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Abstract001

Real-time AI experiences call for on-device002
large language models (OD-LLMs) opti-003
mized for efficient deployment on resource-004
constrained hardware. The most useful OD-005
LLMs produce near-real-time responses and006
exhibit broad hardware compatibility, maxi-007
mizing user reach. We present a methodology008
for designing such models using hardware-in-009
the-loop architecture search under mobile la-010
tency constraints. This system is amenable to011
industry-scale deployment: it generates models012
deployable without custom kernels and com-013
patible with standard mobile runtimes like Ex-014
ecutorch. Our methodology avoids specialized015
attention mechanisms and instead uses atten-016
tion skipping for long-context acceleration.017

Our approach jointly optimizes model architec-018
ture (layers, dimensions) and attention pattern.019
To efficiently evaluate candidates, we treat each020
as a pruned version of a pretrained backbone021
with inherited weights, thereby achieving high022
accuracy with minimal continued pretraining.023
We leverage the low cost of latency evaluation024
in a staged process: learning an accurate la-025
tency model first, then searching for the Pareto-026
frontier across latency and quality.027

This yields MobileLLM-Flash, a family of028
foundation models (350M, 650M, 1.4B) for029
efficient on-device use with strong capabil-030
ities, supporting up to 8k context length.031
MobileLLM-Flash delivers up to 1.8× and032
1.6× faster prefill and decode on mobile CPUs033
with comparable or superior quality. Our anal-034
ysis of Pareto-frontier design choices offers ac-035
tionable principles for OD-LLM design.036

1 Introduction037

Deployment of efficient on-device large language038

models (OD-LLMs) on resource-constrained de-039

vices, e.g., mobile phones and smart glasses, is040

critical for enabling real-time AI experiences. The041

two distinguishing features of real-world on-device042

Figure 1: Comparison between MobileLLM-Flash and
state-of-the-art OD-LLMs. MobileLLM-Flash achieves
up to 1.8 × /1.6× faster prefill / decode on mobile
CPUs with superior accuracy than LFM2 (Amini et al.,
2025). Evaluation / benchmarking details are in Sec. 4.2.

AI assistants serving large scale industry-grade traf- 043

fic are: 1) They must operate near-real-time, with 044

a specific emphasis on time-to-first-token (TTFT) 045

since the decode rate can often be hidden by stream- 046

ing the model output back to the user; 2) They must 047

be close to general-purpose from a runtime per- 048

spective, avoiding complex building blocks that 049

require specialized kernels. These requirements 050

ensure models operate across diverse software and 051

hardware stacks (Android, iPhone, wearables). 052

The real-time requirement places an upper bound 053

on prefill latency, and therefore, on the number of 054

prefill tokens. While a 4s TTFT can still yield 055

a reasonable user experience, a 10s TTFT does 056

not (Nielsen, 1994; Kim et al., 2026). As such, 057

models should be optimized for the most practical 058

use cases. We find that ∼ 2k tokens is a sweet spot 059

where OD-LLMs can both perform useful tasks 060

and achieve TTFT ≤ 4s (Tab. 6). 061

Existing efficient LLM designs often prioritize 062

proxy metrics, such as parameter count or floating- 063

point operations per second (FLOPs), or focus on 064

server-side optimizations (Fu et al., 2025; Gu et al., 065

2025; Yang et al., 2025a). However, these meth- 066
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ods do not adequately capture the practical con-067

