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ABSTRACT
Training large language models (LLMs) on Meta’s Al clusters requires running long, distributed jobs that are
vulnerable to hardware failures. To maintain high availability and efficiency, production systems use sparing, i.e.,
pre-allocating spare compute resources that can replace failed components. However, choosing the optimal sparing
strategy-including compute block size, number of spare blocks, and spare GPU trays—is complex and directly
impacts cluster performance. We present an analytical framework with closed-form expressions to guide sparing
strategy decisions, making practical, first-order recommendations for production environments. We also develop a
simulation component to cross-validate the analytical model. Applied in Meta’s hyperscale infrastructure, this
model helps engineers optimize fault tolerance, minimize downtime, and maximize goodput during LLM training.
Our real-world use case demonstrates how the framework informs robust, cost-effective design choices critical to

Meta’s Al operations.

1 INTRODUCTION

Hyperscalers are racing to build artificial general intelli-
gence (AGI) that is open, responsible, and transformative.
Achieving this vision requires continuous advancements
in the scale and reliability of AI computing infrastructure.
At Meta, we have invested heavily in training large lan-
guage models (LLMs), with each new generation demand-
ing greater computational resources. For example, while
Meta’s Llama 3 flagship model utilized 16K H100 GPUs
to train on over 15 trillion tokens (Lla, 2024), the Behe-
moth model was pre-trained on 30T tokens using 32K
H100 GPUs (Lla, 2025). This rapid growth in scale un-
derscores the critical need for robust, efficient, and fault-
tolerant cluster management to support the next wave of Al
breakthroughs.

1.1 Motivation

As the size of models grows, the compute capacity required
for each new version increases dramatically. Hence, build-
ing and operation of these Al clusters is becoming expo-
nentially more resource-intensive. This challenge is further
compounded by the impact of downtime and inefficient re-
source utilization, which can significantly hinder training
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performance. For example, during the pre-training of Llama
3, hardware failures—including GPU and host component
issues, as well as unexpected maintenance events—were
responsible for over 70% of job interruptions(Grattafiori
et al., 2024). As cluster sizes expand, the complexity and
frequency of potential failure scenarios also rise. LLM train-
ing jobs are also predominantly synchronous, meaning that
a single failure can disrupt the entire process. Such large
scale and synchronicity leads to reduced overall fault toler-
ance. Given these realities, developing effective strategies
to maximize GPU availability is essential for both reliability
and efficiency. Robust fault tolerance mechanisms are crit-
ical to ensuring that large-scale training jobs can proceed
with minimal interruption

In the early stages of designing Al training clusters, engi-
neers often need to make rapid, directional architecture deci-
sions with limited data and workload details. For these first-
order or order-of-magnitude choices, an analytical frame-
work built on simple closed-form expressions and explicit
assumptions is highly effective. As requirements evolve
and more detailed analysis is needed, we complement this
approach with simulations, which are initially validated
against the analytical models to ensure accuracy.

To address these needs, we developed an analytical frame-
work for assessing how device failures and repairs affect
training cluster goodput. Unlike traditional linear rate-based
models, our framework leverages probability theory and
Markov chain analysis to capture the stochastic nature of
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failure events, fault recovery, and sparing strategies. This en-
ables actionable insights for cluster design and operational
decision-making in production environments.

1.2 Background

Redundancy is a common strategy for improving the relia-
bility of training clusters, particularly when training large
models sensitive to single-point failures. For example, when
training Bloom (Le Scao et al., 2023), engineers employed
backup GPUs to replace faulty ones. Sanjith et al. in-
troduced Varuna (Athlur et al., 2022), a strategy that em-
ploys checkpoints to reconfigure GPUs for ongoing jobs,
and Wang et al. proposed in-memory checkpoint (Wang
et al., 2023). John et al. proposed Bamboo (Thorpe et al.,
2023), a strategy that leverages redundant computation in-
stead of checkpoints. Additionally, Jang et al. proposed
Oobleck (Jang et al., 2023), a strategy that exploits redun-
dant training parallelism (e.g., data parallelism) pipelines
to recover parameters from faulty GPUs within disrupted
pipelines.

Given a fault tolerance strategy, a gap remains: the lack
of a method to evaluate the strategy across different envi-
ronments and configurations, hindering the ability to holis-
tically optimize for Goodput. Given the complex set of
hardware constraints (e.g., failure rate and network topol-
ogy) and software constraints (e.g., an LLM model and
parallelism strategy), it is difficult to properly navigate the
solution space.

1.3 Contribution

This paper aims to turn the above mentioned complexity
into a closed-form set of equations so that we can easily
reason about a set of parameters to optimize Goodput for
any given large training cluster and training use case. The
resulting models are used by production teams to narrow
the parameter space for tuning performance and by system
teams to navigate design trade-offs such as which sparing
strategies to support.

Mathematical Formulation and Analytical Model: We for-
mulate the sparing problem as a mathematical optimiza-
tion challenge. Building on this, we develop an analytical
framework that uses probability theory and Markov chain
to model the stochastic nature of device failures, repairs,
and cluster goodput. This model enables first-order, order-
of-magnitude decision-making using simple closed-form
expressions and explicit assumptions, making it practical
for early-stage architectural choices.

Production Use Cases and Empirical Results: We share a
range of real-world use cases and empirical results from
Meta’s production environment. These examples demon-
strate how the framework is applied to guide critical deci-

sions—such as selecting sparing strategies and designing
repair plans—and highlight the tangible benefits in terms of
reliability, efficiency, and resource utilization.

