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Abstract
In serverless computing, optimizing performance and cost
is challenging due to the large configuration space in the
presence of time-varying workloads and rapidly scaling in-
frastructure. Human-driven optimization is fundamentally
limited in this setting: it is too slow for the short control
timescales of serverless platforms, prohibitively expensive at
scale, and unable to continuously explore high-dimensional
configuration spaces in real time. Existing diagnostic agents
are designed for long-running services and do not adapt
well to the unique characteristics of serverless, such as short
timescales, cost efficiency, and ephemeral runtimes.
We present FunPilot, a system that enables rapid LLM-

assisted diagnosis and remediation for serverless applica-
tions. FunPilot uses an event-driven control loop to diag-
nose active symptoms, derive control knob updates, and val-
idate remediation decisions while coordinating with the un-
derlying autoscaler. FunPilot completes diagnosis in 6.04 s
at a cost of $0.0082 per diagnosis on average, fitting within
a single metrics collection interval while incurring modest
cost relative to the applications it manages. Starting from
the initial application configuration, FunPilot reduces aver-
age alert active time by 70.9% and resource consumption by
38.3%. Across real-world workloads and synthetic workloads
with injected anomalies, firing alerts resolve in 80.57 s on
average after the FunPilot diagnosis engine is triggered.

CCS Concepts
• Computer systems organization → Cloud comput-
ing; • Software and its engineering → Software per-
formance; • Computing methodologies→ Intelligent
agents.
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1 Introduction
Serverless computing has become a mainstream cloud par-
adigm, with major providers offering platforms like AWS
Lambda [55] and Google Cloud Run [16], and open-source
frameworks like Knative [38] being widely adopted. Server-
less abstracts infrastructure management and provides pay-
per-use billing and autoscaling from zero to thousands of
instances. However, it does not eliminate the complexity of
performance engineering. Instead, serverless turns such op-
timization into a runtime control problem over a large space
of interdependent knobs under dynamic traffic, shifting re-
source demands, and applications with varying cold start
latency and concurrency limits [3, 25, 28, 31, 64, 65].
Platforms expose the control surface through knobs for

resource allocation, traffic management, and scaling pol-
icy: vCPUs, minimum replicas, concurrency, scaling targets,
etc. [17, 34, 50]. The effects of these knobs and their inter-
play are often non-obvious. For example, lowering scaling
targets may improve burst responsiveness but induce scaling
oscillations that increase tail latency [41, 44]. As traffic and
resource demands shift over time, serverless tuning is not a
one-time task but a continuous operational challenge [3, 10].

Prior work addresses parts of this problem through offline
profiling and optimization of platform-exposed knobs [3, 24,
45, 49, 56]. However, these typically rely on offline analysis
of historical metrics and produce static recommendations for
a limited set of knobs, such as CPU and memory allocation.
They are not designed to diagnose live performance symp-
toms, identify application-specific issues, or revise control
knobs as traffic and resource demands change at runtime.
More recently, large language model (LLM) agents have

been applied to application and infrastructure operations, tar-
geting root cause analysis (RCA) for databases, microservices,
and cloud infrastructure [6, 12, 13, 20, 27, 33, 43, 48, 59, 66, 68].
These systems demonstrate strong diagnostic capabilities
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for operational failures, such as unreachable ports, out-of-
memory errors, and failure propagation, and some can di-
agnose and apply remediation at runtime. However, they
typically target large, persistent, stateful workloads that can
tolerate agent execution lasting tens to hundreds of sec-
onds and costing tens of cents to several dollars per deci-
sion [5, 29, 59]. Such designs do not transfer well to serverless
due to its unique characteristics. Specifically, serverless au-
toscalers act on short timescales (e.g., Knative Pod Autoscaler
(KPA) evaluates scaling decisions every 2 s [36]). Agents with
long execution time risk acting on stale observations and
state. Also, cost efficiency is a primary driver of serverless
adoption, which imposes strict cost constraints on agents.
For example, a per-diagnosis agent cost of $0.498 (i.e., AWS
DevOps Agent one-minute diagnosis cost [5]) is equivalent
to running a 1 vCPU function for 4.82 hours under AWS
Lambda pricing [54], an overhead that may outweigh the
value of agent remediation outcome and hinders frequent use.
Moreover, since serverless applications typically run in state-
less, ephemeral sandboxes that scale to zero on multi-tenant
infrastructure [1, 62], diagnostic methods that rely on con-
tinuous per-replica monitoring become inapplicable [21, 51].
To fill this gap, we present FunPilot, a system that runs

