
Understanding Reliability Bottlenecks in LLM
Agents for HPC I/O Telemetry Analysis

Chris Egersdoerfer∗, Orcun Yildiz†, Kevin Harms†, Robert Latham†, Robert Ross†, Dong Dai∗
∗ University of Delaware, Newark, Delaware, USA

Email: cegersdo@udel.edu, dai@udel.edu
† Argonne National Laboratory, Lemont, Illinois, USA

Email: {oyildiz,harms,robl,rross}@anl.gov

Abstract—High-performance computing (HPC) facilities col-
lect extensive I/O telemetry, but turning that data into operator-
relevant insight remains a manual, expert-driven process. Tool-
using LLM agents offer a promising interface for automating
this workflow, yet it remains unclear how reliable they are
on realistic telemetry-analysis tasks and which design choices
materially improve that reliability. To answer this question, we
conduct a controlled measurement study using CIODI-Bench,
a set of 49 expert-curated tasks built from more than two years
of public production telemetry from the Polaris supercomputer.
We use CIODI-Bench as an evaluation basis, enabling controlled
comparisons of tool-using agents for HPC I/O telemetry analysis.
Our central finding is that the dominant reliability bottleneck
shifts with task structure: on constrained extraction tasks, cu-
rated semantic grounding raises average-of-3 performance from
73.0% to 93.5% (a 20.5-point gain); on data-analysis tasks,
additional process-aware review steps improve the average-of-
3 performance by 13.2 points over the corresponding baseline,
whereas on insight-generation tasks the same added LLM agent
orchestration does not improve performance. However, the more
elaborate orchestration increases output cost by almost 3×. These
results clarify the reliability limits of current agentic approaches
in this domain and provide practical guidance for building more
trustworthy telemetry-analysis agents.

I. INTRODUCTION

High-performance computing (HPC) storage systems un-
derpin large-scale data-intensive workloads and are typically
operated as shared facilities where many jobs contend for
common storage resources [1], [2], [3], [4]. To operate and
monitor these systems effectively, facilities collect extensive
I/O telemetry, including job-level profiler traces, filesystem
monitoring data, and scheduler or maintenance logs [5], [6],
[7], [8], [9], [10], [11], [12]. Despite this mature data collection
infrastructure, turning raw logs into operator-relevant answers
remains largely manual and expert-driven because it typically
requires bespoke multi-source queries, careful validation of
domain-specific semantics, and repeated iteration [13].

Agentic LLM systems that can interact with databases, code
execution environments, and external APIs [14], [15], [16],
[17] offer a compelling path toward automating this workflow.
In principle, an analyst could ask a natural-language question,
have an agent retrieve the relevant evidence, run the necessary
computations, and return an auditable answer. This vision has
motivated a growing body of work on LLM agents for end-
to-end data analytics in general domains [18], [19]. Yet for
HPC facilities, the central question is not whether an agent

can produce a plausible answer once, but whether it can do so
reliably on realistic telemetry-analysis tasks, and which design
choices materially change that reliability.

Answering this question requires evaluation on tasks that
reflect the structure of real telemetry analysis. Unfortunately,
existing benchmarks are not a good fit. Text-to-SQL and
database-grounded QA benchmarks such as BIRD, Spider 2.0
and BEAVER primarily center on query generation and exe-
cution accuracy, missing out on significant downstream pro-
cessing and analysis workflows [17], [15], [20], [21]. Recent
data-science and data-analysis agent benchmarks broaden the
workflow by using more general code execution environments
and posing longer analytical tasks, yet they typically target
general-purpose analytical settings rather than domain-based
reasoning over operational telemetry and profiler data [22],
[23], [24], [25], [26], [27]. As a result, they still do not reveal
how agents behave when success depends on multi-source
joins, domain semantics tied to the underlying schema, open-
ended interpretation, and abstention when the available data
schema is insufficient.

We therefore conduct a controlled measurement study of
tool-using LLM agents for HPC I/O telemetry analysis. Specif-
ically, we examine how expert-defined semantic context, agent
orchestration methodology, and model capability affect accu-
racy, repeated-run reliability, and output cost across tasks with
different structures and difficulty levels. To hold the data, tools,
and scoring procedure fixed across these comparisons, we
construct and use CIODI-Bench (Complex I/O Data Insights
Benchmark, pronounced ‘coyote-bench’), a benchmark of 49
expert-curated tasks over more than two years of public pro-
duction telemetry from the Polaris supercomputer at Argonne
National Laboratory [28].

As a result, we find that both agent capability and reliability
are shaped less by any single design choice than by the
structure of the task itself. Concretely, the dominant bottleneck
shifts from semantic grounding on constrained extraction
tasks, to verification tractability on semi-constrained analysis
tasks, to upstream hypothesis formation and solvability judg-
ment on open-ended tasks. This bottleneck migration means
that the same intervention (e.g., curated context, process-aware
review, or a stronger model) can be decisive for one task
regime yet nearly irrelevant for another, while heavier orches-
tration can increase cost by more than 8× without comparable
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gains. We also observe that, on the hardest tasks, failures
often stem from missing task-specific semantic disambiguation
rather than missing tool access alone, suggesting that expert-
in-the-loop mechanisms remain an important systems problem
for trustworthy deployment. For the HPC storage community,
these results mean the path to trustworthy agent-assisted
telemetry analysis is not simply to adopt stronger frontier
models or more elaborate multi-agent pipelines. It is to identify
which parts of the workflow can be reliably automated, which
require vetted semantic grounding, and where expert oversight
must remain part of the loop.

Together, this work yields three contributions. First, we
present a systematic measurement study of how agent context,
orchestration, and model capability affect accuracy, stability,
and cost in realistic HPC telemetry analysis. Second, we
show that reliability bottlenecks shift systematically across
task regimes, yielding concrete guidance for HPC facilities
on when vetted semantics, lightweight verification, stronger
models, or explicit expert escalation are most valuable. Third,
we introduce CIODI-Bench as a publicly available evalua-
tion substrate: 49 expert-curated tasks over production Polaris
data, designed to stress multi-source joins, domain-specific
semantics, open-ended analysis, and reliable abstention.

