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Abstract001

Recent breakthroughs in Transformer-based002
large models, have driven widespread tasks,003
yet their reliance on centralized cloud de-004
ployment raises significant privacy risks due005
to sensitive data exposure. While edge-006
based collaborative inference offers a privacy-007
preserving alternative, existing methods face008
critical limitations: static model partitioning009
cannot adapt to dynamic edge resource fluc-010
tuations, and rigid multi-head attention han-011
dling overlooks semantic-critical prioritization012
and parallelism. We propose EdgeFormer, a013
latency-aware framework for distributed Trans-014
former inference in resource-constrained edge015
networks. EdgeFormer dynamically allocates016
model blocks across devices via efficiency-017
storage trade-off optimization and introduces018
collaborative Multi-Head Attention (cMHA),019
which distributes semantic-critical attention020
heads across devices while pruning redundant021
ones under real-time constraints. We further de-022
velop LiScore, a composite metric integrating023
attention diversity and latency costs, alongside024
a similarity-based retrieval method to reduce re-025
computation overhead. Extensive experiments026
demonstrate that EdgeFormer achieves up to027
2.01× inference acceleration over state-of-the-028
art baselines with ≤1.06% accuracy loss, main-029
taining robustness under varying edge condi-030
tions.031

1 Introduction032

Recent advancements in large language models033

(LLMs), such as GPT-4 (Achiam et al., 2023),034

LLaMA (Touvron et al., 2023) and DeepSeek (Guo035

et al., 2025), have shown remarkable generaliza-036

tion across diverse tasks, e.g., question answering,037

semantic understanding,and automated code gener-038

ation, propelling their adoption in real-world appli-039

cations (Liu et al., 2023b). Most LLM services cur-040

rently rely on centralized cloud infrastructures, re-041

quiring users to upload data to remote servers for in-042

ference (Lazuka et al., 2024). While this paradigm043

benefits from strong cloud capabilities, it poses 044

serious privacy risks, as sensitive data is transmit- 045

ted to and processed by third-party platforms (Das 046

et al., 2025; Pan et al., 2020). To mitigate these con- 047

cerns, edge deployment has emerged as a privacy- 048

preserving alternative (Hou et al., 2021). However, 049

edge devices often lack sufficient computational 050

and storage resources, making such deployment 051

challenging in constrained environments (e.g., mo- 052

bile laptops or terminals) (Schlegel et al., 2022). 053

A promising solution lies in distributed collab- 054

orative inference across trusted edge devices (Li 055

et al., 2022; Malka et al., 2024), which harmonizes 056

privacy protection with efficient resource utiliza- 057

tion. The central challenge in this paradigm is 058

to systematically exploit the inherent parallelism 059

of LLMs, particularly their Transformer architec- 060

tures, while dynamically adapting to volatile edge 061

environments characterized by fluctuating band- 062

width and heterogeneous device capabilities (Gol- 063

payegani et al., 2024). Achieving this requires inno- 064

vative strategies to partition, allocate, and schedule 065

computational workloads across devices (Zeng and 066

Chen, 2020; Chen et al., 2024b), ensuring both high 067

inference efficiency and strict adherence to model 068

accuracy constraints. 069

Existing research on distributed edge inference 070

has made strides in resource allocation (Liu et al., 071

2023a; Cai et al., 2024), model partition (Yang 072

et al., 2022) and compression (Wang et al., 2024; 073

Yu et al., 2024), yet critical gaps persist in ad- 074

dressing the unique demands of Transformer-based 075

models. Prior efforts often focus on task offload- 076

ing based on static device capabilities (Chen et al., 077

2024a) or rely on simplified model architectures, 078

such as DNNs (Li et al., 2024) and CNNs (Chen 079

et al., 2024b), which overlook the complexity and 080

granularity of Transformer workloads. Notably, 081

static partitioning approaches (Hu and Li, 2024; Ye 082

et al., 2024) allocate Transformer blocks in a fixed 083

manner, failing to account for dynamic fluctuations 084
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in edge resources — a key limitation for latency-085

sensitive inference. Furthermore, many existing086

frameworks treat multi-head attention (MHA) lay-087

ers as indivisible components of the Transformer088

structure (Cai et al., 2023; Wei et al., 2024), miss-089

ing the opportunity to dynamically distribute atten-090

tion heads across devices in response to real-time091

resource variability.092

To address these limitations, we propose Edge-093

Former, a framework for distributed collabora-094

tive Transformer inference on the edge. Edge-095

Former optimizes the deployment of Transformer096

blocks across heterogeneous devices by formulat-097

ing block allocation as a constrained optimization098

problem, prioritizing devices with high computa-099

tional efficiency per unit storage. Furthermore,100

it introduces cMHA, a novel collaborative Multi-101

Head Attention mechanism that distributes atten-102

tion heads across devices to exploit parallelism103

while adhering to storage and latency constraints.104

cMHA dynamically allocates heads to local and105

remote computation based on resource conditions.106

While cMHA improves resource utilization, fre-107

quent cross-device exchanges of Q/K/V projections108

and attention results introduce nontrivial commu-109

nication overhead. To mitigate this, we analyze110

the distribution of attention head weights across111

diverse input types, as illustrated in Fig. 1, drawing112

inspiration from structured pruning techniques (Xia113

et al., 2022; Fang et al., 2023). For a short input114

(Fig. 1a), lower layers (1-4) exhibit low attention115

weight variance (with 27.78% of heads identified116

as prunable), indicating redundancy and limited117

token correlation due to shallow feature extraction.118

In contrast, for a long input (Fig. 1b), the pruning119

potential rises to 31.94%, revealing increased input-120

dependent sparsity as more tokens contribute redun-121

dant information. These suggest that heads with122

low attention weights and variances contribute min-123

imally to model performance, making them ideal124

candidates for dynamic pruning under resource con-125

straints. These raise a pivotal question:126

Can we dynamically identify and prioritize se-127

mantically important heads under fluctuating edge128

resources to maximize inference efficiency without129

sacrificing accuracy?130

To answer this, we introduce LiScore, a Latency-131

aware head importance Score that jointly captures132

semantic contribution (quantified via attention di-133

versity, that is measured by the variance of attention134

weights across tokens) and execution latency (es-135

timated from local and remote computation costs136

(a) Short Input: “Tracy Morgan hasn’t appeared on stage since
...”. Lower layers (1-4): High redundancy (prunable heads:
20.83%), with low attention weight variance, indicating weak
token correlation. Higher layers (>4): Sparse redundancy
(prunable: <7%), reflecting specialized semantic roles.