straints and performance bottlenecks encountered068

in real-world on-device deployment, leaving a gap069

for methodologies grounded in empirical latency070

and hardware-in-the-loop evaluation. Furthermore,071

designs relying on specialized kernels for efficient072

attention (Gu et al., 2025; Yang et al., 2025b; Dao073

and Gu, 2024) face significant barriers to large-074

scale adoption due to limited portability.075

Our main contributions are: 1) We present a076

hardware-in-the-loop, pruning-based architecture077

search that directly optimizes mobile prefill latency.078

This yields deployment-ready models, compatible079

with Executorch. 2) We introduce the MobileLLM-080

Flash family (350M, 650M, 1.4B) (Fig. 1), featur-081

ing a compact hybrid backbone with skip attention082

and grouped query attention. This yields significant083

speedups in prefill and decode on mobile CPUs084

and runs out of the box without specialized kernels.085

3) We present an analysis of the latency-accuracy086

Pareto frontier, deriving actionable design princi-087

ples to guide future OD-LLM development.088

2 Related Work089

OD-LLM design and architecture search. While090

prior works (Liu et al., 2024; Huber et al., 2025)091

achieve parameter efficiency, their deep-and-thin092

structures often fail to improve on-device latency.093

Recent studies (Acun et al., 2025; Gu et al., 2025;094

Fu et al., 2025; Yang et al., 2025a; Cowsik et al.,095

2025) use architecture search to discover OD-096

LLMs, but focus on either parameter efficiency097

or server-side GPU optimization. LFM2 (Amini098

et al., 2025) introduces an edge-optimized model099

family based on a new block gated short convolu-100

tion attention, but the underlying conv1d operator101

can perform poorly at small batch sizes or sequence102

lengths (Heinecke et al., 2017).103

Efficient attention alternatives and hybrid104

models. Sub-quadratic attention modules105

like Mamba2 (Dao and Gu, 2024), Gated106

DeltaNet (Yang et al., 2025b) and JetBlock (Gu107

et al., 2025), built for server-side GPUs, reduce108

compute and memory costs but lack on-device109

runtime support (e.g., Executorch). Hybrid mod-110

els (Lenz et al., 2025; Glorioso et al., 2024; Ren111

et al., 2025; Pilault et al., 2023; De et al., 2024;112

Yang et al., 2025b) combines linear and quadratic113

attentions to improve recall and reasoning, but they114

typically rely on tedious manual design. Our work115

automates the selection of efficient attention pat-116

Table 1: Comparison of methodologies.

Feature MobileLLM-Flash LFM2
(Amini et al., 2025)

Jet-Nemotron,
(Gu et al., 2025)
Nemotron-Flash
(Fu et al., 2025)

Directly optimizes mobile
CPU latency

✓ ✓ ✗

Unified architecture
(shape+attention) search

✓ ✗ ✗

Efficient pruning-based
search

✓ ✗ ✗

Compatible with any hard-
ware / runtime

✓ ✓ ✗

terns in hybrid models, utilizing runtime-supported 117

mechanisms such as skip attention and sliding- 118

window attention (SWA), enabling more scalable 119

development and optimal design choices. Auto- 120

matic search with sub-quadratic modules is per- 121

formed in Amini et al. (2025); however, it does not 122

adopt such hybrids, possibly due to the absence of 123

highly optimized kernels they automatically lose 124

by latency. A comparison of our paper with the 125

most relevant related works is shown in Tab. 1. 126

Bayesian optimization (BO) is a sample-efficient 127

framework for optimizing expensive, noisy black- 128

box functions f : S → R by leveraging a surro- 129

gate model and an acquisition function to balance 130

exploration and exploitation (Frazier, 2018). Multi- 131

objective Bayesian Optimization (MOBO) extends 132

BO to optimize multiple objectives f1, . . . , fM , 133

aiming to efficiently approximate the Pareto fron- 134

tier with respect to a user-specified reference point 135

r. MOBO leverages specialized acquisition func- 136

tions, such as Noisy Expected Hypervolume Im- 137

provement (NEHVI), to guide the search towards 138

solutions that maximize the expected improvement 139

in hypervolume (Daulton et al., 2021; Eriksson 140

et al., 2021). 141

3 Latency-Aware OD-LLM Design 142

Our methodology addresses the challenge of de- 143

signing OD-LLMs for resource-constrained de- 144

vices. We target the most common hardware plat- 145

form and maximize model quality while minimizing 146

prefill latency. Fig. 2 provides an overview. 147

3.1 Latency-Aware Optimization 148

We search candidate architectures a ∈ A for a 149

configuration that maximizes model quality Q(a) 150

while meeting a constraint on our primary latency 151

metric, prefill latency, Tprefill(a) < τprefill. The 152

threshold τprefill is product-dependent and may 153

change as the use-case evolves; because it is not 154

known a priori, we optimize both Q and Tprefill 155

jointly. Because improvements in latency often re- 156
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Figure 2: Overview of our two-stage OD-LLM design. We jointly search the architecture and attention pattern by
pruning a pretrained model a0 (Sec. 3.3) using Bayesian Optimization (BO) with Ax. In Stage 1, we sample pruned
architectures and measure their latency on phone to cheaply learn a latency model. In Stage 2, leveraging the latency
model, we efficiently search the space to generate the Accuracy-Latency Pareto-frontier (Sec. 3.4).

