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Abstract

Training large deep learning models typically requires a
massive number of GPUs operating continuously for weeks
or even months. Unfortunately, GPU memory failures are not
uncommon in such long-running jobs. When these failures
occur, existing solutions reload the latest checkpoint from
CPU memory or remote persistent storage to resume training,
incurring substantial storage overhead and expensive network
transfers.

This paper presents GEM, a lightweight fault-tolerant mech-
anism that introduces GPU Erasure-coded Memory for fast
recovery from GPU memory failures. GEM first employs se-
lective erasure coding (EC) to protect critical model states
instead of relying on periodic checkpointing. Our insight is
that these critical states (including parameters and optimizer
states) are updated infrequently, allowing them to be pro-
tected with EC in a computation-/storage-efficient manner.
GEM adopts a wide-stripe EC design to minimize recovery
redundancy, enabling redundancy to reside entirely in GPU
memory and avoiding additional data transfers. Furthermore,
GEM incorporates a mixed-granularity retry mechanism to
recover the remaining frequently updated data. We conduct ex-
tensive experiments on NVIDIA GPUs with real-world deep
learning models and show that GEM reduces wasted time
caused by GPU memory failures by an average of 96.6%,
while incurring only 0.3% additional GPU memory overhead.

1 Introduction

Background: Deep learning models (including GPT-4 [40],
LLaMA3 [27], and PaLLM [5]) have gained widespread adop-
tion due to their remarkable performance across diverse tasks,
such as computer vision [3,61,65] and natural language pro-
cessing [4, 10]. Training these large models typically requires
thousands of GPUs [5, 27] running over a long period of
time—often spanning several weeks or even months [64,70].
However, large-scale computing clusters are susceptible to
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failures that can disrupt the training process. For example, the
training of the OPT-175B model was reported to encounter
two failures per day [70], while the LLaMA3-405B model
experiences seven failures daily [27]. Such failures stall the
training process and significantly reduce training efficiency.

Among various failure types, GPU memory failures emerge
as a critical issue for large-scale training [27,66]. This is pri-
marily because modern GPUs typically use high-bandwidth
memory (HBM), which features a stacked architecture and
weaker error correction codes (ECC), making it more prone
to failures [66]. For example, GPU memory accounts for
64.4% of infrastructure incidents in Azure deployments [67].
Similar symptoms are observed at Meta [27], where HBM
failures are reported as the second-largest cause of training
interruptions. Currently, most training systems adopt check-
pointing [9,28,30,59,62] for failure recovery. However, check-
pointing is not tailored to GPU memory failures and thus suf-
fers from the following performance inefficiencies (see §2.4).
First, checkpointing to persistent storage is limited by the low
storage bandwidth, which slows down the training process (up
to 43% [25]). Second, checkpointing to CPU memory inter-
feres with CPU-GPU communication [63], thereby degrading
training efficiency. For example, overlapping checkpointing
with training reduces throughput (e.g., by about 11% in [44])
because the two operations share the same communication
channel.

Unsuccessful attempts and findings: Motivated by this ob-
servation, we evaluate two preliminary attempts that store
redundant data directly in GPU memory for failure recovery
(§3). Both attempts reconstruct lost data using this in-GPU re-
dundancy, thereby avoiding costly storage I/O and CPU-GPU
data transfers. Our first attempt adopts retry-based recovery,
which discards the affected intermediate computation and
re-executes the current training step from preserved critical
model states. To support retry, we maintain replicas of the
model parameters and optimizer states (i.e., critical states)
required to re-execute the step. However, maintaining these
replicas incurs 73.4% additional GPU memory overhead and
can trigger out-of-memory errors. Our second attempt re-
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Figure 1: GEM (EC + retry) vs. checkpointing. GEM reduces
wasted time from multiple iterations to less than one.

places full replication with erasure coding (EC) to reduce
redundancy overhead. Although EC incurs only 1.6% addi-
tional memory overhead and encodes 12 GB of data in 0.04 s,
it remains inefficient for frequently updated states. Each up-
date requires the associated parity chunks to be recomputed,
reducing training efficiency to 76.7% of the baseline without
EC. Hence, achieving both low memory overhead and high
training efficiency during recovery from unexpected GPU
memory failures remains challenging.
Our solution: This paper presents GEM, which combines
selective EC with a flexible retry mechanism to enable fast re-
covery from GPU memory failures. GEM specifically targets
GPU memory failures, a major source of training interruptions.
Compared with conventional checkpointing, GEM recovers
more efficiently from such failures while remaining com-
plementary to existing checkpointing mechanisms. Figure |
compares the recovery processes of GEM and checkpointing
after a GPU memory failure during iteration /7. Because the
second checkpoint is incomplete, the checkpointing system
must reload the first checkpoint and resume from I, wasting
approximately 10 iterations (six for retraining and four for
system restart and checkpoint reload). In contrast, GEM pro-
tects critical model states with EC and preserves the inputs
required to retry each iteration, allowing recovery within the
failed iteration I7. As a result, GEM reduces wasted time—
the time that does not contribute to training progress—from
approximately 10 iterations to less than one iteration. This
improvement stems from storing EC redundancy directly in
GPU memory, which avoids costly storage I/O and CPU-
GPU transfers during recovery. Because GEM targets GPU
memory failures rather than all GPU failures, it complements
checkpointing (Exp#11 in §7.2), which remains necessary for
failures outside its scope (e.g., faulty GPU).

Specifically, GEM employs wide-stripe EC [15], which uses
a large number of data chunks per stripe to encode data that is
updated less frequently. To identify these data segments, we
perform an analysis and find that critical model states ' are
updated less frequently than non-critical model states, making
them suitable for EC. Moreover, since non-critical states can
be recovered via retry using the critical model states as input,
GEM introduces a mixed-granularity retry mechanism. It sup-
ports retrying at either the training-phase level (e.g., forward
pass) or the training-step level, thereby balancing the memory

I Critical model states refer to those stored by existing checkpointing
systems [9, 30,44, 55] for failure recovery.

overhead of storing replicated training inputs with the compu-
tational overhead of retraining. In addition, GEM incorporates
a hash-based directory to efficiently identify the appropriate
recovery strategy for each data segment upon failure.
Performance: We implement and evaluate GEM on an
NVIDIA GPU platform. The results show that GEM preserves
training consistency during GPU memory failure recovery
while incurring only 0.3% memory overhead and 0.5% run-
time overhead. We further demonstrate that GEM reduces
GPU memory failure recovery time by 99.4-99.7% com-
pared with representative checkpoint-based methods, includ-
ing CheckFreq [30] and Gemini [62].

To summarize, we make the following contributions.
 This work demonstrates that EC is a storage-/computation-

efficient mechanism for recovering from GPU memory

failures using accessible data within the GPU (§3).

* We propose a fault-tolerant mechanism that employs selec-
tive EC (GemEC) to protect critical model states, which
are updated less frequently, thereby enabling fast training
recovery from GPU memory failures (§4.2).

* We introduce a mixed-granularity retry mechanism
(GemRetry) to ensure reliability of frequently updated data
(i.e., non-critical model states) (§4.3).