(b) Long Input: “For four years we have waited expectantly
for the pitter patter of tiny paws. Soon, that wait could fi-
nally be over ...”. Lower layers (1-4): Increased pruning
potential (22.22%) due to token abundance amplifying redun-
dancy. Higher layers (>4): Critical heads dominate (prunable:
9.72%), emphasizing task-specific reasoning.
Figure 1: Attention redundancy analysis across layers in
GPT2-Small for (a) short and (b) long input sequences from
the ReCoRD dataset of SuperGLUE(Wang et al., 2019).

based on device capabilities and network condi- 137

tions). We formulate head allocation as a combi- 138

natorial optimization problem that seeks to max- 139

imize this score under storage and latency con- 140

straints. Given its NP-hard, a lightweight heuris- 141

tic algorithm is designed to iteratively assign criti- 142

cal heads to optimal devices and prune redundant 143

ones. To further minimize the overhead of con- 144

tinuously recalculating head importance, we pro- 145

pose a similarity-based retrieval mechanism that 146

leverages historical Q-K interaction patterns and 147

feature statistics to reuse precomputed LiScores 148

for similar heads. Extensive experiments demon- 149

strate obvious inference speedups over state-of-the- 150

arts with minimal accuracy degradation. Code is 151

at https://anonymous.4open.science/r/EdgeFormer- 152

E3C8. 153

The main contributions are summarized as: 154

• We propose EdgeFormer, a distributed infer- 155

ence framework for Transformer-based models that 156

optimizes block allocation across heterogeneous 157

edge devices via adaptive efficiency-storage prior- 158

itization, while enabling collaborative multi-head 159

attention through cross-device parallelism. 160

• We formulate dynamic head allocation as a 161

combinatorial optimization problem and solve it 162

using a two-stage heuristic that combines greedy 163
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prioritization with iterative pruning, effectively bal-164

ancing semantic integrity and real-time constraints.165

• We introduce a latency-aware composite im-166

portance metric that balances semantic impor-167

tance and execution efficiency, alongside a hier-168

archical similarity-based retrieval mechanism that169

reuses precomputed scores from analogous histori-170

cal heads to reduce recomputation overhead.171

• Extensive experiments demonstrate that Edge-172

Former achieves up to 2.01× inference speedup173

over state-of-the-art frameworks, with ≤1.06% ac-174

curacy loss on benchmark tasks. Visualization anal-175

ysis further validates the framework’s effectiveness176

in collaborative head attention.177

Due to space limitations, we defer a detailed178

discussion of related work to Appendix A.179

2 System Model180

2.1 System Overview181

1) System Composition182

The system comprises K devices, D =183

{D1, D2, ..., DK}. Each device Dk is character-184

ized by:185

Ck = (sk, fk), (1)186

where sk denotes its storage capacity (measured by187

the maximum number of continuous Transformer188

blocks it can store), and fk represents its computa-189

tional capability (FLOPS).190

2) Model Architecture191

The LLM consists of L identical Transformer192

blocks 1. Each block l ∈ {1, 2, ..., L} accepts and193

outputs a hidden state tensor of shape nctx× dmodel,194

where nctx is the context length (number of tokens),195

and dmodel is the hidden state dimension.196

Within each block l, there are Q/K/V projection197

maxtrices W l
q/k/v ∈ Rdmodel×dmodel , and an output198

projection matrix W l
o ∈ Rdmodel×dmodel . Also, there199

are H heads, where each head h ∈ {1, . . . , H} has200

the dimension dhead = dmodel
H .201

2.2 Block Allocation202

To balance computational efficiency and storage203

constraints, we formulate block allocation as a con-204

strained optimization problem, with objective of205

minimize the total computation latency while en-206

forcing device storage limits and block continuity:207

1The input token embedding and output logits projection
are omitted for brevity, since this work focuses on collabora-
tively computing the most resource-intensive blocks. They
could be deployed in any Dk to accept user input.

min
Mk

∑L
l=1

Cl
fk(l)

(2) 208

s.t. ∀k, |Mk| ≤ sk (Storage Capacity) 209

b
(k)
start = b

(k−1)
end + 1, ∀k > 1, (Continuity) 210

∪Kk=1 Mk = {1, 2, . . . , L}, (Completeness) 211

Mk = 212

[b
(k)
start, b

(k)
end], b

(k)
start, b

(k)
end ∈ Z+(Integer Interval) 213

where Cl is the computational workload of block 214

l (fixed for all blocks), fk(l) is the computational 215

capability (FLOPS) of the device assigned to block 216

l, and Mk = [b
(k)
start, b

(k)
end] is the continuous block 217

interval assigned to device k. The optimization is 218

solved with the following two steps to allocate each 219

device a partition of continuous blocks, as in Fig 2. 220

B1

𝐷1
′

(S1=2)

𝐷𝐾
′

M1=[1,2]

𝐷2
′

(S2=3)

B2 B3 B4 B5 BL-1 BL

M2=[3,5] MK =[L-1,L]

(SK=2)

Block
Layers

Block
Intervals

Ranked
Devices

Storage
Capacity

Figure 2: Transformer block partition based on device prioriti-
zation (computational capability per unit storage).

1) Device Prioritization ranks devices by their 221

efficiency ηk = fk
sk
, which quantifies computa- 222

tional capability per unit storage. We can get the 223

sorted device set: 224

D′ = {D′
1, ..., D

′
K}, ∀i < j ∈ {1, ...,K}, ηi > ηj . 225

2) Greedy Allocation sequentially assigns the 226

longest feasible continuous block interval to the 227

highest-priority device: 228

|Mk| = min
(
sk, L−

∑k−1
j=1 |Mj |

)
, ∀D′

k ∈ D′. 229

These steps minimize
∑L

l=1
Cl
fk(l)

under greedy 230

constraints, w.r.t. storage and continuity require- 231

ments. 232

2.3 Collaborative Attention 233

We detail collaborative MHA workflow and formu- 234

lations in Appendix B.1, due to space limitations. 235

2.4 System Cost 236

The total latency for each block l is calculated by: 237

T l = T l
QKV + T l

collab-att + T l
Wo+Norm. (3) 238

In the following, the superscript l in T is omitted 239

for simplicity. 240
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1) Q/K/V Projection Latency: It depends on241

the matrix multiplication in Eq. 18 as follows,242

TQKV =
3d2model
fk

. (4)243

2) Collaborative Attention Latency: Let de-244

vice k execute block l, and define:245

• Hk: Set of attention heads locally computed246

on Dk.247

• Hk′ : Set of heads offloaded to a neighbor248

device Dk′ .249

The latency splits into two components: One is250

the local head computation251

Tlocal-att = Tlocal-att(b) · |Hk|, (5)252

where Tlocal-att(b) =
n2

ctxdhead

fk
, ∀b ∈ Hk (6)253

The other is the remote head computation for all254

offloaded headsHk′ to device Dk′ :255

Tremote-att(k
′) = Tremote-att(k

′, b) · |Hk′ |, b ∈ Hk′

(7)

256

Tremote-att(k
′,b) =257

3dheadnctx

Bk→k′︸ ︷︷ ︸
Send QKV

+
n2

ctxdhead

fk′︸ ︷︷ ︸
Compute on Dk′

+
dheadnctx

Bk′→k︸ ︷︷ ︸
Receive Result

(8)258

Considering all collaborating neighbors, the259

overall remote attention latency is260

Tremote-att = max
Dk′

Tremote-att(k
′). (9)261

Hence, the final collaborative attention latency262

is263

Tcollab-att = max (Tlocal-att, Tremote-att) . (10)264

3) Local Post-Processing Latency:265

TWo+Norm =
d2model
fk

+
dmodel

fk
. (11)266

With T l, the total end-to-end latency (omitting267

the input token embedding and output logit projec-268

tion) of once inference is269

Ttotal =
∑L

l=1 T
l.

