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Abstract
The arrival of 100K+ GPU clusters marks a new frontier in AI infras-

tructure. Standard communication stack meets new challenges as

physical topologies span multiple datacenter buildings, introducing

high bandwidth-delay product links where latency increases by

up to 30× compared to intra-rack traffic. Furthermore, the tran-

sition toward Mixture-of-Experts architectures generating bursty

all-to-all patterns that create transient congestion hotspots. These

constraints, combinedwith an operational environment where hard-

ware failures shift from anomalies to frequent occurrences, renders

traditionally lightweight operations like initialization and resource

management challenging.

We present Meta’s network architecture and software stack de-

signed to support one of the world’s largest RoCE fabrics, currently

connecting over 100,000 GPUs across multiple datacenter buildings.

To overcome scaling barriers, we introduce a scalable initializa-

tion strategy that reduces startup times by 11× via eager process
group creation and 𝑂 (𝑁 ) topology discovery, alongside a resource

management system that cuts GPU memory usage by 2× through

on-demand allocation. We further detail a custom transport layer

utilizing Dynamic Queue Pair Load Balancing to saturate links, and

a set of operation toolings. These innovations have been deployed

in production, providing the foundational communication fabric

for training state-of-the-art Large Language Models.

CCS Concepts
•Computingmethodologies→Machine learning; •Networks
→ Data center networks.
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1 Introduction
The rapid evolution of Large Language Models (LLMs) has tran-

sitioned from scaling single-node performance to architecting

massive-scale distributed systems. Training state-of-the-art models

now requires orchestrating over 100K GPUs in a single job, a scale

that pushes existing datacenter networking and communication

stack to its limit. At this magnitude, the conventional approaches

to collective communication encounter scaling challenges:

Infrastructure Constraints: The physical topology required to

connect GPUs spans multiple datacenter buildings. This introduces

high bandwidth-delay product (BDP) links and variant round-trip

times (RTT) where latency increases by up to 30× compared to intra-

rack traffic. Such disparities cause standard transport protocols to

struggle with maintaining throughput consistency across the fabric.

New Workloads: The widespread adoption of Mixture-of-Experts

(MoE) architectures fundamentally alters traffic characteristics. Un-

like dense models with predictable communication, MoE models

rely on dynamic token routing that generates highly bursty, irreg-

ular all-to-all patterns. This creates massive transient congestion

hotspots that challenge traditional network load balancing.

Overheads of “Lightweight” Operations: Operations tradition-
ally considered lightweight begin to impose prohibitive overheads.

Collective initialization relying on global barriers or 𝑂 (𝑁 2) topol-
ogy discovery can degrade job restart times to several minutes or

even hours—a delay that is unsustainable given the cluster’s Mean

Time Between Failures (MTBF). Furthermore, standard libraries can

consume roughly 10GB of HBM (12.5% of an 80GB H100), directly

competing with model parameters for limited memory.

https://creativecommons.org/licenses/by/4.0
https://creativecommons.org/licenses/by/4.0
https://doi.org/10.1145/3789240.3829152
https://doi.org/10.1145/3789240.3829152
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Operational Reliability: As the cluster scales, hardware failures
shift from rare anomalies to daily occurrences. Ensuring high train-

ing “goodput” demands a suite of fault localization, performance

monitoring, and large-scale emulation tools capable of functioning

under extreme concurrency.

To overcome these, we innovate at three categories:

At the communication library layer, we present CCLX, designed
to address the key overhead of initialization and memory con-

sumption. We introduce scalable initialization via three key mecha-

nisms: eager initialization, asynchronous I/O bootstrapping, and

lazy initialization resource allocation. Our solution can reduce the

initialization time by 11×. To tackle the memory constraints of

CCLX to leave more memory to model training, we introduce lazy

memory management which implements lazy channel provision-

ing, on-demand buffer allocation, and a slab allocator for metadata,

which collectively over-provisioning and reduces communication

memory overhead by 2×.
At the transport layer, while zero-copy collectives minimize con-

trol plane latency, they often cause excessive switch buffer build-up

due to bursty, unsegmented transfers—a problem exacerbated by

MoE workloads. We introduce Dynamic Queue Pair Load Balancing

(DQPLB), a transport mechanism that combines the low latency of

zero-copy with the flow control of segmentation. By dynamically

tuning outstanding data limits and queue pair counts to match the

BDP of specific paths (e.g., cross-datacenter vs. intra-zone), DQPLB

reduces switch buffer occupancy by an order of magnitude while

maintaining near-peak throughput.

For the operational tooling, we have developed a comprehensive

toolset comprising three key components in Section 5: an auto-

mated fault analyzer that distinguishes root-cause failures from

cascading stalls using inter-collective dependency graphs, drasti-

cally reducing diagnosis time in environments where failures occur

frequently; PerfProfiler, a lightweight instrumentation framework

that correlates algorithmic and transport-level metrics to pinpoint

bottlenecks; and a distributed CPU emulation environment that

utilizes library interposition to validate control-plane scalability on

CPU hardware, avoiding the cost of testing on GPUs.

Overall, our experience is that reaching 100K+ GPUs requires

co-designing the collective library, transport mechanisms, and op-

erational observability: at this scale, naive reuse of existing stacks

fails under multi-building RTT/BDP regimes, MoE-induced bursti-

ness, and frequent hardware faults. By rethinking initialization and

HBM management in CCLX, introducing DQPLB for BDP-aware

flow control, and building white-box tooling for fault localization

and profiling, we make large-scale LLM training both performant

and operationally robust.

2 Background
2.1 The 100K+ GPU Network
Meta’s RoCE-based network has been evolving to meet the through-

put and latency requirements of large-scale generative AI training.

In its latest iteration, the network supports 100K+ GPUs; through-

out this paper we refer to this deployment as the Cluster. Figure 1
summarizes the physical layout and the main hierarchy of the fab-

ric. Table 2 illustrates the scale and latency of different components.

We highlight three characteristics that shape our design:
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Figure 1: Multi-building network architecture.

Multi-building: The Cluster spans multiple datacenter (DC) build-

ings (Figure 1). Each building contains up to eight AI Zones [8]. Each

AI Zone can support up to 288 racks with 16 GPUs per rack (∼4K
GPUs per zone), yielding up to ∼32K GPUs per building. Scaling be-

yond a single building is therefore necessary to reach 100K+ GPUs,

and it introduces longer links and greater variability in latency.

Multi-hop fabric: The Cluster uses a multi-stage Clos topology

that connects all GPUs via a single high-performance RoCE fabric.

Within this fabric, the Rack Training Switch (RTSW) connects GPUs

within a rack, Cluster Training Switches (CTSW) connect racks

within an AI Zone, and Aggregator Training Switches (ATSW)

connect CTSWs across a datacenter building; the ATSW layer

is a fully connected mesh. This hierarchy provides incremental

scale-out—additional buildings can be added over time—and, com-

pared to the previous generation [8], reduces the cross-AI-Zone

over-subscription ratio from 1:7 to 1:2.8 to better support multi-

dimensional parallelism at larger scale.

