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Motivation: Data Intensive Reasoning Tasks

Users want to apply LMs to large volumes of personal, on-device data!
These tasks require “always-on” processing

M Scan codebases for bugs + make edits Data Intensive Reasoning Tasks
Query
@ Based on my files, can you

compute FY15 depreciation
and amortization margin for AMD?

g Analyze financial filings

#¥: Predict from health records (i.e., visit Darioxt

... and much more

User’s working context




Motivation: Improvement of Frontier Models

We @ frontier models €. And they are getting quite good at data
intensive reasoning tasks due to

Longer context lengths

Test-time scaling techniques

© OpenAl Gemini



Motivation: Large Cost of Frontier Models

But...applying them to long context tasks is expensive BB

Problem: Applying frontier
models to data-intensive tasks

is expensive Q‘ Q‘ Q‘

e.g. 03 costs >$10 per
query on a million token
repository




Motivation: The Rise of On-device ML

B At the same time, on-device machine learning is emerging

(™ Smaller, multimodal LMs (e.g. 1-8B parameters) are getting
increasingly good!

LMArena Elo Score

These models can fit on consumer devices: mobile devices + laptops!



Motivation: The Rise of On-device ML m

B At the same time, on-device machine learning is emerging

(@ And the on-device hardware in personal computers and
smartphones is becoming LLM native

Model (quant / size) Mobile [ Laptop testbed Runtime backend J Tokens [ sec First-token latency (s)
Gemma 3n E4B-it dynamic-int4 Samsung S25 Ultra — Snapdragon 8 Gen 4 LiteRT CPU (4 threads) 12.8 9. Mssngtececo

Gemma 3n E4B-it dynamic-inté4 same phone LiteRT GPU 16.1 15,1 e

Llama 2 7B-Chat w4alé Galaxy S24 — Snapdragon 8 Gen 3 Qualcomm QNN NPU 12.85 1.50 GRS

Llama 2 7B-Chat w4al6 Snapdragon 8 Elite QRD (dev phone) QNN NPU 17.94 144 Moonsceco

Apple on-device Foundation Model (~3 B, iPhone 15 Pro — A17 Pro FoundationModels (ANE) 30 ~0.06 — 0.15 T  mechineiearning.apple.com

mixed 2-/4-bit)

Problem: today, on-device models aren’t used for data-intensive tasks!!



Problem Setup

Faced with these two observations...

- Problem: Applying frontier models to data-intensive tasks

IS expensive Q‘ Q‘ Q‘

- Problem: On-device hardware is underutilized

...we ask;

-
How can a small LM on-device

collaborate with a frontier LM in the
cloud to reduce inference costs w/o
data leaving the device?

\_
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Experimental details

We consider three data-intensive reasoning tasks:

1. FinanceBench (Financial tasks over 100 page PDFs)

2. LongHealth (Medical tasks over a patient’s medical record)
3. QASPER (Scientific questions over collections of papers)

What is Amazon's FY201/

days payable outstanding
(DPO)?

DPO is defined as: 365 * (average accounts payable
between FY2016 and FY2017) / (FY2017 COGS +
change in inventory between FY2016 and FY2017).

Company 10-K documents exceeding
100 pages (approx. 128k tokens)



Minion Communication Protocol

First, we experimented with the simplest
protocol we could think of:

just let the models talk to each otherin a
free-form chat!

7

Minion Protocol Q@J g@i
/4

User Remote LM Local LM

User workload Context

/' ) Based on my files, can you compute
S FY15 depreciation and amortization
margin for AMD?

Local-Remote Conversation

AR To compute the D&A margin for AMD,
—~ we'll need the total revenue for FY2015
and the depreciation and amortization expense.

| found the total revenue under consolidated
statements of cash flows. It was $1.3bn in I w
FY2015. But | can't find any mention of depreciation
or amortization expenses.

71 .
AT\ Hmm, you can try looking in the
&Y consolidated statements of operations
or the notes to financial statements.
In the consolidated statements of operations -
EEEEES
- __

I found mention of amortization of intagible
assets, which in FY2015 was $3 million.