3 Method 270

Based on the system model, this section will detail 271

the key component (cMHA) of EdgeFormer. 272

3.1 Overview 273

The cMHA aims to optimize the execution of multi- 274

head attention layers in Transformer blocks by dy- 275

namically selecting attention heads for local com- 276

putation, offloading to neighbor devices, or prun- 277

ing, based on their semantic importance and system 278

efficiency. This approach balances two critical ob- 279

jectives: 280

• Semantic Preservation: Prioritize heads con- 281

tributing significantly to model accuracy through 282

attention diversity. 283

• Latency Minimization: Reduce end-to-end in- 284

ference latency by leveraging edge devices’ hetero- 285

geneous resources. 286

Specifically, cMHA operates in three key phases. 287

1) Latency-Aware Head Importance, integrates se- 288

mantic importance (via attention variance) and ex- 289

ecution latency (local/remote cost). 2) Dynamic 290

Importance Management, reuses precomputed im- 291

portance scores to reduce overhead. 3) Head Allo- 292

cation and Pruning, take a heuristic to assign heads 293

to devices under storage and latency constraints, 294

with iterative pruning to meet real-time require- 295

ments. 296

3.2 Latency-Aware Head Importance 297

To dynamically select each heads for local/remote 298

computing or pruning while balancing semantic 299

contributions and system efficiency, we introduce a 300

latency-aware importance metric that integrates 301

both attention diversity and execution latency. 302

For the b-th head in an MHA layer, let its atten- 303

tion weight matrix Ab ∈ Rnctx×nctx be: 304

Ab = softmax
(
Qb·K⊤

b√
dhead

)
, (12) 305

where Qb and Kb are query and key matrices of b. 306

Semantically, the importance score Ib is computed 307

by Ab: 308

Ib =
1

n2
ctx

nctx∑
x=1

nctx∑
y=1

(
Ax,y

b − µb

)2
+Hb, (13) 309

with µb = 1
n2
ctx

∑
x,yA

x,y
b . The entropy-based 310

importance of b-th head is defined as Hb = 311

−E
[∑nctx

i Ai
b logA

i
b

]
. Normalized scores Ib are 312

derived as: 313

Ib ←
Ib − Imin

Imax − Imin
, Ib ∈ [0, 1] (14) 314
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Figure 3: Workflow of importance retrival and update for a
head b (Input: Qb and Kb, Output: Ib∗ or Ib).

where Imin and Imax are the minimum and maxi-315

mum scores.316

To jointly prioritize heads with high semantic317

contributions and low execution latency, we define318

a latency-aware composite importance score Sb:319

Sb = λIb + (1− λ) 1
T (b) , (15)320

where λ ∈ [0, 1] balances accuracy and effi-321

ciency, and T (b) is the attention latency2 of head322

b executed locally (Tlocal-att in Eq. 5) or remotely323

(Tremote-att in Eq. 7) in Dk′ .324

This composite score prioritizes heads that are325

both semantic-critical and resource-efficient.326

3.3 Importance Retrieval and Update327

To minimize the computational overhead of recal-328

culating head importance scores Ib for every head’s329

hidden states (i.e., the Qb and Kb in Eq. 12), we330

propose an approximate retrieval mechanism that331

reuses precomputed importance scores from seman-332

tically similar historical states. This part details the333

methodology for clustering hidden states, perform-334

ing fast similarity search, and dynamically updating335

the importance mapping table, as shown in Fig. 3.336

1) Head-Specific Feature Extraction337

We capture unique patterns in {Qb,Kb} to de-338

fine head-specific similarity. Specifically, for each339

head b, two feature vectors are extracted.340

• Query-Key Interaction Feature (f inter
b ):341

f inter
b = (Q⊙K)1 ∈ Rnctx , 1 ∈ Rdhead ,342

representing the attention interaction of each token.343

Here, 1 is a all-ones vector.344

• Query/Key Separable Feature (f sep
b ):345

f
sep
b = Concat

(
Mean(Qb),Mean(Kb)

)
∈ R2dhead .346

In this way, f inter
b encodes head’s attention focus,347

and f
sep
b preserves query/key characteristics.348

2Note that the latency T (b) not only depends on head b
itself but also all others executed on the same device. Hence,
T (b) refers to Eq. 5 or Eq. 7, rather than Eq. 6 or Eq. 8.

2) Head-Conditioned Clustering 349

We group heads with similar {Qb,Kb} patterns 350

to enable targeted retrieval, using hierarchical clus- 351

tering (Fig. 4): 352

• Fold 1: Cluster heads into coarse groups using 353

f
sep
b (Euclidean distance). 354

• Fold 2: Refine clusters within each group using 355

f inter
b (cosine similarity). Then, we get a feature- 356

clustered importance mapping table: 357

M ≜
{(

C,
{
f

sep
b , f inter

b

}
, Ib

)}
, 358

where the clusters reflect both separable and inter- 359

active head behaviors, and automatically adapt to 360

diverse attention patterns (e.g., sparse vs. dense 361

heads). 362

3) Dynamic Importance Reuse 363

For a new Q/K pair {Qb,Kb}, we take the fol- 364

lowing three steps to achieve importance reuse. 365

• First, we perform head-level feature extrac- 366

tion, that computes f inter
b and f inter

b for head b (with- 367

out confusion, b is taken to denote the head’s 368

two-feature sample in the following parts of Sec- 369

tion 3.3). 370

• Second, we retrieve the most similar historical 371

head b∗ within its cluster: 372

b∗ = argminb′∈C(b) Sim(b, b′), (16) 373

where Sim(b, b′) is the similarity between b and b′ 374

defined as: 375

Sim(b, b′)=∥f sep
b −f

sep
b′ ∥2+ζ

(
1−cos(f inter

b , f inter
b′ )

)
,

(17) 376

whose uniqueness is proved in Theorem 1. Here, ζ 377

weights the interaction importance of samples. 378

• Third, we reuse Ib∗ for b, if their similarity 379

Sim(b∗, b) ≤ τ . 380

4) Head Importance Update 381

Due to space limitations, the detailed head im- 382

portance update and allocation strategies, together 383

with the algorithms and theoretical analysis, are 384

provided in Appendix C.1, C.2, C.3 and C.4. 385

feature samples centroids clusters

b1

|| f𝑏1
sep

− f𝑏′
sep

||2

cos(f𝑏1
inter − f𝑏2

inter)

b’

b2

(f𝑏1
sep

, f𝑏1
inter)b1 (f𝑏2

sep
, f𝑏2

inter)b2 (f𝑏′
sep

, f𝑏′
inter)b’ head samples: 

Figure 4: Hierarchical clustering of similar heads patterns.
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4 Experiment386

4.1 Experimental Setup387

Models and Datasets. We evaluate Edge-388

Former on four Transformer-based models: GPT2-389

Large (0.77B), OPT-1.3B, OPT-6.7B and OPT-13B390

(FP16), with specifications listed in Table 1. Ex-391

periments span the official validation (dev) splits392

of four SuperGLUE (Wang et al., 2019) tasks393

(ReCoRD, BoolQ, MultiRC, and WiC) to assess394

generalization across question answering, textual395

entailment, and sense disambiguation.396

Method Parameters. We set the parameters of397

cMHA as follows, the accuracy-efficiency balance398

coeeficient λ = 0.8, interaction importance ζ =399

0.6, similarity threshold τ = 0.6, and collaborative-400

attention latency threshold Tmax = 3.0, respec-401

tively, otherwise specified elsewhere.402

Testbed and Baselines. We build the Edge-403

Former testbed using PyTorch and the NVIDIA col-404

lective communication library, consisting of three405

devices with equivalent compute performance and406

memory configuration, each equipped with approx-407

imately 13 TFLOPS of computational capability408

and 11 GB of memory (otherwise specified else-409

where). Deployed with the same testbed, we com-410

pared EdgeFormer against:411

• HFAccelerate (Gugger et al., 2022): A Hug-412

ging Face library abstracting distributed PyTorch413

execution on heterogeneous hardware.414

•DeepSpeed (Rasley et al., 2020): A deep learn-415

ing optimization library that supports massive bil-416

lion parameter models at scale by sharding model417

parameters across GPUs.418

• Galaxy (Ye et al., 2024): A hybrid distributed419

parallel inference that integrates both tensor par-420

allelism and sequence parallelism in fine-grained421

computation and communication tiles.422

Evaluation Metrics. We employ three metrics:423

• Lat: Average inference latency (seconds).424

• Acc: Average task accuracy across samples.425

• Spd: Latency reduction relative to baselines.426

Table 1: Transformer-based Model Specifications.

