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Abstract001

Deploying large language models (LLMs) on002
personal devices is appealing because the most003
useful interactions depend on private, user-004
specific context, yet on-device inference and005
adaptation are constrained by memory, la-006
tency, and energy budgets. Structural pruning007
can reduce runtime cost by removing coher-008
ent computation units while preserving dense-009
kernel execution, but most existing pruning010
pipelines are developed in centralized settings011
with shared corpora and optimize for broadly012
averaged capability, which is misaligned with013
personalized objectives and difficult to trans-014
fer to privacy-sensitive, non-IID client data.015
We present Structural Federated Tuning and016
Pruning (SFT-P), a federated framework that017
learns the pruning decision jointly with training018
under a round-based FedAvg protocol. SFT-019
P uses a client-conditioned mask generator020
with globally shared parameters and a private021
on-client embedding to produce hard routing022
masks, enabling client-specific structured prun-023
ing specified budgets; it can optionally co-train024
lightweight low-rank adapters to improve ro-025
bustness at higher pruning ratios. Experiments026
on four heterogeneous client tasks show that027
federating pruning decisions with training is028
especially beneficial under aggressive compres-029
sion, where SFT-P improves the best federated030
baseline by +8.5 Avg points on LLaMA-7B at031
50% pruning.032

1 Introduction033

Large language models (LLMs) are rapidly be-034

coming personal computing infrastructure: they035

sit inside email clients to draft replies (Li et al.,036

2025), inside IDEs to assist coding (Li and Izadi,037

2025), and inside note apps to reorganize scattered038

thoughts (Tsai et al., 2025). The most valuable039

interactions often happen close to the user’s con-040

text, yet the devices that naturally host this context,041

phones, laptops, and office desktops, operate under042

tight memory, latency, and energy budgets (Chen043
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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 044

question: how can we deploy and adapt LLMs on- 045

device without sacrificing the capabilities that each 046

user actually needs? 047

Structural pruning is a practical step toward this 048

goal (Ma et al., 2023). By removing entire archi- 049

tectural units such as channels, neurons, and atten- 050

tion heads, structural pruning yields real inference 051

speedups on commodity hardware, unlike many un- 052

structured sparsification schemes (Bai et al., 2024; 053

Xu et al., 2024) that depend on specialized ker- 054

nels. Recent structural pruning methods (Ashkboos 055

et al., 2024; Gao et al., 2024b; Hu et al., 2024) re- 056

lax architectural dependence along the embedding 057

dimension, allowing different blocks to select dif- 058

ferent feature subsets and to adopt different widths, 059

which naturally supports depth-dependent budget 060

allocation and improves the accuracy–efficiency 061

tradeoff. As a result, structurally pruned LLMs are 062

attractive for edge deployment (Qu et al., 2025). 063

However, personal deployment exposes a mis- 064

match between how pruned models are usually pro- 065
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duced and what users actually want. Standard prun-066

