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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

🌐  Frontier models are getting quite 
good at this due to:
- Longer context lengths
- Test-time scaling techniques

Data Intensive Reasoning Tasks💻 Scan codebases for bugs + make edits

💰 Analyze financial filings

🏥 Predict from health records (i.e., visit 
notes)
… and much more



Motivation: Improvement of Frontier Models

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

🌐  Frontier models are getting quite 
good at this due to:
- Longer context lengths
- Test-time scaling techniques

Longer context lengths

Test-time scaling techniques



Motivation: Large Cost of Frontier Models

But…applying them to long context tasks is expensive 💵 

🌐  Frontier models are getting quite 
good at this due to:
- Longer context lengths
- Test-time scaling techniques

Problem: Applying frontier 
models to data-intensive tasks 
is expensive 💸💸💸

e.g. o3 costs >$10 per 
query on a million token 
repository



Motivation: The Rise of On-device ML

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

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

Problem: Applying frontier 
models to data-intensive tasks 
is expensive 💸💸💸

e.g. o1 costs >$15 per 
query on a million token 
codebase

These models can fit on consumer devices: mobile devices + laptops!
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Motivation: The Rise of On-device ML

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

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

Problem: Applying frontier 
models to data-intensive tasks 
is expensive 💸💸💸

e.g. o1 costs >$15 per 
query on a million token 
codebase

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

Faced with these two observations…
- Problem: Applying frontier models to data-intensive tasks 

is expensive 💸💸💸
- Problem: On-device hardware is underutilized

…we ask:

Problem: Applying frontier 
models to data-intensive tasks 
is expensive 💸💸💸

e.g. o1 costs >$15 per 
query on a million token 
codebase

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?

Data + QueryQuery



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)

Problem: Applying frontier 
models to data-intensive tasks 
is expensive 💸💸💸

e.g. o1 costs >$15 per 
query on a million token 
codebase

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 other in a 
free-form chat!



Minion Communication Protocol
Minion achieves 30.4X cost reduction over 

remote-only while recovering 87% of accuracy.



Minion Communication Protocol

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

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



Minion Communication Protocol

We identify two reasons why the Minion 
protocol struggles to recover 100% of 
the performance of the remote model 
alone:

Also, Minion achieves low utilization of edge 
hardware because batch sizes are small!

Small LMs struggle to reason 
across long contexts

1

Small LMs struggle to handle 
multi-part instructions
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MinionS Communication Protocol



Minions Communication Protocol

Introduces a three step, multi-turn 
framework: 

1 Decompose: remote LM breaks task into 
smaller subtasks

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

Execute: run subtasks locally in parallel2



Minions Communication Protocol

Decompose (Remote LM 🌐)1

Writes a script that

→ breaks task into subtasks

→ chunks context 

→ provides advice



Minions Communication Protocol

Execute (Local LM 💻)2

Run worker jobs in parallel

Filter outputs to only include 
jobs that yielded an answer.



Minions Communication Protocol

Aggregate (Remote LM 🌐)3

Parses all job outputs

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



Minions Communication Protocol

MinionS (8B local LM) achieves 5.7X cost reduction 

over remote-only while recovering 97.9% of accuracy.



Minions: Investigating Different Tradeoff Knobs

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

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?
.

1

2
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Scaling Local Model

Quality Efficiency



Scaling Parallel Work On-Device

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



Scaling Sequential Rounds of Communication



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!

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?

With Akhilesh Balasingam

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



Thank you!

Code: https://github.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

