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Abstract
Tail latency dominates the performance of synchronous pre-
training jobs when running at very large scales. We describe
a three-pronged approach: (1) a new RDMA-based trans-
port protocol, MRC, sprays across many paths and actively
load-balances between them, eliminating the issue of flow
collisions (2) the use of multi-plane Clos topologies to get
the benefits of high switch radix and redundancy, allowing
training clusters well over 100K GPUs to be built as two-tier
topologies while increasing physical redundancy, and (3) the
use of static source-routing using SRv6 to allow MRC the
freedom to bypass failures by itself. We describe our experi-
ences running MRC and static SRv6 routing in production in
OpenAI and Microsoft’s largest training clusters, where it has
been used to train the latest frontier models. We demonstrate
how MRC allows AI training jobs to ride out many network
failures that previously would have interrupted training.

1 Introduction

As networks for AI training scale into the hundreds of thou-
sands of GPUs it becomes increasingly difficult to achieve
acceptable uptime and performance for the largest training
jobs. This is especially the case for synchronous pretraining,
where each step of computation is performed in lock-step
by large numbers of GPUs, interspersed with communica-
tion between nodes to perform a combination of pipeline
parallelism, data parallelism, tensor parallelism and expert
parallelism [4, 36, 44]. The goal is to overlap communica-
tion and computation to the maximum extent possible, so
that the critical path is balanced and computation-dominated.
Achieving this at scale is challenging, as the duration of each
communications round is determined by the slowest transfer.

1Corresponding authors: mjh@openai.com, jijos@microsoft.com,
rip.sohan@amd.com, eric.spada@broadcom.com, ssur@nvidia.com

As computations scale, communication becomes increas-
ingly outlier-dominated [11] a phenomenon long known in
the HPC community as system or network “noise” [22,32]. To
make matters worse, network failures become more prevalent
with scale; when they cause job failues they become expen-
sive in lost GPU time. How then can we maintain acceptable
training performance with jobs that require large numbers
of GPUs (up to 100,000 or more) to perform a synchronous
computation? Broadly, any solution needs to do three things:

• Load balance the network evenly, so as to prevent conges-
tion due to flow collisions;

• Handle incast-based congestion without creating outliers;

• Handle link and fabric failures gracefully, without bringing
down the training job.

To add to the problem, very small teams of people need to
be able to manage the networks of multiple supercomputers
each with many thousands of switches running multiple simul-
taneous training jobs with their own unique traffic patterns.
We cannot rely on human intervention to diagnose and fix
individual network failures in a timely manner, so the protocol
stack needs to be failure tolerant by design and the network
itself should have a very simple control plane, which requires
almost no active management. Failed links or misbehaving
switches need to be bypassed automatically. Failed nodes
however, can already easily be removed from the running
jobs, without requiring global coordination.

To address these issues in very large training clusters we
designed, built and deployed Multipath RC (MRC), which
extends the RoCE [26] Reliable Connection (RC) semantic
layer and draws upon lessons from Ultra Ethernet Transport
(UET) [10, 23]. Like UET, MRC employs packet spraying,
adaptive load balancing based on ECN, out-of-order memory
placement of received data, selective retransmission, and uses
packet trimming to mitigate incast. Unlike UET, MRC is a
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Figure 1: (a) 3-Tier 800 Gb/s single-plane topology vs (b)
2-Tier 8x100 Gb/s multi-plane topology

minimal extension to RoCE; MRC leverages and extends the
existing Verbs API but our AI workloads only require a subset
of the functionality so, at the transport level, only the RDMA
write and write-with-immediate operations are supported.

Knowing that we would deploy MRC allowed us to co-
design the topology of training clusters with very high re-
silience in mind. Further, MRC’s adaptive load balancing
is extremely good at routing around failures by itself. We
took the unusual position of disabling dynamic routing in the
switches because we didn’t want two adaptive routing mecha-
nisms interacting with each other and dynamic routing wasn’t
adding anything. Instead data packets are source-routed along
static paths using IPv6 segment routing (SRv6). Using static
routing seems at first glance to be the opposite of what we
wish to achieve, but we will describe how this combination
leads to a highly resilient high performance training cluster at
the largest scale with a low operational burden.

In this paper we describe our experiences designing, de-
ploying and operating MRC at OpenAI and Microsoft. We im-
plemented MRC in 400 and 800Gb/s RDMA NICs: NVIDIA
ConnectX-8, AMD Pollara and Vulcano, and Broadcom Thor
Ultra. We also implemented support for SRv6 in NVIDIA
Spectrum-4 and 5 switches running both Cumulus and SONiC,
and collaborated with Arista to implement it in EOS on Broad-
com Tomahawk 5 switches. MRC is in large-scale production
use in multiple very large AI training clusters, where it has
been used to train frontier large language models (LLMs)
for ChatGPT and Codex. We have released the MRC speci-
fication [41] under through OCP under an open license for
anyone to use.

2 Multi-plane Topology Co-Design

Consider a hypothetical cluster with 100,000 GPUs, each
paired with an 800Gb/s NIC. We wish to achieve full bi-
section bandwidth to simplify workload placement. One op-
tion is a conventional three-tier Clos topology using today’s
fastest Ethernet switches (Fig. 1a). Currently datacenter-class
switches can achieve 51.2Tb/s giving 64 ports at 800Gb/s.
Each Tier-0 (T0) switch connects down to 32 NICs and con-
nects up to 32 Tier-1 (T1) switches, giving a pod size of 1024
NICs. Each T2 switch connects to 64 different pods giving a
cluster size of 64K NICs. If we wish to connect 100K GPUs
we either need to use four tiers of switches, oversubscribe the
network, or build multiple independent rails.

Alternatively, we can break out the 800Gb/s NIC by lane
and use it as 8 x 100Gb/s ports (Fig. 1b). We build eight par-
allel 100Gb/s Clos planes using the same 51.2Tb/s switches,
but now each switch has 512 ports. Each T0 switch connects
down to 256 NIC ports and connects up to 256 T1 switches.
Each T1 switch connects in turn down to 512 T0 switches,
giving a network of 131,072 GPUs. In this arrangement we
can easily accommodate our 100K GPUs using only two tiers
of switches. Such a multi-plane network has many advantages:

• Latency is lower because the longest path traverses only
three switches rather than five or seven.

• Many more nodes are reachable in one hop (256 rather than
32), so it is easier to take advantage of locality in the job,
reducing latency and reducing load on T0 uplinks.

• Cost and power consumption are reduced - for full bisection
bandwidth we require 2/3 of the optics and 3/5 the number
of switches compared to a 3-tier network.

• The impact of an in-network failure is much less. For ex-
ample, losing a T0-T1 link reduces capacity from a node
by 3% in an 800Gb/s plane, vs 0.4% in a 100Gb/s plane.

• It is possible to lose a NIC-T0 link without bringing down
the training job. We still lose 12% of the NIC bandwidth, but
can easily ride out a link flap with the remaining capacity.

