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Abstract. We introduce Synapse, a modular, privacy-preserving frame-
work for generating multilingual summaries of logistics routes, a task dis-
tinct from traditional routing optimization or forecasting. Our approach
transforms static route definitions by synthesizing them with a variety
of signals, including pre-computed failure predictions, real-time traffic,
and weather, through a network of specialized Al agents, orchestrated
using the FastMCP (Multi-Agent Communication Protocol) framework.
To ensure GDPR compliance, we apply random perturbation to GPS
coordinates before querying external APIs, a method that obfuscates
precise locations while preserving local context. The system simulates
the route’s temporal progression via iterative calls to a traffic API, en-
abling time-aware queries for other agents gathering weather and urban
context data. A generative agent fuses these multimodal signals into
a core narrative. Parallel translation agents then render that narrative
in multiple languages. This work presents a scalable pipeline for inter-
pretable logistics intelligence, introducing an agentic architecture and a
human-validated, multilingual evaluation benchmark.
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1 Introduction

The planning and execution of logistics routes in heterogeneous regions, such
as Europe, involves navigating two persistent challenges: the synthesis of high-
volume, multimodal data streams and the need for clear communication across
multilingual teams. While substantial research has advanced route optimization
planning, a complementary challenge is the automated generation of concise,
multilingual narratives for real-time operational awareness. Such summaries can
help human decision-makers adapt to dynamic conditions, a task that remains
difficult to scale. The complexity of this task is enhanced by two primary obsta-
cles. First, route data contains sensitive geolocations protected by frameworks
like GDPR. This privacy constraint renders monolithic approaches impractical
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for real-world deployment, as they would require transmitting all raw, sensitive
data to a single, often third-party, large language model. Second, the architec-
tural challenge of reasoning across diverse data domains (e.g., service failure
predictions, traffic, weather, workload) remains significant. A traditional ap-
proach would require a human planner or a monolithic application to manually
query multiple REST APIs, each with its own unique payload structure, au-
thentication, and data format. Our agentic framework is designed to abstract
this complexity. It allows users to make requests in plain English, delegating
the intricate task of data retrieval and synthesis to a network of specialized
agents. This not only makes the system more scalable and easier to maintain
but also democratizes access to complex logistics intelligence by removing the
need for specialized API knowledge. In this work, we explore this problem space
by introducing Synapse, a modular agentic framework built on the FastMCP li-
brary designed to navigate these constraints. To address privacy constraints, the
framework applies random perturbation to GPS coordinates before they are sent
to external services. The system’s architecture uses specialized agents to reason
over distinct data modalities; for instance, a traffic agent projects a route’s tem-
poral progression to enable time-aware queries for weather and urban context.
These signals are then synthesized into a base narrative by a generative agent
and localized by parallel translation agents. The contributions of this work are
therefore twofold: (1) Synapse, a novel and extensible agentic architecture for
multilingual narrative generation, and (2) a human-validated multilingual eval-
uation benchmark, which includes the challenging low-resource Luxembourgish
language. We release both our framework and benchmark publicly to provide a
foundation for future research and development in this new domain

1.1 Related Work

Logistics operations present numerous challenges stemming from the complexity
and volume of multimodal data streams. Planners and drivers must continu-
ously interpret inputs such as traffic conditions, weather forecasts, and delivery
constraints to make time-sensitive decisions. However, raw streams of GPS coor-
dinates and sensor signals often lack the semantic clarity required for intuitive,
proactive risk assessment. This disconnect between low-level data and high-level
situational awareness has positioned the automated summarization of geospatial
data as a key research direction. Early work in this area explored the segmen-
tation of GPS trajectories into semantically meaningful units, followed by the
generation of textual summaries to highlight salient events along a route [I5].
This concept was extended to summarizing network-level activity by identifying
representative paths, such as the K-Main Routes approach used to cluster crime
reports or traffic flows [13]. Subsequent efforts aimed to improve the human-
centric utility of these summaries through personalization and multimodality;
frameworks like PerNav and PaRE generated more intuitive directions from his-