Until answer...




Minion Communication Protocol

Minion achieves 30.4X cost reduction over Minion Protocol  (aa FF% | ]
. | g B =
remote-only while recovering 87% of accuracy. User  RemotelM Local LM
User workload Context
_________________ (gpt-40 (0.72)} - - - ————==-=—— =~ “a a ) Based on my files, can you compute
0.7 S/ FY15 depreciation and amortization
margin for AMD?

Local-Remote Conversation

S =) (] IS, i llama-3.1-8b (0.44)|-=——— e e @ To compute the D&A margin for AMD,
[}
© 77 we'll need the total revenue for FY2015
g and the depreciation and amortization expense.
<03
| found the total revenue under consolidated g
0.24 -
02 Fik==F" ——— ——————————————— statements of cash flows. It was $1.3bn in -
FY2015. But | can't find any mention of depreciation
&d B e et b Lol i dd biblen 4 Pt it or amortization expenses.
ey ——————— llama-3.2-1b (0.04) |~ === -ccmee e @ Hmm, you can try looking in the
77 consolidated statements of operations /
0.00 0.05 0.10 0.15 0.20 or the notes to financial statements.
Remote Cost ($)
Local Model Protocol In the consolidated statements of operations -
@ llama-3.2-3b A Localonly I found mention of amortization of intagible . =
©® qwen2.5-3b 0 Remote only assets, which in FY2015 was $3 million.

@ llama-3.1-8b @ MINION

Until answer...




Minion Communication Protocol

Minion achieves 30.4X cost reduction over
remote-only while recovering 87% of accuracy.

But we want to recover close
to 100% of the accuracy!!

Minion Protocol @ %} %
/4 -

User Remote LM Local LM

User workload Context

“a a ) Based on my files, can you compute
S FY15 depreciation and amortization
margin for AMD?

Local-Remote Conversation

AR To compute the D&A margin for AMD,
77 we'll need the total revenue for FY2015
and the depreciation and amortization expense.

| found the total revenue under consolidated g

statements of cash flows. It was $1.3bn in

FY2015. But | can't find any mention of depreciatio;

or amortization expenses.

7 .
AT\ Hmm, you can try looking in the
77 consolidated statements of operations
or the notes to financial statements.

In the consolidated statements of operations -
| found mention of amortization of intagible =
assets, which in FY2015 was $3 million.

Until answer...

S~




Minion Communication Protocol

We identify two reasons why the Minion

Number of Chunks in Context Number of Sub Tasks
protocol struggles to recover 100% of 0.600 1@ T T ] ' | |
the performance of the remote model 033 TT
alone: > 0550 1 >
S 0525 -
g 2
0.500 4+
(*)Small LMs struggle to reason el
across long contexts I — ® , , , ®
1 16 32 64 128 1 2 3 4
Total Chunks In-Context (each 512 tokens) Number of Sub Tasks

@ Smal.l LMs .Struggle. to handle Also, Minion achieves low utilization of edge
multi-part instructions hardware because batch sizes are small!



MinionS Communication

Minion$S Protocol

,://L' Here is a Python function that
‘&Y will prepare jobs for identifying

the total revenue and D&A expenses:

def prepare_jobs (context):

from bsa import BeautifulSoup
soup = BeautifulSoup(doc)

And here is another for filtering the
job responses:

def filter_job(job):

return job.response != “none”

prepare_jobs( [[__[i )

ef el] [ef
|| ... -
—~ l —
fitter_job( (@E})

v B v B

4!
(jﬁ@ In the job outputs we have

S&I77 atotal revenue of $1.3bn, a
depreciation expense of $94 million
and amortization expense of $3
million. From these values we can
compute the D&A margin as ...

Protocol

a Job Preparation

prepare_jobs( [[__[i )

Job

p7d)

(_‘E@ Extract the total
“&77 revenue in FY15
from this chunk of AMD’s
10K report. If it isn't
mentioned outputer

L “none”.

