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Abstract

Enterprise cloud agents increasingly operate
over thousands of APIs and SDK operations.
Tool use therefore becomes a large-scale classi-
fication and grounding problem over API opera-
tions, not a simple function-calling task. Earlier
production-derived architectures either expose
broad operation catalogs to the model or hide
selection inside planner agents, causing exces-
sive context growth, repeated discovery calls,
and preventable invocation errors. We pro-
pose the Operation-Visible Agent Architecture,
which keeps operation search, schema inspec-
tion, validation feedback, and API invocation
visible to a centralized ReAct loop through a de-
terministic Operation-Resolver MCP. We com-
pare this architecture with lead-worker plan-
ning and ReAct-based execution variants to
assess how agent orchestration and MCP tool-
boundary design affect enterprise-agent perfor-
mance. On internal cloud-management bench-
mark tasks spanning 280+ SDK clients and
~8K operations, the proposed architecture im-
proves full-success rate from 68% to 77% over
the production-derived baseline, while reduc-
ing total token usage by 54.1%, median latency
by 43.3%, LLM calls by 37.8%, and tool errors
by 52.4%. The main lesson is that, at enter-
prise API scale, tool-boundary design is not
an implementation detail: parallel tool calling
improves efficiency, but task success improves
most when operation resolution remains visible
to the main reasoning loop.

1 Introduction

Language-model (LM) systems are increasingly
moving from text generation to action-oriented as-
sistance: interpreting user intent, retrieving context,
and executing actions through tools, databases, and
APIs. Prior work on augmented LMs, RAG, Re-
Act, and tool-use benchmarks shows the value of
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The Large-Toolset Problem for Enterprise Agents Enterprise Tool Catalog (via MCP)
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Figure 1: Large-toolset problem for enterprise agents:
mapping a user request through the agent and MCP in-
terface to the correct client, operation, and parameters
across hundreds of clients and thousands of operations,
creating tool-selection, context-size, latency, and relia-
bility challenges.

connecting models to external knowledge and com-
putation (Mialon et al., 2023; Lewis et al., 2020;
Yao et al., 2023; Schick et al., 2023; Li et al.,
2023; Qin et al., 2024; Patil et al., 2024). En-
terprise cloud agents operate over large SDK sur-
faces rather than small fixed tool sets. A client is a
service-specific SDK interface; an operation is an
executable client method with schema, authoriza-
tion constraints, and execution metadata. Select-
ing an operation requires choosing the right client,
method, and grounded parameters.

We study a production-deployed large enter-
prise cloud agent that invokes cloud APIs through
a Model Context Protocol (MCP) interface over
280+ SDK clients and ~8K exposed operations.
Here, tool use is both a retrieval problem and an
architecture-boundary problem: the agent must
identify the right operation and parameters without
flooding model context with irrelevant SDK struc-
ture. Poor grounding causes broad catalog scans,
guessed operations or parameters, unnecessary clar-
ification requests, higher latency and cost, context
noise, and harder-to-debug failures. These con-
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straints are not merely benchmark artifacts; they
directly affect production cost, latency, debugging,
and reliability for enterprise assistants operating
over evolving API catalogs.

After observing two earlier designs, a generic
invocation architecture with frequent operation
and parameter errors, and a planner-based MCP
architecture (section 4) that improved selection
but added LLLM calls and duplicated context, we
propose the Operation-Visible Agent Architecture,
shown in Figure 2. The Operation-Visible Agent
Architecture pairs ReAct Parallel Tool Calling with
the deterministic Operation-Resolver MCP. The
resolver exposes three explicit steps: searching
for candidate operations, describing their schemas
and constraints, and validating/executing API calls.
Because these steps remain in the main ReAct tra-
jectory, the agent can inspect candidates, use vali-
dation feedback, observe API results, and produce
the final response without delegating operation se-
lection to a hidden planner or specialist subagent.
ReAct Parallel Tool Calling further allows one rea-
soning step to issue multiple independent API calls
when their arguments are known, reducing model
round trips. Our contributions are:

* Problem. We frame enterprise cloud-agent tool
use as large-catalog operation grounding: select-
ing the right SDK client, method, and parameters
across thousands of operations.

Architecture. We propose Operation-Visible
Agent Architecture, which combines centralized
ReAct reasoning, parallel tool calling, and de-
terministic operation search, schema inspection,
and validated invocation.

Evaluation. We evaluate six configurations
formed by crossing three agent-control patterns
with two MCP tool-boundary designs, using
multi-turn simulation, calibrated LLM-as-judge
labels, and operational metrics.

Finding. MCP tool-boundary design is a first-
order factor: visible operation resolution im-
proves task completion most in centralized ReAct
settings, while parallel tool calling mainly im-
proves efficiency, reducing tokens by 54.1% and
median latency by 43.3% over the production-
style baseline.

2 Related Work

Agent architectures: reasoning, acting, and de-
composition. Recent LM-agent work improves
multi-step behavior through explicit reasoning (Wei

et al., 2022), interleaved reasoning with observa-
tions / actions (Yao et al., 2023), and separated
planning and execution (ReWOO; Xu et al., 2023).
Other systems delegate computation to programs
(PAL; Gao et al., 2023), incorporate verbal feed-
back loops (Reflexion; Shinn et al., 2023), frame
agents as augmented LMs combining parametric
generation with tools, memory, and external mod-
ules (Mialon et al., 2023; Hu et al., 2026), or de-
compose agents into specialized components (Han
et al., 2026). We study where operation-selection
decisions reside when enterprise cloud agents oper-
ate over thousands of SDK operations.

Tool use, API selection, and executable retrieval.
Prior work explores API retrieval and invocation
through Toolformer, API-Bank, ToolBench, Sta-
bleToolBench, and Gorilla (Schick et al., 2023; Li
et al., 2023; Qin et al., 2024; Guo et al., 2024; Patil
et al., 2024). Enterprise cloud agents operate over
thousands of SDK operations, making operation
selection a retrieval and grounding problem rather
than simple function-calling (Lewis et al., 2020;
Liu et al., 2026). Unlike document retrieval, opera-
tion retrieval must return executable contracts with
valid parameters and execution constraints. We
study how MCP tool boundaries expose operation-
selection decisions in enterprise SDK catalogs.

MCP and production tool boundaries. The
MCP standardizes tool access for LMs through
a client-server interface (Karimova and Dadashova,
2025). Yet MCP does not determine where domain-
specific intelligence should reside: in the prompt, a
subagent, the tool server, or a deterministic middle-
ware layer. In production cloud environments, this
boundary must handle evolving schemas, multi-
tenancy, token limits, and latency. We there-
fore study MCP tool-boundary design using task-
completion and operational metrics, including tool
errors, LLM calls, token usage, and latency.

3 Problem Setting

Let z; denote the initial user request and 7' =
{ti}gl be a large enterprise tool catalog. Each
operation t; € T corresponds to an executable
SDK client method and can be represented as t; =
(ciymg, di, P9, PP A, E;), where ¢; is the ser-
vice client, m; is the method name, d; is a natural-
language description, P! and P are required
and optional parameters, A; captures authorization
constraints, and F; contains execution metadata.
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Figure 2: The Operation-Visible Agent Architecture: a ReAct Agent able to emit parallel tool calls to the Operation-

Resolver MCP.