ing pipelines typically rely on centralized recovery067

data and shared calibration objectives (Zhang et al.,068

2024b; Chen et al., 2024), which are often unavail-069

able in privacy-preserving settings and can degrade070

under non-IID client distributions. Yet user de-071

mands are inherently skewed: a researcher may072

care most about coding assistance and long-form073

technical writing with consistent citations, while a074

customer support agent may prioritize fast email075

drafting with the right tone and reliable extraction076

of action items from messy notes. As illustrated077

in Fig. 1, under strict budgets, spending capacity078

to preserve every capability uniformly is ineffec-079

tive; the better objective is to preserve the right080

capabilities for each user.081

The most direct supervision for such personal-082

ization is the user’s own data, but this immediately083

raises two issues. First, per-user data are often too084

small to reliably steer pruning or recovery. Second,085

across clients (each corresponding to a user device)086

the data are non-IID (McMahan et al., 2017): there087

exist clients k ̸= k′ such that Pk(x, y) ̸= Pk′(x, y),088

where (x, y) denotes an input output example and089

Pk is the local data distribution on client k; for ex-090

ample one device contains mostly source code, IDE091

interaction traces, and LATEX drafts, while another092

contains email threads, and meeting notes. Naively093

aggregating updates can blur distinct requirements094

and degrade personalization, while centralizing raw095

data is typically unacceptable for privacy (McMa-096

han et al., 2017). In our evaluation, we model this097

heterogeneity by treating distinct capability profiles098

as separate clients (e.g., different benchmark tasks),099

which lets us isolate non-IID effects in a controlled100

setting. In addition, clients often face different de-101

vice constraints, inducing heterogeneous pruning102

budgets; jointly learning client-specific structures103

under a shared global model can therefore lead to104

budget conflicts during aggregation.105

Federated learning (FL) (Kairouz et al., 2021)106

provides a principled way to leverage private, dis-107

tributed user data without centralizing raw text, and108

has recently been explored for adapting LLMs pri-109

marily via training or instruction fine-tuning, often110

through parameter-efficient updates such as low-111

rank adapters to reduce computation and communi-112

cation (Zhang et al., 2024a; Qin et al., 2025). How-113

ever, existing pipelines typically assume a fixed114

deployed architecture, aggregating only client-side115

parameter updates while keeping compression and116

structural choices fixed or centrally determined. In117

parallel, federated pruning studies investigate how 118

to learn or allocate client-specific architecture un- 119

der privacy constraints, but have largely focused 120

on non-LLM backbones (Gao et al., 2024a; Huang 121

et al., 2023) or do not address flexible structural 122

pruning for LLMs (Bai et al., 2025). These gaps 123

motivate our central idea: incorporate structural 124

pruning into the federated workflow so that clients 125

collaboratively learn pruned LLM architecture un- 126

der both uniform and heterogeneous pruning bud- 127

gets. 128

Motivated by this view, we propose Structural 129

Federated Tuning and Pruning (SFT-P), a feder- 130

ated framework that integrates (i) round-based op- 131

timization and (ii) structured, mask-driven routing 132

for pruning decisions. SFT-P cleanly separates 133

globally shared components from client-private 134

state: the mask generator parameters (and, op- 135

tionally, lightweight tuning adapters) are synchro- 136

nized across clients via FedAvg, whereas each 137

client maintains a private conditioning embedding 138

that steers its routed compute pattern from local 139

data without being exposed to the server. This 140

split encourages substantial shared structure via the 141

global generator while allowing small, consistent 142

client-specific deviations through private embed- 143

dings. This design supports capability-preserving 144

personalization when clients have different device 145

budgets and non-IID client data, and it also allows 146

optional adapter co-training to recover capacity at 147

higher pruning ratios. Empirically, we find that 148

federating pruning together with training yields 149

stronger personalization–efficiency trade-offs than 150

regular general-purpose pruning methods. 151

• We propose a federated framework that inte- 152

grates structural pruning into LLM adaptation, 153

targeting personalized capability preservation 154

under privacy constraints and non-IID user 155

data. 156

• We instantiate a residual-safe routed compu- 157

tation interface that keeps the residual stream 158

width fixed while enabling block-wise feature 159

selection and depth-dependent width alloca- 160

tion with dense-kernel compilation, so clients 161

can obtain different routed compute patterns 162

under the same pruning ratio. 163

• We adopt a client-conditioned mask genera- 164

tor with a shared hypernetwork and a private 165

per-client embedding; hard routing masks are 166
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obtained via Bernoulli gating with a straight-167