* We implement GEM and evaluate its effectiveness on var-
ious large foundation models and under different paral-
lelism configurations (§7).

We have released the source code of GEM at https://
github.com/wrl1297/gemn.

2 Background and Limitations

2.1 Distributed Training Systems

As deep learning requires massive amounts of data for long-
term training, existing studies commonly distribute training
workloads across large-scale GPU clusters (e.g., 992 GPUs
for training OPT [70]). However, data transmission across
nodes is significantly slower than communication within a
single node, making efficient coordination across GPUs a crit-
ical challenge. To address this, various parallelization strate-
gies have been proposed, each with different trade-offs in
memory usage, communication overhead, and computational
efficiency. Three representative strategies are: (i) data paral-
lelism, which distributes training data across workers [47,71];
(ii) tensor parallelism, which partitions the parameter tensors
of individual layers across multiple workers [33,53]; and (iii)
pipeline parallelism, which divides model layers into stages,
with each stage executed on a different worker [32,45].

2.2 Training Failures

Failures in training. Frequent failures are observed in large-
scale distributed training, primarily due to the use of a large
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Figure 2: Example of a (6,4)-code EC (§2.3).

number of GPUs, which substantially increases the likelihood
of failures. For example, in a 384-GPU training setup, 1-2
GPU failures are reported per week [64]. The failure rate
scales with system size: training on 992 GPUs incurs about
two failures per day [70], while a 16,384-GPU platform may
experience up to seven failures per day [27].

GPU memory failures. GPU memory failures are partic-
ularly concerning because HBM is widely used in modern
GPUs [36,37,66]. For example, GPU memory accounts for
64.4% of infrastructure incidents in Azure [67]. Similar trends
have been observed in other HBM-equipped accelerators (e.g.,
HBM faults account for 44% of NPU failures [74]). The
reason is that HBM’s complex 3D-stacked architecture and
limited ECC capability introduce distinct fault modes and
increase the failure rate [31,39,66]. In particular, HBM faults
often exhibit row- or column-level locality [66], affecting
only a small portion of the model state. However, existing
training systems rely on generic recovery mechanisms, such
as checkpointing [30, 44, 62], without exploiting this fault
locality. They therefore incur substantial recovery overhead
and waste considerable training time. To reduce fault-induced
disruption, this paper develops a recovery strategy tailored to
GPU memory failures. Our evaluation shows that it comple-
ments existing general-purpose fault-tolerance mechanisms
to further reduce recovery time (Exp#11 in §7.2). Moreover,
it can also be extended to handle silent data corruption and
failures during inference (§5).

2.3 Failure Recovery

Failure recovery in model training. Checkpointing [9, 30]
is a widely adopted approach to cope with training failures.
It periodically saves model states, including parameters and
optimizer states, to remote persistent storage [9, 30, 55] or
CPU memory [44, 62]. Upon a failure, it restores the most
recently saved states to resume training. This introduces a
trade-off between checkpointing frequency and wasted time:
more frequent checkpointing reduces recovery time in model
training, but at the cost of higher bandwidth consumption.
Given the large and rapidly growing model sizes, saving a
full checkpoint to persistent storage or reloading it is often
constrained by storage bandwidth (e.g., PaLM requires tens of
minutes [62]). Extensive efforts have been made to improve
checkpointing efficiency, including differential checkpoint-
ing [9] (i.e., checkpointing only the modified parts), storing
checkpoints in CPU memory [62] (as opposed to persistent
storage), and enabling efficient checkpoint resharding [59].
Since workers in the same data-parallel rank hold identical
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Figure 3: Checkpointing time and its impact on training
(§2.4). (a) Checkpoint time across various disk bandwidths
and (b) training time without (w/o) and with (w/) checkpoint-
ing stored in CPU memory.

replicas of model states, Swift [73] and JITCKPT [12] lever-
age these replicas for failure recovery. Alternatively, some
works introduce GPU operating systems [63] or device-proxy
clients [54] to achieve OS-level checkpointing and restoration.

Erasure coding. Erasure coding (EC) is a storage-efficient
means for failure recovery in distributed storage systems. It is
defined by two parameters, k and m, where a (k+m, k)-code
encodes k fixed-size data chunks to generate k + m coded
chunks using finite field arithmetic [52]. These k + m chunks
form a stripe and enable recovery of the k original chunks
from up to m chunk failures. While providing fault tolerance,
EC stores m additional parity chunks per stripe, introducing
storage redundancy (i.e., 2t). To reduce overhead while main-
taining fault tolerance, wide-stripe EC [15] uses large k values
to achieve ultra-low redundancy, attaining the same fault toler-
ance degree (i.e., m). Figure 2 shows a (6,4)-code EC, where
four data chunks {Dy, D2, D3,D4} generate two parity chunks
{Py,P>}. The resulting six chunks form a stripe that tolerates
any two chunk failures (e.g., D, and Dj3).

2.4 Limitations of Existing Efforts

Efficiency depends on storage bandwidth. Existing check-
pointing mechanisms [9, 28, 30, 59] typically store model
states in persistent storage, incurring significant communica-
tion overhead. Thus, their efficiency depends largely on the
available storage bandwidth. We analyze the time required to
store checkpoints for three models of different sizes: 176B
Bloom [64], 405B LLaMA3 [27], and 540B PalLM [5]. We
vary storage bandwidth from 20 Gbps to 40 Gbps, which is
consistent with datacenter SSDs [19, 62]. Figure 3(a) shows
that the time required for checkpointing roughly doubles as
bandwidth decreases from 40 Gbps to 20 Gbps, reaching up
to 44 minutes. This restricts checkpoint frequency, leading to
high recovery costs. Given that large-scale training often uses
thousands of GPUs and can encounter hundreds of failures,
slowdowns can reach up to 43% [25,27].

Interference with CPU-GPU communication. To improve
checkpointing efficiency, prior studies [44,55,62] store check-
points in CPU memory. However, this design introduces con-
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tention on the CPU-GPU communication channel, degrading
overall training performance. Figure 3(b) reports the train-
ing time of a 3B LLaMA model on an A100 platform under
mixed-precision training (BF16 parameters, activations, and
gradients; FP32 optimizer states). We compare runs with and
without CPU-memory checkpointing. Checkpointing to CPU
memory increases training time by 5.4%. Although this over-
head appears modest, it translates to more than one million
wasted GPU hours in a 54-day LLaMA training run on a 16K-
GPU cluster [27]. Although Gemini [62] interleaves model-
saving traffic with training, it still incurs high serialization
overhead during recovery. Moreover, recent works [42,49,50]
offload data to CPU memory to reduce GPU memory pressure,
which exacerbates communication interference and further
degrades training efficiency.

3 Unsuccessful Attempts and Findings

To address these limitations, a straightforward approach is to
store recovery redundancy in GPU memory, thereby avoiding
additional data transfers between GPU memory and CPU
memory or persistent storage. Driven by this insight, we carry
out two attempts to store redundancy in GPU memory for
failure recovery. First, we employ a retry-based mechanism to
recover training state, which uses the preserved model states
for retraining (Attempt#1). Second, we employ EC to protect
all data residing in GPU memory with high memory efficiency
(Attempt#2). From these explorations, we derive two key
findings (Findings #1 and #2) that motivate our design.