Simulation System for Validation and Dynamic Scenarios:
To complement the analytical model, we develop a simu-
lation system capable of capturing more complex and dy-
namic scenarios that arise in production. This simulation is
validated against the analytical framework and extends its
applicability, allowing teams to explore finer-grained behav-
iors and interactions that are difficult to capture analytically.

Overall by providing a mathematical formulation, sharing
production use cases and results, and developing a robust
simulation system, our work empowers both researchers and
practitioners to co-optimize the reliability and efficiency of
large-scale Al training clusters.

2 SPARING PROBLEM IN AI TRAINING
CLUSTERS

Training an LLM on an Al cluster requires running a large
distributed job over long periods of time. Sparing is used
to increase the availability of compute resources by pre-
allocating a fraction of the resources to be used in the event
of failures; this trades off time a job spends being blocked
with the cost of the spare idle resources. How much to
allocate to spares and at what granularity (e.g., compute tray,
rack, etc.) is the sparing strategy which can be managed to
minimize the training time and thereby maximize the utility
of the cluster.

2.1 Sparing Problem Definition

In order to get the most utility out of an Al cluster train-
ing a LLM we want to maximize the “work done by the
cluster” which is often referred to in the literature as the
"goodput’ (al., 2024) (Singh, 2024). In our case, we quantify
the goodput in terms of:

* The percentage of time a GPU is doing productive work
(i.e., making forward progress). We call this Cluster
Effective Training Time or CETT.

* A GPU resource scaling factor (TPS Scale(Hardware))
to account for performance differences across GPU
generations and different power limits resulting from
spring decisions.

* A GPU resource scaling factor (TPS Scale(LLM)) to
account for the efficiency at which the large language
model (LLM) uses the cluster architecture (i.e., paral-
lelism dimensioning, network bandwidths, etc.).
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Writing the goodput of the cluster in terms of these, we have

Cluster Size x CETT
xTPS Scale(Hardware)
X TPS Scale(LLM) )

Goodput =

where the performance scaling factors are relative to a base-
line tokens-per-second (TPS).

The CETT is impacted by device failures and repairs, which
are quantified in terms of two related but distinct concepts:

* Availability - a measure of the fraction of a resource
that is ready to enter a working state;

* Reliability - a measure of how long that resource can do
work (i.e. until an error/fault) after entering a working
state.

We address these through sparing and fault recovery systems,
respectively:

» Sparing is used to increase the availability of a resource
by pre-allocating a fraction of the resources to be used
in the event of failures; this trades off time a job spends
being blocked with the burden of idle resources.

¢ Checkpoint Fault Recovery is used to mitigate the im-
pact of failures which cause a job to stop by allowing
the job to revert to a previous state; this trades off time
spent periodically saving the state (i.e., checkpointing)
and the work wasted from the last checkpoint in the
event of a failure with that of the work wasted since
the start of the job without checkpoints.

Sparing and checkpoint fault recovery impact the effective
training time (i.e. the ratio of useful work to total work)
through the following:

* The unused time on spare GPUs (i.e., idle resources);

* The time working GPUs spend blocked when all spares
have been exhausted;

» The time spent saving job state for checkpointing;
* The time wasted in the event of a failure

— the time between the last checkpoint and when
the fault occurred;

— the time between when a fault occurs and when it
is detected;

— the time spent acquiring resources, retrieving the
state, and restarting the job.

Writing the cluster effective training time as the total number
of GPU hours in the cluster discounted by the above,

CETT = 1-—

Spares + Job Blocked + E2E Job Restart Overhead + Lost Job Progress

@

Total Training Time Capacity of Cluster

I : e /E\ . ,E‘\.. /j\l ; A ;" Sapana
I ... i
: | Trays r\,,/ N4 A\ ,/':: kjl \/
||:||,“ I ™ Y /\
‘‘‘‘ —=> o JZ Uy \/
‘l. ————————————

Figure 1. System Diagram

To find the sparing strategy that maximizes the goodput for
a given cluster, we evaluate (1), using (2), for a given model
type and fault recovery scheme for a set of sparing strategies
selecting the optimal one.

2.2 System Model

Cluster Architecture

As shown in Figure 1, we define a compute block as a set of
K GPU trays that share a common scale-up network (e.g.,
NVLink) for communication within the block and a scale-
out network used for all communication between blocks.
Note that there may be several independent compute blocks
within the scale-up domain (i.e., partitioned) but they use
the scale-out network to communicate with each other; this
ensures compute blocks are fungible across racks.

Spares have identical performance to the devices they are
replacing. This restricts them to be within the same scale-
out network layer to avoid any network oversubscription.
We will designate all devices within this network layer as
being within the same sparing zone. Consider a cluster of B
sparing zones, each with L compute blocks. Each compute
block has K’ GPU compute trays. Of the L compute blocks
in a sparing zone, R are idle spares to be swapped with
failed compute blocks. In addition, within a compute block,
I of the K trays can also be designated as idle intra-block
spares to be swapped with failed trays within that compute
block.

Device Fault

Faults are characterized in terms of the device mean-time-
between-failure (MTBF) that represents a composite relia-
bility metric, synthesized from the individual MTBF values
of constituent system components reconciled to tray or rack
level failure domains. This encompasses both hardware
and software failure modes, with parameter estimates de-
rived empirically from production telemetry and operational
incident data.