alongside the serverless platform (i.e., Knative on Kuber-
netes), operates on the platform-exposed control knobs, and
enables runtime performance diagnosis and remediation for
serverless applications through LLM-assisted reasoning and
validation. FunPilot is designed around four objectives de-
rived from the serverless context: rapid response within
a single metrics collection interval (e.g., 15–30 s [37, 42,
60]), cost proportional to the workload it manages, com-
plementing the platform autoscaler rather than re-
placing it, and alignment with the serverless execution
model (e.g., event-driven execution, scale-to-zero, revision
lifecycles, and multi-tenant isolation).
To achieve low latency and cost while delivering high-

quality changes, FunPilot pre-fetches and processes the
diagnostic context (e.g., metrics and recent knob updates) be-
fore LLM invocation and adapts each diagnosis process along
two dimensions: dynamic diagnostic depth and dynamic in-
ference backend selection.When the preprocessed diagnostic
context already supports a bounded, low-risk remediation
(e.g., increasing capacity via tuning a single control knob for
resource allocation or scaling target), FunPilot takes a fast
path to apply it directly after guardrail checks. Otherwise,
FunPilot falls back to the slow path that gathers additional
evidence and performs additional reasoning to propose and
compare alternative remediation plans before applying any
update. FunPilot also uses tiered LLM backend selection
at runtime. Early LLM calls use high-throughput backends
to reduce inference latency, while later calls use lower-cost
routes to limit the incremental cost of deeper diagnosis.

We implement and deploy FunPilot on Kubernetes with
Knative and evaluate it with both real-world workloads from
production traces and synthetic workloads with injected
anomalies. The evaluation (§3) shows that FunPilot com-
pletes in an average of 6.04 s at an average cost of $0.0082 per
diagnosis, fitting within the observability stack’s metrics col-
lection interval (15 s). FunPilot can effectively identify root
causes and derive effective control knob settings to remediate
performance issues of serverless applications.

2 System Design
The unique characteristics of serverless impose strict con-
straints on system design in this domain. Beyond general
principles for agentic systems (e.g., guardrails, grounded rea-
soning, and auditability [20, 22, 23, 67]), we identify four
serverless-specific design objectives (§2.1) and present the
FunPilot system design that realizes them (§2.2 and §2.3).

2.1 Serverless-Specific Design Objectives
Rapid response. Serverless operates on substantially shorter
timescales than other deployment models, in terms of scal-
ing decisions, execution durations, and replica lifetimes. For
example, KPA evaluates scaling decisions every 2 s over a
6–60 s window, whereas autoscaling in VMs, container ser-
vices, and databases typically operates over tens of seconds
to minutes [7, 8, 15, 36]. Under such rapid scaling, metrics,
replicas, and quality of service (QoS) conditions shift second-
to-second. Replicas may be created and destroyed within
seconds, making per-replica diagnosis difficult. Traffic with
time-varying volume and resource demands further accel-
erates state changes [61]. This leaves only a narrow time
window for effective intervention, ideally within the observ-
ability stack’s metrics collection interval [42].
Cost efficiency. Cost efficiency is a primary driver of server-
less adoption, and serverless workloads are often short-lived
and billed atmillisecond granularity [31, 44, 50, 54, 58]. An ex-
pensive remediation mechanism can easily incur dispropor-
tionate costs (§1). The system should aim for per-diagnosis
cost to be small relative to the application cost it manages
or the potential savings it targets.
Coordination with the platform autoscaler. The sys-
tem should complement, not replace, the platform autoscaler.
Serverless autoscalers already provide a degree of self-healing.
With proper settings, rapid horizontal scaling absorbs traffic
fluctuations and clears transient alerts without external inter-
vention [39, 63]. Existing platform autoscalers (e.g., KPA and
KEDA [4, 36]) are inherently faster and cheaper than LLM-
based solutions. Rather than directly managing scaling (i.e.,
replica count), the system should leverage rich observability
context, semantic knowledge, and domain-aware reasoning
to diagnose root causes beyond the autoscaler’s scope and
complement it by deriving effective control knob settings.
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Figure 1: System architecture of FunPilot.

