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Aren’t they smart.. Already?

* Yes, to a certain extent.

DNN-embedded mobile apps
* Increased by almost 10x (2018 to 2021)[!2
* Downloaded billions of times in one year

" Include almost every high-popularity app
» Up to 200+ DNN:s in a single appl’]

[1] Mengwei Xu, et al. “A First Look at Deep Learning Apps on Smartphones”. In the Web Conference (WWW) 2019
[2] Mario Almeida, et al. “Smart at what cost? Characterising Mobile Deep Neural Networks in the wild”. In IMC 2021.
[3] Through offline communication with application developers.
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Aren’t they smart.. Already?

* Yet, not even close to our expectation.

We expect a smart device to

* Understand open-vocabulary

IBLVTW § e human language
’L}r -' === * Operate/control itself

EX MACHINA

accurately as humans do
" Action to human tasks in end-

to-end manner
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(Multimodal) LLM is an opportunity

* To bring mobile devices the “next-level” intelligence

Unseen complicated ML tasks

AN
_——>C0 « Comprehend human
27 ChatGPT laneuase
> 'I guag
)
® More complicated ML tasks ,’ “ Emergent, Zero-shot e Zero-shot & in-context
% ’/, I o
; 100 == earning
2 VGG, ResNet, YOLO, * Multimodal alignment and
= W&D, BERT... )
m input/output
2 Complicated ML tasks @ Accuracy
* Reasoning & Plannin
Simple ML tasks ] 8 3
¢ ong context
AlexNet Closed World Open World &
SVM, XGBoost, RF.. 2012 2017 Today
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On-device LLM is crucial

* On-device LLMs handle language tasks in a way that is ..

/ o (] . . : @
COSt'efﬁ Cl ent (important, obviously) B
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gl} uuuuuuuuuuuuuuuuuuuuuuu
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Reliability Co-Design

‘/ PrivaC)"PreserVi ng (very important, LLMs can leverage almost every bits of local data)

* LLMs on devices does not obviate mega-scale LLMs on clouds!

- Creating music/poetry, solving math problems, etc.

[1] Jiajun Xu, et al. “On-Device Language Models: A Comprehensive Review”. In preprint’24.
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On-device LLM is crucial

* We already have a mobile device that can function with high

intelligence!

== A mobile device that can comprehend,

reason, and plan without a cloud!




The fundamental differences for

integrating LLM into mobile devices
(compared to traditional DNN-powered apps)

Workload: Agent

2024/11/16

OS: LLM-native

Mengwei Xu @ BUPT

Hardware: DSA




Fundamental diffs in LLM Era(!/3)

* An all-in-one killer app: personal agent (assistant)

N
®

: Hey Mobile Agent! <. + Sure!
Empty the shopping cart on BestBuy!

X 1
'Question: How many!
. verses are there in
| . 1
' total on this screen?

Agent

I Task Complete |}

Screen QA Task Automation

Freeing us from tedious work; making electronic devices benefit more people
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Fundamental diffs in LLM Era(!/3)

* An all-in-one killer app: personal agent (assistant)

With following unique and exciting features:

Skills
|. End-to-end:instruction in, response out Responsive Skills Proactive Skils
Question answering, weather Life logging, attention
checking, event scheduling, ... manager, recommendation, ...

2. Context-aware, personalized, and stateful 2

- Long prompt (prefill time often dominates) s || ot | |t emory |

- Can leverage almost every bit of data. Privacy! -

Local Resources

3. No longer event-driven (only), but also proactively [ A }[ S }[ — }
Pps ensors evices
Messenger, camera, GPS, microphone, Smartphone, smart

watch, loT devices, ...

file manager, map, ... IMU, heart rate, ...

sense and plan when device is not in use

[1] Yuanchun Li, et al. “Personal LLM Agents: Insights and Survey about the Capability, Efficiency, and Security”. In preprint’24.
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Fundamental diffs in LLM Era(!/3)