Latency:GPU-to-GPU latency grows quicklywith hop count. GPUs

within a rack have the lowest latency, while communication across

racks within the same AI zone, across AI zones, and across data-

center buildings can experience 7×, 15×, and 30× higher latency,

respectively. This increase comes from cumulative switching delays

and longer cable runs. Note that the RTT increase is a direct result

of larger cluster size, even within the same building, instead of

a unique problem to our multi-building cluster. To achieve good

collective performance in this hierarchy, the collective must inject

enough data to fill the path bandwidth-delay product (BDP), but

not so much that it creates persistent queueing and congestion.

2.2 Large-scale LLMWorkloads
Recent developments in LLMs have significantly changed training

workloads and introduced new networking requirements, particu-

larly in the Cluster. We highlight three drivers and their impact on

GPU communication: (1) Architecture: Recent LLMs increasingly

adopt Mixture-of-Experts (MoE)[7], introducing irregular All-to-All
collectives for token routing. (2) Context length: Context windows
have expanded from thousands to millions of tokens, motivating

Context Parallelism (CP) to support long-sequence training. (3)Mul-
timodality: Modern LLMs are increasingly multimodal, introducing

additional synchronization and data-handling complexity due to

fused text and vision tokens.
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Category Unique problems and requirements Features
Communication

Library

Initialization among training hosts before starting training Scalable initialization (Section 3.2)

Keep high communication performance with minimal HBM, GPU compute, and

network resources

Resource management (Section 3.3)

Transport Managing high BDP and bursty all-to-all traffic across multi-building, high-

latency links

DQPLB (Section 4)

Operational

Tooling

Fast faulty hardware localization; fast user fault debugging in multi-dimensional

parallelism programming

Fault localization (Section 5.1)

Detailed performance insights to quickly pinpoint the bottleneck Performance Observability (Section 5.2)

Prohibitively expensive testing at large scale Distributed CPU emulation (Section 5.3)

Table 1: Key problems and features described in this paper

Host Rack AI Zone Building Cluster
GPUs 8 16 4K 32K 100K+

Latency small 1× 7× 15× 30×
Table 2: Scale and latency hierarchy across the Cluster’s
multi-building fabric.
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Figure 2: Detailed analysis of collective communication pat-
terns in a large scale LLM pre-training

The immense scale of LLM training requires the use of various

parallelization strategies to distribute the model and data across

the Cluster. Parallelisms are fundamental techniques in large model

training that break down a complex training job into smaller, con-

currently executable tasks to manage memory, reduce computation

time, and improve hardware utilization. To achieve this, we have

employed a sophisticated combination of these methods, all of

which rely on collective communication operations.

Hybrid Sharded Data Parallel (HSDP): Fully Sharded Data Par-

allel (FSDP)[37] is used together with Distributed Data Parallel

(DDP) for sharding memory usage (e.g., optimizer states and gradi-

ents). FSDP uses AllGather for parameters and ReduceScatter for
gradients, and DDP uses AllReduce.
Pipeline Parallelism (PP): Used to divide the model layers across

GPU ranks. Point-to-point (P2P) communication is critical in PP.

The implementation features zero-copy send/receive to remove in-

terference between communication and computation, which in turn

necessitates a Tensor Pool for P2P buffer management to improve

buffer reusability.

Expert Parallelism (EP): Essential for training MoE models, EP

shards the experts across a group of ranks to reduce memory pres-

sure and mitigate the job from becoming limited by FSDP com-

munication. Its primary communication primitive is the All-to-All
collective, used to send tokens to the ranks where their assigned

experts reside.

Context Parallelism (CP): A parallelism paradigm along the

sequence length dimension, primarily supporting long sequence

training by reducing memory consumption. CP Attention is imple-

mented using an AllGather collective to exchange Key and Value

tensors for the attention mechanism across the CP group ranks,

while Query remains local.

Tensor Parallelism & Sequence Parallelism: Used to shard

individual layer weights and distribute computation. Collectives

include AllReduce, AllGather and ReduceScatter.
Figure 2 shows the breakdown of collectives used in a LLM

training job, their message sizes and process group sizes.

2.3 Discussion
While our overall infrastructure encompasses over 100K GPUs,

the actual operational workloads shard this massive footprint into

multi-dimensional parallelization domains. To correctly design and

optimize the communication stack, it is critical to distinguish be-

tween the scaling requirements of different operations.

The control plane operations, such as initialization, require true

full-cluster participation. While the frequency of these operations

is low, the scale makes them highly susceptible to serialization and

network contention. As discussed in Section 3.2, such overhead

becomes a major bottleneck at this scale impacting job restart times.

On the data plane front, hybrid parallelisms partition the cluster

into much smaller, localized Process Groups. While the outermost
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parallelization schemes like HSDP can span thousands of GPUs,

they primarily handle lower-frequency weight and gradient syn-

chronization. The most communication-intensive parallelisms op-

erate at an even tighter scale. For example, EP relies on demanding

All-to-Allv operations for token routing; however, as shown in Fig-

ure 2c, this bursty traffic is structurally confined to small process

groups typically consisting of less than 8 GPUs.

Next, we describe how CCLX optimizes library-level operations

(Section 3), how DQPLB manages transport-layer congestion in

high-BDP environments (Section 4), and how our operational tool-

ing ensures system reliability (Section 5).

3 GPU Communication Library
3.1 CCLX
The GPU communication library serves as the abstraction between

training workloads and the NIC, interfacing through the verbs API

layer. It translates collectives (e.g., AllReduce) into logical topology

implementations (e.g., ring or tree) and further breaks those down

into scheduling point-to-point data transactions between GPUs

with verbs. These transactions require GPU-to-RDMA NIC support

for optimal performance. The collective library schedules verbs

calls over Queue Pairs (QP) created on NICs.

While NCCL is used in the vast majority of the NVIDIA based

training systems, we have found several challenges when lever-

aging it directly in our environment. To overcome these, we have

developed CCLX
1
. The key goal for CCLX is to provide a high-

performance, scalable, and customizable communication frame-

work for diverse application model needs and networking backends,

while making it easier for communication developers to program.

Figure 3 gives an overview of the CCLX stack, which provides users

a rich selection of communication semantics in three execution

modes: Host-initiated APIs, Host-initiated APIs with GPU-resident

metadata, and Device-initiated APIs. Each mode supports collec-

tive, point-to-point and remote memory access (RMA) semantics.

To support the communication semantics, we have developed a

custom transport framework CTran [31] that follows a host-driven

communication framework with the design principle to promote

zero-copy and stream multiprocessor (SM) free communication.