The agent operates in a multi-turn setting with di-
alogue history H; = (z1.5,a1:j—1,71:j—1), Where
x; is a user utterance or clarification, a; = (t;, 6;)
is a selected SDK operation ¢; with grounded argu-
ments 6;, and r; is the tool outputs. To satisfy the
user’s request, the agent must choose a sequence
of operations a;.;, construct valid inputs from user
values, runtime metadata, and prior observations,
execute the required calls, and produce a final an-
swer y grounded in observed results.

The system optimizes for both task quality and
efficiency. A successful run selects the correct SDK
operation, constructs grounded parameters, avoids
irrelevant schemas or broad operation lists, reduces
LLM calls, tokens, and latency, recovers from re-
coverable API failures, and asks for clarification
or approval when needed. We use three task-level
labels: successful, partially successful, and failed.
A run is fully successful if the user’s goal is com-
pleted, partially successful if progress is made but
blocked by missing information, unavailable re-
sources, or permissions, and failed if a feasible
path existed but the task was not completed.

4 System Design

We compare agent architectures along two dimen-
sions: the agent-control pattern and the MCP tool
boundary. For control, we consider lead-worker,
sequential ReAct, and ReAct Parallel Tool Calling.
Lead-worker decomposes the request into worker
subtasks and later synthesizes their outputs; sequen-
tial ReAct keeps reasoning centralized but invokes
one tool per model turn; and ReAct Parallel Tool
Calling preserves the centralized ReAct trajectory
while allowing one model turn to issue multiple
independent tool calls when safe to execute in par-
allel.

Lead-worker with Tool-Planner-Driven MCP.
The Tool-Planner-Driven MCP was introduced to

reduce blind API guessing from model paramet-
ric knowledge. It exposes an LLM-based planner
(Liu et al., 2025), 1list_ops for retrieving opera-
tions of a selected SDK client, and invoke_api for
generic SDK execution. In the lead-worker work-
flow, the lead decomposes the task, the planner se-
lects relevant clients and operations from compact
client summaries and long operation lists, workers
execute the selected calls, and the lead merges their
results. This improves over unguided invocation,
but remains costly: the planner needs additional
LLM calls to ground each step to concrete opera-
tions, and lead-worker duplicates substantial con-
text across the lead, planner, and workers. Thus,
operation selection becomes more guided, but re-
peated listing calls, duplicated context, and planner-
internal decisions can still increase token usage and
context bloat. This design can remain competitive
for broad inventory or troubleshooting tasks, but
its operation grounding is more expensive and less
visible.

Operation-Visible Agent Architecture. The
Operation-Resolver MCP changes the MCP bound-
ary by replacing internal LLM planning with
operation-resolution tools: find_operations re-
trieves candidate SDK operations for the cur-
rent subgoal; describe_operation returns the
selected operation contract, parameters, schemas,
pagination notes, and invocation guidance; and
invoke_api validates and executes the grounded
SDK call, returning results or structured errors.
The resolver builds search results and operation
descriptions from the installed SDK catalog with-
out running an internal LLM planning dialogue.
The main LLM still chooses candidate operations,
fills arguments, and interprets results, keeping SDK
knowledge in the MCP layer while making opera-
tion choice visible to the main ReAct loop.



Operation-Visible ReAct Parallel Workflow.
The Operation-Visible Agent Architecture work-
flow keeps the reasoning trajectory in one ReAct
loop: the agent receives the user request and run-
time metadata, uses find_operations to retrieve
candidate operations, inspects selected operations
with describe_operation, constructs grounded
arguments from user input, metadata, and prior
observations, and executes validated calls through
invoke_api. When multiple read or lookup calls
have known arguments and no dependency, ReAct
Parallel Tool Calling issues them in parallel in one
model turn. The agent synthesizes results, recov-
ers from individual API errors when possible, and
asks for clarification or approval when required.
The key distinction is not only parallel execution:
the lead-worker planner hides operation grounding
behind planner-internal LLM calls and duplicated
context, whereas Operation-Visible Agent Architec-
ture keeps operation candidates, schemas, valida-
tion feedback, and invocation results visible in the
main ReAct trajectory.

4.1 Operation Retrieval and Resolution

The Operation-Resolver is deterministic in the spe-
cific sense that catalog retrieval, schema lookup,
and argument validation require no internal LLM
planner. It does not deterministically map a user
utterance to a final correct operation. At turn j, the
central agent constructs a search query ¢; from the
current subgoal and history H;. find_operations
retrieves a ranked candidate set

C; = TOpKtieT s(gj, i),

where z; is the indexed representation of opera-
tion ¢;. The central ReAct agent then selects can-
didates from C;, inspects their contracts using
describe_operation, grounds arguments, and in-
vokes validated calls using invoke_api.

At turn j, operation resolution produces
a candidate set C; C T from the cur-
rent request and history. For a candi-
date t; € ()}, describe_operation ex-
poses  (ci,my, di, P PP Ay, By). The
agent constructs arguments 6;, after which
invoke_api(t;, ;) validates the arguments and
returns an execution result r;.

Internally, find_operations indexes each op-
eration using its summary, client and service iden-
tifiers, operation and action terms, parameter sig-
natures, API path, and invocation constraints. The

local backend embeds documents and queries with
cohere.embed-v4.0, and ranks candidates using
s(q, z;) = cosine(eq, €;) + 0.12¢(q, z;), where ¢
combines token overlap, operation coverage, action
matching, and exact operation and client matches.
Across the analyzed search calls, 92.5% of
searches followed by a downstream target con-
tained at least one downstream operation in the
top 20 candidates. Search reformulation occurs in
46.1% of targeted runs, and later searches recover
22.8% of targets missed by the first search. These
results motivate keeping candidate retrieval and re-
formulation in the central reasoning trajectory; full
retrieval statistics appear in Appendix E.3.

5 [Evaluation

5.1 Dataset

We construct an expert-curated benchmark of 175
cloud-console tasks drawn from three comple-
mentary sources: product-management use cases,
Regression use cases, and domain specific secu-
rity/networking workflows. The benchmark eval-
uates whether agents can complete realistic op-
erational tasks expressed as natural language, re-
quiring interactions with a large catalog of cloud
APIs. The benchmark contains proprietary enter-
prise cloud-console workflows derived from inter-
nal product-management artifacts and customer-
reported issue reports, so the full dataset cannot
be released. To support transparency, we provide
anonymized task-card examples in Appendix A.

Each task is encoded as a task card consisting of
an initial user query, a complexity label, cloud con-
text, user goal, and success criteria. The tasks cover
common cloud-console topics, including resource
inventory, configuration lookup, cost and metrics,
troubleshooting, identity and access management,
security analysis. Complexity is categorized as
Easy, Medium, or Hard. Easy tasks are retrieval-
oriented tasks with relatively direct mappings be-
tween user intent and cloud operations. Medium
tasks require contextual reasoning or interpretation
across multiple resources. Hard tasks are advanced
operational workflows requiring multi-step plan-
ning or transformational actions involving multiple
dependent operations. The benchmark contains 55
Easy (31.4%), 76 Medium (43.4%), and 44 Hard
(25.1%). Detailed distributions by source and com-
plexity level are provided in Appendix B.