Alignment with the serverless model. The system should
match the event-driven execution model and lifecycle of
serverless applications: it should activate strictly on demand,
impose zero overhead when an application is scaled to zero
replicas, and maintain full revision awareness as deploy-
ments evolve [18, 35]. In multi-tenant environments, it must
isolate metrics, logs, control settings, and agent state across
tenants for security and privacy reasons. Lastly, through
guardrails and allowlists, access to out-of-scope data/logs
and dangerous knob settings should be restricted.

2.2 System Architecture
Figure 1 presents the FunPilot system architecture. FunPilot
runs alongside the serverless platform and operates on its ex-
posed control knobs. Runtime diagnosis and remediation are
triggered by application-scoped alert rules [53] (e.g., average
latency is above a certain threshold) that FunPilot registers
in the observability stack (e.g., Prometheus and Alertman-
ager). Users interact with the system through the FunPilot
interface and attach a FunPilot configuration to the target
application. The configuration is a structured, JSON-based
specification that states QoS targets, alert rules, trigger se-
mantics, allowed knobs, metric definitions, prompt templates,
reasoning step limits, and tool call handlers. This allows users
to customize the diagnosis and remediation logic without
changing the system.

The application watcher tracks FunPilot-enabled applica-
tions in an event-driven manner. It registers and deregisters
alert rules as applications scale from or to zero, eliminating
monitoring overhead for idle applications. On new deploy-
ments, it snapshots current settings and lifecycle metadata
into revision history, forming a temporal context to help
distinguish new anomalies from pre-existing conditions. The
alert handler receives fired/resolved alerts via webhook and
enforces per-application trigger semantics, such as cooldown
periods after control updates and blackout windows after
revision creation to avoid cascading diagnosis runs before
prior changes have propagated or new revisions have stabi-
lized. It also maintains per-revision alert histories for tem-
poral context. The diagnosis engine is event-driven and trig-
gered only on demand by valid alerts. The agent executor

orchestrates agent execution, routes tool calls to the corre-
sponding handlers, forwards validated remediation actions
to the reconciler, and logs LLM requests, responses, and costs.
The reconciler applies control knob and alert rule updates,
manages application revisions, and enforces deterministic
guardrails that reject non-allowlisted, out-of-range changes
(e.g., changes arising from LLM hallucination).

Prior work on RCA for microservices shows that domain-
specific tools, especially tools that summarize or analyze
telemetry, improve diagnostic accuracy and reduce token
cost [20]. FunPilot adopts the same principle for serverless
remediation by exposing domain-specific tools, such as met-
ric queries, time series processing (e.g., trend and anomaly
analysis and statistics calculation [20]), alert/revision/knob
update history queries and summarization, and capacity
analysis (e.g., Little’s law [46]). Before each diagnosis run,
FunPilot invokes these tools, fetches, processes, and sum-
marizes the metrics (as defined in the configuration attached
to the application) and history, and materializes them into
a structured diagnostic context. Thus, diagnosis starts from
grounded runtime evidence rather than from issuing tool
calls for routine observability framework queries and metrics
analyses on the critical path. This is important for runtime
diagnosis in the serverless context with tight latency and
cost constraints. When the pre-materialized context is insuf-
ficient, the diagnosis engine can request additional evidence
through tool calls, such as metrics over a specific revision
and a longer time window.

FunPilot uses prompt templates with named placehold-
ers (e.g., {{.AlertHistory}}) [26, 47] to support flexible
context construction. The context builder resolves each place-
holder by dispatching it to the corresponding renderer for
prompt construction, which fetches and transforms the un-
derlying data into a structured context through a uniform in-
terface. FunPilotmanages renderers and LLM-callable tools
through registries. Users register renderers and tools through
the FunPilot interface, and use the FunPilot configuration
to bind placeholders to renderers and specify which tools are
exposed to each agent workflow. Renderers and tools that
involve application-specific data access are scoped to the
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target application or revision, preventing a diagnosis engine
instance from accessing metrics, logs, or configuration state
of co-located workloads in a multi-tenant cluster.

2.3 Runtime Diagnosis and Remediation
As discussed in §2.2, validated alerts trigger FunPilot to
launch a diagnosis engine instance to perform LLM-based
diagnosis and remediation on the target serverless applica-
tion at runtime. The engine runs a multi-agent workflow
with three role-specialized LLM agents: a triage, a reasoner,
and a judge. The triage is intentionally scope-limited and
prompted to reason only over the pre-fetched and processed
diagnostic context, and determines whether the evidence is
sufficient for a bounded, low-risk remediation with a single
LLM call, such as increasing capacity via a single knob for
resource allocation or scaling target. If so, the engine takes
a fast path and applies the update after guardrail checks
without invoking more reasoning steps on the slow path.

