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Abstract
While Mixture-of-Experts (MoE) models scale LLM serv-

ing across hundreds of GPUs, their reliance on all-to-all
communication makes them susceptible to gray failures
(e.g., GPU stragglers) which inflate serving latency without
explicit errors, complicating fault localization. We present
FaultSense, an application-layer approach that localizes
faulty GPUs and communication paths in MoE model serv-
ing replicas without host instrumentation. FaultSense intro-
duces a lightweight MoE probe model prototype alongside a
two-phase hierarchical fault localization algorithm. Model-
ing the cluster as a GPU communication graph, it performs:
(1) a global coverage that tests all GPUs and communication
paths with a small set of probes to identify suspicious compo-
nents, and then (2) a drill-down into suspicious components
to localize faulty GPUs or communication paths. Our design
reduces the number of diagnostic tests compared to individ-
ually testing all components (up to 20×) while maintaining
low memory overheads.
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1 Introduction

The global artificial intelligence landscape has evolved
significantly as Large Language Models (LLMs) [42] have
become increasingly integrated into enterprise workflows [1,
5, 12]. As LLMs operate at massive scale and in latency-
sensitive production pipelines, performance thresholds have
narrowed. Degradations in application-level user-visible la-
tency, such as Time-to-First-Token (TTFT) or Time-Between-
Tokens (TBT), now translate directly into productivity loss
and SLO violations [4, 15, 41].
Traditional infrastructure monitoring relies on low-level

signals such as CPU/GPU utilization, memory usage, net-
work throughput, and node health [8, 9, 18]. However, these
metrics often fail to capture application-level performance
indicators such as request latency, TTFT, and TBT in model
serving replicas of GPU clusters. As a result, systems may ap-
pear healthy despite gray failures that silently degrade user-
visible performance [15, 22, 25, 28]. Additionally, workload
imbalance across GPUs can overload specific GPUs without
triggering infrastructure-level anomalies. Consequently, ap-
plication engineers lack tools and mechanisms to rapidly
localize faulty GPUs or communication paths responsible
for latency inflation.
We present FaultSense, an application-layer fault local-

ization approach for large-scale Mixture-of-Experts (MoE)
model serving replicas. FaultSense relies solely on application-
visible signals such as request latency, TTFT, and TBT, avoid-
ing intrusive infrastructure monitoring. Its goals are twofold:
(1) Detection: detect gray failures (soft performance degra-
dations) that cause latency inflation. (2) Localization: pin-
point the faulty GPU or communication path between GPUs
responsible for the slowdown. Together, these capabilities
enable application engineers to rapidly reconfigure replicas
and continue operations.

Detecting and localizing faults from the application layer
is challenging in modern MoE architectures (§2.1). In an MoE
model, a single request is routed through many expert layers
distributed across GPUs [19], often involving almost every
GPU and communication path in the replica. Thus, without
visibility over low-level infrastructure signals (e.g., switch
queues, PCIe or NVLink error statistics, routing information,
etc.), it is non-trivial to attribute latency inflation to a specific
GPU or communication path.
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Strawman approaches present challenges (more in §3): (1)
Sending test prompts through the production MoE model
provides poor localization because requests traverse a large
fraction (almost all) of GPUs and communication paths. (2)
Pairwise network probes (e.g., pings between GPU pairs) by-
pass actual LLM serving kernels and collective communica-
tion behavior, missing application specific bottlenecks expe-
rienced by production traffic. Moreover, exhaustive pairwise
testing scales poorly. For example, a 100-GPU replica [34] re-
quires 4950 pairwise tests

(100
2
)
, introducing high diagnostic

overhead. To address these challenges, FaultSense intro-
duces a lightweight, scalable approach based on the following
techniques:

First, to ensure workload fidelity, we design a lightweight
probe model that co-resides with the production model. To
avoid execution across all GPUs in the replica, the probe
model is restricted to a single MoE layer. Carefully crafted
probe prompts deterministically activate specific experts
(and hence GPUs), allowing each probe to test a chosen
subset of GPUs and communication paths. Probes traverse
similar application-layer kernels and collective operations
(e.g., all-to-all) as production traffic.

Second, because widespread faults are rare [25], exhaus-
tive pairwise testing is inefficient. Instead, FaultSense uses
group testing [16, 39] using the singleMoE layer probemodel.
By leveraging its controlled expert activation, a single probe
can test only a chosen group of GPUs and their interconnect-
ing communication paths, allowing FaultSense to quickly
verify healthy components using group testing.

