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@ Mobile intelligence before LLM

* DNNSs already run on devices at large scale

DNN-embedded mobile apps
* Increased by almost 10x (2018 to 2021)L!-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 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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@® What we expect as mobile intelligence

QCon
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A device that can

* Comprehend
human language

* Reasoning &
Planning

* Zero-shot & in-
context learning

e Multimodal
alignment

* Instruct. following
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@ The opportunity: LLM

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

Or Unseen complicated ML tasks
,,f-*m * Comprehend
2 ¢ ChatGPT h
£ ‘ uman language
< I< Emergent, Zero-shot :
% More complicated ML tasks ,l it gent, s Reasonlng &
O »7 .
o m_--‘ Planning
> :
= VGG, ResNet, YOLO, * Zero-shot & in-
) W&D, BERT... .
o context learning
) Complicated ML tas & Accu racy
St ML * Multimodal
imple
tasks alignment
AlexNet Closed World Open World 8 .
@ ) W N * Instruct. following
SVM, XGBoost, RF.. 2012 2017 Today
QCon InfoQ (s
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® On-device LLM

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

( ] [ ] : @
‘/ COSt'efﬁ cient (important, obviously) =
SSSSS ity Edge-Cloud
frip Techniques llabora
jic=) =E)
‘/ . fi?::‘n?n:;" i
more aval Iab I € (even w/o network) el
@ @ Challenges 0@9
A
SSSSSS ility
i " Souions
‘/ faSte I” (not always) y 2

oooooooo
Software
Co-Design

‘/ pl’ivaC)’-pl’esel"Ving (very important, LLMs can leverage almost every bits of local data)

ssssssssss

* 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

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

==mm) A mobile device that can comprehend,

reason, and plan without a cloud!

QCon InfoQ =151
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@ Call for full-stack design

* Our response: agent-model-runtime-0S co-design

Agent

|

Model

|

Runtime

|

oS

QCon
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Computer Use Agents (GUI or MCP) testbed
, and privacy

A training-from-scratch, fully-reproducible SLM family
Any-to-any modality mobile foundation model
Efficient Training techniques

Acceleration through NPU , SpecDecoding
Sparsity , Early Exiting
LLMaaS Context Management , Elasticity

and Forward-compatibility

, datasets

, and

, etc
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@ Demo#1: Digital Agent

Agent

DroidCall: A Dataset for LLM-powered Android Intent Invocation

Weikai Xie! Li Zhang' 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 !

Runtime

Empowering 1000 tokens/second on-device
LLM prefilling with m11m-NPU

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

*Peking University, ©Beijing University of Posts and Telecommunications

QCon
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. Demo#2 UAV Agent
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@ mllm: an NPU-centric LLM engine

Open source link: https://github.com/UbiquitousLearning/mlim

GUI Agent API/Codegen Agent Embodied Agents
LLM VLM OMNI* MOE VLA*
Llama, Qwen, MiniCPM, etc || Qwen-VL, LLaVA, etc MiniCPM-o, etc GPT-0SS, etc OpenVLA, Pj, etc

Linear Attn. * Spec. Decoding

Qwen3-NEXT, etc || Faster decoding (+NPU)

Token Pruning

KVCache Management || Experts Offload.
Faster Prefill Paged Attn., Prefix Cache, etc || w/ storage hierarchy

Graph-level IR + Kernel-level optimization
Flash Attention 2, ARM KleidiAl, Qualcomm QNN, etc

Heterogeneous Hardware on Edge
Qualcomm, Ascend, AMD, Intel, OrangePi, etc..

® 0O A& %

QCon
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*:on the way to go
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The changes LLM brings

Pre-LLM Era
App: fragmented tasks
4
5 OS: model-agnostic
S
Y HIW: CPU/GPU-centric
QCon
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LLM Era

a unified agent
LLM-native

NPU-centric
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The changes LLM brings

Pre-LLM Era LLM Era

App: fragmented tasks — aunified agent

How to build a capable, generalized, and personalized mobile agent?

QCon InfoQ 1&=i51E
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@ General approaches: APl (MCP) vs. GUI

API Agent SetGoogleCalendarEvent(
. Date=2025-03-08,
StartTime=16:00,
_ Q —> EndTime=17:00,

Title="Meeting on LLM Agent"

‘ o p— T T OTT O ] ] Ay o (Haw@ - [ () c > Mo e
Y - . : ;! 1 5 3 3.z L = = -

. . .

5

User Schetzlulea 1-hour ‘ ‘ : - >
meeting on Google Click - Click { JEER l,,, | -
& 9 Calendar for LLM Agent = o = -
at 4:00 PM on March 8. = = =
' < J : i : | T g
@7 - : s
GUI Agent — E = 4 -
— B = Succes
- - T
[1] Chaoyun Zhang, et al. "API Agents vs. GUI Agents: : ‘ : :
Divergence and Convergence." arXiv:2503.11069 (2025). __- Click | em

QCon InfoQ =51
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@ Gul

Agent: Status Quo

Web
Mobile
Computer
Cross

&) F} OpenAgents
] o 2° MM-Navigator
G ‘évvseEb ¥ WebArena Tencent AppAgent
v
¥ DOM-Q-NET G WebAgent j
2" FLIN “ AutoDroid -
ep-ve 3

© WebGPT . —\ p =
% WebShop - DroidBot-GPT -

\ May-Aug Q

272023
Jan-Apr ey
<2023 ‘anher =
EHRURBAREKRE

) CogAgent
@ Auto-GUI
& WebGUM
Tencent LASER
& Zero-shot Agent

2025+

Tencent WebVoyager

€2 Mobile-Agent

@ SeeAct Sep-Dec
@ CoCo-Agent

# DUAL-VCR

2" UFO y
£l OS-Copilot 2024
£) Cradle

- AutoWebGLM  May-Aug
MMAC-Copilot y
~. - SeeClick I—

Jan-Apr GUI Narrator
iy

Lenovo Mobile-Experts
emergence Agent_E
i Search-Agent
S AgentQ
- Openwebagent
& WebPilot

@ OpenAl Operator
It ByteDance  UI-TARS

) NaviQAte
e Steward
w= Hybrid Agent
@ WMA
amazon AgentOccam
& NNetnav
& MobA
B Agent S
3= AutoGLM
$¢ LIMAC
samsuns TinyClick
% OSCAR
A\ Claude Computer Use

[1] Chaoyun Zhang, et al. "Large Language Model-Brained GUI Agents:A Survey." arXiv:2411.18279 (2024).
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@ GUI Agent: Status Quo

EREHZIRTIEE Ferret-Ul, Z9F4Hl Ul E5E#E GPT-4V
AlFETIE

XIERAELFApp, REHALLRREFTIE

iEMagicOS 9.0 T2 EEEEE, AIFNARET

H.23 2.0
IEARRB N EEBIRIZITENANEEMR, (FEFHROmniParser V2
ERE Task: Create a new
contact John Smith
in =22 whose phone number Create e Task: Senl\(jl a text
rB&hEL I vi = i ) L is 123456789 and event, the task is Task: Delete the last message "Morning"
Fil TERER KGH! vivoAFERRTAREFNENT save it. "laundry", save it. photo | took to John Smith.