The remainder of this paper is organized as follows. Section
II reviews the challenges of delivering insight from telemetry
logs and presents three motivating cases from which we
derive concrete benchmark requirements. Section III describes
the design of CIODI-Bench, including task construction,
output contracts, and per-run scoring. Section IV describes
the evaluated agent configurations and measurement protocol.
Section V presents experimental results on accuracy, stability,
cost, and failure modes. Section VI discusses related work,
and Section VII concludes.

II. BACKGROUND AND MOTIVATION

We provide the necessary background and discuss three
examples of applying LLM agents to I/O telemetry analysis
that motivate the design of CIODI-Bench.

A. From Telemetry to Decisions

Modern HPC facilities generate abundant I/O telemetry,
including job-level profiles such as Darshan [5] and Recorder
[10] logs, scheduler/accounting records, and operational status
logs [6], [7], [8], [29], [30]. These sources often share stable
join keys, making relational databases a practical foundation
for large-scale telemetry analysis through a common SQL-and-
scripting workflow. What remains far less mature is reliably
converting these signals into trustworthy insights as operator-
relevant answers rarely reduce to a single query or data source.
Rather, they require synthesizing evidence across sources and
making a sequence of domain-specific judgment calls.

Consider a user asking “Why did my job have 3× slower I/O
than last week?” Answering this seemingly simple question
typically requires joining profiler records across multiple runs,
checking whether the job hit a different filesystem or alloca-
tion, and comparing I/O patterns (e.g., access sizes, shared

vs. independent access, or metadata intensity) [31]. Even
when the relevant data can be retrieved, correct interpretation
depends on domain semantics, such as which Darshan counters
correspond to throughput-relevant time, what differences in
node allocations matter, and whether the observed change
exceeds normal run-to-run variability.

While there is a rich ecosystem of dashboards, canned
queries, and workflow scaffolding intended to reduce friction,
their impact is often limited as the core analytical burden
still falls on human experts [32], [33], [34]. Dashboards and
observability platforms (e.g., Grafana-style views over time-
series telemetry) make known metrics easy to monitor and drill
into, and facilities often pair these dashboards with notebook-
driven workflows for deeper investigations [35], [36]. Yet these
tools are primarily effective when analyses are repetitive and
match existing views or vetted query templates. When ques-
tions are novel or diverse, experts must spend significant effort
to write database queries, implement downstream scripts, and
validate each intermediate step.

This distinction defines the target of our study. For recurring,
well-understood analyses, dashboards, curated queries, and
templates remain preferable because their procedures can be
validated once and reused. We instead focus on the long tail of
evolving, multi-source questions for which the relevant data,
joins, analytical choices, and validation steps are not known
in advance. In this setting, end-to-end autonomous agents
represent a useful measurement target as evaluating what they
can accomplish independently reveals both the potential scope
of automation and the points at which domain experts must
remain involved.

B. Agents as a Potential Bridge

Recent advancements in large language models (LLMs)
have enabled tool-using agents that can interact with databases
and code-execution environments [16], [37], [38], [39], mak-
ing them a plausible interface for automating knowledge work
and data analysis across domains [40], [41], [42], [43], [44],
[18], [45], [46], [47], [48], [19], [49]. For HPC telemetry,
the appeal is immediate. Instead of writing SQL and analysis
scripts by hand, an analyst could ask, “Compare throughput
for jobs using MPI-IO collective writes versus independent
writes,” and expect the agent to retrieve the relevant data,
perform the computation, and return an auditable answer.

However, real-world telemetry analysis is more nuanced
than this example suggests. Prior work on data-analysis agents
and decomposition-based workflows indicates that success
often depends on more than base model capability, including
the context available to the agent and how reasoning and
verification are organized [18], [45], [19], [47]. Sparse schema
context can induce semantic errors, while richer curated
context may prevent them; similarly, explicit planning and
verification pipelines may improve reliability, but they can also
add cost without clear benefit. Whether these patterns hold
in HPC telemetry analysis, and which kinds of tasks make
them matter most, remains largely unknown. Answering such
a question requires evaluation on realistic telemetry-analysis



tasks, as well as an understanding of what kinds of successes,
instabilities, and failures such an evaluation must capture. We
therefore turn to three representative examples that ground the
design requirements of CIODI-Bench.

C. Motivating Examples

The three examples below are chosen to span reliable suc-
cess, unstable performance, and consistent failure. Together,
they show why evaluation in this domain cannot stop at
whether an agent produces a plausible answer once; it must
also account for defensible analytical variation, run-to-run
stability, and tasks that expose current capability limits.

Where agents succeed

What is the monthly node-hours percentage consumed by
jobs with Darshan logs?

Agents solve this by aggregating node-hours from sched-
uler records and joining on Darshan-profiled job IDs. They
usually complete this workflow reliably, although valid
choices such as assigning a job to the month of its start
time or end time can produce slightly different aggregates.

Where agents are unstable

Is MPI-IO usage more prevalent for larger jobs?
A natural approach is to bin jobs by node count and
compare MPI-IO prevalence across bins. But node counts
are highly skewed, so naive bins can create misleading
trends by collapsing very different scales (e.g., [1–2], [3–
6], [7–1024]).

Where agents fail

For jobs with high MPI-IO volume during shared-file
access, what is the estimated number of aggregators?

Darshan does not report aggregator counts directly, but in
some cases, an expert can estimate them by comparing
per-file MPIIO volume with the slowest rank’s POSIX
I/O volume on the same file. The estimates are especially
credible when they turn out to be feasible integers, such
as 16 or 48 across multiple files in the same job. Agents
consistently fail to identify such an approach, highlighting
a current capability boundary and the continued need for
expert oversight.

These examples motivate three requirements for evaluation
in I/O telemetry analysis. First, because even correct analyses
may differ in defensible ways, as the first example shows,
scoring should be tolerance-aware and able to award partial
credit rather than treating all deviations as equally wrong.
Second, because the second example shows that small ana-
lytical choices can lead to unstable conclusions, evaluation
should measure performance across repeated runs rather than
relying on single-run accuracy alone. Third, because the final
example exposes a real capability boundary, the task set should
span a broad range of difficulty, including tasks that probe the

limits of current agents. To make the resulting measurements
interpretable, tasks should also be categorized along these
dimensions so that differences across agent designs can be
tied to specific strengths and weaknesses rather than averaged
away. The next section turns these requirements into the design
of CIODI-Bench, which we use not simply as a benchmark,
but as the evaluation basis for a controlled study of agent
reliability in realistic HPC I/O telemetry analysis.