through estimator with ReinMax (Liu et al.,168

2023).169

• We empirically demonstrate improved person-170

alization efficiency trade-offs under uniform171

and heterogeneous (mixed) pruning budgets172

compared with post-hoc pruning and feder-173

ated instantiations of existing structural prun-174

ing pipelines.175

2 Related Work176

Structural pruning in LLMs accelerates infer-177

ence by removing coherent parameter groups (e.g.,178

heads and channels) so that the compressed model179

can execute with standard dense kernels on com-180

modity hardware, rather than relying on sparse181

accelerators. Early LLM-focused work, such as182

LLM-Pruner (Ma et al., 2023), demonstrates that183

structured pruning can be paired with lightweight184

recovery (e.g., LoRA) using a relatively small cali-185

bration set (reported as 50K samples) to regain gen-186

eral capability. Subsequent methods increase recov-187

ery strength by coupling pruning with post-training188

or parameter-efficient tuning, often assuming ac-189

cess to a large, centralized corpus: for instance,190

FLAP (An et al., 2024) relies on broad web corpora191

for recovery or calibration, such as SlimPajama-192

derived data (e.g., SlimPajama-6B is a sampled193

variant with 5,489,000 rows and about 6B tokens).194

This trend toward large, shared post-training cor-195

pora is effective for producing a general-purpose196

pruned model, but it also explains why such recipes197

can transfer poorly to federated settings: FL clients198

typically cannot access a common recovery corpus199

and instead have small, heterogeneous private data,200

so the pruning-and-recovery signal becomes client-201

dependent and non-uniform, making it difficult to202

maintain a consistent trade-off across capabilities203

when pruning is aggressive.204

Federated Learning (FL) for LLM adapta-205

tion has gained momentum alongside parameter-206

efficient fine-tuning, especially low rank adapters207

(LoRA), which freeze the backbone and train a208

small set of injected parameters to reduce both209

local training cost and communication overhead210

(Hu et al., 2022). Recent work applies this idea211

to decentralized instruction data: FedIT (Zhang212

et al., 2024a) casts federated instruction tuning as213

repeatedly training client side LoRA modules and214

aggregating them on the server, enabling privacy-215

preserving instruction tuning without collecting216

raw prompts or responses centrally. FedHDS (Qin 217

et al., 2025) pushes this direction further by making 218

federated instruction tuning data efficient, selecting 219

a representative subset of edge side data to reduce 220

redundant local computation and mitigate overfit- 221

ting while keeping data private. However, these 222

pipelines primarily optimize a fixed dense architec- 223

ture, so they improve training and communication 224

efficiency but do not directly solve deployment 225

time constraints, since clients still need to host and 226

run the full backbone for inference. In parallel, 227

federated pruning has been explored for years in 228

smaller backbones and vision models, and has re- 229

cently been extended to LLMs: FedSpaLLM (Bai 230

et al., 2025) proposes a federated pruning frame- 231

work for LLMs under client heterogeneity that 232

learns sparse masks on each client and aggregates 233

updates with sparsity aware mechanisms to meet 234

global sparsity targets. While this is an important 235

first step, it targets weight level sparsification and 236

is not designed for structural, dense kernel friendly 237

pruning that yields commodity speedups, nor does 238

it explicitly couple the compression choice with ca- 239

pability targeted personalization, which motivates 240

our focus on federating structural pruning decisions 241

(with optional lightweight tuning) under non-IID 242

private data. 243

3 Method 244

3.1 Routing interfaces for residual-safe width 245

decoupling 246

Transformer blocks are residual: each submodule 247

produces an update that is added back to a running 248

hidden state. Because the add operator requires 249

identical tensor shapes on both branches, many 250

structured pruning designs keep the residual stream 251

width fixed and perform width reduction only in- 252

side submodules. A convenient way to describe 253

and implement such designs is to view the model 254

as a fixed residual bus with layer-specific compute 255

lanes, connected by lightweight gather and scatter- 256

add interfaces. We adopt this view as a common so- 257

lution to avoid prune-together constraints induced 258

by residual shape alignment, while keeping the 259

macro-architecture intact. We treat the bus-and- 260

lane routing as an implementation choice for struc- 261

tured pruning in residual architectures, rather than 262

a new pruning criterion. 263

System view: a fixed residual bus with variable 264

compute lanes. We consider a fixed residual bus 265
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of width d throughout the network, while each sub-266

module executes on a smaller, layer-specific com-267

pute lane. Let Xl ∈ RB×T×d be the residual bus268

entering layer l (batch size B, sequence length T ).269

For each layer l and submodule m ∈ {attn,ffn},270

we define two routing specifications271

πm,in
l ⊆ {1, . . . , d}, πm,out

l ⊆ {1, . . . , d},272

with lane widths km,in
l = |πm,in

l | and km,out
l =273

|πm,out
l |. We implement two primitives:274

route(Xl;π) := Xl[:, :, π], (1)275

merge(Xl, Ul;π) := Xl + scatter(Ul;π), (2)276

where scatter(U ;π) writes U to indices π along277

the last axis (zeros elsewhere), and the addi-278

tion is an indexed add. Here route(·) returns279

a B×T×|π| lane tensor and merge(·) returns a280

B×T×d residual-bus tensor. In practice, route281

and merge map to runtime-friendly primitives such282

as index_select and index_add, and the residual bus283

always remains d-wide.284

Dense-submatrix equivalence. Our route/merge285

interface can be implemented without unstruc-286

tured sparsity: routed computation is equivalent287

to executing smaller dense submatrices (selected288

rows/columns) plus lightweight gather/scatter on289

the residual bus. We provide the algebraic equiva-290

lence in Appx. A.1.291

Generic routed residual update. Under this in-292

terface, each submodule m in layer l follows293

X̃m
l = Norm

(
route(Xl;π

m,in
l )

