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ABSTRACT
Tensor parallelism (TP) enables large language models (LLMs) to scale inference efficiently across multiple GPUs,
but its tight coupling makes systems fragile: a single GPU failure can halt execution, trigger costly KVCache
recomputation, and introduce long-term compute and memory imbalance. We present RaidServe, a fault-tolerant
TP serving system that sustains high performance under irregular GPU availability. RaidServe introduces three
techniques to balance computation and memory across GPUs: (1) Cyclic KVCache Placement for even memory
utilization, (2) Hybrid Attention combining tensor- and data-parallel attention to eliminate stragglers, and (3)
Fine-Grained Load-Aware Routing to dynamically balance requests. It further employs proactive KVCache backup
and on-demand weight recovery to avoid expensive recomputation and redundant data transfers. We implement
these techniques in a lightweight serving engine compatible with existing LLM infrastructures. Evaluated on
an 8xH100 DGX system with real-world fault traces and representative workloads, RaidServe achieves up to
2x higher throughput and two orders of magnitude lower recovery latency compared to standard fault-handling
approaches. Even with up to three GPU failures, RaidServe sustains high throughput and balanced utilization,

demonstrating robust and efficient LLM serving under dynamic and unreliable hardware conditions.

1 INTRODUCTION

Modern Large Language Models (LLMs) have significantly
advanced capabilities across diverse applications, including
conversational agents (OpenAl, 2022), search engines (Gem-
ini), code generation (Github, 2024), and scientific discov-
ery. As these models scale rapidly — now comprising
hundreds of billions or even trillions of parameters—their
computational and memory requirements have risen dra-
matically (DeepSeek-Al, 2024). Consequently, deploying
LLM inference workloads increasingly demands aggrega-
tion of compute and memory resources across multiple
GPUs, often distributed over several nodes. Tensor par-
allelism (TP) has emerged as a prominent solution for effi-
ciently scaling these workloads by tightly coupling GPUs
using high-bandwidth interconnects such as NVIDIA’s
NVLink (NVIDIA), AMD’s infinity fabric link (AMD) or
Google’s TPU Pods (Google).

While TP enables efficient scaling within a scale-up
domain—a set of GPUs connected via high-bandwidth
interconnects—it also inherently couples all participating
devices (Shoeybi et al., 2019). This tight coupling creates
a double-edged sword: a single GPU failure can render
the entire TP execution unavailable across all GPUs within
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the affected scale-up domain. With scale-up domain sizes
steadily increasing—with current deployments reaching up
to 72 GPUs (NVIDIA, 2025a) — the probability and im-
pact of GPU failures both intensify. Recent studies (He
et al., 2023; Hu et al., 2024; Kokolis et al., 2025; Jiang et al.,
2024) underline the rising frequency of GPU failures, at-
tributing them to hardware degradation, thermal instability,
and unpredictable preemptions. These failures impose sub-
stantial hurdles for maintaining reliable, high-performance
inference services, critically affecting user experience and
overall system efficiency. Typically, GPU failures introduce
two primary types of overhead:

Challenge #1: Recovery Overhead. When a GPU fails,
several immediate complications arise in reassigning infer-
ence workloads. First, the KVCache for all inflight requests
previously managed by the failed GPU is irrecoverably lost,
requiring expensive and time-consuming recomputation be-
fore inference can continue. Additionally, the surviving
GPUs must reshard and rebalance model weights (stored in
CPU DRAM or persistent storage), resulting in substantial
data movement and traffic over PCle. Collectively, these
recovery tasks—KVCache reconstruction and model weight
resharing—trigger significant latency spikes, stall in-flight
requests, and severely degrade the quality of experience for
clients, as depicted in Figure 13.

Challenge #2:Persistent Imbalance Overhead. After recov-
ery, the system continues with fewer GPUs than originally
provisioned (e.g., from 8 to 7), breaking the symmetry as-
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sumptions under which serving pipelines are tuned. The
result is enduring compute and memory skew. Compute
imbalance occurs primarily due to uneven workload distri-
bution, notably within attention layers partitioned by dis-
crete attention heads. This imbalance leads to some GPUs
idling, awaiting heavily loaded GPUs to complete their tasks,
resulting in stalled resources and significantly diminished
throughput. Concurrently, memory imbalance arises from
unequal distribution of KVCache utilization across GPUs.
This memory imbalance limits available cache capacity,
forcing smaller batch sizes and further constraining through-
put due to increased overhead from frequent kernel launches
and reduced parallelism. These persistent imbalances, de-
picted in Figures 1 and 2, consistently impose performance
bottlenecks and cause severe underutilization of valuable
GPU resources.

