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ABSTRACT
The rise of million-token, agent-based applications has placed unprecedented demands on large language model
(LLM) inference services. The long-running nature of these tasks increases their susceptibility to hardware and
software faults, leading to costly job failures, wasted resources, and degraded user experience. The stateful
key-value (KV) cache, which grows with the sequence length, presents a central challenge as it is a critical and
vulnerable component in distributed serving systems. In this work, we propose GhostServe, a novel checkpointing
solution to facilitate fault-tolerant LLM serving. Specifically, GhostServe protects the streaming KV cache in the
shadow by applying erasure coding to generate and store the parity shards in host memory. In the event of device
failures, GhostServe enables fast reconstruction of the lost KV cache, allowing the inference process to resume
seamlessly without costly full recomputation or state replication. Evaluations demonstrate that GhostServe reduces
checkpointing latency by up to 2.7× and recovery latency by 2.1× for a single batch, and 1.2× median response
latency compared to existing methods, in the presence of system failures, paving the way for high-availability and
cost-effective LLM serving at scale.

1 INTRODUCTION

The development of large language models (LLMs) has
brought the prospect of artificial general intelligence (AGI)
within closer reach, due to their exceptional performance
across diverse language understanding and generation
tasks (Brown et al., 2020; OpenAI, 2025b; Meta, 2024;
Guo et al., 2025). A key driving force behind this rapid
progress is the prevalence of scaling laws, which indicate
that the performance of LLMs improves as the model size
increases (Kaplan et al., 2020; Hoffmann et al., 2022). Nat-
urally, the deployment of inference serving has become
increasingly popular in distributed environments, where spe-
cialized accelerators such as GPUs or TPUs are utilized to
accommodate these compute- and memory-intensive work-
loads (Google, 2024; Kwon et al., 2023; Zheng et al., 2024;
Agrawal et al., 2023; Qin et al., 2025). Subsequently, the
power of LLMs has been continually pushed to the next
level, where agent-based applications like GPT Codex (Ope-
nAI, 2025a), and Claude Code (Anthropic, 2025) are ca-
pable of performing million-token complex coding tasks,
further streamlining and accelerating scientific and engineer-
ing development.
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However, as the intensity of LLM serving workloads rapidly
increases, hardware or software errors are often unavoid-
able, especially in large-scale distributed environments. In-
terruptions are common and frequent in enterprise-level
high-performance computing (HPC) data centers (Mohan
et al., 2021; Wang et al., 2023; Wan et al., 2024; Wang
et al., 2024; Gandhi & Kozyrakis, 2024). With the emer-
gence of LLM-based AI agent applications, a single point
of failure could result in catastrophic consequences for the
entire workflow, degraded user experiences, and even huge
financial losses if not promptly recovered (OpenAI, 2024;
Wikipedia, 2024; CNN, 2025). Recent studies highlight the
importance of resilient LLM services and the dire need for
inference engine and infrastructure improvements to reduce
mitigation time and impact (Ranganathan et al., 2025; Jiang
et al., 2025; Wang et al., 2024). Furthermore, the autoregres-
sive characteristic of LLM inference requires storing crucial
but growing transient intermediate states, e.g., key-value
(KV) cache for efficient token generation (Zhao et al., 2024;
Ott et al., 2019; Kwon et al., 2023). In the event of a failure,
this volatile state is lost, forcing the system to restart the in-
ference job from the very beginning. For long-context tasks,
this implies a costly recomputation of the entire KV cache
and can take as long as tens of minutes (Zhu et al., 2024;
Yang et al., 2024). Therefore, it has become increasingly es-
sential to promote real-world system reliability and improve
cost-effectiveness for LLM serving at scale (Ranganathan
et al., 2025; Jiang et al., 2025; Agrawal et al., 2024).
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Table 1. Comparison of prior works and GhostServe.

Checkpointing Recomputation Backup Overhead Recovery Overhead Overall Costs

SGLang (Zheng et al., 2024) ×
√

Low High High
SGLang + Replication (Strati et al., 2024)

√
× High Medium High

GhostServe (Ours)
√ √

Low Low Low

Although there have been prior research efforts to address
the fault-tolerant issues for LLM applications (Wang et al.,
2023; Wan et al., 2024; Strati et al., 2025; 2024; NVIDIA,
2019; Wan et al., 2025), such designs often fall short in the
case of LLM serving. First, previous systems are generally
optimized for offline LLM training, where the workloads
are often homogeneous and predictable. The protection of
model weights and optimizer states can be readily achieved
via low-latency concurrent checkpointing (Strati et al., 2025;
Wan et al., 2024; Gandhi & Kozyrakis, 2024). In the case
of LLM serving, due to the variety of input prompts and
output lengths, the computation procedure is more dynamic,
thus harder to determine and profile beforehand. Second,
applying naive checkpointing for LLM serving could in-
duce severe latency overheads, due to the growing memory
footprint of the KV cache. While methods like DéjàVu
propose to alleviate such overhead by overlapping the I/O
with computation in pipeline parallelism, it does not work
well in intra-node tensor parallelism for real-time LLM serv-
ing (Strati et al., 2024). Moreover, replication of the entire
KV cache often leads to significant host memory overhead,
as the KV cache size can be as big as hundreds of gigabytes
(GBs) for million-token contexts. The lack of sufficient
node memory could lead to CPU oversubscription, further
downgrading the system throughput performance and pre-
dictability (Baset et al., 2012; Ganguly et al., 2021).

In this work, inspired by the idea of erasure coding (Li &
Li, 2013; Aguilera et al., 2005), we propose GhostServe,
a new lightweight checkpointing framework to facilitate
fault-tolerant LLM serving in the wild. The concept of
erasure coding has been widely implemented in modern
distributed storage systems, where data is split and encoded
to generate redundant data shards for data recovery in the
event of complete disk failures (Huang et al., 2012; Li &
Li, 2013; Yiu et al., 2017; Zhang et al., 2016). The key
insight behind GhostServe is that instead of directly pro-
tecting the entire KV cache, we only need to protect the
encoded redundant pieces in the host memory, thus sig-
nificantly reducing the I/O transfer latency and memory
overheads. As shown in Figure 2, our method reduces the
host memory overhead and checkpointing latency by 75%
and 73%, respectively. However, achieving such improve-
ments demands solving two unique challenges.

