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Abstract

The Model Context Protocol (MCP) enables
large language models (LLMs) to access ex-
ternal resources on demand. While commonly
assumed to enhance performance, how LLMs
actually leverage this capability remains poorly
understood. We introduce MCPGAUGE, the
first comprehensive evaluation framework for
probing LLM-MCP interactions along four
key dimensions: proactivity (self-initiated tool
use), compliance (adherence to tool-use in-
structions), effectiveness (task performance
post-integration), and overhead (computational
cost incurred). MCPGAUGE comprises a 160-
prompt suite and 25 datasets spanning knowl-
edge comprehension, general reasoning, and
code generation. Our large-scale evaluation,
spanning six commercial LLMs, 30 MCP tool
suites, and both one- and two-turn interac-
tion settings—comprises around 20,000 API
calls and over USD 6,000 in computational
cost. This comprehensive study reveals four
key findings that challenge prevailing assump-
tions about the effectiveness of MCP integra-
tion. These insights highlight critical limita-
tions in current Al-tool integration and position
MCPGAUGE as a principled benchmark for ad-
vancing controllable, tool-augmented LLM:s.

1 Introduction

The prospect of autonomous Al agents that can
seamlessly access diverse tools and data sources
has gained considerable traction. However, this
landscape remains fragmented. Each tool requires
bespoke interface definitions, authentication han-
dling, and execution logic, and function-calling
APIs differ across platforms (Hou et al., 2025; Kr-
ishnan, 2025). As a result, Al agents are often
constrained by static, hard-wired workflows rather
than dynamically discovering tools at runtime.

To address these issues, Anthropic released the
Model Context Protocol (MCP) in late 2024 (An-
thropic, 2024). MCP aims to streamline Al de-

velopment and enhance flexibility in managing in-
tricate workflows by standardizing interfaces and
enabling agents to dynamically discover, select,
and coordinate external services. Since its release,
MCP has transformed from a protocol into a funda-
mental building block of Al agents, supported by
a vibrant community ecosystem of MCP tools that
provide connectivity to web search engines, struc-
tured databases, file systems, and custom APIs. In-
stead of requiring LLMs to internalize every piece
of knowledge or functionality within their param-
eters, MCP separates retrieval and execution from
generation: the LLLM issues a “tool call” (e.g., a
web search or database query), receives back struc-
tured snippets (text, tables, code fragments, or nu-
meric data), and then continues reasoning with that
injected context. Through real-time integration of
specialized knowledge from external resources dur-
ing inference, MCP seeks to transform how LLMs
generate responses, with the goal of improving ac-
curacy and strengthening reasoning capabilities.
Research Gap. While MCP provides promising
infrastructure for tool integration, a significant gap
persists between its theoretical benefits and practi-
cal usefulness. The reason is that the final perfor-
mance on various tasks depends on not only the
extra context provided by MCP but also LLMs’ ca-
pacity to recognize when external tools are needed,
execute MCP calls appropriately, and effectively
utilize the retrieved information. Although recent
studies have examined MCP’s architecture (Hou
et al., 2025; Singh et al., 2025; Ray, 2025), se-
curity concerns (Radosevich and Halloran, 2025;
Narajala and Habler, 2025), and MCP tools’ effi-
ciency of requesting resources (Luo et al., 2025), a
critical gap remains in understanding how LLMs
engage with MCP. Existing benchmarks like MCP-
RADAR (Gao et al., 2025) evaluate only task per-
formance outcomes without examining the behav-
ioral aspects of how LLMs recognize tool needs,
execute calls, and integrate retrieved information.



Research Questions. Given this gap, we examine
LLM-MCP interaction through four key RQs:
RQ1: Do LLMs proactively invoke tools provided
bdeCP when such actions could improve task
performance, without explicit user instructions?

RQ2: To what extent do LLMs follow explicit user
instructions to use MCP tools?

RQ3: How does external context retrieved via MCP
tools affect LLM task performance?

RQ4: What is the computational overhead, mea-
sured in input token increase, associated with MCP
tool integration?

Challenges. Answering these research questions
presents two key challenges. First, the community
lacks a clear set of axes for measuring how well
LLMs use MCP tools. We therefore define four
complementary dimensions, including proactivity,
compliance, effectiveness, and overhead, to mea-
sure how well a LLM can proactively invoke a tool
(RQ1), how well it obeys explicit directives (RQ2),
to what extent the external context helps (RQ3),
and how much it costs (RQ4). Second, existing
LLM benchmarks were designed for stand-alone
models and seldom require MCP tool use. We build
a 160-prompt suite to assess tool recognition for
proactivity and compliance, and adapt established
LLM benchmarks on knowledge comprehension,
general reasoning, and code generation with ex-
plicit MCP instructions to evaluate effectiveness.

By addressing the challenges, we introduce
MCPGAUGE, the first systematic evaluation frame-
work for LLM-MCP interaction. MCPGAUGE
consists of a newly-designed suite of 160 prompts
and 25 well-established task datasets.

We used MCPGAUGE to evaluate six commer-
cial LLMs equipped with 30 MCP tool suites
across both one-turn and two-turn dialogue set-
tings. Our analysis revealed four surprising and
insightful findings that challenge common assump-
tions about the effectiveness of MCP integration:
(1) Most models exhibit minimal proactive use of
MCP tools in the first turn, but their behavior im-
proves significantly in two-turn dialogues, suggest-
ing an implicit “warm-up” phase is needed before
effective tool usage. (2) Instruction compliance
improves only when tool-use directives are em-
bedded within incremental dialogue, indicating a
limited ability to follow single-shot commands. (3)
Contrary to expectations, automated MCP access
by LLMs reduces accuracy by an average of 9.5%
across the six LLMs on three core task categories,

revealing non-trivial friction between retrieved con-
text and the model’s internal reasoning. (4) MCP
integration introduces substantial computational
overhead: input-token volume increases by 3.25x
to 236.5 % across models and tasks. These findings
highlight critical bottlenecks in current LLM-MCP
interactions, offering valuable guidance for future
research and practical Al system design, particu-
larly for developing more efficient and controllable
MCP-augmented LLM agents.

Contributions. We make following contributions:

* We propose MCPGAUGE, the first comprehen-
sive framework for empirically evaluating LLM
interactions with MCP tools. MCPGAUGE in-
cludes a 160-prompt suite and 25 datasets cover-
ing knowledge comprehension, general reason-
ing, and code generation tasks.