To address these challenges, we propose RaidServe, a sys-
tem designed to provide high-performance yet resilient TP
serving under irregular GPU availability. RaidServe intro-
duces three key techniques to sustain efficiency and bal-
ance under irregular GPU availability: (1) Cyclic KVCache
Placement, which rotates KVCache placement across layers
to evenly distribute memory usage and preserve effective
batch size; (2) Hybrid Attention, which integrates TP- and
DP-style attention to balance computation across GPUs
and eliminate stragglers; and (3) Fine-Grained Load-Aware
Routing, which dynamically dispatches requests based on
real-time GPU load to reduce intra-batch workload imbal-
ance. In addition, RaidServe incorporates proactive K'V-
Cache backup to eliminate time-consuming recomputation
during recovery, and on-demand weight restoration to min-
imize I/O overhead. During normal operation, KVCache
backups are asynchronously maintained in the background.
Upon failure, each GPU restores only the necessary sub-
set of lost KVCache and model weights in a joint, non-
redundant manner, thereby avoiding excessive PCle data
transfers and accelerating recovery.

We implement these mechanisms in a lightweight serving
engine that integrates seamlessly with existing LLM infras-
tructures. Evaluated on an 8xH100 DGX system using
real-world fault traces and representative serving workloads,
RaidServe demonstrates strong performance across both of-
fline throughput-optimized and online latency-constrained
scenarios. It achieves up to 2x higher throughput and up
to two orders of magnitude lower recovery latency com-
pared to standard fault-handling practices. Further analysis
shows that RaidServe continues to deliver substantial per-
formance benefits even when up to three of eight GPUs fail,
highlighting its robustness and scalability under severe fault
conditions.

2 RESILIENT MODEL SERVING
2.1 Background
2.1.1 LLM Inference

Most popular LLMs are based on the Transformer ar-
chitecture, comprising multiple stacked transformer lay-
ers (Vaswani et al., 2017). Each layer consists of an attention
mechanism and a feed-forward network (FFN). Attention
layers enable tokens within a request to interact, while FFN
layers process tokens independently. Most LLMs adopt the
auto-regressive decoding mechanism, leading to an incre-
mental inference process consisting of several iterations (Yu
et al., 2022). At each inference iteration, the model predicts
the next token based on all previously generated tokens.
To optimize performance and avoid redundant computa-
tion, LLM serving systems cache intermediate token states—
known as the KVCache—for reuse in subsequent token
generation steps (Zheng et al., 2025; Kwon et al., 2023).
This caching strategy divides the inference process into two
distinct phases: the prefill phase, which processes all input
tokens simultaneously in a single iteration to construct the
initial key-value cache and generate the first output token;
and the decoding phase, where only the newly generated
token requires computation to update the KVCache.

2.1.2 Multi-GPU LLM Inference

Modern LLMs frequently exceed the memory capacity and
performance capabilities of single GPUs, necessitating dis-
tributed execution strategies. Inference parallelism differs
fundamentally from training parallelism, as it involves only
forward-pass computations—without gradients—and intro-
duces specific challenges such as efficient management of
the key-value (KV) cache. Effective parallelism schemes
typically aim either to minimize latency for individual in-
ference requests or to maximize the overall throughput of
concurrent workloads. Common parallelism strategies in-
clude data parallelism (DP), where the model is replicated
across multiple nodes to independently handle separate re-
quests, and pipeline parallelism (PP), where model layers
are distributed sequentially across nodes to balance com-
putational load and memory usage. Among these methods,
tensor parallelism (TP)—which partitions model parameters
and KVCache evenly across all GPUs within a node—stands
out. TP uniquely leverages high-bandwidth interconnects
within a node to reduce inference latency by splitting large
matrix operations across GPUs. Hybrid Parallelism com-
bines TP and PP, often using TP within compute nodes and
PP across nodes, to scale to larger models and GPU counts.