88 2

IFAHBAE—REBEF, ERtEERT

im Am A A

Agentic GLMZEEE = E &M FHlGalaxy S25
EE-
AIEEE(RSI NS : KI9400iL TE2A) AIFHREIEITET

AN 527

NEBE—SI, EFERAl AgentFNABER! FHNES TEHE
I, FELH

The reality: <60% accuracy,

minutes-long for complex tasks.

QCon InfoQ =5t
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@ GUI Agent: Status Quo

oo
[
.; ;nzzt;ec ’ MU- 1 . VLMS
g' ~ JORER _— Question: | wowssenne [ nstruction:
nStrlcdon: Who created o¢ o a 1 * GPT-40
o) ' Disblg = A - Open Exceland = - —&
a rads 2 JECROEE Bt thc album, and > 2 f Login ‘|| + Claude 3.7 Sonnet
g plnpngn coendarin Sl when? no RS o |  OwenL
8 @ . Weekview v © Response:
S M R : jeponse: =9 SO € <[(1L:0c) GUI Datasets
9 esponse: Green Day in sec: [0 00000 )
S (0.30, 0.24) 2019 " m * Rico
S . : ' ] . .
2 : R * AndroidInTheWild
T~ Grounding Screen Q&A GUI Navigation App Knowledge «  MobileViews
& Training ]
>
g\ .
| “v=y GUI Agent . > |
nput Agentic Workflow Tool Using Reflection and Test-time Scaling
- Backtrackin =
Task Pixel-based Text-based Set-of-Mark &
Instruction Screenshot  View Hierarchy = Prompting o &
2 m— i o+ 0 Magen g -
& GUI g oot | | e Collaboration _
\ R o <node index=0 - : 8
e Cota Breaian class=TextView Mchi @ —
o° epresent k= e = ] & 3
atlon £ : @ <node index=1 | = fewes K preferences 3 fad
S i class=TextView o
text="Album 2009’ S
/> _—
Workin o tndex . - ,
g acsrranetayout; Interactive Testbed = ‘" * AndroidWorld |
</node> 0 — - °
Memory (Smartphone, Android Emulator) — LlamaTouch
Environment-Perception =

QCon
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@ GUI Agent: Status Quo

202300 3 _ Question:
~ |nstruction: Who created
,,,,,,, Display the album, and
0 N 3 Calendaf ’n When?
| @ S 7" week view
, Response:
Response: Green Day in
(0.30, 0.24) 2019
Grounding Screen Q&A
Training

cixinaia

Bi+i@:0i@®

G

wweate  INSERUCHON:
Open Excel and
L :
. Login
7 Response:
. Click (0.38,
:; 0.7)
Ul Navigation

App Knowlé@

VLMs
GPT-40
‘|| * Claude 3.7 Sonnet
Qwen-VL

GUI Datasets
Rico
AndroidInTheWild
MobileViews

.

[arxiv’25] UIShift: Enhancing VLM-based GUI Agents through Self-supervised

Reinforcement Learning
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@® Why self-supervised RL?

* GUI trajectories (w/0 annotations) can be scaled out easily
* Using approaches like MobileViews
* But human-labelled task instructions can not

o DeepMind collects AndroidControl dataset (14K tasks)
using 1 year — still far less than enough, and error-prone

* RL is the way to generalize
* GUI data easily drift
* Online or oftline? An open problem, still

QCon InfoQ 1E=151E
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@® Why K-step GUI transition task?

* Rethinking the GUI tasks:

* VLM can understand single GUI screen pretty well
* What's difficult Is to understand/predict the GUI transitions &

RN Summary: the image ’ ~ *  GUIrelation
co¢eo shows.. © Q C R Multi-hop planning
:, : : g VQA: how many app icons : : : g N “  Complex task automation
e in this image? It has 21.. 1 5% m - * GUlworld model
. @ ~ ¢ Grounding: where is the - @ *
chrome located in the image?
It is at [0.2, 0.5]..
Other single-image task — _-.
Easy tasks Challenging tasks

* The key Is to embed GUI-to-GUI relation into the VLM/agent

QCon
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® K-step GUI transition

* Asking VLM to predict the action that leads to specific GUI transition

—— Task Comparison

- o @
Current srute-._ﬂt}.. = Target stote: 5{t+k)

Use the k-step oway screen state as
the visual goal. Annotation-free!

View the detail page of the product:
“Jurnanji The Game In Real Wooden Box".

Human/Al annotated: high cost (-

kg T - ———
. '-.* .i-f':_‘; i .
;___L-‘ - » | el B R o=
s (D
Instruction-dependent Task |

1" Learn from ,_@
{_GUI Dynamics

i5 to reach this detail 3
\_ page J

Learning Process —

o s o il G S o s e P

| am given two screenshots.

The first image shows a
shopping app’s category view
with many products.

The second imoge is the detail
page of a specific product -
“Jumanji The Game In Real
Wooden Box™.

5o, the gool of the transition

\

I should click the search box
and type the product name.
5a, | think the first step showld
be: click the search box.

~—— Self-supervised Reinforcement Learning —

prommmmmmmmmmmens . e
- ._Training Prompt

¥

You are given two screenshots:
1. the current state 5(t):
2. a future state S(t+k) after k consecutive actions from 5(t).
Your task is to infer the first GUI action that initiates the
transition from S(t) toward 5(t+k).

.,ﬁ__ltetum the action inside <answer=...</answerz. )

r Visual Language Model |

___________

<answer={"action_type":"click”, "x" : 540, "y" : 180}</answer>

<answer>{"action_type": "click”, "x" : 1011, "y : 201}</answer:>

[ <answer>{"action_type":"click”, "x" : 550, "v" : 210}</answer>

[ <answer>{"action_type": "scroll”, "direction": up}</answerx»

QCon

ERREARKE
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® K-step GUI transition

* Asking VLM to predict the action that leads to specific GUI transition

* Trained with data without human labels

* Trained with GRPOU
— A unified sampling and scoring mechanism during data filtering and training.

* Inspired by inverse dynamics control theory

e
e e e e e e e s e e e e e e e e e e e Lo ! ft
i
~ + i
X KP ML i | Inverse Tt | Robotand
+ + | Dynamics Environment
Xt
1
- 1
X! qt
AV B T ‘
D = Forward .
Kinematics | q:

e

[1] Shao, Zhihong, et al. "Deepseekmath: Pushing the limits of mathematical reasoning in open language
models." arXiv preprint arXiv:2402.03300 (2024).