To accurately capture the spatial and functional correlations
among failure events, the reliability model incorporates a
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hierarchical representation of failure domains—commonly
referred to as blast radii or fault isolation zones. Specifically,
the model distinguishes between:

* Tray-level MTBF: Characterizing failures confined to
individual compute trays, which typically affect a lo-
calized subset of processing resources and their di-
rectly attached network interfaces including the first-
hop scale-out network interconnect associated with the
failed unit.

* Rack-level MTBF: Characterizing failures that propa-
gate across or affect multiple trays within a single rack
enclosure, often attributable to shared infrastructure
components such as power distribution units, top-of-
rack switches, or cooling subsystems.

This hierarchical decomposition enables more precise esti-
mation of correlated failure probabilities and facilitates the
analysis of fault-tolerant scheduling strategies that account
for the spatial locality of potential failure events.

2.3 Problem Statement

For a GPU cluster with B sparing zone, each with L compute
blocks, find the sparing strategy:

e compute block size, K;
* number of spare compute blocks, R;

* number of spare trays, I

that maximizes the goodput (1) in the cluster for a given
set of device fault rates, fault hierarchy, and fault recovery
scheme (e.g., synchronous, semi-synchronous, ...).

3 METHODOLOGY

To select the sparing strategy, we need to quantify the CETT
and performance scalars. To evaluate the CETT, the impact
of the spare compute blocks, the spare compute trays, and
the fault recovery scheme needs to be modeled. In addition,
the TPS scaling factors for hardware and LLM gains are
also needed. We describe each modeling method below.

3.1 Spare Compute Trays

We incorporate the impact of spare GPU trays within a com-
pute block by calculating the resulting mean-time-between-
failure (MTBF) of the compute block. Consider the case
a compute block has K GPU compute trays where J trays
are kept idle in reserve to maintain K — J active devices
in the presence of up to J failures; the compute block is
only removed from production if more than J GPU trays
fail. In addition, we will assume that repairs to GPUs trays
can be undertaken while the compute block is running in
production without shutting down the other trays in that

compute block.

We model the number of available trays in a compute block
accounting for failure and repair events as a continuous-
time Markov process (see Appendix A), the MTBF of the
compute block is given by

1 1
MTBF ~ MTBFy
1
3
" CE ()
MTBFTZ E : MTTR
Eo Ao g

n=0

where {}7 , is the k*"* element of the i'" unique combination
of j elements from the set, MT' B Fr represent failures that
can be isolated to a tray, M1 B F'r represents failures that
can be isolated to a rack and fail all compute blocks within
that rack, M'T'T' R is the composite mean-time-to-repair; the
composite repair time incorporates auto-remediated failure
that return to production quickly and those that generate a
repair ticket requiring a longer interval for investigation and
a potential hardware swap.

3.2 Spare Compute Blocks

We incorporate the impact of spare GPU blocks by calculat-
ing the probability of job blocking due to a lack of available
spares. Consider a scenario in which a sparing zone contains
a total of L compute blocks, R of which are designated as
spares and may be either idle or under repair. When a com-
pute block fails, a spare block is allocated to the job; when
a block is repaired, it is returned to the pool of available
blocks. If a block fails and no spare blocks are available,
the training job is blocked. We model the failure and repair
cycles as a continuous-time Markov chain. By solving for
the steady-state probability of exhausting all spares (see
Appendix B), the probability of blocking within a sparing
zone is given by

1

. MTTRA\L
(1+ 3r757)

R /I\ [ MTTR\"
x;}(n) <MTBF> @

where the compute block MTBF is given in (3).

Pr (blocked) = 1-—

3.3 Fault Recovery

Checkpoint fault recovery is used to mitigate the impact of
failures which cause a job to stop by allowing the job to
revert to a previous state. This works by periodically saving
the job state at times called checkpoints. When a fault on
any of the devices involved in the job processing occurs
the job is stopped, new resources are obtained, the state
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at the last checkpoint is restored and the job is restarted.
This avoids losing all the progress on the job but does incur
penalties:

* the time between the last checkpoint and when the fault
occurred;

¢ the time between when a fault occurs and when it is
detected;

* the time spent acquiring resources, retrieving the state,
and restarting the job.

The percentage of time a running job spends not doing
productive work is the ratio of these penalties to the total
GPU time spent.

A simple linear expression for the fraction of wasted time
would suffice if the probability of failure from the compute
blocks in a job was well approximated by the failure rate.
Given the large number of compute blocks in a job, this is
not the case and we use a discrete time Markov Chain to
model how long, on average, it takes to complete a check-
point period (See Appendix C). The exact formulation de-
pends on the specifics of the fault recovery method, here we
considered a fully synchronous scheme.

For a job of size (L — R) - B compute blocks, assuming any
fault results in an interruption and restart of the entire job,
the fraction of wasted time is

vy o= 1=
TC
MTBF -
T-R) B
Ty+T; 3
<6Xp (NH"II;FFF) - 1) : <1 + (MdT;rFF)) + Mle;FF
(L—R)-B (L—R) B (L—R)-B
)
where
T. — Checkpoint Period
T, — Checkpoint Save Time
Ty — Time to Detect
T, — Restart Time

and only the K-J working trays in a compute block, along
with any rack level failures, interrupt the job
1 B 1 K-J
MTBFr MTBFr MTBFr'

Note, the fault tolerance does not benefit from the extended
MTFB from sparing (3) as any fault still results in an inter-
ruption even if the compute block remains available.