First, applying erasure coding is not straightforward. Era-
sure codes are often defined over binary fields, making them

incompatible with the floating-point (FP) representation of
the KV cache. To address this issue, we adopt an integer-
centric view of the KV cache and develop a suite of highly
optimized GPU kernels to perform lossless encoding op-
erations with low latency, supporting a range of standard
codes, like XOR (Aguilera et al., 2005), RDP (Corbett et al.,
2004), and Reed-Solomon (Reed et al., 1960). Thanks to
such implementations, GhostServe silently operates in the
shadow, induces minimal overhead in both checkpointing
and recovery processes.

Second, during distributed serving, each worker indepen-
dently generates its portion of the KV cache. A strawman
solution of applying erasure coding to a distributed KV
cache encounters the issue of GPU memory overhead, de-
grading LLM serving throughput. To this end, GhostServe
conducts the erasure coding at the granularity of a chunk
(group of tokens), and assigns a dedicated worker for par-
ity generation. Such a design removes the GPU memory
overhead, while offering flexibility and fine-grained fault
tolerance for users, and can be further combined with a
recomputation strategy to foster faster recovery time. More-
over, to ensure system stability and steady GPU utilization,
GhostServe features a workload balancing strategy to ro-
tate encoding assignment in a round-robin manner, where
each GPU performs the encoding operation for each chunk
at a time. As shown in Table 1, compared against prior
methods, GhostServe provides a much more cost-effective
checkpointing solution towards million-token LLM serving,
with much lower system overheads.

To summarize, this paper makes the following contributions:

• We identify fault tolerance issues for LLM serving
and propose a novel lightweight checkpointing system
based on erasure coding, termed GhostServe.

• We develop a suite of specialized GPU kernels to sup-
port KV cache encoding and reconstruction with mini-
mal latency overhead.

• GhostServe performs checkpointing at the chunk-level
for distributed KV cache and a rotating workload bal-
ancing method to ensure minimal overhead and system
stability.

• We implement GhostServe in distributed settings on
top of SGLang, and evaluate it across diverse workload
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Figure 1. (a) Left: Prefill and decode stages in LLM inference. In the prefill stage, all queries are processed with keys and values computed
and stored in memory. During the subsequent decode stage, only the attention for new queries is needed, significantly reducing attention
computation. (b) Middle: Chunked prefill mechanism. During prefill, the input is divided into chunks of tokens, where the corresponding
KV cache is written sequentially into contiguous chunks of the KV cache buffer. (c) Right: Illustrative example of erasure coding. The
input data is first partitioned into N shards, which are then encoded to generate K parity shards. In the event of failures, the lost shards
can be reconstructed from parity shards and the surviving data shards.

scenarios. Experiments demonstrate that GhostServe
significantly improves the fault-tolerance capabilities
of existing LLM serving systems, offering substan-
tial checkpointing latency reduction and recovery time
speedup.

2 BACKGROUND

LLM Inference. Inference in transformer-based large lan-
guage models (LLMs) (Vaswani et al., 2017) typically fol-
lows a two-phase pipeline: the prefill stage and the decode
stage (Pope et al., 2023), as shown in Figure 1 (a). In the
prefill stage, the model processes the entire input prompt in
parallel, generating the key-value (KV) tensors, often known
as the KV cache (Ott et al., 2019). For prompts that often
span thousands, and even millions of tokens, chunked-prefill
is employed, where the input is partitioned into fixed-size
chunks that are processed sequentially (Zheng et al., 2024;
Agrawal et al., 2023). This can reduce peak GPU mem-
ory usage, allowing for processing very long input prompts
without running out of memory. Furthermore, chunking
creates opportunities for parallelism, where systems can
begin the memory-bound decoding work at the same time,
thus improving overall GPU utilization. The mechanism of
chunked-prefill is shown in Figure 1 (b). Once prefill com-
pletes, the decode stage begins, where the model generates
tokens one-at-a-time, making it memory-bound instead of
compute-bound.

Distributed Serving. The immense memory footprint
of modern LLMs, driven by both billion-level parameter
weights and the dynamic KV cache for long contexts, has
made it infeasible to serve them on a single accelerator. Con-
sequently, distributed serving has become a necessity, lever-
aging model parallelism techniques (Shoeybi et al., 2019;
Huang et al., 2019). A common practice is to employ tensor
parallelism for intra-node scenarios, where each operator
weight is split across multiple accelerators, with each device
executing part of the computation in parallel with device-
device synchronization at each transformer layer (Shoeybi

et al., 2019). Specialized serving systems have introduced
further optimization to address the overhead of the growing
KV cache (Kwon et al., 2023; Qin et al., 2025; Zheng et al.,
2024). vLLM proposes PagedAttention to virtually elimi-
nate memory fragmentation in the KV cache, significantly
improving throughput and memory efficiency (Kwon et al.,
2023). MoonCake further develops a KVCache-centric ar-
chitecture to leverage GPU, CPU, and SSD for efficient
disaggregated KV cache at scale (Qin et al., 2025). In terms
of fault tolerance, the prevalent strategies for most serving
systems are recomputation (NVIDIA, 2019). While DéjàVu
leverages replication method to perform concurrent KV
cache ‘checkpointing’ (Strati et al., 2024), it does not work
well for existing high-performance serving systems, such as
SGLang (Zheng et al., 2024), especially in intra-node tensor
parallelism.