III. CIODI-BENCH

CIODI-Bench is designed around four properties that
directly follow from these requirements: it operates over
real production Polaris telemetry, includes administrator-facing
analysis tasks as well as requests that are genuinely out of
scope for the available data, pairs each task with an explicit
output contract and expert-produced reference artifact for
automatic scoring with partial credit, and organizes tasks so
performance can be analyzed by structure and difficulty while
holding the tool environment fixed. This allows differences
across agents to be attributed to context, orchestration, and
model choice rather than to changes in interface affordances.

A. Telemetry Data Substrate

CIODI-Bench tasks operate over a PostgreSQL database
that links application-level Darshan I/O profiles from pro-
duction Polaris jobs with Polaris operational context (sched-
uler records and machine-status/maintenance logs) through
shared identifiers such as job IDs. Specifically, we integrate
three public sources summarized in Table I: (i) Polaris job
scheduler records, (ii) Polaris machine status logs, and (iii)
an anonymized collection of Darshan logs captured from
production Polaris jobs [50]. The scheduler and machine-status
datasets are provided as CSVs through the ALCF reports
portal [28] and are loaded with minimal transformation.

Data source Coverage (start) Records

Job records 2022 >580,000 jobs
Status records 2022 >500 events
Darshan profiles 2024 >1,200,000 logs

TABLE I: Datasets underlying CIODI-Bench.

Darshan logs are parsed from their binary format into
tabular form and ingested as (i) per-module counter tables
for STDIO, POSIX, and MPI-IO and (ii) per-module log-
level summary tables containing the output of Darshan’s
log-level summary tooling (e.g., job stats). Jobs traced by
Darshan that exhibit no instrumented I/O are retained in a
dedicated summary table. In total, the schema comprises two
operational-context tables (scheduler and machine status), six
per-module Darshan tables (counters and summaries), and one
no-I/O table. This organization preserves the structure of the
original sources while supporting the multi-step SQL+Python
workflows central to CIODI-Bench tasks.



Fig. 1: Example tasks from each task type in CIODI-Bench.

B. Task Sourcing

To ensure CIODI-Bench tasks remain grounded in real
administrator-facing analyses over production Polaris teleme-
try, we draw them from three sources: prior Polaris case
studies, elicitation from I/O experts and national lab facility
staff, and deliberately out-of-scope requests that test whether
agents recognize when the available data is insufficient.

Seed tasks. We initialize the benchmark with tasks derived
from a recent study of the Polaris logs [13]. That work reports
a set of case-study analyses with corresponding ground-truth
results, making it a natural seed for CIODI-Bench. We
convert these artifacts into benchmark tasks by translating
each analysis objective into a natural-language prompt and re-
implementing the original scripts against our database to repro-
duce the reported ground truth. In total, seven CIODI-Bench
tasks originate from this seed set.

Task elicitation from domain experts. To extend the task
collection with additional realistic I/O telemetry analysis tasks,
we solicited analytic task ideas from I/O experts and national
lab facility staff via a survey form. The form asked respondents
to imagine an autonomous agent with access to Polaris job
scheduler records and Darshan I/O profiles, and to propose
up to five analysis questions they would realistically ask in
operational or investigative workflows. The prompt explicitly
encouraged realistic tasks at a range of difficulty levels.

Unsolvable tasks. In addition to solvable tasks, we inten-
tionally include tasks that are out of scope for the benchmark
database. We collect these by explicitly asking the experts
to propose analyses that would require missing signals (e.g.,
unavailable counters, absent system-level telemetry, or unmod-
eled per-rank timelines). These tasks are labeled as unsolvable
and are used to evaluate whether agents can correctly abstain
when a request cannot be answered from the available data.
For example, one such task is ”For jobs using Lustre file
systems in 2024, what fraction had good striping settings in
place?” Since the Polaris log collection does not include Lustre
module data, this question cannot be answered verifiably.

C. Task Instances, Ground Truth, and Per-run Scoring

Each CIODI-Bench task instance consists of (i) a task
prompt describing the analysis objective and (ii) a single
reference CSV output file constituting the ground truth. As
shown in Figure 1, each prompt includes a task definition
describing what should be computed and grading criteria
specifying the required CSV schema and representation con-
ventions. This design keeps tasks open in how they are solved

(e.g., through different SQL formulations and Python post-
processing choices) while remaining precise about what must
be produced.

The reference CSV serves as the authoritative target output
for evaluation. Because tasks are phrased in terms of meaning-
ful quantities or conclusions (e.g., node-hour totals, per-project
aggregation, coverage rates), the reference artifact encodes
the intended interpretation of the analysis objective. Per-run
scoring compares the submitted CSV artifact against this
reference. Building upon prior artifact-based evaluation (e.g.,
DA-Code’s table comparison [51]), we use a normalization
and column-wise grading pipeline that supports partial credit.
Outputs are first normalized into a comparable representation
by coercing column data types to expected types and stan-
dardizing common presentation variations, after which each
column is scored according to its semantics (categorical labels,
numeric quantities, short free-form text, etc.). The final task
score is the mean of the per-column scores, yielding a scalar
in [0, 1].

For tasks with short natural-language explanations or sum-
maries, enumerating all valid explanations as a small categor-
ical label set would effectively reveal the set of hypotheses
to test. For these cases, we use an LLM-as-a-judge method.
To keep the judge lightweight and reproducible, it compares a
single reference response against a single candidate response
on a per-row basis, assigning 0.0 when the candidate misses
all key information, 0.5 when it misses part of the key
information, and 1.0 when it covers the required information.
Each such column is paired with a task-specific prompt that
specifies the key information the judge should focus on.

D. Task Taxonomy for Interpretable Analysis

To make reliability failures interpretable rather than collaps-
ing all tasks into a single aggregate score, CIODI-Bench
organizes tasks along two axes: Task Type and Task Diffi-
culty. Table II defines the four task types used throughout the
benchmark, while Figure 1 gives a representative instance of
each. Table III reports the resulting distribution of tasks across
type and difficulty. This taxonomy provides an interpretable
breakdown of what the benchmark measures and supports
the stratified analyses used later to isolate strengths and
weaknesses across agent designs.