* We introduce four evaluation dimensions, in-
cluding proactivity, compliance, effectiveness,
and overhead, to systematically assess an MCP-
enabled LLM’s ability to initiate tool use, follow
explicit instructions, utilize retrieved context to
improve performance, and manage the computa-
tional cost of tool integration.

* Our large-scale evaluation, incurring around
20,000 LLM API calls and over USD 6,000
cost, yields several key insights into current
LLM-MCP integration. We find that proactive
tool use typically will be prompted with a brief
conversational context; multi-turn interactions
can enhance instruction compliance; misalign-
ment between retrieved context and task demands
can impair effectiveness; and tool use often in-
curs substantial input-token overhead.

To facilitate open science and future research,
we provide the code and raw experiment data as
supplementary materials and will open-source them
upon paper acceptance.

2 Background and Related Work

2.1 Model Context Protocol

Model Context Protocol (MCP) serves as a commu-
nication standard that bridges Al models and exter-
nal resources. The protocol is built on a tripartite ar-
chitecture featuring MCP hosts, clients, and servers
as fundamental building blocks. MCP Host: The
Al application environment (e.g., Claude Desktop,
Cursor IDE) that runs the MCP client and provides
the interface for Al-based tasks. MCP Client: Acts
as the communication bridge between the host and



servers, managing requests, processing responses,
and coordinating tool invocations. MCP Server:
Provides access to external capabilities through
three core functionalities: (1) Tools for executing
external operations and API calls, (2) Resources for
accessing structured and unstructured data sources,
and (3) Prompts for reusable workflow templates
that optimize Al responses. Through this structure,
MCP ensures controlled and reliable data exchange
between Al systems and external services. MCP
operates through a coordinated workflow in which
the MCP client receives user prompts, collaborates
with the MCP server to identify and access rele-
vant tools, processes the retrieved information and
presents the final results to the user.

2.2 Related Work

Multiple surveys (Hou et al., 2025; Singh et al.,
2025; Ray, 2025) have examined the MCP and its
emerging ecosystem. Hou et al. (2025) provide
a broad landscape analysis that examines MCP’s
architecture and applications while highlighting
the absence of systematic evaluation frameworks.
Singh et al. (2025) focus on standardization efforts
for LLM enhancement, while Ray (2025) examine
MCP’s current applications and challenges.

As MCP adoption has expanded, security impli-
cations have emerged as a critical concern. Ra-
dosevich and Halloran (2025) conduct a compre-
hensive safety audit revealing major security ex-
ploits possible when LL.Ms interact through MCP,
demonstrating that even well-aligned models can
be compromised in MCP environments. This work
underscores the importance of systematic evalua-
tion frameworks like ours for understanding LLM
behavior in tool-augmented settings. Building on
these security concerns, Narajala and Habler (2025)
propose enterprise-grade security frameworks and
mitigation strategies for MCP implementations, ad-
dressing the challenges of deploying MCP in pro-
duction environments while maintaining security
standards. Finally, Song et al. (2025) provide a
detailed analysis of specific attack vectors and vul-
nerability exploitation methods in MCP systems.

In parallel with these security investigations,
the evaluation of LLMs with the MCP paradigm
has taken several distinct directions. Luo et al.
(2025) introduce MCPBench, a systematic eval-
uation framework for assessing MCP server per-
formance, but does not comprehensively evalu-
ate LLM capabilities in MCP utilization. Gao
et al. (2025) introduce MCP-RADAR, a bench-

mark solely focused on measuring performance
outcomes through evaluating LLLM tool-use capa-
bilities across answer accuracy, tool selection effi-
ciency, computational resource efficiency, parame-
ter construction accuracy, and execution speed.

Although prior research has investigated MCP’s
architecture, security, and server performance, they
only focus on the MCP side. A systematic analysis
of interactions between LLMs and MCP is lacking.
This work addresses this gap by introducing four
new dimensions for evaluating LLM—-MCP inter-
actions and applying them to assess widely used
LLMs and MCP tools. The results reveal key bot-
tlenecks in current MCP-augmented LLM systems
and offer valuable insights for future research.

3 MCPGAUGE Design

MCPGAUGE systematically assesses LLM-MCP
interactions through a tailored 160-prompt suite
and 25 datasets covering knowledge comprehen-
sion, general reasoning, and code generation tasks,
across four MCP-specific dimensions. Figure 1
demonstrates an overview of MCPGAUGE.

3.1 Evaluation Dimensions

We introduce four MCP-specific evaluation dimen-
sions, proactivity, compliance, effectiveness, and
overhead to examine LLM-MCP interactions:

Proactivity is quantified as the proportion of task
scenarios where LLMs correctly identify the need
for external tools and successfully invoke them. It
measures whether LLMs demonstrate self-directed
awareness of their knowledge limitations, for ex-
ample, needing real-time web search for current
events, and proactively initiate appropriate MCP
tool calls without explicit instruction (RQ1).

Compliance measures LL.Ms’ adherence to ex-
plicit user instructions regarding MCP tool usage.
When users instruct LLMs to use MCP tools by
mentioning MCP generally (e.g., “use MCP to get
today’s weather”) or by specifying particular tools
(e.g., “use web search tool to find current stock
prices”), we evaluate whether LLMs follow instruc-
tions to execute the requested tool calls (RQ2).

Effectiveness quantifies the improvement in out-
put quality when LLMs utilize MCP-retrieved con-
text. We assess how external context impacts per-
formance by comparing outputs with and without
MCP integration (RQ3).

Overhead captures the computational cost intro-
duced by MCP integration. Concretely, we com-
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Figure 1: Framework of MCPGAUGE.

pare the total number of input tokens that LLMs
must process with and without MCP, thereby
quantifying the additional resource footprint that
MCP-augmented reasoning imposes (RQ4).