3.4 Job Placement

When we parallelize our model, there are collectives that
benefit from being closer together on the network. These

collectives are latency sensitive or use large amounts of
bandwidth. For example, tensor parallel should only be done
within a single network hop, without any over subscription.
When we schedule a training job, we can add constraints to
try and keep these collectives close together on the network.
For each of the parallelizations (e.g., tensor, expert, context,
data, ...), we might constrain them to a particular network
distance to ensure that we minimize the GPU blocking due
to communications (i.e., exposed communications). This is
not free however because we have now made it harder to
find a placement solution for the job.

There are many possible combinations of placement con-
straints. For example, we can restrict the tensor parallel to
be within a compute block to take advantage of the scale-up
network. We previously discussed the scale-out network
as having a layer where devices communicate without any
oversubscription which serves as a sparing zone. Restricting
a data parallel group or a collection of these groups (e.g.,
HSDP) to a sparing zone may be necessary to avoid high
latency or oversubscription (i.e., reduced bandwidth) when
crossing a sparing zone boundary.

Restricting a group of P compute blocks to be co-located
in the same sparing zone requires the number of working
compute blocks, L-R, in a sparing zone to be an integer
multiple of P

L-—R=%k-P where ke Z™ . (6)

Note, this restriction may result in more non-working com-
pute blocks than are needed to act as spares. The difference
between the number of non-working compute blocks in a
sparing zone and the number of spares needed to optimize
the CETT without any placement constraints (i.e. P=1) is
referred to as the number of stranded compute blocks which
are considered waste for the purposes of this analysis even
though they could be opportunistically repurposed for other
tasks.

3.5 CETT Model

Using the above expressions for the impact of spare compute
trays (3), the spare compute blocks (4), the synchronous
fault recovery schemes (5), and placement constraints (6),
we can write the cluster effective training time for a syn-
chronous fault recovery method.

For a cluster with B sparing zones each with L compute
blocks of K compute trays. The CETT for a single syn-
chronous job, assuming J spare idle trays in each compute
block and R spare idle compute blocks for each sparing
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zone is given by

CETT = 1-

-J L—-R
IR B (=B ()

where, using (4),
321~ (Pr(blocked))” ,

v is given in (5), and, from (6), L— R=k-P with k€
zZ+.

3.6 Hardware TPS scale

For the compute blocks with spare trays, the power savings
from the idle spare trays are localized to a rack. Assuming
we are rack power limited and are downgrading the GPU
power to meet the limit, the power limit per GPU in working
trays can be increased commensurate with the power savings
on the spare idle trays, providing a performance gain for
strategies incorporating spare compute trays.

An accurate performance gain is obtained through measure-
ment or simulation; however, in lieu of these we can use a
first order approximation:

TPS Scale(Hardware) =~
PowerLimg

1+(1—-ECC)- ||z -1 8

+ ) < PowerLimpg ) ®)

where PowerLimp, is the per GPU power limit necessary
to meet the rack power limit when all the trays in the rack
are operational and PowerLimg is the higher power limit
per GPU obtained when the power saving from idle spare
compute trays is applied to the remaining working GPU

trays in that rack, and ECC is the fraction of time during
which the network communication is exposed.

3.7 LLM TPS scale

The different compute block sizes result in different model
parallelism dimensioning and use of the scale-up network
giving different performance gains. In general, the larger the
compute block size the larger the performance gain; however
the amount is dependent on the model architecture (e.g.,
coarse or fine grain experts) and model and job parameters
(e.g., batch size).

An accurate performance gain is obtained through measure-
ment or simulation of a specific model and infrastructure
configuration. For the illustrative purpose of demonstrating
the sparing strategy framework, we will consider only an

idealized gain that comes from increasing the amount of
tensor parallelism with larger compute block sizes.

Amdahl’s law (Amdahl, 2007) gives the system performance
gain from speeding up the computation of an operation, for
example through parallelization or increased network band-
width. Considering only tensor parallelism and assuming
the operations are perfectly parallelizable but with a com-
munication overhead from a ring collective that increases
with the amount of parallelism, the performance gain can
be written as 1

G=——"—"75—, ©)

T+ o gt

where TP is the number of GPUs over which the tensor
operations are parallelized and « is the limit of the exposed
communication time (ECC) as the parallelism grows without
bound.

The model performance scaling factor, for this illustrative
example, where we have only considered scaling the amount
of tensor parallelism and made no considerations for other
parallelism dimensioning, compute/communication overlap,
or other overheads is given by

1 TP, -1
G TP, T TP
TPS Scale(Model) = = bl B (10)
Gbaseline 1 + - TP-1
TP TP

where TP;; and TP are the degree of tensor parallelism for
the baseline and target compute block sizes respectively.

4 RESULTS

In this section, we apply the methodology to a production
use case to select a sparing strategy to maximize goodput.

4.1 Configuration based on Production Data

Below we set the parameters of our model based on our
production architecture and fault performance.

Compute block configurations: Consider a cluster of B = 4
sparing zones each with I = 256 server racks where each
rack has 72 GPUs with 2 GPUs per GPU tray and a scale-up
network domain spanning the rack (e.g., Meta’s Catalina
rack with GB200 (cat)). We consider sparing strategies with
compute block sizes of 72, 36, and 18 GPUs where there
are no spare trays within a compute block and ones where
we also have spare trays within the compute block giving
64, 32, and 16 GPUs working GPUS.