duce quality, and vice versa, we target the Pareto157

frontier where no solution can improve one ob-158

jective without worsening another. This frontier159

represents the set of optimal tradeoffs between the160

objectives as shown in Fig. 3. An optimal point161

can be selected from this frontier given any τprefill.162

Figure 3: A latency-accuracy Pareto-frontier

3.2 Evaluating model configurations163

To reduce the cost of the search relative to our tar-164

get full training budget of 500B tokens, we train165

each candidate architecture (obtained by pruning166

the base model) for only 2.6B tokens. Empirically,167

we find that by ∼ 2.6B tokens the relative order-168

ing of architectures is already predictive of their169

ordering after the full 500B-token run (Fig. 4). We170

refer to this early-but-predictive ordering as a sta-171

ble ranking. Due to resource constraints, we do not172

sweep the optimizer hyperparameters.173

We emphasize that our focus is the on-device174

latency, and it is motivated by practical consid-175

erations. While total parameter counts and total176

FLOPs per token are important metrics, they do177

not fully determine the on-device latency. To be178

more concrete, in Tab. 2 we present the Kendall179

tau correlation coefficient between these quantities180

for our search space across 100 architectures ex-181

ported with Executorch on a Samsung Galaxy S25182

for 2k sequence length. See Appendix A for visual183

representation of these correlations. 184

Table 2: Correlation coefficients between real measured
prefill / decode speed vs. parameter count / FLOPs.

Kendall tau correlation ((Kendall, 1938))* prefill decode
#params vs. latency per tok 0.40 0.40
FLOPs vs. latency per tok 0.46 0.55

* The closer to 1, the higher correlation.

Key Insight-1 Model parameter count and FLOPs
are suboptimal proxies for latency; hardware-in-
the-loop optimization is necessary for accurate
on-device latency improvements.

185

3.3 Hybrid Architecture Search Space 186

Structured Pruning-based Search: Instead of 187

training candidates from scratch, we obtain can- 188

didates by pruning a larger pretrained model and 189

inheriting its weights. Our approach is similar to 190

weight-sharing approaches (Fedorov et al., 2022; 191

Cai et al., 2019; Kusupati et al., 2022) as the cost 192

of training is amortized. However, we train can- 193

didates in isolation and are therefore not subject 194

to the inductive bias of weight-sharing approaches, 195

which assume that all candidates can be simultane- 196

ously trained in a nested fashion. We can think of 197

a pruned pretrained model as a more data-efficient 198

initialization for the architecture at hand. We ob- 199

serve empirically that the rank ordering of mod- 200

els trained from scratch aligns with that of pruned 201

models (with the same architecture and inherited 202

weights) under continued pretraining (CPT), with 203

a Kendall tau correlation of 0.74 across 20 can- 204

didates. Despite this alignment, CPT achieves a 205

significantly lower loss and approaches final con- 206

vergence values much faster than random initializa- 207

tion. Furthermore, we need fewer tokens to get to 208

a stable ranking of models; as shown in Fig. 4, the 209

candidate ranking established at 10k steps matches 210

the ranking at 120k steps. 211
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Figure 4: Pruned model loss evolution.

Pruning can also be viewed as a natural method212

to efficiently explore the architecture search-space213

S, consisting of the following parameters: num-214

ber of transformer layers dL, feed-forward network215

(FFN) hidden dimension dffn, residual stream di-216

mension dmodel, and efficient attention pattern Pattn217

(i.e., attention type for each transformer layer).218

We employ activation energy-based metrics,219

measured on a small calibration dataset to de-220

cide what to prune (similar to (Fedorov et al.,221

2024)). Specifically, the hidden size and MLP222

metrics quantify the average activation L2 norm223

magnitude (energy) across batch and sequence224

dimensions: FFNMetric = 1
N

∑N
i=1 ∥xi∥ and225

ModelDimMetric = 1
N

∑N
i=1 ∥LN(xi)∥, while226

the layer metric captures the functional transfor-227

mation energy via cosine similarity between input228

and output activations (as in Gromov et al. (2024)):229

LayerMetric = 1− 1
N

∑N
i=1

xi·xi+1

∥xi∥∥xi+1∥ , where the230

xi is the input vector at position i, N is the total231

number of positions (batch size × sequence length),232

and LN is LayerNorm (Ba et al., 2016). Guided233

by the the FFNMetric and ModelDimMetric, we234

structurally prune the FFN hidden and residual235

stream dimensions for all decoder layers to the236

same target size dffn and dmodel in block units (e.g.,237

128). The setup of block size makes the resulting238

architecture compatible with group-wise quantiza-239

tion in post-training. We rank all decoder layers240

by LayerMetric and remove those with the lowest241

contribution until dL layers remain. After prun-242

ing, zeroed blocks and layers are removed, and243

the remaining architecture is concatenated into a244

compact and dense checkpoint.245

Key Insight-2 Pruning offers a more data-
efficient approach to architecture search than train-
ing candidates from scratch.