2.1.3  Frequent Failures in Large-Scale Clusters

Modern inference-serving clusters routinely consist of thou-
sands of GPUs interconnected by sophisticated network-
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ing, storage, and power infrastructures. At this scale,
hard failures—complete, sudden, and persistent hardware
disruptions—occur frequently and inevitably. Common
sources of these hard failures include GPU overheating,
ECC errors, CUDA errors, and GPU driver errors leading to
abrupt termination of system software running on them (Hu
et al., 2024). For instance, Alibaba Cloud (He et al., 2023)
reported abnormal termination rates as high as 44% for its
top 5% most resource-intensive workloads. Similar relia-
bility challenges have been echoed by Meta (Kokolis et al.,
2025), ByteDance (Jiang et al., 2024), LAION (Beaumont,
2022), and Google (Zu et al., 2024).

2.2 Motivation and Challenges

2.2.1 Imbalanced Load over Irregular Hardware

Configurations

When deploying LLMs on an irregular number of GPUs,
for example, seven instead of the ideal eight due to GPU
availability issed discussed in §2.1.3, it becomes challeng-
ing to maintain balanced computation and memory usage
across devices. For feed-forward (FFN) layers, weights are
typically partitioned along the intermediate dimension, al-
lowing relatively even distribution even across fewer GPUs,
since the intermediate dimension is large enough to divide
smoothly. In contrast, attention layers are divided by at-
tention heads, which are usually limited to only tens per
layer, leading to severe imbalance when sharded across an
irregular number of GPUs.

For instance, when sharding a LLaMA-3.1-70B model
(Meta-Al, 2024) with 8 key-value heads across seven GPUs,
some ranks inevitably host two heads while others hold only
one, resulting in up to a 2x slowdown in attention-layer
computation (Figure 2). This imbalance is further exacer-
bated in long-context scenarios, where each attention head
contributes not only to computation but also to the KVCache
memory footprint. As a result, certain ranks may consume
up to twice as much KVCache memory as others. Due to the
synchronized nature of tensor parallelism, such imbalance
effectively reduces the usable batch size of the entire system,
leading to substantial throughput degradation, as shown in
Figure 1.

2.2.2  Latency Spike due to State Loss

When a GPU suddenly fails or becomes temporarily un-
available, all model parameters and KVCache residing on
it are immediately lost. While static model weights can
be reloaded from persistent storage such as host memory
or disk with moderate cost, the KVCache represents the
dynamic per-request state that must be recomputed from
scratch. This recomputation requires rerunning the entire
prefill phase for all affected in-flight requests, which is an
extremely compute-intensive process. In our online serving

experiments (Section 4.3.3), recomputing the lost KVCache
alone takes over 20 seconds, during which all affected re-
quests undergo severe stalls. Moreover, this backlog prop-
agates through the serving pipeline, introducing queuing
delays that further impact subsequent requests. The result is
a sharp latency spike and widespread SLO violations, sig-
nificantly degrading user-perceived quality of service. This
phenomenon highlights the urgent need for fast recovery
mechanisms. Instead of recomputing from scratch, a more
effective strategy is needed to speed up this entire recovery
process.

3 DESIGN AND IMPLEMENTATION

To enable model execution on an irregular number of GPUs,
we first implement a vanilla form of non-uniform tensor
parallelism for model serving, originally proposed in prior
work on fault-tolerant LLM training (Arfeen et al., 2025).
Non-uniform tensor parallelism allows model weights and
computations to be distributed unevenly across GPUs by ad-
justing synchronization among tensor-parallel workers. This
enables flexible tensor-parallel configurations under partial
GPU availability. To address the load imbalance and latency
spikes discussed in §2.2, we further introduce a memory and
computation balancer and a lighting recovery mechanism
for higher throughput and better SLO attainment.

3.1 Memory and Computation Balancer
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Figure 1. Tllustration of the proposed cyclic placement for balanc-
ing KVCache memory usage across GPUs. In this example, the
model has 4 key-value heads and deploys non-uniform TP3. KV;
stands for the KVCache for i-th key value head. Cyclic placement
(bottom) improves overall KVCache capacity by approximately
50%, compared with a naive placement (top).

Cyclic Placement. To mitigate memory imbalance, we
propose a simple yet effective cyclic placement strategy.
Specifically, attention heads and their corresponding KV-
Cache blocks are distributed cyclically across GPUs. As
illustrated in Figure 1, naive placement can lead to signif-
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icant KVCache skew, where some GPUs accumulate sub-
stantially larger memory footprints. In contrast, our cyclic
scheme rotates attention-head assignments layer by layer,
ensuring that across every contiguaufayers in a Th

con guration, the aggregate KVCache allocation remains
well balanced. Because modern LLMs typically contain
tens or even hundreds of layers—far exceeding the usual
tensor-parallel world size (often below ten)—this cyclic
distribution effectively smooths out KVCache memory uti-
lization across all GPUs.

