspace at that depth; we leave a mechanistic ex-
planation to future work.

5 Conclusion

We presented SFT-P, a federated framework that
jointly performs LLM adaptation and structural
pruning under privacy constraints and non-IID
client data. SFT-P learns client-specific hard rout-
ing masks via a globally shared generator condi-
tioned on private client embeddings, and can op-
tionally co-train lightweight adapters to recover
capacity under aggressive pruning. Across two
pruning budgets on LLaMA-7B, SFI-P consis-
tently outperforms federated instantiations of prior
structural pruning pipelines, supporting our central
claim that the compression decision itself should
be learned within the federated workflow rather
than applied post hoc. Crucially, SFT-P also re-
mains effective under heterogeneous client budgets:
in a mixed-budget setting (20/20/50/50), clients
share the same mask generator without conflicting
updates and achieve performance comparable to
uniform-budget training, suggesting that the shared
generator can simultaneously support both lightly-
and heavily-pruned clients. Finally, our mask analy-
ses show substantial cross-client agreement, which
allows shared structure to be amortized and reduces
training burden, while preserving systematic client-
specific deviations that motivate customization.



Limitations

First, our federated evaluation uses four public
multiple-choice benchmarks as proxies for hetero-
geneous clients. This design isolates capability-
skew and non-IID effects in a controlled way, but
it is still a simplification of real on-device data,
which can be multi-domain, temporally drifting,
and strongly long-tailed. Second, our main re-
sults focus on downstream accuracy under fixed
pruning budgets; translating these gains into end-
to-end user experience (e.g., latency/energy on di-
verse hardware and deployment stacks) depends
on system-level factors that are outside the scope
of this work and often require vendor-specific tool-
ing and careful engineering. Third, we study a
specific family of client-conditioned, mask-driven
structural pruning under a residual-safe routing in-
terface; while the framework is broadly compatible
with other federated optimizers and additional adap-
tation modules, exploring these combinations (and
their stability/efficiency trade-offs) would require
substantially expanding the experimental matrix.
Finally, as with most federated LLM studies, our
experiments do not model all real-world deploy-
ment constraints simultaneously (e.g., intermittent
connectivity, device availability, and heterogeneous
compute), which are important for production sys-
tems but are difficult to reproduce faithfully and at
scale in academic settings.
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A Appendix

A.1 Associativity view: equivalent dense
submatrix execution.

This bus-and-lane view also admits an equivalent
linear-algebra perspective that avoids unstructured
sparsity. Let P(1) € R?¥ be the gather matrix
(columns of the identity) so that route(X; )
X P(r). For any dense linear map W € R4*?,

(XP(m)) (P(n)"W) = X (P(m)P(m)")W.
(16)
Rather than materializing the bus mask
P(m)P(n) ", one can materialize the smaller dense
matrix

Wy := P(n) "W € RF*",

and evaluate on the lane using standard dense
GEMMs.

Similarly, output write-back can be expressed
directly in terms of the merged update. Suppose
a submodule produces an intermediate activation
Z € RBXTX and an output projection WUt ¢
R"*4 5o the dense update is U := ZW°u ¢
RBXTxd " 1f we only intend to write to indices
7 on the bus, one can compile the lane-specific
output matrix

W= WO P(r) e R**, (17)
compute the lane update
Uy := ZW2U ¢ RBXTxk (18)
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Method Stage 1 dataset Tokens  Stage 2 dataset Tokens

FLAP WikiText-2 (Merity et al., 2016) 255M - -
SliceGPT+Finetune WikiText-2 2.55M  Alpaca (Taori et al., 2023) 9.5M
LLMPruner+Finetune BookCorpus (Zhu et al., 2015) 985M  Alpaca 9.5M
LLM-Streamline+Finetune  SlimPajama-6B (Soboleva et al., 2023) 6.0B  SlimPajama-6B 6.0B

Table 3: Centralized baseline training data (original implementations). We summarize the general-purpose
datasets used by each non-FL pruning baseline, separating multi-stage pipelines into Stage 1 (pruning/calibration)
and Stage 2 (recovery/finetuning).

(a) Early Convergence (Rounds 0-10) (b) Pruning Rate Convergence (c) Full Training (100 Rounds)
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Figure 4: Training dynamics of SFT-P on LLaMA-7B across four heterogeneous clients with target pruning rate
p = 0.5. (a) Per-client validation perplexity during early training, showing rapid convergence from initial mean
PPL of 45.5 to below 5.0 within two communication rounds despite non-IID data distributions. (b) Pruning rate
convergence computed from the budget regularization loss, demonstrating that all clients synchronously reach
the 50% target (grey band: +2%) by round 4, validating the effectiveness of the soft budget constraint. (c) Full
100-round training trajectory.

and then apply merge(X,Uy; 7). This shows
that routed computation can be implemented us-
ing smaller dense submatrices (plus lightweight
gather/scatter), without introducing unstructured
sparsity.
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Component Setting

Federated setup

Clients / tasks 4 clients: Arc_easy, PIQA, HellaSwag, WinoGrande

FL algorithm FedAvg, full participation (g=1)