It seems clear, therefore, that a multi-plane design has many
advantages over a single-plane design, but there are some
challenges too. First, the workload needs to be able to survive
link and NIC port failures. Second, to fully use the network
we need to be able to load all network planes equally and
load balance across all the many paths within a plane without
suffering a loss of performance due to flow collisions. This is
hard to do with traditional single-path transport protocols [2]
and is made harder by using lower speed network links which
are easier to overload. This is where MRC comes in.
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2.1 MRC Overview
MRC extends the RoCEv2 Reliable Connection (RC) trans-
port protocol to support multi-path operation borrowing sev-
eral features of UET [10, 23]. It supports the normal RoCE
verbs interface and Queue Pair (QP) abstraction, but only
for write and write-with-immediate operations. At a protocol
level, the main features MRC adds are the following:

• Every data packet contains the RDMA virtual address and
remote key so the receiving NIC can write each arriving
packet to memory immediately, no matter the arrival order.

• Each packet contains an entropy value (EV) that dictates its
path through the network. The 32-bit EV is striped across
the UDP source port and IPv6 flow label in an MRC packet.
In a conventional network, changing the EV causes switches
to hash each packet to a different path from the ECMP
set. At QP startup, the sender generates an EV set for that
QP—typically 128 to 256 entries. The sender then rotates
through this set, using a different EV for each packet, so
that all packets of a QP are sprayed across many paths on
all planes in a multi-plane network without the application
needing to know. This serves to load balance the network.

• Spraying is hard to combine with the priority flow control
(PFC) mechanism used in lossless Ethernet because a sin-
gle flow reaches the last-hop switch over hundreds of paths.
Further, PFC tends to create head-of-line blocking between
different collectives, hurting tail latency. Thus MRC dis-
ables PFC and uses Ethernet in best-effort (lossy) mode.

• The combination of best-effort Ethernet and out-of-order de-
livery places a greater burden on recovering losses quickly.
MRC implements fast selective retransmission, using Se-
lective ACK (SACK) packets to indicate precisely which
packets have arrived at the receiver.

• To further increase retransmission speed, especially un-
der incast, MRC can use packet trimming [10, 20]. With
packet trimming, a packet that would have been dropped
due to congestion has its payload trimmed off and is priority-
forwarded to the destination. The receiving NIC then gen-
erates a NACK to trigger fast retransmission. This also lets
MRC distinguish congestion loss from other packet loss,
which in AI clusters is mostly due to link flaps and failures.

A protocol like MRC, designed around packet spraying, is a
very good fit for a multi-plane network. Each EV corresponds
to a specific path on a specific network plane. When MRC
generates its EV set, it chooses an equal number of EVs per
plane. This immediately equalizes the traffic between planes.

For each EV, MRC keeps a few bits of state about path
health. In each switch, we enable Explicit Congestion Notifi-
cation (ECN) in the normal randomized manner, but disable
ECN on the last hop to the receiver. In a network with full

bisection bandwidth, the traffic aggregate should not experi-
ence congestion, except from incast on the last hop, so ECN
now acts as a load-balancing signal. The receiver echoes the
ECN signal back to the sender, indicating that this specific
path is more congested than others, and the sender temporar-
ily avoids it. Different MRC senders do not coordinate when
choosing their EV sets, so even though each sender load bal-
ances well, the aggregate may be slightly uneven. ECN-based
load balancing smooths out this unevenness, keeping internal
queues from growing enough to cause congestive loss.

When a packet is not trimmed but actually lost, MRC as-
sumes the path has failed and immediately stops using the
corresponding EV. Of course, not all loss is due to failed paths
- packets can suffer bit errors or other issues - so permanently
retiring an EV after one lost packet may leave us short of
working EVs. To avoid this, MRC sends background path
probes to determine whether paths it assumed were bad are
actually bad, and also detect if failed links have recovered. If
enough probes succeed, the EV is resurrected.

At this point we have a transport protocol that can detect
path failures and bypass them in a few tens of microseconds.

2.2 Static Segment Routing

In a conventional datacenter network we would use a dynamic
routing protocol such as BGP to determine reachability and
route around failed links. Generally this works, though conver-
gence can take a very large number of RTTs. Unfortunately,
high-radix two-tier topologies make this worse. Every desti-
nation corresponds to a large ECMP set - up to 256 entries in
a 512-port T0 switch, one per uplink. This is not a problem
without failures, but most T1 switches may have at least one
failed downlink. As a result a specific destination is unreach-
able via some T1 switches, so a T0 switch cannot use the
default ECMP set balanced across all uplinks to reach it. The
number of large ECMP sets required in each T0 switch grows
close to the total number of T0 switches. Maintaining so many
large ECMP sets can be challenging for dynamic routing and
for switch forwarding engines to support. Diagnosing routing
problems at scale is notoriously difficult.

Given MRC will rapidly avoid failed paths and that we
build redundant topologies, do we still need dynamic routing?
In fact, combining end-system load balancing with switch-
based dynamic routing makes network behavior harder to
understand than either running alone. MRC reacts to a failure
first, avoiding the broken path; then dynamic routing re-routes,
changing ECMP mappings and disturbing load balancing.

We took the position that, when running MRC, dynamic
routing caused more problems than it solved, so we simply
disabled it, but we still need a way to map EVs to specific net-
work paths. One option would be to run MRC with statically
configured ECMP routes, relying on MRC to avoid bad paths.
The problem is that there still is not a simple mapping from
EV to path. For example, it would be hard to correlate MRC’s
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Figure 2: SRv6 forwarding using uN uSIDs

EV-based view of bad paths with the precise physical path,
so we can report failures for repair. This led us to spray using
source routing, as prior work has suggested [20].

The approach we chose was to deploy IPv6 segment routing
(SRv6) [15]. In the MRC NIC, at QP startup a set of entropy
values (EVs) are chosen, such that bits in each EV directly
embed the path choice available at each hop in the network.
Each EV then maps to a specific unique path through the
network to the destination NIC.

SRv6 is a family of solutions; we use the micro-segment
ID (uSID) format [9], where the destination IPv6 address
consists of a 32-bit locator prefix followed by a sequence of
16-bit uSIDs each corresponding to a specific switch along
the path. We use the uN style of uSID, where each switch
along the path is explicitly named. We describe the relation
between EVs and SRv6 addressing in detail in Section 2.3.

The SRv6 forwarding process is shown in Fig. 2. When
a packet arrives, the switch compares the first 48 bits of the
destination address with the switch’s configured SRv6 locator
and uSID; if they match this is a valid SRv6 packet for the
switch to process. The switch then left-shifts the uSID part of
the address by 16 bits, moving the next-hop uSID into the first
48 bits. This new address is then looked up in the switch’s
static forwarding table in the normal way. This forwarding
table was configured when the switch was installed, and is gen-
erally never changed. The static route dictates which egress
port the packet uses. In all switches we deploy, this uN style
of SRv6 forwarding can be performed at line rate.

MRC packets are IPv6 in IPv6 encapsulated, with the outer
destination address being the SRv6 path and the inner desti-
nation address containing the destination NIC’s own address,
so that the receiving NIC can recognize and decapsulate the
packet before feeding it to the MRC RDMA pipeline.