The benchmark includes 91 representative cloud-
console workflows curated by product managers,



66 regression tasks reconstructed from 70 user-
reported Jira issues, and 18 domain-specific se-
curity and networking tasks. The regression tasks
capture real-world failures, edge cases, and com-
plex system states, while the domain-specific tasks
require more specialized operation selection. We
run the full six-configuration comparison on the
91-task cloud-console benchmark. For the regres-
sion and domain-specific suites, we compare the
production-style lead-worker Tool-Planner base-
line against the proposed architecture.

5.2 Simulation Protocol and LL.M-as-a-Judge

All runs use the same conversation harness. Each
task begins with the task’s initial_query; subse-
quent user turns are generated by an LLM-backed
simulator conditioned on the task persona, private
knowledge, chat history, and goal. A conversation
stops when the simulator marks the goal as satisfied,
the task-completion judge stops the run, or the turn
budget is exhausted. The simulator and judge are
held fixed across all configurations. The simulator
is conditioned on task metadata and conversation
history, but the evaluated agent never receives the
success criteria or judge rationale.

We then evaluate each multi-turn trace with an
LLM-as-a-judge (LLMaal). The judge receives the
full trace, including conversation history, agent re-
sponses, tool calls, arguments, results, and tool or
API errors, and assigns one of three labels: fully
successful, partially successful, or failed. We tuned
the judge rubric using trace inspections and cali-
bration examples; Appendix D describes this pro-
cess. The final judge matched human labels on
79.6% of examples. For the fully_successful
class, it achieves 0.89 precision, 0.87 recall, and
0.88 F1 over 45 human-labeled examples (Table 7).
Precision and recall are therefore reasonably bal-
anced, reducing the concern that judge-labeled
full success is driven primarily by systematic over-
prediction. We nevertheless avoid over-interpreting
small success-count differences and focus on larger
task-level gaps. We report full-success outcomes as
judge-labeled and interpret them alongside directly
measured efficiency and reliability metrics, includ-
ing LLM calls, token usage, latency, and tool-error
rate.

5.3 Experimental Configurations

We evaluate six configurations formed by cross-
ing three agent architectures (Lead-Worker, Re-
Act Sequential, ReAct Parallel) with two MCP

tool-boundary designs (Tool-Planner-Driven and
Operation-Resolver).

All configurations use the same model family,
evaluation harness, user simulator, runtime envi-
ronment, and judge. Planner-internal LLM calls
are included in the reported LLM-call and token
counts when they occur inside the evaluated archi-
tecture. This design isolates the effects of agent
architecture and MCP tool-boundary design.

We evaluate performance in a fixed production-
scale catalog containing approximately 8K opera-
tions. We do not vary catalog size and therefore
do not estimate a scaling curve as operations or
semantically similar distractors are added.

5.4 Metrics

We report each task as fully successful, partially
successful, and failed. Efficiency metrics include
LLM calls, input/output/total tokens, tool calls, and
tool calls per LLM call. Reliability metrics include
tool errors, sessions with tool errors, and tool-error
rate. We distinguish tool errors from task failure
because cloud APIs often return recoverable errors
such as missing permissions, absent resources, un-
supported parameters, or empty regional state.

6 Results

6.1 Cloud-Console Benchmark Results

Table 1 reports the six-configuration comparison
on the 91-task Cloud-console benchmark. The
strongest observed quality—efficiency trade-off is
Operation-Visible Agent Architecture, which com-
bines ReAct Parallel Tool Calling with Operation-
Resolver and achieves 70 fully successful sessions,
zero failed sessions, a 77% success rate, and the
lowest median latency. The comparison shows a
strong interaction between agent architecture and
MCEP tool-boundary design: Operation-Resolver
provides the largest benefit when paired with a cen-
tralized ReAct loop.

The clearest comparison is within ReAct Par-
allel Tool Calling: replacing Tool-Planner-Driven
with Operation-Resolver increases fully success-
ful sessions from 53 to 70 while maintaining zero
failed sessions. ReAct Sequential shows the same
direction, improving from 58 to 62 fully successful
sessions and reducing failures from five to zero.
Thus, parallel execution alone is insufficient; it is
most effective when paired with an MCP boundary
that keeps operation selection explicit and visible.



Agent MCP Tool-Boundary  Fyll Partial Success LLM  Total ~ Tool Tool Med. lat

Dataset Architecture Designs Success  Success  Fail rate Calls Tokens calls Err. (sec)
Lead-worker Tool-Planner-Driven 62 29 0 68% 1,795 116.6M 2945 6.3% 298.0
Lead-worker Operation-Resolver 57 32 2 63% 1,631 219.0M 2,509 23% 177.2
Cloud-console  ReAct Sequential Tool-Planner-Driven 58 28 5 64% 5515 103.5M 1,850 2.2% 494.7
benchmark ReAct Sequential Operation-Resolver 62 29 0 68% 2,895 137.0M 2,746 1.7% 270.3
ReAct Parallel Tool Calling  Tool-Planner-Driven 53 38 0 58% 4,389 409M 3,556 1.8% 360.1
ReAct Parallel Tool Calling  Operation-Resolver 70 21 0 77% 1,117 535M 4,200 2.1% 168.9

Table 1: Main evaluation on the 91-task Cloud-console benchmark across agent-control architectures and MCP
tool-boundary designs. The table reports both task-quality outcomes and efficiency metrics. The best overall
configuration is Operation-Visible Agent Architecture, which achieves the highest full-success rate and lowest
median latency while using substantially fewer LLM calls and tokens than sequential ReAct on the same Operation-
Resolver boundary. “Med. lat (sec)” denotes median latency in seconds. Task outcomes are assigned by the
calibrated LLM judge; operational metrics are measured directly from execution traces.

Dataset Agent Architecture MCP Tool-Boundary Designs ~ Succ.  Part. Succ. Fail  Succ. rate
Rearession use cases Lead-worker Tool-Planner-Driven 32 28 6 48%
& ReAct Parallel Tool Calling  Operation-Resolver 36 29 1 55%
Domain-specific Lead-worker Tool-Planner-Driven 9 8 1 50%
P ReAct Parallel Tool Calling  Operation-Resolver 12 6 0 67 %

Table 2: Generalization on two additional suites: Jira-derived regression and domain-specific tasks. Compared
with the production-style lead-worker Tool-Planner baseline, ReAct Parallel Tool Calling with Operation-Resolver
improves full-success rate and reduces failed sessions in both.

6.2 Parallel Tool-Calling Efficiency Gain

Table 1 isolates the efficiency gains from paral-
lel execution under the same Operation-Resolver
MCP boundary. Compared with ReAct Sequential
+ Operation-Resolver, Operation-Visible Agent Ar-
chitecture increases successful sessions from 62 to
70 while reducing LLM calls by 61.4% (2,895 to
1,117), total tokens by 61.0% (137.0M to 53.5M),
and median latency by 37.5% (270.3s to 168.9s).