Task Type. Task types are distinguished primarily by grading
modality and by the open-endedness of the required reasoning.
Data extraction tasks are graded mainly through deterministic
equality checks over numeric and categorical fields aggregated
from the data. Data analysis tasks reduce to categorical labels



Type Definition (what the agent must do and produce)

Data Extraction Retrieve, join, aggregate, and format database fields into a structured CSV without interpretation of results.
Data Analysis Retrieve and analyze evidence to emit a set of categorical conclusions (e.g., better/worse trend).
Insight Generation Retrieve and analyze evidence to synthesize open ended conclusions and/or provide reasoning to explain findings.
Unsolvable Reason about available data to accurately classify tasks as out of scope.

TABLE II: CIODI-Bench task types and their definitions.

produced by interpreting intermediate results. Insight genera-
tion tasks are more open-ended, requiring agents to synthesize
conclusions or explain why observed findings support those
conclusions. Unsolvable tasks are graded by whether the agent
abstains and grounds that abstention in missing evidence.

Task Difficulty. We assign each solvable task a difficulty
label (Easy, Medium, or Hard) using an operational, quan-
titative proxy: the number of distinct steps in the ground-
truth solution (e.g., queries and post-processing operations)
required to produce the final artifact. This criterion reduces
subjectivity while reflecting a known challenge for tool-using
agents, namely sustaining multi-step execution without drifting
or accumulating semantic errors. Specifically, Easy tasks are
close to directly observable in the data, requiring minimal
aggregation and little higher-level reasoning. Medium tasks
require mapping commonly used analysis concepts to the
database schema (e.g., selecting the right counters, joins, and
groupings). Hard tasks demand more challenging domain-
specific reasoning and typically require longer multi-step
workflows and substantial reasoning over intermediate results.
Finally, Unsolvable tasks do not receive a difficulty label and
are marked as N/A in Table III.

Tag Easy Medium Hard N/A Total

Data Extraction 10 0 0 0 10
Data Analysis 0 14 2 0 16
Insight Generation 0 13 4 0 17
Unsolvable 0 0 0 6 6

Total 10 27 6 6 49

TABLE III: Task distribution by type and difficulty.

IV. AGENT CONFIGURATIONS AND MEASUREMENT

Using CIODI-Bench, we systematically study agent con-
figurations that vary along two axes: curated context and
explicit orchestration. To ensure fairness, all configurations
operate in the same tool environment and solve the same tasks.

A. Shared Tool Environment

All agent configurations use the same three tools: a read-
only SQL query tool, a persistent code execution tool, and
an artifact submission tool. The query tool provides read-only
access to the benchmark database. It returns a preview of up
to 10 rows in the interaction loop while materializing the full
result as a CSV in the agent’s execution environment. The
code execution tool allows agents to run Python or Bash code
in a sandboxed Jupyter kernel that persists for the duration of
the task, supporting iterative debugging and post-processing
of query results. The artifact submission tool finalizes a run
by submitting the path to the output artifact to be graded, after
which the run terminates and the submitted artifact is passed

to the grading pipeline (Section III-C). Holding this interface
fixed ensures that performance differences are attributable
to context, orchestration, and model choice rather than to
differences in tool affordances.

B. Agent Context

Agents’ behavior is strongly shaped by the information
provided in their context, that is, by the tokens available in
the message history. To isolate the impact of domain-specific
context from other factors, we ensure every agent receives the
same basic instructions covering how to call the three tools
and how to operate in the environment. Beyond these shared
instructions, the context includes two primary components.

Database knowledge documents the database schema, in-
cluding table names and column meanings, and clarifies con-
ventions that are easy to misuse in a purely schema-discovery
workflow (e.g., whether a table is job-level or file-level, or
whether values are aggregated across MPI ranks).

Domain knowledge encodes conventions that are not part of
the database schema but are important for correct analysis. We
derived these conventions from pilot experiments and domain-
expert feedback, then presented them to agents as a small,
dedicated part of the system prompt:
• Filtering partial logs: Agents treated partial logs as failures.
• Misunderstanding rank semantics: Agents misinterpreted

rank values during processing, such as treating rank=-1
incorrectly instead of recognizing that it denotes data shared
across all ranks.

• Misguided throughput calculation: Agents used naive
bytes/time calculations for throughput, ignoring more ac-
curate methods based on actual I/O time.

• Interface hierarchy: Agents misunderstood how higher-level
interfaces (MPIIO) are represented in lower-level interface
(POSIX) records.

We distilled these corrections into general conventions rather
than task-specific hints, improving robustness without leaking
answers.

C. Agent Orchestration

Beyond context, performance also depends on orchestration
design, which carries its own costs. It is therefore important
to understand which orchestration strategies are actually effec-
tive. In this study, we organize representative strategies into
an orchestration ladder with increasing structural complexity.

1. Direct-Solver. The Direct-Solver agent is a simple ReAct-
style [41] loop that iteratively calls tools to (i) retrieve rele-
vant data via SQL queries, (ii) perform any required post-
processing in the code execution environment, and (iii) submit
a single CSV artifact that satisfies the task’s output contract.



This configuration serves as the minimal orchestration baseline
because it introduces no explicit decomposition, verification,
or additional LLM roles beyond the core tool-using loop.

2. Plan-and-Execute. Plan-and-execute separates planning
from tool execution using a dedicated planner and executor,
following Erdogan et al. [52]. The planner converts the prompt
into an ordered sequence of steps, while the executor uses
the available query and code-execution tools to complete each
step and report a detailed summary of results. The goal of
this approach is to reduce the task load assigned to any single
role. A useful side effect is improved interpretability, since
the planner’s outputs make the high-level process explicit. We
further evaluate two variants of this approach:
• Upfront plan generation. The planner produces a complete

plan once; the executor executes it step by step and returns
results for submission. On failure, the executor reports the
issue and the planner revises the plan before continuing.

• Iterative plan generation. The planner emits one step at a
time, conditioned on intermediate results returned by the
executor. This is useful when the solution path is heavily
dependent on intermediate results.
3. Reviewer Augmentation. We augment the plan-and-

execute setting with a third LLM role, an external reviewer,
to check intermediate assumptions and create a plan-execute-
review loop. Specifically, after the planner and executor pro-
duce a candidate result artifact, we initialize a reviewer with (i)
the original task prompt and output contract, (ii) the planner’s
proposed steps together with the executor’s result summaries,
and (iii) the final candidate CSV submitted by the original
planner. The reviewer is instructed to validate the solution
independently by verifying key decisions through appropriate
cross-checks and by implementing alternative strategies that
either confirm or call the existing result into question. The
reviewer submits the final artifact upon completion.