3.2 Design Rationale
3.2.1 Dimension-specific Design

For proactivity, we construct scenarios where MCP
calls are necessary for solving the problems but
not explicitly mentioned by users. To ensure the
need of tool invocations for task completion, we
craft queries requiring time-sensitive knowledge
(e.g., current weather and recent news) or obscure
knowledge (e.g., information about some small
companies), as exemplified in Figure 2 and 4. The
rationale of the design is to ensure that the re-
quired knowledge is not used for training the LLMs.
Therefore, external context provided by MCP calls
are needed. To evaluate compliance, we augment
prompts with explicit instructions for MCP tool us-
age, such as “use MCP calls to find/search/retrieve
.7, as shown in Figure 3 and 5. For effectiveness,
we assess LLM performance on identical tasks with
and without MCP tools. To quantify overhead, we
propose to tally the full input-token workload, in-
cluding the user prompt, system instructions, and
any retrieved context that each LLM must process
during inference.

3.2.2 Conversation-depth Settings

We evaluate proactivity and compliance under two
dialogue depths, one-turn and two-turn to gauge
how conversational context influences tool use.
The one-turn setting records the model’s very first
response, mirroring the common single-shot sce-
nario in which users expect an immediate answer.
The two-turn setting appends a follow-up query
that mimics real-world dialogues, allowing users
to refine their request or supply additional instruc-
tions. Based on our preliminary study, we found
that the performance improvement of three or more

turns is marginal. Therefore, we focus on one and
two-turn conversations and leave the exploration of
more conversation turns as future work. Figures 2
and 4 illustrate examples of one-turn and two-turn
conversations, respectively.

3.3 Evaluation Datasets

To evaluate LLM-MCP interactions, we construct
a 160-prompt suite for assessing proactivity and
compliance, and employ 25 benchmark datasets to
measure effectiveness and overhead.

For proactivity, existing LLM benchmarks (Liu
et al., 2023; Zhong et al., 2023) are inadequate be-
cause they include task specifications that do not
require tools. We therefore construct a 160-prompt
suite that deliberately withholds any tool mention
yet requires MCP calls for task completion accord-
ing to the design rationale discussed previously.
For compliance, we reuse the same 160 prompts
but insert explicit instructions for invoking MCP
calls into the prompts, as illustrated in Figure 3.

For effectiveness and overhead, we draw on 25
existing well-established LLLM benchmarks. The
reason is that they provide ground-truth for perfor-
mance evaluation. The benchmark datasets cover
three task domains: knowledge comprehension,
general reasoning, and code generation. For knowl-
edge comprehension (KC), we utilize two datasets
from HellaSwag (Zellers et al., 2019): Activi-
tyNet, which provides video captions, and Wik-
iHow, which consists of how-to articles for com-
pletion tasks. For general reasoning (GR), we in-
corporate 21 datasets from AGI-Eval (Zhong et al.,
2023), including test datasets (SAT Math, SAT En-
glish, LSAT Analytical Reasoning, LSAT Logi-
cal Reasoning, LSAT Reading Comprehension),
mathematical reasoning tasks (AQUA-RAT, Math),
logical reasoning datasets (LogiQA-EN, LogiQA-
ZH), comprehensive academic assessments from
Gaokao covering various subjects (Chinese, En-
glish, Geography, History, Biology, Chemistry,



e Prompt: What is the current temperature in Beijing?

)

Response: The current temperature in Beijing is
approximately 29.7°C with clear skies, according to
PredictWind's  latest ~weather update. For
continuously updated details, you may also check
reputable sites like AccuWeather or BBC Weather.

Figure 2: Example of a one-turn conversation without
explicit MCP call invocation.

Prompt: Use MCP calls to search the current
temperature in Beijing?

Response: Here is the latest weather information
and news for Beijing: 1. Beijing Evening News
reports that on August 3rd, the weather in Beijing is
forecasted to be cloudy, with a high of 33°C (91.4°F)
and a low of 25°C (77°F)...

Figure 3: Example of a one-turn conversation with ex-
plicit MCP call invocation.

Physics, Math QA, Math Cloze), and legal reason-
ing tasks (JEC-QA-KD, JEC-QA-CA). For code
generation (CG), we include two datasets from
EvalPlus (Liu et al., 2023): HumanEval and MBPP,
which focus on Python programming tasks such as
algorithm implementation and code debugging.

It is worth noting that all 25 datasets have their
own user prompts and queries. Therefore, the 160-
prompt suite is not used here. Instead, similar to
how we modify the prompts for evaluating com-
pliance, we insert explicit instructions for calling
MCP tools into the prompts in these benchmarks to
increase the frequency of LLM-MCP interactions
during the task solving processes. Moreover, since
LLMs may not choose to use MCP tools even when
explicitly instructed, we only collect and analyze
the tasking solving instances where MCP calls are
made by LLMs for the purpose of studying the im-
pact of MCP calls on performance and overhead.

3.4 Evaluation Metrics

We define formal metrics to quantitatively evaluate
LLM-MCTP interactions along the four proposed
dimensions:

Tool Invocation Accuracy (TIA): Measures the
proportion of test cases where the LLM au-
tonomously invokes an appropriate MCP tool with-
out being explicitly instructed. Formally,

TI A — N autonomous
N total

where Nuutonomous 1S the number of test cases in

8 Prompt: What is the stock index performance for
today’s trading session.

Response: To provide stock index performance for
today’s trading session, could you please specify
which stock indexes you are interested in? (For
example: S&P 500, Dow Jones, Nasdaq....

)

e Prompt: Please provide all details.

Response: Here are the full details on today’s real-
time global stock index performance, based on the
latest Reuters and Bloomberg market data:United
States S&P  500: 6,932.05 2003+22.26
2003(+0.32%), Dow Jones Industrial Average...

)

Figure 4: Example of a two-turn conversation without
explicit MCP call invocation.

e Prompt: Use MCP calls to retrieve the stock index
performance for today’s trading session.

Response: To retrieve stock index performance for
today’s trading session using MCP calls, could you
please specify which stock indexes you are
interested in? For example: S&P 500...

©

8 Prompt: Please provide all details.

)

Response: Here are the full details on today’s real-
time global stock index performance, based on the
latest Reuters and Bloomberg market data:United
States S&P  500: 6,932.05 2003+22.26
2003(+0.32%), Dow Jones Industrial Average...

Figure 5: Example of a two-turn conversation with ex-
plicit MCP call invocation.

which the LLM proactively initiates a correct MCP
tool call, and Niu, 1S the total number of tool-
dependent test cases.