QCon InfoQ 1&=i51E
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® K-step GUI transition

* Asking VLM to predict the action that leads to specific GUI transition
* Trained with data without human labels

* Trained with GRPOU!
* A unified sampling and scoring mechanism during data filtering and training.

* Inspired by inverse dynamics control theory

* We conduct small-scale experiments

* 2K filtered K-step GUI Transition data sampled from AndroidControl,
without using its task instructions

* Models: Qwen2.5-VL-7B, InternVL3-8B, Mimo-VL-7B-SFT, Mimo-VL-7B-RL
* We experiment w/ and w/o data filtering, w/ and w/o CoT reasoning
* We want to show If it’s as good as SFT, and whether it can scale out

QCon InfoQ 1E=151E
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@ Results on GUI automation and grounding

* GUI-Shift outperforms models trained with large-scale task instructions.

Table 1: Performance comparison on GUI task automation benchmarks: AndroidControl (AC-Low,
AC-High) and GUI Odyssey. GUI-Shift achieves substantial improvements over base models. Bold:
the best result; underlined: the second best result. TM: type match; EM: exact match.

Model # Training AC-Low AC-High GUI Odyssey
Samples TM EM ™ EM ™ EM
Proprietary models
GPT-40 (OpenAl, 2024) - 743 194 66.3 20.8 343 3.3
Models trained with annotations
SeeClick (Cheng et al., 2024) M 93.0 75.0 829 59.1 71.0 53.9
0OS-Atlas-7B (Wu et al., 2024b) 2.3M 93.6 85.2 852 71.2 - 62.0
Aguvis-7B (Xu et al., 2024) M - 80.5 - 61.5 - -
UI-TARS-7B (Qin et al., 2025) - 98.0 90.8 83.7 72.5 94.6 87.0
UI-R1-3B (Lu et al., 2025) 136 943  88.5 579 454 52.2 32.5
GUI-R1-7B (Xia & Luo, 2025) 3K 852 66.5 71.6 51.7 65.5 38.8
InfiGUI-R1-3B (Liu et al., 2025) 32K 96.0 92.1 82.7 71.1 - -
AgentCPM-GUI (Liu et al., 2025) 470K 944  90.2 71.1 69.2 909  75.0
UI-Venus-Navi-7B (Gu et al., 2025) 350K 97.1 924 86.5 76.1 87.3 71.5
Ours: Qwen2.5-VL-7B as the base model
Qwen2.5-VL-7B (Bai et al., 2025) - 949  83.8 72.9 59.2 59.8 449
GUI-Shift-Qwen (k = 1) 2K 98.013.1 90.616.8 85.9113.0 70.41112 78.5118.7 54.819.0

Ours: InternVL3-8B as the base model
InternVL3-8B (Chen et al., 2024) - 97.8  90.0 71.5 49.8 48.8 20.3
GUI-Shift-Intern (k = 4) 2K 97.3105 88.0/20 78.517.0 56.616.8 59.6110.8 23.313.0

Ours: Mimo-VL-7B-SFT as the base model
Mimo-VL-7B-SFT (Xiaomi, 2025b) - 90.8  85.7 75.2 63.1 86.9 62.0
GUI-Shift-Mimo-SFT (k = 3) 2K 98.617.8 93.217.5 87.2t12.0 73.41103 86.1108 60.7,13

Ours: Mimo-VL-7B-RL as the base model
Mimo-VL-7B-RL (Xiaomi, 2025b) - 91.8 87.2 76.5 64.6 87.2 63.1
GUI-Shift-Mimo-RL (k = 1) 2K 98.9+7.1 93.216.0 86.91104 71.747.1 84.8124 59.5136

Table 2: Performance comparison on GUI grounding benchmarks: ScreenSpot-v2 and ScreenSpot-
Pro. GUI-Shift exhibits strong generalization and achieves the second best result on ScreenSpot-Pro.
Bold: the best result; underlined: the second best result.

ScreenSpot-v2 -Pro

Model #STrainling Mobile Desktop Web A N

ampres Text Icon Text Icon Text Icon Ve VE-

Models trained with annotations
CogAgent-18B (Wang et al., 2024) - - - - - - - - 7.7
SeeClick-9.6B (Cheng et al., 2024) 1M 784 507 70.1 293 552 325 55.1 1.1
UGround-7B (Gou et al., 2024) 1.3M 75.1 845 85.1 614 84.6 719 76.3 16.5
0S-Atlas-7B (Wu et al., 2024Db) 2.3M 95.2 75.8 90.7 63.6 90.6 773 84.1 18.9
ShowUI-2B (Lin et al., 2024) 256K - - - - - - - 7.7
UI-TARS-7B (Qin et al., 2025) - 96.9 89.1 954 85.0 936 852 91.6 35.7
UI-R1-E-3B (Lu et al., 2025) 2K 83.0 97.1 850 91.7 779 954 R9.5 33.5
InfiGUI-R1-3B (Liu et al., 2025) 32K - - - - - - - 35.7
LPO (Tang et al., 2025) - 97.9 829 959 864 95.6 842 90.5 -
UI-Venus-Ground-7B (Gu et al., 2025) 107K 99.0 90.0 97.0 90.7 96.2 88.7 94.1 50.8
Ours: Owen2.5-VL-7B as the base model
Qwen2.5-VL-7B (Bai et al., 2025) - 98.3 B86.3 88.7 67.1 92.7 81.8 87.7 26.4
GUI-Shift-Qwen (k = 4) 2K 98.6 89.6 86.1 75.0 927 82.8 89.0t13 27.1t07
Ours: InternVL3-8B as the base model
InternVL3-8B (Chen et al., 2024) - 934 815 804 521 910 734 81.3 15.0
GUI-Shift-Intern (k = 1) 2K 93.8 834 804 514 91.0 73.4 81.6t03 15.4104
Ours: Mimo-VL-7B-SFT as the base model
Mimo-VL-7B-SFT (Xiaomi, 2025b) - 96.6 844 928 80.0 889 768 87.6 39.8
GUI-Shift-Mimo-SFT (k = 1) 2K 98.3 87.7 923 821 94.0 79.8 90.1t25 40.7t09
Ours: Mimo-VL-7B-RL as the base model

Mimo-VL-7B-RL (Xiaomi, 2025b) - 98.3 86.3 90.2 80.7 927 754 884 40.2
GUI-Shift-Mimo-RL (k = 1) 2K 99.0 87.7 91.2 83.6 89.7 729 884100 41.7115

QCon
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@ Ablation study: GRPO vs. SFT

* GRPO is more suitable than SFT for K-step GUI Transition.