In §V, we further distinguish reviewer configurations by the
process information they receive, that is, whether the reviewer
is process-aware and is shown the process that generated the
original solution, or process-blind and must assess only the
task and the final artifact.

D. Repeated-run Reliability Metrics

As outlined in Section II, a core requirement of this study
is to measure not only whether an agent can solve a task, but
whether it does so reliably under stochastic generation. To this
end, we evaluate each task over K independent trials under
identical settings and compute two standard metrics for every
result. First, average-of-k is the mean score across the K trials
and reflects expected performance under repeated execution.
Second, best-of-k is the maximum score across the K trials
and serves as an upper bound on attainable performance under
favorable sampling. When summarizing results over multiple
tasks, we aggregate these per-task quantities by averaging
across tasks. Throughout the paper, we treat average-of-k
as the primary reliability metric and report best-of-k as a
complementary indicator of capability when reliability is not
yet saturated.

V. BENCHMARKING RESULTS AND ANALYSIS

This section presents the paper’s core empirical results:
a controlled measurement study based on CIODI-Bench.
Rather than using the benchmark simply to rank agents, we use
it to isolate which design choices materially change reliability,
stability, and cost in HPC I/O telemetry analysis. We organize
the results around three research questions (RQs):
• RQ1: How do expert-defined context and agent orchestra-

tion affect performance across CIODI-Bench task types
(data extraction, data analysis, insight generation, and
unsolvable)?

• RQ2: How do expert-defined context and agent orches-
tration affect performance across CIODI-Bench task-
difficulty levels, and what failure modes dominate as
difficulty increases?

• RQ3: What cost–performance tradeoffs arise from increas-
ingly structured orchestrations, and when is additional
structure worth the overhead?

A. Evaluation Setup

For each agent configuration, we follow the repeated-run
protocol defined in Section IV-D with K=3 independent trials
per task. We also standardize model inference settings across
roles. Unless otherwise noted, all methods use OpenAI’s GPT-
5 as the underlying LLM. For the Direct-Solver and all planner
roles in Plan-and-Execute setups, we set reasoning effort to
high. For executor roles in Plan-and-Execute setups, we use the
default setting (medium), reflecting a planner/executor division
in which planning receives more deliberation while execution
emphasizes tool use under the planner’s instructions.

Benchmarked Variants. We report a Direct-Solver baseline
in three variants. The plain variant (Direct) receives the
detailed database-table context and curated domain knowl-
edge described in Section IV-B. The Online Analysis vari-
ant (Direct (O)) receives only the tool descriptions and
workflow guidance, and must infer database structure through
exploratory SQL queries. The final variant (Direct (M))
keeps the same setup as Direct but replaces GPT-5 with
GPT-5-mini (a weaker, lower-cost model).

We also report two Plan-and-Execute configurations. The
plain approach (Plan-Execute) uses upfront planning,
whereas the iterative approach (Plan-Execute (I)) plans
and executes one step at a time. Because Plan-and-Execute
separates planning and execution into distinct roles, we fur-
ther include Plan-Execute (M-P) and Plan-Execute
(M-E) variants, in which GPT-5-mini replaces only the plan-
ner or only the executor, respectively.

Finally, we report two Reviewer-augmented configura-
tions. The plain approach (Plan-Execute-Review) is
process-aware: the reviewer receives the planner/executor
trace and intermediate outcomes. In the process-blind variant
(Plan-Execute-Review (PB)), the reviewer receives
only the task and the final candidate artifact.

a) Baseline: DS-STAR: We additionally include DS-
STAR [19], a state-of-the-art open-source agent for general
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Fig. 2: Mean average-of-3 (x) and mean best-of-3 (y) scores across task types.

end-to-end data analysis, as a comparison baseline. DS-
STAR implements a substantially more complex multi-agent
workflow with specialized roles (Analyzer, Planner, Coder,
Debugger, Router, Verifier, and Finalizer). To evaluate it on
CIODI-Bench, we make minimal adaptations intended to
remain faithful to the original design. First, because DS-
STAR assumes a Python-only environment, we expose both
our SQL query tool and our code-execution tool to the Coder
and Debugger roles. Second, because DS-STAR’s Analyzer
is designed to explore and define the data schema before
task execution, we evaluate both an Online Analysis variant
(DS-Star (O)) with the Analyzer enabled and a variant
in which the Analyzer is replaced by our curated context
(DS-Star). Finally, because DS-STAR does not include
explicit task rejection, we add a one-shot SolvabilityChecker
role invoked before execution to classify tasks as solvable or
not. We cap the built-in refinement parameter at 20 rounds to
match the original work.

B. RQ1: Performance across task types

We begin with task type because it provides the clean-
est view of the central thesis that the dominant reliability
bottleneck shifts with task structure. Figure 2 reports results
for each task type (data extraction, data analysis, insight
generation, and unsolvable tasks). Using CIODI-Bench’s
reliability metrics, we plot the best-of-3 score of each agent
on the y-axis and the average-of-3 score on the x-axis. Points
closer to the upper-right are therefore both more accurate and
more stable.

Data Extraction. Figure 2a isolates the regime in which
semantic grounding is the dominant bottleneck. A represen-
tative comparison makes the gap concrete as Direct with
curated context reaches an average-of-3 of 93.5%, while
Direct (O) reaches only 73%, a gap of 20.5 points. This
indicates that once the relevant schema semantics are sup-
plied, agents reliably produce accurate results. In contrast,
the substantially lower average-of-3 results of both Online
Analysis variants (Direct (O) and DS-Star (O)) indi-
cate brittleness driven by upstream semantic mistakes, such as

misinterpreting a column’s meaning or assuming an incorrect
linkage between identifiers, which propagates through other-
wise plausible pipelines.

The behavior of DS-Star (O) sharpens this point. Its
design allocates a dedicated Analyzer to summarize tables one
at a time under fresh context before passing those summaries
to the planner. Yet, DS-STAR does not improve meaningfully
over Direct (O), suggesting that additional agent effort
spent on self-derived schema understanding does not reliably
overcome the core problem and plausible-but-wrong semantic
assumptions remain burdensome without vetted ground truth.