* An all-in-one killer app: personal agent (assistant)

1980s 2000s 2010s 2020s ?
> 2016~2017 > 2018~2020 > 2021~2022 » 2023 ) 2024~
PCEra Internet Era Mobile Era Al Era | FEMobile AIRE  AALIBAIK SEHBREANL  AKEENRNEE  SHRLEEROS
g:::gg:] [Computer ProgramsJ [ Websites ] [SmartphoneApps] [Personal LLM Agents] “Aémi nc
Key Efficient GUI-based Convenient Always-connected Ubiquitous intelligent e —
Characteristic  user interaction information access personalized services automation : ,:‘: o
Examples Word, Excel, ... Google, Yahoo, ... WeChat, U l ‘ ‘;
FRRMSRSIRE Ferret-Ul, EFH Ul £558HE GPT-4V INEB—S, EFEHRA AgentFHBEMER! FN¥E TAHE
I FE=2Y
AIREITE
-~ ~ > — (=} ‘
RIS RRAW LI App, BBMALLEREEFE ILAMRAR—RIRIFFL, FABBMERT
P28 Z /0
: /N ans
RIEMagicOS 9.0 f TEREREM, AIFNSERE PHIEBMTAMNEIEAAA B, MEFROmniParser

fled 20 ez

l

[1] Yuanchun Li, et al. “Personal LLM Agents: Insights and Survey about the Capability, Efficiency, and Security”. In preprint’24.
[2] %R, ‘AR A 2 H: A5 A PME. IRST A", 2024
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Fundamental diffs in LLM Era(?/3)

* LLM integrated into OS as a system service (LLMaa$)
—Scales to infinite number of tasks
— Hardware-design-friendly
— OS gains full visibility into LLM requests

ndroi
I APl surface
o Input processing } [ Output processing ]
Input Y
G 0 Og I e A I safety signals 1
i [ eature confi
utput

L d
C S safety signals
o re e rv I c e afety features
Google Al Edge SDK y I
[ Runtime
Download model
g

[1] Source: https://developer.android.com/ai/gemini-nano
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Fundamental diffs in LLM Era(?/3)

* LLM integrated into OS as a system service (LLMaa$)
—Scales to infinite number of tasks
— Hardware-design-friendly
— OS gains full visibility into LLM requests

* Opening new research opportunities and challenges

— Efficiency: how to schedule, batch, and cache-reuse system-wise LLM requests!?
How to manage the LLM context states across apps?

— Security: how to protect app-owned LoRa? How to isolate cross-app requests!?
— Usability: how to upgrade LLM? How to design LLMaaS interface!?
- Etc..



Fundamental diffs in LLM Era(?/3)

* LLM integrated into OS as a system service (LLMaa$)

Voice/text

Instructions UserS

Q

Prompts/
LoRa

One LLM
Many Agents

LLM Service Traditional
OS Modules

LLM Accelerator Hardware
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Fundamental diffs in LLM Era3/3)

* On-device resource scarcity further exacerbated.

*PanGu g'é *MobileLLM OX)
_ Phi-2 Gemma &
Pythia (@) TinyLlama & Qwen 1.5 {72 ,
______________ oPTO Cerebras-GPT (€ Phi-1 | MobileLLaMA IMZ MobiLlama\,f;::xs Qwen2 ¥ DCLM &
i | -
' t
5 atch no : 2022.05 2023.03 2023.09 2023.12 2024.02 2024.06 2024.08
| |
1 f |
E | ReLU | E [ 1x1cow | vs.
E E 2019.02 2022.11 2023.04 2023.11 2024.01 2024.04 2024.07 2024.09
| |
! ' GPTZ@ Bloom LaMini-GPT '3:; Stablelm-zephyr S. Stablelm-zephyr-2 S, MiniCPM £ Gemma-2$ ™ MiniCP
|RURRDRUR: SRPRUNRPI. ! Galacticaog Qwen 23; OpenELM O SmolLM B Phi-3.5
f Phi-3-mini g danube3 H0¢ " Qwen 2
x recurrentgemma { = Fox "
ResNet,YolLo, LSTM, etc Small Language Models (1B~5B)
(<200M)
<100ms to process one image >|0sec to process one prompt on CPU
<I00MB memory footprint >| GB memory footprint
Easy to quantize (integer-only) Difficult to quantize (FP required)
Static shape and cost Dynamic shape and increased cost with longer prompt

