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Abstract

The Model Context Protocol (MCP) aims to
standardize the integration of Large Language
Models (LLMs) with external tools, yet exist-
ing research primarily evaluates functional ca-
pabilities while treating the underlying proto-
col as an opaque black box. This oversight
obscures critical inefficiencies in token flows
and latency distributed across MCP’s decou-
pled Host-Client-Server architecture. In this
paper, we introduce ProMCP, an end-to-end
profiling and instrumentation framework that
decomposes the MCP workflow into a six-
stage communication pipeline, enabling gran-
ular attribution of computational costs. We
evaluate widely varying deployment topolo-
gies, from local LLM models to commercial
off-the-shelf (OTS) clients—across 20 servers
and 169 tools from MCP-Bench and MCP-
Universe. Our analysis reveals a distinct in-
version in performance bottlenecks: topologies
with customized clients devote 56—72% of to-
tal tokens and 60—-67% of latency to planning
and schema injection, whereas OTS clients con-
centrate over 75-85% of latency in final an-
swer synthesis. Crucially, actual tool execu-
tion constitutes a negligible fraction of the to-
tal cost across all configurations. These find-
ings establish a quantitative baseline for proto-
col overhead and demonstrate that future op-
timization must target schema orchestration
and transport efficiency rather than tool exe-
cution speed. The code is available at: https:
//github.com/ResponsibleAILab/ProMCP.

1 Introduction

Large Language Models (LLMs) are increasingly
used as agents that interact with external tools and
data sources to solve tasks that require fresh knowl-
edge, precise computation, or action in a real envi-
ronment. Yet, in most deployed systems, connect-
ing an LLM to tools remains largely ad hoc: each

* Corresponding authors.

model-tool pair often requires bespoke adapters,
prompt templates, and runtime glue code (Yang
et al., 2024; Qin et al., 2023; Zhuang et al., 2023;
Attouche et al., 2024). This fragmentation com-
plicates development, hinders reproducibility, and
makes it difficult to compare agent behaviors across
different systems.

The Model Context Protocol (MCP)! is an
emerging lightweight, open-source protocol that
aims to standardize how LLM applications expose
and consume external tools, resources, and prompts.
By providing a consistent communication interface
between LLM hosts and tool servers, MCP reduces
the “n x m” integration problem in which n dif-
ferent LLM backends must be custom-wired to
m different tools or services. In principle, this
standardization enables interoperable LLM agent
ecosystems: tools can be added, swapped, or up-
dated without re-engineering the entire agent stack.

Motivated by MCP’s promise of scalability and
interoperability, recent efforts have primarily fo-
cused on (i) implementing MCP servers and demon-
strating tool-calling capabilities, (ii) building agent
frameworks that rely on MCP-like tool-use pat-
terns (Yang et al., 2023), and (iii) evaluating
tool-augmented agents using answer-level bench-
marks (Patil et al., 2025). For instance, MCP-
Bench (Wang et al., 2025) and MCP-Universe (Luo
et al., 2025) measure success, grounding, and task
complexity; TOOLSANDBOX (Lu et al., 2025)
studies stateful interactions and interactive tool use;
and MCIP (Jing et al., 2025) investigates protocol-
level safety considerations. While these bench-
marks and analyses are essential for measuring
capability and robustness, they typically treat MCP
as an end-to-end black box.

In practice, however, efficiency—especially to-
ken consumption and latency—is a first-order
concern for time-critical applications and cost-

"https://modelcontextprotocol.io/docs
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sensitive deployments. MCP introduces additional
communication steps and context management op-
erations (e.g., tool schema discovery and injection),
which can substantially affect end-to-end latency
and token usage even when the final answer quality
is unchanged. Without a detailed understanding of
how tokens and time are spent inside an MCP work-
flow, it is difficult to diagnose bottlenecks, compare
deployment choices, or design optimizations that
target the true sources of overhead.

Profiling token flows and latency costs in MCP-
based agents is challenging for several reasons.
First, state and execution are distributed across
multiple entities (Host, Client, and Server), of-
ten separated by process boundaries and transport
mechanisms (e.g., STDIO), which complicates end-
to-end attribution. Second, MCP workflows may
include hidden protocol work before a user query
is processed: for example, a host may fetch tool
schemas from servers and inject them into the LLM
prompt, making it non-trivial to separate schema-
related tokens from user-provided content. Third,
latency is composed of asynchronous hops across
components, and agent execution frequently in-
volves multi-turn internal loops (planning, tool se-
lection, retries) that are invisible to end users but
expensive in both tokens and time. Finally, real de-
ployments vary widely: LLMs may run locally or
in the cloud, and MCP clients may be customized
or off-the-shelf, leading to different bottlenecks
even under the same workload.

This paper addresses these gaps by providing a
systematic, stage-wise measurement of MCP effi-
ciency. We introduce ProMCP (Profiling MCP), an
end-to-end instrumentation framework that corre-
lates timestamps, payloads, and token accounting
across the Host—Client-Server boundary. Designed
to enable transparent and reproducible evaluation,
ProMCP records every MCP message and its as-
sociated metadata, allowing us to quantify token
usage and latency at fine granularity. We evaluate
three representative deployment topologies defined
by LLM location and client programmability: lo-
cal LLM + customized client (L-Cust), cloud LLM
+ customized client (C-Cust), and cloud LLM +
off-the-shelf client (C-OTS). For each topology, we
decompose the MCP workflow into six stages span-
ning the path from the user’s query to the final an-
swer and report token and latency costs per stage.