Finally, among curated-context methods, substitutions with
the less capable GPT-5-mini remain competitive on extraction,
further indicating that, in this regime, model capability is less
important than domain-relevant semantic context.

Data Analysis. Figure 2b shows performance on Data
Analysis tasks. As in Data Extraction, the two Online Analysis
variants remain outliers, reinforcing that unresolved schema
semantics upstream still degrade downstream execution. What
changes in this regime is not the need for grounding, but
the value of orchestration. Quantitatively, Plan-Execute
raises mean average-of-3 from 51.5% for Direct to 56.9%,
and Plan-Execute-Review pushes this further to 64.7%.
However, the process-blind reviewer reaches only 53.2%.

The key difference is that many Data Analysis tasks
end in a comparatively constrained output space. Al-
though the task still requires interpretation, the final an-
swer often reduces to one of a small set of categori-
cal conclusions (e.g., shared access is better or indepen-
dent access is better). That structure makes planning and
verification useful because the reviewer can focus on the small
set of counterfactual choices that would flip the label by re-
running a targeted set of alternative approaches.

The gap between process-aware and process-blind
Plan-Execute-Review approaches further supports
this interpretation. The process-aware reviewer sees the
planner/executor trace and intermediate artifacts, which (i)
reveals which assumptions were made and which checks
were omitted, and (ii) encourages complementary validation



rather than replaying the same reasoning path. By contrast,
a process-blind reviewer sees only the task and the final
artifact, and therefore often reconstructs the same framing
that produced the original result, yielding much less benefit.

Insight Generation. Figure 2c reports results on Insight
Generation tasks. Unlike Data Analysis, these tasks are sub-
stantially more open-ended, requiring the agent to interpret
intermediate results and synthesize free-form conclusions (e.g.,
detecting and characterizing trends in I/O patterns). Here the
agent must decide which signals matter, synthesize evidence
into an explanation, and defend a narrative under ambiguity.
As a result, all configurations perform markedly worse on
this task type: even the strongest setup reaches an average-of-
3 of only 45.7%. More importantly, the added orchestration
that helped on Data Analysis tasks now achieves a lower
score (43.7%). The plain Direct baseline performs the best,
suggesting that decomposition and review are useful only
when they can anchor themselves in discriminative cross-
checks rather than in another layer of open-ended reasoning.

Tunnel Vision. Across task families, the mean average-of-3
score across all approaches declines steadily from 87.4% in
the most constrained setting (Data Extraction) to just 38.5%
on the most open-ended (Insight Generation). Across failed
episodes in both Data Analysis and Insight Generation, the
most common failure mode is tunnel vision: agents commit
early to one framing, such as a single metric, one table, or an
initial hypothesis, and then complete the rest of the task within
that narrowed path instead of actively testing alternatives. This
is especially damaging when correctness depends on upstream
modeling choices (e.g., grouping level, time window, or the
operational definition of “better”), because one early mistake
can still produce a complete, well-formatted artifact that looks
plausible but is ultimately wrong.

Unsolvable. Unsolvable tasks (Figure 2d) provide a direct
stress test of meta-reasoning about what can and cannot
be concluded from the available tools and data. Across all
context and orchestration settings, frontier models reliably
reject these tasks, indicating that the benchmark contains
enough information for a capable model to recognize when
the required evidence is simply absent. However, the variants
using GPT-5-mini perform substantially worse. This shows
that substituting a smaller model at the decision layer dis-
proportionately harms reliability. The same pattern appears
on Insight Generation tasks, pointing to a broader regime in
which open-ended reasoning over the schema and telemetry
dominates. In other words, model capability matters most at
upstream decision points, such as solvability judgment, plan
selection, and hypothesis refinement. On Data Analysis tasks,
this dependence is less pronounced because the constrained
answer space provides some guidance about how the problem
should be framed.

In total, RQ1 supports a single mechanism. Namely, as task
structure shifts from constrained extraction to semi-constrained
analysis and then to open-ended interpretation and absten-
tion, the dominant reliability bottleneck moves from semantic
grounding, to verification tractability, to upstream judgment.
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Fig. 3: Performance trends of average-of-3 from Easy to Hard.
Task difficulty (x) and mean average-of-3 (y).

This bottleneck migration explains why the same intervention
can be decisive for one task family yet nearly irrelevant
for another. Table IV summarizes this pattern as a failure
taxonomy: each task regime exposes a different dominant
failure mode and therefore favors a different intervention.

C. RQ2: Performance across difficulty levels

Task type explains which bottleneck dominates, while task
difficulty shows how strongly that bottleneck constrains per-
formance once tasks demand longer reasoning traces and
more challenging domain interpretation. Figure 3a shows a
monotonic decline in mean average-of-3 across all approaches
from 87.4% on easy tasks to 22.6% on hard tasks.

Hard tasks are especially informative because they often
require agents to form non-trivial operational hypotheses be-
fore or during task execution. One example asks the agent
to identify applications that use the MPI-IO read–modify–
write (data sieving) optimization. A natural starting point
is a cross-layer constraint in Darshan: because MPI-IO is
implemented on top of POSIX, MPIIO activity on a file
should be accompanied by concurrent POSIX activity on the
same file. From this, an expert could derive a hypothesis
about what read–modify–write should look like in counters:
candidates should show (i) nonzero MPIIO write volume, and
(ii) concurrent POSIX reads and writes on the same file,
consistent with a read–modify–write pattern.

However, even when we provide the general fact that MPI-
IO behavior is reflected in the POSIX layer, agents still fail
on this task because they do not translate that fact into the
concrete cross-layer conditions above. Instead, they either
ignore the POSIX layer entirely and attempt detection only
using MPIIO counters, or adopt other incorrect cross-layer
heuristics. This explains why hard-task performance remains
largely unsaturated as the bottleneck is not executing a known
plan, but accurately conducting deep domain-relevant reason-
ing to generate the right analysis approach and conclusions.



Failure type Most exposed scenarios Primary mitigation

Schema semantic mismatch Online schema discovery on data extraction
and data analysis tasks

Expert-curated schema and domain context

Tunnel vision / false framing Single-pass solving on data analysis and
insight generation tasks

Process-aware review with targeted
counter-checks

Hypothesis-construction failure Weaker planners on insight generation tasks Stronger planner model
Incorrect abstention boundary Weaker planners on Unsolvable tasks Explicit solvability check using stronger

reasoning models

TABLE IV: Failure taxonomy distilled from repeated error analysis across CIODI-Bench.
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Fig. 4: Impact of targeted expert clarification on hard tasks.