246

Efficient Attention Pattern: Although many ef-247

ficient attention mechanisms exist (Sec. 2), most248

prior work targets server-side GPU optimization.249

Our focus is on real-world, on-device deployment, 250

requiring each candidate to be compiled and bench- 251

marked within production-grade deployment stacks 252

such as Executorch. This ensures our evaluation 253

reflects practical constraints and operational reali- 254

ties of mobile and edge devices. Consequently, we 255

restrict our search to efficient attention operations 256

that are natively supported in Executorch, specifi- 257

cally (1) skip attention, which allows certain layers 258

to bypass attention computation; (2) global atten- 259

tion and (3) sliding window attention (SWA) (Child 260

et al., 2019). Both global attention and SWA use 261

grouped query and QK-Norm. 262

Formally, the architecture space A consists of 263

the model architecture and attention pattern Pattn, 264

where Pattn =< p1, p2, . . . , pL >, i ∈ L, pi speci- 265

fies the attention type for the transformer layer i in a 266

model with L layers. Using the importance metrics, 267

we define a formal operator Prune(·) : S → A. 268

This operator takes s = (dL, dffn, dmodel,Pattn) and 269

calibration metrics (FFNMetric, ModelDimMet- 270

ric, LayerMetric) as input, and produces a unique 271

architecture a ∈ A that optimizes the activation 272

metrics. A = {a | a = Prune(Calib. Metrics, s)}. 273

Our search space (with ∼ 70B possible options) is 274

shown in Tab. 3. 275

Table 3: Search space S.

Parameters Parameter Choices
dL {10, 11, 12, 13, 14, 15, 16}
dffn {2048, 2304, 2560, . . . 8192}
dmodel {1024, 1152, 1280 . . . 2048}
pi {full_attn, SWA, skip_attn}

3.4 Optimization Strategy 276

We leverage Bayesian optimization (BO) with the 277

Ax platform (Olson et al., 2025) to optimize for 278

the latency–quality Pareto frontier by searching 279

over S. We use a two-stage BO approach to lever- 280

age the fact that latency is nearly instantaneous 281

while model quality requires substantial training 282

resources. In the first stage, we densely sam- 283

ple the latency landscape of S to build a high- 284

quality Gaussian Process surrogate model. The 285

second stage optimizes both objectives, acceler- 286

ating the multi-objective search by focusing ex- 287

pensive model-quality evaluations on regions more 288

likely to exhibit favorable latency tradeoffs. While 289

BO methods such as HVKG (Daulton et al., 2023) 290

support objectives with different evaluation costs, 291

our setting assumes latency is essentially free to 292

evaluate. We leverage the NEHVI acquisition func- 293

tion and set the reference point r to a loss of 0.6 294
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and a prefill latency of 5 seconds, focusing on con-295

figurations that outperform a hand-tuned baseline296

model.297

3.5 OD-LLM Tuning Principles298

By analyzing the optimal candidates along the299

Pareto-frontier, we distill the following efficiency300

principles for latency-aware OD-LLM design:301

(1) Model architecture: We find that (at a fixed302

parameter count) deeper models generally have303

lower loss and higher latency, while shallow-and-304

wide models have higher loss and lower latency.305

Yet, at sufficiently low latency it is preferable to306

switch to shallow models. As shown in Fig. 5,307

on the Pareto-frontier curve, the 30-layer models308

(yellow dots) achieve the best model quality with309

the slowest prefill speed, while the shallower ar-310

chitectures (dark blue dots) offer a better balance311

on accuracy–latency trade-off. This aligns with312

observations in prior work (Fu et al., 2025).313

Figure 5: A Pareto curve with different model depths.

Efficiency Principle-1 For on-device deployment,
shallow-and-wide models better balance accuracy
and latency than deeper models.