When the model calls into the collective communication layer,

CCLX dispatches the communication into either the baseline NCCL

or the CTran code path. For custom communication operations (e.g.,

RMA, GPU-resident collectives) that do not have an implementa-

tion in baseline NCCL, they are directly dispatched to CTran. We

allow users to explicitly choose the underlying baseline or CTran

algorithms via environment variables.

3.2 Scalable Initialization
Communication library initialization is an important overhead for

large-scale training due to its high fault rates and frequent job

restarts. For example, to ensure 90% effective training time on aver-

age, we can only afford 144 minutes of downtime per day. As we

run jobs at 100K GPU scale, the expected failure count is around

49.15 times per day (assuming 4 restarts every 1000 servers per day),

which means we can only afford 175 seconds per restart. Although

1
The CCLX version that runs on NVIDIA platform is also known as NCCLX, while

the version on AMD platform is known as RCCLX.
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Figure 3: CCLX overview

existing technologies such as torchft [25] can reduce the blast

radius of a single host failure, initialization overhead continues to

worsen rapidly as training scales.

When a training job restarts, communication is initialized by

creating PyTorch process groups (PGs), where NCCL bootstraps the

communication group (ncclCommInitRankConfig) that includes
multiple sub-operations: each rank initializes local resources (CUDA

runtime, topology detection, proxy servers), establishes control

channels for peer discovery, and exchanges local state information

with all ranks.

Communication initialization time scales non-linearly due to

serialized operations, network contention, and computational com-

plexity. At 100K scale, initialization using NCCL requires more than

4 min, which goes beyond the tolerable restart time for reacting to

failures. There are three key ideas to enable scalable initialization:

Eager initialization: NCCL initialization ("Lazy Mode") re-

quires each rank in a PG to independently create its commu-

nicator upon the first collective operation. This process involves

the root rank broadcasting a unique ID (ncclUniqueId) via

a centralized key-value store, followed by each rank calling

ncclCommInitRankConfig to initialize its communicator. While

this approach works for small-scale deployments, it suffers from

two major drawbacks at scale: (1) excessive load on the key-value

store due to repeated, independent creation for numerous PGs (e.g.,

10+ PGs in a large model), and (2) inefficiency in creating sub-PGs

in existing PGs because of the lack of state reuse and the need for

redundant state exchange for every new group.

To resolve these scalability issues, CCLX introduces the Eager
mode. It begins with each rank establishes a single global commu-

nicator that encompasses all global ranks (the default-PG). Subse-

quently, any sub-PG is derived or split from this pre-existing global

communicator. By reusing the global communicator’s established

state, the need for further ncclUniqueId exchanges is eliminated.

This fundamental change significantly reduces the cost of sub-PG

creation and lowers the overall initialization overhead.
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Figure 4: Comparison between NCCL 2.21.5 and CCLX on
default process group initialization

Asynchronous I/O bootstrapping: NCCL bootstraps communi-

cator by initializing a bootstrap server on rank 0. Each rank then

communicates with this server to obtain the IP address and port of

its subsequent rank, thereby forming a ring. To mitigate the risk

of overloading the bootstrap server at larger scales (exceeding 128

ranks), each rank is required to stagger its connection request by

waiting for a duration proportional to its rank ID, measured in

milliseconds. At 100K scale, the final rank must wait for around

100 seconds to establish a connection with the bootstrap server. In

practice, this will allow us to finish the bootstrap within the budget.

Lazy initialization resource allocation: The NCCL baseline allo-

cates all resources during ncclCommInitRank, which can block the

applications. CCLX defers resource allocation from initialization

time to the first collective call, performing minimal necessary setup.

When the first collective is invoked, algorithm specific resource

allocation happens asynchronously in the background, overlap-

ping with ongoing application work such as model loading, data

fetching, and kernel computations. This approach hides allocation

overhead within existing computation, further reducing time-to-

first-collective in real-world training scenarios.

In addition to the architecture changes, we did a few optimiza-

tions that further improve the performance. For example, AllGather
is used in bootstrap phase to exchange control data among par-

ticipating ranks within a communicator. We optimized AllGather
with bi-directional AllGather [12] (reducing steps from 𝑁 − 1 to
𝑁
2
) and also evaluated tree-based algorithms (𝑂 (𝑙𝑜𝑔𝑁 ) vs 𝑂 (𝑁 )

scaling). We combined seven AllGather operations of gathering sev-
eral data types to four AllGather operations to further reduce the

overhead during initialization. We improved topology computation

from 𝑂 (𝑁 2) to 𝑂 (𝑁 ) complexity [11], consuming 10s at 48K ranks

and around 100s at 100K scale. Additional improvements include

eliminating unique ID broadcasts and optimizing P2P communica-

tor creation for pipeline parallelism.

Figure 4 shows the initialization performance results, compar-

ing the baseline NCCL with CCLX. This represents an up to 11×
improvement at 96K GPUs scale.

3.3 HBMManagement
Resource utilization, including SMs, memory, and network re-

sources, is an important factor in steady-state training. Overcon-

sumption of these resources degrades training throughput and

efficiency and, in extreme cases, can cause training job failures. In

LLM training, this risk is amplified because each parallelism do-

main may instantiate its own communicators, causing cumulative

resource consumption to grow with the number of communicators.

Among these constrained resources, GPU high-bandwidth mem-

ory (HBM) is often the dominant bottleneck for LLM pre-training.

When more HBM is available to the training job, it improves both

throughput and eventual model quality by enabling larger batch

sizes and supporting exploration and tuning over a wider range of

hyperparameter configurations. However, in practice, pre-training

runs frequently fail with out-of-memory (OOM) errors because the

usable HBM is significantly below the device’s specification. For

example, on H100 GPUs, only about 60 GB of the advertised 80 GB

HBM may be available after accounting for system overheads and

framework reservations.

Communication libraries are typically optimized for peak collec-

tive performance rather than resource efficiency. NCCL allocates

substantial internal GPU buffers that are opaque to, and not shared

with, the application in order to enable highly tuned pipelines

across diverse hardware topologies and collective patterns. In to-

day’s multi-dimensional LLM training, which instantiates multiple

parallelism groups and thus multiple NCCL communicators, these

internal buffers are allocated separately for each communicator,

leading to substantial HBM overhead. In LLM pre-training exper-

iments, we observed NCCL consuming roughly 10 GB of HBM

(≈ 12.5% of an 80 GB H100) across more than 10 parallelism groups,

where each group is associated with a distinct NCCL communicator

and maintains its own dedicated buffer allocations.

We have found three main design choices in NCCL that lead to

inefficient resource utilization.

Eager communicator allocation: NCCL sustains high perfor-

mance for copy-based communication by eagerly allocating substan-

tial memory and peer connections at communicator initialization.