== Qwen2.5VL-7B  —: InternVL3-8B === w/ GRPO == w/SFT
(a) QwenVL on AC-Low (b) QwenVL on AC-High (c) InternVL on AC-Low (d) InternVL on AC-High
99 A
96 +32.2 4317 1331 4325 79 1 89 __+4£&9=:_ﬁ-5‘.]"£5.2 1 654 s
—_ e i — Y +32.5
o 33.2 +33.8 . .
Se6{ ] 69 20T _*32-4| 79 554 +28.4 3%
ﬁ 69 - e
w767 5O 4= == = e 59 - 45
=
# 66 49 49 1 351
2 = - 39 -
Ww 56 39 - 25
% 29 | \/
46 I 1 T T 29 1 T ) 1 19 I I 1 T 15 I T T T
1 2 3 4 1 2 3 4 1 2 3 4 1 2 3 4
K K K K

Figure 3: Comparison of training algorithms for the K -step GUI Transition task (k € {1, 2, 3,4}).
Qwen2.5-VL-7B and InternVL3-8B are fine-tuned with 2K samples for each k£ and evaluated on
AndroidControl. GRPO provides notable performance gains over SFT for all models and settings.

QCon InfoQ 1&=i51E
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@ Our Roadmap to GUI Agent

* Starting from a capable Visual Language Model

* Step-1: Self-supervised Reinforcement Learning
* Large quantity of trajectory data, no tasks labelled
* Building "World Model” for GUI
 Static data + Offline RL

* Step-2: Task-guided Reinforcement Learning

* Small scale with human labelled tasks and trajectories
* Real Testbeds + Online RL
* Step-3: Online Agent Design

QCon InfoQ 1E=151E
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The changes LLM brings

Pre-LLM Era LLM Era

OS: model-agnostic — LLM-native

How should OS better serve/manage device-wise LLM requests?

QCon InfoQ BE=i5E

ERREFRKE



® LLM as an OS service

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

Android OS [

Client app J

Android App AlCore

T Al Core [ APl surface J

Google Al Edge SDK

through Private Weights
Combute Servicos (Base model + LoRAs)
TPU/NPU Accelerator 3 N Y,

7
Q ]
-
o (]
z 3
~ = o
— o EX g
o =
£ ]
o o
(7]
f—\
@
o
[
@
0
S
E
@
—/
c
1
g c
s
-/

Download model [

[1] Source: https://developer.android.com/ai/gemini-nano

QCon InfoQ BE=i5E

ERREGEFRAE



@ Challenges of LLMaaS

* Opening new research opportunities and challenges
* Usability. How to design LLMaas interface? How to upgrade LLM?

* 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?

* Etc..
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@ Challenges of LLMaaS

* Opening new research opportunities and challenges

* Usability. How to design LLMaas interface? How to upgrade LLM?
 [MobiCom’24] Mobile Foundation Model as Firmware

* Eificiency. 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?

* Etc..
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® M4: a one-size-fits—all mobile MLLM
 Can one model (as an OS service) solve all mobile Al tasks?

unified latent space Object detection Category | Tasks Mobile Application Dataset Specific-Models Results | Metrics
IMG-Enc s " y Boa z N . curac
| _ A | o2 | g | 06 | o | | Image retrieval Input word prediction () Input method (GBoard) PTB ENN (23] 0.7 | Accuracy
! S luti Question answering () @) Private assistant (Siri) QuAb vz RoBERTa (53] 019 -
; uper-resolution TyDi QA AraELECTRA [36] | 0.87 F1
. Q Style transfer Machine translation Translator (Google Translate) wmt22 en-de Transformer [32] 034" | BLEU
. OCR Emoii prediction Input method (GBoard) tweet_eval RoBERTa [22] 0.33* Accuracy
Projector TTS-Dec Vehicle ReID NLP Emotion prediction Conversational analytics (Clarabridge) | go_emotion RoBERTa [29] 057" | Accuracy
Crowd counting Sentiment analysis Conversational analyties (Clarabridge) | tweet_eval RoBERTa [27] 077" Accuracy
G Text classifica @ 0 Spam SMS filtering (Truecaller) ag_news BERT [37] 0.93" “Accuracy
Q&A. . ext classification pam Hering {Truecaller 55Tz DistlBERT [38] 091 | Accuracy
Word prediction Grammatical error correction (g Writing assistant (Grammarly) JFLEG FLAN-5 [30] 068" | BLEU
Doc. summary Text summary Reading assistant (ChatPDF) CNN Daily Mail | BART [5] 043 | ROUGEL
Pretralned ASR Code document generation Code editor (Javadoc) CodeSearchNet CodeT5-base [20] 0.33* ROUGE1
AUD-Enc SLU Code generation Code editor (Copilot) Shellcode_LA32 CodeBERT [21] 0.92 BLEU
LLM Backbone HAR Object detection @) @ Augmented Reality (Google Lens) ;:ch;o ;‘2’:3:‘[;‘_31@ L
(LL aMA. Vicuna. et c) TTS Image retrieval Image searcher (Google Photos) Clothes Retrieval | Resnet50-arcface [31] | 0.90" Recall
2 2 VQA Super-resolution Video/Image super-resolution (VSCO) | set5 Real ESRGAN [19] | 0.82* SSIM.
Image captioning Styler transfer Painting & Beatifying (Meitu) COCO, Wikiart StyleGAN-nada [4] | 023 CLIP score
. . Semantic s tation @ © Smart camera (Segmentix) ADE20K-150 Deeplabvaplus [25] | 0.43" mloU
Multimodal vd ding &R . Multimodal G . T ble 3) mantic segmentation B PASCAL VOC Deeplabvaplus [26] | 079" | mioU
Frmbheddine Understanding & Reasoning Conoraton more in Table 3 - - ; : — -
[eJe]e] Embeddin; nderstancin CASOILI, Generator o Optical character recapnition &8 Intelligent document aulemation Rendered SST2 CLIP [341 071 Accuracy
’” I d 50 bile Al k
M4: A lity MLLM e ested on mobile Al tasks
: Any-to-any modality MLL z ‘
Gender recognition (g Smart camera (Face++) Adience MiVOLO-D1 [2] 0.96 Accuracy
Location recognition Navigation search (Google Maps) Country211 CLIP [34] 0.46 Accuracy
Pose estimation () Al fitness coach (Keep) AP-10K ViTPose [151 0.69 AP
Video classification (g Video player (YouTube) Kinetics400 SlowFast [28] 0.79 “Accuracy
Crowd Counling (&) Smart camera (Fitness Tracking) UCF-QNRF CSS-CCNN [12] 437 MAE
a 06 Image matting (g3) @ Virtual backgrounds (Zoom) RefMatte-RW100 | MDETR [79] 0.06 MSE
_o ’ Automatic speech recognition Private assistant (Siri) LibriSpeech CTC+altention [14] | 3.16%" | WER
T os Ours is better than TS-model Soken T ersaniing @ @ | rvat assitant 5 ] TransTormer [15] T3 TWER
o @ Audio poken language uncerstanding SLURP CRDNN [3] 082 | Accuracy
E2 o2 Emotion recagnition Emoji recommendation (WeChat [EMOCAP ECAPATDNN [15] | 064" | Accuracy
[ )
- e Audio classification Music discovery (Shazam) ESC-50 ACDNet [1] 0.87 Accuracy
4T 0o 22TITT2TITT2TROD Keyword spoting Privae ssoant Gir) Speech commmand | Camtrad-fpools [E] | 038 | Accuracy
o8 TOTTOOTOOTOCTOOODSTICTOCTTTOODTD Ui Siphons | TSTCC ] — 0% Aoy
S E 02 Sensing Human activity recognition &) @ @ | Al fitness coach (Keep) HHAR TIMU-BERT [16] [E Accuracy
o E : fonS LIMU-BERT [16] 091 Accuracy
g oa TS-model is better than Ours Text-to-speech @) Voice broadcast (WeChat reading) LiSpeech Transformer [13] 326 | MCD
’ ) o I Clotho Transformer [10] 0.52° BLEU
Audio captioning @ @ Hearing-impaired accessibility (Ava) |- Transformer [10] 064 BLEU
Visual-impaired accessibility MSCOCO'14 LSTM [7] 073" BLEU
Multimodal nage captioning ) @ (Supersence) Flickesk LSTM [110, 058 BLEU
Text-to-image retrieval @) @ Image search (Google Photos) Flickrak NAPReg [69] 0.39 Recall
. Flickr30k CLIP [34] 069 Recall
M4 outperforms prior arts on most tasks AT tormoes grion @ | 24t eon Wt 22 T —— e
- — Visual-impaired accessibility VQAVZO MUTAN [41] 063 Accuracy
Visual question answering @ @ (Answerables) VizWiz MUTAN [11] 052 Accuracy