The reasoner and judge run on the slow path, which is typ-
ically entered for cases such as ambiguous initial evidence,
interacting effects across multiple control knob changes, or
evidence gaps that lead to low confidence in specific con-
trol updates. The reasoner is instructed to analyze the triage
assessment, identify evidence gaps, call relevant tools for
broader context and decisive evidence when needed, and
reason about candidate remediation plans. Each plan spec-
ifies plausible causes, proposed control knob updates (or a
no-change/human-review outcome), supporting evidence,
expected benefit and risk, and confidence. The judge reviews
candidate remediation plans, and may approve the selected
plan, revise it to a smaller or safer change, or reject it with
feedback for another round of reasoning bounded by the
number of reasoning steps and time limits. The reconciler ap-
plies the approved or revised changes after guardrail checks.

Since runtime diagnosis and remediation in serverless are
constrained by tight latency and cost budgets, FunPilot uses
tiered LLM backend selection to balance inference latency
and cost. FunPilot is agnostic to where the LLM is hosted
and can use either external LLMAPIs or locally hosted model
endpoints. Multiple inference providers often serve the same
model at different prices, with varying latency (e.g., time-to-
first-token) and throughput. Accelerator-backed providers
can offer substantially higher throughput and lower latency,
but typically at a higher per-token price. FunPilot therefore
treats backend selection as part of its runtime control policy.
Early LLM calls (e.g., first three calls) are routed to a high-
throughput backend to cover latency-critical decisions, in-
cluding fast-path remediations. Later invocations are routed
through a lower-cost backend, reducing the incremental cost
of additional evidence collection and re-reasoning.

3 Evaluation
We implement FunPilot on Kubernetes with Knative [38],
a production-grade, open-source serverless platform used
by public offerings such as Google Cloud Run [16] and IBM
Code Engine [19]. FunPilot coordinates with the platform
autoscaler: KPA makes replica-level scaling decisions, while
FunPilot updates Knative-exposed control knobs. Enabling
FunPilot requires only two Kubernetes annotations [40]
(feature gate and configuration ID). This allows FunPilot-
managed and regular applications to coexist in the same
cluster without interference. We evaluate FunPilot end-to-
end across ten real-world and synthetic serverless workloads.
Testbed. We deploy FunPilot on a seven-node Kubernetes
cluster (v1.33.4) with one controller and six workers, totaling
92 vCPUs (Intel Xeon Skylake) and 205GB of memory. The
cluster runs Knative v1.19.6 and the required middleware
and observability stack (e.g., Istio, Prometheus, and Thanos).
A separate machine generates traffic with FaaSProfiler [57].
Workloads. We evaluate FunPilot using ten serverless
workloads: three trace-driven, four synthetic with controlled
traffic dynamics/injected anomalies, and three that emulate
common serverless performance scenarios. We use two pro-
duction traces for orthogonal purposes: Huawei traces [30,
31] provide per-request demand for workload replay, while
IBM Code Engine traces [50] provide production Knative
knob settings for constructing baselines. Specifically, we se-
lect three applications from Huawei traces (i.e., C3-F405,
C4-F1014, and C3-F1014; C and F denote cluster and func-
tion IDs), whose average CPU time exceeds 20ms and whose
invocation counts in the first 1800 s are closest to 90k, 180k,
and 360k (labeled as HW). We replay each request’s CPU
demand using a workload-emulating function, following
prior trace-replay methodology [9, 32]. The four synthetic
traffic workloads use Poisson arrivals with three 10-minute
phases (numbers show arrival rates in RPS): 50–100–200, 200–
100–50, 200–0–100, and 20–200–20, representing increasing
load, decreasing load, mid-run idleness, and a 10× burst, in
which each request uses 52ms CPU time with a 40% CPU
utilization (i.e., a wall clock duration of 52/40% = 130ms),
matching the average observed in Huawei traces (51.8ms
and 42.9%) [31, 44]. The three performance scenarios are a
low concurrency limit (10 in-flight requests per container), a
remote-API bottleneck (with 200ms of injected delay), and
a long cold start latency (15 s). The first two use HW360k,
while the long cold start scenario alternates Poisson traffic
every minute between 20 and 100 RPS.
Experimental setup. Each workload defines a latency SLO
and a utilization target. For trace-based workloads, we set
the p99 latency SLO to the original trace p99 rounded up
to the nearest 50ms (250ms for HW90k and 200ms for
HW180k and HW360k). For workloads with Poisson traffic,
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Figure 2: Resource cost versus alert active time. Arrows represent the change from the initial configuration to the mean
results of FunPilot. For the remote-API bottleneck, we report median p99 latency since the latency target is unattainable.