Model Layers Heads Dimension Model Size

GPT2-L 36 20 1280 3.1 GB
OPT-1.3B 24 32 2048 5.2 GB
OPT-6.7B 32 32 4096 26 GB
OPT-13B (FP16) 40 40 5120 26 GB

4.2 Main Results across LLMs and Datasets 427

Table 2 presents a comprehensive performance 428

comparison between EdgeFormer and baselines 429

across multiple LLMs and datasets. For GPT2- 430

L, EdgeFormer outperforms baselines, achieving 431

latency reductions of up to 2.08× on ReCoRD, 432

2.07× on BoolQ, 1.91× on MultiRC, and 1.92× 433

on WiC, resulting in a 2.01× overall speedup com- 434

pared to HFAccelerate. These results highlight 435

EdgeFormer’s efficiency in optimizing distributed 436

inference for resource-constrained edge networks, 437

with minimal accuracy degradation (overall accu- 438

racy drop ≤1.06%, from 43.75% to 42.69%). In 439

comparison, DeepSpeed and Galaxy show smaller 440

speedups of 1.20× and 1.75×, respectively. As the 441

LLM size increases to OPT-1.3B and OPT-6.7B, 442

EdgeFormer continues to outperform the baselines, 443

achieving overall speedups of 1.79× on OPT-1.3B 444

and 1.96× on OPT-6.7B, demonstrating its scalabil- 445

ity. In contrast, DeepSpeed and Galaxy show more 446

modest improvements, with speedups of 1.06× and 447

1.40× on OPT-1.3B, and 1.10× and 1.40× on OPT- 448

6.7B. Notably, for OPT-13B (FP16), EdgeFormer 449

achieves an exceptional 1.98× speedup in over- 450

all latency compared to HFAccelerate, showcasing 451

its robust scalability and efficient task distribution 452

across devices for large-scale models. 453

4.3 Latency Breakdown 454

In Fig. 5, we detail the breakdown of the total la- 455

tency of EdgeFormer into three stages: Head Prun- 456

ing, Device Assignment, and Distributed Inference. 457

Notably, Distributed Inference (Stage 3) dominates 458

the overall latency across all datasets, accounting 459

for over ≥90% of the total time. In contrast, Head 460

Pruning (Stage 1) and Device Assignment (Stage 461

2) contribute only marginally, typically under 2% 462

and 6%, respectively. For instance, in the ReCoRD 463

dataset, Stage 1 and Stage 2 together account for 464

just 4% of the total 2.89s. This pattern is consistent 465

across datasets, indicating that the bulk of latency 466

stems from executing the model itself rather than 467

pre-inference dynamic planning. 468

4.4 Memory Overhead Analysis 469

In Fig. 6, we detail the memory overhead intro- 470

duced by EdgeFormer on three homogeneous de- 471

vices, decomposed into three components: operat- 472

ing system (OS), LLM parameters (LLM), and the 473

mapping table (MT). As expected, LLM memory 474

constitutes the majority of consumption, scaling 475
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Table 2: Performance of EdgeFormer and baselines on various LLMs and datasets (Acc:%, Lat: s).

Method ReCoRD BoolQ MultiRC WiC Overall

Acc Lat (Spd) Acc Lat (Spd) Acc Lat (Spd) Acc Lat (Spd) Acc Lat (Spd)

GPT2-L

HFAccelerate 32.48 3.18(×1.00) 38.97 2.61(×1.00) 54.95 1.99 (×1.00) 48.59 1.44(×1.00) 43.75 2.31(×1.00)
DeepSpeed 32.67 2.69(×1.18) 39.12 2.18(×1.20) 55.12 1.66 (×1.20) 48.75 1.16(×1.24) 43.92 1.92(×1.20)
Galaxy 32.44 1.84(×1.72) 38.87 1.49(×1.75) 54.83 1.14(×1.74) 48.12 0.79(×1.82) 43.57 1.32(×1.75)
EdgeFormer 31.88 1.53(×2.08) 37.64 1.26(×2.07) 54.33 1.04 (×1.91) 46.90 0.75(×1.92) 42.69 1.15 (×2.01)

OPT-1.3B

HFAccelerate 41.36 5.21(×1.00) 69.25 4.07(×1.00) 52.63 3.28(×1.00) 50.43 2.15(×1.00) 53.42 3.68(×1.00)
DeepSpeed 40.92 4.94(×1.05) 69.35 3.81(×1.07) 53.01 3.08(×1.06) 50.90 2.02(×1.06) 53.55 3.46(×1.06)
Galaxy 40.65 3.74(×1.39) 68.87 2.89(×1.41) 52.89 2.33(×1.41) 50.33 1.53(×1.41) 53.19 2.62(×1.40)
EdgeFormer 38.25 2.84(×1.83) 67.82 2.29(×1.78) 52.17 1.86(×1.76) 50.16 1.23(×1.75) 52.10 2.06(×1.79)

OPT-6.7B

HFAccelerate 62.65 13.61(×1.00) 75.06 11.05(×1.00) 74.55 8.25(×1.00) 73.08 6.04(×1.00) 71.34 9.74(×1.00)
DeepSpeed 61.97 12.58(×1.08) 75.17 10.17(×1.09) 75.48 7.43(×1.11) 73.90 5.36(×1.13) 71.63 8.89(×1.10)
Galaxy 61.56 9.83(×1.38) 74.59 7.94(×1.39) 74.87 5.83(×1.42) 72.57 4.19(×1.44) 70.90 6.94(×1.40)
EdgeFormer 61.24 6.97(×1.95) 73.04 5.67(×1.95) 72.51 4.20(×1.96) 71.09 3.06(×1.97) 69.47 4.98(×1.96)

OPT-13B (FP16)

HFAccelerate 64.54 14.26(×1.00) 77.64 11.68(×1.00) 78.42 8.69(×1.00) 75.93 6.45(×1.00) 74.13 10.27(×1.00)
DeepSpeed 64.19 12.87(×1.11) 77.16 10.55(×1.11) 77.81 7.93(×1.09) 75.63 5.81(×1.11) 73.70 9.29(×1.11)
Galaxy 64.05 10.05(×1.42) 76.87 8.24(×1.41) 76.94 6.19(×1.40) 74.38 4.54(×1.42) 73.06 7.26(×1.41)
EdgeFormer 63.24 7.09(×2.01) 75.42 5.91(×1.98) 75.31 4.42(×1.97) 73.34 3.38(×1.91) 71.83 5.20(×1.98)

proportionally with model size across all devices.476

For instance, in the OPT-13B (FP16) configuration,477

Device-1 allocates 9.7 GB solely for LLM parame-478

ters, while Devices 2 and 3 hold 9.7 GB and 9.8 GB,479

respectively. In contrast, the overhead from MT480

remains minimal ( ≤ 0.5 GB per device even for481

large models), highlighting the efficiency of Edge-482

Former’s coordination mechanism. OS memory483

usage is consistent across devices, typically remain-484

ing at 1.3 GB. Notably, these trends persist across485

all evaluated LLMs, indicating that EdgeFormer486

introduces only minor coordination overhead atop487

the standard memory footprint, thereby enabling488

efficient deployment of large-scale models in dis-489

tributed edge environments without introducing490

significant memory bottlenecks.491

4.5 System Parameter Analysis492

Varying Edge Conditions3. We evaluate the per-493

formance of EdgeFormer under varying edge con-494

ditions, including bandwidths (Fig. 7) and de-495

vice capacities (Fig. 8), respectively. Across496

all datasets (each 1500 samples), it can be ob-497

served that increasing bandwidth sequences (e.g.,498

200→400→600 Mbps, at the 500- and 1000-499

3Due to space limit, we only present experimental results
on OPT-1.3B here, putting results on other LLMs in our
source code, similarly for the following analysis on method
parameters, latency breakdown, memory overhead, etc.