We validate our framework ProMCP on MCP-
Bench (Wang et al., 2025) and MCP-Universe (Luo
et al., 2025), covering 20 MCP servers and 169

tools. Our measurements show that topologies with
customized MCP clients devote 56—72% of total to-
kens and 60-67% of total latency to LLM planning
and schema injection, whereas the off-the-shelf
client setting (Claude Desktop) shifts the dominant
cost to final answer synthesis, which exceeds 85%
of the total latency. Across all configurations, tool
execution contributes only a small fraction of the
overall cost. These results demonstrate that the
primary efficiency bottlenecks in MCP workflows
are often protocol- and orchestration-related rather
than tool execution itself, and that deployment de-
cisions can fundamentally reshape how computa-
tional effort is distributed.
In summary, our contributions are:

* We introduce ProMCP, an open-source end-to-
end profiling and instrumentation framework
for MCP workflows that captures every mes-
sage and quantifies token and latency costs
across six stages of execution.

* We provide token-level efficiency analysis over
15+ MCP servers and 150+ tools, establishing a
quantitative baseline for protocol-induced over-
head and identifying dominant bottlenecks.

* We compare MCP efficiency across three de-
ployment topologies (L-Cust, C-Cust, and C-
OTS), showing how LLM placement and client
programmability reshape planning cost, schema
injection overhead, and end-to-end latency.

2 Related Work

Tool-augmented LL.Ms and tool use. Research
on tool-augmented LLMs has grown rapidly, driven
by the need for models to go beyond free-form
text generation and interact with external ser-
vices (Yuan et al., 2025; Qin et al., 2023; Yang
et al., 2024; Parisi et al., 2022; Patil et al., 2025).
Early methods such as ReAct (Yao et al., 2023) and
Toolformer (Schick et al., 2023) showed that LLMs
can be prompted or fine-tuned to invoke APIs dur-
ing problem solving. However, these approaches
typically rely on bespoke, system-specific integra-
tions and provide limited visibility into the orches-
tration costs incurred by tool discovery, schema
management, and tool-call coordination.

Agent frameworks and orchestration systems.

In parallel, developer-oriented frameworks such as

LangChain? and Haystack® facilitate composing
2https://docs.langchain.com/oss/python/

langchain/tools
*https://docs. haystack.deepset.ai/docs/tool
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tools into multi-step pipelines and agentic work-
flows. Likewise, agent-oriented systems such as
AutoGPT (Yang et al., 2023) and BabyAGI (Talebi-
rad and Nadiri, 2023) explore autonomous planning
with LLMs as controllers. While these frameworks
improve usability and accelerate prototyping, tool
invocation is often treated as an opaque subroutine:
the underlying communication patterns are neither
standardized nor easily inspectable, making it dif-
ficult to audit or attribute efficiency costs at the
protocol level.

MCP and MCP-based benchmarks. MCP was
introduced to address the standardization gap by
defining a uniform interface for how LLM hosts,
clients, and tool servers communicate. Building on
this protocol layer, MCP execution—focused bench-
marks such as MCP-Bench (Wang et al., 2025) and
MCP-Universe (Luo et al., 2025) evaluate agents
on real MCP servers and time-varying environ-
ments, exposing failure modes in tool retrieval,
schema adherence, and cross-server reasoning. Re-
lated benchmarks such as TOOLSANDBOX (Lu
et al., 2025; Hsieh et al., 2023) study stateful in-
teractions and conversational tool use. These ef-
forts provide realistic evaluation settings, but they
primarily focus on task success and answer-level
outcomes rather than where token and latency costs
arise within the MCP workflow. A complementary
line of work examines process quality and capa-
bility profiling: MCP-RADAR (Gao et al., 2025)
characterizes tool-use behavior along axes such
as accuracy and first-error position, but does not
inspect the protocol overhead or communication-
layer bottlenecks.

Safety, governance, and domain-specific MCP
systems. Other work explores and monitors MCP
safety and governance (Narajala and Habler, 2025;
Radosevich and Halloran, 2025). MCIP (Jing et al.,
2025) proposes contextual-integrity tracking and
a Guardian model to detect unsafe or inappropri-
ate tool calls, and provides a structured taxonomy
of MCP risks. Domain-specific MCP systems fur-
ther demonstrate extensibility; for example, Sen-
sorMCP (Guo et al., 2025) supports automatic tool
generation and co-evolving language assets for spe-
cialized sensing environments. While these studies
highlight MCP’s flexibility and security implica-
tions, they do not provide systematic measurements
of communication cost, token usage, or end-to-end
latency across different deployment configurations.

Gap: protocol-level efficiency and cost attribu-
tion. Across these categories, a common limi-
tation is the absence of protocol-level efficiency
analysis. Existing work does not track how tokens,
latency, and communication overhead accumulate
across the stages of an MCP interaction, nor does it
compare how different deployment modes behave
under identical workloads. Our work addresses
this gap by providing an end-to-end, token-level
analysis of MCP communication flows across de-
ployments, revealing previously hidden bottlenecks
in schema injection, planning, transport, and final
answer synthesis.

