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ABSTRACT

ExoControlCenter is a native SwiftUl iPad application that provides real-time monitoring and control of
distributed Al inference clusters powered by the exo framework. As large language model (LLM) inference
increasingly migrates from cloud data centers to consumer and prosumer hardware, operators face a new
category of operational challenge: managing multi-node, heterogeneous compute clusters without
enterprise-grade infrastructure tooling. ExoControlCenter addresses this gap by delivering a purpose-built,
polished control plane — real-time node monitoring, model lifecycle management, and instance placement
orchestration — in a form factor suited to the role of hands-on cluster operator. This paper reviews the
technical foundations of distributed LLM inference, analyzes the exo cluster model, and details the design
decisions and operational benefits of the ExoControlCenter control plane.

01 Introduction

The open-source exo project [1] enables consumer-grade hardware — MacBook Pros, Mac Studios, desktop
PCs, and even mobile devices — to pool their memory and compute resources into a single logical LLM
inference cluster. A user with four M-series Macs, each with 36—96 GB of unified memory, can collectively
serve a 70B parameter model that no single machine could hold in its VRAM. This represents a qualitative
shift: the barrier to self-hosted LLM inference is no longer "access to a $30,000 A100 server" but "enough
commodity hardware that the operator already owns."

However, operating such a cluster has historically required direct SSH access to each node, manual
inspection of log files, and curl-based API calls to check cluster state. ExoControlCenter fills the operational
gap: it is a dedicated, always-on control plane application that surfaces cluster health, model inventory, and
active inference instances in a native iPad Ul optimized for the role of cluster operator.

The design philosophy is that managing a personal or small-team inference cluster should feel as polished as
managing a Kubernetes deployment through a commercial dashboard — but without the infrastructure
dependency of Kubernetes, without a cloud control plane, and without leaving the Apple platform.

2 /10



02 Background

| 2.1 Distributed LLM Inference: Tensor Parallelism and Pipeline Parallelism

Large language model inference requires loading the full model into memory accessible to the compute
device. For models above approximately 30B parameters (at FP16 or INT4 quantization), no single consumer
device has sufficient memory. Two parallelism strategies address this:

Pipeline Parallelism. The model's layers are partitioned sequentially across N devices. Device 0 processes
layers 1-k, passes activations to Device 1 which processes layers k+1-2k, and so on. The activation tensors
are transmitted between devices at each layer boundary. Pipeline parallelism is effective on LAN-connected
devices where inter-device bandwidth exceeds ~10 Gbps (Thunderbolt 3/4, 10GbE), and latency per layer
transition is dominated by the activation tensor size (typically 2 x batch_size x hidden_dim x sizeof(dtype)
bytes) rather than round-trip time [2].

Tensor Parallelism. Individual weight matrices are sharded column- or row-wise across devices, so each
device holds a fraction of every layer rather than a subset of layers. Each forward pass requires an AllReduce
collective across all N devices after each layer. Tensor parallelism is latency-sensitive and is typically
reserved for devices connected by high-bandwidth interconnects (NVLink, InfiniBand) [3].

Exo's approach. The exo framework implements pipeline parallelism as its primary multi-node strategy, with
full-model loading on single powerful nodes as an option for models that fit. The REST API exposes a
"sharding strategy" field per instance, letting the operator choose between pipeline parallel, tensor parallel
(where applicable), and full-model placement. ExoControlCenter surfaces this choice through its instance
placement preview Ul.

| 2.2 Quantization and Memory Footprint

Model memory footprint scales as N_params x sizeof(dtype). A 70B parameter model at FP16 (2 bytes/
param) requires 140 GB of memory. At INT4 quantization (0.5 bytes/param), this drops to ~35 GB — within
reach of a single Mac Studio Ultra (192 GB unified memory). At INT8 (1 byte/param), 70B requires ~70 GB,
spanned easily across two 36 GB M3 Pro MacBook Pros.



// EXOCONTROLCENTER TECHNICAL WHITE PAPER

70B model memory footprint by quantization
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Figure 1. Memory required to host a 70B-parameter model by quantization level, against a 192 GB Mac
Studio Ultra ceiling.

MLX Community [4] provides quantized model weights in the .mlx format, which exo downloads directly
from HuggingFace. ExoControlCenter's model browser exposes the model's quantization level and size,
allowing the operator to assess cluster memory requirements before downloading and loading. The instance
placement preview — a key ExoControlCenter feature — extends this by querying exo's /instance/
previews endpoint and displaying the estimated per-node memory allocation for each sharding strategy,
enabling informed placement decisions without trial-and-error.