2.3 Mapping EVs to SRv6 Addresses

MRC was designed to work with either hash-based ECMP
forwarding or SRv6. The EV is embedded in each packet,
striped across the UDP source port and the IPv6 flow label,
both of which are hashed by switches performing ECMP
forwarding. The EV is also echoed in SACK and NACK
packets to indicate the congestion state on a path.

When using SRv6, although the EV is not hashed by

Figure 3: Creating the SRv6 address from an EV and template

switches, it still needs to be carried in data packets so the re-
ceiver can echo it. The SRv6 address itself cannot be echoed,
as it is erased by the shifting process during forwarding.

To avoid holding both an SRv6 address and EV state per
path, we use an algorithmic mapping between each EV and
its corresponding SRv6 address. Switch uSIDs are allocated
according to the network structure, allowing the EV value to
be a compressed representation of the bits that vary between
SRv6 paths to that destination, plus the NIC port to be used.

Fig. 3 illustrates how SRv6 destination addresses are cre-
ated for a QP traversing src→T0→T1→T0→dst. On QP
startup, the NIC looks up the destination address prefix in
a node-specific configuration file to obtain a generic SRv6
address template for nodes in that row. The dst uSID in this
template is specialized for this destination by copying in the
last-hop downlink number. This template is used by all pack-
ets sent by the QP.

The NIC also creates a set of EVs for this QP, striping
across planes and paths within each plane. Each time a packet
is sent, a new EV is selected from the active set. The tem-
plate is then further specialized to create the final destination
address by copying the plane number from the EV into all
uSIDs and the T0 uplink number into the T1 uSID. We also
use an extension of this scheme to forward between clusters.

2.4 Choosing Working Paths

With a conventional protocol, resource management is split
between routing and transport: routing delivers working paths
to transport, and transport manages congestion on those paths.
In a statically source-routed MRC network, all resource man-
agement and failure handling is the role of MRC.

On QP startup, MRC must select a set of EVs, each map-
ping to a unique path on a specific plane. MRC chooses EVs
equally split across the planes, then randomly selects a subset
of paths within each plane. Different senders in the same T0
group do not coordinate their choices.

At pretraining job startup we ensure all nodes in the job
have all NIC ports operational. MRC supports a denylist, al-
lowing us to avoid paths that traverse links known to have
failed. To enable this, we implemented Clustermapper con-
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Figure 4: Startup losses without mapping out bad paths

sisting of an agent on every node; together these map which
links are currently down or have excessive loss. Static SRv6
routing makes this very simple: unlike with ECMP hashing,
we know exactly which path a Clustermapper probe packet
will take, and know it is the same path an equivalent MRC
packet will take. Unlike switch-based telemetry, the resulting
map gives ground truth about forwarding-plane health.

In fact, for pretraining it has not proved necessary to use
Clustermapper to set denylists for failed T0–T1 links. QPs
are very long lived and MRC quickly routes around failures
and settles on good paths. On CX8 MRC each QP starts by
populating a large EV set, typically over 100 entries, plus a
backup EV set for failures. The QP starts spraying packets
across the corresponding paths. Some paths are down; packets
are lost and retransmitted, and the EV is swapped with one
from the backup set. Even without prior knowledge, MRC
maps out bad paths quickly enough that the slight startup
performance loss is not a problem.

Fig. 4 shows the packet loss rate as a 75K GPU pretrain-
ing job starts without pre-populating the denylist. The figure
shows the total losses per second on one of the four NICs per
node, summed across all nodes in the job. The graph uses a
logscale to make the background rate visible. The horizontal
line shows one loss per second per NIC - at 800Gb/s this
would be a loss rate of 1 packet in 25 million. The loss rate
across the whole job falls well below this point within a cou-
ple of minutes, but even in the first minute less than 5 packets
per QP are lost. Given that we have to ramp up large training
jobs slowly to avoid destabilizing the power grid, this startup
transient has minimal impact on training time.

Reverse Paths: MRC sends RoCE cumulative ACKs, MRC
SACKs and MRC NACKs on the reverse path. The EV set
on the forward path is updated based on SACK and NACK
information, but what EV should reverse path packets use?
MRC isn’t especially sensitive to reverse-path loss, but it does
have some impact on tail latency.

With bidirectional traffic, control packets could use any EV
from that endpoint’s active EV set, but many collective QPs
are unidirectional at any instant. We could reverse the SRv6
forward path, but unfortunately this won’t always work.

One solution we have found to work well is to keep a small
reverse EV set for control packets, with at least one EV per
plane. Each RTT that the QP is active inbound but generates
no outbound traffic, the receiver sends an EV probe packet
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Figure 5: Link flaps between T0 and T1

using a randomly chosen EV. If the probe is acknowledged,
the reverse EV for that plane is set to the probe’s EV. If data
traffic is sent, the reverse EV is updated from data SACKs
instead of needing EV probes. Thus the reverse EV set always
contains EVs known to be up and working.

3 Operations

A goal of MRC was to simplify network operations, so that
very large supercomputer networks can be operated by small
teams. Key to this is that with MRC, most network failures
do not require quick reactions from the network operators.

Our experience has been that link failures and flapping links
between T0 and T1 switches can largely be ignored. We still
schedule failed links for repair, but at lower priority. Figure 5
shows the total number of link flaps per minute between T0
and T1, as reported by the switches, while running a very large
synchronous pretraining job on Cluster A (Table 1). These
links are left in service because they simply do not cause a
problem. MRC spreads traffic across enough paths that when
a link used by a QP flaps, only a very small number of packets
per QP are lost, often just one, and the corresponding EV is
removed. The missing packet is selectively retransmitted on a
different path, and the impact on the job is negligible.

Prior to MRC, when a flappy link was banned for repair, it
would be administratively taken down so data traffic could not
use it. Only once it was repaired and tested would it be brought
back up. Initially we took this approach with MRC too, but
it became clear it was unnecessary. Now we leave links in
service while they are being repaired: MRC maps them out
when they drop, and only brings them back when enough
probes succeed over time. This requires less coordination
and ensures links are available whenever they actually work,
but not used when too unreliable. It is also robust to the
inevitable disruption caused when a technician repairing one
link disturbs neighboring links, causing them to flap.

Switch software is complex and so prone to bugs [28,39,45]
which can hinder fault detection and sometimes cause the
control plane to fail to route around failures. According to a
datacenter study covering 180,000 switches over three months
[39], 17% of switch failures are due to software bugs. Such
bugs can cause control-plane and dataplane divergence, where
the control plane fails to accurately detect dataplane failures
[28, 39]. These studies match our own experience: we have
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Table 1: Experiment Platform Configurations

Cluster NIC Switch Topology
Cluster A NVIDIA GB200 + CX8 (800 Gbps) NVIDIA SP4 & BRCM TH5 2-Tier 4 x 200 Gbps Multi-plane
Cluster B NVIDIA GB200 + CX8 (800 Gbps) NVIDIA Spectrum 5 2-Tier 8 x 100 Gbps Multi-plane
Cluster C AMD MI355 + Pollara (400 Gbps) Broadcom Tomahawk 5 2-Tier 4 x 100 Gbps Multi-plane
Cluster D NVIDIA RTX 6000 + Broadcom Thor Ultra Broadcom Tomahawk 5 2-Tier 400 Gbps Single-plane

seen a wide range of bugs, including cases where the control
plane and links are up, but the switch stops forwarding packets.
This last case is particularly pernicious.