314

(2) Attention pattern: We find, surprisingly, that315

our latency-guided search consistently favors skip316

attention over SWA, indicating that skipping a mod-317

ule provides a better latency-quality trade-off than318

SWA. We provide a high-level explanation for the319

inefficiency of SWA in our settings in Appendix B.320

Moreover, we observe that skipping too many atten-321

tion layers consecutively (empirically, more than 3)322

degrades model quality under a fixed latency con-323

straint and can even impair performance on harder324

generative tasks, as shown in Tab. 4. Consequently,325

we find the optimal attention pattern interleaves326

skip attention and global attention blocks. There-327

fore, we add a constraint in the final search: don’t328

include 3 or more consecutive efficient attention329

types (either SWA or skip attention).330

Table 4: Candidates with identical latency / identical
architecture and skip attention counts can differ in per-
formance due to the consecutive attention patterns.

TQA NQ WinoG
With >3 consecutive skip attention 8.8% 2.5% 59.7%

Without >3 consecutive skip attention 33.2% 10.0% 61.2%

Efficiency Principle-2 Skip attention is more ef-
ficient than SWA; optimal patterns interleave skip
attention and global attention to balance long-
range modeling and latency.

331

4 MobileLLM-Flash: A New Family of 332

Fast On-Device LLMs 333

4.1 Implementation 334

Table 5: MobileLLM-Pro variants and MobileLLM-
Flash model architectures.

Model Layers dmodel dFFN H/KV/Hsize
#Attn
blocks

MobileLLM-Pro-1B* 30 1280 6144 20/4/64 16
MobileLLM-Pro-Shallow-1.8B 16 2048 8192 32/8/64 16
MobileLLM-Flash-350M* 12 1024 4096 32/8/64 7†

full_attn_idxs: [0,1,3,6,7,9,11]†

MobileLLM-Flash-650M* 13 1280 6144 32/8/64 8†

full_attn_idxs: [0,1,3,6,7,9,11]†

MobileLLM-Flash-1.4B* 16 2048 8192 32/8/64 16

† The remaining layers skip attention.
* Shared weights between input embeddings and output projection.

Our pruning-based architecture search is imple- 335

mented as follows. (1) Starting checkpoint: We 336

select a pretrained model to initialize our search. 337

Sec. 3.5 highlights the benefits of shallow archi- 338

tectures, so we pretrained a shallow version of 339

MobileLLM-Pro 1B (Huber et al., 2025) (Tab. 5) 340

to serve as the starting point for the search. We use 341

the same pretraining data, instruction fine-tuning 342

(IFT) data and tokenizer (202k vocabulary size) as 343

MobileLLM-Pro (Huber et al., 2025). (2) Calibra- 344

tion: We calibrate the activation-based importance 345

metrics (Sec. 3.3) on a 600M-token calibration set. 346

(3) Sampling and pruning: Ax samples 8 can- 347

didates per iteration. We prune the initial model 348

based on these configurations, applying efficient 349

attention patterns and inheriting weights to cre- 350

ate hybrid small, dense models. (4) Candidate 351

evaluation: Candidate architectures are trained for 352

2.6B tokens and the loss is used to measure model 353

quality. We then export models with ExecuTorch 354

(v1.1.0) and measure prefill latency on a Samsung 355

Galaxy S25 at a 2k sequence length. (5) Candi- 356

date selection and final training: After 200 tri- 357

als, we select Pareto-optimal candidates that satisfy 358

our specific latency constraints. Then we CPT the 359

best candidates for 500B tokens using knowledge 360

5



Table 6: Comparison of model quality and efficiency performance across various on-device scale models

Model (Parameter Count) HellaSwag BoolQ PIQA SocialIQA TQA NQ ARC-c ARC-e WinoG Avg ↑ Prefill TTFT(s) ↓ Decode rate (tok/s) ↑
1k 2k 4k 1k 2k 4k

Gemma3 270M 41.38 58.17 68.34 39.71 15.4 4.04 29.0 57.32 53.59 40.77 0.99 3.13 5.64 123.71 82.85 52.40
LFM2 350M 49.00 64.37 69.48 35.01 14.97 4.96 44.54 66.04 55.96 44.92 0.84 2.18 4.52 147.54 96.90 63.60
MobileLLM-Flash 350M 49.16 62.39 70.08 43.50 19.84 5.90 38.89 63.26 56.09 45.46 0.91 2.78 5.33 165.56 112.58 95.55

