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Abstract

Software systems that integrate Large Language Models increas-
ingly depend on external context, but the mechanism used to pro-
vide that context can strongly affect answer quality, token con-
sumption, latency, and system design. This paper studies context
provisioning as an architectural decision through a benchmark for
question answering over Lattes curricula, which are large semi-
structured documents describing academic and professional trajec-
tories. The baseline compares five effective strategy-format config-
urations derived from four strategies: inline HTML, inline JSON,
local function calling, local MCP, and remote MCP. The experiment
comprises 1,200 answer-generation runs over five curricula, twelve
questions, and four answering models, followed by 3,600 LLM-as-
a-judge assessments from three independent judges. Inline JSON
achieved the highest majority accuracy (45.8%), followed by inline
HTML (42.1%), indicating that broad prompt-level visibility can
improve answer quality. Operation-mediated strategies were less
accurate overall (35.0-35.8%), but substantially more token-efficient;
remote MCP achieved the lowest token cost per majority-correct an-
swer, although with higher median latency and lower direct observ-
ability. Question characteristics also strongly mediated the results:
broad inferential questions were easier, whereas counting, temporal
filtering, entity matching, and supervision-related questions were
consistently harder. Overall, the study shows that context provi-
sioning should be treated not only as a prompting choice, but as an
architectural trade-off involving quality, cost, latency, modularity,
and auditability in LLM-based systems.
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1 Introduction

Large Language Models (LLMs) are increasingly being integrated
into software systems as components for question answering, deci-
sion support, information extraction, summarization, and interac-
tive assistance [21]. In these systems, output quality depends not
only on the model itself, but also on how the surrounding software
provides the external context required to solve a task. This con-
text may include documents, database records, source code, logs,
user profiles, domain-specific resources, or tool outputs. As a re-
sult, context provisioning has become a central design concern in
LLM-based systems [10].

When task-relevant information lies outside the model, the ap-
plication must decide how that information is exposed at inference
time. The most direct strategy is to embed the context in the prompt.
This inline approach is simple and often effective because the model
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receives broad visibility over the available evidence. However, large
prompts increase token consumption and latency, are constrained
by context-window limits, and do not necessarily guarantee ro-
bust use of the provided information [9, 18]. Alternative strategies
decouple context access from prompt construction. For example,
RAG retrieves selected information before generation [7], func-
tion calling exposes application-defined operations that the model
may invoke [5, 12], and MCP provides a protocol-based mecha-
nism for connecting LLM applications to external tools and data
sources [1, 11]. These alternatives may improve modularity, reuse,
and separation of concerns, but they also introduce new design
questions about operation granularity, execution control, latency,
observability, and operational complexity [6, 16].

Despite growing interest in operation-mediated context provi-
sioning, there is still limited empirical evidence on how these archi-
tectural alternatives affect LLM-based systems in realistic scenarios.
It is not yet clear when broad prompt-level visibility should be pre-
ferred over operation-mediated access, how much overhead MCP
introduces relative to local function calling, or how these strate-
gies behave across questions with different evidence requirements.
These are software engineering questions as much as artificial in-
telligence questions, because they concern system architecture,
control flow, monitoring, deployment, and evolution.

This paper addresses these questions through a benchmark for
question answering over curricula from the Brazilian Lattes Plat-
form [2]. Lattes curricula are large semi-structured documents
describing academic and professional trajectories, including ed-
ucation, publications, projects, supervision activities, professional
experience, and other scholarly outputs. They provide a suitable
domain for this study because information is distributed across
multiple sections, questions require different access patterns, and
the same curriculum can be exposed either as a serialized document
or through structured operations over parsed data [3].

The baseline compares five effective strategy-format configura-
tions derived from four strategies: inline HTML, inline JSON, local
function calling, local MCP, and remote MCP. Together, these config-
urations cover a design space that ranges from direct prompt-based
integration to local operation-mediated execution and provider-
managed remote protocol access. Across 1,200 answer-generation
runs and 3,600 LLM-as-a-judge assessments, we analyze answer
quality, token consumption, latency, call behavior, and the influence
of question characteristics.

The results show no universally best context provisioning strat-
egy. Inline JSON achieved the highest majority accuracy (45.8%),
followed by inline HTML (42.1%), indicating that broad prompt-
level visibility can improve answer quality. However, this advantage
came at a substantial token cost. Operation-mediated strategies
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were less accurate overall (35.0-35.8%), but were far more token-
efficient; remote MCP achieved the lowest token cost per majority-
correct answer, although with higher median latency and lower
direct observability. Question characteristics also strongly mediated
the results: broad inferential questions were easier, whereas count-
ing, temporal filtering, entity matching, and supervision-related
questions were consistently harder. Taken together, these findings
show that context provisioning should be treated as an architectural
design decision rather than only as a prompting choice.
In summary, this paper makes the following contributions:

e We frame context provisioning as an architectural design
decision in LLM-based systems, distinguishing direct prompt-
based access, benchmark-controlled local function calling,
local MCP, and provider-managed remote MCP.

o We present a benchmark for LLM-based question answering
over Lattes curricula, including curriculum artifacts, ques-
tion categories, five strategy-format configurations, execu-
tion specifications, traces, and efficiency metrics.

e We empirically compare these configurations over 1,200
answer-generation runs and 3,600 judge assessments in terms
of answer quality, token consumption, latency, call behavior,
and question characteristics.

e We derive practical implications for software engineers de-
signing LLM-based systems that must balance answer qual-
ity, token budget, latency, modularity, observability, and op-
erational complexity.

The remainder of this paper is organized as follows. Section 2
provides the required conceptual background. Section 3 presents the
study design, including the research questions, evaluated strategies,
and experimental infrastructure. Section 4 reports the results and
discusses their implications. Section 5 examines threats to validity.
Section 6 reviews related work, and Section 7 concludes the paper.

2 Background

This section defines the concepts used throughout the paper. We
first position the study within context engineering, then clarify
the notion of context provisioning, and finally summarize the role
of operation-mediated access, MCP, and Lattes curricula in our
experimental benchmark.