1 The evaluation benchmark and script are available at: |https://github.com/
Synapse-INTSYS2025/agentic-eval-benchmark
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torical data [12],[I1], while systems such as TREADS and Scenemash demon-
strated the value of enriching summaries with real-time social media and image
data [5],[1],[8]. While these foundational systems demonstrated the value of mul-
timodal data integration, they predate the advanced cross-domain reasoning and
synthesis capabilities of modern Large Language Models (LLMs), which have en-
abled a new paradigm for solving complex, multi-step problems through agentic
workflows [4]. Advanced reasoning techniques like Chain-of-Thought (CoT) and
its variants allows LLMs to function as orchestrators that can decompose prob-
lems and interact with external tools [3], [19], [I7]. This has spurred the devel-
opment of multi-agent systems built upon standardized communication frame-
works like the Model Context Protocol (MCP), which provides a unified inter-
face for model-tool interaction [7], [9], [16]. Applying these advanced systems to
multilingual contexts, however, introduces significant challenges, particularly for
low-resource languages, as comprehensive surveys of Neural Machine Translation
(NMT) establish that model performance remains suboptimal for language pairs
with scarce parallel data [14]. This limitation extends directly to generative tasks
like summarization [10], with the difficulty being particularly acute for languages
such as Luxembourgish, where even foundational NLP tasks require specialized
models and human-in-the-loop validation to achieve acceptable performance [6].
Furthermore, the linguistic inequality in training data can degrade the effective-
ness of safety mechanisms in LLMs, making robust evaluation in low-resource
settings a critical area of study [I§], [2].

2 System Architecture and Model

2.1 Overview

We propose Synapse, a modular agentic framework designed for the automated
generation of multilingual, human-centered summaries for logistics operations.
The framework transforms static route definitions and dynamic, real-time sig-
nals into natural language narratives through a network of specialized Al agents.
Our architecture explicitly models the distinct domains of logistics data, with
individual agents handling real-time traffic, weather, workload assessment, and
urban context. A core component of our approach is a privacy-preserving mech-
anism that applies random perturbation to all GPS coordinates before they are
sent to external services, ensuring GDPR compliance. Furthermore, this modu-
lar design offers a significant scalability advantage: users can interact with the
entire system through a single, natural language endpoint, completely obviating
the need to understand or construct the complex, individual REST API pay-
loads required by the downstream specialist agents. While the underlying MCP
framework supports dynamic tool discovery, our implementation uses a static
registration model. This is a deliberate design choice to enhance security and
privacy; by manually registering a limited, necessary set of tools for each agent,
we prevent the potential for the underlying LLM to discover and misuse other
available tools in unintended ways.
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2.2 Input Representations

The system ingests an unstructured natural language query, such as the ex-
ample shown in Listing [I.I] via a JSON API endpoint. A Natural Language
Understanding (NLU) module, powered by an LLM, parses this query into a
structured tool_call. This decouples the ambiguity of natural language from
the deterministic execution required by the downstream agentic workflow.
curl -X POST http://localhost:8088/natural_query \

-H "Content-Type: application/json” \

-d ’{"query"”: "Briefing for Route-0@1 tomorrow at 2 PM."}

’

Listing 1.1: Example user query via curl.

2.3 Workflow

Our system’s architecture is a multi-agent framework designed to process a natu-
ral language query and generate a multilingual briefing, as illustrated in Figure[T]
The system comprises a user-facing API Gateway, a central Pipeline Agent or-
chestrator, and a suite of specialist agents for data retrieval and synthesis.

Load Data
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Fig. 1: Architecture and execution flow of the Synapse multi-agent system.

1. Query Ingestion and Orchestration. The workflow is initiated when a
user’s natural language request is ingested by the Synapse API Gateway,
which performs initial NLU parsing. The gateway then invokes the central
Pipeline Agent, a FastMCP service orchestrator, to begin the main work-
flow.

2. Baseline Data and Prediction Loading. The orchestrator begins by
gathering the foundational data for the route. It calls the internal Performance
Agent, which provides a set of pre-computed failure predictions for each stop
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based on a model using historical data. Concurrently, it loads the route’s
static geospatial coordinates and manifest details. This initial step provides
the system with a complete baseline of the planned route and its historically-
informed risks before querying for live, dynamic signals.

3. Dynamic Agent Interrogation. The orchestrator enriches the static data
by querying its specialist agents. It first projects the route’s temporal pro-
gression by sequentially calling the TomTom Traffic Agent for leg-by-leg
travel times. This simulation assigns each stop to an operational phase (e.g.,
Morning, Afternoon), enabling phase-specific queries. A geospatial centroid
is calculated for the stops in each phase to serve as a representative point
for a targeted Open-Meteo Agent weather forecast, assuming minimal intra-
phase weather variation. Concurrently, the Driver Workload Agent provides
manifest details. This culminates in a multi-factor risk assessment: if a phase
combines adverse weather with a challenging load (heavy/oversized items),
the Urban Profiler Agent is invoked to provide proactive parking guidance,
mitigating potential delays from increased manual handling in areas with
limited parking.