Instruction Following Accuracy (IFA): Measures
the LLM’s adherence to explicit tool-use instruc-
tions embedded in prompts. Formally,

N, compliant

IFA =
N, total

where Neompliant denotes the number of test cases
where the LLM correctly executes the instructed
MCP tool call, and Ny, is the total number of
instruction-containing prompts.

Effectiveness (Acc, pass@k): Assesses the
improvement in task performance when MCP-
retrieved context is integrated. We use domain-
appropriate metrics:

For knowledge and reasoning tasks:

N correct

Accuracy = ———
Niotal



where Neoreet 1S the number of task responses
matching ground-truth answers.

For code generation tasks, we adopt the unbiased
pass @k metric as defined in (Chen et al., 2021).

Overhead (Token Cost): Quantifies the computa-
tional cost introduced by MCP integration in terms
of input token volume. Formally,

. Tt
Overhead Ratio = ——“ M

without-MCP

where Tyim-mcp and Tyithout-Mmcp represent the total
input tokens (including user prompt, instructions,
and retrieved context) with and without MCP, re-
spectively.

4 Experiments

4.1 Experiment Setup

Large Language Models. We evaluate six commer-
cial LLMs: GPT-4 (GPT-4.1-2025-04-14), Claude-
4 (Claude-4-sonnet-2025-05-14), DeepSeek-V3,
Llama-4 (Llama-3.3-70B-Instruct-Turbo), Qwen-
2.5 (Qwen2.5-VL-72B-Instruct), and Mistral-3
(Mistral-medium-latest). All models are accessed
via their official APIs, using the default configu-
rations provided by the corresponding vendors.

MCP Tools. We integrate 30 MCP tool suites,
providing diverse information retrieval domains,
including general web search MCP tools (e.g.,
brave_web_search), general knowledge-focused
retrieval MCP services (e.g., wikipedia_mcp),
mathematical problems-related searching MCP
tools (e.g., wolfram-alpha), and program-
ming questions-related retrieval MCP tools (e.g.,
stackoverflow_mcp). We manually verify that
the 30 MCP tools are enough for covering all the
need for the tasks in the 160-prompt suite and the
25 benchmark datasets. A list of the used MCP
tools are provided in the appendix (Section A.1).

Computation Platform. All experiments are con-
ducted on one NVIDIA RTX 3090 GPU.

4.2 Main Results

Proactivity. We evaluate six commercial LLMs’ au-
tonomous MCP tool recognition through the tai-
lored 160-prompt suite designed to necessitate real-
time information access, e.g., current weather, with-
out explicit MCP tool usage instructions. We mea-
sure Tool Invocation Accuracy (TIA), the propor-
tion of cases where models successfully recognize
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Figure 6: Proactivity (RQ1). Autonomous invocation
of tools by six LLMs on tool-dependent prompts, com-
pared between one-turn and two-turn dialogue settings.
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Figure 7: Compliance (RQ2). Adherence of six LLMs
to explicit MCP tool-use instructions in prompts, com-
pared between one-turn and two-turn dialogue settings.

tool necessity and initiate appropriate MCP calls
across one-turn and two-turn dialogue settings.

Finding = Most LLMs require cognitive
“warm-up” to recognize MCP tool necessity.
They lack proactive tool awareness in one-
turn scenarios while achieving substantially
improved proactivity in two-turn interactions.

As shown in Figure 6, most LLMs exhibit lim-
ited autonomous tool recognition in one-turn set-
tings, but conversational engagement yields re-
markable improvements in tool invocation capa-
bilities: Claude-4, DeepSeek-V3, Qwen-2.5, and
Mistral-3 show the improvement of 25.5%, 22.8%,
10.4%, and 26.9%, respectively, with Llama-4
maintaining consistent perfect performance across
both settings and GPT-4 remaining unchanged. In
detail, one-turn scenarios reveal substantial varia-
tion in proactive capabilities. GPT-4 demonstrates
low tool awareness with TIA of 0.48, Qwen-2.5
shows moderate autonomous recognition at 0.67,
Claude-4 exhibits limited proactivity at 0.51, while
DeepSeek-V3 and Mistral-3 achieve comparable
moderate proactivity at 0.79 and 0.67, respectively,
and Llama-4 reaches optimal TIA of 1.0. In con-
trast, under two-turn settings, Claude-4, DeepSeek-
V3, and Qwen-2.5 achieve tool invocation accu-



Model Setting KC(Acc?) GR(Acc?) CG(pass@kT)
ActivityNet WikiHow SAT LSAT Gaokao LogiQA JEC AQUA MATH HumanEval MBPP

GPT-4 w/oMCP  0.80 094 090 0.87 0.77 0.77 0.60 0.88 0.39 0.92 0.78
w/ MCP 0.79 094 089 079 079 0.74 0.65 0.88 0.65 0.91 0.80

Claude-4 w/o MCP  0.86 099 0.87 0.87 0.85 0.87 0.70 090 0.70 0.92 0.79
w/ MCP 0.82 097 092 0.82 0.79 0.78 0.69 0.85 0.60 0.86 0.67
DeepSeck-V3 w/oMCP  0.77 097 091 0.85 0.85 0.81 0.80 0.84 0.58 0.88 0.74
P w/ MCP 0.78 092 0.89 0.80 0.78 0.76 0.65 0.69 0.59 0.86 0.72
Qwen-2.5 w/oMCP  0.76 097 085 073 0.80 071 0.70 0.75 0.60 0.82 0.79
' w/ MCP 0.70 092 0.79 066 0.62 072 0.60 0.73 0.40 0.61 0.38
Llama-4 w/oMCP  0.72 091 0.81 0.73 0.64 0.66 048 0.82 0.72 0.79 0.75
w/ MCP 0.73 0.89 0.80 0.65 059 0.60 048 0.71 0.55 0.59 0.62

Mistral-3 w/o MCP  0.74 093 088 0.78 0.81 0.70 0.57 0.87 0.58 0.86 0.64
w/ MCP 0.81 091 0.75 0.73 0.65 0.72 0.46 0.88 0.59 0.81 0.53

Table 1: Effectiveness (RQ3). Effectiveness evaluation of the six LLMs with and without MCP integration across
three task domains: Knowledge Comprehension (KC), General Reasoning (GR), and Code Generation (CG).

racy of 0.64, 0.97, and 0.74, respectively. GPT-4
remains 0.48, Mistral-3 advances to 0.85, while
Llama-4 sustains perfect proactivity at TIA of 1.0.
These results indicate that a second conversational
turn wakes up the models’ ability to recognize
when a tool is needed, turning a mostly unused
capacity into proactive behaviour for nearly all
LLMs.