Hardware performance: For the compute blocks with
spares (e.g., 64, 32, 16 working GPUs), the power savings
from the idle spare trays are localized to a rack allowing us
to increase per GPU power limit on the working GPUs by
9%. Using (8), this provides a 1.034 performance gain to
these strategies.
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Failure and repair rates: A rack of 72 GPUs with 36 GPU
trays of 2 GPUs is assumed to have a tray MTBF of 20K
hours and rack level failure events MTBF of 10K hours.
This includes all failure events that lead to a job interruption
(both auto-remediated and those that result in a repair ticket).
The mean time to repair is assumed to be 24 hours and is a
composite of both the time for auto-remediated repairs and
those that resulted in a repair ticket. Note, these assumptions
on MTBF and MTTR are for the purpose of demonstrating
the sparing strategy selection methodology and do not reflect
actual hardware or operational systems.

Fault recovery and placement: For fault recovery, we
assume a fully synchronous scheme with a checkpoint pe-
riod of 250 seconds, a checkpoint save time of 50 msec, a
fault detection time of 60 seconds, and a restart time of 6
minutes. For placement, the job is divided into groups of
2304 GPUs that must be placed within the same sparing
zone; 2.25K was chosen as it is divisible by all the compute
block sizes (i.e., fair comparison). Note, these are assumed
values for the purpose of demonstrating the sparing strategy
selection methodology and do not reflect actual hardware or
operational systems.

LLM performance: For illustrative purposes we consider
only an idealized gain, (10), that comes from increasing
the amount of tensor parallelism with larger compute block
sizes and made no considerations for other parallelism di-
mensioning, compute/communication overlap, or other over-
heads.

4.2 Use Case: Sparing Strategy Evaluation

The goodput, (1), of a cluster is the product of the number
of GPUs in the cluster with the CETT and the performance
gains from hardware and the model. Maximizing this re-
duces training time and is the criterion for selecting sparing
strategies. Table 1 shows the goodput for the different spar-
ing strategies. The takeaways are:

* A sparing strategy with a compute block size of 72
GPUs with 8 spare intra-block GPUs maximizes the
work of the cluster. This is 1.024x more work than
the second best ( a compute block size of 72 with no
intra-block spares ).

* Halving the compute block size roughly halves the
necessary percentage of Inter-Block spares (see Ap-
pendix B). For example, going from a compute block
size of 72 down to 36 reduces the Inter-Block spares
from 8.6% to 4.7%.

¢ Intra-Block spares have localized power savings
that can be used to increase the power limit per
GPU of the working GPU trays, providing a per-
formance gain for the working GPUs. For example,

splitting the idle trays equally between the compute
blocks in a rack provides 11.1% of sparing and a 1.034x
performance increase for compute block sizes with
intra-block spares (i.e., 64, 32, and 16 working GPUs)
relative to compute block sizes that use all the trays
(i.e., 72,32, and 18 working GPUs).

* The gains from the reduced sparing requirement of
smaller compute block size may be offset by strand-
ing due to placement constraints. For example, the
CETT between a compute block size of 72 and 36
GPUs is nearly identical despite a reduction in the
necessary sparing of 3.9% as the amount of stranding
correspondingly increased by 3.9%.

¢ Intra-block sparing granularity may offset gains
from the reduced sparing requirements of smaller
compute block size. For example, when reducing the
compute block size from 72 to 36 with intra-block
spares (i.e., 64 to 32 working GPUs) the amount of
intra-block sparing remains at 11.1% which is almost
double the amount of sparing required (e.g., 36 re-
quires 4.7%) thereby negating the gain of reducing the
compute block size.

¢ The gains from reducing the compute block size
may be offset by the performance gains of a larger
scale-up domain. For example, reducing the compute
block size from 72 to 36 GPUs can save 3.9% in spares,
however we give up double that with the reduced gain
of the smaller scale-up network (1.18x down to 1.12x).

¢ There is no fixed availability target as it is depen-
dent on the number of sparing zones and the fault
recovery method. For example, some fault recovery
methods do not block the entire job until the loss limit
is exceeded which results in a different trade-off be-
tween the time a job spends being blocked and the
burden of idle resources than fully synchronous.

4.3 Use Case: Reliability and Repair Sensitivity

The optimal sparing strategy is determined by the LLM, the
cluster architecture (e.g., scale-up versus scale-out network
topologies and power constraints), and device reliability and
repair characteristics. While the space of possible model
and architecture combinations is vast, device reliability and
availability can be succinctly characterized by two parame-
ters: the mean time between failures (MTBF) and the mean
time to repair (MTTR).

The repair time is within our control (e.g. round-the-clock
repair coverage). The failure rates are primarily function of
software/firmware/hardware state and maturity. We exam-
ine the sensitivity of the optimal sparing strategy to device
failures and repair times as we add model, hardware, and
placement constraints.
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Table 1. Sparing Strategies Goodput
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Figure 2. No model or hardware gains and no placement con-
straints (i.e., CETT only).

Figure 2 presents the decision boundaries in MTBF-MTTR
space delineating the regions in which each sparing strategy
is optimal, for the case in which neither model nor hardware
gain nor placement constraints apply (i.e., the comparison
is based solely on CETT). The sparing strategy employ-
ing a compute block size of 36 GPUs with no intra-block
spares and 18 GPUs with no intra-block spares dominate
the majority of the operating region. The exception occurs
at very short repair times, where a compute block size of
72 GPUs becomes optimal, and at very low MTBF values,
where a compute block size of 72 GPUs—comprising 64
working GPUs and 8 intra-block spares—proves superior.
This behavior is consistent with the observation that, in the
absence of a model gain favoring larger block sizes, smaller
block sizes require proportionally fewer spares (see Ap-
pendix B). Furthermore, for smaller block sizes, intra-block
sparing exceeds the necessary level of redundancy except
under extreme failure rates. Note at extremely low MTFB
the performance is so poor that 72 GPUs with and with-
out 8 intra-block spares have equally bad performance (i.e.
overlapping regions).