Erasure Coding. Erasure coding has long been a corner-
stone of reliability in large-scale distributed storage systems,
offering robust protection against hardware failures while
significantly reducing the storage overhead of naive repli-
cation (Huang et al., 2012; Li & Li, 2013). The core idea
is to generate parity shards using existing data, creating
redundancy, as shown in Figure 1 (c). Among its vari-
ants, exclusive-OR (XOR) coding provides a simple yet
efficient mechanism to generate a parity block by perform-
ing bitwise XOR across multiple data shards (Luo et al.,
2013). However, its resilience is limited to single-failure
recovery, leaving the system vulnerable to correlated or mul-
tiple failures in large-scale clusters. row–diagonal parity
(RDP) (Corbett et al., 2004) further introduces a lightweight,
systematic XOR-based scheme that protects data using two
parity shards, namely row parity and diagonal parity, en-
abling recovery from any two simultaneous shard failures
via an efficient diagonal-walk reconstruction (Goel & Cor-
bett, 2012). In contrast, Reed–Solomon (RS) coding (Reed
et al., 1960) performs encoding and decoding over Galois
fields using unique coefficients per parity symbol, providing
higher fault tolerance but higher latency and storage costs.
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Figure 2. Comparison of checkpointing latency and memory over-
head of our erasure coding (8:2) method and state replication (Strati
et al., 2024) during prefill. Results are profiled with LLaMA-3-70B
using SGLang with a batch size of 16, and varying input sequence
lengths (32/64K), a chunk size of 2K, in tensor parallelism (TP=8)
across 8×H200 GPUs.

3 MOTIVATION

While recent efforts have dramatically improved LLM serv-
ing performance, fault tolerance and reliability remain criti-
cal, yet often overlooked, aspects of system design. In pro-
duction, LLMs are deployed on multi-GPU and multi-node
infrastructures where a single device failure can halt the
entire serving process (Wang et al., 2024; Strati et al., 2024).
A Microsoft study of 156 high-severity production incidents
shows that around 60% of failures occur at the inference
engine level, including but not limited to KV cache errors,
memory leaks, and crashes (Ranganathan et al., 2025). This
new analysis echoes prior studies indicating GPU errors
dominate the root causes for large-scale ML training appli-
cations (Kokolis et al., 2024; Wan et al., 2025). As agent-
based applications are increasingly embedded in our daily
lives, processing million-token workloads has become a re-
ality in production-level systems, where a single point of
failure could lead to minutes or even hours of wasted time
and resources (Zhu et al., 2024; Yang et al., 2024).

Unlike in LLM training, the central challenge for reli-
able LLM serving is protecting the transient KV cache,
which expands with sequence length and batch size. This
fragility is especially acute for long-context generation. A
full restart of requests with millions of tokens to recompute
the massive KV cache is expensive. For instance, processing
1M context length for a 405B model can take 20 minutes
on a single node with 8×H100 GPUs (Yang et al., 2024).
Although traditional solutions like checkpointing are effec-
tive for distributed training, they are ill-suited for the unique
demands of LLM serving due to two primary drawbacks:

• Prohibitive Latency Overhead. Checkpointing, while

straightforward, introduces severe latency by stalling
the prefill stage to write the KV cache state to host
memory or disk. This overhead is amplified in intra-
node tensor parallelism, where the I/O operations can-
not be effectively overlapped with computation. As
shown in Figure 2, this can increase prefill latency by
as much as 113% for 70B models. Such a bottleneck
will be exacerbated as applications scale to process
million-token contexts. This necessitates a more effi-
cient, lightweight method for protecting the KV cache
with minimal performance impact.

• Excessive Memory Overhead. Prevalent checkpoint-
ing methods also suffer from high memory consump-
tion. While storing a full copy of the KV cache in
host memory is simple, this brute-force replication can
exhaust node memory, ironically degrading overall sys-
tem reliability. In Figure 2, we can see that the KV
cache memory footprint can consume over 300 GB for
long-sequence inputs. Furthermore, in high-capacity
serving scenarios, host memory often acts as a buffer
for the KV cache of preempted requests (Kwon et al.,
2023; Wu et al., 2023). Adding a full checkpointed
KV cache creates further resource contention. There-
fore, an efficient and flexible memory management and
scheduling strategy for fault tolerance is crucial.

4 METHODOLOGY

In this work, we propose a new lightweight checkpointing
system, GhostServe, for distributed LLM serving based on
the idea of erasure coding to address the fault-tolerance
challenges outlined in Section 3. The overview system ar-
chitecture is shown in Figure 3 (a). Compared to naive
replication-based checkpointing, GhostServe leverages era-
sure coding to generate parity shards for the KV cache at the
granularity of a chunk (group of tokens). The parity shards
are stored in host memory and retrieved when one or mul-
tiple KV caches are lost during GPU failures. To promote
stability, GhostServe also features a load-balancing strat-
egy to assign parity generation workloads in a round-robin
manner.

4.1 Erasure Coding for LLMs

To mitigate checkpointing overheads, we employ erasure
coding to protect the streaming KV cache during LLM serv-
ing. Unlike replication, which duplicates the entire KV
cache, our approach stores only K parity shards for N data
shards (K ≪ N ). If a failure occurs, lost data is recon-
structed using the surviving data and parity shards from
the remaining workers. This method substantially reduces
storage costs. As shown in Figure 2, an 8:2 data-to-parity
ratio reduces overhead by 75% compared to full replication.
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Figure 3. (a) Left: System overview of GhostServe. (b) Right: Illustration of the chunk-level checkpointing and load-balancing strategy
in terms of GPU execution timeline. As KV cache chunks are generated (T1, T2, T3, T4), a different GPU is assigned in a round-robin
fashion to gather and compute the corresponding parity chunk, thereby distributing the checkpointing overhead. The computation for
subsequent chunks then resumes after checkpointing (T

′
1 , T

′
2 , T

′
3 , T

′
4).