)
, (3)294

Um
l = fm

l

(
X̃m

l ;ωm
l

)
∈ RB×T×km,out

l , (4)295

Xl ← merge
(
Xl, U

m
l ;πm,out

l

)
, (5)296

where fm
l is instantiated as attention or feed-297

forward computation using compiled lane-specific298

weights. Crucially, (5) always returns a tensor299

in RB×T×d, so residual add compatibility is pre-300

served without requiring any cross-layer agree-301

ment on which feature channels are used. Par-302

ticularly, for self-attention, we first form X̃l =303

Norm(route(Xl;π
attn,in
l )), compute (Q,K, V ) =304

(X̃lW
Q
l , X̃lW

K
l , X̃lW

V
l ), and merge the routed305

output306

Xl ← merge
(
Xl, Attn(Q,K, V )WO

l ; πattn,out
l

)
.

(6)307
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Figure 2: Overview of SFT-P with client sampling ratio
q = 1. Each client k maintains a private embedding ek
that conditions a shared mask generator hΘ to produce
client-specific binary masks gk. These masks route
computation through personalized structural patterns
in the LLM, while optional adapters Φ provide addi-
tional capacity recovery. Only Θ (mask generator) and
Φ (adapters) are uploaded to the server for FedAvg ag-
gregation; ek and local data Dk remain private.

All projection matrices are compiled into lane- 308

specific dense submatrices (row/column selec- 309

tion) consistent with the route/merge indices; see 310

Appx. A.1. The feed-forward sublayer ffn uses the 311

same route-compute-merge pattern with its MLP 312

projections. 313

3.2 Client-conditioned Mask Generation 314

The routing interfaces in §3.1 require, for each 315

layer l and submodule m ∈ {attn,ffn}, two index 316

sets πm,in
l , πm,out

l ⊆ {1, . . . , d} that specify which 317

hidden features are read and written. We represent 318

each index set by a binary mask over the residual 319

bus, 320

gm,in
k,l , gm,out

k,l ∈ {0, 1}d, (7) 321
322

πm,in
l = {i : gm,in

k,l,i = 1}, (8) 323
324

πm,out
l = {i : gm,out

k,l,i = 1}, (9) 325

where k indexes a client. The masks are generated 326

by a small conditioning network, so that different 327

clients can realize different routing patterns. 328

Client-conditioned mask generator. Each client 329

k maintains a trainable embedding vector ek ∈ Rde 330

that captures persistent local preference. A shared 331

hypernetwork hΘ maps ek (optionally together 332

with a layer identifier) to mask logits: 333

sm,in
k,l = hm,in

Θ (ek, l) ∈ Rd, (10) 334

335
sm,out
k,l = hm,out

Θ (ek, l) ∈ Rd. (11) 336
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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 Θ(0) (and
optional adapters Φ(0)). Each client k
initializes private embedding e

(0)
k .

for r = 0, 1, . . . , R− 1 do
Server samples participating clients Sr with
|Sr| ≈ qK;

Server broadcasts current global parameters
(Θ(r),Φ(r)) to all k ∈ Sr (omit Φ if disabled);

foreach k ∈ Sr do // in parallel
Client sets local copies Θk ← Θ(r),
Φk ← Φ(r);

for t = 1, 2, . . . , E do
Sample a minibatch from Dk;
Generate hard masks gk using §3.2;
Compute Lk by Eq. (13);
Take one optimizer step on
(Θk,Φk, ek);

Client uploads (Θk,Φk) (never uploads ek);

Server aggregates (Θ(r+1),Φ(r+1)) by FedAvg
as in Eq. (15);