3 Methodology
3.1 ProMCP Overview

ProMCP focuses on two complementary metrics:
token cost and latency. Token cost captures con-
text and inference budget pressure, while latency
captures the end-to-end delay experienced by users.
Measuring both is essential because MCP can in-
crease tokens (through schema and tool-result in-
jection) and also increase time (through additional
protocol hops), and these effects may vary substan-
tially across deployment settings.

System overview. Figure 1 illustrates the archi-
tecture we profile. An MCP Host runs the agent
loop around an LLM (local or cloud). The MCP
Client bridges between the Host and one or more
MCP Servers that expose tools and resources (e.g.,
APIs, databases, file systems, web). The client
validates the LLM’s tool plans, serializes them
into JSON-RPC requests, and exchanges responses
with servers over transports such as STDIO or
HTTP/SSE. ProMCP instruments these interfaces
with Token Tracking Module and Latency Moni-
toring Module (see Figure 1) to record what is
communicated, when it is communicated, and how
much token budget it consumes when inserted into
the LLM context.

Six-stage decomposition. To enable fine-grained

attribution, ProM CP models tool-augmented inter-

actions as a six-stage pipeline (stages correspond

to the numbered markers in Figure 1):

S1 User — LLM (Prompting): the user query
is submitted to the Host and forwarded to the
LLM.

S2 LLM — Client (Planning): the LLM produces
a tool plan (e.g., a tool name with structured
arguments).
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S3 Client — Server (Tool Call): the client vali-
dates the plan, formats a JSON-RPC request,
and issues the tool call.

S4 Server — Client (Tool Response): the server
executes the tool and returns the result payload
to the client.

S5 Client — LLM (Context Update): the client
packages tool results (and, when required,
schema/context snippets) back into the LLM
input.

S6 LLM — User (Answer Synthesis): the LLM
generates the final user-facing response.

For each stage, ProMCP records (i) token footprint
(input/output/total tokens when applicable) and (ii)
stage latency. When a task uses multiple tools or
multiple rounds, the S1-S6 sequence repeats, and
ProMCP aggregates these events per task for re-
porting. In addition to per-stage reporting, we also
aggregate latency into three user-meaningful seg-
ments: tool-plan latency (S1-S2), tool-execution
latency (S3-S4), and answer-synthesis latency
(S§5-S6). This staged decomposition enables direct
comparisons across deployment topologies under
identical workloads.

3.2 Token and Latency Instrumentation

Unified event log. ProMCP performs protocol
tracing beyond LLM-generated text to capture
MCP’s representational and transport overhead.
For every event in the six-stage pipeline (and for
initialization events described in Section 3.3), we
write a structured log record containing:

* Identifiers: run_id, task_id, stage index (S1-
S6), a semantic phase label (e.g., 11m_plan,
tool_call, final_answer), and the communi-
cation direction (e.g., user—11m).

* Timing:  high-resolution timestamps for
send/receive boundaries and the derived stage
latency (milliseconds). When supported, we
additionally record provider-side timing meta-
data (e.g., model processing time) to separate
inference time from transport overhead.

* Model/tool metadata: model name, server iden-
tifier, tool name, and transport type (STDIO vs.
HTTP/SSE), when applicable.

* Token accounting: input, output, and total token
counts for LLM calls; token footprint estimates
for payloads that are injected into the LLM con-
text (e.g., schemas, tool results).

* Payload previews: truncated request/response
excerpts to facilitate qualitative inspection of

prompts, schemas, and tool outputs.*

Representative Token-Level Log Entry

{
"run_id": "claude-sonnet-4.5_wx_current...",
"task_id": "wx_current_springfield_nz",
"stage”: "S6"
. ’
"phase”: "final_answer"”,
"dir": "1llm->user”,

"timestamp”: "2025-11-25T05:33:14Z",
"latency_ms"”: 6061.06,

"model”: "claude-sonnet-4.5",
"tokens_in": 555,

"tokens_out": 321,

"tokens_total"”: 876,

"req_preview": "...",
"resp_preview": "..."

3

\

Token footprint vs. LLM usage tokens. A key
challenge is that MCP introduces large textual arti-
facts (e.g., JISON Schemas and tool results) whose
cost manifests when they are inserted into the
LLM input, even though they originate outside the
model. ProMCP therefore distinguishes: (i) LLM
usage tokens (returned by the provider or computed
by the local tokenizer for prompt/response pairs),
and (ii) protocol token footprint (tokenized size
of MCP artifacts—schemas, JSON tool calls, and
tool results—under the same tokenizer used by the
corresponding LLM). This separation allows us to
attribute costs to protocol representation (verbose
schemas) versus model reasoning and generation.

Latency measurement. We measure latency at
stage boundaries using monotonic clocks within
the instrumented component(s). For LLM calls
(S1/52/S6), latency is measured from request dis-
patch to completion (or last streamed chunk). For
tool calls (S3/S4), latency is measured from JSON-
RPC request emission to receipt of the correspond-
ing response. This makes per-stage delays compa-
rable across STDIO and networked deployments,
and highlights where bottlenecks occur (planning,
transport, tool execution, or synthesis).