However, applying erasure codes directly to the KV cache
is far from trivial. One challenge is the format incompat-
ibility, as standard schemes operate on bit-wise parity, as
opposed to the floating-point KV tensors. We address this
by reinterpreting each FP16 tensor value as a fixed-width
integer bit pattern based on the IEEE-754 standard (Saikia,
2020; Mathis & Stine, 2022). This reinterpretation is fully
reversible, ensuring lossless recovery of the original floating-
point values, and it simplifies the design of efficient, low-
latency GPU kernels. Moreover, the unique structure of
erasure codes like Reed-Solomon (RS) requires the tensors
to be treated as coefficients of a polynomial over a finite
Galois Field (Reed et al., 1960). A direct PyTorch imple-
mentation would run into issues of excessive global memory
access times, thus dominating the runtime and inducing sig-
nificant latency overhead.

To this end, we design custom native CUDA kernels by
fusing FP16-to-uint16 packing, parity computation, and
unpacking into single GPU passes using 64-bit indexing,
grid-stride loops, and warp-synchronous execution to max-
imize occupancy and avoid race conditions. Compared to
conventional tensor-wise casting or CPU-assisted check-
sum computation, our approach eliminates format conver-
sion overheads and intermediate memory transfers. Conse-
quently, our kernels deliver significantly lower latency than
native PyTorch-based implementations, as shown in Fig-
ure 6. Furthermore, GhostServe provides flexibility by im-
plementing three standard erasure coding schemes, namely,
XOR (Aguilera et al., 2005), RDP (Corbett et al., 2004),
and Reed-Solomon (Reed et al., 1960), allowing users to
select a protocol based on their fault-tolerance needs. In
distributed tensor parallelism settings, GhostServe encodes
data across the N data shards (devices) and can reconstruct
data from up to K simultaneous failures (parity shards).
Detailed implementations can be found in Section 5.

4.2 GhostServe Scheduler

Our proposal to implement erasure coding provides flexible,
low-latency fault tolerance for checkpointing and recover-
ing the KV cache. While the concept is straightforward for
single-GPU scenarios, its application in distributed settings
is non-trivial, particularly for tensor parallelism. The key
problem is how to efficiently schedule the checkpointing
process and manage the data/parity shards. A natural
solution is to have each device perform erasure coding inde-
pendently, storing necessary shards from peers in its local
HBM memory. However, such a strawman solution suffers
from two main drawbacks.

First, it has been shown that the performance of LLM
serving highly depends on the availability of GPU mem-
ory (Kwon et al., 2023; Wu et al., 2023; Zheng et al., 2024).
Such a naive approach would induce significant GPU mem-
ory overhead, as each GPU would have to allocate addi-
tional space to store data or parity shards from other GPUs.
This severely limits the serving capacity and may lead to
a degradation in the quality of service (QoS). Furthermore,
coordinating the data and parity shards across GPUs in-
volves complex communication protocols, which often re-
quire ring-based operations, such as all-to-all. These ad-
ditional communication overheads could lead to potential
system bottlenecks.

Chunk-level Checkpointing. To this end, we propose to
perform checkpointing at the granularity of a chunk, de-
fined as a group of tokens. Instead of conducting erasure
coding on each device individually, we collect all the KV
cache and view each KV cache as an individual data shard,
and generate corresponding parity shards. An illustration
of the above process is shown in Figure 3. After each KV
cache chunk is generated (T1, T2, T3, T4), a GPU is speci-
fied to gather the KV cache chunk and conduct the parity
generation workloads. The GPUs are then synchronized
after parity generation to resume the inference process for
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Algorithm 1 GhostServe Checkpointing Workflow.
Initialization: Initialize erasure coding compute unit
EC, KV cache KV , chunk size m, input length s, num-
ber of prefill chunks c = ⌈s/m⌉, the number of GPUs
N , number of parity shards K, GPU assignment index
k.

1: i, k = 0, 0
2: for all i < c do
3: for all j < N do
4: # Generate KV cache chunk
5: KV j

i = GPUj .Process(m, i)
6: end for
7: # Gather KV cache to k-th GPU
8: KVi = torch.dist.gather(KV 1:N

i ,GPUk)
9: # Perform erasure coding

10: Pi = EC.encode(KVi)
11: # Transfer parity shards to host memory
12: Pi

PCIe−−−→
Async

DRAM

13: if k == N then
14: # Reset assignment index
15: k = 0
16: else
17: # Move to the next GPU for encoding
18: k = k + 1
19: end if
20: end for

the next chunk. (T
′

1, T
′

2, T
′

3, T
′

4). Thanks to fast intra-node
NVLink and our fast erasure coding kernel, the idle time
in between each chunk accounts for less than 5%. These
parity shards are subsequently offloaded to host memory,
thus eliminating GPU memory overhead. Unlike the straw-
man, which requires large, persistent HBM allocations on
each GPU to store peer shards, our approach only requires
a small, fixed-size temporary buffer for the gather operation.
This process can be seamlessly integrated into chunked pre-
fill and, by operating at the chunk level, also minimizes its
impact on decode throughput.

Recovery with Partial Recomputation. To further speed
up the recovery process, GhostServe employs a hybrid strat-
egy, where partial preceding KV cache is recomputed. Upon
failure, the system initiates GPU-side recomputation only
for the initial portion of the KV cache, while the remain-
ing segments are recovered using the available parity and
surviving data shards. This hybrid mechanism eliminates
the need for GPUs to remain idle until all parity shards are
transferred from CPU to GPU memory. Instead, it over-
laps recomputation with I/O transfers, effectively hiding
latency and ensuring continuous GPU utilization during the
recovery process.

Load Balancing. A static assignment, where one GPU is

repeatedly tasked with parity computations, would create
potential straggler effects, inducing severe workload im-
balance and performance bottleneck (Lin et al., 2025; He
et al., 2025). To prevent ‘hotspots’ and reduce the risks of
single-device thermal wear-out, GhostServe features a load
balancing strategy that distributes the parity computation
load, as shown in Figure 3 (b). The duty is rotated across
devices in a round-robin manner (e.g., GPU 0 computes
parity for Chunk 0, GPU 1 for Chunk 1, and so on). This
strategy ensures that the computational and communication
overhead of erasure coding is shared equally, promoting bal-
anced GPU utilization. Redundancy is generated on-the-fly
without intermediate memory staging, enabling high GPU
occupancy and sustained NVLink bandwidth for efficient,
fault-tolerant LLM serving.