2.1 Context Engineering

LLMs generate outputs conditioned on the context available at infer-
ence time. In modern LLM-based systems, this context may include
not only user instructions, but also retrieved documents, structured
records, tool descriptions, prior interaction history, execution re-
sults, and domain-specific resources. The term context engineering
refers to the systematic design, construction, optimization, and
management of these information payloads [10].

In this paper, we focus on context provisioning: the architectural
mechanism through which task-relevant external information is
exposed to the model at inference time. A context provisioning
strategy determines whether information is embedded directly in
the prompt, retrieved by an intermediate component, accessed
through callable operations, or served through a protocol-based
context service. Thus, context provisioning is not only a prompting
issue, but also a software engineering decision: it affects where
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context is stored, how it is accessed, which component controls
access, and how observable and reusable the resulting integration
is.

2.2 Operation-Mediated and Protocol-Based
Context Access

The most direct context provisioning strategy is inline context, in
which the application serializes relevant information and embeds
it directly in the prompt. Other strategies introduce intermediate
mechanisms between the model and the underlying information
source. RAG systems retrieve selected information and add it to
the model input [7]; memory systems preserve information across
interactions; and operation-mediated approaches expose external
operations that the model may invoke during execution [15].

Operation-mediated context access is commonly implemented
through function calling or tool calling in current provider APIs: the
application declares available functions or tools, the model selects
an operation and proposes arguments, the application executes
it, and the result is returned to the model [5, 12]. In this paper,
we use operation-mediated as the generic term for this family of
approaches, reserving function for local function calling and tool
for MCP-based access. From a software engineering perspective,
operation-mediated access shifts part of the context-selection bur-
den from prompt construction to the interaction between the model
and externally implemented operations. This can reduce upfront
context transmission, but it also introduces failure modes such as
missing function or tool calls, inappropriate operation selection,
invalid arguments, or incomplete evidence gathering.

The Model Context Protocol (MCP) extends this idea by turning
externally exposed operations into a protocol-based integration
mechanism [1]. In MCP terminology, these operations are surfaced
as tools. Instead of implementing callable operations directly in-
side the LLM application, a system can place them behind an MCP
server, creating an explicit boundary between the LLM-facing client
and the component responsible for accessing and serving external
context [6]. This boundary may improve separation of concerns,
interoperability, and reuse, but it also introduces engineering con-
cerns such as serialization, error handling, deployment, observabil-
ity, and, in remote settings, network latency and availability [16].
This motivates evaluating MCP not only by answer quality, but also
by efficiency, observability, and operational implications.

2.3 Lattes Curricula as Semi-Structured Context

We use curricula from the Brazilian Lattes Platform as the source of
external context for our benchmark [2]. Lattes curricula are suitable
for evaluating context provisioning strategies because they com-
bine recurring structure with heterogeneous content [3]. They are
organized into sections such as profile, education, projects, publica-
tions, professional experience, and supervisions, which makes them
amenable to parsing and section-oriented access. At the same time,
their content varies substantially across researchers, with sections
that may be absent, repeated, long, sparse, or unevenly populated.

This structure allows the same curriculum to be exposed to the
model in different ways. Inline strategies can embed a serialized
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artifact, such as HTML or JSON, directly in the prompt. Operation-
mediated strategies can instead operate over a parsed JSON repre-
sentation and expose domain-specific operations over sections such
as profile data, expertise, education, projects, publications, super-
visions, academic activities, technical output, and artistic output.
Consequently, the Lattes setting lets us compare broad prompt-
based visibility with structured operation-mediated access over the
same underlying semi-structured documents.

3 Study Design

This section describes the empirical study used to compare context
provisioning strategies for LLM-based question answering over
Lattes curricula. The study is implemented as a benchmark in which
the question set and curriculum instances are kept fixed while the
mechanism used to expose curriculum information to the model is
varied.

3.1 Research Questions
The study is guided by the following research questions:

ROQ1: Effect on Answer Quality How do different context pro-
visioning strategies affect the quality of LLM-generated an-
swers over Lattes curricula?

RQ2: Execution Efficiency How do the strategies differ in
terms of execution efficiency, including token consumption,
latency, and call behavior?

RQ3: Influence of Question Characteristics How do ques-
tion characteristics affect answer quality, judge disagree-
ment, token usage, latency, and operation-call behavior across
context provisioning strategies?

ROQ1 focuses on answer quality, comparing whether direct prompt-
based context leads to different outcomes from context access
through local functions, local MCP, or remote MCP. RQ2 focuses on
execution efficiency and behavior, considering token usage, latency,
model calls, function calls, tool calls, MCP calls, and loop steps.
RQ3 investigates whether the response variables analyzed in RQ1
and RQ2 vary with the type of information access required by each
question, such as factual lookup, temporal reasoning, quantitative
aggregation, cross-section matching, or broader synthesis.

3.2 Benchmark Dataset and Questions

The dataset is organized around Lattes curriculum instances. For
the experiment reported in this paper, we selected five instances
from senior computer science researchers affiliated with different
Brazilian universities. These instances were selected to provide
variation in curriculum size, as well as in the structure and distri-
bution of information across curriculum sections. Each instance is
represented by a directory in the benchmark repository containing
multiple context artifacts, including the original HTML page, a
cleaned HTML version, a parsed JSON representation, and block-
level context files. The alternative representations aim to mitigate
the challenges of long contexts in LLM-based systems by balanc-
ing token cost with the quality of the information provided to the
model. The cleaned HTML is a reduced version of the original page,
with scripts and other nonessential structures removed so that only
content relevant to the experiment is preserved. The parsed JSON
provides a structured representation of the original HTML and is
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Table 1: Selected Lattes curriculum instances.