Tool calls also increase from 2,746 to 4,200
(+52.9%), reflecting fewer model turns issuing
larger tool-invocation batches. We analyze these ad-
ditional tool calls and operation-retrieval behavior
in Appendix E.3. The Tool-Planner-Driven parallel
configuration does not achieve comparable task-
success gains, indicating that parallelism improves
efficiency most reliably when operation grounding
is visible and well-structured.

6.3 Regression Use Cases

We use the additional suites as targeted regression
checks rather than full factorial architecture sweeps.
We evaluate the Agent Configurations on the Re-
gression Use Cases. Compared with the Cloud-
console benchmark, these tasks are more challeng-
ing because they originate from real user-reported
failures and edge cases. Consequently, success
rates are lower across all Agent Configurations than
on the Cloud-console benchmark.

Despite the increased difficulty, the Operation-

Visible Agent Architecture achieves the strongest
overall performance (Table 2), completing 36 of 66
(55%) tasks successfully while reducing failed ses-
sions from six to one relative to the Lead-Worker
baseline. The gain is modest but directionally
consistent, with full success increasing from 32
to 36 and failed sessions decreasing from six to
one. These results provide directional evidence
that the same pattern holds beyond representative
workflows and remain valuable under regression-
oriented scenarios.

6.4 Domain-Specific Security and Networking

The Domain-Specific dataset evaluates whether the
benefits transfer to specialized domains, e.g., secu-
rity and networking workflows. Unlike the Cloud-
console benchmark, these tasks require deeper do-
main knowledge and more precise selection among
semantically similar operations, making accurate
operation grounding particularly important.

The Operation-Visible Agent Architecture suc-
cessfully completes 12 of 18 tasks (67%), com-
pared with 9 of 18 (50%) for the Lead-Worker
baseline. Although the dataset is small, the re-
sults suggest that the benefits of operation visibility
extend beyond representative cloud-management
workflows to specialized operational domains.

Taken together, the Cloud-console benchmark,
Regression Use Cases, and Domain-Specific
dataset evaluate representative workflows, failure-



driven scenarios, and specialized operational ex-
pertise. The Operation-Visible Agent Architec-
ture achieves the strongest performance across all
three settings, suggesting that operation visibil-
ity remains useful in specialized domains, though
the small sample size means this result should be
treated as supportive rather than conclusive.

7 Lessons for Enterprise Agent Design

The tested MCP boundary materially affects
the quality-efficiency trade-off. The Operation-
Resolver boundary is most effective when paired
with centralized ReAct control. This boundary
jointly changes focused retrieval, schema exposure,
validation feedback, internal planner calls, and the
visibility of operation-selection evidence.

Operation-visible resolution provides an
inspectable interface. Exposing candidates,
schemas, validation feedback, and invocation
results allows the central agent to reformulate
searches and recover from errors. The experi-
ments support the Operation-Resolver boundary
as a whole; they do not isolate visibility from re-
trieval, schema exposure, validation, or the removal
of planner-internal LLM calls.

Parallel tool calling is primarily an efficiency
mechanism. Parallel execution reduces model
round trips and latency by allowing independent
API calls to be executed concurrently. However,
parallelism alone does not guarantee higher task
success; its benefits are greatest when combined
with effective operation grounding.

8 Conclusion

Enterprise agents operating over large API ecosys-
tems face a challenge beyond traditional tool-use
settings: grounding user requests to correct op-
erations across large catalogs of services, APIs,
schemas, and execution constraints. Across a 91-
task six-configuration benchmark and two targeted
evaluation suites, we find that MCP tool-boundary
design is a first-order design choice for such agents.
The largest gains occur when operation discovery,
schema inspection, and invocation remain visible
within the agent’s reasoning process. Parallel tool
calling primarily improves efficiency, while opera-
tion visibility improves task success. These results
suggest operation grounding should be treated as
a systems concern. As enterprise tool ecosystems
grow, effective architectures must balance abstrac-
tion with transparency, enabling agents to reason

about operation choice, recover from failures, and
coordinate complex workflows using structured re-
trieval and validation mechanisms.

Limitations

The main limitation is reproducibility. While
benchmark specifications and anonymized task-
card examples are shared, the cloud environment,
proprietary simulator, and runtime state cannot be
released which means external researchers cannot
reproduce the evaluation environment.

The evaluation relies on an LLM-backed user
simulator and an LLMaal pipeline. Although the
judge was calibrated through manual review and
achieved 79.6% agreement with human annotations
(Appendix D), simulated users and automated eval-
uation remain imperfect proxies for real enterprise
users and human judgement. Judge-based metrics
should therefore be interpreted as approximate in-
dicators of task completion, particularly for small
performance differences.

The evaluation demonstrates operation ground-
ing in a thousands-operation setting but does not es-
tablish how performance changes with catalog size.
Controlled catalog-size and distractor-operation ex-
periments remain future work.

The Operation-Resolver boundary jointly
changes retrieval, schema exposure, validation,
internal planner calls, and evidence visibility.
Because we do not hold these components fixed
in a visible-versus-hidden ablation, the observed
gains cannot be attributed to visibility alone.

All experiments use a single model family (GPT-
5.4) within one enterprise cloud ecosystem. We
therefore interpret the results as architectural rather
than foundation-model comparisons. While the ob-
served trends were consistent across configurations,
the magnitude of improvements may differ across
model families, cloud providers or environments.

Ethical Considerations

The cloud agent evaluated in this work interacts
with sensitive enterprise metadata, resource iden-
tifiers, and user logs. To protect data privacy, we
do not release any raw datasets, traces, or user data.
All evaluation metrics and examples presented in
this paper are strictly aggregated or abstracted to
protect proprietary information. Any descriptive
examples have been fully anonymized to remove
company names, product names, internal project
paths, and customer-specific resource identifiers.
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A Dataset Specification

Task Card — Anonymized Each benchmark in-
stance is represented as a task card that specifies the
user goal, anonymized cloud context, and success
criteria. The task card serves as the input specifi-
cation for the multi-turn evaluation: the simulator
uses it to generate realistic user behavior and to de-
termine when the conversation should stop. Table 3
shows an illustrative anonymized example.

B Dataset Composition and Complexity
Distribution

Table 4 summarizes the benchmark composition by
source and complexity level. The dataset combines
three complementary sources: 91 cloud-console
benchmark tasks covering representative enterprise
cloud workflows, 66 regression use cases derived
from failure-driven and edge-case scenarios, and 18
domain-specific tasks focused on specialized secu-
rity and networking workflows. The cloud-console
benchmark contains a balanced mix of medium and
hard tasks, while the regression set is concentrated
in easy and medium cases. The domain-specific
subset is smaller but captures expert-level scenarios
that require more specialized cloud knowledge.

C SDK Client and Service Usage
Statistics

We analyze executable SDK API calls issued by the
proposed Operation-Visible Agent Architecture con-
figuration on the 91-task Cloud-console benchmark.
We count calls to the anonymized invoke_api
tool, which corresponds to the concrete SDK
API execution tool. We exclude operation-
grounding calls such as find_operations and
describe_operation, because those measure op-
eration retrieval and schema inspection rather than
executable cloud API use. A call is counted as suc-
cessful when the returned result contains neither a
parsed API error nor a tool-level error.