The parameters Θ are globally shared and will be337

aggregated by the server in FL, while ek remains338

local to client k. This split matches the federated339

constraint: the generator learns transferable struc-340

ture across clients, while the embedding provides341

lightweight client conditioning without exposing342

raw data.343

From continuous logits to hard routing masks.344

We require hard binary masks to instantiate rout-345

ing at training and deployment time. Rather than346

enforcing a hard top-K constraint, we treat each347

coordinate as a binary gate and obtain g ∈ {0, 1}d348

from logits s ∈ Rd using a binary straight-through349

estimator with the ReinMax estimator. Concretely,350

for each coordinate we form a Bernoulli probabil-351

ity π0 = σ(s + c) with a constant bias c (used to352

start from an all-ones mask at initialization), sam-353

ple B ∼ Bernoulli(π0) in the forward pass, and354

use a ReinMax-adjusted surrogate in the backward355

pass:356

g = ReinMaxBinary(s; τ, c), (12)357

where τ is a temperature controlling the softness of358

the surrogate. This yields hard gates in the forward359

computation while providing stable gradients to s360

through the surrogate.361

We follow a standard round-based federated op-362

timization protocol in which clients collaboratively363

learn (i) the shared mask generator and (ii) optional 364

lightweight adaptation parameters, while keeping 365

client-specific conditioning variables local. Con- 366

cretely, the server maintains the global parameters 367

of the mask generator (the hypernetwork) Θ. Each 368

client k maintains a private, trainable conditioning 369

vector ek (introduced in the previous subsection), 370

which is never uploaded. Optionally, we also en- 371

able parameter-efficient adaptation via low-rank 372

adapters with global parameters Φ, which are ag- 373

gregated in the same way as Θ. 374

Client objective. Let Dk denote client k’s local 375

text corpus. Given current (Θ, ek), the client con- 376

structs a discrete structural mask gk using the soft- 377

to-hard procedure described in §3.2. This mask 378

determines which routed lanes and sliced weight 379

blocks are active during forward computation. The 380

client then minimizes a standard causal language 381

modeling objective with a budget-matching regu- 382

larizer: 383

min
Θ, ek,Φ

Lk =LCLM
k (Θ, ek,Φ)+

λR
(
T (gk), p Ttotal

)
.

(13) 384

Here LCLM
k (Θ, ek,Φ) denotes the standard 385

causal language modeling loss on client k’s lo- 386

cal corpus (next-token prediction), evaluated un- 387

der the client-specific routed structure induced by 388

gk(Θ, ek) and the optional adapter parameters Φ. 389

T (gk) is the number of parameters (or equiva- 390

lently, the accounted parameter budget) activated 391

by the mask gk, Ttotal is the total parameter count 392

of the dense backbone, and p ∈ (0, 1] is the tar- 393

get remaining-parameter ratio (fixed in our exper- 394

iments, e.g., p = 0.8 for 20% pruning). We use a 395

simple scale-invariant penalty that drives the active 396

budget toward pTtotal: 397

R(x, y) = log

(
max(x, y)

min(x, y)

)
, (14) 398

which equals 0 when x = y and increases symmet- 399

rically when x deviates from y. 400

Round-based parameter updates. We use a 401

round-based FedAvg protocol (Alg. 1): clients run 402

up to E local steps optimizing Eq. (13) with masks 403

from §3.2, keep ek local, and upload only (Θk,Φk) 404

for server aggregation by Eq. (15); repeat for R 405

rounds. 406
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After local steps finish, each client uploads its407