Specifically, for each communicator, it allocates internal buffers and

QPs per send/receive peer and per protocol (LL/LL128/SIMPLE). As

the number of communicators grows, this strategy inflates memory

usage—especially in workloads dominated byAll-to-All communica-

tion, a pattern commonly observed in MoE training. NCCL further

allocates algorithm-specific resources (e.g., ring) at runtime, even

though training typically exercises only a subset of these paths,

leaving the remainder underutilized. Additionally, communicators

whose peers reside within an NVLink domain tend to receive even

larger allocations, since NCCL can exploit additional buffering and

concurrency to saturate NVLink’s high bandwidth. However, be-

cause NCCL lacks knowledge of the actual communication pattern

at initialization, this eager provisioning often results in substantial

resource waste. Parallelism groups execute a fixed set of collectives

over well-defined message-size regimes determined by the model

configuration and scale. For example, a FSDP group typically per-

forms AllGather and ReduceScatter using only the ring algorithm,

making pre-allocation for tree-specific resources unnecessary.

Channel over-provisioning: NCCL employs a multi-channel de-

sign to increase concurrency in data movement and improve net-

work utilization. To maximize performance, each communicator

provisions the maximum number of channels at initialization, and

each channel maintains its own dedicated resources. This strategy

becomes inefficient when a communicator does not require many

channels to achieve near-peak throughput—for example, when it
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Channel 0
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Channel 1

Metadata Ring Buffers Tree Buffers P2P Buffers

Channel 2

Metadata Ring Buffers Tree Buffers P2P Buffers

Channel 3

Metadata Ring Buffers Tree Buffers P2P Buffers

Channel 4

…

Channel 15

Figure 5: Lazy resource allocation and lazy channel provi-
sioning example. CCLX saves memory by allocating only
necessary channels and algorithm buffers.

Feature Saved HBM per GPU
Lazy algorithm connect 1.44 GB

CTran lazy connect 0.79 GB

Slab allocator 0.39 GB

Lazy channel allocation 1.19 GB

Table 3: Example of memory saving by the proposed features
for LLM pre-training on 64K GPUs. For each memory-saving
feature, we conducted separate experiments using compara-
ble configurations.

primarily executes small-message collectives—since a substantial

fraction of per-channel resources remains rarely used.

Channel metadata alignment: NCCL’s “channel” state includes
metadata such as FIFO status and peer-connection information.

NCCL places this metadata in HBM primarily to enable low-latency

access by its kernels. Although the channel state is lightweight, it

consumes around 2 MiB per channel due to alignment constraints

imposed by CUDA low-level virtual memory management inter-

faces (e.g., cuMem APIs). This alignment and per-channel footprint

increase HBM pressure and exacerbate memory fragmentation and

waste. This effect is amplified at large scale–the total metadata

footprint scales with the number of ranks in a communicator, accu-

mulating to over 1GB at 100k scale.

To address these limitations, we have improved resource effi-

ciency by introducing three corresponding mechanisms.

Lazy communicator resource allocation: To mitigate the re-

source waste caused by NCCL’s eager provisioning, we adopt a lazy

strategy: it allocates algorithm-specific resources and CTran peer

connection resources only when an algorithm is actually exercised

at runtime. As the example illustrated in Figure 5, if a communica-

tor only performs Tree algorithm for small AllReduce at runtime,

we can only allocate Tree buffers on 1 channel, compared to NCCL

would allocate resources in all channels and only use it partially. In

an empirical study of LLM pre-training runs, enabling lazy connect

alone reduced memory consumption by approximately 2.2GB as

shown in Table 3.

Lazy channel provisioning: To reduce resource waste due to

NCCL channel over-provisioning, we allocate only the minimum

number of channels initially and expands the channel count at run-

time as needed. The key observation is that some communicators

execute only small collectives over the lifetime of a training job and

therefore do not require multi-channel concurrency to approach

peak bandwidth. Thismechanism complements lazy resource alloca-

tion, which defers algorithm-specific resource allocation across all

channels. Lazy channel provisioning further avoids pre-allocation

resources for unnecessary channels altogether. As illustrated in

Figure 5, if a collective requires only 4 channels for a ring-based al-

gorithm, CCLX refrains from allocating resources for the remaining

12 channels (assuming a 16-channel default). As shown in Table 3,

this feature yields an additional ∼1.2 GB memory reduction.

Slab allocator for channel metadata: At large scale, per-channel
metadata allocations becomes highly fragmented, leading to sub-

stantial memory waste. To mitigate this overhead, we implement

a slab allocator that packs metadata from multiple communica-

tors into contiguous GPU pages. By co-locating many channels’

metadata within the same page, the allocator reduces both internal

fragmentation and the number of pages that must be reserved. As

shown in the example of Figure 6, a 2 MB GPU page can store meta-

data for roughly 3000 peers; without slab allocation, fragmentation

forces the same metadata to be spread across multiple pages. All

slab slots are released when a communicator is destroyed at the end

of the training job, preventing resource leaks. As shown in Table 3,

this optimization reduces memory usage by approximately 400 MB.

With these optimizations, we have reduced GPU memory usage

by nearly 2× across more than 10 communicators at large scale,

both in our evaluation (Table 3) and in production runs. These

features reduce the number of RDMA QPs to below 2000 per NIC,

thanks to the lazy QP allocation, which is within the capacity of

NICs without performance degradation.

4 Transport Layer
4.1 Challenges
When the number of network hops increases, the GPU-to-GPU

communication latency increases significantly. Specifically, GPUs

within the same rack have the lowest latency, while communication

across different racks within the same AI zone, across AI zones, and

across separate datacenter buildings experience 7×, 15×, and 30×
higher latency, respectively [31]. This increased latency is primarily

due to cumulative switching delays and increased cable lengths.

As we move to MoE models, the prevalent communication pat-

terns can have an on-off pattern particularly with small messages.

This traffic is naturally bursty [9], which results in higher buffer

utilization, as we describe later in this section, and can result in in-

creased latency, and fairness issues when mixed RTT flows compete

for bandwidth and buffer.

Managing latency is a tradeoff. The two-stage copy mechanism

within NCCL requires clear-to-send control messages from the

receiver to the sender on the critical path. To mitigate the high

control-message latency of the two-stage copy solution, we imple-

mented zero-copy collectives, enabling the NIC to perform RDMA

directly. As a result, GPU-to-GPU exchanges require only a single

control message from receiver to sender, significantly reducing
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Figure 6: Slab allocator illustration: multiple metadata can fit into 2MB slabs to avoid waste

network latency. However, zero-copy results in the entire message

being handed off to the NIC, which results in bursty sends.

The increased burstiness impacts our congestion control strategy.