Table 5 summarizes the executable API usage
profile. Across 91 tasks, Operation-Visible Agent
Architecture issued 3,095 invoke_api calls, cov-
ering 96 distinct client-operation pairs across 22
SDK clients. The median task issued 18 executable
API calls when zero-call tasks are included, and
19 among the 87 tasks that issued at least one exe-
cutable call. This indicates that many benchmark
tasks require multi-step API interaction rather than
a single isolated invocation.
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Field Anonymized example

Task domain
User goal
instance.
Initial user request
one used for testing?"
Anonymized context

Cloud Resource Management
Identify stopped compute instances in a development compartment and restart the testing

The tenancy contains multiple compartments.

"Can you help me find the stopped instances in my development compartment and start the

The target compartment is denoted as

<COMPARTMENT_A>. The target instance is denoted as <INSTANCE_TEST>.

Complexity Medium

Success criteria

The agent identifies the correct compartment and stopped testing instance, starts the correct

instance , and provides a concise confirmation to the user.

Table 3: An anonymized task card example.

Source Description #Easy #Medium #Hard Total

Cloud-console benchmark Representative enterprise cloud workflows. 23 34 34 91

Regression use cases Failure-driven and edge-case scenarios derived 24 37 5 66
from real user issues.

Domain-specific Specialized security and networking work- 9 5 4 18

flows requiring domain expertise.

Table 4: Dataset composition by source and complexity label.

Metric Value
Task records analyzed 91
Total invoke_api calls 3,095
Successful invoke_api calls 3,006
Distinct client-operation pairs 96
Distinct SDK clients 22
Median invoke_api calls / task 18

Table 5: Executable SDK API usage statistics for
Operation-Visible Agent Architecture on the 91-task
Cloud-console benchmark. The table counts only
anonymized invoke_api calls and excludes operation-
search and operation-description calls.

Table 6 breaks down executable API usage by
task complexity. We report medians because call
counts are right-skewed: a small number of broad
inventory or environment-limited tasks require
many additional calls to locate relevant resources
or confirm that requested resources are absent. In
this run, medium tasks have the highest median call
volume, reflecting broad discovery and inventory
workloads in that slice of the benchmark.

Complexity Tasks Total calls Median calls/task
Easy 23 541 3
Medium 34 1,742 25.5
Hard 34 812 14.5

Table 6: Executable invoke_api calls by task complex-
ity for Operation-Visible Agent Architecture. Medians
include tasks with zero executable API calls.

The observed executable API usage spans multi-

ple service families, including compute, network-
ing, storage, resource search, identity and access
management, object storage, database, migration,
Fusion applications, monitoring, and cost analy-
sis. This supports the benchmark’s role as a large-
toolset evaluation: the agent must ground user re-
quests to concrete SDK operations across a broad
API surface, rather than repeatedly solving variants
of a single service-specific task.

D Evaluation Method Calibration

Agent evaluation and real-world environments.
Evaluating multi-step agents requires interactive
environments and functional completion metrics
rather than static text similarity (Liu et al., 2024;
Zhou et al., 2024). MINT highlights that isolated
capabilities rarely predict multi-turn performance
(Wang et al., 2024), SWE-bench emphasizes re-
alistic tasks from production codebases and fully
executable runtimes (Jimenez et al., 2024), and
Agent-Testing Agent automates adaptive, persona-
driven adversarial evaluation through a meta-agent
(Komoravolu and Mrini, 2026). Our evaluation pro-
tocol extends this philosophy to live cloud APIs,
analyzing task success alongside real-world am-
bient failures, missing contextual metadata, and
resource constraints. To parse complex execution
traces, we leverage an LL.Maal paradigm, validat-
ing its reliability against human-annotated baseline
alignments detailed below.

We used an LLM-based judge to evaluate task



completion quality from agent interaction traces.
For reporting in the main paper, we collapse the
judge outputs into three categories: fully success-
ful, failed, and partially successful. The partially
successful category captures all outcomes that do
not cleanly fall into either complete success or out-
right failure, including intermediate or ambiguous
cases.

Judge prompt development and calibration
We developed the judge prompt through an itera-
tive calibration process. The initial prompt was de-
signed to evaluate agent traces conservatively and
evidence-based, producing structured judgments
at both the turn level and the overall session level.
The judge was instructed to identify whether a user
request was actionable and whether the agent fully
satisfied the request, failed to satisfy it, or produced
an outcome that was only partially successful or
ambiguous.

The prompt was first tuned using manual assess-
ment on a small held-out calibration subset of ap-
proximately 50 spot-checked samples. These sam-
ples were single-turn interactions and were not part
of any datasets used for the final reported evalua-
tion. During calibration, we inspected examples
where the judge disagreed with human assessment
and refined the rubric to improve consistency with
human judgments.

After this initial calibration, we applied the judge
to a separate multi-turn dataset (curated by product
managers with domain expertise based on observed
user behavior) and performed an additional manual
review of individual examples (by 5 individuals
with science and engineering backgrounds with
up to 3 labels collected per sample) to compare
judge performance with human assessment. Only
unanimous fully_successful cases were deemed
fully successful, and majority vote was taken for
other labels. For samples with conflicting labels
and no clear majority, another labeler reviewed and
labeled the sample to resolve the conflict.

Human alignment study We measured agree-
ment between the final LLM judge and hu-
man labels on the held-out multi-turn validation
set. The judge achieved 79.6% overall agree-
ment with the human labels. In particular, the
fully_successful class has 0.89 precision, 0.87
recall, and 0.88 F1 across 45 human-labeled ex-
amples (Table 7). Performance is also reasonably
balanced for partially_successful and failed,
with F1 scores of 0.76 and 0.73, respectively.

Label aggregation for reported results For
the headline evaluation numbers in the paper,
we map the judge outputs into three categories:
fully_successful, failed, and partial_success. The
partial_success category includes cases where the
task was only partially completed, the outcome
was ambiguous, or the interaction did not cleanly
correspond to either full success or failure.

This aggregation serves two purposes. First, it
aligns the reported metrics with the primary evalua-
tion question: whether the system fully completed
the user request, failed to complete it, or landed
somewhere in between. Second, it avoids over-
interpreting fine-grained categories whose bound-
aries may be less stable across examples.

Interpretation and limitations These results
suggest that the LLM judge provides a reasonable
but imperfect proxy for human evaluation. The
alignment study shows balanced precision and re-
call for the fully_successful class, reducing the
risk that judge-labeled full success is driven pri-
marily by over-prediction. However, the judge re-
mains an automated proxy rather than a replace-
ment for human evaluation. We therefore interpret
judge-labeled task-quality differences together with
paired statistical tests and directly measured opera-
tional metrics. The calibration samples used to tune
the judge prompt were distinct from the datasets
used for final evaluation, reducing the risk of over-
fitting the judge to the reported evaluation set. At
the same time, the observed human-judge agree-
ment motivates caution when interpreting small
differences between systems or configurations.