Qwen3 0.6B 53.80 69.39 69.86 43.14 2.41 4.32 38.57 58.08 58.88 44.27 4.63 11.59 25.40 44.56 28.67 18.48
LFM2 700M 45.01 71.38 71.11 37.41 22.50 6.90 49.40 74.60 58.40 48.52 2.05 6.01 8.24 86.30 53.57 44.36
MobileLLM-Flash 650M 54.60 64.77 71.82 45.45 24.49 7.56 42.58 66.55 59.35 48.57 1.62 3.34 8.48 96.64 85.35 60.74

Nemotron-Flash 1B 45.80 – 75.41 – – – 41.47 74.83 59.67 – – – – – – –
Gemma3 1B 62.30 63.20 73.80 48.90 39.80 9.48 38.40 73.00 58.20 51.79 3.55 9.29 18.86 58.58 43.11 36.29
Llama3.2 1B 65.69 62.51 75.14 45.60 23.81 5.48 38.28 63.47 61.09 49.01 4.51 15.09 26.95 39.01 18.13 14.34
LFM2 1.2B 45.26 66.09 74.27 37.72 33.50 8.60 52.20 77.90 58.80 50.48 3.46 8.41 16.88 61.14 42.15 29.14
MobileLLM-Flash 1.4B 66.87 71.07 75.52 47.34 36.06 11.83 50.56 72.26 64.01 55.06 3.40 9.08 16.50 60.52 42.65 34.01

Table 7: Comparison of downstream task results
MMLU MBPP HumanEval Open Rewrite TLDR9+

Gemma3-1B 29.90 35.20 41.50 – –
Llama3.2-1B 49.30 39.60 37.80 41.60 16.80

MobileLLM-Flash 650M 36.00 33.00 45.12 48.72 15.18
MobileLLM-Flash 1.4B 47.89 35.60 45.12 40.10 16.89