2.3 Node Heterogeneity in Consumer Clusters

Unlike a homogeneous data-center cluster, a personal inference cluster may include devices with widely
varying memory capacities (16 GB to 192 GB), varying compute capabilities (M1 through M4 Ultra), and
varying link speeds (Wi-Fi 6E, 2.5GbE, Thunderbolt). Exo handles heterogeneity through weighted
scheduling: it assigns layer ranges proportionally to each node's available memory, meaning a 96 GB node
receives twice the model slice of a 48 GB node.

ExoControlCenter surfaces this heterogeneity explicitly: each node card displays chip type (derived from the
device model string), total and used memory, and FLOPS capability at FP32, FP16, and INT8 — the three
figures most relevant to LLM throughput. Memory gauges change color at 60% (green — orange) and 80%
(orange - red), alerting the operator before memory pressure begins to impact throughput.
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03 System Architecture

| 3.1 Communication Model: Polling REST API

Exo's HTTP APl is currently request-response; it does not expose a WebSocket or SSE stream for live push
updates. ExoControlCenter therefore implements a polling model: the ExoAPIClient classissuesa GET /
state request every 2.5 seconds and publishes the resulting cluster state to all views via @Published
properties. The 2.5-second interval was chosen as the shortest period that remains comfortable within exo's
typical response latency on a local Wi-Fi network (~200 ms P99) without requiring explicit rate limiting.

All API calls use async/await with strict timeouts: 5-second request timeout and 10-second resource
timeout. These conservative values prevent the Ul from hanging on a node that is overloaded or
unreachable. Error states are surfaced immediately to the user rather than retried silently.

3.2 MVVM with Combine

The application follows the MVVM pattern with @Published properties onthe ExoAPIClient acting as the
model layer. Views observe the client through SwiftUl's @EnvironmentObject or direct @0bservedObject
bindings. Combine's automatic Ul update propagation means that when clusterState is updated on the
main actor after each poll, all views showing node cards, instance lists, and cluster statistics update
simultaneously without explicit refresh calls.

3.3 NavigationSplitView Layout

The root view uses NavigationSplitView with four top-level sections: Cluster Dashboard, Instance
Manager, Model Browser, and Settings. This layout is native iPad idiom: the sidebar collapses in compact
size classes (rare on iPad in landscape) and remains visible in regular width. The design is explicitly not a
multi-column tablet adaptation of a phone layout — it is architected from the start for the iPad's screen real
estate.

3.4 Network Security

The application configures App Transport Security to allow HTTP connections to local network addresses
(NSAllowsLocalNetworking: true ) while blocking arbitrary external HTTP

(NSAllowsArbitraryLoads: false ). Bonjour service discovery ( _exo. tcp)is declared, enabling automatic
hostname resolution for exo nodes that register via mDNS. All communication with the exo cluster is over the
local network; no data is transmitted to external servers.



04 Operational Capabilities

| 4.1 Real-Time Node Monitoring

The Cluster Dashboard presents one card per node, updated every 2.5 seconds. Each card surfaces:
» Device model and chip — derived from exo's node descriptor, rendered as human-readable text ("Mac
Studio M2 Ultra")
» Memory gauge — used / total GB with color-coded fill

* FLOPS capabilities — FP32, FP16, INT8, allowing the operator to reason about throughput for different
guantization regimes

* Availability status — whether exo considers the node available for placement

The cluster statistics summary (total nodes, active instances, aggregate memory, aggregate FLOPS) gives
the operator a single glance to assess overall cluster health before drilling into individual nodes.

4.2 Model Lifecycle Management

The Model Browser integrates with exo's HuggingFace model search to provide a discovery-to-deployment
pipeline. An operator can:

1. Search the HuggingFace model registry by model name or family
2. Filter to show only models already downloaded to the cluster

3. Initiate a download directly from the Ul (which issues a POST /models/add to exo, which in turn streams
the download)

4. Load a model into an active instance with a single tap, following the placement preview flow

This workflow eliminates the need for SSH access or command-line exo invocations for routine model
management.

4.3 Instance Placement Preview

Before committing to a model load, the operator sees an instance placement preview: for each available
sharding strategy, exo returns the proposed node assignment and the estimated memory usage per node.
ExoControlCenter renders this as a decision list, allowing the operator to choose the strategy that best
matches current cluster memory availability. This prevents common failure modes — attempting to load a
70B model when aggregate free memory is 55 GB — and surfaces the tradeoffs between strategies (pipeline
parallel distributes evenly but introduces inter-node transfer latency; full-model loads faster but requires a
single large-memory node).