[1] Zhenyan Lu, et al. “Small Language Models: Survey, Measurements, and Insights”. In preprint’24.
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Fundamental diffs in LLM Era3/3)

* On-device resource scarcity further exacerbated.
* DSA (NPU) is the answer to practical on-device LLM.

< 30
Y 55| —e= Snapdragon
8_8 20{ —#= Google Tensor * The gap between CPU/GPU and
3 15 NPU increases over time
o 12 / *  Moore’s law still stands for NPU
0 _
m T T T T
Q2016 2018 2020 2022

Year

[1] Jinliang Yuan. “Mobile Foundation Model as Firmware”. In MobiCom’24.
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Call for full-stack design and opts

* Our response: agent-model-runtime-OS co-design

A t Device control and GUI agents testbed , datasets
gen ,and privacy enhancements

I A training-from-scratch, fully-reproducible SLM family ,

Model Any-to-any modality mobile foundation model , and
I Federated LLM techniques
. Acceleration through NPU , SpecDecoding ,
Runtl:lme Sparsity , Early Exiting , etc
OS LLMaaS Context Management and QoS

2024/11/16 Mengwei Xu @ BUPT 6



Call for full-stack design and opts

* Our response: agent-model-runtime-OS co-design

PERSONAL LLM AGENTS:
INSIGHTS AND SURVEY ABOUT THE CAPABILITY, EFFICIENCY
AND SECURITY

SMALL LANGUAGE MODELS:
SURVEY, MEASUREMENTS, AND INSIGHTS

A SURVEY OF RESOURCE-EFFICIENT
LLM AND MULTIMODAL FOUNDATION MODELS

Zhenyan Lu*®", Xiang Li*|, Donggi Cai*, Rongjie Yi*, Fangming Liu®, Xiwen Zhang”,
Yuanchun Li'7, Hao Wen!f, Weijun Wang!, Xiangyu Li't, Yizhen Yuan'!, Guohong Liu'*,
. o . f , Weijun Wang!?, Xiangyu Li'?, g g Lin',
Nicholas D. Lane”, Mengwei Xu' Jiacheng Liu', Wenxing Xu', Xiang Wang', Yi Sun’, Rui Kong', Yile Wang!, Hanfei Geng',
Jian Luan?, Xuefeng Jin®, Zilong Ye*, Guanjing Xiong®, Fan Zhang®, Xiang Li",

P o )
Beijing University of Posts and Telecommunications (BUPT) Mengwei Xu®, Zhijun Li’, Peng Li', Yang Liu’, Ya-Qin Zhang', Yunxin Liu

OPeng Cheng Laboratory
¥ Helixon Research

O ! ! Institute for AI Industry Research (AIR), Tsinghua University
University of Cambridge

# Xiaomi AlLab * Huawei Technologies Co, Lid. ¥ Shenzhen Heytap Technology Co. Lid.
% vivo Al Lab ° Viomi Technology Co., Lid. 7 Li Auto Inc.
8 Beijing University of Posts and Telecommunications ¢ Soochow University

# Peking University (PKU)
¥ Tsinghua University (THU)
Website: https://github.com/UbiquitousLearning/SLM_Survey

Contact: mwx@bupt . edu. cn

N N

1 Project Lead ! Section Lead

& Beijing University of Posts and Telecommunications (BUPT)