distillation with MobileLLM-Pro-Shallow-1.8B as361

teacher. Our approach only requires lightweight362

CPT rather than training from scratch: we use 35%363

of the tokens used to pretrain MobileLLM-Pro. Fi-364

nally, the models are IFTed for 800B tokens to pre-365

pare them for downstream tasks. During CPT, we366

set the sequence length to 2048, and the SWA win-367

dow size to 256. During IFT, we set the sequence368

length to 8192, enabling the model to generalize to369

longer-sequence downstream tasks.370

4.2 Experimental Results371

We evaluate our pre-trained models across rea-372

soning, retrieval, and knowledge-intensive tasks:373

HellaSwag (Zellers et al., 2019), BoolQ (Clark374

et al., 2019), PIQA (Bisk et al., 2019), SIQA (Sap375

et al., 2019), WinoGrande (Sakaguchi et al.,376

2021), ARC Easy (Clark et al., 2018) in 0-377

shot settings, TriviaQA (Joshi et al., 2017) and378

NatQ (Kwiatkowski et al., 2019) with 5 shots379

and ARC Challenge with 25 shots. Using lm-380

eval-harness (Gao et al., 2023), we report exact-381

match rate for TriviaQA/NQ and character-level382

accuracy for other tasks. We compare model ac-383

curacy and efficiency with OD-LLM baselines384

LFM2-350M/700M/1.2B (Amini et al., 2025),385

Nemotron-FLash-1B (Fu et al., 2025), Qwen386

0.6B, Llama3.2-1B (Grattafiori et al., 2024) and387

Gemma3-270M/1B (Team et al., 2025), as shown388

in Tab. 6. MobileLLM-Flash achieves the highest389

average scores across all size regimes, establishing390

it as the most capable on-device model.391

For latency evaluation, we export models using392

ExecuTorch (v1.1.0) and optimize them for mobile393

CPUs via the XNNPACK backend. All models394

are quantized to 4-bit weights (group size 32) and395

8-bit dynamic activations, with a quantized KV396

cache. Nemotron-Flash-1B is excluded because 397

its custom JetBlock operators are not supported 398

by ExecuTorch. We conduct latency benchmark- 399

ing on the Samsung Galaxy S25, a flagship An- 400

droid phone powered by the Snapdragon 8 Elite 401

chipset with an octa-core CPU and 12 GB of mem- 402

ory. We evaluated models at context lengths of 403

1k, 2k, and 4k using 4 CPU threads. Reported 404

metrics are averaged over three runs following a 405

warmup. The results demonstrate that MobileLLM- 406

Flash yields 1.8× /1.6× faster prefill / decode 407

speeds than LFM2, establishing MobileLLM-Flash 408

as the fastest OD-LLM at this scale. 409

Our models use a 202k vocabulary size. While 410

this increases the embedding parameters, it en- 411

hances information density per token. By repre- 412

senting common words more efficiently, the model 413

requires fewer tokens to encode the same semantic 414

content compared to models with smaller vocabu- 415

lary sizes (e.g., 32k), leading to cheaper inference. 416

We evaluate our IFTed models across knowledge 417

(MMLU), coding (MBPP, HumanEval), rewrit- 418

ing (OpenRewrite), and summarization (TLDR9+) 419

tasks (Tab. 7). All tasks are formatted as user- 420

assistant conversations and evaluated on the fi- 421

nal response. The results demonstrate that 422

MobileLLM-Flash achieves superior or compara- 423

ble performance, making it as the leading on-device 424

instruction-tuned model for assistant applications. 425

5 Conclusion 426

We introduce MobileLLM-Flash, a model family 427

optimized for mobile latency through a novel 2- 428

stage hardware-in-the-loop architecture search. By 429

prioritizing shallow-and-wide structures and inter- 430

leaved skip-attention patterns, we achieve state- 431

of-the-art quality with significant speedups over 432

strong baselines. Our methodology is compatible 433

with Executorch and establishes a practical, scal- 434

able framework for delivering efficient, real-time 435

AI on edge devices without specialized kernels. 436
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Limitations437

Due to the high computational cost of training can-438

didate architectures, our Bayesian Optimization439

search focused exclusively on architectural param-440

eters (depth, width, attention patterns). We did441

not perform a co-optimization of training hyperpa-442

rameters (e.g., learning rate schedules, optimizer443

settings) via Ax. It is possible that specific architec-444

tural candidates could achieve higher quality with445

bespoke hyperparameter tuning, which was outside446

the scope of this study.447

To ensure immediate industry-scale deployabil-448

ity and compatibility with standard runtimes like449

ExecuTorch, in this paper we did not explore novel450

sub-quadratic attention mechanisms (such as SSMs451

or linear attention variants mentioned in Sec. 2) that452

currently lack mature runtime support. Extending453

the search space to include these emerging archi-454

tectures remains a direction for future work as their455

software support matures.456

Ethical Considerations457

Our work contributes to "Green AI" by focusing458

on efficiency. By optimizing for lower latency and459

smaller model sizes, MobileLLM-Flash reduces460

the computational energy required for inference.461

Furthermore, our pruning-based search method is462

data-efficient, requiring significantly fewer (only463

35%) training tokens (and thus less GPU energy) to464

discover optimal architectures compared to training465

candidates from scratch.466
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A Efficiency Proxies 714

We present visualization of correlation coefficients 715

between real measured prefill / decode speed vs. 716

parameter count / FLOPs in Fig. 6, Fig. 7,Fig. 8, 717

and Fig. 9 for various context lengths. 718

B Explanation for the inefficiency of SWA 719

A high level explanation for the inefficiency of 720

SWA in our settings is as follows. We find that 721

a prefill chunk size of 1024 produces the lowest 722

time-to-first-token (TTFT), making the best use of 723

parallelism across tokens in the context window. 724

At the same time, Executorch constrains the SWA 725

to be greater than or equal to the prefill chunk size, 726

such that the sliding window is lower-bounded by 727

1024. Therefore, when prefilling 2k tokens, only 728

the second chunk benefits from the SWA. At the 729

same time, the ring-buffer implementation of SWA 730

in Executorch requires computation of the entire 731

attention matrix, as opposed to just the lower tri- 732

angular portion as done during standard attention 733

computation. As a result, in the 2k prefill, 1024 734

chunk size setting, we find that the benefits of SWA 735

are outweighed by the drawback of the slower at- 736

tention calculation and the model overall achieves 737

worse TTFT with SWA. 738
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Figure 6: Kendall Tau correlation between TTFT at 2k sequence length vs. model parameter count and FLOPs.

Figure 7: Kendall Tau correlation between TTFT at 1k sequence length vs. model parameter count and FLOPs.

Figure 8: Kendall Tau correlation between decode latency at 2k sequence length vs. model parameter count and
FLOPs.
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Figure 9: Kendall Tau correlation between decode latency at 1k sequence length vs. model parameter count and
FLOPs.
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