We do not employ traditional congestion control mechanisms such

as DCQCN to limit switch buffer occupancy due to the difficulty of

tuning it correctly in a diverse environment [8]. Instead, we rely on a

combination of receiver-driven flow control in the collective library,

and coarse NIC-based flow control to limit outstanding data, and

deep-buffer spine switches to absorb transient bursts. This is not

wholly effective: zero-copy communication reduces opportunities

for receiver feedback, increasing the likelihood of posting larger

messages at once. We therefore see excessive buffer build-up. Our

evaluation confirms this analysis: using zero-copy communication

alone resulted in suboptimal performance. In contrast, copy-based

communication inherently segments data into smaller chunks—due

to temporary buffer size constraints—thereby providing implicit

flow control.

To combine the advantages of both approaches, we employ zero-

copy communication while internally partitioning data into smaller

message segments and rate-limiting the number of segments in

flight. To this end, we develop Dynamic Queue Pair Load Balanc-

ing (DQPLB) to configure the amount of outstanding data on a

per-connection and per-topology basis, allowing higher limits for

cross-DC or cross-AI-Zone links’ bandwidth-delay product (BDP).

This fine-grained control enables more effective control of buffer

build-up, and therefore better sharing and fairness. Together with

network load balancing improvements described in [8], we reduce

switch buffer build-up by an order of magnitude.

4.2 DQPLB Design
DQPLB controls the amount of data in the network using a small

number of configurable parameters: the number of QPs per destina-

tion, the segment size, and the number of outstanding unacknowl-

edged messages. The product of these three parameters should

ideally match the BDP of the path between the sender and the

receiver. Using smaller segment sizes also helps spread out the

data in the network instead of bursting all at once. This design

allows us to configure settings according to both the RTT of the

path, and also the message sizes. We define four categories of con-

nection types: within the same rack, cross-rack within the same

zone, cross-zone within the same DC, and cross-DC. Based on the

relative proximity of GPUs, we adjust the outstanding message

limits for each connection. For connections with closer proximity,

we use more conservative settings to accommodate the lower BDP.

In contrast, for distant connections, we employ more aggressive

configurations—such as higher number of data QPs and higher

number of maximum number of outstanding messages—to better

utilize the higher network BDP. Similarly, with smaller messages,
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Figure 7: DQPLB design overview.
we can be more aggressive in outstanding data to better utilize the

network bandwidth.

As shown in Figure 7a, DQPLB uses one control QP and one

or more data QPs. The control QP is responsible for exchanging

memory addresses at the start of a collective operation, while the

data QPs handle data transmission over the scale-out network. DQ-

PLB achieves ordered message delivery across multiple data QPs

by leveraging sequence numbering, immediate data encoding, and

out-of-order message tracking. The algorithm distributes messages

to data QPs in a round-robin fashion (Figure 7b). When a data QP’s

work queue reaches its configured limit, message transmission is

paused until a completion queue element (CQE) is received on

the corresponding completion queue (CQ). Upon receiving a CQE,

the system resumes posting work queue elements (WQEs) for that

QP. This dynamic allocation enables QPs with lower network con-

tention to transmit data more efficiently, allowing them to handle

a greater load.

To ensure ordered message delivery, we maintain two sequence

counters: the sender tracks the next sequence number to trans-

mit, while the receiver tracks the next expected sequence number.
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Figure 8: DQPLB performance with All-to-Allv

When transmitting messages in DQPLB mode, the sender utilizes

the IBV_WR_RDMA_WRITE_WITH_IMM opcode for post send opera-

tions, instead of the standard IBV_WR_RDMA_WRITE. This enables
the embedding of control information within the 32-bit immediate

data field: bits 0–23 encode the sequential message number, bit

30 indicates fast path usage (explained in detail later), and bit 31

serves as a notification flag for the final write of a multi-packet

message. When a message exceeds the maximum segment size,

it is divided into multiple WQEs, with each partition assigned a

consecutive sequence number; only the final fragment is marked

with the notification bit in the immediate data field.

On the receiver side, the algorithm supports out-of-order de-

livery by examining the immediate data of incoming messages

to extract sequence numbers and notification flags. Out-of-order

packets with sequence numbers beyond the next expected value

are temporarily stored in a hash map indexed by sequence num-

ber, with boolean values indicating whether each packet carries a

notification flag. The algorithm then applies a sliding window pro-

tocol that continuously checks for the arrival of the next expected

sequence number; when it is received, the algorithm processes it

along with any subsequent consecutive packets stored in the hash

map, increments the notification counter for those marked with the

notification bit, and removes the processed entries from the hash

map. This approach guarantees that notifications are triggered only

after all preceding messages in the sequence have been received,

thereby preserving strict ordering semantics even when packets

arrive out of order due to distribution across multiple data QPs.

The algorithm also incorporates a fast path optimization for high-

frequency operations, enabling messages to bypass the multi-QP

distribution and be sent directly on a dedicated data QP. On the

receiver side, these messages are processed by directly increment-

ing the receive-next sequence counter and updating notification

counts, eliminating the need for out-of-order tracking. The fast

path minimizes the CPU overhead of each RDMA operation, espe-

cially useful for algorithms with multiple small to medium RDMA

operations such as the inference use case.

4.3 DQPLB performance
We first look at an All-to-Allv (All-to-All with varying message

sizes) experiment with 32, 64, and 128 GPUs – this is one of the

most network intensive traffic profiles. With our baseline, we use

NCCL with NVLink support, whereas with DQPLB, we do not use

NVLink. The reason being that at the time of running the experi-

ments, NVLink support in our library was not mature. Furthermore,

DQPLB is targeted towards network congestion issues, which are
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Figure 9: 256 GPUAllGather bus bandwidth and buffer before
and after tuning

not relevant to host interconnects, which are significantly faster.

Running DQPLB without NVLink therefore allows us to see how

it performs in the network without potential bottlenecks being

hidden or compensated by the faster host interconnects.. We ran

our experiments with 400 Gbps NICs. We run all our experiments

emulating perfect spray underneath. We configure DQPLB with

128KB in flight with 1 QP – this gives us fine-grained control over

the data in flight. DQPLB is able to maintain close to maximum

throughput. Note that NVLink improves the bus bandwidth beyond

50GBps because of the faster interconnect within hosts. Figure 8

shows that DQPLB achieves close to 50GBps at a fraction of peak

buffer utilization – with almost a 90% reduction at 32 GPUs to about

75% reduction at 128 GPUs.

Next, we test with a 256 GPU AllGather that uses a ring imple-

mentation with rail-based setting (no NVLink). This is a representa-

tive experiment size as actual training workloads shard the cluster

into much smaller, localized Process Groups (typically 32–256 GPUs,

especially for MoE All-to-Allv operations). Although ring-based

collectives do not have incast traffic patterns, the mix of RTTs

will still result in momentary bursts at the receiver. First we run

this with default settings, and then we tune the segment size and

the number of QPs. The default is 512KB with 16 QPs. We tune

this to 64KB segments, but only 2 QPs for in-rack scope, 4 QPs

for cross-rack but within the same datacenter, and 64 QPs across

datacenters. QP counts are chosen based on BDP of the path, which

in this context is entirely a function of RTT. More BDP requires

more proportionately more QPs. Figure 9 shows a 72% decrease in

peak buffering, at no performance penalty at 1GB message sizes,

and a 13% improvement in bus bandwidth for 8MB message sizes.