Instance HTML Size  Cleaned HTML  JSON Size  Pub. Proj. Tech.
1 908 KB 383 KB 356 KB 482 52 7
2 358 KB 114 KB 124 KB 227 5 0
3 672 KB 334 KB 294 KB 323 20 50
4 387 KB 180 KB 175 KB 197 19 94
5 684 KB 336 KB 304 KB 290 28 85
Table 2: Selected benchmark questions.
Question ID Description
q_phd Where and how long ago the researcher completed the PhD.
q_field The main field of knowledge in which the researcher works.
g_coauth The researcher’s most frequent co-authors.
g_advpub Whether the researcher usually publishes with advisees.
q_pubyear The most relevant bibliographic production in a given year.
q_projfit_2  How the candidate’s background aligns with a given project.
q_indexed Whether publications are concentrated in indexed or highly ranked
venues.
q_sup The number of supervised students by level and completion status.
q_techprod The number of patents, software registrations, prototypes, cultivars,
or other technological products.
g_admin Administrative positions held by the researcher, such as course coor-
dination or graduate-program leadership.
q_tcchy The number of undergraduate thesis or undergraduate research su-
pervisions in the last five years.
g_en Whether the researcher speaks English.

used by local functions and MCP servers. Finally, the block-level
context files serve as the reference basis for answer evaluation.

Table 1 summarizes the selected instances. The five curricula
differ substantially in size and content distribution. For example,
the largest raw HTML artifact is approximately 908 KB, while the
smallest is approximately 358 KB. The number of parsed publica-
tions ranges from 197 to 482, projects from 5 to 52, and technical
outputs from none in the parsed representation to 94 items. This
variation is important for the benchmark because different strate-
gies may be affected differently by document size, section sparsity,
and the concentration of information in specific curriculum sec-
tions. The selected curricula should be interpreted as controlled
benchmark instances rather than as statistical representatives of
Lattes curricula. The goal of this baseline is to compare how the
same semi-structured source behaves under different context provi-
sioning mechanisms while keeping the curricula, questions, models,
operation surface, and execution pipeline fixed.

The benchmark repository also contains a catalog of 28 questions
over Lattes curricula, derived from a previous work on LLM-based
question answering over Lattes semi-structured data [3]. For the
current experiment, we selected the 12 questions summarized in
Table 2. The selected questions cover different information access
patterns, including direct factual lookup, temporal filtering, quanti-
tative aggregation, ranking, cross-section matching, and broader
inferential synthesis over semi-structured curriculum data.

The questions include tag metadata to support stratified analy-
sis and facilitate the interpretation of model behavior. These tags
help identify whether poor answers are associated with specific
question characteristics, such as temporal filtering, evidence in-
tegration across sections, ranking, or incomplete evidence. For
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Table 3: Operations exposed by the Lattes service.
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Table 4: Evaluated context provisioning configurations.

Operation Description Configuration Context handling Loop control Boundary
get_profile Returns the researcher’s identification data. inline_html Prompt No operation loop Local
get_expertise Returns expertise, research lines, and awards. inline_json Prompt No operation loop Local
get_education Returns academic background. local_function Local functions Benchmark Local
get_projects Returns research and professional projects. local_mcp In-memory MCP Benchmark Local
get_supervisions Returns supervision activities grouped by level and mep Remote MCP Provider Remote

status.
get_experience Returns professional experience.
get_academic_activities  Returns academic service, boards, events, and related
activities.
Returns bibliographic production.
Returns technical output.
Returns artistic and cultural output.

get_publications
get_technical_output
get_artistic_output

example, factual denotes questions answerable from explicit cur-
riculum statements, such as g_en; temporal marks questions con-
strained by dates or time windows, such as q_phd and g_tcc5y;
inferential indicates that the model must synthesize evidence
rather than extract a single field, as in q_field; ranking identifies
questions that require selecting the most frequent or most rele-
vant item, as in g_coauth and q_pubyear; quantitative refers to
counting or aggregation tasks, such as q_sup; matching indicates
that entities must be aligned across records, as in q_coauth and
g_advpub; cross-block denotes questions whose evidence is dis-
tributed across multiple curriculum sections, as in q_projfit_2;
and weak-data marks cases in which the available evidence is
incomplete, indirect, or noisy, as in q_indexed and q_techprod.
These tags do not affect benchmark execution. Instead, they provide
an analytical layer for comparing results across question character-
istics, in addition to comparing context provisioning strategies.

3.3 Context Access Modes and Strategies

The benchmark evaluates context provisioning strategies that differ
along three architectural dimensions: how the curriculum context
is represented and exposed to the model, who controls the interac-
tion loop, and whether context access crosses a remote boundary.
Figure 1 summarizes these alternatives.

The first access mode is inline. In this mode, a serialized cur-
riculum artifact is inserted directly into the prompt, requiring the
model to inspect the provided context and identify the evidence
needed to answer the question. As shown in Figure 1(a), there is
no operation loop in this configuration: the benchmark builds the
prompt, sends it to the model provider through the LLM SDK, and
receives a final answer. We instantiate this mode with two configu-
rations: inline_html, which uses the cleaned HTML artifact, and
inline_json, which uses the parsed JSON artifact. Thus, inline ac-
cess gives the model broad visibility over the curriculum, but makes
input-token cost dependent on the size of the serialized artifact.

The second access mode is operation-mediated. In this mode,
the curriculum is not provided directly in the prompt. Instead, the
model receives access to read-only operations over semantically
defined curriculum sections. The operation surface, summarized
in Table 3, is shared across all operation-mediated configurations.
The operations are organized around the main Lattes sections, in-
cluding author profile, expertise, education, projects, supervisions,
professional experience, academic activities, publications, technical
output, and artistic output. Each operation requires a lattes_id;

operations associated with temporal sections may also receive op-
tional start_year and end_year arguments. Keeping the opera-
tion surface constant allows us to attribute differences primarily to
loop control, protocol boundaries, and context placement, rather
than to differences in the information exposed to the model. Con-
crete examples of operation calls and abridged outputs are provided
in the replication package.

We evaluate three operation-mediated configurations. In local-
_function, shown in Figure 1(b), the benchmark controls the loop:
it receives function-call requests from the model, executes local
Python functions over the parsed JSON artifact, returns their re-
sults, and repeats this process until a final answer is produced. In
local_mcp, shown in Figure 1(c), the benchmark still controls the
loop, but the same operations are exposed through a local MCP
server and accessed by an MCP client. This isolates the effect of
introducing MCP as a local protocol boundary. In mcp, shown in
Figure 1(d), the MCP server is remote and the operation loop is del-
egated to provider-native MCP support. In this case, the benchmark
configures the interaction and receives the final answer, but context
access is mediated by the provider and a remote MCP service.