4. Hierarchical Synthesis and Multilingual Generation. With the com-
plete data context assembled, the orchestrator invokes the Narrative Agent.
This agent exemplifies a key architectural pattern in our framework, acting
as both a service provider and a service consumer. First, in its server role, it
receives the data and synthesizes all information into a coherent base sum-
mary in English. Then, acting as a client, it broadcasts this English summary
concurrently via FastMCP to five single-language translation agents (e.g.,
French Agent, Spanish Agent) for localization. This hierarchical delegation
allows the primary orchestrator to remain simple while enabling specialized
sub-tasks like translation to be managed by the appropriate agent.

5. Response Aggregation. Finally, the Pipeline Agent collects the outputs
from all translation agents into a single multilingual dictionary, which is
returned to the user through the API Gateway.

The final aggregated response is a JSON object containing the synthesized nar-
rative in English and its translations. An example of the Luxembourgish output,
which is generated by the Narrative Agent to match the golden standard format,
is shown in Listing [T.2]

D’Route -003 huet 10 Arréten mat 1 virausgesoten Ausfall. D’
Haapterausfuerderunge sinn Appartement-Arréten: 2, Schwéier
Artikelen: 1. --- Phasendetailer: - Moies: D’Wieder wédert kloer sinn

mat Temperaturen ém 27.9°C a méttelméissegem Wand (39-43 km/h) an
den éischten drdi Stonnen. 1 Ausfadll virausgesot op 7 Arréten an dé
ser Phas.

Listing 1.2: Example of the final Luxembourgish narrative output
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3 Experimental Setup

Experiments were conducted on a server with an NVIDIA RTX A6000 GPU
(48 GB VRAM) running Ubuntu 24.04.2 LTS. The entire multi-agent system
was containerized using Docker to ensure reproducibility. All generative agents
were powered by local language models served via Ollama v0.9.6, and agent
communication was managed by the FastMCP framework. To ensure temporal
consistency for the evaluation, all queries to time-sensitive external APIs (e.g.,
traffic, weather) were anchored to a static date of May 15, 2025, although the
framework is designed for live data streams.

3.1 Hyperparameters and Prompts

All generative tasks were performed using large language models served via
the Ollama v0.9.6 framework. We evaluated two primary models: Mistral-7B
Instruct and Llama 3.2. To ensure a reproducible baseline, we used the offi-
cial default inference parameters for both models. For all experimental runs, the
seed was not fixed to a static value.

System Prompts. Each generative agent was assigned a distinct system prompt
tailored to its specialized function. The key prompts are summarized below:

— Narrative Agent: Instructed to act as an expert "Senior Logistics Editor,"
this agent’s sole task is to synthesize the incoming JSON data into a single,
factually perfect string. The prompt enforces a strict output template (‘Over-
all, [route name| has...‘) and provides explicit step-by-step instructions for
calculating totals and formatting the phase details. This ensures the output
matches the golden standard format used for evaluation.

— Translation Agents: Given a simple, direct instruction to "Translate the
following English logistics briefing into professional, formal [Language]," fol-
lowed by the English text. The prompt explicitly commands the agent to
respond ONLY with the translated text to ensure a clean output for the
final response aggregation.

— Weather Agent: Prompted to act as a specialized meteorologist, this agent
is provided with a suite of tools for accessing different types of weather data
(e.g., ‘get forecast 3 hours’, ‘get daily summary‘, ‘get forecast 6 hours‘). Its
primary task is to perform LLM-driven tool selection based on the specific
temporal and geospatial context provided by the orchestrator.

— API Gateway: This agent is prompted to act as an "API routing bot" with
the sole function of parsing an unstructured user query. The prompt provides
a clear example of both the input query and the required structured JSON
output (‘"tool": "generate briefing", "parameters": ...¢), forcing the LLM to
act as a reliable Natural Language Understanding (NLU) component.
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3.2 Baselines

We evaluate the performance of our Synapse framework by comparing two dis-
tinct large language models serving as the core generative engines for all agents:

— Mistral-7B: A widely-used, high-performance 7-billion parameter model,
selected as our primary baseline due to its strong performance and the clear
visibility of its default inference parameters, which facilitates a reproducible
experimental setup. We use the mistral:7b-instruct-g4_K_M variant.

— Llama 3.2: A recent, state-of-the-art model used for comparison against
the established baseline. We use the 11ama3.2:8b-instruct-g4_K_M variant.

A third potential baseline, a monolithic approach using a single powerful external
LLM (e.g., GPT-4), was considered but explicitly excluded. Such an approach is
fundamentally incompatible with the GDPR constraints central to our problem
formulation, as transmitting precise geolocations to a third-party service would
constitute a privacy violation. Our agentic architecture is specifically designed
to mitigate this risk, and our evaluation therefore focuses on comparing different
LLMs within our privacy-preserving framework.