Interestingly, general advancements in model capabilities
do not necessarily impact hard-task performance. As shown
in Figure 3b, the performance of the newer GPT-5.4 and
GPT-5.4 mini as well as state-of-the-art open-source models
such as GLM-5, still remains below an admissible reliability
standard compared to previous-generation GPT-5 or GPT-5-
mini models.

This in turn suggests a practical deployment implication.
Some failures may be resolved not by adding more agent
machinery but by keeping experts in the loop to provide
minimal semantic clarifications.

As a diagnostic probe, we reviewed the dominant failure
mode for each hard task and added a single targeted semantic
clarification that addressed that failure without revealing the
answer. We report the results as the Post-Hoc-Clarification
variant in Figure 4a, comparing it to the baseline (Direct-
Solver) performance on hard tasks. Quantitatively, this sin-
gle semantic patch raises the average-of-3 performance from
24.7% to 80.7%.

Importantly, each clarification is limited to a single semantic
point and does not reveal the final answer. For example,
the expert clarification for the data sieving identification task
above only adds a brief instruction about how to identify
read–modify–write behavior (e.g., “use the cross-layer POSIX
read+write signature on the same file as the detection rule”),
which is enough to effectively convert a near-impossible
task into a more routine processing task closer to the Data
Extraction regime.

However, this kind of post-hoc failure analysis is time
consuming and inherently hindsight-based, while providing

such clarification in advance is difficult because we do not
know which domain assumptions the agent will mishandle.
Hence, an important direction for future work is to identify
effective ways to keep experts in the loop for domain-specific
agentic data analysis.

As an initial step in this direction, we apply a naive
approach in which we instruct the agent to log any of its
decisions that were not clarified in the user’s prompt us-
ing a dedicated decision-logger tool. We treat each of the
logged decisions as an escalation event in which an expert
must review the logged decision and provide targeted clar-
ification if needed. The results are represented as Direct
(Online-Clarification) in Figure 4a and provide
preliminary evidence that comparable gains may be achiev-
able without a separate post-hoc rerun, although the current
decision-logging strategy introduces substantial unnecessary
escalations. Figure 4b shows this as the average performance
gain per decision-logger invocation, highlighting that the value
per logged decision is much higher for hard tasks than it is
for easy ones. These initial results clearly suggest that more
dedicated approaches should be studied, such as one in which
each decision is triaged by executing possible branches and
only escalating to a human expert if the branches meaningfully
diverge in outcome. We consider these as important directions
for future research inspired by this work.

Viewed in this context, our results delineate an automation
boundary where extraction tasks with vetted semantic context
are the strongest candidates for autonomous execution, while
data-analysis and insight-generation tasks that require domain-
specific hypothesis formation continue to benefit from expert
clarification. Once a novel analysis becomes routine and its
procedure has been validated, it can be encoded as a curated
query, template, or dashboard instead of being repeatedly
delegated to an autonomous agent.

D. RQ3: Cost–performance tradeoffs

Figure 5 reports the mean number of output tokens per
task for each agent configuration on CIODI-Bench. We use
output tokens as a comparable proxy for generation work
because input-token counts and costs are strongly affected by
tool-output verbosity and implementation-specific optimiza-
tions (e.g., prompt caching). At OpenAI’s API pricing as of
March 2026, 20k output tokens correspond to approximately
$0.20 for GPT-5 ($10 per million output tokens) or $0.04 for
GPT-5-mini ($2 per million). We also report the mean average-
of-3 score across all tasks for each setup.



0k 32k 64k 96k 128k 160k

Output Tokens (Per Task)

Direct

Direct (O)

Direct (M)

Plan-Execute

Plan-Execute (I)

Plan-Execute (M-E)

Plan-Execute (M-P)

Plan-Execute-Review

Plan-Execute-Review (PB)

DS-Star

DS-Star (O)

Tokens
Score

0.3 0.4 0.5 0.6 0.7 0.8
Score (Average of Three)

Fig. 5: Output tokens per task shown as mean generated tokens
(bars) and average-of-3 performance across all tasks (points).

The main pattern is that the interventions that improve
reliability are not cost-neutral, and their cost depends strongly
on where in the pipeline they operate. Across configurations,
output-token usage is driven largely by how much text the
agent generates in three recurring phases: (i) schema probing
when context is missing, (ii) single-pass solving, and (iii)
post-hoc verification or refinement (explicit review or iterative
self-correction). Online Analysis variants generate additional
tokens up front through exploratory SQL used to reconstruct
schema semantics. Reviewer-augmented methods add a ded-
icated verification phase that either performs targeted checks
(process-aware) or re-solves the task from scratch (process-
blind). DS-STAR is distinct in that it intertwines solving and
verification within an iterative refinement loop: a router agent
may discard prior steps it deems incorrect, leading to repeated
generation and higher token counts when work is redone and
abandoned.

These design choices create a clear stratification in output-
token usage. DS-STAR occupies the high end at over 100k
mean output tokens per task, reflecting the token inefficiency
of its multi-iteration refinement pipeline. Reviewer-augmented
methods follow between 40k and 55k, with the process-blind
reviewer typically generating more tokens because it cannot
use the original trace to perform lightweight, complementary
checks and instead tends to reproduce a full solution attempt.
The Online Analysis Direct-Solver sits in the middle at 32k
tokens because schema-discovery effort is prepended to an
otherwise direct solve. In contrast, the Direct-Solver and
both Plan-and-Act variants (without additional exploration or
review) form the low-token regime between 15k and 30k
tokens, since they devote most generation to a single end-to-
end solve and therefore minimize overhead beyond core SQL
and code tool use. Relative to Direct, this means process-
aware review costs about 2–3× more output tokens per task,
while DS-STAR costs upward of 6.5× more.

Task category Original Avg. SD of 3-of-9
avg@3 @9 subsamples

Data Extraction 0.94 0.94 0.001
Data Analysis 0.73 0.75 0.03
Insight Generation 0.36 0.34 0.04
Unsolvable 1.00 0.96 0.05

TABLE V: Higher-K validation of the Direct configuration
on 12 sampled tasks (3 tasks per category). The final column
reports the standard deviation across all three-run subsets of
the nine trials.