Instruction Chunk

Process jobs with Local LM in batch and filter programmatically
b Job Execution and filtering

ﬁ-ﬁ

Local LM

| found the total revenue under
consolidated statements of cash
flows. It was $1.3bn in FY2015.  =*

Process jobs with Local LM in batch and filter programmatically

v X v

c Job Aggregation
.

e
J/ = O AR In the job outputs we
— W — &} a total revenue of ...
v Remote LM

Pass outputs of filtered jobs to the remote LM.



Minions Communication Protocol

Introduces a three step, multi-turn
framework:

Decompose: remote LM breaks task into
smaller subtasks

®

@ Execute: run subtasks locally in parallel

@ Aggregate: remote LM merges results
for final answer or loops back to (1)

MinionS Protocol

/’/[4 Here is a Python function that

77 will prepare jobs for identifyin

the total revenue and D&A expenses:

And here is another for filtering the
job responses:

prepare_jobs ( r[i )

9

@g

el [el]
u |

— L
fitter_job( (L)
v R v K

@ In the job outputs we have

a total revenue of $1.3bn, a
depreciation expense of $94 million
and amortization expense of $3

million. From these values we can
compute the D&A margin as ...

a Job Preparation

prepare_jobs ( r[[-_i )
Job

A
@ Extract the total
revenue in FY15
from this chunk of AMD's
10K report. If it isnt

mentioned outputer
“none”.

Instruction Chunk

Process jobs with Local LM in batch and filter programmatically
b Job Execution and filtering

. | found the total revenue under
— 5 — consolidated statements of cash
Local LM flows. It was $1.3bn in FY2015.

Process jobs with Local LM in batch and filter programmatically
fitter_job( () [l Fitter_job( @EL)
v X v

c Job Aggregation

fitter_job( (@)

)
v X @ /—/F In the job outputs we
— - r&@ a total revenue of ...
v B

- Remote LM
Pass outputs of filtered jobs to the remote LM.




Minions Communication Protocol

@ Decompose (Remote LM €B) :

def prepare_jobs(context):

chunks = chunkfbgfsection(document=context[O]. size=3000, overlqp=20)

Writes a Script that job_manifests = []

for chunk in chunks:
job =
chunk,

= breaks task into subtasks * e

job_manifests.append(job) ®

return job_manifests def ch K b i Cd + : 1 )
-> ChUﬂkS COnteXt _> L | e :ezzi;nz_ietf]lon ocument, size, overlap):
Grigehsis = (0)

-> prOVideS adVice while start < len(document):

end = start + size

section = document [start:end]
sections.append(section)
start += size - overlap

return sections




Minions Communication Protocol

@ Execute (Local LM 1)

Run worker jobs in parallel

Filter outputs to only include
jobs that yielded an answer.

worker_chats = []

for manifest in job_manifests:
msg = {
Prrafieis Py

er",
"content format_template(
context = manifest.chunk,

task = manifest.task,

advice manifest.advice

)
}

worker_chats.append(msg)

responses = local_client.chat(worker_chats)

def filter_fn(job):

"""Reject jobs with missing or 'none' answers."""

answer = job.output.answer

if answer is None or answer.strip().lower() ==
return False

return True

"none" :




Minions Communication Protocol

@ Aggregate (Remote LM @)

Parses all job outputs

Decides to either provide
an answer or loop back to
decompose step

_>

REMOTE_ANSWER= """\
## Inputs
tion to answer:

{question}

2. Collected Job Outputs (from junior models):

ractions}

## Instructions: Please inspect the question and the Job Outputs.

finalize the r or re st additional de 5, and return the

. or None"

Then decide

her to
rdingly.