3.1 Attempt#1: Employ Retry to Recover Data

Methodology: Existing checkpoint-based methods recover
training by restarting from the latest model states, which is
conceptually similar to a retry [16, 38, 56]. Retry discards
intermediate results and recomputes them from preserved
model states. Thus, as long as the critical model states remain
intact in GPU memory, the lost data caused by failures can be
treated as discarded data and recovered via retry.
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Figure 5: Encoding time on CPU and GPU platforms (§3).
The y-axis is represented on an exponential scale.
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Motivated by this observation, we replicate critical model
states during training to enable efficient recovery. Figure 4
(a) shows the memory consumption when employing retry
for failure recovery during 3B LLaMA training. The results
indicate that retry incurs additional GPU memory overhead
of 73.4% compared to training without retry. This overhead
arises from storing replicas of critical model states, such as
parameters and optimizer states. Given that GPU memory is
usually limited (e.g., 80GB in NVIDIA H100 [37]) and highly
utilized (70-97% [11]), such redundancy introduced by retry
can easily lead to out-of-memory failures during training.

Finding#1: Although retry is capable of recovering from
GPU memory failures, it incurs significant memory overhead
during model training.

3.2 Attempt#2: Enable EC in Training

Methodology: As retry incurs substantial memory overhead,
we then resort to erasure coding (EC) for failure recovery with
low GPU memory overhead (§2.3). A (k,m) EC incurs only 7
redundancy (e.g., 1.6% for a (195,192)-code [15]) to tolerate
any m chunk failures. However, EC introduces additional
computation overhead to generate parity chunks (§2.3), which
may become a bottleneck in CPU-based systems [6]. We
first study the encoding performance when employing EC
on GPUs. Figure 5 shows that an NVIDIA A100 GPU [36]
reduces the encoding time by 59.5% for a (9,6)-code and up to
99.5% for a (195,192)-code, compared to an Intel Xeon Gold
5320 CPU [52] under a 4KB chunk size; when the chunk size
increases to 64 MB, a GPU can generate a (195,192)-code
stripe (with the data size of 12 GB) in only 0.04 seconds,
implying that GPUs support efficient data encoding for EC.
Driven by this observation, we enable EC during train-
ing to protect data in GPUs. Figure 4(b) and (c) report the
training time and training consistency under injected HBM
failures using a (128,3)-code, following the experimental
setup described in §7.1. We make two key observations. First,
although EC improves reliability, it increases training time
by 30.3% (Figure 4(b)). This overhead arises because the par-
ity chunks in EC must be recomputed whenever data chunks
are updated, and many GPU-resident states are frequently
modified (e.g., activations and gradients). As a result, EC
incurs substantial computation overhead. Second, directly
applying EC degrades model accuracy (Figure 4(c)). This is
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Figure 6: Memory usage during training of Bloom (solid
lines and bars) and LLaMA (dotted lines and hatched
bars). A-H show memory usage changes over time for differ-
ent data segments, while I shows the average usage.

because EC operates over finite fields (e.g., Galois fields [48]),
whereas model states use floating-point representations that
do not form a finite field. Consequently, EC introduces round-
ing errors, leading to training inconsistency (see Figure 4(c)).

Finding#2: GPUs support efficient data encoding in EC.
However, directly applying EC in training introduces high
computation overhead due to frequent parity regeneration and
degrades consistency because of finite-field incompatibility.

4 Design of GEM

4.1 Design Overview

Key ideas. To efficiently recover from GPU memory fail-
ures while preserving training consistency, we propose GEM,
which combines selective EC with a retry mechanism. It en-
ables recovery directly from the accessible data already in
GPU memory, rather than loading redundancy (e.g., replicated
model states) from CPU memory or persistent storage. As
a result, GEM reduces redundancy overhead and improves
recovery efficiency.

Design insights. Neither EC nor retry is a one-size-fits-all
solution (Attempts #1 and #2), as applying them to all training
data incurs either high computation overhead (EC) or high
memory overhead (retry). To identify which data segments are
appropriate for EC versus retry, we profile GPU memory us-
age during the training of two widely used foundation LLMs
(LLaMA3 [27] and Bloom [64]) in Figure 6. We profile both
models over a single epoch, which is representative because
their training behavior follows a highly regular pattern [11].
We find that parameters, optimizer states, and input data re-
main stable after initialization, whereas the remaining model
states (D—H) exhibit 38.5x more frequent memory changes.
Since changes in memory usage indicate data updates, these
results suggest that data segments D—H are unsuitable for EC
protection, as they are frequently updated. Input data is fully

Figure 7: Overview of GEM (§4.1). GEM ensures GPU mem-
ory reliability by using an EC-based mechanism (GemEC)
to protect parameters and optimizer states, while employing
retry (GemRetry) to recover the remaining data.

freed after initialization, making EC protection unnecessary.
In contrast, parameters and optimizer states consistently oc-
cupy most of the GPU memory (Figure 6-I) and are therefore
suitable candidates for EC protection. Moreover, parameters
and optimizer states are the critical model states. Existing
checkpointing systems [9, 30, 62] have shown that training
can be restarted from these critical states. Therefore, once
these states are protected by EC, the remaining data segments
can be recovered via retry without the need to load additional
replicas from CPU memory or persistent storage.

System overview. Based on these insights, GEM introduces
GemEC and GemRetry to handle GPU memory failures occur-
ring in different data segments. Figure 7 provides an overview
of GEM. Specifically, GEM employs EC (GemEC, §4.2) to
protect critical model states stored in GPU memory, as EC
is storage-/computation-efficient for these data with low up-
date frequency. To ensure the reliability of the remaining
unprotected data (i.e., non-critical states) in GPU memory,
we further introduce GemRetry (§4.3), which leverages the
critical model states protected by GemEC together with es-
sential training states to perform retry. By doing so, GEM
efficiently recovers from GPU memory failures across dif-
ferent data segments while reducing the incurred overhead.
Since different data segments use different protection meth-
ods, we further propose GemGuard (§4.4), which employs a
hash-based directory to identify data segments and quickly
assign the appropriate recovery mechanism.

4.2 GemEC: Erasure-Coded GPU Memory

While EC is a promising solution for protecting critical model
states, two key challenges remain unaddressed. First, EC en-
codes data chunks using finite-field arithmetic (e.g., Galois
fields [48]) to avoid rounding errors [51,52], whereas floating-
point values do not form a finite field. Consequently, directly
protecting training data in floating-point format can degrade
model accuracy (see Figure 4(b)). Second, GPU memory re-



sources are limited during training, with utilization reaching
up to 97% [11]. Therefore, reducing the memory overhead
introduced by EC without compromising reliability is essen-
tial. To address these challenges, we design GemEC, which
provides reliability with negligible memory overhead.