Mengwei Xu*, Wangsong Yin*, Donggi Cai*, Rongjie Yi*, Daliang Xu*, Qipeng Wang®, Bingyang Wu*,
Yihao Zhao®, Chen Yang*, Shihe Wang*, Qiyang Zhang®, Zhenyan Lu*, Li Zhang*
Shangguang Wang®, Yuanchun Li”, Yunxin Liu", Xin Jin®, Xuanzhe Liu®

Website: https:github. com/UbiquitousLearning/Efficient_Foundation_Model Survey

The CAP Principle for LLM Serving: A Survey of
Long-Context Large Language Model Serving

Rssistant on Smartphone

[1] “Small Language Models: Survey, Measurements, and Insights”, Zhenyan Lu, et al.

[2] “Personal LLM Agents: Insights and Survey about the Capability, Efficiency and Security”, Yuanchun Li, et al.
[3] “A Survey of Resource-efficient LLM and Multimodal Foundation Models”, Mengwei Xu, et al.

[4] “The CAP Principle for LLM Serving: A Survey of Long-Context Large Language Model Serving”, Pai Zeng, et al.
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Agent Memory
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Prompt Pruning
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An e2e demo

Agent

DroidCall: A Dataset for LLM-powered Android Intent Invocation

Weikai Xie! LiZhang' Shihe Wang' Rongjie Yi! Mengwei Xu'

Model

PhoneLM: an Efficient and Capable Small Language Model Family
through Principled Pre-training

Rongjie Yi! Xiang Li! Weikai Xie! Zhenyan Lu! Chenghua Wang! Ao Zhou' Shangguang Wang !
Xiwen Zhang? Mengwei Xu !

<> Code () Issues 9 i Pull requests 2 ® Actions @ Security 2 |~ Insights

milm  Public ® Watch 17 ~ % Fork 58 - Starred 516 - Ru ntime
Empowering 1000 tokens/second on-device

LLM prefilling with ml11m-NPU

Daliang Xu*, Hao Zhang?, Liming Yang®, Ruiqi Liu*, Gang Huang®, Mengwei Xu®*, Xuanzhe Liu*

*Peking University, ®Beijing University of Posts and Telecommunications
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Call for full-stack design and opts

* Our response: agent-model-runtime-OS co-design

Agent

|

Model

|

Acceleration through NPU

Runtime

|

OS
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Prefilling stage is the bottleneck

e On-device LLM tasks demand

r

Wu 5 ea ﬂ-
earcn o tyoe web adress 0
@ Mmmnensmans ¢ g

‘ e Toe
B oo Q

54

long p

ompt (context)

Each Ul is hundreds to thousands of tokens

(either as image or view hierarchy)

* Mobile LLMs can support long context

Model Max Context Year Model Max Context Year
Opt-1.3B 2K 20225 TinyLLaMA-1.1B 2K 20239
StableLLM-3B 4K 2023.10 phi-2-2.7B 2K 2023.12 From 2K to 128K
Gemma-2B 8K  2024.2 Qwenl.5-1.8B 32K 2024.2
Phi3-mini-3.8B 128K 2024.5 Qwen2-1.5B 32K 2024.6

* Mobile Processors (CPU/GPU) do not support high parallelism as A100

So, prefilling dominates the end-to-end LLM inference delay (>90% in most cases)

2024/11/16
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The opportunity: mobile NPU

* Almost every smartphone has NPU

Vendor Latest NPU SDK Open Group INTS Perf.
Qualcomm Hexagon NPU [15] ONN [23] X X 73 TOPS
Google Edge TPU [17] Edge TPU API [7] X X 4 TOPS
MediaTek  MediaTek APU 790 [11] NeuroPilot [13] X N/A 60 TOPS
Huawei Ascend NPU [6] HiAI [9] X X 16 TOPS

"Open": Open-source?; "Group": Support per-group quantization MatMul? "N/A": No available
documents for public; "INT8 Perf!: Int8 performance.