Compliance. We next assess these six LLMs’
instruction-following capabilities for explicit MCP
tool usage through a tailored 160-prompt suite but
augmented with direct tool usage directives. We
measure Instruction Following Accuracy (IFA)
(Section 3.4), the proportion of cases where LLMs
follow explicit tool usage instructions across one-
turn and two-turn conversation scenarios.

e N
Finding == While most LLMs exhibit a base-

line level of instruction-following in one-
turn settings, robust MCP tool usage compli-
ance typically emerges through conversational
context-building, with deeper interactions fur-
ther strengthening execution reliability.

As illustrated in Figure 7, a single follow-up turn
can improve instruction following, with accuracy
improved by 3.4% for GPT-4, 26.4% for Claude-4,
15.7% for DeepSeek-V3, 2.1% for Qwen-2.5, and
2.1% for Mistral-3—while Llama-4 remains per-
fect instruction following accuracy of 1.00 in both
settings. Specifically, in one-turn conversation sce-
narios, GPT-4 shows poor compliance with IFA
of 0.11, while Qwen-2.5 demonstrates instruction-

following at 0.87 IFA. Claude-4 and DeepSeek-
V3 achieve lower IFA of 0.53 and 0.83, respec-
tively. Mistral-3 and Llama-4 demonstrate higher
IFA performance at 0.97 and 1.0, respectively. In
contrast, two-turn conversations reveal improved
compliance across most models, with Claude-4,
DeepSeek-V3, and Qwen-2.5 all reaching higher
IFA levels of 0.67, 0.96, and 0.99, respectively.
Mistral-3 shows compliance improvement to 0.99,
while Llama maintains perfect compliance at 1.0.
Thus, brief conversational scaffolding transforms
explicit MCP directives from largely ignored hints
into reliably executed actions, with significant im-
provements for nearly all models.

Effectiveness. Beyond proactivity and compliance,
we also evaluate MCP’s impact on LLM’s effective-
ness using well-established LLM benchmarks. We
conduct comparative experiments between MCP-
augmented and standalone LLM configurations,
measuring performance using standard accuracy
(Acc) (Zhong et al., 2023) for knowledge compre-
hension and reasoning tasks, and pass@k (Chen
et al., 2021) for code generation tasks. Note that
only successful MCP calls are included in the MCP-
augmented LLM effectiveness evaluation.

e ™
Finding = Contrary to expectations, MCP in-

tegration results in performance degradation
across three major task domains, rather than
yielding improvements. This finding suggests
that LLLMs are not yet capable of effectively
leveraging external information retrieved via
MCP tools in an autonomous manner.




As shown in Table 1 (more results are provide in
Tables 3 — 8 in the appendix (Section A.2)), instead
of enhancing model performance, integration of
MCP can degrade LLLM effectiveness across the
three task domains, averaging 9.5% performance
decline across the six LLMs, when MCP tools are
employed compared to standalone operation.

On knowledge comprehension (KC) tasks, most
LLMs exhibit slight accuracy degradation, averag-
ing 1.4% decline across all LLM-dataset pairs with
MCP integration. Across ActivityNet and Wiki-
How datasets, the accuracies of GPT-4, Llama-4,
Claude-4, DeepSeek-V3, and Qwen-2.5 degrade by
0.6%, 0.4%, 3.3%, 1.9%, and 6.5%, respectively,
while Mistral-3 improves by 3.7%. On reasoning
tasks, LLMs exhibit substantial accuracy decline
averaging 10.2% across all LLM-dataset combi-
nations. Across SAT, LSAT, Gaokao, LogiQA,
JEC, AQUA, and MATH, while GPT-4 improves
by 4.2%, Mistral-3, Llama-4, Claude-4, DeepSeek-
V3, and Qwen-2.5 degrade by 11.4%, 15.2%, 7.1%,
12.8%, and 18.6%, respectively. Code generation
tasks reveal the most severe performance degra-
dation, averaging 17.0% decline in pass@k when
provided with external context through MCP calls.
Across HumanEval and MBPP, although GPT-4
improves by 1.4%, Mistral-3, Llama-4, Claude-4,
DeepSeek-V3, and Qwen-2.5 degrade by 22.2%,
18.4%, 9.9%, 5.1%, and 48.1%, respectively.

These results indicate that external information
may introduce noise or conflicting signals that in-
terfere with models’ internal reasoning processes,
rather than providing beneficial context.
Overhead. To quantify the computational cost of
MCP integration, we measure the overhead in-
curred by each LLM. For each model and task
domain, we record the total number of input tokens
processed with and without MCP calls. This com-
parison captures the increase in prompt length, and
by extension, the additional computational burden
introduced by context retrieved via MCP.

Finding == MCP integration imposes a sub-
stantial computational overhead—input-token
volume grows by 4.25x to 236.5x across the
six LLMs and three task domains.

As demonstrated in Table 2, across the six mod-
els and three task domains, integrating MCP con-
text expands the input token volume by 4.25x to
236.5x, showing that MCP tool integration car-
ries a steep computational cost. Specifically, on

Model Setting KC GR CG
w/o MCP 0.04 0.60 0.06

GPT-4 w/MCP  0.17 14.45 8.20
Clauded w/o MCP 0.04 0.70 0.07
w/MCP 946 57.00 14.89

w/o MCP 0.04 0.53 0.06
DeepSeek-V3 0 Mcp 098 2034 7.05
Owen-2.5 w/o MCP 0.04 0.58 0.07
' w/MCP 2.13 13.07 3.77
Llamad w/o MCP 0.05 0.66 0.08
w/MCP  2.69 37.86 7.69

Mistral.3 w/o MCP 0.04 0.62 0.06
w/MCP 092 13.99 6.65

Table 2: Overhead (RQ4). Total input tokens (in mil-
lions) processed by the six LLMs with and without
MCP tool calls across three task domains, knowledge
comprehension (KC), general reasoning (GR), and code
generation (CG).

knowledge comprehension (KC) tasks, the input
token load increases by 4.25x, 236.5x, 24.5x%,
53.3x%, 53.8%, and 23.0x for GPT-4, Claude-4,
DeepSeek-V3, Qwen-2.5, Llama-4, and Mistral-
3, respectively, on general reasoning (GR) tasks,
the cost surges by 24.1x, 81.4x, 38.4x, 22.5x%,
57.4x, and 22.6x, and on code generation (CG)
tasks, the token consumption escalates by 136.7x,
212.7x,117.5%, 53.9x, 96.1x, and 110.8x.