Finally, to scale to large replicas, we structure these group
tests into a two-phase hierarchical algorithm. A broad global
coverage phase first identifies suspect regions, followed by a
systematic drill-down to pinpoint the exact faulty GPU or
communication path. For instance, in a 100-GPU replica, this
reduces the required diagnostic probes from 4950 to ≈ 250,
an ≈ 20× reduction.
Although FaultSense is currently designed for Mixture-

of-Experts (MoE) architectures, its core principles generalize
to dense models, where structured communication patterns
similarly expose performance bottlenecks. Lastly, our goal
is not to triage a specific component or find the root cause
(interconnect link, NVSwitch, PCIe, etc.) of the slowdown.
Instead, our goal is to localize faults so that application engi-
neers can get actionable fault localization quickly evict faulty
GPUs or reroute around degraded communication paths. In
summary, our contributions are:
• FaultSense, an application-layer approach that detects
and localizes faulty GPUs and communication paths in
large MoE serving replicas.

Expert 1 Expert 2 Expert 3 Expert n….

Router
Chosen k experts

+

all-all 
communication 
between chosen 
experts

All reduce 
among the 
experts

MoE 
Layer

Figure 1: Routing and all-to-all communication inMoE
model serving
• The design and prototyping of a lightweight single layer
MoE probe model engineered to allow explicit expert selec-
tion for fault localization with low memory overheads.
• A two-phase hierarchical group testing algorithm that
leverages the probe model to localize faults and scales to
large replicas while reducing probe complexity by ≈ 20×.
2 Background and motivation
2.1 Background
MoE model serving. Modern LLMs increasingly adopt the
Mixture-of-Experts (MoE) architecture [3, 34]. Unlike dense
transformers where each layer applies attention followed by
a fully connected FFN block, MoE layers use a lightweight
router to select the top-𝑘 experts for each token (Figure 1).
Experts are typically sharded across GPUs, and token ac-
tivations are exchanged through all-to-all communication
before expert outputs are aggregated and forwarded to sub-
sequent layers. This conditional activation enables models to
scale parameter count while keeping per-token computation
approximately constant.
Gray failures in serving clusters. In large multi-GPU serv-
ing clusters, fail-slow or gray failures are common and often
persist for long durations (i.e., in the order of hours) without
explicit error signals before detection [25, 43]. These failures
include hardware and software degradations such as ther-
mal throttling, memory errors, PCIe/NVLink degradation,
resource contention, congestion, etc. [22]. Unlike hard fail-
ures (fail-stops [43]), gray failures leave components (e.g.,
GPUs, communication path) operational but significantly
slower, creating persistent stragglers that manifest by de-
grading application-level end-to-end latency metrics such as
TTFT and TBT [44].
Cascading effect of gray failures (faults). Large-scale
MoE replicas often span hundreds of GPUs and dozens of
layers [34]. Since different layers route tokens to different
experts, processing a single request may involve a large frac-
tion (potentially all) of the GPUs in the replica. Consequently,
MoE inference relies on tightly synchronized distributed exe-
cution, where a single slow GPU or degraded communication
path can stall collective operations and cascade across the
entire serving pipeline, increasing latency.
Application-layer visibility gap.When gray failures in-
flate end-to-end LLM serving latencies (e.g., TTFT or TBT),
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it is not easy for application teams to quickly localize the
faulty GPU or communication path. Existing infrastructure-
side tools [25, 43, 45] are typically built for training jobs
and require privileged, per-host telemetry such as switch
queues or PCIe/NVLink error statistics. In multi-tenant or
managed environments, strict security boundaries keep this
low-level telemetry with the infrastructure team, forcing
application teams to wait on slow cross-team triage. Further-
more, standard libraries like NCCL [9] expose metrics only
at the collective-communication level: a straggler caused by
a GPU’s slow compute appears merely as inflated collective
time on the ranks that wait for it, so the telemetry cannot
attribute the slowdown to a specific GPU’s compute or a spe-
cific communication path. Recovering finer-grained visibility
at this layer also imposes non-trivial overheads [6, 7].
FaultSense bridges this visibility gap from the applica-

tion layer. By generating controlled probe workloads (probe
prompts) and analyzing their end-to-end latencies, Fault-
Sense rapidly pinpoints degraded components without re-
quiring infrastructure-level access. This enables application
teams to immediately reroute traffic and sustain LLM serv-
ing, complementing rather than replacing infrastructure side
hardware diagnosis.