Overall Workflow. Combining the above-mentioned tech-
niques, we now describe the workflow of GhostServe sched-
uler in detail, including the checkpointing and recovery
process.

1) Redundancy-based Checkpointing. We present the
detailed procedure of our checkpointing process in Algo-
rithm 1. For readability, we describe the checkpointing only
for the prefill, since the same process can be applied for
decoding, where the parity is updated once the KV cache
for a chunk of tokens is generated. GhostServe employs
dynamic chunking, where a request with an input length s is
partitioned into ⌈s/m⌉ chunks, and the final partial chunk is
handled using thread-masking and bounds-checking within
our CUDA kernels, where the parity is only computed for
active KV caches. In lines 3-6, for each input chunk, all N
GPUs work in parallel to compute their respective portions
of the KV cache. In Lines 8-13, once a full KV cache chunk
has been generated across all GPUs, we first collect the
distributed pieces of the chunk, denoted as KV j

i on a sin-
gle, designated GPU, indexed by k, using torch.dist.gather.
Next, GPUk uses an encoding function EC.encode(·) to
compute a set of redundant parity shards for the entire chunk.
The newly created parity shards are immediately moved to
the main system’s host memory. Lastly, to ensure balanced
workloads, the GPU assignment index is updated at every
chunk until all input tokens are processed.

2) Hybrid Recovery. We also present the design of our
recovery procedure in Algorithm 2. We use failure during
prefill and a single-GPU failure as examples for simplicity.
Failure scenarios for both decoding and multi-GPU can be
readily generalized, as the recovery function is applied to
the failed GPUs separately. Compared to prior checkpoint-
ing methods, we adopt a hybrid recovery mechanism, inte-
grating recomputation to further reduce stall time. During
interruption, the process begins when a failure is detected
on a specific GPU, e.g., k-th GPU after a certain number
of chunks (n-th chunk) have been processed. In lines 3-
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Algorithm 2 GhostServe Recovery Workflow.
Initialization: Initialize erasure coding compute unit
EC, KV cache KV , chunk size m, input length s, num-
ber of prefill chunks c = ⌈s/m⌉, the number of GPUs
N , number of parity shards K. Assuming k-th GPU
failed after n-th chunk.

1: ...
2: Failure.detect()
3: # Calculate the recompute units
4: r = get recompute units(s,m,N,K)
5: if r >= n then
6: # Perform recomputation
7: for all i < n do
8: KV k

i = GPUj .Process(s, i)
9: end for

10: else
11: # Perform recomputation + reconstruction
12: for all i < r do
13: KV k

i = GPUj .Process(s, i)
14: end for
15: # Gather remaining KV cache to k-th GPU
16: KV1:n−r = torch.dist.gather(KV 1:N

1:n−r,GPUk)

17: P1:n−r
PCIe−−−→

Async
GPUk

18: # Perform reconstruction
19: With CUDA.Streams():
20: KV1:n−r = EC.reconstruct(KV1:n−r, P1:n−r)
21: end if
22: Serving.Resume()
23: ...

4, we first compute the optimal number of chunks (r) that
should be recomputed from scratch. For short sequences,
full recomputation is conducted for recovery, which avoids
the communication overhead of gathering data for erasure
coding reconstruction (see lines 5-9). In the case of long-
context scenarios, erasure coding is further applied. Apart
from recomputing r KV cache chunks, the scheduler gath-
ers (n− r) chunks of data shards from surviving GPUs and
transfers the parity shards from CPU memory to the failed
GPU in an asynchronous fashion. Next, the reconstruction
function EC.reconstruct(·) for erasure coding is applied for
each chunk individually with CUDA streams (lines 18-20).
Once the failed GPU state has been fully restored through
either recomputation or reconstruction, the inference job
resumes from the interruption point.

We note that GhostServe is primarily designed for intra-node
serving, thus focusing on individual device memory soft-
ware faults, such as silent data corruptions (Ma et al., 2025;
Mitra et al., 2025), memory errors (Cui et al., 2025), kernel
faults (Salpekar et al., 2026), and resource leaks (Pietro
et al., 2013), which do not usually require a hard restart of
the entire node. In this work, we only consider scenarios

where the failed GPUs can be restarted to rejoin the sur-
viving GPUs to resume inference services. In practice, the
recovery process also includes re-establishing NCCL con-
nections, GPU warmups, and CUDA graph capture, which
should occur before KV cache recovery. Failure scenarios
for both decoding and multi-GPU can be readily general-
ized, as the recovery function is applied to the failed GPUs
separately. GhostServe can tolerate up to K number of
simultaneous GPU failures, same as the number of parity
shards, without resorting to pure recomputation.

5 IMPLEMENTATION

GhostServe is an end-to-end system implemented with 4K
lines of Python and 1.5K lines of C++/CUDA. We use
SGLang version 0.5.1 (Zheng et al., 2024) as our backend
and implement our method as a plug-in module. In prac-
tice, GhostServe can be integrated into existing serving en-
gines such as vLLM (Kwon et al., 2023) and HuggingFace-
TGI (Wolf et al., 2019) with minimal modifications, making
it portable and easy to adopt. For the attention backend, we
adopt FlashInfer version 0.3.1 (Ye et al., 2025), built on top
of PyTorch 2.8 with CUDA 12.6. We use NCCL version
2.21.5 for GPU communication within the node. Our code
is available here1.