When using static SRv6, MRC doesn’t care about the state
of the control-plane: if packets don’t flow, it removes the
path. When we see a T1 switch that is not happy, we simply
reboot it without concern for routing convergence or needing
to coordinate with active training jobs. MRC maps out EVs
that traverse the failed switch and restores them afterwards,
with negligible effect on job performance. We do have to be
more careful with NIC-T0 links and T0 switches, as these do
have a measurable effect. A failed NIC link will not cause a
QP failure; rather the NIC detects the link has dropped and
MRC remaps EVs to avoid the failed port. Many packets are
lost right after the link drops. Remapping all the EVs from
the many QPs in use is not instantaneous in the CX8 MRC
implementation, so this causes a glitch in job throughput.
MRC then uses a port state bitmap in SACK packets to notify
remote QP endpoints that the port is down, so they also remap
their EVs to avoid the failed plane. Once this has happened,
which typically takes a few seconds, the QPs are back to being
fully functional, but using one fewer plane.

We have deployed both four-plane (4 x 200Gb/s) and eight-
plane (8 x 100Gb/s) MRC supercomputers. The impact of a
NIC port failure is obviously smaller with eight-planes, but
even with four planes the effect on training job performance
can be relatively small – the precise amount depends on job
layout, but can be significantly less than the lost capacity. We
detect the failure and allow the job to continue with reduced
performance. Most of the time the port recovers relatively
quickly with no lasting impact. When a port fails down and
stays down, we ban the node and report it for repair.

Not requiring control-plane action for a training job to ride
out failures is only part of the operations story. We still need
good telemetry to root-cause failures, tune job performance,
and of course debug MRC itself.

Clustermapper is key here. The Clustermapper agents run-
ning on all cluster nodes together probe every link in the
network every millisecond. This gives us fine-grained health
data, allowing us to schedule links for repair or switches for
rebooting. A Clustermapper agent on each node probes each
of the 16 or 32 directly connected T0s (one per port, on each
of the four NICs per node) by sending probes source-routed
to the T0 and back to the same agent. This identifies issues
with NIC–T0 links or T0 switches. Each agent also probes a
subset of the T1 switches, again source-routing to the T1 and
back, so that all T0–T1 links are probed at high frequency.

The combination of T0 and T1 self-probes lets us immedi-
ately localize precisely which link or switch has a problem:
if T0 probes show no problem but T1 probes do, we know
the issue is the T0–T1 link, not the NIC–T0 link. We could
run this probing on demand, as soon as MRC reports a path
problem, but in practice we found it useful for Clustermapper
to detect issues even when no workload is running, and the
cost of continuous probes is low.

Without SRv6, it is harder to get this level of ground truth
on network health. It is much easier to interpret data from
probes sent from an agent through the network back to itself,
rather than mechanisms like pingmesh [19], which must send
to a remote node that may not be up. Unlike with ECMP hash-
ing, there is no ambiguity about which path a probe packet
takes, there is no dynamic routing changing forwarding paths
underneath, and we know MRC data packets take the same
paths. While directly pinging switches is possible without
SRv6, ICMP probes are handled by the control plane, which
limits probing frequency. With SRv6, the switch treats a probe
like any other data traffic, handling it in the dataplane and
enabling high-frequency probing.

4 Inter-plane Loading

We took two decisions to simplify MRC behavior that have
consequences. First, when MRC maps an EV out of its active
set, it replaces it with one from the same plane. This ensures
load balancing remains exactly equal between planes when
all NICs have all planes available. We made this choice to
avoid false incast at the destination, where mild congestion
on different flows’ T0 uplinks can cause them to load planes
unevenly, making some planes more congested than others
when flows converge at a destination.

Keeping the active EV set equal between planes means two
cases are not handled well by default. First, if any single-path
traffic is present on the back-end MRC network, MRC will
be constrained by the most congested plane and lose capacity.
This is obviously not a problem if the back-end network only
runs MRC. A consequence is that if we lost sufficiently many
T0–T1 links in a single plane, that plane would become the
bottleneck and we would lose performance. In practice, we
have not seen this in production.

Second, and partly as a consequence of keeping planes
evenly loaded, if a NIC–T0 link does not fail completely
but instead has an unacceptably high packet loss rate, MRC
cannot rebalance to avoid the bad plane because it cannot
reliably tell whether the problem is at its end or the remote end.
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Clustermapper can, because it probes to the local T0 and back.
Thus we delegate detecting this case to a Clustermapper policy
decision; the bad plane can then be avoided by specifying a
matching denylist entry.

In practice, keeping all planes evenly loaded is a very useful
invariant. All planes normally look the same in network stats
once MRC has avoided bad links, so if one plane looks worse
than the others, it generally points to a network problem.

5 Experiments

We present results from four different AI Training clusters;
the cluster configuration and topology details are presented
in Table 1. All the clusters follow the 2-Tier multi-plane
topology as described in Figure 1b. Each multi-plane NIC
connects to a group of T0 switches, one per plane. T0 switches
of corresponding planes are merged at T1 layer.

If a flow goes from one NIC to another NIC in the same
T0 group, we refer to it as T0-local. Conversely, if the end-
points are in different T0 groups, the flow must traverse the
T1 switches; we refer to it as cross-T1.

5.1 Training Results

MRC has been used to train OpenAI’s most recent frontier
models at very large scale. The constant rate of T0–T1 link
flaps in Cluster A, shown in Fig. 5, has had almost no impact
on performance. In fact, fixing these flaps is a very low priority
activity, as the operational effort is better spent elsewhere.

We have observed many back-end network failures dur-
ing training jobs; very few cause job failure or significant
performance degradation. Losing NIC–T0 links does affect
performance, though we observe that most such events are
transient and the job can often recover to full speed quickly
without evicting nodes.

Fig. 6 shows an event that occurred during a 50K GPU
production pretraining job at OpenAI using MRC on CX-8
NICs in Cluster A. This supercomputer network is configured
as 4 x 200Gb/s ports per NIC, with MRC spraying each QP
across all four ports. An optical transceiver on a T0 switch
suffered a glitch, and flapped all its four links in rapid suc-
cession. These four links connected to NICs on four different
nodes, of which three were active in the training job at the
time. The graph shows the times the NICs think the link was
down and when the switches think the link was down, which
are not precisely the same times.

As this is a synchronous pretraining job, the slowest node
dictates overall performance. In Fig. 6, throughput suffered
approximately a 25% reduction over the minute of flaps, then
recovered to full speed immediately afterwards. The job did
not crash, no QP failed, and the affected nodes did not need to
be removed from the job. Such transceiver glitches are rarer
than individual link flaps, but they do happen occasionally.
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Figure 6: Impact of a flapping NIC-T0 switch transceiver
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Figure 7: Packet loss rates during the event in Fig. 6

Fig. 7 zooms in on the loss rates of the eight most affected
nodes. Red nodes are those whose ports flapped, whereas blue
ones were actively sending to the affected nodes at the time
of the flap. MRC recovered the losses quickly enough that the
impact on the job was relatively small.

