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Abstract. An audit of what open source AI can actually do on low end devices with no internet: the
hardware tiers, the quantization and runtime stack that makes small models viable, the models that fit
each tier, and proven use cases from East Africa. Ends with tiered advice for building local AI systems

for rural and informal sectors.

Introduction

Almost every AI service built today assumes a server with an internet connection on the other end. That
assumption excludes most of the world. Rural villages have no wifi, informal businesses cannot afford

data bundles, and the devices people actually own are budget phones with 1 to 4 GB of RAM. The result
is an AI that serves the connected few and ignores everyone else.

This paper is a technical audit of the opposite approach: local AI architecture, where the model lives on

the device, the data never leaves it, and no network is needed at any point after installation. The research
community and open source ecosystem have quietly made this possible. Small models are now good

enough for real work, quantization has cut their memory needs by roughly three quarters, and proven
deployments in Tanzania and Kenya show what works in practice.

The Hardware Reality

The devices in rural and informal sectors fall into four tiers. Everything in this paper is scoped to these

tiers.

Tier Devices Usable memory

Budget phone Android 8 to 10 phones, 1 to 2 GB RAM 512 MB to 1 GB

Mid range phone 4 to 6 GB RAM, a few years old 2 to 4 GB

Old laptop 4 to 8 GB RAM, CPU only 2 to 5 GB

Single board Raspberry Pi 4 and similar 1 to 4 GB

Two rules dominate. First, subtract the operating system before budgeting: a phone with 6 GB of
advertised RAM gives a model roughly half of that. Second, anything that runs without a GPU wins,
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because these devices have no GPU. The practical ceiling is a 3.8 billion parameter model on an 8 GB
phone, and a 1 billion parameter model on a budget phone.

The Enabling Stack

Four technologies turned this from impossible to routine.

Quantization

Quantization compresses model weights from 16 bits to 4 bits. The Q4_K_M format cuts memory by
about 75 percent with quality loss that is hard to notice in practice. Google's Gemma 4 quantization

aware training release pushes further: models are trained with quantization baked in, and the Gemma 4
E2B edge model runs in under 1 GB of memory on phones. Meta's MobileLLM Pro 1B model ships int4
checkpoints with only 0.4 percent quality regression and a 590 MB CPU footprint. Quality loss is no

longer the blocker; memory is the only question.

CPU Runtimes

The llama.cpp project turned GGUF model files into a portable CPU runtime with SIMD optimizations
for ARM and x86 chips. Ollama packages it into one command. LM Studio and MLX cover desktop and

Apple silicon. On Android, TFLite with MediaPipe GenAI has demonstrated production quality
inference on devices with 2 to 4 GB of RAM. A 3.8B model runs at roughly 30 tokens per second on a

modern CPU, which is comfortably readable.

Offline Retrieval

RAG is what makes small models trustworthy, and it works fully offline. Embeddings can be computed
locally with small models, and retrieval can be done with FAISS or even plain TF-IDF, which costs

almost nothing in memory. The AfyaPack health system uses a 0.5B model with TF-IDF retrieval over
local clinical protocols, and the Daktari AI system does the same with ChromaDB over WHO and MSF

guidelines. The pattern is consistent: retrieve from a curated local corpus, then generate with retrieved
context, never let the model answer from memory alone.

Voice Interfaces

Literacy is a barrier that no model size fixes. The AIEP initiative, which deployed five agricultural

advisory systems in Kenya and Bihar, reports that voice input and output are the key to inclusion for
semi-literate users, using speech recognition, machine translation, and text to speech. Every credible

rural AI deployment plans for voice first.

Open Source Models That Fit
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The 2026 small model landscape is strong enough that the selection question is about tiers, not about
whether it works.

Below 1B Parameters

The deepest rural tier runs these. Qwen 3 offers a 0.6B variant with 35 plus languages under Apache 2.0.
MiniCPM 5 is the current state of the art in the 1B class, scoring 42.57 on average across reasoning,
knowledge, code, math, and agentic benchmarks, with its strengths in tool use and code. Gemma 3 1B

runs in about 720 MB at 4 bits and is the only option that works on 4 GB phones. These models produce
short, coherent answers, which is exactly the right scope for basic advice and lookup tasks.

1B to 2B Parameters

TinyLlama 1.1B at about 600 MB, Qwen 3 1.7B at about 1.1 GB, SmolLM 2 1.7B at about 1.1 GB, and

Gemma 2B are the workhorses for 6 GB phones and Raspberry Pi devices. SmolLM 2 is the fastest on
every device tested, reaching 45 to 60 tokens per second even on entry level GPUs. Qwen 3 1.7B is the

strongest multilingual option in this class. MobileLLM Pro 1B, distilled from Llama 4 Scout, targets
CPU inference specifically with its int4 checkpoints.