4 Evaluation

To assess the performance of our framework, we conducted a quantitative anal-
ysis of the multilingual translation quality produced by our agentic pipeline.

4.1 Evaluation Setup

Dataset. Our evaluation benchmark consists of 100 semi-synthetic, 10-stop
logistics routes. To ensure linguistic and geographic diversity, stop locations were
sampled from regions across Luxembourg, France, and Belgium, corresponding to
the target languages of the system. For each route, a canonical English summary
was first manually authored by the researchers. This text then served as the
source for creating and validating with the help of native speakers, the golden
reference translations for our five target languages: French, Spanish, Italian,
Portuguese, and Luxembourgish.

Metrics. To provide a comprehensive assessment of translation quality, we em-
ployed three standard automated metrics, each capturing a different aspect of
performance.

COMET. We use the Unbabel/wmt23-cometkiwi-da-x1 model, a neural regres-
sion metric that estimates translation quality based on semantic similarity to the
source and reference texts. It is trained on direct human judgments, and higher
scores indicate better performance. As a neural model, it leverages contextual
embeddings rather than relying on explicit word overlap.
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METEOR. This metric computes a score based on the harmonic mean of uni-
gram precision (P) and recall (R), with a penalty for fragmentation. The score
is calculated as:

10PR

METEOR = Frean - (1 =P It I Froean = —5——
( enalty) where 9P IR

The penalty term increases with the number of contiguous chunks of matched
words, rewarding longer, more coherent matches.

TER (Translation Edit Rate). TER is an error metric that measures the mini-
mum number of edits required to transform a system hypothesis into the refer-
ence translation. It is defined as:

Number of edits

TER =
Number of words in reference

Edits include insertions, deletions, substitutions, and shifts. Lower scores indi-
cate better translation quality.

5 Results and Discussion

The performance of the Llama 3.2 and Mistral-7B models within the SYNAPSE
framework is presented in Table[I} A horizontal analysis of these results compar-
ing a model’s performance across tasks reveals a critical finding: a significant and
consistent degradation in quality occurs when the synthesized English narrative
is passed to downstream translation agents. This suggests a systemic challenge in
maintaining quality across a multi-agent generative pipeline. With the superior

Table 1: Comparative performance of Llama 3.2 (L3.2) and Mistral-7B (M7B).
COMET scores are reported as mean (std. dev.). Best results are in bold.

COMET 1t METEOR 1 TER |
Language L3.2 MT7B L3.2 M7B L3.2 M7B
English (en) 0.34 (0.03) 0.25 (0.04) 0.70 0.39 43.30 64.51
Spanish (es) 0.46 (0.08) 0.38 (0.06) 0.48 0.30 65.43 75.68
French (fr) 0.40 (0.07) 0.30 (0.05) 0.48 0.30 68.56 74.75
Italian (it) 0.41 (0.08) 0.31 (0.06) 0.42 0.24 78.68 82.90
Portuguese (pt) 0.43 (0.09) 0.37 (0.07) 0.49 0.30 65.45 76.09

Luxembourgish (Ib) 0.22 (0.06) 0.26 (0.07) 0.20 0.08 93.37 97.80

Llama 3.2 model, the METEOR score drops from a high of 0.70 on the English
synthesis task to an average of 0.47 across the four high-resource languages. This
degradation is even more pronounced in the Translation Edit Rate (TER), which
increases from 43.30 for the English output to as high as 78.68 for the Italian
translation. For a logistics planner who must coordinate multilingual teams, such
a high error rate transforms the system from a tool for clarity into a source of
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operational confusion, risking a loss of user trust and eventual abandonment of
the system.

This finding validates the necessity of a modular agentic architecture. The
data clearly shows that a single, general-purpose LLM is insufficient for reliably
executing all sub-tasks in this specialized pipeline. The poor performance of the
translation components highlights the need for a system where underperforming
agents can be individually fine-tuned or replaced.

6 Conclusion and Future Work

We introduced SYNAPSE, a modular, privacy-preserving agentic framework for
generating multilingual logistics summaries. Our system demonstrates a scalable
approach to synthesizing real-time multimodal data, including traffic, weather,
and pre-computed failure predictions, into a coherent, human-centered narrative
while ensuring GDPR compliance through coordinate perturbation. The quality
of the final output, however, remains dependent on the capabilities of the un-
derlying LLMs, and the microservices architecture presents a trade-off between
modularity and latency.

Future work will focus on two primary directions. First, we plan to fine-tune
the generative agents on domain-specific logistics texts to improve narrative
quality and mitigate factual inconsistencies. Second, we will investigate agent
optimization techniques and the integration of additional data streams, such as
vehicle telematics, to enhance the system’s real-time contextual awareness and
overall robustness.
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