Parity chunk computation. Although EC is suitable for pro-
tecting critical model states (i.e., parameters and optimizer
states), these data are stored in floating-point format. Hence,
GemEC first obtains the memory addresses of updated pa-
rameters and optimizer states, then reads the raw bytes at
these addresses and interprets each byte as an 8-bit unsigned
integer (i.e., uint8), ensuring that the data reside within the
finite field GF (28). Next, GemEC groups multiple uint8 val-
ues into data chunks and constructs an EC stripe with k data
chunks, after which it computes and stores m parity chunks.
By doing so, GemEC efficiently generates parity chunks to
protect data against GPU memory failures without sacrific-
ing model accuracy. To ensure that redundancy can be stored
entirely in GPU memory, GemEC adopts a wide-stripe EC
configuration [15]. It lowers memory overhead by using a
large k while keeping m (the number of parity chunks) fixed,
thereby reducing redundancy (i.e., 7) while still tolerating
any m chunk failures. For example, increasing k to 128 with
m = 3 reduces redundancy to only 2.3% while still allowing
recovery from any three chunk failures. This design enables
the redundancy to fit in GPU memory under high utilization.

Adaptive computation across parallelisms. GemEC com-
putes parity chunks for model states stored in local GPU mem-
ory. Because parallel strategies distribute model states differ-
ently, parity computation should be adapted to their placement.
Under strategies that fully shard parameters and optimizer
states, such as tensor parallelism [33, 53] and pipeline par-
allelism [32, 45], each worker stores distinct model states,
allowing GemEC to compute parity without redundant work.
In contrast, some systems, such as ZeRO stages 1 and 2 [47],
replicate model states to reduce the communication overhead
of sharding. Consequently, multiple workers may store identi-
cal states, causing GemEC to redundantly compute their parity
chunks. To eliminate this redundancy, GemEC distributes EC
computation across workers. Within a data-parallel group that
holds replicated model states, each worker computes parity
only for a designated partition and gathers the parity chunks
for the remaining partitions from other workers. As a result,
each partition is encoded only once, while every worker still
obtains the complete set of parity chunks. This design allows
GemEC to efficiently support both sharded and replicated
parallel strategies (Exp#10). Moreover, this optimization can
be disabled in bandwidth-constrained environments, in which
case GEM still incurs less than 1% overhead (Exp#4).

Example of GemEC. Figure & illustrates how GEM operates
under data parallelism with two GPUs. We use ZeRO-1 [47],
which partitions optimizer states while keeping parameters
fully replicated, as an example. Specifically, each GPU holds
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Figure 8: Example of GemEC under ZeRO-1 parallelism
(84.2). (a) GemEC without any optimization for data par-
allelism, which leads to repeated EC computations, and (b)
GemEC leveraging the characteristics of parallelism to re-
duce unnecessary computational overhead under ZeRO-1.

one partition of the optimizer states (e.g., So on GPUy and S
on GPU) and updates only the parameters corresponding to
its partition (e.g., GPU| updates Py in Step @®). Then, the full
set of parameters is updated via an all-gather operation, where
both GPUj and GPU| obtain Py and P; (Step @). Figure 8(a)
shows GemEC without any parallelism-aware optimization,
where EC computation occurs after all parameters are updated,
resulting in redundant parity computations for the same pa-
rameters (Step ®). In contrast, Figure 8(b) demonstrates how
GemEC eliminates redundant computation under ZeRO-1.
Each GPU computes parity chunks only for the parameters it
updates locally (e.g., GPUy computes Epg for Py, and GPU;
computes Ep; for P; in Step @) and the parity chunks are then
exchanged via all-gather (Step ), ensuring that each parity
chunk is generated only once.

Recovery by GemEC. To recover from GPU memory failures
using parity chunks, GemEC records metadata related to its
EC encoding. It first maintains a hash-based chunk directory
(implemented by Python’s built-in dict) that uses the address
of each chunk as the key and the index of its correspond-
ing stripe as the value. Because the directory is organized
as a hash table, GemEC can locate the encoding stripe of
a failed data chunk in O(1) time. Next, GemEC reads the
surviving chunks from the corresponding stripe. To facilitate
this, it maintains a stripe list that records the addresses of
both data and parity chunks for each stripe. From this list,
GemEC selects k surviving chunks sequentially, as adjacent
chunks often occupy consecutive physical addresses, which
benefits GPU parallelism. Finally, these k chunks are used by
GemEC to reconstruct the failed data. Multiple simultaneous
HBM failures are typically concentrated within a contigu-
ous physical address space (e.g., a 1 KB row or a 16 MB
bank [66, 74]), whereas the chunks encoded by GemEC are
usually tens of megabytes in size (similar to prior wide-stripe
EC [15]). Hence, HBM failures generally affect only a single
chunk. This ensures that even when employing wide-stripe
EC encoding (e.g., k=128 and m=3), GemEC still provides
protection against multiple simultaneous HBM failures.



4.3 GemRetry: Training Again

As the critical model states are already protected by EC, we
further introduce GemRetry to recover the remaining non-
critical model states via retry. However, in addition to the crit-
ical model states, retry still requires certain training states and
occasionally intermediate results to ensure that retry preserves
training consistency. In this subsection, we first describe the
training inputs required to retry at both the step and phase
levels. We then present a mixed-granularity retry strategy that
balances memory overhead (for storing training inputs) with
the time wasted due to retraining.

Training inputs for GemRetry. To avoid compromising
model accuracy, GemRetry must use the same training in-
puts. When retrying a training step, it requires both the crit-
ical model states and the training states, where the former
are already protected by GemEC. Therefore, GemRetry must
ensure that training states can be restored when GPU memory
failures occur. Fortunately, training states represent runtime
metadata such as the current epoch number and global step,
which are stored as scalars or small arrays and occupy negli-
gible memory (e.g., <1 MB; see Exp#3 in §7.2).

Each training step comprises multiple phases, which raises
the question of whether GemRetry can retry individual phases
to reduce wasted time. We first examine the inputs for the
forward pass, which consist of parameters and a subset of the
training states. This is similar to the inputs required for a full
training step. In contrast, the backward pass and optimizer
step require not only the same (or a subset) of the step-level
inputs but also the intermediate outputs generated by the
preceding phase. For example, the backward pass requires
the loss from the forward pass to compute gradients, and the
optimizer step relies on these gradients to update parameters.
Such intermediate results occupy a non-negligible portion of
GPU memory (e.g., gradients account for 18.0% of memory
usage; see Figure 6) and are frequently updated.

Mixed-granularity retry. To balance memory usage and
wasted time, GemRetry adopts a mixed-granularity retry
mechanism that combines phase-level and step-level retries.
First, GemRetry performs a phase-level retry when a failure
occurs during the forward pass, since retraining the forward
pass incurs only low memory overhead to protect the training
input but can significantly reduce time wasted during training.
Second, supporting retries for other phases with intermediate
outputs requires substantial memory, which can lead to out-of-
memory failures. Therefore, GemRetry performs a step-level
retry for these phases, providing a memory-efficient failure
recovery method.