When model gain is incorporated, as shown in Figure 3, the
largest compute block size of 72 GPUs dominates across the
operating region. The region is partitioned between config-

Compute Working | Intra-Block | Cluster Job Spares | Spares | Stranded | CETT TPS TPS Goodput
Block Size GPUs Spares Size Size Inter Intra Scale Scale (GPUs)
(GPUs) (GPUs) (GPUs) (GPUs) | (GPUs) (TDP) | (Model)
72 72 0 73,728 64,512 8.6% 0% 3.9% 68.8% 1 1.18 59,821
72 64 8 73,728 64,512 1.4% 11.1% 0% 68.5% 1.034 1.17 61,134
36 36 0 73,728 64,512 4.7% 0% 7.8% 68.0% 1 1.12 56,110
36 32 4 73,728 64,512 1.0% 11.1% 0.4% 67.8% 1.034 1.11 57,330
18 18 0 73,728 64,512 2.6% 0% 9.9% 66.4% 1 1.02 49,912
18 16 2 73,728 64,512 0.9% 11.1% 0.5% 66.0% 1.034 1.00 50,307
| .
‘ (72,0) GPUs
5 —‘ ] 1 51
— |

—_—
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Figure 3. No hardware gains and no placement constraints

urations with no intra-block spares—favored under higher
reliability and shorter repair times—and configurations with
8 intra-block spares—favored under lower reliability and
longer repair times. A notable exception arises in a narrow
region characterized by very low MTBF and short repair
times, where the configuration without intra-block spares
outperforms that with intra-block spares. This is primarily
attributable to the finer granularity afforded by inter-block-
only sparing in setting the total number of spare devices.

Under rack-power-limited conditions, the presence of intra-
block spares allows the power limits of GPUs in non-spare
trays to be increased, yielding a hardware performance gain.
Incorporating this gain, as shown in Figure 4, expands the
operating region in which intra-block sparing is advanta-
geous.

Finally, incorporating the placement constraint, as shown
in Figure 5, has a substantial impact on sparing strategy
selection: the configuration with 8 intra-block spare GPUs
dominates the entire operating region. This result is driven
by the degree of resource stranding that arises from the in-
terplay among the sparing zone size, the number of working
trays per compute block, and the placement constraint size.
Specifically, as fewer placement blocks fit within a sparing
zone, the likelihood of stranding increases and the sparing
strategy becomes more sensitive to the particulars of each
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Figure 5. Includes model and hardware gains and placement con-
straints

configuration.

4.4 Simulations

When more complex interactions must be modeled (e.g., job
queue scheduling and fault recovery), we evaluate CETT
using an end-to-end Al system performance simulator (arc,
2024). The simulator has been validated by first verifying
that its outputs match those of the analytical model under
identical assumptions and parameters, before proceeding to
more complex scenarios. We further employ the simulator
to assess the applicability of the analytical results when
certain simplifying assumptions are relaxed.

Consider the case where we have two types of failure events,
those that generate a repair ticket (i.e., require investigation
and may result in hardware being replaced) and those that
are auto-remediated and can be brought back to production

100

Composite Repair Pfocess ——
Seperate Repalr Processes —a—

Relative Error Percentage

0 0.2 04 0.6 0.8 1
Epsilon

Figure 6. Monte-Carlo simulation to validate the composite repair
process assumption. A compute block size of K = 72 with no
intra-block spares I = 0 for a cluster in a single building, B = 1,
with L = 1024 compute blocks.

with a restart or reconfiguration. To simplify the analysis in
this case, given that both event types result in an immedi-
ate use of a spare and differ only in their repair times, we
incorporate the two repair times into a single exponentially
distributed repair time (see Appendix A). The true compos-
ite repair process does not have an exponentially distributed
repair time as modeled (it rather requires a convolution of
the two exponential distributions). Equation below shows
the simplified model:

MTTR = ¢ - MTT Ryuso + (1 — €) - MTT Ryjcper

We use the simulator to validate such modeling assumptions.
Figure 6 shows the relative error in the CETT between the
simplified analytical model and simulation for two cases: (1)
a single composite repair process similar to the analytical
model; (2) a separate repair processes for failure events that
can be auto-remediated or result in a repair ticket each with
an independent exponential distribution modeling the repair
times. The example scenario was used with a compute block
of 72 GPUs and 8 intra-block spares.