E Appendix: Additional Analysis

E.1 Statistical Analysis of Agent
Configurations

We perform paired statistical tests over the same 91
Cloud-console benchmark tasks. For task-quality
outcomes, we use an exact two-sided McNemar
test on the binary event fully_successful ver-
sus not fully successful. For efficiency, we use
a two-sided Wilcoxon signed-rank test on paired
per-task token totals. We report Holm-adjusted p-
values across the 15 pairwise comparisons. For
Lead-worker + Tool-Planner-Driven MCP, planner-
internal token telemetry is included in the aggregate
token total, but it is only available at run level; the
Wilcoxon test therefore uses trace-visible per-task
token counts for that configuration. The results are
in Table 9 and the counts in Table 8.



Class Precision  Recall F1  Support
partially_successful 0.77 0.75 0.76 36
failed 0.71 0.75 0.73 32
fully_successful 0.89 0.87 0.88 45

Table 7: Per-class performance between the LLM judge and human labels on the matched multi-turn validation set.

Code Configuration Succ. Part. Fail  Tokens

LW-OR  Lead-worker + Operation-Resolver MCP 57 32 2 219.0M

RS-OR  ReAct Sequential + Operation-Resolver MCP 62 29 0 137.0M

RP-OR  ReAct Parallel Tool Calling + Operation-Resolver MCP 70 21 0  535M

LW-TP  Lead-worker + Tool-Planner-Driven MCP 62 29 0 116.6M

RS-TP ReAct Sequential + Tool-Planner-Driven MCP 58 28 5 103.5M
0

RP-TP ReAct Parallel Tool Calling + Tool-Planner-Driven MCP 53 38 40.9M

Table 8: Outcome counts and total token usage for the
six 91-task configurations. Part. aggregates non-failed
partial-success outcomes.

The token-usage tests show that parallel tool
calling is consistently more efficient. Under the
same Operation-Resolver MCP boundary, ReAct
Parallel Tool Calling uses significantly fewer to-
kens than ReAct Sequential after Holm correc-
tion (p = 4.60x107%), while also increasing fully
successful sessions from 62 to 70. The McNe-
mar test for this quality difference is direction-
ally favorable but not significant after correction
(PHOIm = 1.0000), reflecting the limited sample
size and the judge-calibration caveat discussed in
Appendix D.

The only full-success comparison that remains
significant after Holm correction is ReAct Paral-
lel Tool Calling + Operation-Resolver MCP ver-
sus ReAct Parallel Tool Calling + Tool-Planner-
Driven MCP: 23 tasks are fully successful only
with the operation-visible boundary, compared with
6 only with the planner-driven boundary (pyeim =
0.0347). This supports the main conclusion that
parallel execution is primarily an efficiency mecha-
nism, while visible operation resolution is the fac-
tor that turns that efficiency into higher task com-
pletion.

E.2 Reasoning-Effort Ablation

Table 10 reports a reasoning-effort ablation for the
Operation-Visible Agent Architecture. Reducing
reasoning effort decreases token usage substantially
but also reduces task completion quality. Medium
reasoning achieves 77% (70/91) fully successful
sessions, compared with 62% (56/91) for low rea-
soning and 46% (42/91) for no reasoning.

The reduction in quality is accompanied by in-
creases in partially successful outcomes and failed
sessions, indicating that lower reasoning settings
often struggle with operation selection, recovery,

and multi-step coordination. While lower reason-
ing settings reduce inference cost, the resulting
degradation in task completion suggests that rea-
soning remains an important component of enter-
prise cloud-agent performance, even when opera-
tion grounding is improved.

E.3 Operation Retrieval Analysis

We analyze find_operations, the operation-
search tool used by the Operation-Resolver MCP.
For each find_operations call, we parse the
ranked candidate list and infer the downstream tar-
get operation from the next describe_operation
or invoke_api call before the next search. This
is not a human-authored answer key; it measures
whether search surfaced the operation that the agent
later chose.

Across 406 search calls from 91 sessions, the
tool returned 8,120 candidate rows covering 1,608
unique operations. We identified 2,277 downstream
target instances: 456 describe_operation targets
and 1,821 invoke_api targets. Overall Recall@20
is 55.7% at the target-instance level, with MRR
0.345. Recall is higher for operations the agent
chose to inspect with describe_operation than
for operations it later invoked, suggesting that op-
eration search is more reliable for narrowing candi-
date operations than for covering every downstream
execution call.

At the search-call level, coverage is higher:
among searches followed by downstream targets,
92.5% contained at least one downstream opera-
tion in the top 20 candidates. Search reformula-
tion is common: 46.1% of targeted search runs re-
quired more than one find_operations call, and
later searches recovered 22.8% of targets that were
missed by the first search. Retrieval quality also
varies by task difficulty: Recall@20 is 61.3% for
easy tasks, 60.7% for medium tasks, and 48.2% for
hard tasks.

These results support the design choice of keep-
ing operation search visible to the main ReAct
loop. find_operations often provides useful can-
didates, but it is not perfect; the agent benefits from
being able to reformulate searches, inspect opera-
tion descriptions, and recover from retrieval misses



Pair Lower-token run w Wilcoxon p Holm p Succ. A/B A-only/B-only McNemar p Holm p
LW-OR vs RS-OR  RS-OR 1399.0 0.0060 0.0241 57162 10/15 0.4244  1.0000
LW-OR vs RP-OR  RP-OR 2250 1.43x107'%  2.00x107'2 57170 7120 0.0192  0.2682
LW-OR vs LW-TP  LW-TP 671.0 1.82%x1078 2.19x10~7 57162 8/13 0.3833 1.0000
LW-OR vs RS-TP  RS-TP 1126.0 1.30x10™* 0.0010 57/58 18/19 1.0000  1.0000
LW-OR vs RP-TP  RP-TP 1160  5.09x107'%  7.63x107 14 57153 22/18 0.6358 1.0000
RS-OR vs RP-OR  RP-OR 8190  4.60x1077 4.60x107° 62/70 5/13 0.0963 1.0000
RS-OR vs LW-TP  LW-TP 1676.0 0.0989 0.1977 62/62 8/8 1.0000  1.0000
RS-OR vs RS-TP  RS-TP 1508.0 0.0206 0.0618 62/58 17/13 0.5847 1.0000
RS-OR vs RP-TP  RP-TP 626.0 6.39x107° 8.31x1078 62/53 19/10 0.1360 1.0000
RP-OR vs LW-TP  RP-OR 1139.0 1.59%x1074 0.0011 70/62 14/6 0.1153 1.0000
RP-OR vs RS-TP  RP-OR 1260.0 9.77x10~% 0.0059 70/58 19/7 0.0290  0.3765
RP-OR vs RP-TP  RP-TP 1355.0 0.0035 0.0174 70153 23/6 0.0023  0.0347
LW-TP vs RS-TP  RS-TP 2088.0 0.9842 0.9842 62/58 18/14 0.5966  1.0000
LW-TP vs RP-TP  RP-TP 803.0 3.30x10~7 3.63x107° 62/53 21/12 0.1628  1.0000
RS-TP vs RP-TP RP-TP 984.0 1.14x107° 1.02x10~% 58/53 15/10 0.4244  1.0000

Table 9: Pairwise Wilcoxon signed-rank tests for token usage and exact McNemar tests for fully successful outcomes.
“A-only/B-only” gives discordant fully successful counts for the first and second configuration in each pair.