5 Conclusion

We present MCPGAUGE, an end-to-end frame-
work for systematically evaluating how LLMs inter-
act with the MCP across realistic tool-augmented
settings. By combining a 160-prompt diagnos-
tic suite with 25 established benchmarks, MCP-
GAUGE enables fine-grained analysis along four
critical dimensions: proactivity, compliance, effec-
tiveness, and overhead. Our evaluation of six com-
mercial LLMs reveals consistent limitations in cur-
rent LLM-MCP integration. Proactive tool usage
can be enhanced with two-turn conversations, and
injected tool context often degrades task accuracy
while dramatically increasing inference cost by up
to 236.5 % in input-token overhead. These findings
highlight fundamental limitations in current LLM-
MCP integration and establish MCPGAUGE as a
robust benchmark for developing more reliable and
cost-efficient tool-augmented LLMs.



6 Limitations

Despite MCPGAUGE’s broad coverage, our evalu-
ation has several limitations that merit discussion.
First, all experiments are conducted on off-the-
shelf LLMs without any MCP-specific fine-tuning.
Our findings therefore reflect how current general-
purpose models interact with MCP tools under de-
fault deployment settings. It remains an open ques-
tion whether targeted fine-tuning, reinforcement
learning, or tool-use—aware alignment could sub-
stantially improve proactivity, instruction compli-
ance, or the effective integration of retrieved con-
text. Second, MCPGAUGE focuses on observable
interaction behaviors and end-task outcomes, rather
than internal reasoning mechanisms. Although we
identify phenomena such as delayed proactivity,
instruction-following improvements in multi-turn
settings, and performance degradation after context
injection, our evaluation does not directly reveal
why models fail to exploit MCP effectively. A
deeper analysis of internal representations, atten-
tion patterns, or reasoning trajectories could pro-
vide more mechanistic insights, but is beyond the
scope of this work. Third, our evaluation is lim-
ited to a fixed set of MCP tools and task domains.
While MCPGAUGE covers 30 MCP tool suites and
25 benchmark datasets across knowledge compre-
hension, general reasoning, and code generation,
real-world MCP deployments may involve differ-
ent tool designs, tool qualities, or domain-specific
APIs. Performance and overhead characteristics
may therefore vary as the MCP ecosystem evolves.
Despite these limitations, MCPGAUGE estab-
lishes a necessary empirical foundation for under-
standing LLM-MCP interactions. We hope it will
motivate future work on MCP-aware training, bet-
ter tool selection policies, and more efficient inte-
gration mechanisms for tool-augmented LLMs.

7 Ethical Consideration

This work systematically evaluates how large lan-
guage models (LLMs) interact with the Model Con-
text Protocol (MCP), with the aim of understand-
ing the reliability, cost, and failure modes of tool-
augmented LLMs rather than enabling misuse. All
experiments are conducted using APIs of commer-
cial LLMs under default provider configurations,
without circumventing safeguards, rate limits, or
usage policies, and in full compliance with their
terms of service.
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A Appendix

A.1 MCP Server Detail

MCPGAUGE integrates 30 MCP tool suites from
three MCP servers: Apify (Apify Console, 2025),
Brave-search (Brave Software, Inc., 2025) and

Searchlapi (Searchl API, 2025). We select the

web search-based MCP servers from the official

Model-Context-Protocol repository (Model Con-

text Protocol Community, 2025). The complete list

of tools is provided below:

» Apify (Apify offers over 3,000 pre-built cloud
tools designed for tasks such as web data ex-
traction. Depending on the task requirements, it
dynamically selects and integrates appropriate
tools for each Al agent (Apify, 2025). Below, we
provide the list of tools utilized for each dataset.):

— HellaSwag (#6):
get-actor-details
search-actors
search-apify-docs
fetch-apify-docs
add-actor
apify-slash-rag-web-browser
— AGIEval (#16):

x abort-actor-run

x get-actor-details

* get-actor

*

* % ¥ *

*

10

get-actor-log
get-actor-run
get-dataset
get-dataset-items
get-key-value-store
get-key-value-store-keys
get-key-value-store-record
get-actor-run-list
get-dataset-list
get-key-value-store-list
apify-actor-help-tool
search-actors
apify-slash-rag-web-browser
valPlus (#18):
abort-actor-run
get-actor-details
get-actor
get-actor-log
get-actor-run
get-dataset
get-dataset-items
get-key-value-store
get-key-value-store-keys
get-key-value-store-record
get-actor-run-list
get-dataset-list
get-key-value-store-list
apify-actor-help-tool
search-actors
add-actor
remove-actor
apify-slash-rag-web-browser

LG S S S R SRR SRR R R RS SR SR S S S S v u S S S SR SN RN SR SR O S

¢ Brave-Search (#2):

— brave_web_search
— brave_local_search

¢ Searchlapi (#6):

search

news
crawl

sitemap

trending

searchlapi_information

A.2 Detailed Results

We provide six commercial LLMs and their perfor-
mance with three MCP integration servers for each
dataset, respectively, in Tables 3 — 8.