[1] Jinliang Yuan, et al. “Mobile Foundation Model as Firmware”. In MobiCom’24.
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@ Challenges of LLMaaS

* Opening new research opportunities and challenges
* Usability. How to design LLMaas interface? How to upgrade LLM?

* [NeurlPS°25] Efficient LoRA Adaptation Across Large Language Model
Upgrades

* 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?

* Etc..
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@ LoRASuite: Towards LLM Upgradability
* Upgrading LLM without compromising LoRa (much)

Algorithm 1 CKA-based Layer Mapping Architecture Model Vocab. Size | Hidden size | Interm. size | # of layers | # of heads | Attention
Input: CKA similarity matrix § € Rloxln’ L1amaForCausallM Yi-6B 64k 4096 11008 32 32 GQA
Original and upgrade layer depth [, and ,,. Yi-1.5-9B 64k 4096 11008 48 32 GQA
Output: pathli[;] with the highest total CKA. P TNeoxForCanaa1iy | PYEID 50k 2048 8192 16 8 | MHA Base LLM
/# Store the maximum sum pythia-1.4b 50k 2048 8192 24 16 MHA
Initialize dp[i][j] <~ —oo for all 4, j bloom-560m 250k 1024 4096 24 16 MHA upgradesat
. . BloomForCausallLM
/# Store path information bloomz-1bl 250k 1536 6144 24 16 MHA .
Initialize pathl[i][j] < O for all 4, j lamaForCansatry | Lama2-7b 32k 4096 11008 E7) 32 MHA different
/# Limit maximum offset Llama-3-8b 128k 4096 14336 32 32 GQA di .
for j =0 to |l — I,| do Qwen-1.5-1.8B | 152k 2048 5504 24 16 MHA iImensions
dp[0][5] + S[0][4] Qwen2ForCausallLM
end for Qwen-2.5-3B 152k 2048 11008 36 16 GQA
Mini CPMForCausallM Muan.IPM-S-lB T3k 1536 3840 52 24 GQA
fori—=1tol. —1do MiniCPM-2B 123k 2304 5760 40 36 MHA
- o
/# Limit maximum offset Base Model | PEFT | AddSub MultiArith SingleEq GSM8K AQuA MAWPS SVAMP | Avg.
for j =itoi+ |l —1o| do 23.80 5.17 23.62 743 1772 2017 16 |16.27
ggz—:’ :__ __100 MiniCPH-8-1B LoRA (10k) 2062  54.67 315 1213 827 3193 182 |26.62 .
fork—i—1toi—1d - 2329 48 2756 1228 1457 2227 19 [2385 LoRaSuite
ork =1 0J o LoRASuite w/o LFT | 23.04 47 2815 1236 1417 2227 207 |23.96 .
/# Transfer equation MiniCPM-2B LoRA (100) 2076  40.33 2854 1198 1535 2395 188 |22.82 achieves
if dp[i —1][k] + S[i][j] > maz_v then LoRASuite w LFT (100) | 5418 755 5669 1873 1417 5084 365 |43.80 ]
maz_v < dp[i — 1][k] + S[i][] LoRA (10k) 4759  84.67 47.44 1797 19.69 4748 319 |42.39 comparat“,e
Tﬁ?’”—ﬁ «k Base Model PEFT | BoolQ PIQA SIQA HellaSwag WinoG ARC-c ARC-e OBQA | Avg. rf
endail
and fom MiniCPM-S-1B - 51.9 33.68 1346 1209 3978 956 12.16 88 [22.68 pertormance
ST LoRA (10k) 58.17 2748 5374 20.63  59.67 27.39 3523 40.6 |40.36 . o
CKA-based - 5355 228 39.66 145 5233 2014 2719 316 |32.72 with Only 1%
; 5 LoRASuite wo LFT | 53.64 22.69 40.17 14.61 5209 2056 2677 31 [32.69
enfl“i Layer Mappln g MiniCPM-2B LoRA (100) 63.18 31.88 4237 1577 5099 285 3527 40.8 |38.60 ﬁnetune data
LoRASuite w LFT (100) | 61.28 43.91 48.21 24 51.07 3242 39.02 388 [42.34
LoRA (10k) 6235 2671 50.61 21.17  60.77 2773 3464 428 |40.85

[1] Yanan Li, et al. “LoRASuite: Efficient LORA Adaptation Across LargeLanguage Model Upgrades”. In NeurlPS’25.
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@ Challenges of LLMaaS

* Opening new research opportunities and challenges
* Usability. How to design LLMaas interface? How to upgrade LLM?

* Eificiency. How to schedule, batch, and cache-reuse system-wise LLM
requests? How to manage the LLM context states across apps?

* [MobiCom 25] Elastic On-Device LLM Service

* Security. how to protect app-owned LoRa? How to Isolate cross-app
requests?