2.2 Problem statement and requirements

Problem statement. The goal of FaultSense is to detect
and localize faulty GPUs and communication paths between
them responsible for elevated serving latency (e.g., TTFT,
TBT) in large-scaleMoE serving replicas from the application-
layer without relying on privileged infrastructure telemetry
or modifications to the serving stack. We identify the follow-
ing requirements for such an approach:
[R1] Fault-agnostic detection: The system must detect
both hard failures and gray failures that inflate end-to-end
latency (TTFT/TBT) without relying on explicit error signals
or extensive log analysis [27].
[R2] Low instrumentation: To ensure deployability across
heterogeneous hardware (e.g., NVIDIA [23], AMD [37]) and
serving stacks (e.g., vLLM [14], HuggingFace TGI [13]), the
framework must operate without kernel hooks, shim layers,
or modifications to the serving runtime.
[R3] Agile, Precise and Lightweight localization: The
system must rapidly distinguish healthy from faulty com-
ponents and precisely localize the degraded GPU or com-
munication path [2] while imposing minimal overhead on
production serving.

3 FaultSense’s approach and challenges

Our approach. FaultSense uses active application-layer
probing. Operating entirely within the application layer’s
(e.g., a tenant’s) permission boundaries, it injects carefully

constructed probes to localize faults. Unlike passive moni-
toring, our probing approach allows testing specific groups
of GPUs and communication paths to strategically localize
faults. However, designing such probes present challenges:
1. Production model probes mask faults: Sending test
requests (prompts) through the active production model is
ineffective for localization. As mentioned in §2.1, modern
MoE models route tokens through dozens of layers, causing
a single request to scatter across nearly every GPU in the
replica. If such a test prompt’s latency increases (or stalls),
its highly entangled execution path makes it impossible to
attribute the delay to a specific GPU or communication path.
2. Individual diagnostic tests lack workload fidelity:
To bypass the entangled execution paths, one could test
GPUs and communication paths independently using com-
pute workloads and network or collective traffic. However,
neither captures the coupled compute-communication behav-
ior of MoE inference. That is, a collective-only probe canmiss
a compute-slow GPU, while a compute-only probe leaves
degraded communication paths untested [22, 33]. Combin-
ing both in an external probe still fails to reproduce how
the serving stack interleaves expert computation with all-
to-all communication, where individually healthy compo-
nents may become stragglers under contention. Faithfully
reproducing this production execution path would require
modifying the runtime, violating [R2].
3. Application-aware pairwise testing does not scale:
Achieving fidelity requires application-aware point-to-point
probes between GPU pairs. However, this forces GPUs to
load diagnostic models (for each unique pairs of GPUs) to test
their compute kernels and communication paths between
them. In a 100-GPU replica, this approach requires

(100
2
)
=

4950 pairwise probes leading to high compute and memory
overheads. It is essentially an upper bound in probe count
that tests every path once. Alternatives like sampling may be
cheaper, but they can skip communication paths and could
also miss the degraded components. FaultSense instead
belongs to the adaptive, graph-aware group-testing class [39]:
a single probe covers many paths at once, so Phase 1 tests
every path at least once while issuing far fewer probes, and
Phase 2 spends adaptively only on suspects (§4.3).

4 System design

4.1 Design choices in FaultSense

1. Lightweight probe model: FaultSense co-locates a
single-layerMoE probemodel with the productionmodel and
runs it on the unmodified serving stack, so each probe drives
the similar expert-compute and all-to-all collectives, on the
same GPU streams as production traffic without any runtime
changes ([R2]). Custom routing lets crafted prompts (probe
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Figure 2: Global coverage and Adaptive drill-down probing §4.3 example with n=8 and k=4