3.3 Handling of Hidden Protocol Costs

Before processing any user queries, an MCP
client establishes a session with each server. This
initialization phase typically includes: (i) an
initialize handshake and metadata exchange,
(i1) a tools/1ist request where the server exposes
available tools as JSON Schemas, and (iii) a readi-
ness confirmation that the session can accept tool

*In our released logs, sensitive fields can be redacted or
hashed; the token and latency accounting remains unchanged.
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Figure 1: ProMCP instruments the MCP Host—Client—Server loop and decomposes each interaction into six stages
(S1-S6). The Token Tracking Module (TTM) estimates token footprint of prompts, schemas, tool calls, and
tool results (as they are injected into the LLM context), while the Latency Monitoring Module (LMM) measures
stage-level delays. We additionally log session initialization and tool discovery (initialize and tools/list) to

capture hidden protocol overhead before user queries.

calls. Although no user prompt has been issued,
this phase can incur substantial cost: schemas may
be large and nested, requiring serialization, trans-
port, parsing, and (in many stacks) injection into
the LLM context before planning begins. To pre-
vent this overhead from being silently amortized
or ignored, ProMCP treats session initialization
as a first-class part of the MCP lifecycle and logs
both token footprint and latency for the handshake
and tool discovery events. We report these costs
separately in our analysis to quantify how much is
spent before tool-augmented reasoning starts.

It is important to note that MCP efficiency costs
depend on both (i) protocol-mandated artifacts
(schema discovery, JSON-RPC serialization) and
(i1) client/host orchestration choices (prompt con-
struction, context retention, streaming behavior).
Our focus is end-to-end overhead in practice, not
on the MCP specification in isolation.

3.4 MCP Deployment Topologies

To study how deployment choices affect MCP ef-
ficiency, we evaluate three representative deploy-
ment topologies defined by (i) where the LLM runs
(local vs. cloud) and (ii) whether the client is cus-
tomizable or off-the-shelf:

L-Cust: Local LLM + Customized Client.

This configuration represents a fully local stack: the
LLM and the MCP client run on the user’s machine,
and servers are connected via STDIO. It isolates
protocol overhead from cloud-related delays and

provides a lower bound on transport latency. This
setting is also representative of privacy-preserving
or air-gapped deployments.

C-Cust: Cloud LLM + Customized Client.

This hybrid configuration uses a cloud-hosted LLM
(inference via remote API) while retaining a locally
implemented and modifiable MCP client. Tool
schemas and tool results must traverse the network
as part of LLM prompt and context updates, captur-
ing combined effects of API request/response pack-
ing, network latency, and server-side inference.

C-OTS: Cloud LLM + Off-the-Shelf Client.

This configuration uses a commercial, off-the-shelf
MCP client/host stack (e.g., a GUI application).
Schema injection, planning, and tool invocation
are managed internally by the application. Al-
though the underlying model family may match
the API setting, implementation details (prompt
orchestration, planning heuristics, internal format-
ting, buffering/streaming behavior) can substan-
tially reshape token usage and latency. This topol-
ogy serves as a realistic baseline for end-user MCP
deployments.

3.5 Cross-Topology Log Normalization and
Aggregation

Directly comparing MCP costs across topologies
requires a common representation. ProMCP nor-
malizes all collected traces into a unified schema
with one record per (task, stage), enabling consis-
tent aggregation and statistical analysis.
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L-Cust. For local execution, we obtain token and
latency measurements from the customized client’s
trace hooks, which record all LLM and server mes-
sages during STDIO-based execution. Token foot-
print is computed using the local model’s tokenizer
so that schema and tool-result injection are mea-
sured under the same encoding as the LLM.

C-Cust. For API-based execution, we extract to-
ken usage (input/output tokens) and any available
model-side timing metadata from the provider re-
sponses, then align these with client-side proto-
col traces using request identifiers and timestamps.
This produces an end-to-end view that combines
cloud inference costs with local orchestration and
transport overhead.

C-OTS. For off-the-shelf (OTS) clients, protocol-
level traces are not directly exposed. We therefore
reconstruct the six-stage pipeline from exported
conversation logs (e.g., conversations. json) by
identifying tool-use messages, mapping them to
stages S1-S6, computing token counts using the
corresponding tokenizer, and deriving per-stage
latencies from timestamp deltas. While this recon-
struction cannot reveal internal intermediate states
beyond the exported data, it enables systematic
comparison of end-to-end costs against customized-
client settings.

Output format. All topology-specific traces are
transformed into parallel CSV/JSON summaries.
The resulting dataset provides a unified, stage-
aligned view of MCP communication flows across
local, API-based, and off-the-shelf deployments,
which we analyze in Section 4.3.

4 Evaluations
4.1 Benchmark Suites and Workloads

We ground our experiments in two widely used
benchmark suites: MCP-Bench (Wang et al., 2025)
and MCP-Universe (Luo et al., 2025), which differ
substantially in task structure, interaction depth,
and context dynamics.

MCP-Bench consists of structured tool-usage
tasks designed around real MCP servers. We evalu-
ated 15 servers and 151 tools with 30 single server
tasks that require selecting and invoking one or
more tools with well-defined inputs and outputs.
These tasks emphasize correct tool identification,
schema adherence, and successful execution over a
broad set of available tools.
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Figure 2: Token distribution during MCP session initial-
ization and tool discovery across 20 servers connected
via STDIO and HTTP/SSE.