Table 4 summarizes the five evaluated strategy-format configu-
rations according to the three architectural dimensions used in the
study. The comparison between inline_html and inline_json
isolates the effect of representation format under direct prompt-
based access. Comparing inline with operation-mediated configu-
rations captures the effect of moving context from the prompt to
explicit operations. Comparing local_function with local_mcp
isolates the local MCP boundary, while comparing local_mcp with
mcp examines the transition from benchmark-controlled local MCP
to provider-managed remote MCP. The difference between local
MCP and remote MCP is intentional and reflects the control-flow
variable evaluated in the study. In local_mcp, the benchmark drives
the operation loop: it receives model-requested operations, calls the
local MCP client/server boundary, records the intermediate steps,
and returns tool results to the model. In (remote) mcp, the operation
loop is delegated to provider-native MCP support and the MCP
server is accessed remotely. As a consequence, using a remote MCP
server better represents a provider-managed protocol integration,
but gives the benchmark less direct visibility into intermediate tool
orchestration than the locally controlled strategies.

3.4 Benchmark Pipeline and Baseline
Experiment

All configurations are executed through the same benchmark pipeline,

in four phases. First, the planning phase expands the experiment

configuration into query runs, each corresponding to one combi-
nation of curriculum instance, question, model, strategy-format
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Figure 1: Architectural view of the evaluated context provisioning strategies.

configuration, and repetition. Second, the query-execution phase
renders the question, configures the target model, applies the se-
lected context access strategy, and records the generated answer,
token usage, duration, calls, errors, and traces. Inline runs embed
the selected artifact in the prompt, whereas operation-mediated
runs provide the model with the curriculum identifier and available
operations.

Third, the evaluation phase applies an LLM-as-a-Judge proto-
col [22]. Each judge receives the question, candidate answer, and
question-specific evidence blocks, independent of the context origi-
nally used to generate the answer. This provides a common refer-
ence for comparing answers produced by different strategies while
avoiding the cost of sending full curricula to every judge. Judges
assess two criteria: correctness, whether the answer is factually sup-
ported and avoids unsupported claims, and completeness, whether
it addresses all answerable parts of the question. Each criterion
is rated as meets, partial, or misses. Finally, the export phase
combines planned runs, answers, judge assessments, aggregate
outcomes, and traces into analysis-ready files.

The baseline experiment instantiates this pipeline with five
curriculum instances, twelve questions, four answer-generation
models, five strategy-format configurations, and one repetition
per condition, yielding 1,200 answer-generation runs. The answer-
generation models are OpenAT’s gpt-5.4-nanoand gpt-5.4-mini,
and Google’s gemini-2.5-flash-1lite and gemini-2.5-flash.
These models were selected to keep the experiment affordable while
covering two providers and two model sizes per provider. All 1,200
answer-generation runs completed successfully.

Each answer was evaluated by three stronger judge models: Ope-
nAl's gpt-5.4, Google’s gemini-3.1-flashlite-preview, and
Anthropic’s claude-sonnet-4-6. Thus, the evaluation phase pro-
duced 3,600 judge assessments. We aggregate assessments into two
quality outcomes. An answer is majority-correct when at least two

judges rate both correctness and completeness as meets; it is unani-
mously correct when all three judges do so. Evaluation-phase tokens
are reported separately and are not included in answer-generation
cost metrics.

In addition to quality outcomes, the benchmark records query-
phase execution metrics, including duration, model and operation
calls, function calls, MCP tool calls, loop steps, retry counts, token
usage, cached input tokens when available, context size, prompt
size, and rate-limit or retry waiting time. Remote MCP calls are
extracted from provider-native MCP evidence when available, since
this strategy is not fully controlled by the benchmark engine. For
Gemini remote MCP runs, we also compute an adjusted input-token
metric that adds provider-reported native tool-use prompt tokens
to direct prompt tokens.

Full prompt templates for answer generation and judge assess-
ment are available in the replication package.

4 Results

This section reports the results of the experiment designed to an-
swer the three research questions. The experiment produced 1,200
successful answers and 3,600 judge assessments. Answer generation
consumed 43.95 million query-phase tokens, while the three-judge
evaluation consumed 28.50 million tokens. We keep these quantities
separate because evaluation cost is a property of the benchmark
procedure, whereas query cost is a property of the context provi-
sioning strategy. Unless otherwise stated, token metrics refer only
to the answer-generation phase and exclude evaluation tokens.

4.1 ROQ1: Effect on Answer Quality

Table 5 shows that inline context produced the highest answer
quality in the aggregate. inline/json reached 45.8% majority ac-
curacy, followed by inline/html with 42.1%. The three operation-
mediated configurations were lower and close to each other: local
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Table 5: Effectiveness, cost of agreement, latency, and observed calls by context provisioning configuration.

Configuration  Strategy Runs Maj. Unan. Tok/run Tok./Maj. Tok./Unan. Sec. Obs. calls
I-HTML Inline HTML 240 42.1 26.3 79.3k 188.4k 302.0k  4.09 0.00
I-JSON Inline JSON 240 45.8 24.6 70.6k 153.9k 287.0k  4.01 0.00
Func. Local function calling 240  35.0 18.8 11.7k 33.5k 62.6k  4.61 1.23
L-MCP Local MCP 240 35.4 17.5 12.6k 35.4k 717k 4.45 1.29
R-MCP Remote MCP 240 35.8 14.6 9.0k 25.1k 617k  5.99 115

function calling reached 35.0%, local MCP reached 35.4%, and re-
mote MCP reached 35.8%. The same ordering is mostly preserved
under the stricter unanimous metric: inline HTML and inline JSON
reached 26.3% and 24.6%, while operation-mediated configurations
ranged from 14.6% to 18.8%. Because the baseline uses one repeti-
tion per condition, marginal differences should not be interpreted
as definitive rankings. This cost-aware design already required
1,200 answer-generation runs and 3,600 judge assessments. As a ro-
bustness check, a block bootstrap over curriculum-question blocks
estimated the inline versus operation-mediated majority-accuracy
difference at +8.5 percentage points, with a 95% interval from +1.9
to +15.5; a paired analysis over curriculum-question-model cells
yielded the same qualitative result. Thus, the main contrast is sup-
ported, while the three operation-mediated configurations should
be regarded as close alternatives.