Reasoning  Succ. Part. Succ. Fail Succ. rate  Tokens
Medium 70 21 0 77%  53.5M
Low 56 33 2 62%  34.9M
None 42 48 1 46%  26.3M

Table 10: Reasoning-effort ablation for Operation-
Visible Agent Architecture on the Cloud-console bench-
mark.

Target type N R@! R@3 R@5 R@I0 R@20 MRR
Any target 2277 263 409 449 516 557 0.345
Describe target 456 375 500 535 59.6 65.8 0.450
Invoke target 1,821 234 387 427 49.6 532 0318

Table 11: Target-instance  Recall@K  for

find_operations. Values are percentages ex-

cept MRR.

before invoking APIs.

E.4 Efficiency Gains from Parallel Tool
Calling

To isolate the effect of parallel execution, Table 12
compares ReAct Sequential and ReAct Parallel
Tool Calling under the same Operation-Resolver
MCP Tool-Boundary Design. Parallel execution
increases fully successful sessions from 62 to 70
while reducing LLM calls by 61.4% (2,895 to
1,117), total tokens by 61.0% (137.0M to 53.5M),
and median latency by 37.5% (270.3s to 168.9s).
At the same time, tool calls increase from 2,746
to 4,200 (+52.9%), showing that the system per-
forms more concrete API work with fewer model
interactions. Thus, parallel tool calling primarily
improves efficiency by amortizing model round
trips across independent API operations. How-
ever, parallelism alone is insufficient: Tool-Planner-
Driven parallel configurations reduce some over-
head but do not achieve comparable task-success

gains, reinforcing MCP Tool-Boundary Design as
the main driver of quality.

Metric Seq. Parallel Change
Fully successful 62 70 +8
LLM calls 2,895 1,117 -61.4%
Total tokens 137.0M  535M -61.0%
Tool calls 2,746 4200 +52.9%
Avg. latency 392.2s 217.4s  -44.6%
Median latency 270.3s 1689s  -37.5%

Table 12: Effect of parallel tool calling under the same
Operation-Resolver MCP boundary. Parallel execution
increases concrete API work while reducing model calls,
tokens, and latency.

E.5 Production Baseline vs. Proposed
Architecture

Table 13 compares the production-style Lead-
worker + Tool-Planner-Driven baseline against
the proposed Operation-Visible Agent Architecture.
The proposed architecture increases fully success-
ful sessions from 62 to 70, while reducing LLM
calls by 37.8%, total tokens by 54.1%, tool errors
by 52.4%, and median latency by 43.3%. Although
the proposed system issues more tool calls, it per-
forms more concrete API work with fewer model
round trips and substantially lower token cost.
This comparison highlights the practical production
tradeoff: replacing hidden planner-mediated oper-
ation grounding with visible Operation-Resolver
grounding improves both task completion and op-
erational efficiency.

E.6 Tool errors are not task failures.

The Operation-Visible Agent Architecture has more
raw tool calls and 89 tool errors on the Cloud-
console benchmark, but only 21 sessions with



Lead-worker +

ReAct Parallel +

Metric Tool-Planner Opn Resolver Change
Fully successful 62 70 +12.9%
Success rate 68% 77%  +8.8 pp
Partially successful 29 21 -27.6%
Failed 0 0 0
LLM calls 1,795 1,117 -37.8%
Total tokens 116.6M 535M  -54.1%
Tool calls 2,945 4,200 +42.6%
Tool errors 187 89  -52.4%
Tool-error rate 6.3% 21%  -4.2pp
Median latency 298.0s 168.9s  -43.3%

Table 13: Production-style baseline versus the proposed
architecture on the 91-task Cloud-console benchmark.
The proposed Operation-Visible Agent Architecture im-
proves full-success rate while substantially reducing
LLM calls, total tokens, tool errors, and median latency.
“pp” denotes percentage-point change.

tool errors and no failed sessions. The produc-
tion lead-worker + Tool-Planner-Driven MCP run
has a higher error rate and 47 sessions with tool
errors. For cloud agents, an API error may be a
useful observation: no permission, no resource,
invalid parameter, or wrong region can guide recov-
ery. Evaluations should therefore track both raw
errors and whether they lead to task-level failure.

E.7 Error Categories

We qualitatively reviewed internal trace reports to
identify recurring error patterns in large-toolset en-
terprise agent runs. The categories in Table 14 are
not mutually exclusive: a single unsuccessful or
partially successful run may involve multiple is-
sues, such as broad discovery followed by invalid
parameters or missing user information. The main
purpose of this taxonomy is to connect observed
failures to architecture choices. Several categories
arise when operation selection is either hidden be-
hind planner or specialist calls, or when broad
operation lists are exposed directly to the agent.
These errors motivate the Operation-Resolver MCP
design, which keeps operation candidates, oper-
ation contracts, validation feedback, and invoca-
tion results visible in the main ReAct trajectory.
The taxonomy also highlights why raw tool-error
counts should not be treated as task failures: some
API errors are recoverable observations that help
the agent identify missing permissions, absent re-
sources, wrong regions, or invalid arguments.

E.8 Lead-worker decomposition still has
value.

The production lead-worker baseline remains com-
petitive on the Regression use cases, with 32 fully

successful sessions out of 66. This suggests that
explicit decomposition can still help in some broad
inventory and troubleshooting tasks. A practical
future direction is to keep the operation-visible Re-
Act loop, but add lightweight self-checks for tasks
that require broad coverage across compartments,
regions, or resource surfaces.

E.9 Tool-Call Mix

Table 15 reports the main tool-call inventory for the
Cloud-console benchmark. The resolver variants
expose operation search and description directly.
The Tool-Planner-Driven lead-worker baseline ex-
poses planner and broad operation-listing tools.

F Codex Agent with CLI or Terraform
Style Tool Invocation under Controlled
Execution

We explored an alternative formulation in which
a Codex agent maps tool-use decisions to com-
mand completion over CLI or Terraform style in-
terfaces. Instead of requiring the model to di-
rectly select among SDK-style tools and synthe-
size structured API invocations, this formulation
asks the agent to generate executable command
specifications that expose equivalent underlying ca-
pabilities. For console-oriented workloads, such
command-centric interfaces are plausible and may
show promising results, as they reduce tool use
to a familiar textual generation problem and can
simplify argument selection relative to deeply struc-
tured tool schemas. However, in enterprise settings,
evaluation cannot be limited to task accuracy alone.
Security posture, operational reliability, and gov-
ernance constraints become central, particularly
when model outputs are routed through Bash or
infrastructure-as-code execution paths. A produc-
tion deployment would therefore require a clear
separation between agentic planning and execu-
tion, together with tight controls such as command
allowlisting, argument validation, least-privilege
execution, dry-run validation, audit logging, and
human approval for sensitive actions. Thus, while
Codex-agent-based command completion may im-
prove tool-use accuracy for certain workloads, its
practical adoption depends on robust safeguards
around execution.