* Etc..
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@ Serving LLM requests with different QoS
* Key idea: a joint planning of token/model pruning

Mobile LLM App' ‘ Service-Level ObJ ective When a person is infected with the influenza virus, the immune system
defends the body through a cell-mediated immune response. Which immune
Chatbot @1 Readable TTFT/TPOT cell is responsible for protecting the body from the influenza virus infection?
Always-on Voice Assistant [6, 16] Very-Low TTFT, medium TPOT
Background Screen-Event Recorder [15 Tolerable TTFT/TPOT When person infected with influenza,| [ When person infected with influenza virus,
Smart Message Reply [5] Low TTFT, low TPOT immune system defends through cell- thlel im“;"“ezys"em sl b°d“":’:'°:gh
: mediated immune. Which responsible| | cell-mediated immune response. Whic
API-Calling Agent [23] Low TTFT, acceptable TPOT for protecting from inﬂuenza?p immune cell is responsible for protecting
Ul-Automation Agent [71, 84] Low TTFT, acceptable TPOT body from influenza virus infection?
[,
o0 5ub model

cytotoxic T Iymphocvtes] x phagocytes

T

Different apps demand diversified QoS v

—=— LPruner LG24CS —e— LE == Ours = PFS

oL
Permutation imp; = ——
rmutation Pi =g, Wi A fﬂ' LLaMA-7B ARC E LLaMA-7B OBQA Liama3-8B ARC_E Liama3-88 Octopus Liama3-instruct-88 ARC_E
consistent units Pttt bt Sub- LLM Inference o Ine- 0.4 ]
t 0.5 o 0.4
_ [EEEEE | {@} 0.5 < i
i it i i ;dm:l 1 101 g o Y03 % g %€ g
LLM weights ~ Unit imp. profiling guiaed, |0|nt 2., | % \ Sos ES Zos
0.3 a
0.2
submodel; € {level), levelY, ... level)' Ian nin of 02 o2 02
1 0 10 7 Elasticized p g 20380608 80172087205 2080608007205 205 203580608 00172085205 200580608 401720872057 200806 087207720552.057
'-jm IME’“L LLM weights k Llama3-instruct-88 Octopus Vicuna-v1.5-78 OBQA . Vicuna-V1,5-7B LlamaTouch Orca-mini-38 ARC_E Orca-mini-38 Octopus
ayout ; '
e — HErEm tO en Jos 0.30 g 0.2 S o.s
One-shot unit-reordering < 1 . <
Compressed ° d E 0.6 B g 8 0.4 E 0.6
prompr pruning an 0 | o Zoaf \ N\ 2 < e
! 0.3
Head-specific ) . 0.2 Zoo Q0.2
“.'m fine-tuning Fine-tuned weights P O e e e TP
™M
L3
Dual-head
pretrained TLM EEEEER - <SLOyrrr, SLO7por > runi ng O o o o
prompy Serce e Significant improvement over static approaches

[1] Wangsong Yin, et al. “ELMS: Elasticized Large Language Models On Mobile Devices”. In MobiCom’25.
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The changes LLM brings

Pre-LLM Era LLM Era

H/W: CPU/GPU-centric — NPU-centric

How to serve LLM requests with low latency and energy efficiency?

QCon InfoQ 1&=i51E

ERREFARKRE



@® On-device LLM needs LLM-processor

* On-device resource scarcity further exacerbated.

Pythia (@)

*PanGu §"é
Phi-2 §
TinyLlama J

*MobileLLM (X)
Gemma G
Qwen 1.5 G}

______________ OPTCOX) Cerebras-GPT @ Phi-1 MobileLLaMA BME |~ MobiLlama Qwen 2 47 DCLM &

i [

1 |

E ! 2022.05 2023.03 2023.09 2023.12 2024.02 2024.06 2024.08

; :

1

E | ReLU | 5 [ 1xtconw | vs.

E ; 2019.02 2022.11 2023.04 2023.11 2024.01 2024.04 2024.07 2024.09

] 1

I 1

: i GPT2 @ Bloom () LaMini-GPT #5 Stablelm-zephyr S. Stablelm-zephyr-2 S. MiniCPM X Gemma-2{ [ MiniCP

e ____ 2 Galactica OQ Qwen t;‘ OpenELM 0 SmolLM B¥ Phi-3.5
| Phi-3-mini g danube3 H24 " Qwen 2
x recurrentgemma {5 Fox o’

ResNet, Yolo, LSTM, etc
(<200M)
<100ms to process one image
<I00MB memory footprint
Easy to quantize (integer-only)
Static shape and cost

[1] Zhenyan Lu, et al. “Small Language Models:

QCon

ERREFARKRE

Small Language Models (1B~5B)
>|0sec to process one prompt on CPU
>| GB memory footprint

Difficult to quantize (FP required)
Dynamic shape and increased cost with longer prompt

Survey, Measurements, and Insights”. In preprint’24.
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® On-device LLM needs NPU

* DSA (LLM-processor) Is the answer to on-device LLM.

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; "INTS8 Perf": Int8 performance.

- 301
$ 25| == Snapdragon  The gap between CPU/GPU and NPU
O 3 20| —#— Google Tensor . .
%; | Increases over time
D& 10 ./ - Moore’s law still stands for NPU
m B ° °
s 2 » The gap of energy efficiency is even larger
Y016 2018 2020 2022
Year [1] Jinliang Yuan. “Mobile Foundation Model as Firmware”. In MobiCom’24.
QCon InfoQ 1%=iELE
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Filling the design gap between
legacy NPUs and modern LLM inference

[ASPLOS’25] Fast On-device LLM Inference with NPUs

Code at https://github.com/UbiquitousLearning/mllm

InfoQ FIELR
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@ Ilim.npu: accelerating LLM prefilling with NPU
* Legacy mobile NPU has poor support for

(1) Dynamic shape; (2) FP operations; (3) group-level quantization
* /Im.npou Proposes

* Chunked prefill with partial sharing
[ S 10
| |
. . prmmfemmmmm o : | Linear |<—| Weights | =
* Shadow outlier execution across CPU/NPU i S 5
W outiier execution I > i .
% 1 .
o [ iNT4ss
- Our-of-order scheduling among CPU/NPU | cocc =25
— — LY} K Vv
ur-of-order scheduling among COCo ] i
| Transpose
- s ot [ ] ¥ .
Outliers ' CPU Weights | C1 Cl- [Bueble Ci Quantize
i ] FZA74 < 4,{ - 1~ - - _ 5t | Dequantize |
I:l Normal i X zé i 7 Tl Graphl et Graph3 w C1-Graph$ 37% A e y
Extract i | C2- _’{ C2- C2- bubblerate | ___|l.__tor————— | FC1 :
Compress,/t | B x ' chunls2 Grapht |1 G P12 [ Grapna [ Graphd I i : Weights | !
Cold Hot ! W e % Bubbles . . Bubbles [ | :
4 (L od 0 v 2 L (a) Naive overlapping 2 !
Se % shadow v - Profile . t : Scaling, Casual z : :
q execution E:>results Partition NPU CI- 2 C3- Cl- C=- | 1 Graphs . l?l;'l’ /D't £ v | Mask, Softmax ol FC2_ !
e S :___:'___.;I____Q _______ | %l}f{lf Graphl || Graphl | Graphl Grapl:3 CGlraph3 - ubble rate b : : Weights | 1
Activations - ! C1-Graph2 | C2-Graph2 ||| .~ || C3-Graph2 | . = ! P
uantize ) Queue 1LGraph4 Graph4 N
glip 127128 X & INTS o
| 1 weights N hi . ! B S _Gr
i TSl ! L] 1 CPU subgraph Se-lect vwl:ll‘ch subgr a:)phi Graphd " C1-Graph5
' \PU suber in pending queue? .
'NPU Weights | m [ NPU subgraph p | | C3-Graph2 [+ C3 : T
Execution e — ' Preparation ' Graph3