MCP-Universe contains longer, open-ended user
queries that require agents to perform multi-step
interactions with 8 MCP servers. We evaluate 125
such tasks that involve iterative tool use, larger tool
responses, and extended agent—tool-LLM interac-
tion sequences, reflecting more sustained agent ex-
ecution across 8 servers. Across both datasets, we
evaluated a total of 20 MCP servers exposing 169
tools (Appendix A.4), spanning domains such as
scientific computing, geospatial analysis, finance,
information retrieval, and general utilities.

4.2 Experimental Setup

All experiments were performed on a stan-
dalone Windows 11 workstation equipped with an
NVIDIA GeForce RTX 4090 GPU, CUDA accel-
eration, an Intel Core 19-13900K CPU, and 64 GB
of system memory. We evaluate MCP across three
LLM deployment topologies: L-Cust, consisting
of locally hosted LLMs served via Ollama® and
customized MCP clients using FastMCP, including
Mistral Small 3.2 24B and LLaMA-3.2; C-Cust,
representing cloud-hosted LLMs accessed via the
Claude API (Claude Sonnet 4.5) with customized
MCEP clients using FastMCP; and C-OTS, denot-
ing cloud LLMs instantiated through off-the-shelf
Claude Desktop (Claude Sonnet 4.5).

4.3 Experimental Results

4.3.1 Initialization Overhead Analysis

Before an agent can reason, it must discover avail-
able tools. Figure 2 illustrates the token cost

Shttps://docs.ollama.com/
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Figure 3: Latency distribution during MCP session ini-
tialization and tool discovery across 20 servers con-
nected via STDIO and HTTP/SSE.

of this often-overlooked phase. We observe that
the tools_discovery step dominates initializa-
tion costs, as the server must serialize and transmit
verbose JSON schemas for every available tool.

Figure 3 highlights the impact of transport pro-
tocols on this phase. HTTP/SSE connections
demonstrate significantly lower initialization la-
tency compared to STDIO. This is attributed to
the “cold start” penalty of STDIO, which requires
spawning a new subprocess for every connection,
whereas HTTP servers typically remain “warm”
and persistent. However, once the connection
is established, the tools_discovery latency is
negligible across both transports, confirming that
schema transmission is bandwidth-bound rather
than compute-bound.

4.3.2 Token Distribution & Phase Attribution

Table 1 reports the mean and standard deviation of
token usage across MCP phases for three execution
configurations, L-Cust (instantiated with both Mis-
tral 3.2 and LLaMA 3.2), C-Cust, and C-OTS, on
the MCP-Bench and MCP-Universe datasets.

Performance on MCP-Bench. On the MCP-
Bench task set, the token profile is largely driven
by how the client handles the fixed overhead of
tool definitions. The L-Cust and C-Cust execu-
tions exhibit a schema-dominated profile, where
the llm_plan phase accounts for over half of the
total tokens (52—63%). This high mean (u) reflects
the fixed overhead of loading comprehensive tool
schemas, as illustrated in Box 1, where 169 tools
are provided to the model to “reason” about the

task. In these configurations, tool invocation is not
always successful: when tool calls fail to return
usable results, the clients fall back on the LLM’s
internal knowledge to produce an answer, effec-
tively shifting part of the workload to the final_ans
phase. In contrast, the C-OTS configuration shows
a marked inversion: the planning share drops to
2.1%, drowned out by a massive inflation in the
tool_result and final_ans phases. The C-OTS client
uses Deferred Loading® to save the tokens used by
semantic searching from the tool list.

Box 1 | Tool Schema

{
"tool_name”: "Google Maps:maps_dist_matrix",
"server": "Google Maps”,
"description”: "Compute driving distances...",
"input_schema”: {
"type": "object"”,
"properties”: {
"origins": {
"type": "array”,
"items": { "type": "string" 3},
"description”:"List of origin cities”
})
"destinations”: {
"type": "array”,
"items": { "type": "string" 3},
"description”:"List of destination cities”

}!
"mode": {
"type": "string”,
"enum”: ["driving”, "walking", ...1],
"description”: "Travel mode”
}
}7
"required”: ["origins"”, "destinations”,
"mode"]
}

3

\.

Performance on MCP-Universe. On the more
complex MCP-Universe task set, the profile shifts
as execution demands rise. For C-Cust, the domi-
nant cost moves to the tool_result phase (77.5%),
driven by the heavy retrieval requirements of open-
ended queries. L-Cust reveals a significant diver-
gence in model behavior: Mistral 3.2 mirrors the
high-volume retrieval pattern of the cloud setup
(81.8% tool results), whereas LLaMA 3.2 remains
highly compact, with tool_result consuming only
20.0% of its budget. The C-OTS configuration ex-
hibits extreme amplification, with a total volume
exceeding 1.2 million tokens—orders of magnitude
higher than custom setups—demonstrating how
unconstrained tool interactions can exponentially

6https://www.anthropic.com/engineering/
advanced-tool-use
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L-Cust (Mistral 3.2)

L-Cust (LLaMA 3.2)

C-Cust (Claude API) C-OTS (Claude Deskt.)