Example of GemRetry. Figure 9 illustrates an example of
how GemRetry recovers the training process. In this example,
training is performed with gradient accumulation [22], where
each training step consists of multiple forward and backward
passes, followed by a single optimizer update. First, if a fail-
ure occurs during a forward pass (e.g., F2, Step @), GemRetry
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Figure 9: Example of using GemRetry to recompute the
failed training data (§4.3). GemRetry retries a training
phase when a failure occurs during the forward pass, while it
retries an entire training step for failures in other phases.

performs a phase retry (i.e., retry only the forward pass F>),
which reduces computation overhead compared to retrying
the entire training step from Fj. Second, if a failure occurs
during backward pass B,, the gradients may be only partially
updated. Hence, GemRetry discards these intermediate re-
sults to maintain consistency and retries the training step on
GPUj (Step ), as the gradients have not yet been propagated
to other workers. Third, failures may occur during gradient
synchronization (i.e., between B, and the optimizer step) on
GPUy, while GPU;| may have already passed the communica-
tion barrier and proceeded to the subsequent training phase
(i.e., the optimizer step). If we only retry the training step on
GPUjp, communication stalls occur because GPUj is waiting
to synchronize at the barrier with GPU|, while GPU| has al-
ready moved on. To address this, GemRetry performs a step
retry for all GPUs within the same parallelism rank (Step ©).

4.4 GemGuard: Failure Handling

Although both GemEC and GemRetry can recover from GPU
memory failures, they target different data segments. There-
fore, we introduce GemGuard, which monitors GPU memory
failures and dispatches the appropriate recovery mechanism.
GemGuard monitors failure signals from GPU memory
and intercepts them to extract the failure address. Specifi-
cally, GemGuard installs a signal handler that intercepts GPU
memory failure signals (SIGBUS). This prevents the training
process from terminating, which is the default behavior when
a user process receives SIGBUS [43]. The handler then parses
the failed GPU memory address and identifies the correspond-
ing data segment to determine the appropriate recovery action.
However, GPU memory contains a large number of allocated
data segments, which can make segment lookup inefficient.
To address this, GemGuard reuses the directory maintained by
GemEC, a hash-based directory that locates failure addresses
in O(1) time (see §4.2). If the failure address appears in the
EC directory, indicating that it is protected by GemEC, Gem-
Guard invokes GemEC to restore the lost data. Otherwise,
GemGuard calls GemRetry to recover the training process.



5 Extensions of GEM

GEM for model inference. During model inference, GPU
memory stores the model parameters and the key—value (KV)
cache. Rather than reconstructing approximate predictions
using parity models (e.g., ParM [17]), GEM tolerates GPU
memory failures during inference by restoring lost model
states through EC while preserving exact inference correct-
ness. Specifically, GEM protects both the parameters and KV
blocks. First, we encode all parameters stored in GPU memory
using GemEC. Since parameters remain unchanged during
inference, the computation overhead introduced by GemEC
is negligible. For the KV cache, new KV blocks are gener-
ated continuously, and encoding every KV block immediately
would cause frequent EC updates, significantly reducing ef-
ficiency. To address this, GemEC employs a batch-encoding
strategy in which previously generated KV blocks are en-
coded into a stripe in batches, rather than updating the EC
stripe each time a KV block is produced. This approach re-
duces the computation overhead of protecting KV blocks, but
leaves newly generated KV blocks temporarily unprotected.
For these unprotected KV blocks, we additionally enable Gem-
Retry, which recomputes the missing KV blocks using the
EC-encoded KV blocks and parameters.

Extending GEM to SDC. Silent data corruption (SDC) leads
to incorrect computation results without triggering any failure
signals [24]. Since matrix multiplication is the most frequent
operation in deep learning workloads, GEM can integrate
GemEC into matrix computation by multiplying each matrix
with an EC encoding matrix to generate parity data. GEM then
verifies each output by checking whether the results and their
corresponding parity remain within a predefined error bound.
If any discrepancy exceeds this bound, GemRetry selectively
recomputes the potentially corrupted portion.

Effectiveness when enabling data offload. To accommodate
large models within limited GPU memory, existing studies of-
fload certain model states (e.g., optimizer states and gradients)
to CPU memory [49]. With data offloading, the set of data
segments that remain in GPU memory changes. Therefore, we
must reconsider which data segments need protection. When
data offloading is enabled, the principle of GEM is to protect
only the data segments that remain in GPU memory, while the
offloaded segments rely on CPU-side ECC for correctness. As
a result, the effectiveness of GEM in protecting GPU memory
remains unaffected, and the overhead is even lower because
fewer data segments need to be encoded.

6 Implementation

We implement GEM primarily in Python and C/C++, with
support for deployment on NVIDIA GPUs. We integrate
its two core components—GemEC and GemRetry—into
DeepSpeed [29], a deep learning optimization library sup-

porting modern LLM training. While the implementation of
GemRetry may vary across training frameworks, most frame-
works separate different training phases into modular code
blocks [7], allowing GemRetry to invoke the corresponding
module for retraining. For GemEC, we use CUDA C/C++ to
perform the matrix operations required for EC. In addition,
Python is used to manage the metadata for GemEC, including
the mapping between chunk addresses and their correspond-
ing stripe indices (implemented using Python’s built-in dict)
as well as the list of EC stripes. GEM provides transparent
reliability support for GPU memory, as all components are
integrated into the training system without requiring any user
code modification. To handle GPU memory failures, we im-
plement GemGuard with a dedicated signal-handling thread.

7 Evaluation

We evaluate GEM across various models to answer the follow-
ing questions.

* How do GEM and its recovery techniques perform during
failure recovery (Exp#1-2)?

* What overhead does GEM introduce during training
(Exp#3—#4)?

* How does GEM scale with more GPUs, frequent failures,
and larger model sizes (Exp#5-#8)?

* How does GEM perform under different EC configurations
and parallelism strategies (Exp#9—#10)?

* How does GEM complement existing checkpointing meth-
ods to further reduce wasted time (Exp#11)?

e Can GEM be extended to other accelerators (Exp#12)?

7.1 Experimental Setup

Testbed and configurations. We evaluate GEM on a GPU
platform with two nodes, each equipped with two NVIDIA
A100 (80GB) GPUs, two Intel Xeon Gold 5320 CPUs, and
512 GB DRAM. Intra-node GPU communication uses peer-
to-peer transport, while inter-node communication is handled
via an InfiniBand RNIC. We adopt the ZeRO optimization
strategy [47] for distributed training with data parallelism, as
it is a widely used memory-optimization technique [2, 64].
We also evaluate GEM under different parallelism strategies
in Exp#10. Since GEM leverages local GPU memory for fail-
ure recovery, we use a single node as the default setup and
also demonstrate multi-node performance (Exp#6). We evalu-
ate three representative LLMs: Bloom [64], LLaMA 3 [27],
and Qwen [2]. Given that a full training iteration requires
substantial time [2,27,64], we train each model for only ten
epochs, with each epoch consisting of twenty training steps.
Gradient accumulation [22], widely used in models such as
LLaMA [27] and Bloom [64], is configured with six accumu-
lation steps per training step. The batch size and sequence
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Figure 10: Exp#1 (End-to-end training time). Sudden spikes
indicate substantial time spent on retraining.

length are set to 4 and 2,048, respectively, to utilize more of
the HBM capacity [14]. All models are configured with 3B
parameters, with additional sizes tested for scalability analysis
(Exp#7). The software stack includes CUDA v12.4.99 [34],
PyTorch v2.6.0 [41], DeepSpeed v0.15.4 [29], and NCCL
v2.21.5 [35].