[1] Daliang Xu, et al. “Fast On-device LLM Inference with NPUs”. In ASPLOS’25.
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@ 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)

) =X MLC-LLM-GPU - IIama cpp-CPU B MNN-CPU [ZA Powerlnfer-v2-NPU @l TFLite-GPU [ Ours
& 1 T 769 545 T T T105] 400 T T 362 T T 786
s | [ I 500 | | 1000 I I 1 [ 1 I
H) 60
% 500 : 42C: : 286I : 564I 200 : 186: 200 : 160:
R [ 3220 250 ] 19671 23 500 a5) I 1 I a6! s || o7
- P I 104 ! 197 202 || 15 o 74 ||] 68 | !
8 0 0 0 215801 x | [ 3259 x x| |'3357mx x 0 slax x x [ |'913x Px | |22 m[0x 0 612x x x | [ 622x Yx | |' 720x [
o 64 256 1024 64 256 1024 64 256 1024 64 256 1024 64 256 1024
w Gemma-2B on Xiaomi1 14 phi-2-2.7B on Xiaomi 14 Qwenl.5-1.8B on Xiaomi 14 Llama-2-7b on Xiaomi 14 Mistral-7b on Xiaomi 14
‘“‘E : : 53694 : : ——%5 000 : : 3| 400 : I 384 : : 758
I | ] I | I I |
§ 500 1 425 400 | 27¢ : : I 200 | 169!
I [ I 518 I I |
é 239: i 2001 1621 167 |1 19311500 3qgl | 200 : g7
F?) 0 : . 0 ; : 0 0 ! . 0 510xxx|-||59xﬂ( |48)(Hx
& 64 256 1024 64 256 1024 64 256 1024 64 256 1024 256 1024
W

Gemma-2B on Redmi K60 Pro  phi-2-2.7B on Redmi K60 Pro Qwen1.5-1.8B on Redmi K60 Pro Llama-2-7b on Redmi K60 Pro M1stral 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 Qwen.5-1.8B (for the first time)

[1] Daliang Xu, et al. “Fast On-device LLM Inference with NPUs”. In ASPLOS’25.
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/demo_qwen_pipeline -1 608
[INFO] Mon Jul 21 16:@9:80 2025 [Iu:mlluis/nrkspmc/llu/srcm:kmdslqnnlo
NNUtils.cpp:12] QNN Backend Lib: LibQnnHtp.so

[INFO] Mon Jul 21 16:09:80 20825 [/Users/luis/workspace/mllm/src/backends/qnn/Q
NNBackend.cpp:1131] Registered Op Package: libQnnLLaMAPackage CPU.so and inter
face provider: LLaMAPackageInterfaceProvider

[INFO] Mon Jul 21 16:09:00 2025 [/Users/luis/workspace/mllm/src/backends/qnn/Q
NNBackend.cpp:1131] Registered Op Package: libQnnLLaMAPackage HTP.so and inter
face provider: LLaMAPackagelInterfaceProvider

[INFO] Mon Jul 21 16:09:00 2025 [/Users/luis/workspace/mllm/src/backends/qnn/Q
NNBackend.cpp:119] QNN Backend Build Id: v2.36.6.256627161419_123260

[INFO] Mon Jul 21 16:09:00 2025 [/Users/luis/workspace/mllm/src/backends/qnn/Q
NNBackend.cpp:121] QNN backend supports tensor sparsity

[INFO] Mon Jul 21 16:089:00 2025 [/Users/luis/workspace/mllm/src/backends/qnn/Q
NNBackend.cpp:124] QNN backend supports dynamic dimensions

[INFO] Mon Jul 21 16:089:01 2825 [/Users/luis/workspace/mllm/src/backends/qnn/Q
NNBackend.cpp:1219] QNN context retrieved from gnn_context.bin

Trace and Warmup finished

[Q] "LLMs have become a household name thanks to the role they have played in
bringing generative AI to the forefront of the public interest, as well as the
point on which organizations are focusing to adopt artificial intelligence ac
ross numerous business functions and use cases.Outside of the enterprise conte
xt, it may seem like LLMs have blue along with new developm
ents in generative AI. However including IBM, have spent year
s implementing LLMs at differe ce thc:u' natural language unde
rstanding L bili

manet:/data/local/tmp/demo/mnn-demo § cat promt.txt
"LLMs have become a household name thanks to the role they have played in brin
ging generative AI to the forefront of the public interest, as well as the poi
nt on which organizations are focusing to adopt artificial intelligence across
numerous business functions and use cases.Outside of the enterprise context,

it may seem like LLMs have arrived out of the blue along with new developments
in generative AI. However, many companies, including IBM, have spent years im
plementing LLMs at different levels to enhance their natural language understa
nding (NLU) and natural language processing (NLP) capabilities. This has occur
red alongside advances in machine learning, machine learning models, algorithm
s, neural networks and the transformer models that provide the architecture fo
r these AI systems.LLMs are a class of foundation models, which are trained on
enormous amounts of data to provide the foundational capabilities needed to d

main: interactive mode on.
sampler seed: 3116707541
sampler params:
repeat_last_n = 64, repeat_penalty = 1.080, frequency_penalty = 0.888,
presence_penalty = ©.800
dry_sultiplier = 0.000, dry_base = 1.750, dry_allowed_length = 2, dry_
penalty_last_n = 4896
top_k = 48, top_p = 0.956, min_p = 0.858, xtc_probability = 0.868, xtc
-threshold = ©.100, typical_p = 1.800, top_n_sigma = -1.000, temp = 0.800
mirostat = @, mirostat_lr = ©.100, mirostat_ent = 5.00€
sampler chain: logits — logit-bias — penalties — dry — top-n-sigma — top—-
k = typical = top-p — min-p — xtc —> temp-ext — dist
generate: n_ctx = 4896, n_batch = 2048, n_predict = -1, n_keep = @

cific models for each of these use cases individually, which is prohibitive un
der many criteria (most importantly cost and infrastructure), stifles synergie
s and can even lead to inferior performance.LLMs represent a significant break
in NLP and artificial intelligence, and are easily accessible to the p
ublic through interfaces like Open AI's Chat GPT-3 and GPT-4, which have garne
red the support of Microsoft. Other examples include Meta's Llama models and G
oogle’s bidirectional encoder representations from transformers (BERT/RoBERTa)

and PalLM models. IBM has also its Granite model series on w
v for other IBM products
. In a nutshell, LLMs are design