The simulator closely matches the analytical results under
the same assumptions (i.e., composite process) with less
than 1% relative error, validating the simulator. Comparing
the simulation with two repair processes to the analytical
results, we note alignment is not sensitive to the proportional
mix between the two fault times (i.e., €) and closely matches
the error from the composite repair process, validating the
efficacy of using the composite repair assumption.
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5 CONCLUSION

In this work, we presented an analytical framework for guid-
ing architectural decisions in Al training clusters, specifi-
cally targeting the optimization of goodput for LLM jobs.
The framework leverages simple closed-form analytical ex-
pressions and explicit, practical assumptions, making it
highly effective for first-order, order-of-magnitude (direc-
tional) decisions in early design and operational phases. By
applying this framework to the selection of sparing strate-
gies, we demonstrated that maximizing cluster goodput is a
multifaceted challenge. It depends not only on device failure
rates and repair times, but also on the fault recovery scheme,
job placement constraints, LLM performance under differ-
ent parallelism configurations, and the ability to redistribute
power budgets (such as adjusting TDP settings). Overall, the
analytical framework has become a cornerstone of Meta’s
approach to designing and operating large-scale Al training
clusters. It empowers teams to make data-driven decisions
that balance reliability, efficiency, and cost—ensuring that
infrastructure investments deliver maximum value.
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Figure 7. Intra-Block Spares

where the expected lifetime of the device is

1
Bl = { = MTBFr.

Consider the case where we have K of these devices in
a compute block but I are kept in reserve to maintain K-
I active devices in the presence of up to I failures; the
compute block is only removed from production if more
than I GPU trays fail. In addition, we will assume that
repairs to GPUs trays can be undertaken while the compute
block is running in production without shutting down the
other trays in the rack.

To determine the MTBF for this collection of GPU trays,
we can model the failure and repair cycles as a continuous
time Markov chain shown in Figure 7.

The failure rates, {Ag, A1, -, A1}, are given by the com-
pound failure rate of the number of operational trays in that

state:
K—n

~ MTBFr

The repair rate is constant for each state and is the inverse
of the mean-time-to-repair (MTTR)

1
M= MTTR

An

To incorporate failure events that require the hardware to
be replaced and those that can brought back to production
with a restart or reconfiguration, we note that operationally
both types of failure events result in the immediate use of
a spare and differ only in their repair times. We therefore
use a composite repair time from the population of these
events under the assumption that the repair time remains
exponentially distributed. This assumption is clearly invalid;

however, we have verified with Monte-Carlo simulations
that for our operating regions such impact is negligible.

The memoryless property of both the fault and repair pro-
cesses means that the amount of time spent in state n is
exponentially distributed with a rate A,, + p and that the
probability of advancing to state n+1 is

A'!L
An + 1

and returning to the initial state is

I
A+ 1

From these we can write the generator and transition matri-
ces, respectively, as

—Xo Ao o -- 0 0
1 —()\1 =+ /1,) A1 e 0 0
Q= :
1 0 0 —()\[ + u) A1
0 0 0 0 0
and
0 1 0 0 0 0
A
>\1;Lu >\1‘1H»‘ )E) 0 0
0 0 2 0 0
X X
R— 2+H . 2.+u
i A
Azljru 0 0 0 /\IJIru
0 0 0 0 1

Using the generator and transition matrices we can write the
expected time to transition from state O to state I+1 in terms
of a set of simultaneous equations:

o041 = ——+ &1+
qoo
1
&irv1 = . + 710 - €0,741 + 712 - €2,141
11
1
Err+v1 = T +rrr—1-&r—1,0+1 F 1141 - §141, 141
i1

Noting that expected time to be in state I+1 and advance
to state I+1 is zero (i.e. {7+1,7+1 = 0), we have an equal
number of equations and unknowns and can therefore solve
for the average time to go from state 0 to state [+1 (Papoulis,
c1991.). Starting with the base cases of I=1,I=2, and I=3,
by expanding the terms and identifying common divisors a
pattern emerges that can be generalized:
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Figure 8. Inter-Block Spares

where {}7, is the k-th element of the i-th unique combina-
tion of j elements from the set.

Substituting in for the failure and repair rates and account-
ing for the rack failure rate which brings down the entire
compute block, the mean time between failure for compute
block with K trays, I of which are idle spares given by:

1 1
MTBF MTBFR
+ (,{ii) MTBFp \*
MTBFT . Z ( MTTR )

k
k=0 m=0 []{K-I, K}kt1
n=0 )

APPENDIX B

Consider a sparing zone with L. compute blocks where we
reserve R as spares to be used in the event any of the L-R
operational compute blocks is taken out of production due
to failures. To determine the amount of time on average that
there are more compute block failures than can be supported
by the R spares, we can model the failure and repair cycles
as a continuous time Markov chain shown in Figure 8.

Note, this assumes that the errors between compute blocks
are independent which is not strictly true as compute blocks
can be within the same rack; however, is it reasonable as
the failure rate for a rack-level events is much less than
tray-level failure events.

The failure rates, { Ao, A1, -+ , AL—1}, are given by the com-
pound failure rate of the number of operational pods in that
state. Assuming we have powered-on spares this is

N = L—n
" MTBEF’

where the MTBF of a compute block was given in Appendix
A. The repair rate increases with the number of devices in
repair for each state and is the inverse of the MTTR

n

Fn = 3ITTR

The memoryless property of both the fault and repair pro-
cesses means that the amount of time spent in state n is
exponentially distributed with a rate A,, + u,, and that the
probability of advancing to state n+1 is

An
— B.1
An + fin (B.1)
and retreating to state n-1 is
Fn (B.2)

An + fin

From these we can write the generator matrix, as

“Xo Ao 0 0 0
K1 —(A\1+p1) A 0 0
0 0 -1 —(Ap-1+mrp-1) ApL-1
0 0 0 153 —HL

To find the steady state probabilities of being in any of the
L states, we solve

[ To 71
and
L
=1,
n=0
where T, is the probability of being in the nth state(Papoulis,

c1991.). A little bit of algebra gives

H1-p2

I .
1+ Z Ao A1 Am—1
m=1

Ty =

H1p2 e Pm
The probability of being blocked (states R+1 through L) is

L
Z Ao A1 A1
n=R+1 H1-p2efn

1+Z/\o>\1 ml.