prompts) deterministically activate chosen experts. By pin-
ning one expert per GPU, each probe targets a selected subset
of GPUs and their communication paths for fault localiza-
tion (§4.4). MoE is essential, since only its sparse top-𝑘 router
gives the per-GPU selectivity that a dense model activating
every GPU cannot, and a single layer is the smallest unit
reproducing the full router, all-to-all, and expert-compute
pattern, keeping memory negligible (§5.2).
2. Two-phase hierarchical group testing: Because hard-
ware faults in GPU clusters are typically sparse [25], Fault-
Sense leverages adaptive group testing [16, 39] to avoid the
overhead of exhaustive pairwise probing. Since the probe
model’s MoE router sends tokens to only a fixed number of
experts (𝑘), a single probe automatically tests a group of 𝑘
GPUs and all interconnecting communication paths simul-
taneously. If the probe latency remains normal, the entire
group is verified as healthy (more in §4.3).
Scope and limitations. FaultSense is an application-driven
fault localization approach and does not attempt to root-
cause underlying hardware failures. We also leave highly
transient software faults (e.g., KV cache misses or router im-
balance) to future work, focusing instead on persistent gray
failures that degrade user-visible latency.

4.2 Topology abstraction

To develop the two phase algorithm, we abstract the phys-
ical serving replica as an undirected complete graph 𝐺 =

(𝑉 , 𝐸). This abstraction (Figure 2a and Figure 2b) captures
both compute and communication of a replica while remain-
ing agnostic to the underlying hardware topology.
Vertices: Each vertex 𝑣 ∈ 𝑉 represents a physical GPU
participating in the replica. For an 𝑛-GPU replica, |𝑉 | = 𝑛.
We place one expert per GPU, so experts correspond one-to-
one with vertices.
Edges: Each edge (𝑢, 𝑣) ∈ 𝐸 represents the logical communi-
cation path between GPUs 𝑢 and 𝑣 . The edge is a logical link
between two GPUs whereas physically many network links
could be involved. From the perspective of MoE all-to-all

communication, this effectively forms a fully connected logi-
cal mesh, i.e., , the complete graph𝐺 . Hence, |𝐸 | = 𝑛(𝑛−1)/2.
Probe: One probe invokes 𝑘 experts (𝑘 ≤ 𝑛) and, in turn, the
𝑘 GPUs hosting them. Under the graph abstraction, a probe
corresponds to testing 𝑘 vertices and all 𝑘 (𝑘 − 1)/2 edges
among them.
Actionability of the abstraction. An edge abstracts the
shared physical substrate (e.g., switches, NICs, PCIe/NVLink)
a path traverses, since FaultSense operates at the applica-
tion layer rather than root-causing hardware. A diagnosis is
thus actionable. That is, a slow vertex or edge tells an opera-
tor which GPU to evict or path to reroute around. A shared
bottleneck may surface as several edges slowing together.
FaultSense reports this co-failing set, and an operator with
the topology can intersect them to find the shared resource,
while quick application-layer mitigation stays available.

Algorithm 1 Global coverage algorithm
1: Input: (1) Graph𝐺 (𝑉 , 𝐸 ) ; (2) Probe size 𝑘
2: Initialise:
3: Uncovered edges:𝑈 ← 𝐸
4: Probe set: 𝑃 ← ∅
5: while𝑈 ≠ ∅ do
6: Select vertex 𝑠 with maximum uncovered incident edges
7: Initialize probe 𝑝 ← {𝑠 }
8: while |𝑝 | < 𝑘 do
9: Select vertex 𝑣∗ with maximum uncovered edges to vertices already in 𝑝
10: 𝑝 ← 𝑝 ∪ {𝑣∗ }
11: end while
12: Remove { (𝑢, 𝑣) : 𝑢, 𝑣 ∈ 𝑝 } from𝑈
13: 𝑃 ← 𝑃 ∪ {𝑝 }
14: end while
15: return 𝑃

4.3 Two phase fault localization
Phase 1: Global coverage probing. Each probe tests 𝑘
vertices (GPUs) and all interconnecting edges (communica-
tion paths). To minimize diagnostic overhead and produc-
tion interference, FaultSense must cover all 𝑛 vertices and
𝑛(𝑛 − 1)/2 edges using minimum number of probes. Find-
ing this optimal set is NP-hard [21]. Thus, FaultSense uses
a greedy algorithm (Algorithm 1). It iteratively constructs
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size-𝑘 probes by first selecting the vertex with the most un-
covered incident edges, then greedily adding vertices that
maximize edge coverage until all edges are tested (e.g., cov-
ering 𝑛 = 8, 𝑘 = 4 requires just 6 probes in Figure 2c). The
algorithm runs in𝑂 (𝑛2𝑘) and is a one-time offline operation.
Phase 2: Adaptive drill-down probing. Phase 1 classi-
fies probes as healthy (succeeded) or suspect (slow/failed).
It is possible that two unrelated faults caused two probes
to fail where common vertices or edges are not the culprit.
Thus, merely intersecting suspect groups is insufficient for
localization. Instead, the drill-down procedure (Algorithm 2)
systematically isolates faults. It constructs size-𝑘 probes that
combine a single suspect vertex (or edge) exclusively with
known healthy vertices. Any subsequent failure definitively
isolates the fault to that suspect edge/vertex (e.g., isolating
suspect group 6 requires 10 localized probes in Figure 2d).
This algorithm requires at most 𝑘 (𝑘−1)