2024/11/16 Mengwei Xu @ BUPT

Up to 73 TOPS, way more
powerful than CPU/GPU
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The opportunity: mobile NPU

* Almost every smartphone has NPU

* But, none of existing LLM systems support mobile NPU.

) NPU supports only static shape

Static shape

Setup NPU S Build ,| Optimize | | Execute || Free
environment graph graph graph graph
1 t t t +
100ms | | | 500ms
Qwenl.5-1.8B 450 ms 3.30 s 149 ms
Gemma-2B 360 ms 11.54 s 108 ms

Re-building NPU execution graph is too costly!



The opportunity: mobile NPU

* Almost every smartphone has NPU

* But, none of existing LLM systems support mobile NPU.

2) NPU is good at Integer Ops (INT8), but bad at FP Ops

1
:

al

Quantization Type Acc. CalQKV Atten. CalO Norm. FEN R — | Commie ] o
K-Quant [54] Per-Group Low INTS FP16 INT8 FP16  INTS8 s e S FTI =
GPTOQ [33] Per-Group High FP16 FP16  FP16 FP16  FP16 | Trr—

AWQ [52] Per-Group High FP16 FP16  FP16 FP16  FP16 I e |
SmoothQuant [77] Per-tensor Low INTS8 FP16 INT8 FP16 INTS weigis | |

"Atten.:Attention; "Norm.": Normalization.

FC2_ '
Weights | 1

Attention

FP operations cannot be eliminated!
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The opportunity: mobile NPU

* Almost every smartphone has NPU

* But, none of existing LLM systems support mobile NPU.

3) NPU vendor libs do not support group-level quantization

Activations  Weights Groupl Group
2 | Groupl Group2 X = X A_Scale 1
i X 2 Solit float + ©
[T T T1IX o[ T E:— . i o [ results
1 J ] e?
A 'S ; results: A Scalel A Scale2 Group2 X Group2 % A_Scale2
L DCAIC .. Activations Weights
. W_Scale ! . ‘ Not fully utilizing ‘ Extra
Computing workload Computing workload NPU capability computation
hds hds
| seq * hds * hds = matmul | seq * Group * hds * group = sub_matmul * group|+ | seq * e

(a) Per-tensor

2024/11/16

(b) Per-group

Mengwei Xu @ BUPT

Why group-level quantization,

not tensor-level? QOutliers!
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lIm.npu: the first LLM engine for mobile NPU

* Overall idea: split the prompts to fixed-sized chunk; offloading
FP Ops and outlier execution to CPU/GPU; properly
scheduling them across NPU and CPU/GPU.

b m Prompts |
- N [ Split
/:,! A . Chunk-sharing Y = ot
Ay Qwen Graph (§3.2) Chunk#}nll Chunk#2 | ... J_Ehunk#N
£ 2t Spor Shadow outlier execution (§33) ;
: N | CPU
S Vol Cl-| C3-1... [ ikl
G4 | G2
Chunk generator [-J‘>
Quantization ((’;31' [:> NPU
Profilin I-J‘> .
g Out-of-order subgraph execution (§3.4)
Preparation CPU NPU el Execution
subgraphs N/

| First tokens |
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lIm.npu: the first LLM engine for mobile NPU

* Key Technique #1: chunk-sharing graph execution
— Challenge: too many subgraphs

—Solution: shared static-shaped Ops across chunks; 75% memory saved.
v'Static shaped: Linear, LayerNorm, etc

‘/D)’nam'c shaped: Attention Empirically determining a chunk size

I'I-I Prompts |_| 0.15 - '
q Baa T s O . | —— OKvlinear-Qwen15-1.88
Chunk-sharing wn
§7 Qwen Graph (§3.2) | [ Chunk#1 | Chunk#? | .. | Chunk#N | - 0.10 —e— FFN-Qwenl.5-1.8B
JL — . -
| s | I colpord | Shadow 0ut11e1 e\ecutlon (§3 .3) ;
A% Y [cG o] o - %14 %32 ST g;%/ 5
Chunk generator qﬁ) 0.05 - Iatency optlmal
— C3- [-> +
Quantization Ga4 - BS -’| NPU <
. -9
Profiling Out-of-order subgraph execution (§3.4) ’4 0.00 - =0
Preparation CPU NPU el Execution '
subgraphs \ ! ! T T T T
[ First tokens | 0 200 400 600 800 1000