Kernel Optimization. Since GhostServe introduces ad-
ditional compute overhead, achieving high performance
requires carefully optimized GPU kernels. We implement
three key optimization techniques: (1) Kernel fusion. We
reduce the kernel launch overhead by fusing multiple op-
erations into a single GPU kernel. Instead of separately
invoking the conversion, encoding, and reconstruction oper-
ations, we perform kernel fusion for both the checkpointing
and recovery procedures in a single pass. (2) CUDA Graph.
As the erasure coding is conducted at the chunk level with
a fixed size, we further leverage the CUDA graph to min-
imize kernel launch overhead, where graphs of encoding
and reconstruction operations are captured and replayed.
(3) CUDA Streams. To accelerate recovery when multiple
chunks of the KV cache must be reconstructed concurrently,
GhostServe employs a multi-stream CUDA execution strat-
egy. Each chunk is assigned to a dedicated CUDA stream,
enabling concurrent parity decoding fully utilizing the avail-
able GPU SMs.

Continuous Batching. While GhostServe is primarily de-
signed for long-input batched inference, we also extend
GhostServe for online serving by creating a CUDA stream
pool to manage each request. During the forward check-
pointing process, each incoming request is assigned a CUDA
context, which generates and updates the parity individually.

1https://github.com/project-ghostserve/
26mlsys-AE-GhostServe

https://github.com/project-ghostserve/26mlsys-AE-GhostServe
https://github.com/project-ghostserve/26mlsys-AE-GhostServe
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Figure 4. Performance comparison of different fault-tolerant methods. The latency results are measured with a batch size of 16, chunk
size of 2K, and an output length of 4K, using varying input lengths that range from 2K to 64K. I/O overhead represents the total I/O
latency incurred during the checkpointing process. Recovery latency denotes the time required to restore 50% of the chunks to resume
inference. All models are running with an 8:2 parity ratio for GhostServe.

In the event of KV cache loss, multiple streams are launched
to recover the KV cache for each request, allowing the GPU
to overlap kernel executions.

6 EVALUATION

6.1 Experimental Setup

Hardware. We conduct our experiments on a private cluster,
configured with 8 NVIDIA H200 GPUs, connected over
NVLink Gen 4, and two 48-core Intel processors, with 1024
GB DDR5 memory, connected through PCIe Gen 4 with a
maximum bidirectional bandwidth of 32 GB/s.

Models. We evaluate GhostServe on a diverse range of
LLMs to demonstrate its generalization across model types
and scales. Specifically, we use LLaMA-3-8/70B (Meta,
2024), GPT-OSS-20/120B (OpenAI, 2025b), and DeepSeek-
R1-32B (Guo et al., 2025). All models are executed in half
precision (FP16).

Workloads and Metrics. We synthesize traces using
the Medha generator (Agrawal et al., 2024) to generate a
mix of long-input-short-output and short-input-long-output
requests, with various batch sizes (4∼64) and sequence
lengths (4K∼1M). For request timestamps, we model re-

quest arrival times according to a Poisson distribution. For
efficiency metrics, we use prefill, decode, and recovery la-
tency for batched inference, and P50 and P99 latency for
online serving. In terms of cost-benefit analysis, we use
(1) Effective-Inference-Time-Ratio (EITR): Defined as the
division of actual inference time and total runtime. This
helps quantify the overhead/costs for checkpointing. (2)
Mean-Time-To-Recover (MTTR): Defined as the average
recovery time for entire request traces. This helps quantify
the benefits of checkpointing.

Failure Simulation. In terms of fault injection, we first
build a failure model using statistics from prior work (Strati
et al., 2024; Ranganathan et al., 2025; Wang et al., 2024;
Wan et al., 2025). We mimic device faults by completely
flushing the memory buffers of particular workers and hang-
ing the other workers until all the data is recovered. Fol-
lowing prior works (Ranganathan et al., 2025; Wang et al.,
2024), we vary the overall failure rate from 5% to 15%,
and inject failure at random points throughout the request’s
execution runtime.

Baselines. We compare GhostServe with three previous
baseline methods:

• SGLang - Base: The majority of LLM serving engines
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Figure 5. Performance comparison of different fault-tolerant methods in online serving. Here, we measure P50/99 latency and effective-
inference-time-ratio (EITR) under both failure-free and failure-induced environments. Faults are injected at random steps with a failure
rate 15%.

lack a sufficient recovery mechanism for the KV cache,
and employ a simple recomputation technique when
an interruption occurs (NVIDIA, 2019; Kwon et al.,
2023; Zheng et al., 2024). We refer to this baseline as
SGLang - Base.

• SGLang - SSD: Existing training-based methods pro-
vide a mechanism to checkpoint the model weights
to persistent storage, such as NVMe SSD. Here, we
reproduce a similar asynchronous baseline based upon
the state-of-the-art PCCheck (Strati et al., 2025), and
refer to SGLang - SSD.

• SGLang - CPU: DéjàVu is the state-of-the-art LLM
fault-tolerant solution for multi-GPU serving, which
utilizes a state replication method to store KV cache
in CPU memory (Strati et al., 2024). Here, we imple-
ment DéjàVu for SGLang in an asynchronous manner
for intra-node tensor parallelism, where we refer to
SGLang - CPU.

6.2 End-to-End Results

Batched Inference. Figure 4 demonstrates the performance
comparison across different models and scales with varying
input sequence lengths for different methods. We observe
that GhostServe shows significant improvements against
prior checkpointing methods. Three key insights emerge
from these results. First, GhostServe consistently yields
lower latency overhead during prefill. It delivers an aver-
age 2.7× speedup over CPU-based replication, despite its

complex procedure. Second, it also has a minimal impact
on the decode latency, inducing less than a 10% overhead.
GhostServe delivers a dramatic 47× speedup over SSD-
based replication. This efficiency stems from our efficient
erasure coding kernel operation and reduced checkpointing
memory overhead. It can be seen that GhostServe achieves
a 13× reduction in I/O overhead relative to CPU checkpoint-
ing and a 132× reduction compared to SSD checkpointing.
Third, GhostServe consistently achieves the lowest recovery
latency, even on large models such as GPT-OSS-120B and
LLaMA-70B, while competing approaches incur orders of
magnitude higher costs. For instance, on LLaMA-3-70B
with 64K input tokens, GhostServe recovers in under 5 sec-
onds, compared to close to 2 minutes for the SSD-based
method. These results confirm that GPU-centric parity gen-
eration substantially minimizes checkpointing latency and
memory overhead, making GhostServe far more practical
for large-scale fault-tolerant LLM serving.