2 + 𝑘 probes per sus-
pect group, yielding a complexity of𝑂 (𝐶𝑠 ·𝑘2) for𝐶𝑠 suspect
groups. Since both 𝑘 (e.g., 4-8) and 𝐶𝑠 are small in practice,
this step remains lightweight.

4.4 Probes in FaultSense

Constructing the probe model: To deterministically ac-
tivate specific experts, we construct a single-layer probe
model from OLMoE-1B-7B [17] by retaining only its first
MoE layer. We suppress self-attention by zeroing its output
weights, allowing injected embeddings to pass directly to
the MoE router. We then replace the learned gating matrix
with an identity matrix, making the 𝑖𝑡ℎ embedding dimen-
sion directly select expert 𝑖 . This enables arbitrary expert
combinations to be activated using custom sparse embed-
dings without modifying the serving stack or runtime satis-
fying [R2]. For example, under top-4 routing, the embedding
[0, 1, 0, 1, 0, 1, 1, 0, . . . ] provided as input to the model deter-
ministically activates experts {1, 3, 5, 6}.
Determining probe outcomes: Hard failures (e.g., fail-
stops) are detected via probe timeouts. To detect gray failures
irrespective of root cause (to satisfy [R1]), FaultSense uses
a relative latency baseline instead of static thresholds. Let
𝑇𝑖 denote the latency of probe 𝑖 and 𝑇 the median latency
across Phase 1 probes. A probe is marked suspect if 𝑇𝑖 > 𝛼𝑇 ,
where 𝛼 is configurable.

Themedian suits the sparse-fault regime targeted by group
testing (§4.1). Since faults affect only aminority of probes [25],
𝑇 remains dominated by healthy probes. Relative thresh-
olding also adapts to uniform latency shifts from load or
dynamic batching because 𝑇 and 𝛼𝑇 shift together. Tran-
sient congestion may still trigger a suspect flag, but unlike
persistent gray failures that can last for hours [25, 44, 45],
it is short-lived. Phase 2 drill-down filters such anomalies
without adding verification rounds to Phase 1. Quantifying

false-positive and false-negative rates across 𝛼 , load, and
fault count is left to future work.

Algorithm 2 Adaptive drill-down algorithm
1: Input: (1) Graph𝐺 (𝑉 , 𝐸 ) ; (2) Probe size 𝑘 ;
2: (3) Healthy vertices𝑉ℎ ; (4) Healthy edges 𝐸ℎ
3: Initialize:
4: Suspected vertices:𝑉𝑠 ← 𝑉 − 𝑉ℎ
5: Suspected edges: 𝐸𝑠 ← 𝐸 − 𝐸ℎ
6: Probes: 𝑃𝐿 ← ∅
7: for each 𝑣 ∈ 𝑉𝑠 and (𝑢, 𝑣) ∈ 𝐸𝑠 do
8: Vertex: 𝑝 ← {𝑣}; Edge: 𝑝 ← {𝑢, 𝑣}
9: while |𝑝 | < 𝑘 do
10: Select 𝑤 ∈ 𝑉ℎ \ 𝑝 uniformly at random
11: such that (𝑤, 𝑣) ∈ 𝐸ℎ for all 𝑣 ∈ 𝑝
12: 𝑝 ← 𝑝 ∪ {𝑤}
13: end while
14: 𝑃𝐿 ← 𝑃𝐿 ∪ {𝑝 }
15: end for
16: return 𝑃𝐿

5 Experiments
Through our experiments, we address three key questions:
(1) How does FaultSense’s probe scalability compare with
naive pairwise testing? (2) What is the probe model’s mem-
ory overhead? (3) Does probe traffic affect production model
latency?