During a 75K GPU pretraining job, we had four cases
where T1 switches had to be rebooted. Fig. 8 shows one of
them. The red line shows the percentage of packets the switch
dropped, as seen by Clustermapper. The switch stopped for-
warding packets, though it remained up. This was detected
by automation and it was rebooted at t=0. The switch fully
resumed forwarding by t=2 mins. The purple line shows the
percentage of packets dropped each minute, multiplied by
10K to make it visible. Around a quarter of QPs were affected
and around 580K packets were dropped. The blue line shows
total job throughput: it dips when the switch initially failed,
as many QPs lost packets, but they quickly mapped out the
bad path and throughput was largely unaffected afterwards.
When the switch actually rebooted, there was no impact.

Despite this resiliency, some single points of failure remain.
We use 800 Gb/s NIC optics, split into 4x200 Gb/s links. If
the NIC transceiver itself flaps, we lose all ports on the NIC,
and cannot ride this out because QPs fail. We do see such
events when training at scale, but fortunately they are rare. A
different optical design might avoid this issue altogether.

5.2 Testbed Results

We present a range of experiments that demonstrate how MRC
behaves in more controlled testing environments using the
MRC implementations on NVIDIA’s CX-8 NIC, AMD’s Pol-
lara NIC and Broadcom’s Thor Ultra NIC.
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Figure 8: Impact of a T1 switch failure and reboot

5.2.1 Point-to-Point Communication Performance

The table below presents the point-to-point latency and
bandwidth communication performance of MRC on CX-
8, measured on Cluster B using the ib_write_lat and
ib_write_bw perftest between a single client and a single
server with one and four QPs, respectively.

Topology Message Size Metric Result
T0-Local 2 B Latency 5.09 µs
T0-Local 32 KB Bandwidth ≈ 770 Gb/s
Cross-T1 2 B Latency 6.54 µs
Cross-T1 32 KB Bandwidth ≈ 770 Gb/s

The bandwidth test performs back-to-back writes of a fixed
32 KB message size and reports the achieved application-level
GPU-to-GPU bandwidth. Both T0-local and cross-T1 config-
urations achieve approximately 770 Gb/s, corresponding to
96% of the theoretical peak bandwidth. This indicates that
steady-state throughput is not constrained by whether traffic
remains within a single T0 or traverses T0 boundaries.

The latency test uses two-byte messages and measures the
time from posting the write until completion is delivered at
the sender, dividing the result by two to approximate one-way
latency. T0-local communication achieves a latency of 5.09 µs,
while cross-T1 communication exhibits a higher latency of
6.54 µs. The T0-local latency reflects fixed MRC control-path
overheads such as queue pair processing, work request han-
dling, and path management. The additional latency observed
in the cross-T1 case is attributable to extra switch hops when
crossing between T0 domains. These effects modestly im-
pact short-message latency while having negligible effect on
large-message bandwidth.

5.2.2 MRC Response to Link Down and Flap Events

We study how MRC responds to network failures on Cluster B,
including link down and link flap events at different points in
the network, as well as transceiver flaps. Results for similar
experiments run on Cluster D are shown in the Appendix.

We first examine how the throughput of a transfer using
four QPs degrades gracefully as NIC–T0 links fail. We run
bidirectional ib_write_bw between two T0-local NICs and
sequentially bring NIC–T0 links down. As shown in Fig. 9a,
throughput decreases as links are taken offline one at a time

and recovers as they are restored. On link failure, MRC detects
the link down event and re-balances EVs across the remaining
planes. It also updates the link-state bitmap in SACK packets
to notify the remote endpoint that the link is unusable, prompt-
ing the remote MRC instance to remap its EV set to avoid
the failed plane. We observe a brief interruption of less than a
second during failure detection, EV remapping, and packet
retransmission, after which both inbound and outbound QPs
stabilize over the remaining links. As links recover, traffic in
both directions quickly resumes using them.

In Fig. 9b, we flap four of the eight links on a single CX8
NIC to emulate a realistic production failure scenario in
which multiple links may be impacted simultaneously due to
a shared OSFP port or transceiver. Such failures can cause all
links associated with the port to go down at once, resulting in
the loss of up to four links concurrently. As shown in Fig. 9b,
MRC quickly stabilizes at approximately half the nominal
bandwidth when all four links are taken down (around the 5
second mark), and rapidly recovers once the links are restored
(around the 17 second mark). While link flap durations in
practice are typically much shorter, this experiment synthet-
ically induces a flap by disabling the links and re-enabling
them after a fixed interval.

Fig. 9c illustrates the impact of T0–T1 link failures on
MRC traffic. Because MRC sprays packets from each QP
across a large number of paths, T0–T1 link failures have a
substantially smaller impact than NIC–T0 failures. In this
experiment, we run cross-T1 ib_write_bw and synthetically
disable twenty links sequentially. Telemetry collected dur-
ing the run indicates that the majority of these links were
actively carrying traffic prior to failure, demonstrating broad
utilization of the available paths. As links are taken down,
MRC maps out the affected EVs and retransmits lost packets
over alternate paths. Bandwidth is reported at approximately
200 ms granularity, and we observe minimal impact on overall
throughput even as active links are removed.

Fig. 9d also shows the effect of flapping eight T0–T1 links
simultaneously and restoring them after a few seconds, as may
occur due to a switch transceiver flap. Telemetry shows that
these links were carrying traffic prior to the flap. As in the pre-
vious experiment, MRC reroutes traffic and recovers rapidly,
resulting in negligible impact on workload-level performance.

5.2.3 MRC Behavior with T0/T1 Switch Failures

Although uncommon, switches may become unresponsive
or crash during production workloads in large-scale train-
ing clusters. To evaluate the resulting impact on workload
performance, we conducted experiments on Cluster B in
which T0 and T1 switches were taken down while running
ib_write_bw to drive network traffic.

Fig. 10 illustrates the impact of taking a T0 switch down
during the experiment. After EV remapping completes, the
steady-state bandwidth drops by approximately 100 Gb/s, re-
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(c) Cross-T1: T0–T1 link fail
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(d) Cross-T1: T0–T1 link flap

Figure 9: T0-Local and Cross-T1 Reliability Results with ib_write_bw (bi-directional)
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Figure 10: T0-Local ib_write_bw during T0 switch failure.

flecting the removal of EVs associated with the failed T0
switch from the active EV set. Throughput then stabilizes at a
level proportional to the remaining available network capacity.
This behavior closely mirrors the results presented in Fig. 9a,
confirming that MRC failure handling is driven by end-to-
end path availability rather than the specific location or type
of underlying fabric fault. As a result, switch-level failures
manifest as a predictable reduction in usable path diversity,
while preserving application progress and maintaining stable
throughput over the remaining healthy paths.