Minions Communication Protocol
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0.4

Accuracy

0.3

MinionS Protocol

AR Here is a Python function that
__________ {Ilama-3, 1-8b (0,44)] - . will prepare jobs for identifying

the total revenue and D&A expenses:

onS (8B local LM) achi
mote-only while recove

- over re

| —~ ) —
0.00 0.05 0.10 0.15 0.20 e o @D
Remote Cost ($) v 1 v R
prar
(1 In the job outputs we have
Local Model Protocol @ a total revenue of $;.3bn, a
= = depreciation expense of $94 million
. ”ama 3.2 3b A Local onIy and amortization expense of $3
. qwen2 .5-3b ’ Remote only million. From these values we can
compute the D&A margin as ...
@ llama-3.1-8b @ MINION
@ MINIONS

eves 57X cost reduction
ring 97.9% of accuracy.

a Job Preparation

prepare_jobs( [r_[. )

Job
7]
fa ) Extract the tntal
15
MD’s

Chunk

atch and filter programmatically
tering

! | found the total revenue under

i - . :

r{@ consolidated statements of cash

cal -

flows. It was $1.3bn in FY2015.

Process jobs with Local LM in batch and filter programmatically

v X v

c Job Aggregation
P

7]

| @ AFR In the job outputs we
- — vz — a total revenue of ...

v Remote LM

Pass outputs of filtered jobs to the remote LM.



Minions: Investigating Different Tradeoff Knobs

(1) Model size: How does the size of the local model affect
performance?

(2) Edge parallelism: How should we parallelize work at the
edge to improve quality?

@ Sequential Communication Rounds: Do multiple rounds of
communication improve final output quality?



Scaling Local Model
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Scaling Parallel Work On-Device

Scaling Tasks Scaling Samples
0,65 ~emmmmemmenneee(gpt-20 (0.65) b 16l = tm 0.70 == 32} =
7>‘_\‘ﬁ _7/.]}6‘ == 64
n = 0 (128
0.60 ;/"* XY £y S — {GPE-20 (0,85))mmm e e =
0.55 / 0.60

Accuracy

(=]

n

(=]

(3)

~)
Accuracy
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0.40

1) 0.45 1)
0.015 0.020 0.025 0.030 0.02 0.03 0.04 0.05 0.06
Remote Cost ($) Remote Cost ($)
@ Uama-3.2-3B-Instruct @ Uama-3,1-88-Instruct

# of instructions / chunk # of samples per task/chunk



Scaling Sequential Rounds of Communication

Accuracy

0.040 0.045 0.050 0.055 0.060 0.065
Remote Cost ($)

Edge Model @ llama-3.2-3b @ llama-3.1-8b



Future Work

-» Benchmarks for edge inference (in progress, we invite
collaborators!): sweep over devices, tasks and models!

= Better high-throughput inference on-device (in progress, we
invite collaborators!)

= Training for collaboration



Benchmarking performance metrics on other edge hardware!

12:21 &

Apple Foundation Model Demos

Short Tasks:

Japan

Tokyo Tower, Mount Fuji, Okinawa Island, ...

Japan vacation

LLM Benchmarks

Trials per prompt: 3

Tokens
TTFT {ms)
Latency {ms)
TPS

Sample Output

Tokens

Compose a retrospective exegesis that
meticulously diss nd analyzes the
multifaceted implications of the Industrial
Revolution across the spheres of social
dynamics, political structures, cultural
paradigms, economic systems,
psychological frameworks, and
metaphysical contemplations, tracing their
enduring ramifications into the
contemporary milieu.

With Harsh Singh


https://docs.google.com/file/d/1NP3EAyCNt7pYZVeQ9ZKW63_ooueUC2sx/preview
https://docs.google.com/file/d/1fn2wMuPaFFrVuDQzAVMxID9QsrGMyb7t/preview
https://docs.google.com/file/d/12q3amIGGTUjNyn1W0pwRKc193sN4Ea5a/preview

Can we improve local performance by writing specialized kernels?

Small Configurations
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On Apple silicon, writing paged-attention kernels in Metal (blue) improves
upon torch MPS and Apple’s MLX
With Akhilesh Balasingam



Thank youl!

Code: https://qgithub.com/HazyResearch/minions
Paper (to appear in ICML 2025): https://arxiv.org/abs/2502.15964



https://github.com/HazyResearch/minions
https://arxiv.org/abs/2502.15964