Comparison approaches. We compare GEM against four
checkpointing-based approaches. (i) DiskCKPT, which check-
points model states to storage. We perform DiskCKPT every
two epochs and implement it using torch.save () [41]. (ii)
MemCKPT, which checkpoints model states to CPU memory.
We perform MemCKPT every epoch, and MemCKPT seri-
alizes the latest complete checkpoint using torch.save ()
upon failure [62]. (iii) CheckFreq [30], a representative ap-
proach for reducing checkpoint overhead when saving model
states to disk. It pipelines memory writes with computation
and asynchronously persists the checkpoint to disk. We per-
form it every two epochs. (iv) Gemini [62], a CPU-memory
checkpointing method that overlaps checkpoint communica-
tion with computation. We perform Gemini every five itera-
tions to balance checkpointing time and recovery cost. For
GEM, we adopt a (131, 128)-code by default [15]. Since GEM
is orthogonal to existing checkpointing methods, we also
evaluate their complementarity in Exp#11. In addition, we
consider training without any runtime or recovery overhead
as an idealized baseline (denoted as Ideal).

Failure simulation. We evaluate recovery efficiency by inject-
ing simulated GPU memory failures during training. In real
systems, when on-die ECC cannot correct memory errors, the
GPU memory subsystem sends a SIGBUS signal to the train-
ing process, causing it to crash [43]. Therefore, we simulate
GPU memory failures by sending a SIGBUS signal associated
with a randomly selected GPU memory address [13,72], indi-
cating that the corresponding memory region has experienced
an uncorrectable error. This signal interrupts training unless
properly intercepted and handled. By default, we inject one
failure per training run, and we further evaluate scalability
under more frequent failures (Exp#5).

7.2 Experimental Results

Exp#1 (End-to-end training time). We first evaluate the
end-to-end training time of GEM and other comparison meth-
ods on three representative models. All evaluated methods
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Figure 11: Wasted time analysis. (a) Wasted time due to
failure recovery and (b) time to recovery for each failure.

preserve training correctness and consistency after failures, as
evidenced by their training loss curves closely matching those
of the Ideal execution. Therefore, any performance differ-
ence stems solely from their recovery mechanisms. Figure 10
shows that DiskCKPT and MemCKPT increase the train-
ing time by 26.4% and 13.4% on average compared to the
Ideal, respectively. Although CheckFreq and Gemini adopt
pipelining and computation—checkpoint interleaving to re-
duce checkpointing overhead and enable shorter checkpoint
intervals, they still incur 19.1% and 10.8% additional training
time. In contrast, GEM preserves training efficiency close to
the Ideal, introducing only 0.5% overhead.

We further analyze the wasted time incurred by different
approaches across three models. As shown in Figure 11(a),
DiskCKPT, MemCKPT, CheckFreq, and Gemini incur 49.8 ¥,
24.1x,35.4x,and 19.0x more wasted time than GEM, respec-
tively. These improvements arise from two primary factors.
First, GEM significantly shortens the recovery time after fail-
ures. As shown in Figure 11(b), it reduces recovery time by
99.4-99.7% compared with four representative checkpoint-
based methods. This improvement comes from performing
EC decoding (via GemEC) or restoring training inputs (via
GemRetry) directly in GPU memory, whereas the other meth-
ods must load checkpoints from CPU memory or disk. Sec-
ond, GEM minimizes retraining overhead by retrying a single
training step or even just the forward pass. In contrast, ex-
isting systems must restart from the most recent checkpoint,
which wastes the computation of multiple steps depending
on the gap between the failure point and the latest saved
state. Moreover, MemCKPT and Gemini need to serialize the
checkpoints during recovery, which is time-consuming.

Exp#2 (Breakdown analysis). To investigate the efficiency
of the design techniques in GEM, we train models and per-
form recovery using GemEC, GemRetry, and their combina-
tion (GEM). Figure 12 shows that the three techniques incur
only 0.4%-0.9% overhead in training time. While GemRetry
incurs wasted time from retraining, it achieves the lowest re-
covery time (9.1 seconds on average). In contrast, GemEC
requires extra time (17.2 seconds on average) to compute
parity chunks during training, adding overhead even without
failures. Although GemRetry incurs a lower overhead, it de-
pends on the parameters and optimizer states protected by
GemEC for retry (§4.3). When combining both techniques
(i.e., GEM), the wasted time (22.2 seconds on average) is
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higher than either technique alone, as GEM inherits the run-
time overhead of GemEC and uses GemRetry to retrain data
that are not protected by GemEC.

Exp#3 (Memory overhead). Recall that GEM maintains ad-
ditional parity chunks (for GemEC) and replicated training
inputs (for GemRetry). We measure both allocated memory
(i.e., actually used) and reserved memory (i.e., total requested)
of GEM during LLaMA training. We focus on peak memory
usage, as it directly affects CUDA out-of-memory errors, and
omit average usage due to its rapid fluctuations (see Figure 06).
Figure 13 reports the resulting memory usage.

We make two observations. First, GEM introduces 1.2%
additional allocated memory (576MB) but increases re-
served memory by only 0.3% (142MB). Although existing
checkpoint-based methods do not require additional GPU
memory for storing redundancy, their reserved memory (e.g.,
128MB in Gemini [62]) is still comparable to that of GEM,
as they typically maintain a buffer for transferring model
states. Second, the memory overhead of GemRetry is negligi-
ble (IMB), as it requires only a small buffer to keep replicated
training inputs. In contrast, GemEC introduces 575MB of ad-
ditional memory to store parity chunks. However, only 24.7%
of these parity chunks (i.e., ;‘%ﬁg) require new allocations,
since most chunks can be stored by exploiting fragmentation
within the already reserved memory space.
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Figure 14: Exp#4 (Runtime overhead). GEM introduces
negligible runtime overhead (0.6%) for EC encoding.