Data Phase Tokens (i £ o) % Tokens (u+to) % Tokens (i £ o) % Tokens (1 & o) %
context 400 + 88 7.6 405 £+ 91 6.9 420 + 95 7.8 893 4+ 87 4.2
< IIm_plan 3,029 + 269 57.3 3,026 £398  52.0 3,411 + 318 63.2 433 + 32 2.1
s tool_call 24 + 11 0.5 63 £ 16 1.1 1947 0.4 445 + 41 2.1
=] tool_result 559 £ 348 10.6 1,477 4+ 385 25.4 423 + 213 7.8 10,229 £+ 516 48.6
final_ans 1,273 £+ 559 24.1 1,851 £794  31.8 1,128 + 407 20.9 9,050 + 402 43.0
Total 5,285 + 1,275 100 5,822 4+ 1,684 100 5,401 41,040 100 21,050 4+ 1,078 100
© context 900 £ 198 1.4 1,080 £ 226 9.6 1,012 4+ 214 1.9 1,120 £ 120 0.1
2 1lm_plan 6,340 +2,723 9.8 5,686 £991  50.6 6,802 + 695 12.9 126,805 4+ 214 9.9
E tool_call 188 + 121 0.3 164 4+ 85 1.5 186 + 139 0.4 3,761 + 526 0.3
5 tool_result 53,161 + 85,875 81.8 2,247+ 2,494 20.0 41,001 £64,890 77.5 1,063,220 + 19,592 82.9
final_ans  4,370+2,123 6.7 2,063+£802 183 3,929+3,070 7.4 87,411 + 506 6.8
Total 64,959 + 31,991 100 11,240 + 3,006 100 52,930 + 18,204 100 1,282,317 + 4,118 100
Table 1: Token distribution across MCP phases and deployment topologies.
Data Phase L-Cust (Mistral 3.2) L-Cust (LLaMA 3.2) C-Cust (Claude API) C-OTS (Claude Deskt.)
Lat (u £ o, ) % Lat (u £ o,5) % Lat(u+to,s) % Lat (u £ o, ) %
context 0.10 £ 0.04 10.1 0.11 £ 0.05 2.8 0.42+0.11 1.9 0.20 £0.12 0.2
= IIm_plan 0.59 +0.31 46.1 2.21+£1.10 56.7 14.60 £2.62 66.5 5.87+1.77 6.2
g tool_call 0.01 £0.01 <0.1 0.03 £0.02 0.8 0.08 £0.03 0.3 7.01 +£5.30 7.4
/M tool_result 0.01 +£0.01 0.9 0.01 £0.01 03 0.56+0.55 2.5 0.45+0.78 0.5
final_answer 0.57+0.44 429 1.544+0.79 394 7.10+1.77 323 81.97+16.34 86.4
Total Latency 1.28 +£0.52 100 3.90+1.43 100 22.76 +=4.21 100 94.86 + 18.11 100
context 1.10 £ 0.25 1.5 0.95+0.23 23  0.85+0.21 1.9 0.85+0.15 0.2
é IIm_plan 46.84 +£113.38 63.7 22.824+14.05 55.1 25.27+4.12 55.7 24.40 +4.20 6.4
E tool_call 0.55 £ 0.20 0.7 0.38 £ 0.08 09 040+0.14 0.9 12.10 £ 3.10 3.2
»5 tool_result 3.09 +2.11 4.2 1.39 + 0.81 34 3.61+2.56 8.0 58.20 +12.50 15.2
final_answer 23.60 +25.34 32.1 17.224+16.34 41.6 16.48+6.25 36.3 286.50+45.00 75.0
Total Latency 73.53 + 27.81 100 41.43 £+ 18.22 100 46.61 + 9.18 100 382.05 *+ 64.95 100

Table 2: Latency distribution across MCP phases and deployment topologies.

inflate costs in realistic agentic workflows. The
dominant contributor to tool_result token usage in
the C-OTS configuration is use of the WebSearch
tool as it retains full multi-document WebSearch
outputs across turns, causing re-consumption of
retrieved content during subsequent reasoning and
answer synthesis. As an OTS client, it is designed
for maximum information fidelity. It takes the en-
tire raw JSON response from the server and injects
it directly into the context window. This includes
metadata, headers, and auxiliary fields whereas the
Custom Clients wrap results to extract only task-
relevant data. This is an orchestration policy choice,
not a protocol requirement, illustrating how client
implementation substantially reshapes costs.

4.3.3 Latency Profiling & Bottleneck Analysis

Table 2 presents the mean and standard deviation of
execution latency (in seconds) across MCP phases.
The data compares the three configuration types, L-

Cust, C-Cust, and C-OTS, across the MCP-Bench
and MCP-Universe datasets.

Input Latency and Planning Overhead. On the
simpler MCP-Bench tasks, local execution (L-Cust)
demonstrates a massive speed advantage. Mistral
3.2 achieves a near-instantaneous total latency of
1.28s, with the planning phase taking less than a
second. However, this advantage is fragile. On the
complex MCP-Universe dataset, Mistral’s perfor-
mance degrades catastrophically: its total latency
jumps to 73.53s, driven by a massive spike in the
lIm_plan phase (46.84s) accompanied by extreme
variance (o0 ~ 113s). This indicates that while
small local models are highly efficient for simple
tool use, they struggle to process the heavier con-
text windows of open-ended tasks, often “hang-
ing” or processing inefficiently during the planning
stage. In contrast, LLaMA 3.2 exhibits scaling
with low variance: latency increases from 3.90s to
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41.43s across datasets, but with standard deviation
of £18.22s indicating stable, predictable model
behavior under increasing task complexity.