E. Scope and Validity Considerations

a) Cross-site scope and transferability.: CIODI-Bench
is grounded in Polaris, so the results should be interpreted as
controlled, single-site evidence rather than universally transfer-
able estimates across HPC environments. Its value is precisely
that this realistic setting lets us isolate the effects of semantic
grounding, orchestration, and model capability; we consider
broader multi-site validation as future work. However, several
of our findings are tied to task structure and are therefore likely
to remain consistent across facilities. First, constrained extrac-
tion tasks depend primarily on vetted schema and domain se-
mantics. While the particular semantics differ across facilities,
autonomous discovery of undocumented local conventions is
likely to remain brittle. Second, tasks that have a small set
of enumerable outcomes are likely to benefit from additional
orchestration that enables targeted evaluation of counterfactual
branches. Third, challenging open-ended analyses are likely
to remain limited by upstream decisions such as problem
framing, hypothesis formation, semantic interpretation, and
solvability judgment, where stronger reasoning or expert clar-
ification may be more valuable than additional orchestration.
Finally, increasingly elaborate orchestration should be applied
selectively, as additional agent structure generally increases
generation work and provides value only when it addresses
the task’s dominant bottleneck.

b) Repeated-run robustness.: Our primary evaluation
uses K=3 independent trials per task, which captures expected
behavior but not the full tail of the outcome distribution.
Accordingly, we emphasize regime-level patterns as opposed
to fine-grained rankings among near-tied methods. However, to
confirm whether the reported task-regime trends are sensitive
to this sampling budget, we extended the Direct configu-
ration to K=9 on a stratified subset of 12 tasks, comprising
three tasks from each category. Table V compares the original
average-of-3 with the extended average-of-9 and reports the
variability across all three-run subsets of the nine trials.

Across task categories, the original average-of-3 differs
from the corresponding average-of-9 by at most 0.04, while
the standard deviation across three-run subsamples ranges
from 0.001 to 0.05. These results provide additional evidence
that the reported regime-level trends are not artifacts of an
unusually favorable or unfavorable three-run sample.



VI. RELATED WORK

HPC I/O telemetry analysis and observability ecosystems.
A substantial body of HPC work focuses on collecting,
summarizing, and analyzing I/O behavior through profilers,
traces, and observability infrastructure, including Darshan,
Recorder, LDMS, MELA, IOMiner, and related systems [5],
[10], [30], [32], [34], [33]. PyDarshan and LASSi further
illustrate how these artifacts support interactive and opera-
tional I/O analytics workflows [53], [54], while recent surveys
synthesize the broader landscape of HPC I/O characterization
and optimization [55], [56], [57], [58]. These works establish
the realism and practical importance of telemetry analysis,
but they do not evaluate LLM agents on such tasks. Closest
to our setting, ION and IOAgent use LLMs to diagnose I/O
issues from application traces, while STELLAR uses an LLM
agent to iteratively tune a parallel file system [59], [60],
[44]. In contrast, we study heterogeneous tasks over multiple
operational-telemetry sources and hold the data, tools, and
scoring procedure fixed to compare how context, orchestration,
and model capability affect accuracy, repeated-run reliability,
and cost.

Text-to-SQL and database question answering benchmarks.
A large body of work evaluates natural-language-to-SQL
translation over relational databases. Benchmarks such as
Spider [61], [20] emphasize cross-domain generalization and
complex query composition, largely in a single-query setting.
BIRD moves toward more realistic databases via larger scale
and richer content, and introduces external evidence to better
align questions with database values [15]. More recent bench-
marks such as Spider 2.0 and BEAVER target enterprise-style
workflows, while Dr.Spider emphasizes diagnostic robustness
under perturbation [20], [21], [62]. These benchmarks sub-
stantially improve ecological validity for database interaction,
but they still center SQL generation and robustness rather than
end-to-end analytic workflows with downstream computation,
artifact submission, and domain-specific interpretation.

End-to-end data science benchmarks for agents. A second
line of work evaluates broader data science capabilities. DS-
1000 focuses on Python data science code generation with
executable tests [23], while DSBench targets longer, more
realistic analysis/modeling tasks [26]. Benchmarking Data
Science Agents expands evaluation to the data science lifecycle
via DSEval [22]. Related benchmarks evaluate tool-using
agents and multi-step pipelines, including DA-Code [51],
DABStep [24], KramaBench [25], and BLADE [27]. Collec-
tively, these efforts push beyond isolated subtasks, but they
typically operate in general domains and at scales that fit a
file-centric (often Python-only) workflow, reducing the need
for significant reasoning over domain-specific semantics.

Standalone data analyst agents and reliability-oriented
evaluation. In parallel, several systems propose end-to-
end data analyst agents that combine planning, tool use,
and self-correction, including DS-STAR [19] and other
decomposition/verification-based approaches [18], [45]. Re-
cent work also explores fine-tuning for autonomous data anal-

ysis beyond hand-crafted agent pipelines [48] in general do-
mains. Reliability-focused evaluation has also begun to receive
more attention: Reducing Tool Hallucination via Reliability
Alignment studies failure modes in tool use [63], and CORE-
Bench evaluates agents on computational reproducibility tasks
drawn from published scientific work [64]. These efforts
reinforce the importance of trustworthy evaluation, but they do
not provide a realistic, domain-specific substrate for studying
reliability on HPC I/O telemetry analysis or for disentangling
the effects of context, orchestration, and model capability
under controlled conditions.

VII. CONCLUSION

In this work, we introduced CIODI-Bench and used it as
a substrate to conduct a controlled study of tool-using LLM
agents for realistic HPC I/O telemetry analysis over production
Polaris data. Across 49 expert-curated tasks, the central result
is that the dominant reliability bottleneck shifts with task
structure: constrained extraction is limited mainly by semantic
grounding, semi-constrained analysis benefits from process-
aware verification when answers admit targeted falsification,
and open-ended or hard tasks remain bottlenecked by upstream
judgment, where stronger models help more than additional
orchestration.

The practical implications are also clear. Prioritizing vetted
schema and domain context drives reliability up and cost
down, adding lightweight review mechanisms only where
solutions are enumerable can benefit reliability, and keeping
experts in the loop via dedicated mechanisms is still critical
to enable highly reliable analysis results on domain-specific
reasoning tasks. However, how to effectively involve experts
will require substantial exploration.
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