Chunk length
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lIm.npu: the first LLM engine for mobile NPU

* Key Technique #2: shadow outlier execution
— Challenge(1/2): weights memory doubled since NPU and CPU do not
share memory space

—Solution: keep only hot weights channels (needed by outlier execution)
in CPU memory space, and retrieve others from disk on demand.

Weights | 2

Outliers :CPU A - -
[] | X ¢’ Overall: <3% channels contribute >80% outliers

Normal

Extract
Compress/ 1 | i —— q_proj —-==- 0_proj —— up_proj --—- down_proj
N 1 —_ — — —
Cold Hot b - X - Q ¥ 2000 Qwenl.5-1.8B , | 2000 LlaMA-2-7B
! i ' 1Float MatMul ™ g |
A o v @ 0 T JETTT===" I
Seq % shado'\\‘ f > - Profile . E 1500 i 1500 -
. / ex‘ecunqn il Partition ~ 1000 ! 1000 -
hiddensize \_ roA-moAm-cdlb-oo—mony L j
Activations ! ! % 500 / 500 4
Quantize ) | f / 7
Clip -127-128! X o g‘ii{im © ol de 01 4[ A
| INTS MatMul ! = 0 2000 4000 0 2500 5000 7500 10000
' e - [ DSk ; :
' NPU Weights | [ wem Channels Channels

Execution e ' Preparation



lIm.npu: the first LLM engine for mobile NPU

* Key Technique #2: shadow outlier execution

— Challenge(2/2): while outlier exec. is fast, its synchronization with CPU
incurs non-trivial overhead

—Solution: outlier pruning.
v'>85% layers’ outliers can be pruned without compromising accuracy

V8l oviiers { CPU Weigts |2 150 s
I:l Normal ‘ ! X é// ! é A 51— LLaMA-2-7B-HellaSwag
}(Z‘Xotl::[l)(;tess l I i g 100 S 104 — Qwenl.5-1.8B-Hellagwag
> 'ess : H 1 o) ,>‘ - -2-7B-Wi
Cold Hot Lo - X -Vll> g 5 LLaMA-2-78-WinoGrdnde
i ! ! ‘Floati%arM“l | é § 54 === Qwenl.5-1.8B-Wino¢rande
V hadow Y, N : S
seqf4 Sadow oo R
T A results al 0 50 100 150 0 50 100 150 200
ridden size o e e e : ) . . ]
Activations ! ! | Linear layers on Qwen1.5-1.8B Importance-sorted linear layers
Quantize \ )
i 1am 19l X < INTS ’ ’
Clip -127-128, ! weights Top and bottom layers It’s okay to prune most
1
1 INT8 MatMul : . o [ o
| NPU — - outliers are more importance layers’ outliers
Execution e e e : Preparation
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lIm.npu: the first LLM engine for mobile NPU

* Key Technique #3: out-of-order subgraph execution
—Challenge: low HWV utilization; NP-hard complexity

- Solution: out-of-order execution (dependency-aware); a heuristic
scheduling algorithm.

chunk#1 — - R C1-Graph2 } 1 < CI- —{ C1-Graph5
Graphl P Graph3 Graph4 Ao raphis 37%
C2- C2- C2- bubble rate
hunk#2 s C2-Gr L, L,
ciun Graphl C2-Graph2 Graph3 Graph4
Bubbles Bubbles
’\(a) Naive overlapping
NPU C1- C2- C3- C1- C2- || c1.Granhs 0.7%
Queue Graphl | Graphl | Graphl | Graph3 | Graph3 | phs bubble rate
CPU i Cl1- C2-
e C1-Graph2 | C2-Graph2 i Graphd C3-Graph2 Graphd
: [ CI-
[_1 CPU subgraph Se.lect W'l(]]l'ch subgraoph: Graoha [~ C1-Graph$5
PU subor in pending queue? ! i
[—1 NPU subgraph P g9 [ C3-Graphz [+ _©3
1 Graph3

(b) Out-of-order subgraph execution

Minimize the bubble of NPU.