Cloud Overhead and the “First Token” Cost.
The C-Cust (Claude API) configuration reveals
the inherent latency floor of cloud-based inference.
Even on simple tasks, it incurs a baseline latency of
~ 22s, dominated by the llm_plan phase (14.60s).
This suggests that for custom cloud agents, the
primary bottleneck is not tool execution, but the
pre-filling and processing of the system prompts
and tool definitions. As task complexity increases
in MCP-Universe, this planning cost nearly dou-
bles (25.27s), confirming that prompt processing
remains the dominant latency contributor for cus-
tom cloud setups.

Output Bottlenecks in Off-the-Shelf Clients.
The C-OTS configuration exhibits a distinct latency
profile that is inversely related to the custom setups.
Its total latency is consistently high (=<95s) but
is driven almost entirely by the final_ans phase
(~81s), which accounts for over 86% of the execu-
tion time. This bottleneck intensifies in the MCP-
Universe, where total latency scales to ~=382s. Un-
like custom agents, which are bottlenecked by in-
put processing (planning), the OTS client is bot-
tlenecked by output generation. This correlates
with the massive token volume observed in Table
1, confirming that the verbose, streaming response
style of the desktop client incurs a severe penalty
on user-perceived latency. Overall, the results high-
light a shift in bottlenecks based on implementation.
Custom environments (L-Cust, C-Cust) generally
suffer from an “Input Bottleneck,” where latency
is determined by how quickly the model can parse
tool definitions and plan. Off-the-shelf environ-
ments (C-OTS) suffer from an “Output Bottleneck,”
where unconstrained generation and streaming time
dominate the user experience.

Notably, despite substantial overhead differences,
all topologies maintain high task success and an-
swer quality (85-100% accuracy, 4.06-4.91 qual-
ity; Appendix A.2).

5 Conclusion

We introduce ProMCP, an end-to-end profiling
framework that demystifies MCP efficiency by
decomposing execution into a six-stage pipeline.
Evaluating three deployment topologies across 20
servers and 169 tools, we find that protocol orches-

tration—rather than tool runtime—dominates cost.
Specifically, customized clients expend the major-
ity of resources on planning and schema injection,
whereas off-the-shelf clients are bottlenecked by
answer synthesis. These results demonstrate that
future optimizations must prioritize schema man-
agement and transport-aware orchestration. By es-
tablishing a reproducible baseline for token and
latency attribution, ProMCP lays the groundwork
for designing next-generation, efficiency-optimized
MCP agents.

Limitations

While ProMCP provides a comprehensive view
of MCP efficiency, our study has three primary
limitations. First, our analysis of commercial
clients (C-OTS) relies on post-hoc log reconstruc-
tion from conversations. json rather than real-
time introspection. This method aggregates to-
tal latency but prevents us from measuring pre-
cise millisecond-level jitter or internal retries that
do not result in a user-visible message. Sec-
ond, our experiments were conducted on a sin-
gle hardware configuration (Windows 11 work-
station). While we isolated network vs. lo-
cal latency, variations in OS-level scheduling or
STDIO buffer sizes on Linux or macOS could in-
troduce minor performance deviations in the L-
Cust topology. Finally, under the benchmarks
with lightweight-to-moderate tools evaluated here,
tool execution constitutes a negligible fraction of
the total cost across all configurations. We ac-
knowledge that production deployments with heavy
I/O operations (databases, remote services, long-
running computation) may exhibit different char-
acteristics. However, ProMCP’s decomposition
isolates S3-S4 (tool execution) from S1-S2/S5-S6
(prompting/planning/synthesis). Thus, when tools
are heavy, ProM CP directly reveals the regime shift
and quantifies how orchestration overhead com-
pares to tool latency.
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A Appendix

A.1 Implementation Details

To ensure reproducibility of our token and latency
measurements, we provide a complete Evaluation
Card as shown in Table 3 which summarizes the
detailed configuration used for the L-Cust, C-Cust,
and C-OTS settings. All configurable parameters of
the custom client deployments (L-Cust and C-Cust)
are centrally managed through a Config.yaml file.
This includes decoding parameters, retry policies,
timeout thresholds, streaming configuration, and
concurrency controls.

In our experiments to reflect real-world agen-
tic behavior while isolating protocol overhead, we
used provider-defined defaults for temperature (7).
We disabled streaming in L-Cust and C-Cust to
ensure millisecond-level precision in stage-wise la-
tency attribution by preventing chunked response
buffering effects. This allows us to isolate protocol
hop latency from token streaming jitter. For L-Cust
and C-Cust we use a bounded agent horizon (max
rounds = 10) with bounded retries (max = 3) and
sequential tool execution (no parallel tool schedul-
ing), to keep attribution stable across runs. Caching
was disabled for tool execution to avoid artificially
reduced latency.

In contrast, C-OTS operates as a black-box sys-
tem with provider-managed streaming and buffer-
ing enabled. As a result, token delivery is frag-
mented and may introduce additional latency unre-
lated to protocol communication.

A.2  Quality & Accuracy outcomes

ProMCP is an observational profiling framework
that logs messages and tokenizes artifacts with-
out modifying prompts or tool outputs. To con-
nect measured overhead to task quality, we con-
ducted an additional audit on 100 benchmark tasks
across all deployment topologies. We measured:
(i) Tool-call accuracy (whether the selected tool
and arguments are correct/appropriate), (ii) Execu-
tion success (whether the tool call executes without
server-side errors), and (iii) human-assessed an-
swer quality (1-5 scale) as shown in Table 4.

