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Google DeepMind 
• DiLoCo 
• a variant of FedAvg

PrimeIntellect-ai 
• OpenDiLoCo 
• Open-Source

Gongji Cloud 

https://github.com/PrimeIntellect-ai/OpenDilocohttps://arxiv.org/abs/2311.08105 https://suanli.cn/
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When many users train across many cloud 
regions, how should scarce WAN bandwidth be 
shared fairly and efficiently? 
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A Rust 
Framework
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protocols in the kernel. It exposes virtual network interfaces
via TUN/TAP so distributed ML frameworks can run without
modifications, and establishes overlay links between Square
nodes using QUIC.

The data plane uses stream-oriented routing: by assigning
one independent path to each stream in a network flow, Square
supports multi-path routing between a source-destination pair.
The controller chooses the routes, while Rust stackless corou-
tines and ownership passing reduce copying enough to reach
several Gbps of achieved throughput purely in user space.

VI. SQUARE: PERFORMANCE EVALUATION

We evaluated Square on two testbeds: an emulated wide-
area overlay and a real inter-datacenter overlay over Digital
Ocean. The emulated overlay was deployed in one datacenter
in British Columbia, Canada, with up to 16 Square data-
plane nodes, each running in its own Docker container across
four VMs; each VM had 8 vCPUs and 30 GB of memory.
To emulate heterogeneous WAN links, we implemented rate
limiting for QUIC overlay links and sampled link capacities
from a normal distribution centered at 10 Mbps with a 10%
standard deviation. The Digital Ocean testbed used one VM in
each of Frankfurt, San Francisco, Sydney, and London, each
with 4 vCPUs and 8 GB of memory.

We compared Square with two baselines. Shortest-path
routing merges the shortest paths from a multicast source to
its destinations into one tree, and the maximum throughput
of the constituent paths determines the multicast rate. This
simple baseline captures the core behavior of ECMP-style
routing over selected best paths, even though ECMP itself
does not directly optimize multicast collectives. Maximum
multi-commodity flow routing converts multicast traffic into
source-destination unicast flows and solves the classic unicast
optimization problem. It is optimal for unicast-only demands
in arbitrary graphs and is a common WAN traffic-engineering
benchmark, but it can over-count bandwidth when a single
multicast payload should be shared across destinations. For
both maximum multi-commodity flow and Square, we use the
top n�1 shortest paths between each source-destination pair as
feasible paths, where n is the number of nodes in the topology.

Our experiments primarily focus on full-mesh overlay
topologies, which are particularly relevant for inter-datacenter
deployments where operators can provision logical links be-
tween regions. We measured completion time for broadcast
and ring all-reduce collectives, using tensor sizes of 108

and 109 bits in the emulated and Digital Ocean testbeds,
respectively.

Emulated wide-area overlay experiments. As shown in
Figs. 2a and 2b, Square achieves better resource utilization
than both alternatives on full-mesh overlays as the number
of collectives and overlay nodes varies. With an increasing
number of collectives on an 8-node full-mesh overlay, both
shortest-path and maximum multi-commodity flow routing
under-utilize bandwidth and suffer prolonged average com-
pletion times. In contrast, Square balances fairness with uti-
lization and is able to saturate overlay links as the number of
collectives scales up.

(a) Varying collectives. (b) Varying overlay nodes.

Fig. 2. Full-mesh emulated overlay experiments with broadcast collectives.

(a) Emulated topologies.

(b) Unicast-only collectives.

(c) Digital Ocean overlay.

Fig. 3. Experimental results over emulated real-world topologies, unicast-
only collectives, and a real Digital Ocean inter-datacenter overlay.

With 5 concurrent broadcast collectives, increasing the
number of nodes in the full-mesh overlay significantly de-
creases Square’s average completion time, while shortest-
path and maximum multi-commodity flow routing do not
show a gradual decrease despite the additional link capacity.
This confirms that Square’s computation of optimal routing

Experimental results over a real Digital Ocean inter-datacenter overlay.
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