3B to 4B Parameters

This is the quality tier for old laptops and flagship phones. Phi 4 mini at 3.8B under the MIT license

shows reasoning comparable to 7B and 9B models such as Llama 3.1 8B, and its Q4 weights are about
2.5 GB. Qwen 3 4B under Apache 2.0 is the multilingual and coding pick. Gemma 3 4B is the most

natural conversational model in the class. SmolLM 3 3B outperforms Llama 3.2 3B and Qwen 2.5 3B
across twelve benchmarks. The edge MoE models, Gemma 3n and Gemma 4 with selective activation,

reach toward 4B quality in a 2B footprint and are the most promising direction for phones.

7B and Above

Mistral 7B and Llama 2 7B in Q4 fit in about 4 GB and run on 8 GB devices at 5 to 10 tokens per
second, which is usable but slow. The guidance from every measured deployment is consistent: at this

tier the quality gain is modest while the speed loss is severe. For offline rural systems, the 3B to 4B tier
is the sensible ceiling.

What It Can Be Used For

The deployments that already exist in East Africa are the strongest evidence that this works.

Agriculture

Mkulima AI is a Swahili language, offline ready farming assistant for Tanzanian smallholders,

preinstalled on phones and distributed by Bluetooth because its target users have no Play Store access
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and no reliable internet. It uses an icon based interface, a Swahili voice interface, and a crop disease
model with 94 percent accuracy, grounded in indigenous farming knowledge. The AIEP initiative

deployed advisory services in Kenya with voice first interfaces over WhatsApp and phone lines, and
reports high user satisfaction. The demand is real: extension services in Tanzania serve up to 500

farmers per officer, and AI can close that gap.

Health

Kenya has 105,000 community health workers, with patient ratios reaching 3,000 to one in rural areas,
working far from any facility and without clinical support. AfyaPack is an offline clinical decision

support tool in English and Swahili, grounded exclusively in local protocol documents with citation
backed answers, danger sign screening that fires before the model, and referral generation. Daktari AI

does the same on Gemma edge models with WHO and MSF guidelines, in English, Swahili, French,
Hausa, Amharic, and Portuguese, including photo analysis of wounds and rashes. The design discipline

in both is the same: the model never answers outside its retrieved corpus.

Education and Business

Offline models can tutor students, explain concepts in Swahili, help informal traders keep simple
records, draft business messages, and translate between English and Swahili. The 1.7B multilingual

models handle this well. The constraint is honesty: small models are for grounded advice, not open
ended factual recall.

Audit Findings and Advice

The audit supports three implementation tiers, plus a set of design principles that matter more than any

single model choice.

Tier 1: Budget Phones

For devices with 512 MB to 2 GB of usable memory, use Qwen 3 0.6B or 1.7B, MiniCPM 5, or Gemma
3 1B. Distribute by Bluetooth, USB, or SD card. The NanoMind project proves the operating profile: a

512 MB floor, automatic model selection by detected RAM, and an OpenAI compatible local API. Voice
input and icon based navigation are mandatory at this tier.

Tier 2: Old Laptops and Mid Range Phones

For 2 to 5 GB of usable memory, use Phi 4 mini, Qwen 3 4B, or Gemma 3 4B with Q4_K_M

quantization via Ollama or llama.cpp. Add offline RAG with FAISS or TF-IDF over curated Swahili and
English corpora, and keep the context window at 2,048 to 4,096 tokens. This tier is strong enough for

clinical protocol support, agricultural advice, and document Q&A, which covers most rural knowledge
work.
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Tier 3: Community Hub

For a single shared machine with 8 to 16 GB of RAM, run a 7B to 14B quantized model behind an
OpenAI compatible API and serve a whole village over a local network, with models distributed by

USB. The OffGrid LLM project shows the pattern, including peer to peer model sharing on local
networks. A solar powered laptop or Raspberry Pi based hub turns one machine into a community
resource.

Design Principles

First, test on the slowest device you intend to support, not your developer machine; measured real world
guidance says the gap between a flagship and a budget phone can be threefold. Second, default to
Q4_K_M quantization. Third, ground every answer in a locally curated corpus; the deployments that

work are the ones where the model cannot invent facts. Fourth, design for voice and icons before text.
Fifth, plan for three tiers from the start, because a system that works on a flagship will fail on the

devices that actually need it.

What the Lab Can Build

The research agenda follows directly from the audit: build a reference stack for each tier, benchmark the
small models on real Kenyan hardware including old laptops and budget phones, assemble curated

Swahili and English corpora for agriculture, health, and informal business, and ship pilot deployments
with partner organizations in the same distribution pattern Mkulima AI proved. The lab's existing work

in distillation and on device inference is the right foundation; this audit confirms the target: AI that
works where there is no cloud, no server, and no network.
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