5.1 Experimental setup and methodology
Simulation: To evaluate fault localization at scale, we sim-
ulate a complete graph topology (§4.2) on an 80-core Intel
Xeon server. We examine the number of probes required
across phases to accurately determine the faulty component.
Inspired by productionMoE replicas [34], we vary the replica
size𝑛 from 25 to 325 GPUs.We evaluate probe sizes𝑘 ∈ {4, 8}
against 𝑑 ∈ {1, 2, 4} concurrent failures that occur uniformly
at random on either a vertex (GPU) or edge (communication
path) or both.
GPU testbed:We evaluate memory footprint and probe traf-
fic interference of the probe model on the production model
on a 4-GPU setup (each GPU in a different host) connected
via 1Gbps Ethernet. The cluster contains three RTX A5000s
[11], one RTX4500 ADA [10] each with 24GB VRAM and
serves MoE models using expert parallelism orchestrated by
vLLM [30] v0.21.0 and Ray [36] v2.55.1.

5.2 Results and discussion
Probe scalability. FaultSense achieves near-optimal scal-
ability while reducing diagnostic overhead. In Phase 1, Fault-
Sense’s probe counts follow the theoretical minimum (Figure 3a),
requiring over 22× fewer probes than exhaustive pairwise
testing for a 300-GPU replica. Phase 2 probe overhead (Figure 3b,
Figure 3c) scales with the number of faults rather than replica
size, as it targets only suspect components. Overall, Fault-
Sense yields an ≈ 20× reduction in total probes (Figure 4b).
FaultSense successfully localized all faults in simulation.
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(a) Vertex (GPU) faults
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(b) Edge (path) faults
Figure 4: Replica size vs total number of probes (phase
1 + 2) for (𝑘 = 8)
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Figure 5: Evaluation of FaultSense on GPU testbed

However, an evaluation of localization accuracy on a large-
scale GPU cluster testbed is left to future work. Additionally,
since a single FaultSense probe can contain multiple pair-
wise operations, performing a communication-cost normal-
ized comparison is also left to future work.
Memory overhead.We evaluate the per GPU memory foot-
print of FaultSense’s co-located probe model under expert
parallelism (Figure 5a). Empirical measurements show that
memory occupied by the probe model per GPU scales in-
versely with cluster size, dropping from 1820MB on a single
GPU to 834MB when sharded across 4 GPUs. Projecting this
trend to production scale replicas, the per GPU footprint be-
comes negligible. This confirms that FaultSense can safely
co-reside on the infrastructure without starving the produc-
tion model of memory.
Probe traffic interference. To verify that active probing
does not degrade the production model’s (Deepseek-moe-
16b-chat [24]) performance, we instantiate both the probe
and production model on the 4-GPU testbed and subject
the production model to a continuous baseline load of 5
RPS. We then scale the injected probe traffic from 0 up to

10 RPS and monitor the impact on the latency metrics of
the production model. As shown in Figure 5b, the produc-
tion model’s Time-to-First-Token (TTFT) and Time-Between-
Tokens (TBT) remain stable. Despite the frequency of probes,
we observe very negligible TTFT inflation ( at max ≈ 1%)
and almost no increase in TBT between 0 to 10 RPS. This
indicates that FaultSense’s lightweight probes can execute
concurrently without disrupting active user traffic partially
satisfying [R3].
6 Related work
Infrastructure-level fault diagnostics. Prior systems for
GPU clusters [22, 25, 28, 29, 43, 45] and datacenter networks [20,
26, 32, 35, 38, 40] rely on privileged telemetry such as host
metrics, kernel traces, switch logs, and explicit topology
knowledge to localize faults. FaultSense complements these
infrastructure centric tools by enabling fault localization
purely from the application layer.
Resilient model serving.Works like [31, 44] mitigate la-
tency impacts during gray failures, but they assume faulty
components have already been identified via infrastructure
signals. FaultSense complements them by providing a light-
weight, application-level diagnostic signal to trigger these
recovery mechanisms.
7 Conclusion and future work

Wepresent FaultSense, a novel approach to localize faults
in model serving GPU cluster replicas from the application
layer. We prototype a single layer MoE probe model that
can test specific subsets of GPUs and communication paths,
enabling targeted diagnostics from the application layer with-
out requiring privileged telemetry or infrastructure instru-
mentation. Our immediate future work will evaluate Fault-
Sense’s fault localization accuracy on a large-scale GPU
cluster under realistic workloads.
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