Fig. 11 illustrates the impact of taking a T1 switch down
during a cross-T1 ib_write_bw experiment with four QPs.
In this scenario, each QP is sprayed across a large number
of paths, and sufficient alternative EVs remain available to
sustain the aggregate network capacity. Consequently, no
steady-state bandwidth degradation is observed despite the
failure. Once the T1 switch is restored, transient fluctuations
subside and bandwidth returns to a stable level.

5.2.4 Robustness to Path-Level Packet Loss

To evaluate the robustness of MRC under transient link im-
pairments, we conducted this experiment on Cluster B using

 0

 400

 800

 1200

 1600

 0  50  100  150  200  250  300

S
w
it
c
h

 
fa
ilu
re

S
w
it
c
h

 
re
s
to
re
d

T
h
ro
u
g
h
p
u
t 
(G
b
/s
)

Time (s)

Cluster BCluster B

Figure 11: Cross-T1 ib_write_bw during T1 failure/recovery.

NVIDIA’s MRC debug capability to inject controlled errors
at the EV level. Specifically, we configured a selected EV to
drop 20% of its packets and measured the resulting EV state
transitions and end-to-end performance using the cross-T1
bidirectional ib_write_bw benchmark. To isolate and clearly
observe EV status updates, we restricted the system to a small
fixed set of 16 paths, forcing just two paths per each of the
eight planes.

During the experiment, we continuously monitored EV
status to capture how the system reacts to injected faults. As
shown in Fig. 13, EV-A is initially active while EV-B remains
inactive. At approximately 51 s, when packet drop is induced
on EV-A, its status transitions immediately to inactive, and EV-
B is activated as a replacement. This behavior demonstrates
MRC’s ability to promptly detect faults and switch traffic to an
alternative EV, aligning with the sustained line-rate bandwidth
observed in Fig. 12.

We repeated the experiment with different packet drop rates
and observed the same qualitative behavior: the affected EV
was promptly removed from the active set, traffic was trans-
parently redirected to alternative paths, and application-level
bandwidth remained stable.
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Figure 12: Packet-drop reliability experiment.
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Figure 13: Path activity during packet-drop experiment.

5.2.5 Load Balancing Across EVs

We evaluate MRC’s ability to dynamically balance load across
EVs using a controlled two-flow experiment in Cluster B.
The setup consists of two communication pairs operating
over two EVs (EV-A and EV-B) within the same plane. We
first establish an initial flow between client1 and server1.
In the steady state, this flow is mapped entirely onto EV-A,
achieving near line-rate bandwidth while EV-B remains idle.
At approximately 65 s, we introduce a second flow between
client2 and server2, which is explicitly forced to use EV-A.
This creates transient congestion, with both flows contending
for the same EV.

Upon detecting this congestion via ECN, MRC triggers
traffic redistribution to rebalance load across the available
EVs. Specifically, the client1-server1 flow is migrated to
EV-B, while the client2-server2 flow continues on EV-A.
This transition is clearly visible in the per-EV activity traces
shown in Fig. 14: EV A transitions from serving a single flow
to hosting the second flow exclusively, while EV-B becomes
active as it assumes responsibility for the migrated flow. Im-
portantly, this redistribution occurs without observable perfor-
mance degradation. Both client-server flows sustain near-peak
bandwidth throughout the transition, with aggregate through-
put remaining close to line rate. The results demonstrate that
MRC can effectively rebalance traffic across EVs in response
to dynamic load changes, maintaining stable, high throughput
with minimal disruption.

5.2.6 NCCL Collective Execution at Scale

We also conducted NCCL microbenchmark experiments on
Cluster B to evaluate the scalability of MRC. Specifically, we

Inactive

Active

 0  20  40  60  80  100

EV-A
EV-B

A
c
ti
v
it
y

client1–server1

Inactive

Active

 0  20  40  60  80  100

EV-A

A
c
ti
v
it
y

Time (s)

Cluster BCluster B

client2–server2

Figure 14: Path activity during load balancing experiment.
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Figure 15: NCCL send/recv performance at 42K GPUs scale.

used the NCCL-tests sendrecv benchmark, in which each
node concurrently sends data to and receives data from a
neighboring peer, forming a steady-state bidirectional commu-
nication pattern. The reported bandwidth corresponds to the
measured per-NIC throughput. As shown in Fig. 15, NCCL
over MRC achieves up to 92 GBytes/s for large message sizes
at a scale of 42K GPUs.

5.2.7 Comparison with RoCE

We don’t have a large deployment that can perform a direct
comparison between MRC and RoCE, but we built two small
scale testbeds, one using AMD Pollara NICs (Cluster C) and
one using Broadcom Thor Ultra NICs (Cluster D), to compare.

Cluster C consists of 64 GPUs, each paired with a Pol-
lara 400 Gb/s NIC, using TH5 switches in a two-tier Clos
topology. For RoCE, we configure a single-plane network, as
is common, with 400 Gb/s links and ECMP routing. In this
configuration, PFC is enabled and DCQCN is used as conges-
tion control to avoid excessive PFC activation. For MRC, we
configure a four-plane network with four 100 Gb/s links per
NIC; we disable PFC and use SRv6 routing. This is the clos-
est like-for-like comparison we can build while giving each
protocol its preferred environment: the GPUs, NICs, switches,
and aggregate bandwidth are identical.

We wish to understand two things. First, does MRC load
balance better than RoCE, even with QP scaling? Second,
does MRC’s selective retransmit really help typical AI collec-
tives in the presence of network problems? To answer this, we
run two sets of experiments. First, we run all-reduce on a ring,
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Figure 16: MRC and RoCE performing 64-way ring all-
reduce, for varying message size and loss rates
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Figure 17: MRC and RoCE performing 64-way all-to-all, for
varying message size and loss rates

which generally requires each node to send to one node and
receive from one node simultaneously, with the goal that all
transfers reach line rate. Any glitch will cause a bubble and
hurt overall performance. Second, we run all-to-all, which re-
quires every node to send to and receive from multiple nodes
simultaneously. The goal is to observe load balancing and re-
transmit performance during a collective that can cause incast
congestion.

Fig. 16 shows mean bandwidth when performing all-reduce
for increasing message sizes. For MRC we use one QP,
whereas for RoCEv2 we show the results using one QP and
16 QPs. The solid curve shows the baseline results with no
induced packet loss. For small message sizes, the collective
is latency-bound, and there is little difference between RoCE
and MRC. For larger message sizes we become increasing
bandwidth-bound. RoCE with one QP suffers from ECMP
hash collisions and generally achieves only half the possible
throughput. The conventional way to improve load balancing
with RoCE is by QP scaling - load balancing a transfer across
multiple QPs to reduce the impact of flow collisions. We find
that, for RoCE, QP scaling does indeed help, but we see very
little gain beyond 8 QPs (the figure shows 16). In contrast,
one MRC QP spraying across 256 paths achieves better per-
formance than 16 QPs, primarily due to doing a good job of
load-balancing the network.