Exp#4 (Runtime overhead). To evaluate the efficiency of
these fault-tolerance systems, we measure their runtime over-
head, defined as the extra time incurred when enabling these
methods during normal training (i.e., without failures). Fig-
ure 14(a) shows that DiskCKPT, MemCKPT, CheckFreq, and
Gemini incur 2.2-10.0% additional training time. We find
that in-memory checkpointing methods (e.g., MemCKPT and
Gemini) incur lower runtime overhead even at high check-
pointing frequencies, primarily due to the high bandwidth of
CPU-GPU data transfers. Figure 14(b) further presents the
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Figure 15: Exp#5 (Scaling to frequent failures). GEM re-
mains effective as the failure frequency increases.

wasted time incurred by these methods. Although Gemini
efficiently reduces runtime overhead by interleaving model-
saving traffic with training, its wasted time is still 3.7 that
of GEM. The reason is that GEM stores the redundancy re-
quired for recovery directly in GPU memory, thereby avoiding
frequent checkpoint transfers to remote storage and signifi-
cantly reducing communication overhead. Notably, although
GEM provides an adaptive-computation optimization across
parallelisms to eliminate redundant EC computations on repli-
cated model states (§4.3), this optimization can be disabled in
bandwidth-constrained environments. Even without this opti-
mization, GEM incurs only 0.9% runtime overhead (a 60.5%
reduction compared with Gemini).

Exp#5 (Scaling to frequent failures). We evaluate the ef-
fectiveness of GEM when training LLaMA under frequent
failures by varying the number of failures from 1 to 8. We con-
sider the effective training time ratio [62], which indicates the
percentage of productive training progress achieved within
a given period. Figure 15 shows that DiskCKPT and Mem-
CKPT drop sharply to 42.2% and 52.0%, respectively, under
eight failures due to their higher recovery overheads. In con-
trast, GEM remains close to the Ideal, with only a 0.67%—1.2%
reduction, as it recovers data without interrupting the training
process and avoids checkpointing overhead.
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Figure 16: Exp#6 (Scaling to more GPUs). (a) Memory
usage; and training time under (b) training without (w/o0)
failures and (c) training with failures. “S” denotes the single-
node platform, while “M” denotes the multi-node platform.

Exp#6 (Scaling to more GPUs). We assess GEM when scal-
ing to more GPUs by training LLaMA on single-node (two
GPUs) and multi-node (four GPUs) platforms. First, we assess
memory and runtime overheads when training without fail-
ures. Figure 16 (a) shows that GEM adds only 1.2% memory
overhead on the single-node platform, decreasing to 0.97%
on the multi-node platform. For reserved memory, it adds
only 142 MB on average for both platforms. Figure 16 (b) fur-
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ther demonstrates that training time increases by just 0.64%
on average. These results indicate that GEM imposes mini-
mal overhead when scaling to more GPUs. We then evaluate
the scalability of GEM during failure recovery. Figure 16 (c)
shows that GEM increases training time by only 1.0% on aver-
age for failure recovery, demonstrating that it can ensure GPU
memory reliability in larger systems with negligible overhead.

Exp#7 (Effectiveness for different model sizes). We further
evaluate memory overhead and training time by varying the
LLaMA model size from 1B to 8B on a multi-node platform.
Figure 17 shows that GEM achieves memory usage and train-
ing time comparable to the Ideal across various model sizes.
Specifically, it incurs at most 1.3% allocated memory over-
head (for the 8B model), while reserved memory increases by
only 0.34% (for the 3B model). The reason is that the memory
overhead of GEM is proportional to the partition size of the
critical model states residing in GPU memory. Moreover, its
runtime overhead is also minimal, ranging from 0.31% for
the 8B model to 0.61% for the 1B model.
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Figure 18: Exp#8 (Overhead in large-scale training).

Exp#8 (Overhead in large-scale training). To evaluate the
effectiveness of GEM at large scale (i.e., with more GPUs and
larger models), we conduct a formal analysis of its overhead.
Since GEM applies EC only to data stored in each worker’s
local GPU memory, its overhead depends on the partition size
of the critical model states on each GPU (denoted as S) rather
than the full model size. We focus on computation overhead,
as memory overhead is fixed by the EC configuration (i.e.,
7 -S) and is negligible under wide-stripe settings.
Specifically, GEM generates parity chunks for the protected
model states, which may extend the training iteration time.
The computation overhead is O = %j, where P denotes the
parity computation throughput and 7, is the iteration time.
Based on our measurements on NVIDIA A100 GPUs, the
EC throughput P and the maximum supported partition size
S (worst case) are 335.8 GB/s and 80 GB (i.e., the GPU mem-
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Figure 19: Exp#9 (Impact of EC configurations). Higher
parity ratios increase (a) memory usage and (b) training time.

ory capacity), respectively. We further use the ratio of the
critical model states’ partition sizes obtained from profiling
(Figure 6) to evaluate the effectiveness of GEM when training
LLaMA and Bloom. Figure 18 reports the resulting computa-
tion overhead as we vary the iteration time from 10 s (similar
to training LLaMA on 3072 GPUs [68]) to 80 s (similar to
training a 100B BERT model [62]). Across these settings,
GEM incurs only 0.3-2.4% additional computation overhead
in the worst case, which further reduces to 0.7% and 0.8% on
average for LLaMA and Bloom, since not all GPU memory
is allocated for storing critical model states. These results
demonstrate that GEM maintains low overhead even when
scaling to large clusters and large models.

Exp#9 (Impact of EC configurations). We evaluate the im-
pact of different EC configurations on GEM by varying the
number of data chunks (i.e., k, from 32 to 128) and the num-
ber of parity chunks (i.e., m, from 2 to 4). These configu-
rations provide reliability for scenarios where 1.6% (for a
(130,128)-code) to 10.7% (for a (35,32)-code) of data chunks
fail. Figure 19 shows that higher parity ratios (i.e., 7 in a
(k4 m, k)-code) lead to increased memory overhead and train-
ing time. This is because higher parity ratios increase the
size of coded chunks, which requires more GPU resources for
parallel computation and for storing parity chunks. Although
GEM increases wasted time for a wider stripe, the maximum
wasted time remains only 0.88%.
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Exp#10 (Scaling across different parallelism strategies).
To evaluate the generality of GEM, we measure computation
and memory overheads under different parallelism strategies.
Figure 20(a) shows that GEM incurs negligible memory over-
head (0.6% on average) across all strategies, thanks to its
lightweight encoding mechanism (§4.2). Figure 20(b) reports
the training time with and without failures. Similar to DP,
GEM encodes parameters and optimizer states during training
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and leverages parity chunks to recover lost data upon failures.
This increases training time by only 1.7% on average for
PP and TP. These results demonstrate that GEM effectively
recovers from failures across different parallelism strategies.

Exp#11 (Combining with checkpointing). GEM is orthog-
onal to existing checkpointing methods and can enhance re-
covery efficiency for GPU memory failures. We simulate six
GPU failures during training, two of which are GPU memory
failures that can be recovered by GEM, reflecting failure ratios
observed in real-world deployments [27]. Figure 21 shows
that GEM reduces the overall training time of DiskCKPT and
MemCKPT by 24.3% and 9.9%, respectively. This improve-
ment comes from GEM’s ability to substantially reduce the
wasted time caused by GPU memory failures (Exp#1).