we set the average latency SLO to 150ms (rounded up to
the nearest 50ms). Across all workloads, the utilization tar-
get is average CPU utilization above 20%. We encode these
objectives as alert rules (i.e., avg/p99 latency > workload-
specific threshold and CPU utilization < 20%) and use three-
minute cooldown/blackout windows. The FunPilot config-
uration contains eleven application- and revision-scoped
metric definitions, including request latency, resource usage,
pod count, traffic characteristics (e.g., request arrival and
completion rates, error rates, and status codes), and plat-
form autoscaler-specific signals (e.g., concurrency and panic
mode). All LLM calls are routed throughOpenRouter [52] and
use the open-weight model gpt-oss-120b [2] with tiered
routing between an accelerator-backed, high-throughput
Cerebras endpoint [11] for the first three calls of a run and a
lower-cost Google Cloud endpoint [14] for subsequent calls.
Baselines.We derive baseline settings from IBM Code En-
gine traces [50], a Knative-based production serverless plat-
form. We vary three knobs: concurrency scaling target ∈
{100, 50, 200}, CPU limit ∈ {1, 0.125, 0.25} vCPUs, and min-
scale ∈ {0, 1, 2, 10}. The first three values for each knob are
the most common observed settings, covering 94.8%, 85.0%,
and 94.7% of the corresponding knob settings, respectively.
min-scale of 10 adds an aggressive baseline for reserved ca-
pacity. This yields 36 baseline configurations for each work-
load. For FunPilot, we use an initial knob setting with the
most common observed values in the trace: scaling target
= 100, CPU limit = 1 vCPU, and min-scale = 1. FunPilot
may then revise these knobs at runtime in response to vali-
dated alerts. We repeat each FunPilot experiment 10 times
and each baseline experiment 3 times. Each experiment runs
for 30 minutes.
Remediation Effectiveness. Figure 2 shows the tradeoff
between application resource consumption and objective

adherence across ten workloads. Alert active time (AAT)
is the cumulative time of objective violations during a 30-
minute run. As the injected 200ms delay makes the p99 <

200ms latency target unattainable, we report the median p99
latency for the remote-API bottleneck. The envelope curve
is the lower-cost frontier over baseline runs: for each AAT
threshold 𝑡 , it reports the minimum vCPU-seconds achieved
by any baseline run with AAT ≤ 𝑡 .
Starting from the initial knob setting, FunPilot reduces

AAT by 70.9% and vCPU-seconds by 38.3% (13,270.4) on
average, excluding the concurrency-limit scenario, where
latency/utilization does not capture the main failure mode
(failed requests), and the remote-API bottleneck scenario
with always-active alerts. Across the remaining eight work-
loads, the mean FunPilot point achieves a Pareto improve-
ment in six workloads and remains close to the envelope
in the other two. Baseline configurations that achieve com-
parable or better resource efficiency/SLO adherence (e.g.,
HW180k) indicate the self-healing ability of KPAwhen knobs
are properly configured, which is consistent with the design
objective of coordinating with the platform autoscaler (§2.1).

For the three performance scenarios, FunPilot identifies
the dominant mechanism and takes proper actions. It in-
creases warm capacity for long cold starts by raising min-
scale and scale-down-delay; sets a hard concurrency limit
and a smaller scaling target for the scenario with a user-
container concurrency limit, reducing the HTTP error rate
from 79.5% to 7.8% on average; and identifies and escalates
the application-level bottleneck for human review after an
average of 3.1 diagnosis runs.
Diagnosis and Remediation Behaviors. Across all 284
diagnosis engine runs in the evaluation, 75.7% are triggered
by latency alerts, 16.5% by utilization alerts, and 7.7% by
both. Of these runs, 73.2% take the fast path, and 269 lead
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to control knob updates. On the slow path, the judge ap-
proves 61.2% of remediation plans and revises 14.9% of them
(typically by reducing the proposed capacity increase or de-
ferring scaling down to zero). Across the fast path and all
reasoning rounds on the slow path, 8.6% of candidate plans
are rejected by the judge or guardrails, typically because
they contradict observed evidence/metrics (e.g., reducing
capacity despite recent resource pressure), over-provision
aggressively, or contain malformed LLM responses due to
instruction-following failures.
Excluding the remote-API bottleneck scenario with the