Economic and Strategic Analysis

~5x%

CHEAPER - SELF-HOSTED VS. CLOUD

4-year total cost of ownership: a self-hosted Mac Studio M2 Ultra cluster (~$4,360) vs. cloud
inference API billing for a 20-person team at 50 sessions/workday (~$750/month, crossover at ~5
months).

5.1 Cost Comparison: Self-Hosted vs. Cloud Inference

The economics of self-hosted LLM inference are favorable for sustained, high-volume workloads. A cloud
inference API for a 70B-class model (e.g., Llama 3.1 70B) is priced at approximately $0.0007—-$0.0012 per
1,000 input tokens and $0.0008—-$0.0014 per 1,000 output tokens [5]. A typical interactive chat session
generates ~2,000 tokens; at $0.003 per session, a team of 20 making 50 sessions per workday incurs ~$750/
month in inference costs.

A Mac Studio M2 Ultra (192 GB, ~$3,999) can serve a 70B model continuously at ~30 tokens/second,
supporting approximately 1,500 sessions per 8-hour workday. Amortized over a 4-year lifetime with $0.12/
kWh electricity cost (= $30/month at 150W sustained draw), the total cost of ownership is approximately
$4,360 over 4 years — roughly 5x cheaper than cloud at the above usage level, with the crossover point at
approximately 5 months of sustained team use.
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Self-hosted cluster vs. cloud inference: TCO crossover
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Figure 2. Cumulative cost of a self-hosted Mac Studio cluster vs. cloud inference API billing for a 20-
person team.

5.2 Privacy and Data Residency

For organizations handling personally identifiable information (PIl), proprietary business data, or regulated
information (healthcare, legal, financial), self-hosted inference eliminates the need to transmit sensitive data
to third-party cloud providers. GDPR Article 28 requires a Data Processing Agreement (DPA) with any
processor that handles personal data on behalf of a controller [6]; self-hosted inference removes this
requirement. Similarly, attorney-client privilege, HIPAA Business Associate Agreements, and financial data
residency requirements are satisfied categorically by on-premises inference.

5.3 Operational Leverage

ExoControlCenter represents an investment in operational tooling that multiplies the value of the underlying
cluster. Without a control plane, a 4-node cluster requires 4 SSH windows, manual log inspection, and
memorized curl invocations — limiting it to operators comfortable at the command line. With
ExoControlCenter, the same cluster is manageable by any team member with basic technical literacy,
increasing the cluster's utilization and ROI.
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06 Comparison with Existing Tools

Platform Cluster Type Real-Time Monitoring Model Management
Ollama Web Ul Web browser Ollama Limited Basic
LM Studio macOS/Windows Single-node No Yes
Oobabooga WebUI Web browser Single-node No Yes
Grafana + Prometheus Web browser Any Yes No
ExoControlCenter iPad (native) Exo multi-node Yes (2.5s) Full lifecycle

ExoControlCenter is unique in combining native iPad form factor, real-time polling, and full model lifecycle
management specifically for the exo cluster model. General-purpose dashboards (Grafana) provide
monitoring but no model management; other LLM frontends manage models but lack cluster-aware
placement and real-time node health.

07 Limitations and Future Directions

WebSocket support. The current 2.5-second polling model introduces up to 2.5 seconds of lag between
cluster state changes and Ul updates. When exo adds WebSocket or SSE event streaming to its AP,
ExoControlCenter can be updated to near-instantaneous updates.

Multi-cluster support. The current design manages a single exo cluster endpoint. Organizations running
multiple clusters (e.g., a development cluster and a production cluster, or clusters in different physical
locations) would benefit from a cluster switcher and aggregate view.

iPhone and macOS support. The current application targets iPad only. A compact iPhone view and a
macOS Catalyst variant would extend the control plane to other form factors without duplicating the
codebase.

Model download progress. Exo does not currently expose download progress in a machine-readable way;
ExoControlCenter shows a download-initiated state but cannot show a progress bar. A future API extension
would enable this.



08 Conclusion

ExoControlCenter demonstrates that mature, native iOS application engineering can be applied to the
emerging domain of personal Al infrastructure to deliver operational tools previously available only in
enterprise or cloud contexts. As consumer hardware increasingly approaches the capability floor required for
useful LLM inference, the tooling layer that surrounds that hardware becomes the differentiating factor for
teams that want to operate self-hosted Al responsibly and efficiently. ExoControlCenter is a first-class answer
to that tooling gap on the Apple platform.
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