Exp#12 (Extension to other accelerators). To assess the
generality of GEM, we further evaluate it on an Ascend 910B
NPU platform consisting of eight NPUSs, each equipped with
32 GB of HBM. We run the 3B LLaMA3 and 3B Qwen2 mod-
els and measure recovery efficiency and memory overhead.
Our evaluation shows that GEM requires only 1.4 s and 1.6,
on average, to recover from memory failures (including re-
covery using both GemEC and GemRetry) during the training
of LLaMA3 and Qwen2, respectively. In addition, GEM intro-
duces additional allocated- and reserved-memory overheads
of only 0.24% and 0.26%, respectively, across the two models.
These results demonstrate that GEM can effectively protect
HBM in accelerators beyond GPUs.

8 Related Work

Checkpointing in deep learning. Checkpointing is widely
used in deep learning frameworks for failure recovery [1,41].
To reduce overhead, CheckFreq [30] pipelines checkpointing
and automatically determines the optimal checkpointing fre-
quency, while Nebula [28] saves checkpoints asynchronously.
Since the limited bandwidth of disks restricts checkpointing
frequency, Gemini [62] transfers model states to CPU memory
to enable more frequent checkpointing. ECCheck [44] further
introduces erasure coding to protect checkpoints stored in
CPU memory, whereas GEM targets online recovery of model
states in GPU memory. On the other hand, Check-N-Run [9]
and AdaCheck [23] increase checkpointing frequency by us-
ing differential techniques and exploiting state redundancy to
reduce checkpoint size. ByteCheckpoint [59] and UCP [20]

further enable efficient and adaptable checkpointing across
various parallelism strategies. Unlike these approaches, Singu-
larity [54] and Cricket [8] leverage GPU virtualization for live
migration, while PhOS [63] overlaps checkpoint/restore (C/R)
with application execution and GCR [69] adopts a hybrid C/R
mechanism with control—data separation.

Fault tolerance for distributed training. Several work
develop fault-tolerant mechanisms for distributed training.
SCAR [46] quantifies the effects of computation errors caused
by inconsistency, while CPR [25] relaxes consistency require-
ments to balance accuracy and performance. Similarly, AT-
TNChecker [21] ensures reliability by enforcing consistency
only for critical components through an algorithm-based fault-
tolerance technique. As data parallelism maintains replicas
across nodes, SWIFT [73] and Just-in-Time Checkpoint [12]
leverage these replicas for training recovery. Moreover, Bam-
boo [57] replicates model partitions within the same pipeline
to enable recovery. For runtime recovery, Elastic Horovod [ 18]
supports dynamic scaling of workers to eliminate faulty nodes
during training, while KungFu [26] and SpotNik [58] provide
online recovery by partially retrying failed steps instead of
re-executing the entire training step. ByteRobust [60] further
improves the robustness of large-scale training by introducing
an infrastructure-level management system.

However, existing failure recovery mechanisms typically
load model states from CPU memory or disk. In contrast,
GEM computes and stores erasure-coded parity chunks in
GPU memory, reducing additional data transfers and low-
ering runtime and recovery overhead. Moreover, GEM can
complement existing methods to reduce wasted time.

9 Conclusion

We design GEM, a fault-tolerant system that combines selec-
tive erasure coding with a retry mechanism for GPU memory
failure recovery. GEM employs EC to protect parameters and
optimizer states and uses a mixed-granularity retry mech-
anism to protect the remaining frequently updated data. It
further stores redundancy directly in GPU memory to shorten
the recovery process. Extensive experiments demonstrate the
effectiveness, efficiency, scalability, and generality of GEM.
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A Artifact Appendix

Abstract

This artifact provides the implementation and evaluation
scripts for GEM. GEM is a GPU memory fault-tolerance sys-
tem that combines selective erasure coding with a flexible
retry mechanism to enable fast recovery from GPU memory
failures. First, GEM employs wide-stripe erasure coding to
protect model states that are updated relatively infrequently,
thereby balancing memory overhead and fault-tolerance ca-
pability. Second, GEM introduces a mixed-granularity retry
mechanism that supports recomputation at either the training-
phase level (e.g., the forward pass) or the training-step level.
This design balances the memory overhead of preserving
replicated training inputs against the computational overhead
of recomputation.

Scope

This artifact is intended to validate the main experimental
claims of GEM under the model-training workloads and hard-
ware configurations evaluated in the paper. In particular, the
artifact can be used to evaluate the following aspects:

* the training overhead introduced by GEM during failure-
free execution;

* the effectiveness of GEM in recovering from GPU memory
failures;

* the memory overhead introduced by GEM’s selective
erasure-coding and retry mechanisms; and

e the impact of different models on training and recovery
performance.

Contents

The artifact contains the implementation of GEM, including its
modifications to DeepSpeed, the CUDA-based erasure-coding
shared library, and the scripts and configurations used for
artifact evaluation. The main directory structure is as follows:

|-- data/

| -- deepspeed_codes/
|-— EC_so/

| -— examples/

|-- requirements.txt
‘-— README.md

The directories and files are described below:

e data/: contains the training and evaluation datasets used
by the model-training workloads included in the artifact.

* deepspeed_codes/: contains GEM’s modifications to
DeepSpeed. These modifications integrate selective era-
sure coding, preserve the model states required for re-
covery, and perform retry-based recomputation after a
simulated GPU memory failure.

* EC_so/: contains the CUDA-based erasure-coding shared
library used by GEM to generate parity chunks and recover
protected model states on GPUs.

* examples/: contains the scripts and configurations
used for artifact evaluation, including the model-training,
failure-recovery, and result-processing scripts.

* requirements.txt: lists the Python packages required
to configure the artifact environment.

* README.md: provides detailed instructions for environ-
ment setup, experiment execution, and result reproduction.

Hosting

The GEM artifact is publicly available on GitHub at https:
//github.com/wr1297/gem. Artifact evaluation should be
performed using the latest version of the main branch. Re-
viewers can obtain the artifact using the following commands:

git clone https://github.com/wrl1297/gem.git
cd gem

git checkout main

git pull origin main

Requirements

Hardware requirements. GEM requires NVIDIA GPUs with
CUDA support. The complete experimental evaluation re-
ported in the paper was conducted on a two-node GPU plat-
form. Each node is equipped with two NVIDIA A100 GPUs
with 80 GB of HBM per GPU, two Intel Xeon Gold 5320
CPUs, and 512 GB of system memory. Intra-node GPU com-
munication uses peer-to-peer transport, whereas inter-node
communication is provided through InfiniBand RNICs. Be-
cause GEM primarily performs recovery using GPU memory
within the same node, most artifact experiments require only
one node with two NVIDIA A100 80 GB GPUs. A second
similarly configured node is required only for experiments
that evaluate multi-node training or recovery.

Software requirements. The artifact was developed and
tested on Ubuntu 22.04.5 LTS with Python 3.9.21, CUDA
12.4, NCCL 2.21.5, PyTorch 2.6.0, and DeepSpeed 0.15.4.
The complete set of Python dependencies is provided in
requirements.txt. We recommend using a Conda environ-
ment to avoid conflicts with existing Python packages. The
main Python dependencies include Accelerate 1.2.0, Trans-
formers 4.45.0, PEFT 0.14.0, Importlib Metadata 8.6.1, and
Matplotlib 3.9.4.


https://github.com/wrl297/gem
https://github.com/wrl297/gem
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