This result indicates that broad prompt-level visibility remains
advantageous for answer quality in this baseline. Inline strategies
expose the entire serialized curriculum to the model, reducing the
need for the model to select operations, choose parameters, and se-
quence calls before answering. However, the advantage is moderate
rather than absolute. Operation-mediated strategies still produced
non-trivial majority agreement: approximately one third of their an-
swers were majority-correct even though they used far less context
per query. This suggests that structured access through operations
can provide useful answers, but also that operation selection and
downstream aggregation become part of the task difficulty.

The difference between inline HTML and inline JSON is also
informative. Inline JSON achieved the highest majority accuracy
and consumed fewer tokens than inline HTML. This suggests that,
when full-context prompting is used, a parsed representation can be
more effective than cleaned HTML because it removes part of the
markup burden and exposes the curriculum in a more regular form.
Nevertheless, both inline variants remain expensive compared with
operation-mediated access.

Table 6 shows that model family affects the magnitude of the qual-
ity differences. OpenAl models produced higher accuracies overall,
and their operation-mediated configurations remained competi-
tive with inline configurations. For example, GPT-Nano with local
function calling reached 53.3% majority accuracy and 33.3% una-
nimity, while consuming 16.1k tokens per run. GPT-Mini with local
MCP matched inline HTML in majority accuracy (53.3%) while con-
suming only 20.5k tokens per run. By contrast, Gemini operation-
mediated configurations were more strongly penalized, especially
with Gemini-Lite. This suggests that the effectiveness of operation-
mediated access depends not only on the operation surface, but also
on the model’s ability to decide when and how to use the exposed
operations.

Table 6: Model-level effectiveness and execution efficiency
by context provisioning configuration.

Family =~ Model Configuration Maj. Unan.  Tok. Sec. Calls
OpenAl  GPT-Nano I-HTML 483 300 787k 850  0.00
I-JSON 60.0 30.0 67.9k 13.50 0.00

Func. 53.3 333  16.1k 7.00 1.42

L-MCP 433 283 18.6k 5.00 1.40

R-MCP 48.3 283 17.4k 8.00 1.35

GPT-Mini I-HTML 533 283 78.8k 4.00 0.00

I-JSON 50.0 233  68.1k 4.00 0.00

Func. 45.0 25.0 20.2k 6.00 1.83

L-MCP 53.3 30.0 20.5k 6.00 1.88

R-MCP 51.7 20.0 17.2k 9.00 1.62

Gemini  Gemini-Lite I-HTML 33.3 233 79.2k 3.00 0.00
I-JSON 333 183  72.5k 3.00 0.00

Func. 15.0 5.0 4.4k 3.00 0.87

L-MCP 21.7 5.0 4.7k 3.00 1.05

R-MCP 15.0 33 0.3k 3.00 0.78

Gemini-Flash I-HTML 33.3 233  80.5k 5.50 0.00

I-JSON 40.0 26.7 73.7k 5.00 0.00

Func. 26.7 11.7 6.1k 4.00 0.78

L-MCP 233 6.7 6.4k 4.00 0.82

R-MCP 28.3 6.7 1.1k 5.00 0.85

4.2 ROQ2: Execution Efficiency

Table 5 also summarizes the efficiency dimensions. The results
show a clear trade-off: inline configurations achieve higher answer
quality, but this quality comes at a substantially higher token cost.
Inline HTML and inline JSON consume, on average, 79.3k and 70.6k
query tokens per run, respectively. In contrast, operation-mediated
configurations reduce the average query cost to 11.7k tokens for
local function calling, 12.6k for local MCP, and 9.0k for remote MCP.
Thus, operation-mediated context access uses roughly one sixth to
one eighth of the tokens required by inline context provisioning.

The difference becomes more pronounced when token cost is
normalized by agreement. Inline JSON, the most accurate configu-
ration, requires 153.9k query tokens per majority-correct answer
and 287.0k tokens per unanimously correct answer. Inline HTML
requires 188.4k and 302.0k tokens, respectively. By comparison, re-
mote MCP requires only 25.1k tokens per majority-correct answer
and 61.7k tokens per unanimously correct answer. Local function
calling requires 33.5k and 62.6k tokens, while local MCP requires
35.4k and 71.7k. Therefore, the best inline configuration requires
approximately 6.1 times more tokens per majority-correct answer
than remote MCP and approximately 4.7 times more tokens per
unanimously correct answer.

These results indicate that inline context provisioning is prefer-
able when maximizing answer quality is the primary goal, but
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operation-mediated strategies provide a more cost-efficient path
to acceptable agreement. In particular, remote MCP has the lowest
token cost per majority-correct answer, while local function calling
has the lowest token cost per unanimously correct answer among
the locally controlled operation-mediated strategies. This suggests
that operation-mediated context access is attractive in scenarios
where token budget is constrained and moderate reductions in
answer quality are acceptable.

Call behavior further distinguishes the strategies. Inline con-
figurations do not perform operation calls because the serialized
curriculum is embedded directly in the prompt. In contrast, local
function calling and local MCP average 1.23 and 1.29 observed calls
per run, respectively. Remote MCP averages 1.15 observed calls per
run. However, this metric must be interpreted according to the exe-
cution mechanism. For local function calling and local MCP, calls
are counted from benchmark-controlled traces. For remote MCP,
calls are counted from provider-native MCP evidence recorded in
query traces. Thus, remote MCP exposes less direct observability
to the benchmark, even though native MCP activity can still be
detected.

Latency follows a different pattern from token consumption. Al-
though remote MCP is the most token-efficient configuration, it has
the highest median query duration, 5.99s. Inline HTML and inline
JSON have lower median latencies, 4.09s and 4.01s, respectively,
but their distributions exhibit long upper tails. Local function call-
ing and local MCP remain close to the inline configurations in the
median case, with 4.61s and 4.45s. Figure 2a complements these
medians by combining a violin plot, which shows the distribution
shape, with an overlaid boxplot for median and interquartile range.
The figure indicates that reducing prompt size does not necessarily
reduce wall-clock latency, especially when context access depends
on operation execution and provider-mediated tool orchestration.