First we note that the buffer wins are slightly smaller than with a

more intensive All-to-Allv; this is because of the impact of cross-DC

traffic. Larger BDP paths and the inability to arbitrarily reduce seg-

ment size (as mentioned previously) means that we need to burst

somewhat, reducing the wins. However, smaller segments does

offer some level of pacing benefit. Secondly, we see a performance

improvement for the smaller, 8MB collective size; this is likely due

to the latency of lower buffering.

5 Operational Tooling
5.1 Fault Localization
Due to the synchronized execution of LLM training, a single ma-

chine crash can stall or terminate the entire training job. In pro-

duction environments, engineers often spend hours or even days
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identifying and isolating the faulty machine, during which addi-

tional failures may occur. To address this operational challenge, we

developed Fault Analyzer (Figure 10), an automated system that an-

alyzes training job failures and efficiently localizes faulty machines

in real time.

In an LLM training job, many collective operations can execute

simultaneously. The primary challenge is to identify the root-cause

collective from this large set of operations when the job fails. Multi-

dimensional model parallelism introduces complicated dependency

between collectives, forming intricate execution graphs. When a

single collective hangs, it can trigger cascading effects that impact

all dependent collectives. It is impractical to exhaustively analyze

all collective operations due to the massive volume of logs, the large

number of participating machines, and the high algorithm complex-

ity. Therefore, the design goal of Fault Analyzer is to identify the

culprit collective operations in a fast and scalable manner.

During job execution, it incrementally constructs an inter-

collective dependency graph in real time. The graph dynamically

removes completed collectives and adds newly scheduled ones. The

system continuously monitors unfinished collectives that have no

outstanding dependencies and flags them as culprit candidates if

their execution time exceeds a predefined timeout threshold. Fault

Analyzer localizes the specific failing node associated with each

culprit collective.

When multiple collectives hang simultaneously, only a subset

of them are true root causes while the remaining ones are blocked

while waiting for their dependencies to complete. To construct the

inter-collective dependency graph, we rely on two assumptions: (1)

When a job has been stalled for a long duration, all normal collec-

tives should have finished. (2) If a collective has been scheduled but

has not yet started, it must be waiting, either directly or indirectly,

on other started but unfinished collectives on the same node. In

other words, an unstarted collective depends on all such unfinished

collectives. Although the second assumption is empirical, we find it

highly effective in practice. An unstarted collective may be stalled

because it shares the same CUDA stream as an unfinished collec-

tive, has CUDA event or data dependencies on it, or because the

unfinished collective has exhausted critical hardware resources.

Based on these assumptions, we iterate over every node with

stalled collectives, analyze the dependency relationships among

Algorithm 1 Constructing the Dependency DAG Among Hanging

Collectives

Require: Mtimeout: machines that have timeout collectives

Ensure: 𝐺dep: dependency DAG between collectives

1: procedure BuildDAG(Mtimeout)

2: 𝐺dep ← ∅
3: for all node𝑀 ∈ Mtimeout do
4: C𝑀 ← getTimeoutCollectives(𝑀)

5: C𝐴 ← ∅ ⊲ Started yet incomplete collectives

6: for all collective𝐶 ∈ C𝑀 do
7: if kernelStart(C) and ¬KernelEnd(C) then
8: C𝐴 ← C𝐴 ∪ {𝐶 }
9: end if
10: end for
11: for all collective𝐶 ∈ C𝑀 do
12: if ¬KernelStarted(C) then
13: 𝐺dep [𝐶 ] ← C𝐴 ⊲𝐶 depends on𝐶𝐴

14: end if
15: end for
16: end for
17: return𝐺dep

18: end procedure

collectives on the node, and construct a global dependency directed

acyclic graph (DAG). Collectives without outgoing dependencies in

the DAG are identified as culprit collectives. Algorithm 1 presents

the detailed procedure.

We further illustrate the procedure with a simple example. On

Node 1, Collective A has started but remains unfinished, while

Collective B is scheduled but unstarted. On Node 2, Collective B is

unfinished and Collective C is unstarted. Following the algorithm,

we add a dependency from 𝐵 to 𝐴 on Node 1 and from 𝐶 to 𝐵 on

Node 2. Since 𝐴 has no outgoing dependencies, it is identified as

the culprit collective.

To track whether a collective is scheduled, started and completed,

we instrumented CCLX with tracing instructions at per-collective

granularity, called CollTrace. CollTrace forms the foundation of

our dependency analysis and provides fine-grained visibility into

collective execution states.

For each culprit collective, we identify the responsible rank and

mark the node hosting that rank as faulty using the following pro-

cedure. First, we check per-rank arguments (e.g., operation type,

element count, etc) in the collective. If a rank provides inconsis-

tent or invalid arguments relative to its peers, we flag it as faulty.

Next, we check whether all ranks have launched the kernel and

entered the execution phase. Any node that fails to start the ker-

nel is identified as faulty. Subsequently, we detect network-level

failures by examining errors thrown between communicating rank

pairs. If multiple errors are observed, we select the rank involved in

the largest number of failed pairwise communications as the most

likely faulty ranks.

If the above checks reveal no issues and no errors are thrown, we

construct a wait-for dependency graph based on proxy operation

states. In a collective operation, before the sender write data chunks

into the receiver’s HBM, the receiver uses the proxy thread to send

control messages describing the destination buffer metadata to the

sender. The sender then initiates data transmission from its proxy
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thread. We model two types of dependencies: (1) control-message
wait dependencies: The sender is blocked waiting for the receiver’s

control message containing destination buffer metadata. (2) data
wait dependencies: The receiver is blocked waiting for the sender’s

data transfer. The Fault Analyzer builds the wait-for dependency

graph based on these two dependencies by checking the proxy op-

eration states. Nodes without outgoing dependency are considered

candidate faulty nodes. We present two brief case studies to go

through the fault localization procedure.

Model code bug: Bugs introduced during model development may

eventually manifest as NCCL timeouts in PyTorch, which are often

difficult and time-consuming to debug. In a 4K-GPU training job,

approximately 500 collectives experienced timeouts. Fault Analyzer

automatically constructed the inter-collective dependency graph

and identified the root-cause collective as the final collective in

a tensor-parallel (TP) process group. By checking the kernel ex-

ecution status across hosts, we observed that one rank had not

launched the corresponding collective kernel, while all other ranks

had started execution. This rank was therefore flagged as the likely

culprit. With this insight, the developer traced the issue to a soft-

ware bug that caused the specific rank to hang before scheduling

the final collective.