Online Serving. Figure 5 further shows the efficacy of
our method in continuous serving scenarios. Specifically,
we compare how each method affects the normal inference
process. Here, we summarize three key observations. First,
in failure-free settings, GhostServe provides much lower
checkpointing overheads in terms of mean and tail latency,
with up to 11% reduction. Second, GhostServe significantly
mitigates the effect of interruptions or failures during serv-
ing. For instance, in the LLaMA-70B model, thanks to
the fast recovery mechanism of erasure coding, GhostServe
achieves 1.2× and 1.1× speedups in P50 and P99 latency
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Figure 6. Kernel Microbenchmark. All experiments are conducted using LLaMA-3-70B with a batch size of 16. (a) Left: Performance
breakdown for erasure coding kernel during checkpointing and recovery for different chunk sizes. (b) Right: Impact of implementation
method (PyTorch vs CUDA), kernel fusion, and CUDA graph on the erasure coding performance for different chunk sizes.

Figure 7. Cost-benefit analysis for serving LLaMA-3-70B model
over the entire serving traces. Here, we compare the EITR
and MTTR for different methods under varying failure rates
(5%∼15%).

against naive recomputation, respectively. Third, Ghost-
Serve achieves consistently high EITR (> 90%) compared
to baseline methods. In particular, GhostServe improves
upon replication by an average of 23% under failures. The
benefits of CPU-checkpointing diminish as the model size
scales up, where for larger models, such as 70B and 120B,
it actually underperforms the recomputation baseline, due
to its high I/O overheads, further demonstrating the cost-
effectiveness and practicality of GhostServe in real-world
serving.

6.3 Performance Analysis

Cost-Benefit Analysis. Figure 7 demonstrates the detailed
reliability analysis of GhostServe on serving LLaMA-3-70B.
Here, we summarize two observations. First, GhostServe

can maintain relatively high EITR under varying failure
rates, showcasing its robustness in different scenarios. In
contrast, both baseline methods suffer from performance
degradation as the failure rate rises. Second, GhostServe
provides much lower mean-time-to-recover (MTTR) than
replication across different settings. This is thanks to the
hybrid approach of GhostServe, which combines both re-
computation and erasure coding, operating in parallel to
speed up the KV cache recovery.

Kernel Microbenchmark. Figure 6 presents the kernel-
level latency breakdown of GhostServe, revealing three key
observations. First, the overhead from collection and era-
sure coding is modest, remaining significantly lower than
the dominant GPU-to-CPU I/O transfer time. Second, par-
ity generation and reconstruction complete faster than the
NCCL operations used for KV cache collection, and the
reconstruction process takes less time than the NCCL oper-
ations to collect the KV cache. One reason for this is the
inherent nature of many-to-one torch.dist.gather operation,
requiring all GPUs to be synchronized. Third, our cus-
tom kernel delivers significantly lower latency than a native
PyTorch-based implementation. Kernel fusion and CUDA
graphs further accelerate the erasure coding by up to 1.05×
and 1.13× on encoding and reconstruction, respectively,
across different chunk size configurations.

Sensitivity Studies. Figure 8 presents the results of Ghost-
Serve for further performance analysis for different parity
ratios, batch sizes, and the impact of recomputation in our
hybrid recovery procedure. Here, we summarize four key
insights. First, GhostServe remains robust under different
fault-tolerance requirements, where increasing the parity
ratios adds marginal overheads to both checkpointing and
recovery latency, indicating the scalability of our method.
Second, similar to sequence length scaling, GhostServe
outperforms prior methods consistently in terms of check-
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Figure 8. Sensitivity Studies. All experiments are conducted using LLaMA-3-70B with a chunk size of 2K. Recovery latency is the time
required to restore 50% of the KV cache. (a) Left: Performance comparison of GhostServe under different parity ratios. (b) Top Right:
Performance comparison of different fault-recovery methods with varying batch sizes and TP sizes. (c) Bottom Right: Ablation studies on
the impact of recomputation on the recovery latency.

pointing overheads and recovery latency, and scales well
with batch sizes. Third, GhostServe consistently outper-
forms CPU-checkpointing in high TP settings (TP>2). For
TP=2, the benefit of erasure coding vanishes due to its ex-
tra overhead in encoding and no reduction in I/O transfer
latency. Last, we observe that our hybrid recovery mecha-
nism of combining recomputation and reconstruction results
in significant recovery time improvement, achieving up to
42.9%. This stems from the reduced amount of host-device
data transferred and computation load for reconstruction,
thereby lowering recovery latency.

Scaling to Million Tokens. We further conduct experi-
ments with extremely long sequences, up to 1M tokens, as
shown in Figure 9. We make two key observations. First,
GhostServe induces less than 6% overhead upon the base-
line method, highlighting the scalability of our method in
real-world, agent-based workloads. Moreover, compared to
DéjàVu, our method significantly reduces the checkpointing
overhead. For instance, in 1M prefill, the overhead drops
from 2.6 mins to only 9 seconds. This demonstrates that our
solution is far more practical for production-level serving
systems when dealing with long-sequence inputs.

7 RELATED WORK

LLM Serving Systems. A large body of work focuses on
improving LLM serving for high throughput and low la-
tency through efficient KV cache management (Kwon et al.,
2023; Zhao et al., 2024; Zhao & Wang, 2024), and kernel
optimization (Ye et al., 2025; Dao, 2023). Notably, vLLM
introduces paged key-value (KV) cache to improve memory
efficiency and reduce fragmentation (Kwon et al., 2023).
SARATHI proposes chunked-prefill and stall-free batching
to overlap prefill and decode stages to improve GPU uti-
lization. (Agrawal et al., 2023). Kernel libraries, such as
FlashAttention (Dao, 2023) and FlashInfer (Ye et al., 2025),
aim to improve the execution speed at the operator level.
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Figure 9. Performance comparison of different methods when scal-
ing to million-tokens. Results are reported using LLaMA-3-70B,
with a batch size of 1, chunk size of 2K, and output length of 4K.