Overall, RQ2 shows that token efficiency and latency do not
move together. Operation-mediated strategies drastically reduce
token consumption and the cost of obtaining agreement, but re-
mote MCP introduces higher median latency. Local function calling
and local MCP provide a middle ground: they preserve most of
the token-efficiency advantage of operation-mediated access while
keeping median latency closer to the inline configurations. There-
fore, the choice between direct and operation-mediated context
access depends on whether the system prioritizes answer quality,
token budget, latency, or trace observability.

4.3 RQ3: Influence of Question Characteristics

Question characteristics strongly affected the relative behavior
of direct and operation-mediated context access. Table 7 reports
per-question accuracy, full judge disagreement, and a short inter-
pretation of the dominant difficulty. Full disagreement means that,
for at least one evaluation criterion, the three judges assigned three
different ratings (meets, partial, and misses) to the same answer.
This metric identifies questions whose evidence or expected answer
form is especially ambiguous for the judges.

The easiest question was q_field, with 87% majority accuracy
and 58% unanimity. It asks for a broad characterization of the re-
searcher’s field and can be answered from profile and expertise

SBES 2026, September 8-11, 2026, Sao Paulo, SP, Brazil

information. q_projfit_2 also performed relatively well (62% ma-
jority accuracy), despite being cross-block, because its expected
answer can often be supported by high-level project and profile
evidence. These results show that inferential questions are not
necessarily harder when the expected answer is qualitative and
supported by salient curriculum sections.

The hardest questions were q_sup, q_tcc5y, and g_coauth. Their
common feature is that they require aggregation rather than sim-
ple retrieval. q_sup obtained no majority-correct answers. This is
consistent with the structure of the parsed Lattes data: supervision
records are grouped by level and status, but individual entries are
stored as long natural-language strings containing title, year, in-
stitution, program, funding, and role information. This contrasts
with the publication section, which is more itemized, with fields
such as year, category, authors, and title. As a consequence, answer-
ing supervision-count questions requires parsing and counting
information embedded inside textual records, not only selecting
the correct block. q_tcc5y adds a temporal filter to this counting
problem, which explains its similarly low accuracy. q_coauth is
difficult for a different reason: it requires identifying coauthors,
aggregating across publications, and ranking or selecting names,
which amplifies errors in entity matching and counting.

Figure 2b shows the strategy—question interaction in the form
of a majority accuracy heatmap. Some questions are answered well
across most strategies, such as q_field; others fail across nearly
all strategies, such as q_sup. This pattern is important because it
shows that strategy choice alone does not explain the results. In
several cases, the limiting factor is the structure of the evidence and
the type of reasoning required by the question. For example, q_sup
remains at 0% majority accuracy even when operation-mediated
strategies can access the supervision operation, suggesting that
the output of the operation is not structured enough for reliable
counting.

The results for q_en expose another operation-surface limitation.
The tool interface was designed around the main sections of the
Lattes document, following a section-oriented organization rather
than a question-specific one. Because language proficiency appears
as a subfield rather than as a top-level section, the interface does
not provide a dedicated get_languages or get_idioms operation.
Inline strategies retain direct visibility of this information, whereas
operation-mediated strategies must locate it through broader oper-
ations and may therefore fail to retrieve the most relevant evidence.
This case shows that operation-surface design is itself an experimen-
tal and architectural variable: operation boundaries, granularity,
and alignment with expected questions can influence answer qual-
ity independently of the underlying provisioning mechanism.

Tag-level results further support this interpretation. Matching
questions were the most penalized group, with 18.5% majority accu-
racy and only 1.0% unanimity. Quantitative questions were also dif-
ficult, with 24.7% majority accuracy and 9.2% unanimity. Temporal
questions reached 28.0% majority accuracy, while factual questions
reached 28.0%. In contrast, weak-data, inferential, and cross-block
tags had higher majority accuracies, but these categories overlap
with easier high-level questions and should not be interpreted inde-
pendently. The most important pattern is that questions combining
quantitative aggregation with matching or temporal filtering were
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Figure 2: Comparison of latency (a) and question-level accuracy (b) across context provisioning configurations.

Table 7: Question-level results and observed difficulty factors.

Question Tags Maj. Unan. Fulldis. Calls Dominant difficulty

q_field inferential, ranking 87.0 58.0 1.0 0.79  broad profile synthesis

q_projfit_2 inferential, cross-block 62.0 32.0 2.0 1.87  cross-section project matching

g_indexed weak-data, quantitative 58.0 23.0 11.0 0.42  weak evidence and count interpretation
g_en factual 52.0 52.0 0.0 0.34  simple lookup; mostly stable

q_techprod weak-data, quantitative 48.0 29.0 3.0 0.60  weakly structured technical output

q_phd factual, temporal 45.0 23.0 0.0 0.58  temporal education lookup

g_admin factual 38.0 19.0 0.0 1.05 administrative-role evidence

q_pubyear weak-data, temporal, ranking 34.0 5.0 4.0 0.38  temporal publication ranking

q_advpub inferential, cross-block, quantitative, matching 30.0 2.0 50 072  supervision-publication matching
g_coauth inferential, quantitative, ranking, matching 7.0 0.0 29.0 036 coauthor aggregation and ranking

q_tcc5y factual, quantitative, temporal 5.0 1.0 4.0 1.07  temporal counting over supervision records
q_sup factual, quantitative 0.0 0.0 8.0 0.61  counting over unstructured supervision records

consistently harder than questions requiring broad qualitative syn-
thesis.

The highest full-disagreement rates occurred for q_coauth (29%),
g_indexed (11%), and q_sup (8%). Trace inspection associates these
cases with different failure modes: name normalization and rank-
ing in gq_coauth, incomplete venue evidence in q_indexed, and
counting over long semi-structured records in q_sup. These cases
suggest boundary ambiguity and evidence-structure limitations
rather than arbitrary judge inconsistency.

4.4 Practical Implications for System Design

The results support four practical guidelines for designing LLM-
based systems. First, inline JSON provides a useful quality baseline
when the complete context fits the available token budget. It pre-
served broad evidence visibility, achieved the highest aggregate ac-
curacy, and required fewer tokens than inline HTML. Teams should
therefore evaluate more complex provisioning mechanisms against
a structured inline baseline rather than assuming that operation-
mediated access will improve answer quality.