sample, respectively) generally yield lower la- 500

tency and slightly better accuracy compared to 501

decreasing or unstable bandwidth scenarios (e.g., 502

600→400→200 or 400→600→200), indicating 503

that EdgeFormer benefits from early-stage commu- 504

nication efficiency. In terms of device heterogene- 505

ity, upgrading Device 1 (↑ at the 750-sample) con- 506

sistently improves latency and accuracy, whereas 507

downgrading Device 1 (↓ at the 750-sample) de- 508

grades both metrics, showing EdgeFormer’s sen- 509

sitivity to the slowest device in the system. Inter- 510

estingly, mixed-capacity settings (Device 1 ↑ & 511

Device 2 ↓) maintain balanced performance, sug- 512

gesting that EdgeFormer’s dynamic head schedul- 513

ing mitigates the impact of weaker devices through 514

adaptive computation distribution. These results 515

highlight EdgeFormer’s robustness and adaptability 516

in diverse edge environments. 517

We detail the remaining experiment in Appendix 518

D.1, due to space limit. 519

4.6 Ablation Study 520

We perform ablation studies with three variants: 521

• EdgeFormer-Full: Incorporates both Head 522

Pruning (HP) and Dynamic Scheduling (DS) as 523

defined in Eq. 15. 524

• EdgeFormer-w/o HP: Disables head pruning 525

by retaining all heads; only DS is applied. 526
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• EdgeFormer-w/o DS: Disables dynamic527

scheduling by statically allocating heads; only HP528

is applied.529

Table 3 presents an ablation study on Edge-530

Former using OPT-1.3B, evaluating the individ-531

ual contributions of Head Pruning (HP) and Dy-532

namic Scheduling (DS). The full model, incorporat-533

ing both components, achieves the lowest latency534

across all datasets, with 2.8s on ReCoRD, offer-535

ing a 3.4× speedup, while maintaining competitive536

accuracy. Removing HP (w/o HP) increases la-537

tency to 3.8s on ReCoRD, as it computes over all538

heads, although accuracy slightly improves due539

to the preservation of semantic capacity. In con-540

trast, excluding DS (w/o DS) leads to higher la-541

tency of 4.4s on ReCoRD, as static head allocation542

fails to exploit resource availability, reducing paral-543

lelism. Finally, the vanilla with both components544

removed (w/o both) shows the highest latency (9.5s545

on ReCoRD), confirming the necessity of both HP546

and DS for optimal performance. These results547

highlight that HP reduces redundant computation,548

while DS enables efficient parallelism, achieving549

the optimal balance between latency and accuracy550

in dynamic edge environments.551

Table 3: Ablation study of EdgeFormer (OPT-1.3B).

Variants ReCoRD BoolQ MultiRC WiC

Lat Acc Lat Acc Lat Acc Lat Acc

Full 2.8 38.2 2.3 67.8 1.9 52.2 1.2 50.2
w/o HP 3.8 39.8 3.5 68.9 2.6 53.7 1.8 52.1
w/o DS 4.4 38.8 4.4 67.7 3.1 52.7 2.1 50.9
w/o both 9.5 40.3 7.4 69.0 5.2 53.5 3.5 52.2

Figure 9: Visualization of pruned and allocated attention heads
across different blocks in heterogeneous device environments,
where heads are allocated to 20 TFLOPS device (Red Boxes),
13 TFLOPS device (Blue Boxes), and 7 TFLOPS device (Yel-
low Boxes), respectively (LLM: OPT-1.3B).

4.7 Visualizing Head Pruning & Allocation 552

To clarify the impact of EdgeFormer’s pruning and 553

allocation strategies, we visualize the distribution 554

of pruned and retained attention heads across layers 555

and edge devices in heterogeneous environments, 556

as shown in Fig. 9. On one hand, we can see 557

the layer-specific pruning patterns. Specifically, in 558

shallow layers (Blocks 1-6), selective pruning re- 559

moves 32% of heads (w/o any boxes in Fig. 9 (a)), 560

primarily those with low attention weight variance 561

(e.g., variance <0.1), propably due to that shal- 562

low layers focus on basic token correlations (e.g., 563

syntax), where redundancy is prevalent. In deeper 564

layers (Blocks 19-24), over 80% of heads are re- 565

tained (Fig. 9 (b)), as they encode task-specific 566

semantics (e.g., contextual reasoning). On the 567

other hand, we find that heads are dynamically as- 568

signed to heterogeneous devices based on computa- 569

tional capabilities, verifying the effectiveness of the 570

cross-device allocation strategy. Specifically, 20 571

TFLOPS device processes about 70% of retained 572

heads in deeper layers, leveraging its high memory 573

and compute power, 13 TFLOPS device handles 574

20% of heads, balancing workload and resource 575

constraints, and 7 TFLOPS device manages 10% 576

of heads, focusing on lightweight computations. 577

We detail Method Parameter Analysis, Case 578

Study in Appendix D.2, D.3 due to space limits. 579

5 Conclusion 580

This paper proposes EdgeFormer, a latency-aware 581

framework for efficient and privacy-preserving 582

Transformer inference in dynamic edge networks. 583

Through dynamic block allocation and collab- 584

orative multi-head attention guided by LiScore. 585

EdgeFormer significantly reduces inference latency 586

across diverse LLMs with negligible accuracy 587

loss. This work lays the groundwork for resource- 588

efficient, latency-critical LLM deployment at the 589

edge, with future extensions toward federated learn- 590

ing for enhanced privacy. 591
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Limitations592

The proposed latency-aware framework has some593

limitations. First, it relies heavily on high-speed594

communication among edge devices, which may595

become a bottleneck in practical deployments with596

constrained network bandwidth. Second, the frame-597

work assumes trusted edge devices for collabora-598

tive inference, which may limit its applicability in599

open or untrusted environments. Third, dynamic600

allocation and coordination among edge devices in-601

troduce additional overhead, particularly in highly602

volatile networks with frequent topology or re-603

source changes.604
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A Appendix for Related Work 813

A.1 Distributed Edge Inference 814

Recent advances in distributed edge inference aim 815

to improve efficiency under resource constraints 816

through optimized task offloading, model partition- 817

ing, and resource allocation. Early works (Li et al., 818

2021; Hou et al., 2022) proposed static partitioning 819

strategies for DNN/CNN models, allocating layers 820

to edge devices based on predefined computational 821

capabilities. Frameworks like (Xu et al., 2021) 822

introduced dynamic offloading to balance latency 823

and energy consumption, while (Yang et al., 2022; 824

Kong et al., 2023) explored model compression to 825

reduce communication overhead. However, these 826

approaches primarily target conventional architec- 827

tures (e.g., CNNs), treating models as monolithic 828

units and overlooking the fine-grained parallelism 829

inherent in Transformers. More recent studies (Cai 830

et al., 2023; Guo et al., 2024) have considered 831

Transformer block allocation but neglect the dy- 832

namic behavior of multi-head attention (MHA) and 833

fluctuating edge conditions. Approaches like (Ye 834

et al., 2024; Lee et al., 2024) attempt MHA parti- 835

tioning but rely on rigid head assignments, ignoring 836

semantic heterogeneity and real-time network vari- 837

ability and leading to suboptimal latency and lim- 838

ited adaptability. In contrast, Edgeformer integrates 839

dynamic block allocation via efficiency-storage pri- 840

oritization and latency-aware collaborative MHA, 841

enabling fine-grained, adaptive parallelism under 842

real-time resource constraints. 843

A.2 Transformer Model Pruning 844

Pruning has become a key strategy for reducing the 845

computational cost of Transformer models while 846

maintaining accuracy. Early studies (Michel et al., 847

2019; Voita et al., 2019) applied structured prun- 848

ing of entire attention heads or feed-forward lay- 849

ers, leveraging magnitude or gradient-based impor- 850

tance metrics. For instance, (Wang et al., 2020) re- 851

moved heads with low attention entropy, while (Lin 852

et al., 2020) used reinforcement learning to identify 853

redundancy. More recent efforts (Lagunas et al., 854

2021) introduced dynamic pruning that adapts spar- 855

sity to input complexity. However, these methods 856

primarily target cloud-based scenarios, assuming 857

abundant computational resources and ignoring la- 858

tency constraints in edge environments. Further- 859

more, they lack a unified framework that integrates 860

pruning with distributed computation, often prior- 861

itizing compression over real-time efficiency. In 862
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Figure 10: Workflow of the cMHA inference for block l in
device Dk.