update (or the updated parameters) for the shared408

variables, and the server aggregates via FedAvg:409

Θ(r+1) ←
∑
k∈Sr

nk∑
j∈Sr

nj
Θk,

Φ(r+1) ←
∑
k∈Sr

nk∑
j∈Sr

nj
Φk,

(15)410

where nk is the number of local samples (or tokens)411

used by client k in this round. This “communicate412

after a fixed number of local steps” schedule decou-413

ples communication frequency from a client’s local414

epoch length, making the communication budget415

explicit and easy to control.416

Optional adapter co-training. When adapters417

are enabled, Φ is trained jointly with Θ under the418

same objective (13) and aggregated by (15). Intu-419

itively, when the pruning ratio is mild, the masked420

backbone may already retain sufficient capacity421

and adapters can be unnecessary. At higher prun-422

ing ratios, adapters provide a small amount of ad-423

ditional trainable capacity that can compensate for424

the reduced structural flexibility and improve down-425

stream performance, while keeping local computa-426

tion and communication modest.427

4 Experiments428

We evaluate SFT-P with two goals. (1) We test429

whether learning structural pruning within the430

federated workflow improves the personalization–431

efficiency trade-off under non-IID client data, com-432

pared to applying centralized pruning recipes or433

naively porting them to FL. (2) We examine434

whether SFT-P can support heterogeneous client435

budgets (mixed pruning ratios) while sharing a sin-436

gle global mask generator, without inducing con-437

flicts across clients.438

4.1 Experimental Setup439

Baselines. We compare against representative440

structural pruning methods, including FLAP (An441

et al., 2024), SliceGPT+Finetune (Ashkboos et al.,442

2024), LLM-Pruner+Finetune (Ma et al., 2023),443

and LLM-Streamline+Finetune (Chen et al., 2024).444

We implement each baseline by following the445

authors’ released code, and we provide a table446

to describe the datasets they use in Tab. 3 in447

Appx. A. For some methods that involve an ex-448

plicit recovery stage (i.e. post-training), namely449

SliceGPT+Finetune, LLM-Pruner+Finetune, and450

LLM-Streamline+Finetune, we also evaluate a fed- 451

erated variant. To obtain a simple and reproducible 452

FL instantiation, we integrate these methods into a 453

FedAvg loop by aggregating once per local epoch, 454

which preserves the baselines’ canonical central- 455

ized training schedule while introducing periodic 456

synchronization across clients. We report results 457

from a single run for each method due to computa- 458

tional constraints. 459

Implementation details. We use the budget reg- 460

ularizer in Eq. (13) with λ=16 unless stated other- 461

wise. We evaluate four SFT-P variants by toggling 462

client conditioning (C) and adapter co-training (A): 463

NOC/NOA, NOC/+A, +C/NOA, and +C/+A. Train- 464

ing follows round-based FedAvg with full participa- 465

tion (q=1) over 100 rounds, with at most 100 local 466

update steps per client per round. We report results 467

under 20% and 50% structured pruning budgets and 468

a mixed-budget setting (20/20/50/50). Remaining 469

hyperparameters are in Tab. 4 in Appx. A. 470

Datasets and federated partitioning. We 471

evaluate on four widely used benchmarks: 472

Arc_easy (Clark et al., 2018), PIQA (Bisk et al., 473

2020), HellaSwag (Zellers et al., 2019), and 474

WinoGrande (Sakaguchi et al., 2021). We use each 475

task’s training split as the client-side fine-tuning 476

corpus, and report multiple-choice accuracy using 477

lm-eval on the standard evaluation split for each 478

task. 479

4.2 Performance Analysis 480

Tab. 1 reinforces our motivation that the compres- 481

sion decision itself should be learned within the 482

federated workflow when client data are non-IID 483

and capability demands are skewed. Among cen- 484

tralized baselines, LLM-Streamline+Finetune is 485

the strongest overall at 20% pruning (Avg. 70.88), 486

which is consistent with the current trend of cou- 487

pling structural pruning with large, general-purpose 488

post-training corpora: such data-rich recovery ef- 489

fectively preserves broad capabilities in a central- 490

ized setting. However, this advantage does not reli- 491

ably transfer to federated training. When we port 492

prior pipelines to FL (rows marked “(FL)”), perfor- 493

mance typically drops, especially under aggressive 494

pruning (50%), reflecting that their pruning-and- 495

recovery objectives were tuned for abundant shared 496

data and become brittle when recovery supervision 497

is fragmented across small, heterogeneous clients. 498

Notably, SliceGPT+Finetune is the only baseline 499

that benefits from the FL setting at 20% pruning 500
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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 77.91 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 53.91 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.

64×64

Arc_Easy Mask

64×64

HellaSwag Mask

64×64

PIQA Mask

64×64

Winogrande Mask

64×64

All Same

A Subset Mask in Layer 1 (4096 elements reshaped to 64×64)

0 1 All Same Different

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 64×64) 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 the501

best-performing FL baseline in this regime; a plau-502

sible explanation is that SliceGPT’s pipeline is com-503

paratively less dependent on massive centralized504

recovery data, making it better aligned with the505

limited-data, per-client supervision available in our506

federated protocol. In contrast, methods whose507

effectiveness is largely driven by data-intensive508

recovery (e.g., LLMPruner+Finetune and LLM-509

Streamline+Finetune) degrade when federated, sup-510

porting the interpretation that these designs work511

best when the recovery signal is sufficiently rich512

and shared.513

Against this backdrop, SFT-P achieves the best514

overall results across budgets. It consistently out-515

performs the federated instantiations of prior struc-516

tural pruning pipelines, and it remains competitive 517

with strong centralized pruning despite operating 518

under stricter privacy and data constraints. The 519

effect is most pronounced at 50% pruning, with an 520

+8.5 Avg-point margin over the strongest federated 521

baseline in Avg accuracy. Overall, these results 522

align with our storyline: rather than relying on a 523

large shared corpus to preserve general-purpose 524

ability, SFT-P federates the pruning decision with 525

training so that clients can learn shared structure 526

where it exists while retaining the flexibility to pre- 527

serve the right capabilities from private, non-IID 528

data. Additional results are shown in Tab. 5 in 529

Appx. A. 530

Mixed-budget Federated Pruning. In practi- 531

cal on-device deployment, clients rarely share a 532
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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 latency533