Second, operation-mediated access is appropriate when token ef-
ficiency, controlled context exposure, modularity, or reuse outweigh
the observed quality difference. This choice, however, transfers part
of the problem from prompt construction to model-operation in-
teraction. Its effectiveness depends on the model’s ability to select
operations, construct arguments, interpret outputs, and determine

whether further calls are required. Model selection and operation-
surface design should therefore be evaluated jointly.

Third, operations should be designed around the reasoning re-
quired by the expected queries, not only around the source doc-
ument’s sections. Section-level operations were sufficient for re-
trieving relevant evidence, but were less effective when questions
required counting, temporal filtering, entity matching, or ranking.
For these tasks, normalized records, explicit status and date fields,
and deterministic aggregation operations can reduce the amount
of parsing and reasoning delegated to the model.

Finally, local and remote operation-mediated configurations ad-
dress different operational priorities. Local function calling and local
MCP provide greater trace visibility and control over the interaction
loop, supporting debugging and auditing. Remote MCP provides
a provider-managed integration boundary and lower token cost
per majority-correct answer, but showed higher median latency
and less direct observability. The appropriate configuration should
therefore be selected according to the required balance among an-
swer quality, token cost, latency, modularity, and auditability.

5 Threats to Validity

Construct validity. Answer quality is assessed with LLM judges
rather than human annotators, so the results depend on judge
prompts, evidence selection, and judge strictness. A full human
evaluation was not feasible at this baseline scale because it would
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require substantial annotation effort and domain expertise, but
sampled human auditing is still needed, especially for cases of
strong judge disagreement. We reduce this threat by using three
judges, separating correctness from completeness, and reporting
both majority and unanimous agreement.

To assess the dependence on individual judges, we also analyzed
judge-level behavior. Each judge alone reproduced the same inline-
over-operation-mediated ordering, with majority-accuracy gaps of
+8.7, +11.9, and +6.7 percentage points for the GPT, Gemini, and
Claude judges, respectively. Inter-judge agreement was substantial:
the mean quadratic-weighted kappa was 0.71 for correctness and
0.66 for completeness. Using Claude as a non-same-family reference,
we did not observe evidence of systematic own-provider judge bias.

The study also evaluates context provisioning over benchmark
representations (cleaned HTML, parsed JSON, and question-specific
evidence blocks), not over the raw Lattes pages alone. These rep-
resentations make strategies comparable, but they may introduce
parsing errors, information loss, or uneven structure across sec-
tions. This is particularly relevant for supervision-related questions,
whose evidence is less structured than publication records.

Internal validity. Differences among strategies may reflect not
only the provisioning mechanism, but also implementation choices,
provider SDK behavior, prompt design, operation schemas, and
each model’s tool-use capability. This threat is stronger for remote
MCP because the provider manages part of the interaction loop
and the benchmark cannot observe all intermediate steps with the
same granularity available for local strategies.

We partially mitigate implementation errors through an auto-
mated test suite that reaches 67% line coverage. The tests cover
benchmark infrastructure, execution flow, operation dispatch, schema
and output-shape validation, and representative fixtures for the
Lattes service layer. This provides evidence that the implemented
tool layer behaves consistently with its expected interfaces. How-
ever, test coverage does not guarantee that the parsed Lattes data
is semantically complete or that every operation output is optimal
for all question types.

Token accounting is another source of variation because providers
report prompt, cache, reasoning, and tool-use tokens differently.
We normalize these metrics as much as possible and, for Gemini
remote MCP, add provider-reported native tool-use prompt tokens
to direct prompt tokens. Even so, cross-provider cost comparisons
still include some measurement noise.

External validity. This study uses five Lattes curricula and
twelve questions from a single domain. The curricula were selected
as controlled benchmark instances rather than as statistical repre-
sentatives. A per-curriculum analysis showed majority accuracy
ranging from 35.0% to 44.6%; in every leave-one-curriculum-out
analysis, inline JSON remained the strongest configuration, fol-
lowed by inline HTML, while operation-mediated strategies re-
mained substantially more token-efficient. Thus, the main quality—
efficiency trade-off is not driven by a single curriculum. An ex-
ploratory software-repository question-answering dataset produced
different absolute results but similar dependencies on representa-
tion and operation design, suggesting that concrete outcomes are
domain-specific. Broader claims still require more instances, do-
mains, and task types.
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The use of SaaS LLMs further limits reproducibility because
provider-side updates may change model behavior over time even
when model names remain fixed. We mitigate this threat by record-
ing model identifiers, configurations, traces, and artifacts, but exact
replication still depends on provider stability.

Conclusion validity. This is a baseline experiment with one
repetition per condition. The results should therefore be read as
evidence of trade-offs and failure modes rather than as definitive
rankings. In addition, the same curricula, questions, and models are
reused across strategies, so aggregate percentages are not indepen-
dent samples. Future work should add repetitions, more models and
datasets, and statistical analyses that separate curriculum, question,
model, and strategy effects.

6 Related Work

This section positions our study with respect to four lines of related
work: (i) LLM-based question answering over Lattes curricula; (ii)
context engineering, RAG, and long-context evaluation; (iii) tool
use and function calling benchmarks; and (iv) MCP benchmarks.

LLM-Based Querying over Lattes Data. The closest related
work to ours is LattesRex, a chatbot for question answering over
Lattes curricula [3]. LattesRex adopts a modular architecture in-
spired by RAG. Its pipeline contains a classifier, a retriever, and a
generator: the classifier maps the user query to a curriculum cat-
egory, the retriever extracts the corresponding content from the
structured curriculum, and the generator uses the retrieved content
to produce the final answer. LattesRex evaluates this structured ap-
proach against a monolithic full-document strategy using different
model families and curriculum sizes, with qualitative assessment
by linguists [3].