contrast, this work introduces LiScore, a composite863

metric that jointly optimizes semantic importance864

and execution latency, while integrating pruning865

with collaborative offloading to achieve both effi-866

ciency and accuracy in dynamic edge settings.867

B Appendix for System Model868

B.1 Collaborative Attention869

As shown in Fig 10, for block l assigned to de-870

vice Dk, the collaborative inference for multi-head871

attention includes:872

1) Local Q/K/V Projection: Dk performs873

Q/K/V projections locally and then splits them into874

H heads as follows,875

Q/K/V l = W l
q/k/v · hl−1, (18)876

{Qh,Kh, Vh}Hh=1 = SplitHeads(Q/K/V l).
(19)

877

2) Cross-Device MHA Computation: Dk878

chooses the Q/K/V of multiple headsHk′ to send879

to a neighbor Dk′ (detailed in Section 3). For each880

head hk′ ∈ Hk′ , Dk′ computes:881

Attnlhk′
= Softmax

(
Qhk′

K⊤
hk′√

dk

)
Vhk′ . (20)882

After computation, the device Dk′ will send back883

Attnlhk′
to Dk.884

3) Local Post-Processing: When Dk receives885

all Attnlhk′
of the heads it has sent out to neighbor886

devices for cross-device attention computation, it887

will perform concatenation, along with the output888

projection and Add&Normalize operations:889

Attnl = Concat(Attnl1, ...,AttnlH), (21)890

hl = LayerNorm(AttnlW l
o + hl−1). (22)891

Blocks are strictly processed sequentially from l =892

1 to L.893

C Appendix for Method 894

C.1 Head Importance Update 895

For a head b′ that fails to match any existing cluster 896

within threshold τ , we recalculate its importance 897

score Ib′ according to Eqs. 12,13, and update Ib′ 898

into the mapping tableM: 899

• Compute the similarity of b′ to all existing 900

cluster centroids 901

Sim(b′, Cj) =
∥∥∥f sep

b′ − f sep
cj

∥∥∥
2

+ ζ
(
1− cos

(
f inter
b′ , f inter

cj

))
.

902

• If there is j that satisfies Sim(b′, Cj) ≤ τ , 903

assign b′ to Cj with the smallest Sim(b′, Cj) 904

and update the mapping table 905

M←M∪
{(

Cj ,
{
f

sep
b′ , f inter

b′
}
, Ib′

)}
.

• Else, we create a new cluster Cnew with b′ as 906

the centroid, and update the mapping table 907

M←M∪
{(

Cnew,
{
f

sep
b′ , f inter

b′
}
, Ib′

)}
.

In addition, we perform full reclustering (as the 908

above head-conditioned clustering) and reconstruct 909

the mapping table during idle periods, to maintain 910

cluster quality and adapt to evolving head patterns. 911

This two-fold update mechanism ensures robust 912

adaptation to both transient head variations and 913

long-term pattern shifts, critical for sustaining high- 914

performance collaborative inference in dynamic 915

edge environments. 916

C.2 Dynamic Head Allocation 917

This section formulates the allocation problem, fol- 918

lowed by a heuristic solution. 919

To minimize end-to-end latency while adhering 920

to inference accuracy, we formulate head retention 921

and device assignment as a unified optimization 922

problem that dynamically allocates attention heads 923

to devices based on their semantic importance, exe- 924

cution latency, and real-time resource availability. 925

To maximize the total composite importance of 926

retained heads, we formulate the dynamic head 927

allocation for MHA of block l in device k as an 928

12



optimization problem:929

max
∑H

b=1 Sb · I(xb ̸= 0), (23)930

s.t. C1 :
∑H

b=1 I(xb = k′) ≤ s′k′ ,931

∀k′ ∈ {1, 2, ...,K}932

C2 : Tcollab-att ≤ Tmax933

Here, C1 ensures that the allocated heads are within934

the left storage capacity s′k′ (measured by the max-935

imum number of heads Dk′ can store) of collabora-936

tor device k′, and C2 limits the maximum tolerable937

latency of collaborative attention.938

C.3 Heuristic Algorithm939

Given the NP-hard nature of the problem, we pro-940

pose a greedy heuristic algorithm to efficiently al-941

locate attention heads while balancing semantic942

importance and latency constraints.943

• Head Prioritization. Estimate Ib for each head944

b; sort heads in descending order of Ib.945

• Feasible Assignment. For each b, choose de-946

vices with sufficient storage (sk′ >1); assign947

b to k′ that minimizes T (b).948

• Latency-Bounded Pruning. After allocation,949

if C2 is violated, iteratively prune the lowest950

SB head until it is satisfied.951

Algorithm 1 details dynamic allocation, retain-952

ing O(HlogH+H ·K) time complexity as each953

head evaluates K devices once.954

C.4 Theorem955

Theorem 1. For any non-zero cluster centroid c,
the hierarchical clustering process uniquely deter-
mines the relationship between a head b and c. If
two distinct head b and b′ satisfy:{
∥f sep

b − f sep
c ∥2 = ∥f

sep
b′ − f sep

c ∥2 (Fold 1)

cos(f inter
b , f inter

c ) = cos(f inter
b′ , f inter

c )(Fold 2)

then b = b′, provided c ̸= 0.956

Proof. Clustering via Euclidean distance on sepa-
rable features:

∥f sep
b − f sep

c ∥22 = ∥f
sep
b′ − f sep

c ∥22. (Fold 1)

Simplifying yields:

∥f sep
b ∥

2
2 − 2f sep

b · f sep
c = ∥f sep

b′ ∥
2
2 − 2f sep

b′ · f
sep
c .

Algorithm 1 Heuristic Head Allocation & Pruning
Require: Heads H, Devices D, Storage s′k′ , Max latency

Tmax

Ensure: Assignment xb ∈ {0, 1, . . . ,K}
1: Stage 1: Prioritize Heads
2: Compute Ib for all b ∈ H (Eq. 15).
3: SortH as B (descending Ib).
4: Stage 2: Assign Heads to Devices
5: Initialize s′k′ ← remaining storage, Tcollab-att ← 0.
6: For each b ∈ B:
7: Generate candidates C = {k ∪ Dneigh}.
8: For k′′ ∈ C:

9: Compute ∆T =

{
Tlocal-att if k′′ = k

Tremote-att(k
′′) else

.

10: Rank C by ∆T (ascending).
11: For ranked k′′:
12: If s′k′′ ≥ 1 and Tcollab-att +∆T ≤ Tmax:
13: Assign xb ← k′′, decrement s′k′′ .
14: Tcollab-att ← max(Tlocal-att,maxk′ Tremote-att(k

′)).
15: Break.
16: If no valid k′′: Prune xb ← 0.
17: Stage 3: Enforce Latency Constraint
18: If Tcollab-att > Tmax:
19: Sort assigned heads by ascending Sb.
20: While Tcollab-att > Tmax:
21: Prune lowest-score head b′, set xb′ ← 0.
22: Recompute Tcollab-att.
23: Return assignments {xb}.