Rounds 100 communication rounds

Local compute budget max 100 update steps per client per round

Client aggregation average updates with equal client weight (1 task per client)
Backbone + data

Backbone LLaMA-7B

Sequence length 512

Batch size 4

Gradient accumulation 1

Pruning budgets

Uniform budgets 20% and 50% structured pruning

Mixed budget 20/20/50/50 for (Arc_easy, HellaSwag, PIQA, WinoGrande)

Budget regularization

A=16in Eq. (13)

Mask generator and gating
Mask generator
Client conditioning

2-layer MLP (hidden size 32)
private client embedding e;, when C enabled

Binary gating ReinMax-style straight-through estimator (Eq. (12))
Gate hyperparameters bias ¢=3.0, temperature 7=0.4

Optimization

Optimizer AdamW

Learning rate (LoRA, if enabled) 2 x 107

Learning rate (mask generation)

1 x 1072 for (O, ex,)

Weight decay 0.05 (mask generator)

Gradient clipping llgll2 < 1.0

LR schedule cosine annealing for LoRA; none for mask generator
Adapters (when A enabled)

LoRA modules attention projections (q_proj, v_proj)

LoRA rank / scaling r=8, a=16

LoRA dropout 0.05

Precision / quantization

Backbone loading 4-bit quantized backbone for efficiency

Trainable precision bfloat16 for trainable parameters

Evaluation

Benchmarks Arc_easy, HellaSwag, PIQA, WinoGrande (0-shot via Im-eval)
Splits Arc_easy: test; others: validation (Im-eval default)

Table 4: Training hyperparameters and experimental settings. We report the configuration used for all experi-
ments unless stated otherwise.
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Figure 5: Layer-wise routing masks and sparsity profile for a single client (Arc_easy). (SFT-P +C/+A with
50% budget for LLaMA-7B) Left: binary routing masks across all pruned layers (rows) over the hidden dimension
(columns), where 1/0 indicates whether a channel is selected by the learned structural gate. Right: per-layer mask
density (fraction of active channels), summarizing how the pruning budget is distributed across depth; dashed line
marks 0.5 density for reference.
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Method Arc_easy (Acc) HellaSwag (Acc) PIQA (Acc) WinoGrande (Acc) Avg
20% structured pruning budget (LLaMA2-7B)

FLAP 40.24 41.97 63.11 53.91 49.81
SliceGPT+Finetune 64.27 62.32 73.07 63.61 65.82
LLM-Streamline+Finetune 68.52 71.22 76.38 67.64 70.94
LLM-Streamline+Finetune (FL) 57.79 65.33 70.78 66.06 64.99
SFT-P +C/NOA 71.76 64.44 76.93 63.54 69.17
SFT-P +C/+A 71.89 65.34 76.22 62.59 69.01
50% structural pruning budget (LLaMA2-7B)
FLAP 34.85 39.67 61.64 51.38 46.89
SliceGPT+Finetune 41.71 38.15 61.04 54.78 48.92
LLM-Streamline+Finetune 40.66 39.69 65.29 49.25 48.72
LLM-Streamline+Finetune (FL) 26.43 26.42 51.58 50.83 38.82
SFT-P +C/NOA 52.40 40.82 68.61 50.83 53.17
SFT-P +C/+A 52.02 41.07 67.08 51.78 52.99
20% structural pruning budget (Qwen2-7B-Instruct)

SFT-P +C/NOA 74.24 73.93 79.00 68.27 73.86
SFT-P +C/+A 77.74 74.15 79.38 69.85 75.28
50% structural pruning budget (Qwen2-7B-Instruct)

SFT-P +C/NOA 65.61 55.38 74.05 59.91 63.74
SFT-P +C/+A 64.81 55.88 73.50 59.59 63.45
20% structural pruning budget (LLaMA3.1-8B)

SFT-P +C/NOA 78.16 71.02 79.16 70.71 74.76
SFT-P +C/+A 74.03 68.00 76.61 65.59 71.06
50% structural pruning budget (LLaMA3.1-8B)

SFT-P +C/NOA 60.14 45.54 68.66 55.17 57.38
SFT-P +C/+A 58.96 45.93 70.78 54.38 57.51

Table 5: Additional results across models and pruning budgets. We report accuracy (%) on Arc_easy, HellaSwag,
PIQA, and WinoGrande under two structured pruning budgets (20% and 50%) for LLaMA2-7B, and additionally
include results for Qwen2-7B-Instruct and LLaMA3.1-8B. Methods without “(FL)” are centralized (non-federated)
structural pruning baselines listed for reference, whereas entries marked “(FL)” and all SFT-P variants are trained
with the same round-based FedAvg protocol described in the main paper. Across settings, federated instantiations of
prior baselines typically underperform their centralized counterparts, highlighting the difficulty of pruning/recovery
under non-IID private data and limited per-client supervision; in contrast, SFT-P remains competitive and often
improves within the federated regime, with client conditioning (C) providing the primary gains and adapter
co-training (A) offering additional robustness at higher pruning ratios. Bold/underlined numbers indicate the
best/second-best within each pruning-budget block.
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