Hybrid Attention. Cyclic placement primarily addresses
memory imbalance. It does not, by itself, eliminate intra-
layer computation imbalance. Each attention layer still re-

quires collective synchronization before and after attentionjgyre 2 Iljustration of the proposed hybrid attention. In this ex-
computation, so GPUs with less assigned work may remaimple, the model has 4 key-value heads and deploys non-uniform
temporarily stalled. To further mitigate intra-layer computa-TP3. A stands for the i-th head's computation for request A. Re-
tion imbalance, we introduce Hybrid Attention, which main- questA is routed to GPY, B to GPU,, andC to GPW,. Hybrid
tains a balanced workload among tensor-parallel workersttention (bottom) combine TP attention with DP attention, signi -
by assigning each the same number of attention heads agéntly reducing GPU idle time and improving GPU utilization.
leveraging data parallelism (DP) to handle the remaining

heads. Hybrid Attention can be viewed as a generalization

of TP and DP. surviving GPUs, the KVCache (and corresponding DP at-

. L tention weight and computation) of layelis placed on
For example, in the LLaMA-3 70B model with eight at- (r +i) mod n.

tention heads, a deployment with eight TP workers evenly
distributes the heads, behaving identically to a standard TRdybrid Attention mitigates intra-layer computation imbal-
8 con guration. However, when only seven GPUs—andance by distributing replicated-head computation across
hence seven TP workers—are available, each TP workdsPUs. As a side effect, it can also improve memory bal-
receives one head, while the remaining head is replicatednce when DP scheduling is well balanced. However, this
across all seven GPUs. Each GPU thus also acts as a Dgifect is inherently workload-dependent and does not pro-
worker, processing the replicated head for different request¥ide a worst-case guarantee: under skewed DP assignment,
This design enables the computation of the extra head t§VCache may still concentrate on a subset of GPUs. In
be parallelized across GPUs through data parallelism, digontrast, cyclic placement provides a deterministic lower
tributing requests to balance the workload effectively. Asbound on memory balance. Regardless of request distribu-
shown in Figure 2, rige non-uniform tensor parallelism tion, each request contributes approximatefy fiaction of
often results in straggler GPUs during attention computaits KVCache to every GPU, ensuring near-uniform memory
tion, causing under-utilization. In contrast, Hybrid Attention usage even in the worst case.
distributes the computation of replicated heads for differgy hese two mechanisms can not guarantee perfect load
_ent reques_ts across mu_Itl_plg QPQS, signi cantl_y red”?'”goalance due to workload skewness.
intra-layer imbalance, minimizing idle time, and improving
overall utilization. First, the input workload itself can be inherently imbalanced,

) ) ) with requests exhibiting highly variable input lengths. Under
Notably, the widely adopted DP attention design (SGLang;, e scheduling policies (e.g., round-robin), even if each

Team, 2024)—used for serving multi-head latent attenpp (o jica is assigned the same number of requests, GPUs
tion (MLA) (DeepSeek-Al et al., 2024) models such as 5y, eynerience signi cantly different execution times.
DeepSeek-V3 (DeepSeek-Al, 2024)—is a special case of
our Hybrid Attention. While DP attention duplicates a single Second, even with a perfectly balanced workload, skewness
attention head across all GPUs, Hybrid Attention generalcan still arise from system-level constraints. In long-context
izes this approach to exibly support both partitioned (TP) Scenarios where the input length exceeds the pre Il token
and replicated (DP) heads within the same layer. budget (e.g., 2K for vLLM (Kwon et al., 2023), 8K for
o . , , SGLang (Zheng et al., 2025)), modern LLM serving en-
Combination of Hybrid Attention and Cyclic placement. gines employ chunked pre Il (Agrawal et al., 2024). In this

Hybrid Attention and cyclic placement serve complemenc,qa oniy one single request chunk can be scheduled within

tary roles but operate on the same execution path. Specifq toren budget at a time, effectively restricting DP paral-
ically, for a request assigned to base ran&nd withn |gjism and leading to an extreme form of imbalance, where
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Algorithm 1 DP-aware Adaptive Chunked Pre ||