The dashed lines show performance as we add packet loss
at 0.1% and 1% levels. We do this by adding an inline P4 [1]
program to all NICs in the cluster that randomly drops incom-
ing packets at a prescribed rate. RoCE was not designed to be
resilient to packet loss and, as expected, it suffers poor perfor-
mance. MRC is more resilient - with large message sizes it

can retransmit fast enough that 0.1% loss has little impact. At
smaller message sizes the collective is more latency-bound,
and recovering packet losses has more impact due to tail
losses not being possible to mask. MRC still performs rel-
atively well though. We don’t expect an AI cluster to have
persistent high loss rates, but we do see a range of causes of
loss transients; synchronous pretraining does not care about
mean performance—only the tail matters—so at scale, having
a protocol that tolerates loss is important.

At 1% loss RoCE is pretty much ususable and even MRC
only gets around a third of the intended throughput. This is
enough to ride out a short transient burst of loss, but not good
enough for continued training. It is worth noting that this test
shows worse performance than MRC would get in typical
real-world scenarios because the loss is applied on all planes
simultaneously. If a T0-T1 link is dropping at a high rate,
MRC will simply stop using it, as in Fig. 13. If a NIC-T0
link is dropping at a high rate, our Clustermapper monitor
will detect it, and a denylist entry can be added to avoid the
broken plane, limiting the performance degradtion to just the
fraction of bandwidth lost by dropping one plane. Whether
this is sufficient to allow the node to persist in a training job
is then a policy decision.

Fig. 17 shows mean bandwidth when performing all-to-
all for increasing message sizes. Again the solid lines are
baseline with no loss, and the dashed lines add random loss.
In this case more QPs are active simultaneously, so RoCE’s
load balancing is not such an issue. Indeed, we see that QP
scaling is not helping RoCE: 16 RoCE QPs per destination
actually perform slightly worse than one QP and performance
starts to drop off slightly with more than two QPs. For all
message sizes MRC outperforms RoCE, but the difference is
greater in the regime that is bandwidth-bound.

With loss, RoCE suffers worse than MRC, as expected, but
the difference is much greater at smaller message sizes. At
large message sizes and 0.1% loss, RoCE barely sees any
degradation. This is because so many QPs are active simul-
taneously that few packets are in flight on each one. When
the transfers are large enough one QP pausing for retrans-
mission is mostly masked by others being active. At small
message sizes, there isn’t time to mask loss, and RoCE does
very poorly. MRC’s SACK-based retransmission helps greatly
here, despite this test causing loss on all planes.

5.2.8 Collateral Damage

Multiple collectives performing different axes of training par-
allelism may run simultaneously and can interfere with each
other. This can particularly be a problem with PFC, which
MRC was designed to avoid. Lossless networks struggle with
incast traffic patterns when the congestion spreads and can
affect unrelated “victim” traffic. To test this behaviour we run
a cross-spine 7 to 1 incast traffic pattern, and in parallel we
have another “victim” connection to an idle destination in the
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(a) RoCEv2 with DCQCN, 1 QP
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(b) RoCEv2 with DCQCN, 10 QPs
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(c) MRC, 1 QP

Figure 18: 7 to 1 incast with a victim flow destined to a different node in the same rack.

same rack as the incast target.
The testbed for this experiment is Cluster 4, a small-scale

testbed with 16 servers each with one RTX6000 GPU and a
Broadcom Thor Ultra NIC. We use VRFs on Broadcom TH5
switches to emulate a single-plane 2-tier Clos topology with
4 racks each with 4 servers and four spine switches. Due to
server limitations we run all links in this testbed at 400 Gb/s.

With RoCE, if we do not use DCQCN and rely solely on
PFC to manage congestion, the victim flow is pulled down to
a rate not much greater than the incast flows (see Appendix
for details). DCQCN is designed to greatly reduce PFC, and
we find it does help, but is not sufficient. With a single QP
(Fig. 18a), victim-flow performance still degrades by about
25%. With eight QPs (Fig. 18b), sharing is worse, but the
average impact on the victim flow is smaller; however, there
are one-second intervals where the victim’s throughput is
100Gbps, a 75% drop from optimal. In both cases, DCQCN
cannot properly control the bottleneck queue and still gener-
ates some PFCs. In contrast, MRC (Fig. 18c) almost perfectly
shares the bottleneck link among the incast flows and has no
impact on the victim flow.

In principle DCQCN parameter tuning should reduce this
issue. However, configuring DCQCN properly is very hard
because it is traffic pattern specific, to the point that some
hyperscalers have disabled it in production [16]. We provide
some tuning results in the Appendix that illustrate this.

6 Related Work

Load balancing effectiveness is defined by distribution gran-
ularity: per-flow, per subflow and per packet. Single path
transports (RoCEv2) using per-flow ECMP [24] are simple
but collision-prone. Solutions to improve flow placement
span centralized (Hedera [2] or MicroTE [5]), switch-based
(Flowlet switching [42], Presto [21] and DLB [8]) and host-
based approaches (e.g. PLB [34], Flowcut [6], and FlowBen-
der [27]). All these approaches often react too slowly for
bursty AI traffic, and have had limited success under high
load. Multipath operation is needed for collisions to be effi-
ciently avoided. Switch-based multipathing solutions exist

that provide in-order per flow delivery to hosts (Drill [18],
CONGA [3] and Stardust [49]; commercial offerings from
Broadcom and Cisco) - however, these are proprietary solu-
tions and require homogeneous networks.

Many deployments today rely on RoCEv2 with ECMP
routing but use application-level multipath transports, typi-
cally implemented in the collective communication layer to
reduce the effects of colisions, e.g. NCCL [25] QP scaling,
MSCCL [37], NCCLX [38], UCCL [47]. Application-level
multipathing mitigates the issues but does not completely
solve them, as we have shown in our evaluation.

Multipath TCP (MPTCP [35]) improves utilization by
spreading a single connection across multiple subflows.
MPTCP and similar approaches must keep state per subflow
however, but they can be used for any datacenter topology
and work particularly well with long running traffic. Google’s
Falcon [40] uses this approach to implement a multipath re-
placement for RoCEv2 in the NIC.

Per-packet load balancing (or packet spraying) has been
proposed for Clos networks to reduce the amount of state.
RPS [12], Homa [31] and NDP [20] are oblivious to path state,
but struggle with asymmetric congestion and partial/gray fail-
ures. By keeping a small amount of state per (virtual) path,
feedback-driven methods like MPRDMA [29], Hermes [46],
REPS [7] or Strack utilize ECN or delay signals to move
traffic away from congested or failed paths.

MRC changes RoCEv2 to enable packet-level load bal-
ancing, selective retransmissions and improve reliability in
multi-plane networks; its target deployment is best-effort (i.e.
lossy) networks that support packet trimming. To achieve this,
MRC builds upon a wide body of prior work as follows. IRN
was one of the first approaches to add selective retransmission
to RoCEv2 [30], while MPRDMA added multipath opera-
tion and selective retransmission as well as keeping per path
state [29]. These approaches still rely on lossless networks,
but it is difficult to completely avoid HoL blocking issues.