12

Pr(blocked) =

Z T =

n=R+1

Substituting in for the failure and repair rates, (B.1) and
(B.2), and using the binomial theorem, we have

Pr(blocked) =
R

1 1 Z L! (MTTR)"
_ - —
(1+ %;gﬁ) o (L—n)In! \ MTBF
(B.3)

Note, this can alternatively be written in terms of a bino-
mial distribution in terms of the compute block availability,
MTBF/(MTBF + MTTR).
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Figure 9. Checkpoint Fault Recovery

In order to demonstrate the impact of decreasing the com-
pute block size, assume all compute blocks can cause fail-
ures (even those in repair) and the R << L (a typical
operating condition) then (B.3) can be written as a Poisson

ﬁé (L 3rr5r) - 1aze
Pr (blocked) ~1-— 716 MTBF

n:
n=0

From this we can see that halving the compute block size
both doubles L and the MTBF which cancel; generalizing
this, we see that reducing the compute block size by a factor
H reduces the percentage of spare compute blocks to meet
the same blocking probability by a factor of H.

APPENDIX C

For checkpoint fault recovery, the state of a running job is
periodically saved at times called checkpoints. For example,
as shown in Figure 9, consider a job that has passed through
two checkpoints, saving its state at each. While processing
the job after the second checkpoint assume a fault occurs
and the job is stopped, meaning that resources spent after
the second checkpoint are wasted including the time it took
from the fault event until that event was detected. The job
is then reset to the last checkpoint which includes finding
a replacement and then restoring the state from the last
checkpoint from which the job continues, reverting the work
that had previously been done.

To determine the efficiency of this, consider a simplified
model where at each checkpoint we can assume there are
enough available compute blocks to execute the job. If any
of those compute blocks have a fault prior to reaching the
next checkpoint, the entire workload is reset to the previous
checkpoint and a new compute block is brought in to replace
the failing one. This sequence of events can be described in
terms of a discrete-time Markov chain. Assuming a work-
load extends across a large number of checkpoint periods
we can use a single period of the chain as representative
with a terminating absorbing state where we have assumed

Figure 10. Checkpoint Model

D time units between each checkpoint as shown in Figure
10.

The probability transition matrix is given by the D+1 by
D+1 matrix:

1—p p 0 O 0 0

1—-p 0 p O 0 0

1—-p 0 0 »p 0 0
P= .

1—p 0 0O -~ 0 0 p

0 o o0 --- 0 0 1

We want to know the average number of steps from state 0
to state D (the absorbing sate). This can be found by writing
the probability matrix in terms of matrices that describe the
transitions between transient states (0,...,D-1), denoted as Q
and one describing the transition from a transient state to
the absorbing state, D. The D by D matrix describing the
transient states are given by

1—p p 0 O 0

1—p 0 p O 0

1-— 0 0 0
Q=|1r 00

1—=p 0 0 0 --- O

As with any probability transition matrix, the probability
of transitioning from a transient state i to j in k steps is
the (,7)*" element of Q*. Summing this over all k from
zero to infinity gives the fundamental matrix F each element
(4,4) of which is the expected number of times one is in
state j given they started in state i(Papoulis, c1991.). The
fundamental matrix can be found from Q using

F=(I-Q)"

with the average number of steps, S, from state O to the
absorbing state D given by the sum of the state transition
probabilities of the first row in F:

- 1

m "

(C.1)

hS)

To see the dependence on the checkpoint time and reliability
we need to write the transition probability, p, in terms of
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the probability that there was no failure in the job’s com-
pute blocks during the T,/ D time interval where T is the
checkpoint period. Assuming the constant failure rate, the
probability of moving ahead one state is the probability that
there is no failure in any of the W compute blocks assigned
to the job during the interval [0, T,./D), is given by

TN\\"  ow oz
p=(1—PT<t<DC)> =¢ MIBFp D

where only the K-I working trays in a compute block along
with any rack-level failures interrupt the job

L1 K1
MTBFp ~ MTBFr = MTBFy’

Substituting this into (C.1) and writing the number of steps
in terms of all the time including retraces back to the last
checkpoint, we have the total processing time as

D
T.. _w
Tp:S.§:E em'ﬁc'MTBFF.

m=1

Taking the limit as D goes to infinity we have

o0

D T T, W W
T = lim E ZC . ™D MIBFE n | o MTBFE
P D—oo D
m=1 0

_ MTBFg ] (eMv%‘;; _ 1) .
W

Checkpointing is not a free operation as time is required
to save the state and also to detect the fault and restart the
job. The time for saving the state, T, occurs once every
checkpoint and the time to detect the fault, 7; and to restart,
T, occurs every time there is fault. The number of faults
follows a Poisson distribution, with the average being the
fault rate, W/mrerf, times the interval which in this case is
T,,. This additional time is added, giving a total time of:

MTBFp / W.T.
/Ttotal B ( )

|
W
W-Te
+ (e—MTBpF - 1) (Ty+T,) +Ts,

where the restart and detection times are scaled by the aver-
age number of faults.

The efficiency (i.e. percentage of time the job is doing
productive work) given the limited reliability is given by the
ratio of the checkpoint interval and the total time used to
reach the checkpoint

.

MTBF

(o (o) 1)
w

¥El -

—F

(Ta+Ty) T,
1+ MTBF + MTEFR
w w