Highlighted results

Prefill speed under different prompt lengths on different devices (datasets: Longbench-2wiki-Multi-doc QA)
Baselines: MLC-LLM (GPU), llama.cpp (CPU), MNN (CPU), Powerlnfer-v2 (NPU), TFLite (GPU)

) S MLC-LLM-GPU - IIama cpp-CPU B MNN-CPU [ Powerlnfer-v2-NPU BB TFLite-GPU [ Ours
) T T 769 549 T 1106] 400 T ] 362 T T 286
< [ I 60 500 | | 1000 | I I 1 1 [ | I ]
'gé I I [ I I [ I I 200 I [
) 500 I 420] | 286 »s I 564 200 | 186! I 160;
N 22(1' = : 250 51 196 : 500 33§I : 106: ] : 86: 83 : 87
,.a 148mM 104 197 ] 202 151 74 4068 B B
8 0 1346y x [l |'19%5 x xN| ['1942x x 0 14 33y 11732, '17 L7 28y x 0 216.8Ix X 3i‘slslx X |3357 X X 0 814x x X :iljx Hx :EE-]]X 0 612x X x : 612x ﬂx : 710x [ I
o 64 256 1024 64 256 1024 64 256 1024 64 256 1024 64 256 1024
wa Gemma-2B on Xiaomi 14 phi-2-2.7B on Xiaomi 14 Qwen1.5-1.8B on Xiaomi 14 Llama-2-7b on Xiaomi 14 Mistral-7b on Xiaomi 14
1‘\;\ : : 507 : : — 4% : : 13| 400 : : 3853 : : 798
= I I 53 400 I I 1000 I [ | [ I I
- I 1 I 19 I 200 1 190; |
S 239 I 200 1621 167 |1 500 g 102" ! 87! |
o I I 74 | 68
g 0 : : 0 | : 0 0 710x x x | |' 710x !7940 0 510xxx|_|'59xﬂx '48xHx
& 64 256 1024 64 256 1024 64 256 1024 64 256 1024 256 1024
7]

Gemma-2B on Redmi K60 Pro  phi-2-2.7B on Redmi K60 Pro Qwenl.5-1.8B on Redmi K60 Pro Llama-2-7b on Redmi K60 Pro Mlstral-7b on Redmi K60 Prc

7.3 x—18.4xfaster than baselines on CPU, and 1.3x-43.6x on GPU with prompt length of 1024
Achieves >1000 tokens/second on Qwenl.5-1.8B (for the first time)
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Highlighted results

End-to-end latency comparison across different frameworks using real mobile applications execution on Xiaomi 14
Baselines: MLC-LLM (GPU), llama.cpp (CPU), MNIN (CPU), Powerlnfer-v2 (NPU), TFLite (GPU)

LLM Datasets MLC LCPP MNN PI TFLite Owurs | Speedup | Datasets MLC LCPP MNN PI TFLite Ours | Speedup
chnl.S‘—l.SB Longbench: 2wiki 45.6 526.7 10.6 = ' - 1.7 6.2-26.?3X Longbench: 46.0 270 11.2 = ‘ = 20 5.6-23.0X
Gemma-2B . 78.4 34.6 - - 2.6 1.9 | 1.4-41.3x | ... © 81.8 36.2 - - 2.8 2.2 | 1.3-37.2X
S -Multi-doc QA o ) ) IriviaQA ) )