MRC is similar to the Ultra Ethernet Transport, an industry-
driven standard that replaces RoCEv2 with a brand new proto-
col stack aiming to support both HPC and AI workloads [10].
UET has standardized packet trimming, and also targets oper-
ation in best-effort networks.
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In contrast to most existing works which use host-driven
ECMP routing or switch spraying, MRC uses source routing
with SRv6 to increase robustness at scale. Filsfils et al. [14]
have validated SRv6 micro-segment (uSID) based path place-
ment for single path RoCEv2.

We are not the first to propose topology co-design for AI
network (see [17] for an overview of this space). Alibaba’s
HPN [33] uses a dual-ToR, rail optimized networks, connect-
ing up to 15K GPUs in a two-tier design. Wang et al. [43]
propose using a rail-only approach to have a single tier of
switches. However, we are among the first to design and de-
ploy a multi-plane network to reach 100K+ GPUs with two
switch tiers.

Experiences from multiple hyperscalers have highlighted
the negative effect of failures on training jobs [13, 33]. Our
multi-plane, static-routed SRv6 approach directly targets be-
ing able to ride out network failures.

7 Conclusions

MRC is designed to load balance a multi-plane network by
spraying each QP across all planes and many paths in each
plane, performing fine-grain active load balancing and rout-
ing around failures. We implemented MRC in 800Gb/s NICs
from Nvidia, Broadcom, and AMD, and built multiple super-
computers that use a two-tier multi-plane topology running
MRC in the back-end network. MRC’s ability to route around
failures allowed us to disable dynamic routing; instead, we
use SRv6 source routing with static routes in the switches.
These supercomputers have been used to train OpenAI’s latest
frontier models, and we have observed that this design allows
very large AI pretraining jobs to ride out network failures
that would previously have caused the job to fail, while most
failures have minimal impact on job step time. We find that
static source routing gives us very good observability and
reduces operational burden, while MRC’s resilience means
that many network failures are not even urgent to repair.
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Appendix

We provide some additional results demonstrating MRC’s
robustness using Broadcom’s Thor Ultra NIC in Cluster D;
this is a small 400Gb/s single-plane two-tier network. MRC
uses SRv6, and we compare with the Thor Ultra plain RoCE
implementation running with PFC and DCQCN enabled.

We first test the resilience of MRC on Thor Ultra to link fail-
ures. In Figure 19a NIC–T0 and T0–T1 links are all 400Gb/s,
and we show the throughput reported by IB_WRITE_BW as we
progressively fail three of the four T0–T1 links. In this case
there is sufficient capacity on the remaining T0–T1 link and,
as in Figure 9d, MRC on Thor Ultra is able to quickly recover
from failed links with no discernible impact for end-to-end
throughput.

In our next experiments we reduce the speed of the T0–T1
links to just 100 Gb/s, so that as links fail a bandwidth bottle-
neck is created. Figure 19b shows the effect of sequentially
disabling three of four links and then adding them back. This
experiment differs from that Figure 9a in that the failures are
not the directly attached NIC links. MRC is able to fail onto
the remaining path while giving throughput that tracks the
remaining available capacity. Figure 19c shows a variation of
the same experiment where we drop two links at once, and
then bring them back; the results confirm that MRC can track
the available capacity closely.
Load balancing micro-benchmarks. MRC’s spraying and
active load balancing is designed to eliminate congestion
caused by flow collisions. We present some results using
RoCEv2 that illustrate the nature of this problem.

We have two racks (8 hosts) send data to the other two
racks, in a one-to-one pattern using ib_write_bw that fully
loads the T0 uplinks. When using a single QP per transfer
with RoCEv2, some flows get line rate, but some suffer from
flow collisions and achieve only a half or a third of line rate;
the outcome is the same when using DCQCN [48] or PFC
alone and the number of collisions varies between runs. See
Figure 20a for a run with PFC but no DCQCN. In contrast, in
this same scenario, MRC using a single QP is able to achieve
390 Gbps for all flows (not shown).

When we use 8QPs per transfer, it matters whether we use
PFC alone or DCQCN with PFC, as shown in Figures 20b
and 20c. When only PFC is used, having multiple QPs only
marginally helps: the QPs experiencing most congestion will
cause the sending NIC to be throttled by PFC, which will in
turn slow down all other QPs from the same host. DCQCN
avoids this phenomenon by reducing the sending rate based
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(a) Throughput while sequentially remov-
ing three out of four 400Gb/s T0-T1 links
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(b) Sequentially removing and then adding
three of four 100Gb/s T0-T1 links
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(c) Sequentially removing and then adding
three of four 100Gb/s T0-T1 links.

Figure 19: ib_write_bw performance between two servers in different racks during failures.
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(a) RoCEv2 with PFC, 1QP
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(b) RoCEv2 with PFC, 8QPs
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(c) RoCEv2 with DCQCN, 8QPs

Figure 20: Permutation throughput when servers from two racks source flows to servers in other two racks.
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(b) RoCEv2 with PFC only, 1QP
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(c) RoCEv2 with PFC only, 8QPs

Figure 21: 7 to 1 incast with a victim flow destined to the same rack.

(a) Default DCQCN parameters (b) More aggressive CC profile (c) Most aggressive CC profile

Figure 22: DCQCN leaf-host queue dynamics in a 15:1 incast where flows arrive 5s apart.

17



on ECN signals [48]. Again, for MRC the throughput is line
rate also with 8QPs.
Collateral damage of incast. Lossless networks struggle with
incast traffic patterns when the congestion spreads and can
affect unrelated “victim” traffic as discussed in Section 5.2.8.
Here we present some additional results for the same cross-
spine 7 to 1 incast traffic pattern run in parallel to a “victim”
connection when using RoCEv2 with PFC only, and when
using MRC with 8QPs. Results for RoCEv2 with DCQCN
and MRC with 1QP have been presented in Figures 18a, 18b
and 18c.

We show the results in Figures 21a, 21b and 21c. With PFC
alone the effect on the victim flow is dire, with the victim
flow only achieving 30 to 100Gbps depending on ECMP
path choice and fairness. MRC with 8QPs behaves exactly
the same as with 1QP, perfectly sharing the bottleneck link
among the incast flows and has no impact on the victim flow.

In principle DCQCN parameter tuning should fix this issue.
However, configuring DCQCN properly is very hard because
it is traffic pattern specific.

To show why this is the case, we show the TOR queue size
to the destination during a 15-to-one incast where flows arrive
sequentially every 5s. We tested three different DCQCN pro-
files recommended to customers: the default one (Fig. 22a), a
more aggressive CC profile (Fig. 22b) and a most aggressive
one (Fig. 22c). In the default case, the queue controlled with a
small number of flows (less than 10) and then it goes into PFC
mode, but the bottleneck throughput is line-rate. In the more
aggressive profile the queue is controlled (with some wild dy-
namic range) but the queue is sometimes empty and this leads
to around 10% loss in bottleneck throughput. Finally, with the
most aggressive setting, the queue usage spikes are similar
but average utilization is lower, and the total throughput is
20% slower than line-rate.
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