https://console.apify.com/
https://console.apify.com/
https://console.apify.com/

GPT-4 GPT-4 GPT-4
Benchmark Dataset GPT-4 with Apify with Brave-Search  with Searchlapi
ActivityNet 0.80 0.77 0.79 0.81
HellaSwag (KC) WikiHow 0.94 0.95 0.96 0.92
Average 0.87 0.86 0.88 0.87
AQUA -rat 0.88 0.87 0.89 0.89
Math 0.39 0.64 0.64 0.66
LogiQA-en 0.74 0.61 0.68 0.76
LogiQA-zh 0.80 0.80 0.78 0.80
Jec-QA-kd 0.58 0.66 0.64 0.72
Jec-QA-ca 0.61 0.62 0.61 0.63
LSAT-ar 0.79 0.67 0.54 0.59
LSAT-Ir 0.89 0.86 0.85 0.87
LSAT-rc 0.94 0.95 0.90 0.92
SAT-math 0.99 0.98 0.99 0.99
SAT-en 0.94 0.93 0.92 0.93
AGIEVal (GR) g en (wio Psg) | 0.76 0.72 0.76 0.78
Gaokao-ch 0.73 0.71 0.71 0.66
Gaokao-en 0.89 0.89 0.90 0.87
Gaokao-ge 0.83 0.85 0.88 0.86
Gaokao-hi 0.83 0.87 0.86 0.89
Gaokao-bio 0.89 0.87 0.87 0.87
Gaokao-che 0.72 0.76 0.78 0.77
Gaokao-ph 0.94 0.90 0.89 0.91
Gaokao-mq 0.87 0.82 0.82 0.81
Gaokao-mc 0.19 0.24 0.22 0.23
Average | 0.76 0.76 0.76 0.77
HumanEval 0.92 0.91 0.92 0.90
EvalPlus (CG) MBPP 0.78 0.84 0.78 0.79
Average | 0.85 0.87 0.85 0.85

Table 3: Effectiveness (RQ3) for GPT-4. Effectiveness evaluation of the GPT-4 and GPT-4 with three MCP
integration servers: Apify, Brave-Search and Searchapi, across three datasets representing three critical task domains:
Knowledge Comprehension (KC), General Reasoning (GR), and Code Generation (CG), respectively.
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Claude-4 Claude-4 Claude-4
Benchmark Dataset Claude-4 with Apify  with Brave-Search  with Searchlapi
ActivityNet 0.86 0.79 0.80 0.87
HellaSwag (KC) WikiHow 0.99 0.97 0.98 0.96
Average 0.93 0.88 0.89 0.92
AQUA -rat 0.90 0.84 0.86 0.86
Math 0.70 0.50 0.59 0.72
LogiQA-en 0.87 0.76 0.76 0.77
LogiQA-zh 0.87 0.82 0.79 0.76
Jec-QA-kd 0.70 0.76 0.66 0.76
Jec-QA-ca 0.70 0.68 0.57 0.69
LSAT-ar 0.70 0.53 0.59 0.61
LSAT-Ir 0.95 0.97 0.94 0.94
LSAT-rc 0.95 0.92 0.92 0.92
SAT-math 0.99 0.98 0.98 1.00
SAT-en 0.98 0.96 0.95 0.97
AGIEVal (GR) g upen (wioPsg) | 0.63 0.82 0.77 0.85
Gaokao-ch 0.82 0.77 0.77 0.86
Gaokao-en 0.96 0.96 0.94 0.92
Gaokao-ge 0.93 0.93 0.79 0.91
Gaokao-hi 0.95 0.93 0.84 0.91
Gaokao-bio 0.96 0.93 0.77 0.89
Gaokao-che 0.95 0.84 0.80 0.85
Gaokao-ph 0.92 0.89 0.72 0.93
Gaokao-mq 0.88 0.82 0.77 0.80
Gaokao-mc 0.26 0.23 0.23 0.20
Average | 0.82 0.79 0.75 0.81
HumanEval 0.92 0.90 0.87 0.81
EvalPlus (CG) MBPP 0.79 0.44 0.77 0.79
Average | 085 0.67 0.82 0.80

Table 4: Effectiveness (RQ3) for Claude-4. Effectiveness evaluation of the Claude-4 and Claude-4 with three
MCP integration servers: Apify, Brave-Search and Searchapi, across three datasets representing three critical task
domains: Knowledge Comprehension (KC), General Reasoning (GR), and Code Generation (CG), respectively.
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DeepSeek-V3 DeepSeek-V3 DeepSeek-V3
Benchmark Dataset DeepSeck-V3 with Apify =~ with Brave-Search  with Searchlapi
ActivityNet 0.77 0.77 0.78 0.78
HellaSwag (KC) WikiHow 0.97 0.92 0.93 0.90
Average 0.83 0.87 0.85 0.84
AQUA-rat 0.84 0.32 0.88 0.86
Math 0.58 0.65 0.61 0.59
LogiQA-en 0.72 0.71 0.67 0.73
LogiQA-zh 0.90 0.83 0.83 0.78
Jec-QA-kd 0.82 0.72 0.65 0.68
Jec-QA-ca 0.77 0.68 0.59 0.59
LSAT-ar 0.74 0.69 0.62 0.65
LSAT-Ir 0.87 0.82 0.85 0.85
LSAT-rc 0.93 0.92 0.92 0.91
SAT-math 1.00 0.99 1.00 0.98
SAT-en 0.95 0.95 0.92 0.94
AGIEval (GR) SAT-en (w/o Psg.) 0.79 0.67 0.77 0.79
Gaokao-ch 0.93 0.81 0.76 0.89
Gaokao-en 0.89 0.91 0.86 0.91
Gaokao-ge 0.95 0.90 0.83 0.75
Gaokao-hi 0.96 0.86 0.86 0.78
Gaokao-bio 0.95 0.91 0.82 0.83
Gaokao-che 0.93 0.86 0.85 0.83
Gaokao-ph 0.98 0.95 0.87 0.92
Gaokao-mq 0.87 0.88 0.85 0.86
Gaokao-mc 0.23 0.21 0.20 0.17
Average | 083 0.76 0.76 0.77
HumanEval 0.88 0.76 0.91 0.86
EvalPlus (CG) MBPP 0.74 0.73 0.73 0.70
Average ‘ 0.81 0.75 0.82 0.80