Our work was inspired by LattesRex and reuses part of its question-
answering setting. However, the focus is different. LattesRex evalu-
ates whether a metadata-driven structured approach can support
LLM-based question answering over long Lattes curricula. Our
study evaluates context provisioning as an architectural design
decision. Instead of comparing only monolithic and structured pre-
processing, we compare direct inline context, local function calling,
local MCP, and remote MCP under a common benchmark engine.
In addition, our benchmark records execution traces, function calls,
tool calls, MCP calls, latency, token usage, and other efficiency met-
rics, allowing us to analyze the trade-offs among answer quality,
efficiency, observability, and architectural complexity.

Context Engineering. Our work is also related to the broader
literature on context engineering for LLMs, including context re-
trieval and generation, context processing, context management,
RAG, memory systems, tool-integrated reasoning, and multi-agent
systems [10]. This framing supports our view that context provi-
sioning is not only a prompting concern, but an architectural design
decision in LLM-based systems.

RAG is one of the most widely studied mechanisms for grounding
LLM outputs in external information. The original RAG formula-
tion combines parametric model knowledge with non-parametric
retrieved memory [7]. Subsequent evaluation work has examined
retrieval and generation quality using dimensions such as rele-
vance, accuracy, faithfulness, and end-to-end answer quality [20].
Our study differs from RAG evaluation because we do not evaluate
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aretriever or compare retrieval algorithms. Instead, we compare dif-
ferent mechanisms for exposing the same semi-structured context
to the model.

Long-context evaluation is also relevant because inline context
strategies rely on the model’s ability to use large prompts effectively.
Liu et al. show that models may fail to robustly use information
in long contexts, with performance depending on where relevant
information appears in the input [9]. This finding motivates evalu-
ating alternatives to simply embedding the entire document in the
prompt. In our study, inline context is treated as a strong baseline,
but we also evaluate whether operation-mediated access can reduce
context size while preserving answer quality.

Tool Use and Function Calling Benchmarks. A growing body
of work studies LLMs that interact with external tools. ReAct com-
bines reasoning traces with actions over external environments [19],
while Toolformer investigates how models can learn to use APIs
as tools [15]. Gorilla evaluates API-call generation and shows how
tool documentation and retrieval can improve the ability of models
to invoke APIs correctly [14]. API-Bank provides a comprehen-
sive benchmark for tool-augmented LLMs over real-world APIs,
focusing on the effectiveness and limitations of LLM tool use [8].
The Berkeley Function Calling Leaderboard (BFCL) further evalu-
ates function-calling capabilities across single, multiple, parallel,
and stateful settings, including function relevance and argument
construction [13].

These benchmarks are important for measuring whether models
can select tools and construct valid calls. Our benchmark addresses
a different question. We assume a fixed domain-specific operation
surface over Lattes curricula and compare the architectural mecha-
nisms used to expose that context: local function calls, local MCP,
and remote MCP. Thus, the unit of comparison is not only the
model’s generic ability to invoke externally defined functions or
tools, but the context provisioning strategy used by the surrounding
software system.

MCP Benchmarks. MCP is a relatively recent protocol, and
its evaluation literature is still emerging. MCP-RADAR proposes a
multi-dimensional benchmark for evaluating tool-use capabilities
within the MCP framework [4]. It measures answer accuracy, tool
selection efficiency, computational resource efficiency, parameter
construction accuracy, and execution speed across different task
domains. MCP-Bench similarly evaluates tool-using LLM agents
on realistic multi-step tasks using multiple live MCP servers and
hundreds of tools across diverse domains [17].

Our work is complementary to these MCP benchmarks. MCP-
RADAR and MCP-Bench primarily evaluate model behavior in
MCP-based tool-use environments. In contrast, we evaluate MCP
as one context provisioning architecture among alternatives. By
comparing local MCP with local function calling, we isolate the
effect of introducing an MCP protocol boundary while keeping the
same Lattes operation surface. By comparing local MCP with remote
MCP, we evaluate the consequences of moving from benchmark-
controlled MCP execution to provider-managed remote MCP access.
Finally, by comparing MCP-based strategies with inline context,
we analyze the quality-efficiency trade-off between broad prompt-
based visibility and structured operation-mediated context access.

Vasconcelos and Mendonga

7 Conclusion

This paper evaluated context provisioning strategies for LLM-based
systems through a question-answering benchmark over Lattes cur-
ricula. The baseline compared inline HTML, inline JSON, local
function calling, local MCP, and remote MCP across 1,200 answer-
generation runs and 3,600 LLM-as-a-judge assessments. The results
show that context provisioning is not only a prompting decision,
but also an architectural design choice that affects answer qual-
ity, token consumption, latency, operation-call behavior, and trace
observability.

Inline JSON achieved the highest majority accuracy, and in-
line strategies benefited from broad visibility over the curriculum.
However, this quality came at a substantial token cost, especially
when cost was normalized by majority agreement or unanimity.
Operation-mediated strategies produced lower aggregate accuracy,
but reduced token consumption by a large margin and still deliv-
ered a non-negligible level of majority and unanimous agreement.
Remote MCP achieved the lowest token cost per majority-correct
answer, while local function calling and local MCP provided more
direct observability over the operation loop.

The results also show that strategy behavior depends on question
characteristics and evidence structure. Broad profile-oriented ques-
tions were answered more reliably, whereas counting, temporal
filtering, entity matching, and supervision-related questions were
consistently harder. In particular, supervision data in the parsed
Lattes representation is less structured than publication data, which
helps explain the low accuracy of supervision-counting questions.
This suggests that the design of context representations and opera-
tion outputs can be as important as the choice between inline and
operation-mediated access.

Future work will focus on three immediate directions. First, we
plan to repeat the experiment with more curricula, questions, mod-
els, and repetitions to assess the robustness of the observed trade-
offs. Second, we will refine the operation surface for aggregation-
heavy questions, with particular attention to whether operations
should return more structured records for sections such as supervi-
sions. Third, we will include human auditing of sampled answers
and judge disagreements to better calibrate the LLM-as-a-judge
evaluation protocol. These steps are intended to validate and refine
the current baseline before broader claims are made about optimal
operation design or generalization to other domains.
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A replication package for this study, including the full dataset,
configuration instructions and experiment results, is available at
https://doi.org/10.5281/zenodo.22118922. The package is distributed
under the MIT License, except for third-party materials, which
remain subject to their original terms.
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