and memory constraints naturally induce heteroge-534

neous pruning budgets. To emulate this setting, we535

evaluate SFT-P under a mixed budget that applies536

20% structured pruning on Arc_easy/HellaSwag537

and 50% on PIQA/WinoGrande (Tab. 2). The538

mixed-budget model preserves performance for539

both budget groups. Mixed-budget training540

achieves accuracy comparable to the correspond-541

ing uniform-budget runs on both lightly pruned542

(20%) and heavily pruned (50%) clients (Table 2),543

showing no evidence of “budget conflict” between544

clients with different compression targets. This sug-545

gests that a single global mask generator can sup-546

port heterogeneous budgets, while client condition-547

ing (and optional adapters) absorbs budget-induced548

heterogeneity without collapsing performance.549

4.3 Ablation Study550

The ablations in Tab. 1 isolate the contributions551

of client conditioning (C) and adapter co-training552

(A), directly testing our core design claims. First,553

enabling client-conditioned masks (+C) yields the554

most consistent gains over the unconditioned vari-555

ants (noC) at both budgets, validating that client-556

specific routing is critical for non-IID personal-557

ization: the shared generator captures transfer-558

able structure while private conditioning steers559

which capacity is preserved per client, aligning560

with our goal of preserving the right capabilities561

rather than uniformly retaining average ability. Sec-562

ond, adapter co-training (+A) acts as a robustness563

mechanism whose benefit is more pronounced un-564

der heavier pruning: at 50%, +A improves the best565

average (60.27 vs. 58.12 on +C/noA), consistent566

with the intuition that lightweight extra capacity567

helps compensate when structural flexibility is re-568

duced. Overall, the full model (+C/+A) provides569

the strongest trade-off by combining personaliza-570

tion via routing with capacity recovery via adapters.571

Cross-client mask agreement. Fig. 3 shows sub- 572

stantial overlap among learned masks across clients 573

(about 79% agreement for the illustrated submask 574

and 78% on average across layers), indicating that 575

much of the pruned structure can be learned collab- 576

oratively through the global mask generator, reduc- 577

ing per-client optimization burden. Meanwhile, the 578

remaining disagreement is structured rather than 579

noise: each client retains a non-trivial set of task- 580

specific active coordinates, motivating client condi- 581

tioning as a lightweight mechanism to deviate from 582

the shared structure when local data requires it. 583

Flexible layer-wise pruning. Fig. 5 in Appx A 584

illustrates that SFT-P allocates the global prun- 585

ing budget non-uniformly across depth, with sub- 586

stantial variation in layer-wise mask density for 587

a single client. This is aligned with the general 588

view (e.g., LLM-Streamline) that redundancy is 589

not evenly distributed across layers. Notably, we 590

observe a pronounced density drop around layer 591

∼24 for Arc_easy, suggesting that the task-relevant 592

representation may be concentrated into a narrower 593

subspace at that depth; we leave a mechanistic ex- 594

planation to future work. 595

5 Conclusion 596

We presented SFT-P, a federated framework that 597

jointly performs LLM adaptation and structural 598

pruning under privacy constraints and non-IID 599

client data. SFT-P learns client-specific hard rout- 600

ing masks via a globally shared generator condi- 601

tioned on private client embeddings, and can op- 602

tionally co-train lightweight adapters to recover 603

capacity under aggressive pruning. Across two 604

pruning budgets on LLaMA-7B, SFT-P consis- 605

tently outperforms federated instantiations of prior 606

structural pruning pipelines, supporting our central 607

claim that the compression decision itself should 608

be learned within the federated workflow rather 609

than applied post hoc. Crucially, SFT-P also re- 610

mains effective under heterogeneous client budgets: 611

in a mixed-budget setting (20/20/50/50), clients 612

share the same mask generator without conflicting 613

updates and achieve performance comparable to 614

uniform-budget training, suggesting that the shared 615

generator can simultaneously support both lightly- 616

and heavily-pruned clients. Finally, our mask analy- 617

ses show substantial cross-client agreement, which 618

allows shared structure to be amortized and reduces 619

training burden, while preserving systematic client- 620

specific deviations that motivate customization. 621
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Limitations622