Phi-2-2.7B (prompt length: 87.0 53.3 13.0 - 6.3 3.1 | 2.0-28.1X (prompt length: 91.4 56.3 14.7 - 6.8 3.6 | 1.9-25.4%
LlaMA-2-7B 1500 tokens) 184.7 146.0 224 198 - 5.3 | 3.7-34.8% 1500 tokens) 197.3  156.2 23.8 218 - 6.2 | 3.5-31.8%
Mistral-7b 254.2  200.2 20.0 - 5.5 | 3.6-46.2X 266.2  210.0 - 215 = 6.4 | 3.4-41.6X
Geo-mean (speedup) 34.7x 21.8x  4.8x 3.7X 1.7X - 31.0x 19.6x 44X 3.4X 1.6X -

LLM Datasets MLC LCPP MNN PI TFLite Ours | Speedup | Datasets MLC LCPP MNN PI TFLite Ours | Speedup
Qwenl.5-1.8B 21.0 10.4 3.9 - - 1.4 | 2.8-15.0%¥ DroidTask: 16.2 8.1 3.1 - - 1.1 | 2.8-14.7X
Gemma-2B DroidTask: clock 394 16.5 - - 2.5 1.2 | 2.1-32.8X% ' 29.4 12.3 - - 1.9 0.9 | 2.1-32.7X
Phi-2-2.7B (prompt length: 466 250 74 - 42 31| 1.4-15.0x applaunclhcr Ll 34 1900 59 - 32 24| 1.3-14.8x
LIaMA-2-7B | 800 tokens)) 877 604 106 11.1 - 48 2.2-18.3x i,%i)oizizn(:)lgt ‘| 637 439 77 82 - 36| 2.1-17.7x
Mistral-7b 122.3 68.6 - 120 - 49 | 2.4-25.0%¥ 90.1 50.6 - 8.9 - 3.8 | 2.3-23.7%
Geo-mean (speedup) 20.2x  10.8x 24X 24X 1.7X - 19.7x  10.5X  2.5%X  2.3X 1.7% -

*LCPP and PI in the first row represent llama.cpp and Powerlnfer-V2, respectively.

23.0-46.2x over llama.cpp-CPU, 16.5-36.4xover MLC-LLM-GPU, 4.08-4.19x over MNN-
CPU, 3.51-3.73 xover PowerlInfer-V2-NPU, and 1.27-2.03 x over TFLite-GPU
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Highlighted results

Energy consumption under different prompt lengths on Redmi K60 Pro (datasets: Longbench-2wiki-Multi-doc QA)
Baselines: MLC-LLM (GPU), llama.cpp (CPU), MNN (CPU), Powerlinfer-v2 (NPU), TFLite (GPU)

Il |lama.cpp-CPU A MNN-CPU BBl TFLite-GPU 1 Ours
~100 : o 1 : : 50 200 : : 157 : : 5
g ! 40 | K ! 33 200 ! ']
SB l Our51I Ours: Ours( 100 Ours: Ours: Ours| Ours: 0 : Ours
g 20 ¢I7 810'7 ‘I ¢ ¢I3244.6 ‘l 100 |41 56 I
S8} 0 331y 0 - 2425y xo.z! E{Ix xo‘s: X x0.9 0 8.0, o,s:nlx X 1.% X X3.3 1013 x0.9:[jlx x1.9: X X4.3
64 256 1024 64 256 1024 64 256 1024 64 256 1024 64 256 1024
Gemma-2B phi-2-2.7B Qwenl.5-1.8B Llama-2-7b Mistral-7b
1.9%x-59.5% energy reduction compared to baselines
Room to improve: eliminate CPU/GPU in end-to-end execution
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Takeaways

* On-device LLM is reinventing the mobile devices

— A total paradigm shift of mobile Al ecosystem
— The future of LLM is hybrid (device-cloud)

* |t calls for full-stack LLM research
- OS§, runtime, model, and application (agent)