Nonetheless, these systems do not consider the aspect of
fault tolerance and resort to naive recomputation for KV
cache recovery. Furthermore, methods like DéjàVu induce
too much overhead for these high-performance systems in
tensor parallelism settings. To bridge this gap, GhostServe
leverages erasure coding to enable lightweight checkpoint-
ing for distributed LLM serving.

Fault-Tolerance for LLMs. Providing fault-tolerance sup-
port during LLM training has become increasingly critical as
model scales and training durations continue to grow (Mo-
han et al., 2021; Wan et al., 2025; Gandhi & Kozyrakis,
2024; Pandya, Chirag and Rice, Tristan, 2024). CheckFreq
is among the first to enable automatic checkpointing for deep
neural networks (DNNs) at the iteration level (Mohan et al.,
2021). PCCheck further leverages concurrent checkpointing
to minimize overhead and recovery time (Strati et al., 2025).
For large-scale LLM training, ByteCheckpoint (Wan et al.,
2024) develops a unified library to support checkpointing at
the scale of tens of thousands of GPUs. MoEtion proposes a
distributed, sparse in-memory checkpointing for mixture-of-
expert (MoE) model training (Gandhi & Kozyrakis, 2024).
TorchTitan offers a unified library with step-level fault toler-
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ance for training LLMs at scale (Pandya, Chirag and Rice,
Tristan, 2024). Despite these efforts, traditional replication-
based checkpointing is not optimal for LLM serving.

Fault-tolerance in Distributed Systems. Fault tolerance
has long been a fundamental concern in distributed systems,
where reliability is critical in the presence of hardware faults,
network disruptions, or node crashes. Classic redundancy-
based techniques, such as replication and checkpointing,
provide strong protection but often incur prohibitive storage
and performance overheads at scale. Erasure coding, partic-
ularly Reed–Solomon (RS) (Guruswami & Wootters, 2016)
and its variants, has emerged as a more storage-efficient
solution and has been widely adopted in large-scale stor-
age infrastructures. Beyond storage, distributed computing
frameworks such as MapReduce (Dean & Ghemawat, 2008)
and MPI-based high-performance systems integrate check-
point/restart and log-based recovery to mitigate task or node
failures. In this work, we aim to leverage the classical idea
of erasure coding to promote reliability for LLM serving.

8 DISCUSSION AND LIMITATION

Cross-node Scalability. GhostServe can be further ex-
tended to cross-node environments through hierarchical
fault-tolerance coordination and bandwidth-aware parity
placement. For inter-node redundancy, GhostServe can des-
ignate one or more parity coordinators that aggregate parity
blocks across nodes using NCCL over InfiniBand or NIC.
The challenge of providing node-level reliability lies in
the bandwidth disparity between hierarchical interconnects.
High-speed intra-node links (e.g., NVLink) are constrained
by slower inter-node fabrics. Different parallelism strategies
also affect both the placement and communication patterns
of the distributed KV cache. Future work must address
this by developing a topology-aware communication strat-
egy that intelligently schedules data transfers. Furthermore,
remote storage disks must come into play in multi-node
environments, due to their durability to sustain node-level
failures. Potential solutions should include efficient schedul-
ing algorithms and implementations that dynamically select
the most efficient communication paths for checkpointing
and recovery.

Full-stack Fault Tolerance. While GhostServe provides
lightweight and efficient redundancy for KV cache protec-
tion, it does not achieve full-stack fault tolerance across the
GPU runtime. In the event of a GPU failure, GhostServe
successfully restores the missing KV cache using erasure-
based recovery, but the underlying parallelism topology
remains static. This means that failed GPUs cannot be dy-
namically excluded or replaced during ongoing inference,
as the NCCL communication graph and tensor partitioning
are initialized at launch time (Shoeybi et al., 2019). Without

runtime reorganization of TP groups or model weight redis-
tribution, inference must pause until the failed GPU recovers
or the system creates a new topology. Consequently, Ghost-
Serve primarily targets data-level GPU memory ‘soft’ errors
that do not induce hard system failure. For hardware faults
that cannot be recovered with system reboots, GPU resource
overprovisioning (Coppock et al., 2025; Kokolis et al., 2024)
is often a must to ensure minimal impact and real-time live
service migration. Integrating GhostServe with full-stack
frameworks like TorchFT (Pandya, Chirag and Rice, Tristan,
2024) would enable end-to-end resilience, bridging the gap
between memory-level protection and system-level fault
recovery.

Real-world Serving. While GhostServe has shown promis-
ing results in serving long-input prefill-heavy workloads,
its application to decode-heavy reasoning workloads re-
quires further investigation. A key challenge lies in the
unpredictability of decode lengths, thus complicating the
encoding protocol. Furthermore, as prefill-decode (PD)
disaggregated architectures have become mainstream for
real-world serving (Qin et al., 2025; Zhong et al., 2024),
how to provide fault tolerance for both prefill and decode
workers remains an open question.

9 CONCLUSION

This work identifies the fault-tolerance issues for LLM serv-
ing and proposes erasure coding to achieve low-latency
checkpointing and recovery in the presence of system faults.
Built upon chunk-level checkpointing and load balanc-
ing techniques, we design and implement a system solu-
tion, termed GhostServe, and evaluate it across different
workloads and model scales. Extensive experiments show
that GhostServe consistently outperforms existing methods,
achieving up to 2.1× and 2.7× latency improvement in
checkpointing and recovery, respectively, and up to 1.2×
median response latency speedup.
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