First, our federated evaluation uses four public623

multiple-choice benchmarks as proxies for hetero-624

geneous clients. This design isolates capability-625

skew and non-IID effects in a controlled way, but626

it is still a simplification of real on-device data,627

which can be multi-domain, temporally drifting,628

and strongly long-tailed. Second, our main re-629

sults focus on downstream accuracy under fixed630

pruning budgets; translating these gains into end-631

to-end user experience (e.g., latency/energy on di-632

verse hardware and deployment stacks) depends633

on system-level factors that are outside the scope634

of this work and often require vendor-specific tool-635

ing and careful engineering. Third, we study a636

specific family of client-conditioned, mask-driven637

structural pruning under a residual-safe routing in-638

terface; while the framework is broadly compatible639

with other federated optimizers and additional adap-640

tation modules, exploring these combinations (and641

their stability/efficiency trade-offs) would require642

substantially expanding the experimental matrix.643

Finally, as with most federated LLM studies, our644

experiments do not model all real-world deploy-645

ment constraints simultaneously (e.g., intermittent646

connectivity, device availability, and heterogeneous647

compute), which are important for production sys-648

tems but are difficult to reproduce faithfully and at649

scale in academic settings.650
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A Appendix 808

A.1 Associativity view: equivalent dense 809

submatrix execution. 810

This bus-and-lane view also admits an equivalent 811

linear-algebra perspective that avoids unstructured 812

sparsity. Let P (π) ∈ Rd×k be the gather matrix 813

(columns of the identity) so that route(X;π) = 814

XP (π). For any dense linear map W ∈ Rd×h, 815

(XP (π)) (P (π)⊤W ) = X (P (π)P (π)⊤)W.
(16) 816

Rather than materializing the bus mask 817

P (π)P (π)⊤, one can materialize the smaller dense 818

matrix 819

Wπ := P (π)⊤W ∈ Rk×h, 820

and evaluate on the lane using standard dense 821

GEMMs. 822

Similarly, output write-back can be expressed 823

directly in terms of the merged update. Suppose 824

a submodule produces an intermediate activation 825

Z ∈ RB×T×h and an output projection W out ∈ 826

Rh×d, so the dense update is U := ZW out ∈ 827

RB×T×d. If we only intend to write to indices 828

π on the bus, one can compile the lane-specific 829

output matrix 830

W out
π := W outP (π) ∈ Rh×k, (17) 831

compute the lane update 832

Uπ := ZW out
π ∈ RB×T×k, (18) 833
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Method Stage 1 dataset Tokens Stage 2 dataset Tokens
FLAP WikiText-2 (Merity et al., 2016) 2.55M – –
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).
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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,Uπ;π). This shows834

that routed computation can be implemented us-835

ing smaller dense submatrices (plus lightweight836

gather/scatter), without introducing unstructured837

sparsity.838
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Component Setting
Federated setup
Clients / tasks 4 clients: Arc_easy, PIQA, HellaSwag, WinoGrande
FL algorithm FedAvg, full participation (q=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 λ=16 in Eq. (13)
Mask generator and gating
Mask generator 2-layer MLP (hidden size 32)
Client conditioning private client embedding ek when C enabled
Binary gating ReinMax-style straight-through estimator (Eq. (12))
Gate hyperparameters bias c=3.0, temperature τ=0.4
Optimization
Optimizer AdamW
Learning rate (LoRA, if enabled) 2× 10−5

Learning rate (mask generation) 1× 10−3 for (Θ, ek)
Weight decay 0.05 (mask generator)
Gradient clipping ∥g∥2 ≤ 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, α=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 lm-eval)
Splits Arc_easy: test; others: validation (lm-eval default)

Table 4: Training hyperparameters and experimental settings. We report the configuration used for all experi-
ments unless stated otherwise.

0 5000 10000 15000 20000 25000
Mask Dimension Index

0

4

8

12

16

20

24

28

La
ye

r 
In

de
x

0.0 0.5 1.0
Density

Density of Each Layer Mask

0

1

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.

13


	Introduction
	Related Work
	Method
	Routing interfaces for residual-safe width decoupling
	Client-conditioned Mask Generation

	Experiments
	Experimental Setup
	Performance Analysis
	Ablation Study

	Conclusion
	Appendix
	Associativity view: equivalent dense submatrix execution. 