Despite significant overhead differences across
topologies, all maintain high task success and an-
swer quality. C-OTS exhibits 100% tool-call accu-
racy and execution success (Claude Sonnet 4.5 with
internal prompting), while L-Cust shows accept-
able accuracy (85-91%) with lighter local models.
This demonstrates that optimization targeting or-

Parameter L-Cust C-Cust C-0TS
LLM Inference

Temp. (1) 0.8 1.0 Provider
Top-p 0.9 Provider Provider
Stream Disabled Disabled Enabled
Max tokens (plan) 12K 12K Unconstrained
Max tokens (synth) 10K 10K Unconstrained
Agent Runtime Policy

Max rounds 10 10 10
Retry limit 3 3 N/A
Backoff 1s,2s 1s,2s N/A
Timeout 1500s 1500s Session
Concurrency Seq. Seq. N/A
Caching Off Off N/A
MCP Transport & State

Discovery limit 10s 10s -
Startup timeout 30s 30s -

Table 3: Evaluation Card. Complete parameter specifi-
cation for reproducible token and latency measurements
across three MCP deployment topologies. ‘“Provider”
indicates provider-defined defaults, “N/A” indicates pa-
rameters not exposed to users

Configuration Tool Acc. Exec. Succ.  Quality

L-Cust (Mistral 3.2) 85% 81% 4.06 £0.22
L-Cust (LLaMA 3.2)  91% 87% 4.52£0.15
C-Cust (Claude 4.5) 92% 89% 4.64 £0.08
C-OTS (Claude 4.5) 100% 100% 4.914+0.10

Table 4: Quality outcomes: tool-call accuracy, execution
success, and answer quality (1-5) on 100 tasks.

chestration overhead does not require quality trade-
offs on these benchmarks.

A.3 Tokenization Differences and

Normalization
Model Mean Tokens Tok/Char Tok/Byte r
Mistral 3.2 303.22 +114.58 0.258 0.252  0.9948
LLaMA 3.2 270.56 +97.27  0.231 0.226 1
Claude 4.5 280.73 £95.69  0.240 0.235 0.9972

Table 5: Tokenizer behavior across models on MCP-
Bench user prompts (S1): mean tokens, token/char, to-
ken/byte, and Pearson correlation(r) versus LLaMA 3.2.

Comparing token counts across Mistral 3.2,
LLaMA 3.2, and Claude Sonnet 4.5 is inexact due
to different tokenizers. Absolute token counts are
not directly comparable across models due to dif-
ferences in subword segmentation schemes and vo-
cabulary construction. To ensure our comparative
analysis is robust, we performed an empirical com-
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parison on the user queries S1 of the MCP-Bench
dataset.

Our results in Table 5 reveal a near-perfect linear
correlation between the tokenizers, with Pearson
coefficients of > 0.99 calculated by measuring
the covariance of per-query token counts across
all queries and normalizing by the product of their
standard deviations. This high degree of linearity
confirms that the ‘inexactness’ identified is a con-
stant factor rather than a source of interpretation
blur. Consequently, the relative performance rank-
ings and latency trends reported in our study remain
invariant regardless of the underlying tokenizer.

A.4 MCP Servers and Tool Inventory

MCP Server Representative tools
Wikipedia search_wikipedia, get_article,
get_summary, summa-

rize_article_for_query
search_arxiv,
search_google_scholar
add_matrices, subtract_matrices,
delete_matrices, multiply_matrices
bmi_bsa_calculator, map_calculator
search_models, search_datasets,
get_model_info, get_space_info,
search_spaces

get_epic_free_games,
get_epic_trending_games,
get_steam_most_played

Paper Search search_pubmed,
Sci. Computing
Medical Calc.
Hugging Face

Game Trends

OSINT Intell. host_lookup, whois_lookup,
dnsrecon_lookup, nmap_scan, o0s-
int_overview

Weather Data get_current_weather_tool,
get_weather_forecast_tool,
search_locations_tool

NASA Data get_earth_imagery,  get_space_data,

get_astronomical_data
get_quote, get_historical_data,
get_news, compare_stocks

Yahoo Finance

Google Search search, get_search_results
Google Maps search_location, get_directions
Date get_today_date, get_current_datetime,

Car Price Eval.
Reddit

Movie Recom.
NixOS
FruityVice
Call for Papers
Echo

get_current_datetime_utc,
get_date_in_timezone
get_car_brands,
get_vehicles_by_type
fetch_reddit_hot_threads,
fetch_reddit_post_content
get_movies

search_packages, get_package_info
get_fruit_nutrition

get_events

echo_tool

search_car_price,

Table 6: 20 MCP servers and representative tools used
in MCP-Bench and MCP-Universe experiments. Full

specifications of all the servers and 169 tools (with ex-

act JSON schemas) are available in the released code
repository.

The experiments were conducted using 20 MCP
servers, each exposing structured tools. The full im-
plementation of our benchmarking suite is built on
the Python MCP SDK v1.0.2 and via FastMCP. Ta-
ble 6 provides an excerpt of representative servers
and tools. The complete list of 20 servers and 169
tools (with exact JSON schemas) is available in the
released code repository. Each tool is defined by a
structured schema specifying inputs, outputs, and
execution behavior. These schemas are incorpo-
rated into the LLM context during planning stages,
contributing to prompt size and token usage.
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