assist in creative writing or co
thanks to billions of parameters
that enable them t: and perform a wide il | tanding (NLU) and
array of languag lications in var [l urred alongside adv
ious fields."\nGe e | hms, neural netwo: the architecture
for these AI systems. els, which are trained
on enormous amounts of data to provide the foundational capabilities needed to
drive multiple use cases and applications, as well as resolve a multitude of
tasks. This is in stark contrast to the idea of building and training domain s
| pecific models for each of these use cases individually, which is prohibitive
under many criteria (most importantly cost and infrastructure), stifles synerg
ies and can even lead to inferior performance.LLMs represent a significant bre
akthrough in NLP and artificial intelligence, and are easily accessible to the
public through interfaces like Open AI's Chat GPT-3 and GPT-4, which have gar
nered the support of Microsoft. Other examples include Meta's Llama models and
Google's bidirectional encoder representations from transformers (BERT/RoBERT
a) and PalLM models. IBM has also recently launched its Granite model series on
watsonx.ai, which has become the generative AI backbone for other IBM product
s like watsonx Assistant and watsonx Orchestrate. In a nutshell, LLMs are desi
gned to understand and generate text like a human, in addition to other forms
of content, based on the vast amount of data used to train them. They have the
ability to infer from context, generate coherent and contextually relevant re
sponses, translate to languages other than English, summarize text, answer que
stions (general conversation and FAQs) and even assist in creative writing or
code generation tasks. They are able to do this thanks to billions of paramete
rs that enable them to capture intricate patterns in language and perform a wi
de array of language-related tasks. LLMs are revolutionizing applications in v
ir:lous fields."\nGenerate a title based on the above text.

== Running in interactive mode. ==

= Press Ctrl+C to interject at any time.

-~ Press Return to return control to the AI,

- To return control without starting a new line, end your input with '/'.

If you want to submit another line, end your input with '\'.

Not using system message. To change it, set a different value via -sys PROM

' nny:mthLHsMnm
| ts in generative AI. However,
| implementing LLMs at different 1

blue along with new developmen

including IBM, have spent years

e their natural language unders
)

d on enormous amounts offffd:
to drive multiple use ¢ »

. nt a significant b
reakthrough in NLP and u'tlf:lcnl intelligence, u\d are easily accessible to t
he public through interfaces like Open AI's Chat GPT-3 and GPT-4, which have g
arnered the support of Microsoft. Other examples include Meta's Llama models a
nd Google's bidirectional encoder representations from transformers (BERT/RoBE
RTa) and PaLM models. IBM has also recently launched its Granite model series
on watsonx.ai, which has become the generative AI backbone for other IBM produ
cts like watsonx Assistant and watsonx Orchestrate. In a nutshell, LLMs are de
signed to understand and generate text Llike a human, in addition to other form
s of content, based on the vast amount of data used to train them. They have t
he ability to infer from context, generate coherent and contextually relevant
responses, translate to languages other than English, summarize text, answer q
uestions (general conversation and FAQs) and even assist in creative writing o
r code generation tasks. They are able to do this thanks to billions of parame
ters that enable them to capture intricate patterns in language and perform a
wide array of language-related tasks. LLMs are revolutionizing applications in
various fields."

Generate a title based on the above text.

[A] real_seq_length: 562

iln_qriph: 59

/Uln_demo model/config.json promt.txt <
ionf:lg path is model/config.json




Filling the design gap between
legacy NPUs and modern LLM training

[USENIX ATC’24] FwdLLM: Efficient Federated Finetuning of
Large Language Models with Perturbed Inferences

Code at https://github.com/UbiquitouslLearning/FwdLLM
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® FwdLLM: BP-free LLM finetuning

* Key idea: leveraging forward gradient for LLM finetuning

———————————————————————

. | A random, independent
|

I |
59(9)5 — E(Vf(g) ) v)i'vr’ PEAUELIR I Sl Compared to BP approach:

B e * Legacy NPU-compatible
Forwaljd gradient, T.he d?rectional deriYatiYe of f at point 6 in e More memory efficient
an unbiased direction v. Computing it takes only
estimator of f(6)’s forward, no need for backpropagation
r—i i . ; . . Methods Mem. Cixcltraliz:z nTraining (i:ltno) cfedera;.le:l Learninifle
g mwher Op ImlzatIOﬂS. BP, FP16 ((3;;;)2 ‘:97 - 50?) TO.lhrs e Round 1
. . BP, INT8 324 | 88.6 500 0.06 hrs N/‘f’kdue}o memory
* var.-controlled perturbation pacing e, = iw a oe eiees
. . . . . . Ours, INT8 79 | 86.9 260 0.8 hrs
* discriminative perturbation sampling (emawii |« e v o fws] oo

* Highlighted results: federated Llama-7B finetuning on devices,
with significant speedup and memory saving

[1] Mengwei Xu, et al. “FwdLLM: Efficient Federated Finetuning of Large Language Models with Perturbed
Inferences”. In ATC’24.
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Looking into the future..

Mortal Computation

» |If we abandon immortality and accept that the knowledge

is inextricable from the precise physical details of a We Sha” Pro bably IOOk for hardware_
specific piece of hardware, we get two big benefits:
| software co-evolution, e.g., mortal
* Huge energy savings . .
— We can use very low power analog computation. Computat|on by Geoffr’ey H InNton

* Much cheaper hardware
— The hardware could be grown cheaply in 3-D instead
of being manufactured very precisely in 2-D.
— This would require lots of new nano-technology or
perhaps genetic re-engineering of biological neurons.

“Two paths to Intelligence” by Geoffrey Hinton
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@ The Future: full-stack design!

ctra I$_P
i

Qualcomifgf Qualcomiy
Phoenix M
= " r_a?3.5§Ghz1

- i " i) = - = . zx
AT el Cache BB | .o zwocoee—{

X80

: X https://innogyan.in/2024/10/28/die-shot-of-snapdragon-8-¢lite-reveals-
L % — R et e e i COMponent-space-allocation/
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. The Future fuII stack deS|gn'

Qualtomm Qual?omm
HOE" ixM PhoemeJ
3.53Ghz @3,

H£Makmnm =2
Spectra ISP

sl A One-Size-Fits-All LLM
Agent Workflow hq A Tiny Kernel

L et 1 ;ff;"
=% £ 13T (large design space)

Y Hexagonv792clust s PRI [ e e —1 3
Y faThread DsP m, === wae—s Vghieueiiache TGS =¥ Processor HBM Unit

Time to sacrifice flexibility for efficiency!
(we still have flexibility at agent workflow)

Az
g ] https://innogyan.in/2024/10/28/die-shot-of-snapdragon-8-elite-reveals-
ariaaiia i 8 component-space-allocation/
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® Takeaways
* On-device LLM is reinventing the mobile devices

* A total paradigm shift of mobile Al ecosystem

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