Category

Description

Mitigation

Broad discovery without ex-
ecution

Invalid parameter construc-
tion

Large operation-list context

Ungrounded identifiers

Planner or specialist path searches broadly, lists large
catalogs, or suggests follow-up queries instead of pro-
ducing the requested artifact.

Agent guesses parameter names, passes unsupported
kwargs, or uses incompatible fields.

Listing full client operations expands context and can
truncate useful evidence.

Agent uses malformed, stale, or invented resource iden-

Keep operation choice
visible in the main loop.

Require operation de-
scriptions and validation
feedback before invoca-
tion.

Retrieve focused opera-
tion candidates and oper-
ation dossiers.

Track identifier prove-

tifiers.

Recoverable API errors

satisfy the task.
Missing information
grounded context.
Low-value parallel calls
tered before dispatch.

Individual calls fail due to authorization, absence, re-
gion, or parameter constraints, but another path can still

Required input is absent or cannot be inferred from

Parallel batches include calls that could have been fil-

nance from metadata,
user input, tool results,
and validator feedback.
Track session-level recov-
ery, not only raw error
count.

Ask targeted clarification
rather than guessing.

Use operation descrip-
tions and validation to
prune impossible calls.

Table 14: Qualitative error categories observed in internal trace analyses.

System Find Describe Planner Listops Invoke Total Errors Sessions w/ errors
Lead-worker + Tool-Planner-Driven MCP 0 0 69 394 2,482 2,945 187 47
Lead-worker + Operation-Resolver MCP 496 559 0 0 1,454 2,509 57 24
ReAct Sequential + Operation-Resolver MCP 437 526 0 0 1,783 2,746 46 22
Operation-Visible Agent Architecture 525 580 0 0 3,095 4,200 89 21

Table 15: Tool-call mix and error counts for the Cloud-console benchmark.

G Runtime Controls and Sources of
Variance

All configurations use the same model family, task
cards, conversation harness, turn budget, simulator,
judge, and runtime environment. Configurations
were executed in fixed order. Cloud state was re-
set between configurations. API responses were
live. Transient backend failures were handled by
the underlying production runtime; the evaluation
introduced no additional retry mechanism. Simu-
lator turns were generated independently for each
configuration. Consequently, some run-to-run vari-
ation may remain.

H Extended Related Work

We position our work at the intersection of lan-
guage model (LM) agents, tool-use optimization,
and architectural systems design. Unlike prior work
evaluating reasoning or API calling in isolation,
we study the architectural boundary needed when
a deployed enterprise agent operates over cloud
SDK catalogs. In this regime, operation selection
becomes a high-dimensional retrieval, grounding,

and infrastructure optimization problem, not only
a semantic reasoning task. We organize the liter-
ature around agent decomposition, tool selection,
retrieval over executable contracts, protocol-level
boundaries, and real-world evaluation.

Reasoning, acting, and agent decomposition.
Chain-of-thought prompting showed that interme-
diate reasoning traces improve multi-step infer-
ence (Wei et al., 2022), and ReAct extended this
paradigm by interleaving thoughts with environ-
mental observations (Yao et al., 2023). Subsequent
augmented-LM patterns decouple reasoning from
execution (ReWOO; Xu et al., 2023), delegate sym-
bolic computation to programs (PAL; Gao et al.,
2023), or incorporate verbal reinforcement (Reflex-
ion; Shinn et al., 2023). Broad surveys frame these
methods as modular extensions that fuse parametric
generation with external tools and memory (Mialon
et al., 2023; Hu et al., 2026), while related work de-
composes agents into hierarchical planners, routers,
or specialized subagents (Han et al., 2026). Such
multi-agent patterns isolate complex subtasks but
raise architectural questions about which granular
decisions remain visible to the primary reasoning



loop. For enterprise cloud agents, operation selec-
tion is especially challenging because of massive
action spaces; hiding it behind a black-box spe-
cialist obscures errors and makes inspection and
recovery harder. Our work studies where operation-
selection decisions should reside within a produc-
tion architecture.

Tool use, function calling, and API selection.
Autonomous tool interaction has rapidly matured.
Toolformer demonstrated self-supervised API inte-
gration (Schick et al., 2023), API-Bank introduced
multi-turn tool-dialogue benchmarks (Li et al.,
2023), ToolBench scaled this setting to thousands
of real-world REST endpoints with automated re-
trieval layers (Qin et al., 2024; Guo et al., 2024),
and Gorilla used retrieval-aware training to gen-
erate accurate API syntax across large collections
(Patil et al., 2024). While structured function call-
ing works well for small, static tool sets, enterprise
cloud SDKs expose hundreds of service clients and
nested schemas; flattening them into context bloats
prompts, increases token overhead, and induces
hallucinated invocations. Rather than benchmark-
ing native model capacity or synthetic APIs, we
analyze whether operation selection should be flat-
tened into context, encapsulated in a subagent, or
delegated to deterministic discovery and schema
validation. We show that this boundary design is
a first-order determinant of agent success and eco-
nomic efficiency. Recent work also examines tool-
interface optimization and interactive evaluation.
JTPRO jointly refines agent instructions and tool-
specific schema and argument descriptions using
rollout-driven reflection, targeting tool selection
and slot filling in large tool inventories (Ghoshal
et al., 2026). Complementarily, 7-bench evaluates
tool-agent-user interactions under domain policies
and measures consistency across repeated trials
(Yao et al., 2025). These efforts complement our
focus on how agent-control patterns and MCP tool
boundaries expose operation retrieval, executable
schemas, validation feedback, and invocation re-
sults over an enterprise-scale SDK catalog.

Retrieval, grounding, and large action spaces.
Retrieval-augmented generation (RAG) uses non-
parametric text retrieval to improve context effi-
ciency and factual grounding (Lewis et al., 2020).
Our architecture applies this principle to executable
tools rather than document passages: instead of
prompting with complete SDK definitions, the
agent retrieves compact operation dossiers. Un-

like document RAG, API grounding requires ex-
ecutable contracts with nested parameters, pagi-
nation states, identifier provenance, and cloud au-
thentication boundaries. This mirrors sequential
decision-making in large or costly action spaces,
where superficially similar operations can have dif-
ferent side effects or financial costs (Liu et al.,
2026). Our framework adds a deterministic inter-
mediate layer that bounds the action space, keeps
retrieval and strict contract validation external to
free-form generation, and preserves visibility for
the core planner.

Protocols and production tool boundaries. The
emerging MCP standardizes how applications
expose tools and resources to LMs through a
unified client-server architecture (Karimova and
Dadashova, 2025). However, protocol standardiza-
tion does not specify how domain-specific intelli-
gence should be divided between the tool server
and the prompt. Recent studies likewise emphasize
that real-world agent reliability depends heavily
on the infrastructure-level execution harness, not
only the raw model backbone (Li et al., 2026). Pro-
duction environments add operational constraints
such as evolving schemas, runtime multi-tenancy,
token limits, and strict debugging attribution re-
quirements. We evaluate these factors directly by
tracking tool errors, total LLM calls, token usage,
and operational latency alongside final task com-
pletion.
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