unattainable latency SLO, 11.3% of the 238 runs that produce
control knob updates leave the application in a worse alert
rule violation state. We compare the three-minute window
starting one minute after an update with the three minutes
preceding it, and consider the state worse if the share of time
in which an alert rule is violated is at least 10 percentage
points higher. Most of these cases (10.1% of runs) result from
traffic changes (e.g., traffic volume increases after the knob
update), making the applied adjustment insufficient for the
new load. The remaining 1.2% over-provision to resolve a
latency violation and subsequently trigger a low-utilization
alert. Because each diagnosis includes history context (i.e.,
recent alert and control knob update history), these insuffi-
cient or counterproductive changes are typically corrected
by the next diagnosis run rather than persisting.
Latency andCost. FunPilot can act fast withminimal over-
head. For the 269 runs that lead to control knob updates in the
evaluation, FunPilot completes the path from alert trigger
to the creation of a new revision with updated knobs in 6.04 s
on average (median 2.81 s and p95 24.11 s), and 86.6% of runs
complete within 15 s. This latency falls within the observabil-
ity stack’s metrics collection interval (15–30 s [37, 42, 60])
and is comparable to the timescale of serverless autoscaler
decisions, allowing remediation to act on the latest system
state rather than stale observations. Excluding the remote-
API bottleneck scenario, FunPilot resolves the firing alert in
80.57 s on average, measured from the fired alert that triggers
diagnosis to the corresponding resolved event reported by
Prometheus. Overall, a diagnosis run costs $0.0082 on aver-
age, using 21.3k input and 3.2k output tokens. Fast-path runs
cost $0.0052 on average (11.4k/1.6k input/output tokens),
while slow-path runs cost $0.0175 (51.1k/8.0k tokens). Even
accounting for all diagnosis runs in an experiment (average
2.84 runs), the total cost remains much lower than the aver-
age cost savings from reduced vCPU-seconds ($0.382 under
AWS Lambda pricing).

4 Discussion
FunPilot’s fast diagnosis partly relies on high-throughput,
low-latency LLM endpoints. Our analysis of OpenRouter

data [52] shows that, as of May 2026, only a few accelerator-
backed providers (e.g., Cerebras and Groq) offer a narrow set
of general-purpose models with throughput > 500 tokens/s
at prices up to 10× those of lower-throughput endpoints for
the same model. This throughput–price gap motivates tiered
backend selection. We also examined smaller accelerator-
backed models, including Llama-3.1-8B and gpt-oss-20b,
but found them unreliable for runtime diagnosis. They often
exhibited instruction-following failures, text degeneration,
schema violations, or repeated tool misuse. We therefore use
a larger reasoning model, gpt-oss-120b. The main remain-
ing failure mode was overconfidence (§3): proposing action-
able remediation plans despite insufficient evidence, often
rejected by the judge or blocked by guardrails. As LLM infer-
ence becomes faster and cheaper, we expect more models to
satisfy both latency and capability requirements within mod-
est per-diagnosis budgets, making systems like FunPilot
viable across a broader range of deployments.

Our evaluation uses third-party inference APIs and does
not explore self-hosted, in-cluster LLMs. Self-hosted LLMs
can improve data locality and amortize inference costs at
sufficiently high alert/traffic volumes within the cluster, but
may incur idle costs and require inference capacity planning.
Also, fine-tuned, domain-specific models for performance
engineering may further improve this tradeoff among diag-
nosis latency, cost, and capability. These choices also depend
on the billing model: diagnosis and remediation as a free plat-
form feature, a premium service, or a pay-per-use tool. This
suggests LLM backend selection is also a control-plane deci-
sion for runtime cloud operations and raises open systems
questions: which model to use for LLM-assisted performance
engineering, whether fine-tuned models can replace general
reasoning models, when to pay for accelerator-backed infer-
ence, and at what traffic volume an in-cluster model endpoint
becomes cheaper than third-party APIs.

5 Conclusion
This work presents FunPilot, a runtime diagnosis and re-
mediation system for serverless applications. Our results
show that FunPilot navigates the resource efficiency/SLO
adherence tradeoff effectively, while keeping latency and
inference overhead low enough for practical online use.
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