Table 5: Effectiveness (RQ3) for DeepSeek-V3. Effectiveness evaluation of the DeepSeek-V3 and DeepSeek-V3
with three MCP integration servers: Apify, Brave-Search and Searchapi, across three datasets representing three
critical task domains: Knowledge Comprehension (KC), General Reasoning (GR), and Code Generation (CG),
respectively.
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Qwen-2.5 Qwen-2.5 Qwen-2.5
Benchmark Dataset Qwen-2.5 with Apify  with Brave-Search  with Searchlapi
ActivityNet 0.76 0.62 0.75 0.73
HellaSwag (KC) WikiHow 0.97 0.91 0.93 0.93
Average 0.87 0.77 0.84 0.83
AQUA -rat 0.75 0.71 0.70 0.79
Math 0.60 0.44 0.39 0.37
LogiQA-en 0.68 0.59 0.60 0.54
LogiQA-zh 0.73 0.64 0.69 0.68
Jec-QA-kd 0.76 0.46 0.68 0.62
Jec-QA-ca 0.63 0.63 0.60 0.62
LSAT-ar 0.43 0.39 0.33 0.36
LSAT-Ir 0.88 0.67 0.82 0.83
LSAT-rc 0.87 0.79 0.89 0.90
SAT-math 0.95 0.89 0.89 0.91
SAT-en 0.91 0.89 0.92 0.90
AGIEVal (GR) g en (wioPsg) | 0.70 0.60 0.58 0.57
Gaokao-ch 0.90 0.77 0.75 0.80
Gaokao-en 0.92 0.84 0.86 0.88
Gaokao-ge 0.91 0.69 0.82 0.84
Gaokao-hi 0.90 0.79 0.86 0.85
Gaokao-bio 0.93 0.75 0.84 0.84
Gaokao-che 0.80 0.72 0.82 0.83
Gaokao-ph 0.87 0.70 0.78 0.77
Gaokao-mq 0.76 0.71 0.72 0.67
Gaokao-mc 0.25 0.22 0.16 0.14
Average ‘ 0.76 0.65 0.69 0.69
HumanEval 0.82 0.65 0.55 0.64
EvalPlus (CG) MBPP 0.79 0.56 0.17 0.43
Average | 081 0.60 0.36 0.54

Table 6: Effectiveness (RQ3) for Qwen-2.5. Effectiveness evaluation of the Qwen-2.5 and Qwen-2.5 with three
MCP integration servers: Apify, Brave-Search and Searchapi, across three datasets representing three critical task
domains: Knowledge Comprehension (KC), General Reasoning (GR), and Code Generation (CG), respectively.

14



Llama-4 Llama-4 Llama-4
Benchmark Dataset Llama-4 with Apify  with Brave-Search  with Searchlapi
ActivityNet 0.72 0.68 0.75 0.76
HellaSwag (KC) WikiHow 0.91 0.84 0.93 0.89
Average 0.82 0.76 0.84 0.83
AQUA -rat 0.82 0.74 0.68 0.72
Math 0.72 0.60 0.48 0.57
LogiQA-en 0.63 0.51 0.62 0.63
LogiQA-zh 0.69 0.56 0.62 0.65
Jec-QA-kd 0.51 0.53 0.47 0.52
Jec-QA-ca 0.45 0.41 0.48 0.46
LSAT-ar 0.43 0.38 0.35 0.33
LSAT-Ir 0.84 0.72 0.83 0.86
LSAT-rc 0.93 0.85 0.61 0.92
SAT-math 0.89 0.89 0.84 0.87
SAT-en 0.89 0.88 0.83 0.91
AGIEVal (GR) g en (wio Psg) | 0.65 0.65 0.72 0.60
Gaokao-ch 0.65 0.54 0.56 0.61
Gaokao-en 0.82 0.78 0.82 0.83
Gaokao-ge 0.83 0.74 0.80 0.83
Gaokao-hi 0.82 0.68 0.71 0.74
Gaokao-bio 0.81 0.69 0.76 0.79
Gaokao-che 0.66 0.55 0.60 0.58
Gaokao-ph 0.59 0.52 0.53 0.58
Gaokao-mq 0.45 0.38 0.41 0.49
Gaokao-mc 0.12 0.20 0.20 0.12
Average ‘ 0.67 0.60 0.61 0.64
HumanEval 0.79 0.58 0.64 0.56
EvalPlus (CG) MBPP 0.75 0.61 0.68 0.56
Average | 0.77 0.59 0.66 0.56

Table 7: Effectiveness (RQ3) for Llama-4. Effectiveness evaluation of the Llama-4 and Llama-4 with three
MCP integration servers: Apify, Brave-Search and Searchapi, across three datasets representing three critical task
domains: Knowledge Comprehension (KC), General Reasoning (GR), and Code Generation (CG), respectively.
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. Mistral-3 Mistral-3 Mistral-3
Benchmark Dataset Mistral-3 with Apify  with Brave-Search  with Searchlapi
ActivityNet 0.74 0.77 0.76 0.91
HellaSwag (KC) WikiHow 0.93 0.90 0.93 0.91
Average 0.84 0.84 0.85 0.91
AQUA-rat 0.87 0.88 0.90 0.87
Math 0.58 0.54 0.58 0.64
LogiQA-en 0.66 0.73 0.72 0.66
LogiQA-zh 0.74 0.73 0.77 0.73
Jec-QA-kd 0.59 0.47 0.48 0.53
Jec-QA-ca 0.55 0.48 0.26 0.53
LSAT-ar 0.54 0.44 0.49 0.49
LSAT-Ir 0.88 0.79 0.79 0.81
LSAT-rc 0.92 0.92 0.92 0.89
SAT-math 0.99 0.97 1.00 0.99
SAT-en 0.93 0.91 0.91 0.90
AGIEVal (GR) g xTen (wio Psg) | 0.72 0.58 0.24 027
Gaokao-ch 0.82 0.71 0.72 0.77
Gaokao-en 0.88 0.88 0.92 0.89
Gaokao-ge 0.88 0.80 0.82 0.86
Gaokao-hi 0.91 0.82 0.37 0.87
Gaokao-bio 0.89 0.84 0.93 0.88
Gaokao-che 0.88 0.68 0.76 0.80
Gaokao-ph 0.90 0.81 0.88 0.86
Gaokao-mq 0.83 0.83 0.80 0.85
Gaokao-mc 0.29 0.25 0.29 0.27
Average | 076 0.71 0.68 0.72
HumanEval 0.86 0.76 0.84 0.84
EvalPlus (CG) MBPP 0.64 0.43 0.57 0.60
Average ‘ 0.75 0.59 0.71 0.72

Table 8: Effectiveness (RQ3) for Mistral-3. Effectiveness evaluation of the Mistral-3 and Mistral-3 with three
MCP integration servers: Apify, Brave-Search and Searchapi, across three datasets representing three critical task
domains: Knowledge Comprehension (KC), General Reasoning (GR), and Code Generation (CG), respectively.
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