Input: Token budgetN , rank setR, schedulable tokens

fS| g, workloads fW g

Output: Next Pre Il batch B

L, O f*initialize load per rankg

B ; f*initialize current pre Il batchg

H ; f*initialize candidate batch setg

while jBj<N and9r:S ; 6=;do
rargmin or.s 6= L, f*least-loaded rankg
trst(S ); S¢ S ; nftgf *schedule 1 tokeg
B B[ftg; L L , +cost(t);H H[fBg

end while

return choosebestbatch(H)

Figure 3.lllustration of the load-aware router and scheduler. In

) ] _ this example, request 0 has 4 tokens, request 1 and 2 has 1 token,
only one GPU performs the DP attention computation whileand a new request 3 with 1 token arrives. In théveasetting

others remain idle. (top), a round-robin router combined with a FIFO chunked pre |l

. . . -, scheduler results in an highly unbalanced pre Il batch: within
Fine-grained, Load-aware Routing To further mitigate the pre Il token budget (which is 3), only a chunk of request 0 is

the_load 'mb_alance caused by S!(ewed Input request d_'StréE:heduled in the pre Il batch. In contrast, our load-aware router
butions, we introduce a ne-grained, load-aware routing(yottom) dynamically redirects new requests to the least-loaded

mechanism that dynamically balances the workload amongpu, and our adaptive chunked pre Il mechanism helps form a
DP workers across GPUs. Our scheduler design addressgslanced batch.

two complementary aspects: (1) routing DP ranks, and (2)
forming compute-balanced batches. As shown in Figure 3, nge routing and chunked pre Il lead

. to highly skewed batches and unbalanced GPU workloads.
Load-Aware DP-Rank Routing. We observe that the DP-rank,, he example, GPyJbecomes overloaded because the

scheduling problem can be modeled as an instance of thg, yjjja scheduler includes only the rst chunk of request 0
classical online makespan minimization problem (Dwibedyithin the pre Il budget, leaving other GPUs underutilized.
& Mohanty, 2022; 2020; Wang et al., 2025). To achieve|, contrast, our load-aware router dynamically assigns DP
low scheduling overhead while maintaining balance, we s hased on real-time GPU load, while the adaptive chun-
adopt a simple yet effective greedy strategy: each incominge pre || scheduler constructs balanced batches in a best-
request is assigned to the GPU with the smallest estimategkot manner. Together, these two mechanisms signi cantly

remaining workload. Here, the workload is de ned as thej,nroye GPU utilization and overall system throughput un-
total pending DP computation (in token units) currently 4., dynamic and skewed request patterns.

gueued on each GPU. This dynamic routing policy continu-

ously adapts to runtime variations in request arrival pattern%.2 Lightning Recovery
preventing load concentration on speci ¢ GPUs.

As discussed in §2.2.2, rapid recovery is critical to pre-
vent request backlogs and maintain SLO compliance. We
. : . identify two dominant sources of recovery latency: recom-
pre ll stage. Unlike conventional _chunked pre ll, which Rutation of the lost KVCache and reloading of re-sharded
allows only one chunk per request in a batch. Our approacmodel weights. To mitigate both, we propose a Lightning Re-
permits chunks from multiple requests to be executed jointly overy frameWork comprising t\;vo components—Proactive
within the same batch. Since the computational cost o VCache Backup and On-Demand Weight Recovery—that
pre Il attention grows quadratically with sequence I‘_:‘ngth’together minimize downtime by avoiding redundant recom-

the cost of processing a chunk of sideafterL processed : : )
tokens isO(N 2 + NL + N) . To maintain balanced GPU putation and restoring only essential model data.

workloads and prevent out-of-memory errors, we de ne aProactive KVCache Backup. When a GPU fails, its lo-
global pre Il token budgeiN representing the maximum cal KVCache is lost, and recomputing it through re-pre Il
number of tokens per batch. Tokens are then iterativelgan be costly. To enable fast recovery, RaidServe proac-
allocated to the least-loaded GPU until the budget is reachetiyely backs up KVCache to host memory. The backup is
ensuring balanced computation and bounded intermediaiacremental and asynchronous: newly generated KVCache
memory usage. Algorithm 1 outlines the adaptive chunkegages are copied to CPU memory in the background during
pre Il procedure. normal execution, avoiding an additional blocking step on

Fine-Grained Chunked Pre Il. To complement routing, we
design a Fine-Grained Chunked Pre Il mechanism for the