Hardware failure: In another training job spanning 8K GPUs, the

job experienced repeated restarts accompanied by hundreds of col-

lectives timeouts. Fault Analyzer first aggregated the collective and

network operation traces, and built the inter-collective dependency

graph. After analysis, it found the last AllReduce in a data-parallel

(DP) process group as the culprit collective. Network-level traces

did not report explicit communication errors. We therefore con-

structed a wait-for dependency graph based on proxy operation

states. The analysis revealed that one host had stopped transmit-

ting data to its peer, and further investigation confirmed that a

malfunctioning NIC on that host was the root cause.

5.2 Performance Observability
Unexpected network latency or congestion can severely compro-

mise overall job performance. Conventional profiling tools often

lack the comprehensive context spanning the workload and com-

munication layers needed to isolate network issues and to assess the

impact based on whether the affected communication are exposed.

We developed a lightweight PerfProfiler to provide real-time,

fine-grained, and context-aware performance monitoring. PerfPro-

filer is designed for minimal CPU overhead and flexible sampling,

ensuring that the profiling overhead is negligible and allows it to

run continuously throughout the entire training process. It has two

primary modules:

AlgoProfiler: It gathers essential timestamps at the collective al-

gorithm layer. It then dissects and measures the latency of various

collective stages, including buffer registration, control message syn-

chronization, and data transfer. These measured durations help

pinpoint the bottleneck stage in a slow collective; for instance, de-

termining if the delay is due to memory registration (a specific

overhead for zero-copy collectives), network congestion (extended

data transfer), or a slow rank (prolonged message synchronization).

Application
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Figure 11: Comparison between a GPU communication stack
and its CPU emulation.

SlowRankDetector: Monitors per-rank network efficiency at the

CTran transport layer and identifies slow ranks. It captures the la-

tency of individual RDMA packets by recording timestamps for the

Work Queue Entry (WQE) issuing and completion events. Subse-

quently, it calculates the bus bandwidth for each rank over a rolling

window and reports any slow peer connection below a threshold.

Case Study: The model engineer noticed a significant training

performance drop during certain iterations. The symptom was

slow pipeline parallelism point-to-point communication in some

per-rank traces. The initial step was to ascertain whether the

cause was slow communication/network or a different type of

non-communication delay. By examining the synchronization

duration sampled from the affected iteration, we observed that

some ranks reported a 100x longer delay, while the data transfer

duration was normal. Focusing on the peers with this extended

synchronization led us to the root cause: the ranks were blocked

by a slow I/O operation, classifying them as a “slow rank”.

5.3 Distributed CPU emulation
Testing changes to the collective communication stack at full 100K+

scale is prohibitively expensive. Control-plane regressions can idle

tens of thousands of GPUs, yet many of the most costly failures

manifest only under extreme concurrency and topology scale. To

shift these risks earlier in the development cycle, we built a dis-

tributed CPU emulation framework that executes unmodified com-

munication and PyTorch Distributed binaries on an existing CPU

cluster. The framework provides early, high-signal validation of

control-plane correctness and scale behavior.

GPU communication libraries cannot run on CPUs out of

the box because it depends on GPU- and RDMA-specific user-

space stacks even during initialization. Our approach in Figure 11

preserves the production binaries and swaps only the depen-

dency surfaces. We provide drop-in replacements for libcudart,
libcuda, libnvidia-ml, and libibverbs; redirect resolution with
LD_LIBRARY_PATH; and share common emulator state via a small

library loaded with LD_PRELOAD. This design keeps the application

and PyTorch, and the communication libraries unmodified.
We target control-plane fidelity, not dataplane performance.

The emulator reproduces API-level semantics exercised during

CCLX initialization and bring-up: device enumeration; stable

GPU-memory identities and handle lifetimes; topology and P2P

capability queries; verbs object creation and state transitions; and
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correct error propagation and teardown behavior. CUDA allo-

cations are backed by pinned host memory. We maintain stable

handle/pointer translation so the communication library observes

consistent identities and lifetimes across allocation, IPC-handle use,

and teardown. We have emulated the initialization-relevant subset

of libibverbs.so sufficient for CCLX bring-up: device/context

discovery, protection domains, memory-region metadata, QP ob-

jects, and event handling. We exercise CCLX connection-graph

construction, resource scaling behavior, and error handling under

realistic rank counts. We configure each CPU host to present

eight virtual GPUs and run one rank per virtual device, enabling

96K-rank experiments on 12K CPU servers.

This framework enabled early, high-signal validation and per-

formance modeling of our scalable initialization techniques (Sec-

tion 3.2), allowing us to iterate quickly. It also reliably exposed

scale-triggered control-plane issues that are effectively invisible at

smaller scales. For example, beyond 64K ranks we saw bootstrap

fan-in hit OS-level limits (e.g., ephemeral port pressure and accept-

queue overflow under connection storms), and used the framework

to validate burst-tolerant retry/backoff behavior. We also identified

initialization paths whose state unintentionally grew with the num-

ber of peers (e.g., eager QP and metadata provisioning), leading to

prohibitive memory growth during global communicator creation

and directly motivating on-demand provisioning. Finally, we ob-

served quadratic amplification in initialization-time telemetry when

each rank emitted per-peer metadata, creating 𝑂 (𝑁 2) bursts that
overwhelmed downstream systems and motivating aggregation

and rate-limiting during bring-up.

6 Deployment
6.1 Implementation
The Cluster is in a single DC region, comprising a total of 5 DC build-

ings. Built in phases, the Cluster has about 129,000 H100 GPUs [32]

at the completion. Grand Teton [17] is the host system of these

H100s. Figure 12 depicts each Grand Teton’s internals. The node

is divided into 3 trays - CPU Tray housing 2 CPUs and frontend

NICs, Switch Tray housing 4 PCIe Gen5 switches, NVMe storage,

as well as 8 RDMA NICs, and GPU Tray housing 8 GPUs. GPUs

are fully-connected using NVSwitch[20]. There is a 1:1 mapping

between GPUs and NICs. CCLX and its associated tooling have

been supporting all the state-of-the-art LLM training running in

the Cluster since late 2024.

6.2 Limitations
Initialization:While CCLX significantly mitigates initialization

overhead at our current scale, this global state exchange strategy

faces fundamental scaling limits as clusters transition toward next-

generation regional deployments. Future efficiency gains will likely

require moving toward hierarchical initialization or decentralized,

peer-to-peer discovery mechanisms where ranks only maintain

localized connectivity metadata. Due to development complexity

and production deployment timelines, we did not explore these

decentralized architectures in the current fabric. Furthermore, while

fault-tolerance frameworks like torchft [25] successfully reduce

the blast radius of individual host failures , integrating decentralized

GPU0 GPU1

NVSwitch

Retimer

PCH400G NIC

PCIe Gen5 
Switch

400G 
RDMA NIC

400G 
RDMA NIC

NVMe

NVMe

Retimer

400G NICCPU0 CPU1
UPI

PCIe Gen5x16

PCIe Gen5x16

GPU Tray

Switch Tray

CPU Tray

NVlink

Figure 12: Grand Teton platform

initialization with robust replica-based recovery models remains

an open necessity for scaling beyond the 100K-GPU threshold.