Within a cluster, use cosine similarity on interac- 957

tion features: 958

f inter
b · f inter

c

∥f inter
b ∥2∥f inter

c ∥2
=

f inter
b′ · f inter

c

∥f inter
b′ ∥2∥f inter

c ∥2
.

(Fold 2)
959

Let α = ∥f inter
b ∥2, β= ∥f inter

b′ ∥2, then f inter
b′ · 960

f inter
c = β

α(f
inter
b ·f inter

c ). 961

Substituting Fold 2 results into Fold 1, we derive 962

f sep
b = f sep

b′ and f inter
b = f inter

b′ . 963

Since f sep and f inter are jointly injective, b and 964

b′ must be identical. The hierarchical design en- 965

sures uniqueness: 1) Fold 1 isolates separable pat- 966

terns. 2) Fold 2 distinguishes interaction patterns 967

within clusters. 968

Thus, b = b′ if both Fold 1 and Fold 2 constraints 969

hold. 970

Theorem 2. The optimization problem in Eq. 23 is 971

NP-hard. 972

Proof. We prove the NP-hard of Eq. 23 by re- 973

ducing it into a multiple knap problem (MKP) as 974

follows: 975

• Mapping Devices to Knapsacks. Each device 976

Dk′ could be seen as a knapsack with a capac- 977

ity sk′ . 978
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Figure 11: Device Counts.
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Figure 12: Heterogeneous De-
vices.

• Mapping Heads to Items. Each attention head979

b corresponds to an item with the weight wb =980

1 representing one unit of storage per head and981

value vb = Sb denoting the composite score982

in Eq. 15.983

• Constraint Simplification. By relaxing C2 (set-984

ting Tmax → ∞, the problem reduces into985

MKP, where the goal is to maximize total986

value without exceeding knapsack capacities.987

MKP is a well-known NP-hard problem. Since the988

relaxation of Eq. 23 reduces to MKP, the original989

problem is at least NP-hard. Adding the latency990

constraint C2 further increases complexity, as veri-991

fying Tcollab-att≤Tmax entails solving a potentially992

NP-hard subproblem (e.g., nonlinear latency aggre-993

gation).994

Thus, unless P = NP , Eq. 23 admits no995

polynomial-time solution, requiring heuristics or996

approximation methods.997

D Appendix for Experiment998

D.1 System Parameter Analysis999

Diverse Device Counts. We evaluate the impact of1000

device count (13 TFLOPS) on EdgeFormer’s per-1001

formance using OPT-1.3B across four datasets in1002

Fig. 11, with a single-device setup as the baseline.1003

As the number of devices increases, latency consis-1004

tently decreases. For example, on ReCoRD, latency1005

drops from 7.53s with one device to 2.56s with1006

eight devices, achieving a 2.94× speedup. Simi-1007

larly, on BoolQ, latency improves from 6.07s to1008

1.99s (3.05× speedup), on MultiRC from 4.93s to1009

1.66s (2.97× speedup), and on WiC from 3.26s1010

to 1.11s (2.93× speedup). These results highlight1011

EdgeFormer’s effective parallelization of computa-1012

tions across devices, reducing latency while main-1013

taining stable accuracy. However, as the number of1014

devices grows, the rate of improvement diminishes1015

due to increased communication overhead. Despite1016

this, accuracy remains stable across datasets, with1017

a maximum drop of only 0.83%. This confirms that1018

EdgeFormer’s dynamic scheduling and collabora-1019

tive execution preserve model performance while1020

improving efficiency in edge environments.1021

Heterogeneous Devices. We further evaluate 1022

EdgeFormer’s performance under heterogeneous 1023

device configurations in Fig. 12. Among the three 1024

configurations, the system with two powerful de- 1025

vices (20 TFLOPS ×2) and one weaker device 1026

(13 TFLOPS) achieves the best latency across all 1027

datasets, emphasizing the benefit of using more 1028

capable devices to handle the majority of the work- 1029

load. Latency improves across all tasks, with the 1030

largest reduction observed on BoolQ (from 2.26s 1031

to 1.73s). In contrast, the configuration with one 1032

strong and two weaker devices results in slightly 1033

higher latency, especially for compute-heavy tasks 1034

like MultiRC, where bottlenecks from the less ca- 1035

pable devices become more evident. Despite these 1036

latency differences, accuracy remains nearly un- 1037

changed across all configurations, with fluctuations 1038

of only±0.85%, confirming that EdgeFormer’s dy- 1039

namic scheduling can effectively manage heteroge- 1040

neous device environments without compromising 1041

model performance. 1042

D.2 Method Parameter Analysis 1043

Parameter Analysis for λ. Fig. 13 shows the 1044

effect of varying the trade-off parameter λ in Eq. 1045

15, which balances semantic importance and exe- 1046

cution latency in EdgeFormer. As λ increases from 1047

0.2 to 0.8, accuracy improves across all datasets: 1048

ReCoRD increases from 34.5% to 38.3%, BoolQ 1049

from 56.9% to 67.8%, MultiRC from 46.8% to 1050

52.2%, and WiC from 47.8% to 50.2%. This indi- 1051

cates that incorporating more semantic importance 1052

into the head allocation process yields moderate 1053

performance gains. However, when λ increases 1054

from 0.8 to 1.0, accuracy gains begin to plateau, 1055

suggesting diminishing returns. Throughout all λ 1056

values, latency remains relatively stable, around 1057

2.8s on ReCoRD, 2.2s on BoolQ, 1.8s on MultiRC, 1058

and 1.2s on WiC. Thus, a moderate λ = 0.8 strikes 1059

the best balance, delivering near-maximum accu- 1060

racy while maintaining acceptable latency. 1061

Parameter Analysis for ζ. Fig. 14 shows the 1062

effect of the threshold parameter ζ in Eq. 17, which 1063

weights interaction importance of training samples. 1064

As ζ increases from 0.2 to 0.6, accuracy improves 1065

across all datasets: ReCoRD from 39.1% to 39.8%, 1066

BoolQ from 67.1% to 67.8%, MultiRC from 51.5% 1067

to 52.2%, and WiC from 49.3% to 50.2%. This sug- 1068

gests that moderate ζ values enhance the inclusion 1069

of informative heads. However, further increasing 1070

ζ to 0.8 and 1.0 leads to accuracy drops, especially 1071

on ReCoRD (38.3%) and WiC (48.1%), likely due 1072

14
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Figure 13: Analysis on λ.
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Figure 15: Analysis on τ .
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Figure 16: Analysis on Tmax.