Emulation: We rely on our distributed CPU emulation framework

to expose scale-triggered control-plane regressions early in the

development cycle. However, as designed, this framework priori-

tizes control-plane fidelity rather than data-plane performance. It

successfully validates initialization mechanics, connection-graph

construction, and buffer allocation behaviors under realistic rank

counts, but it does not model raw data-plane execution. Achieving

faithful, end-to-end data-plane emulation at full production scale

(100K+) remains an open question for the community.

Fault Localization: Emerging system optimization paradigms are

beginning to introduce visibility challenges for our analytical fault

localization and profiling infrastructure. In pursuit of peak hard-

ware utilization, the industry is rapidly transitioning toward highly

optimized, fused GPU kernels[22] that interweave computation

directly with communication operations. This architectural blend-

ing inherently obscures the precise, deterministic boundaries of

individual collective operations. Consequently, such fusion poses a

significant challenge to tracing tools like CollTrace, which struc-

turally rely on distinct per-collective execution states to construct

accurate inter-collective dependency graphs. As static analytical

models face diminishing visibility due to opaque, fused runtime

traces, our reliance on explicit wait-for state tracking must adapt.

Future diagnostic architectures will likely need to explore how AI-

assisted debugging can complement or replace static graph-based

models to aggregated performance data.

Production Ablations: Most of our CCLX improvements are vali-

dated solely in communication-focused benchmarks. Conducting

live, full-cluster network ablations in a production environment

connecting over 100KGPUs is rendered impossible by prohibitive re-

source, scheduling, and financial constraints. Typically, a variety of

infrastructure features - including architectural changes, compute

kernels, communication enhancement, and configuration changes -

are bundled into a single package deployed on a pre-defined date.

Each of these features is tested at a smaller scale and gated by a

configuration flag. Once pre-training begins, the job usually runs

for several weeks, which may pause and resume from checkpoints

many times. A feature can be disabled quickly if it actively causes

issues. For features that run smoothly, detailed telemetry is often

turned off to save overhead. Although it is challenging to validate
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their isolated effectiveness in production jobs, we can infer their

impact indirectly. For example, the fast initialization feature was

kept active to ensure training could restart within its time budget

after any interruption, and all collectives were successfully hidden

behind computation when DQPLB was turned on.

7 Related Works
There is an extensive body of recent research on collective commu-

nication libraries [15, 16, 28, 29, 38] as well as higher-layer commu-

nication frameworks [3, 21, 27, 30]. Our work on CCLX does not
claim inherent superiority over these specialized approaches; rather,

it focuses on the specific operational and architectural learnings

required to sustain training at the 100K scale. Our contributions

are complementary to existing GPU communication research, pro-

viding a bridge between collective optimizations and the practical

requirements of massive-scale production fabrics.

Initialization: Initialization has historically received limited at-

tention in the GPU-based distributed training literature, primarily

because its overhead only becomes prohibitive at the large scale.

Conversely, the HPC community has long addressed similar scaling

bottlenecks in CPU clusters through frameworks such as PMIx [2].

As GPU clusters reach unprecedented scales, this issue has resur-

faced as a primary concern, evidenced by MegaScale [13], which

operates at 10K scale, and NVIDIA’s introduction of the scalable

initialization API [23]. Our experience suggests that this domain

requires continuous optimization; as clusters scale, the compound-

ing effects of increased interruption frequency and initialization

time can significantly degrade training efficiency.

Fault localization: There have been many works on fault local-

ization for AI infrastructure. For example, Minder [4] and Perf-

Tracker [10] focus on identifying stragglers and gray failures by

analyzing machine health and applying differential observability

by leveraging temporal and spatial similarity across workers. To

debug the complex interactions between workers, Mycroft [5] and

Aegis [6] intercept and trace dependencies within collective com-

munication primitives to pinpoint faults. BiAn [33] leverages LLMs

to automate the reasoning over monitoring logs for rapid root cause

analysis. From our experiences, we find simple and scalable algo-

rithms that construct inter-collective dependency graphs are more

effective for fault localization at this scale.

Transport: There are two lines of work in AI transport: load-

balancing, and congestion management. They are complementary

approaches to solving the overall problem of congestion, buffering,

and latency in the network. The default solution for load-balancing

of ECMP assumes large flow entropy. However, AI training traf-

fic tends not to have sufficient entropy [8]. Dynamic Load Bal-

ancing offers more responsive load balancing at a flow or even

packet level [14, 26, 36]. However, load balancing does not by itself

solve the problem of overall congestion in the network fabric; it

merely distributes it evenly. We need better congestion manage-

ment schemes. AI traffic can also be bursty which also limits the

above solutions which for all practical purposes, rely on network

feedback, which is suboptimal [1]. Our approach aims for max-

imum flexibility, which points us to the Communications layer

software stack. Knowledge about the traffic patterns, and the ability

to do effective flow control drives DQPLB design, which seamlessly

complements

Emulation: Simulators (e.g., ASTRA-Sim [35]) and training-stack

substitutions (e.g., SimAI [34]) are valuable for what-if analysis,

but they typically do not execute the unmodified production collec-

tive stack under a real OS/network environment. Our CPU-based

emulation provides a low-cost, high-signal way to surface these

scale-dominant control-plane failures early, before full-scale GPU

rollouts. Our experience shows that investing in unmodified-stack

emulation and repeatable fault injection is a necessary way for

control-plane correctness and operational hardening, complement-

ing performance-oriented simulation tools.

8 Conclusion
The physical infrastructure of AI clusters is transitioning to-

ward multi-gigawatt scale deployments, such as Colossus 2 [18],

Rainier [19], Stargate [24], andHyperion [32]. These next-generation

facilities will house more than one million GPUs, shifting from

multi-building to regional-scale interconnects. As we look toward

these massive deployments, the communication stack must evolve

to address the unique engineering hurdles that accompany this

unprecedented scale.

At 100K+ scale, physical topology constraints and the bursty

nature of workloads renders existing techniques insufficient. By

co-designing a communication library with the transport layer and

a suite of operational tools, we built a robust foundation that sus-

tains high-goodput training of frontier LLMs despite scale, latency

variance, and frequent faults. This experience provides a blueprint

for the industry as LLM training moves toward larger deployments.

This work does not raise any ethical issues.
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