to the inclusion of less relevant heads. Latency1073

remains stable across ζ values, with minor varia-1074

tions: around 2.9s for ReCoRD, 2.3s for BoolQ,1075

1.85s for MultiRC, and 1.2s for WiC. These indi-1076

cate that ζ = 0.6 achieves the best balance between1077

accuracy and latency.1078

Parameter Analysis for τ . Fig. 15 shows the1079

impact of the threshold τ , which governs the reuse1080

of importance scores between similar Transformer1081

blocks. As τ increases from 0.0 to 0.8, latency de-1082

creases across all datasets, indicating that reusing1083

importance scores for similar blocks effectively re-1084

duces computational overhead. For example, on1085

the ReCoRD dataset, latency drops from 5.48s at1086

τ = 0.0 to 2.37s at τ = 0.8. Similar reductions1087

are observed on BoolQ, MultiRC, and WiC. How-1088

ever, this latency reduction comes at the cost of1089

accuracy. On ReCoRD, for example, accuracy falls1090

from 42.2% at τ = 0.0 to 31.1% at τ = 0.8, with1091

similar declines on other datasets. This suggests1092

that while reusing importance scores improves ef-1093

ficiency, it may reduce accuracy as the threshold1094

for reuse becomes more lenient. Overall, τ =0.61095

offers the best trade-off, balancing low latency with1096

acceptable accuracy.1097

Parameter Analysis for Tmax. In Fig. 16, we1098

analynize the impact of the collaborative attention1099

latency thresholds Tmax (Eq. 23) on system perfor-1100

mance. As Tmax increases from 1.5s to 3.5s, latency1101

steadily grows across all datasets, reflecting the sys-1102

tem’s allowance for more remote attention opera-1103

tions. For instance, on ReCoRD, latency rises from1104

1.47s at Tmax=1.5s to 2.97s at Tmax=3.5s. Similar1105

trends are observed for BoolQ, MultiRC, and WiC.1106

Simultaneously, accuracy improves with higher1107

Tmax, especially on ReCoRD (30.1% → 40.2%),1108

BoolQ (48.5%→ 69.2%), and MultiRC (46.4%→1109

55.3%). Accuracy stabilizes around Tmax = 3.0s,1110

suggesting that relaxing the latency constraint al-1111

lows EdgeFormer to better leverage high-quality1112

remote attention heads, boosting prediction quality 1113

without significantly impacting inference delay. 1114

D.3 Case Study 1115

We present a case study for a representative query 1116

in Table 4, showing the impact scores, execution 1117

device of each attention head, current GPU usage 1118

rate of the device and real-time bandwidth. 1119

First, we can observe a clear layer-wise trend 1120

in head pruning. Specifically, layers 4, 8, 12, 16, 1121

and 20 exhibit progressively fewer pruned heads 1122

as the layer depth increases. This behavior is con- 1123

sistent with the intuition that deeper layers tend to 1124

preserve more semantically rich and task-critical 1125

information, making aggressive head pruning less 1126

favorable in later stages of the model. 1127

Second, It can be observed that the allocation 1128

of attention heads across devices is strongly influ- 1129

enced by the available network bandwidth. When 1130

the bandwidth is sufficient, attention heads with 1131

higher impact scores are preferentially offloaded to 1132

devices with lower GPU utilization and higher com- 1133

puting capacity (Device 1 having the highest capa- 1134

bility and Device 3 the lowest). In these layers with 1135

sufficient bandwidth (e.g., layers 4, 20), Device 1136

1 and Device 2 execute a larger number of high- 1137

impact heads while maintaining relatively lower 1138

GPU usage rate, whereas Device 3 handles fewer 1139

heads. In contrast, under bandwidth-constrained 1140

settings (e.g., layer 8), more attention heads are 1141

computed locally on the device hosting the current 1142

submodel (The bold numbers indicate the devices 1143

where the submodels are located), while cross- 1144

device head transfers are reduced. 1145

Third, we observe that GPU utilization further 1146

modulates head allocation when bandwidth is abun- 1147

dant. In layers where the current device exhibits 1148

high GPU usage (e.g., layer 16), the framework 1149

proactively redistributes more attention heads to 1150

other devices with lower utilization, effectively bal- 1151

ancing the computational load. 1152
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Table 4: Layer-wise head pruning and cross-device execution analysis. (IS: Impact Score, ED: Execution Device,
GU: GPU Usage (%), RB: Real-time Bandwidth (Mbps))

Head Layer4 Layer8 Layer12 Layer16 Layer20
IS ED DC RB IS ED DC RB IS ED DC RB IS ED DC RB IS ED DC RB

1 0.639 1 76% 774 0.156 3 68% 314 0.367 2 86% 556 0.932 2 82% 481 0.335 1 47% 924
2 0.301 2 46% – 0.809 1 74% – 0.259 3 58% – 0.789 2 82% – 0.928 1 47% –
3 0.142 – – – 0.432 1 74% – 0.499 2 86% – 0.150 – – – 0.558 1 47% –
4 0.058 – – – 0.121 3 68% – 0.897 2 86% – 0.748 2 82% – 0.461 1 47% –
5 0.662 1 76% – 0.197 2 51% – 0.425 2 86% – 0.287 – – – 0.926 1 47% –
6 0.374 2 46% – 0.511 1 74% – 0.827 2 86% – 0.225 3 62% – 0.208 2 65% –
7 0.109 – – – 0.402 1 74% – 0.265 1 42% – 0.126 – – – 0.489 1 47% –
8 0.225 2 46% – 0.537 1 74% – 0.509 2 86% – 0.045 – – – 0.242 2 65% –
9 0.128 – – – 0.475 1 74% – 0.297 1 42% – 0.583 2 82% – 0.766 1 47% –

10 0.967 1 76% – 0.291 1 74% – 0.519 2 86% – 0.663 2 82% – 0.995 1 47% –
11 0.748 1 76% – 0.275 1 74% – 0.254 1 42% – 0.457 1 49% – 0.803 1 47% –
12 0.635 1 76% – 0.155 2 51% – 0.455 2 86% – 0.801 2 82% – 0.261 2 65% –
13 0.631 1 76% – 0.851 1 74% – 0.764 2 86% – 0.525 2 82% – 0.693 1 47% –
14 0.584 1 76% – 0.276 1 74% – 0.972 2 86% – 0.064 – – – 0.946 1 47% –
15 0.408 1 76% – 0.397 1 74% – 0.359 1 42% – 0.594 2 82% – 0.147 3 87% –
16 0.366 2 46% – 0.768 1 74% – 0.256 1 42% – 0.835 2 82% – 0.256 2 65% –
17 0.426 2 46% – 0.344 1 74% – 0.206 – – – 0.445 1 49% – 0.117 3 87% –
18 0.102 – – – 0.174 2 51% – 0.993 2 86% – 0.575 2 82% – 0.353 2 65% –
19 0.141 – – – 0.031 – – – 0.352 2 86% – 0.941 2 82% – 0.984 1 47% –
20 0.549 1 76% – 0.039 – – – 0.499 2 86% – 0.486 1 49% – 0.141 3 87% –
21 0.529 1 76% – 0.621 1 74% – 0.659 2 86% – 0.415 1 49% – 0.081 – – –
22 0.779 1 76% – 0.641 1 74% – 0.229 3 58% – 0.377 1 49% – 0.322 2 65% –
23 0.601 1 76% – 0.026 – – – 0.299 1 42% – 0.115 3 62% – 0.812 1 47% –
24 0.075 – – – 0.374 1 74% – 0.192 – – – 0.905 2 82% – 0.358 1 47% –
25 0.367 3 59% – 0.477 1 74% – 0.858 2 86% – 0.355 1 49% – 0.265 2 65% –
26 0.487 1 74% – 0.727 1 74% – 0.723 2 86% – 0.845 2 82% – 0.575 1 47% –
27 0.158 – – – 0.215 2 51% – 0.468 2 86% – 0.671 2 82% – 0.524 1 47% –
28 0.415 2 46% – 0.225 1 74% – 0.378 2 86% – 0.532 2 82% – 0.176 3 87% –
29 0.585 1 76% – 0.291 1 74% – 0.569 2 86% – 0.732 2 82% – 0.471 1 47% –
30 0.161 3 59% – 0.194 2 51% – 0.356 1 42% – 0.545 2 82% – 0.939 1 47% –
31 0.709 1 76% – 0.719 1 74% – 0.251 3 58% – 0.834 2 82% – 0.661 1 47% –
32 0.522 1 76% – 0.528 1 74% – 0.248 3 58% – 0.258 3 62% – 0.301 1 47% –
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