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—— Abstract

Currently, e-commerce platforms are transitioning from static 2D catalogues to immersive envir-
onments, requiring recommendation systems to process complex behavioural signals. Traditional
collaborative filtering struggles with cold-start scenarios and lacks semantic understanding of product
catalogues. This paper presents a silent multi-agent recommendation engine developed for the
VIMOS (Virtual Integrated Market Online Shopping) project, designed to operate without explicit
textual input. Orchestrated via a LangGraph Directed Acyclic Graph, the system utilises Agentic
Retrieval-Augmented Generation (RAG) to dynamically synthesise behavioural signals, dense vector
retrieval (Qdrant), and knowledge graph traversal (Apache AGE). A locally hosted Llama 3.1 8B
model autonomously extracts implicit user preferences to update a persistent graph database and
generates deterministic, human-readable explanations for each recommendation. A two-shot verifier
engineering pattern is introduced to resolve the structural incompatibility between dynamic can-
didate sets and static graph execution. The architecture is validated using a controlled synthetic
dataset of B2B industrial products — sufficient for functional validation of all agent routing paths —
demonstrating high retrieval accuracy, strict constraint adherence (stock and availability verification),
and sub-4-second end-to-end latency (when the generative semantic justification step is bypassed)
with no external API dependencies.
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1 Introduction

The contemporary e-commerce landscape is undergoing a profound structural transition,
shifting from traditional, static 2D product catalogues toward immersive, spatial shopping
environments leveraging 3D visualisation and Augmented Reality (AR) [10]. This shift is par-
ticularly critical in the Business-to-Business (B2B) sector — such as the dental and industrial

tool markets — where products require strict technical matching, precise compatibility checks,
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and a deep understanding of complex specifications. While conventional recommendation

systems rely heavily on standard collaborative filtering, these legacy approaches often struggle

with cold-start scenarios and lack the semantic reasoning required to understand the intricate
features of specialised B2B catalogues.

Simultaneously, the field of Artificial Intelligence has seen a paradigm shift driven by
Large Language Models (LLMs) and the evolution of Retrieval-Augmented Generation
(RAG) architectures [6]. By grounding LLMs in external, up-to-date knowledge bases, RAG
mitigates hallucinations and enables deep semantic reasoning over technical documents —
a paradigm currently evolving into Agentic RAG architectures where autonomous agents
orchestrate complex retrieval workflows [14]. However, integrating these conversational agents
into an immersive 3D shopping experience presents a user experience challenge: forcing a
user to interrupt their spatial exploration to type explicit queries can break immersion and
introduce friction. There is a pressing need for silent recommendation systems that can
operate implicitly, leveraging rich behavioural signals — such as the time spent analysing a
3D mesh or interacting with a product hotspot — without requiring any conversational input.

To address these challenges, this paper presents the design and implementation of a
silent multi-agent product recommendation assistant developed within the scope of the
Virtual Integrated Market Online Shopping (VIMOS) project. VIMOS aims to replace
static B2B e-commerce with a smart 3D visualisation platform driven by Agentic RAG.
Three specialised assistants are planned for the platform: the silent recommendation engine
described in this paper, a semantic product search assistant, and a 3D spatial context
assistant. Operating entirely in the background during page loads, the proposed architecture
is orchestrated via LangGraph, utilising a multi-agent system to autonomously evaluate user
profile sufficiency [12]. It blends deterministic collaborative filtering with semantic vector
search. Utilising a locally hosted Llama 3.1 8B model, the system not only verifies the
strict availability of candidate products but also synthesises deterministic, human-readable
semantic justifications for each recommendation. Furthermore, it asynchronously updates a
persistent Apache AGE knowledge graph to maintain a long-term memory of implicit user
preferences.

This work builds upon a line of research by the same group on LLM-powered assistants
for specialised domains [5], now extending the scope from reactive conversational RAG to a
proactive, graph-augmented, fully local multi-agent pipeline.

The primary contributions of this work are:

1. A fully implemented LangGraph Directed Acyclic Graph for non-conversational, silent
product recommendation from purely behavioural signals.

2. The two-shot verifier pattern: a practical engineering solution tailored to state initialization
constraints in LangGraph pipelines, enabling post-retrieval validation when candidate
identifiers are unknown at graph construction time.

3. A session-adaptive four-mode routing strategy guaranteeing non-empty recommendations
across authenticated, partially profiled, anonymous, and cold-start sessions.

4. An asynchronous Memory Agent that writes user preference edges to an Apache AGE
knowledge graph without adding to response latency.

5. Experimental validation of five functional criteria across 20 synthetic B2B test sessions,
achieving 100% product availability compliance and sub-4-second end-to-end latency.

The remainder of this paper is organised as follows. Section 2 reviews related work on RAG
evolution and recommender systems. Section 3 details the multi-agent topology, including
behavioural preference scoring and session routing. Section 4 discusses the Verifier Agent
and the asynchronous Memory Agent. Section 5 presents the experimental setup, synthetic
dataset, validation results, and latency analysis. Finally, Section 6 outlines conclusions and
future directions.
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2 Related Work

The architecture of the proposed recommendation engine lies at the intersection of evolving
e-commerce recommender systems, advancements in Large Language Models (LLMs), and
the paradigm shift toward Multi-Agent Retrieval-Augmented Generation (Agentic RAG).

2.1 Evolution of Recommendation Systems: From Filtering to Semantic
Search

Traditional e-commerce platforms have historically relied on standard Collaborative Filtering
(CF) and Content-Based Filtering. These legacy systems were heavily dependent on static
demographic segmentation, identifying users with overlapping purchase histories to propagate
preferences [7]. However, as digital commerce transitions towards immersive, spatial envir-
onments [10], the state of the art has fundamentally shifted toward real-time behavioural
analysis.

To handle this increased complexity, modern systems have moved beyond basic Nat-
ural Language Processing (NLP) rules [11]. Contemporary hybrid architectures combine
traditional paradigms with deep learning techniques and session-level signals (e.g., dwell
time, 3D interaction type). The integration of dense vector embeddings into these pipelines
represents the most recent evolution: a pre-trained embedding model encodes both product
descriptions and behavioural patterns into a shared semantic space, enabling retrieval by
semantic proximity. The present work adopts this advanced hybrid paradigm, merging
graph-based collaborative filtering via Apache AGE with dense vector search over Qdrant.

2.2 Agentic RAG and LLMs in Information Retrieval

To overcome the semantic limitations of traditional recommender systems, Retrieval-
Augmented Generation (RAG) became the industry standard to ground LLMs in external
knowledge. RAG architectures have evolved through four recognised generations: Naive RAG,
Advanced RAG, Modular RAG, and Agentic RAG [6, 15, 14]. Early iterations (“Naive RAG”)
operated on strictly linear, retrieve-then-read pipelines, while “Advanced RAG” injected pre-
and post-retrieval optimisations such as query rewriting and cross-encoder reranking.

Recently, there has been a profound paradigm shift towards “Agentic RAG”. In this
architecture, LLMs transition from fast, linear “System 1” processing to autonomous “System
2” cognitive reasoning [8]. Elevating the LLM to an autonomous orchestrator operating within
a ReAct (Reasoning and Acting) loop, these systems dynamically route across heterogeneous
data sources. While recent implementations of vanilla RAG have demonstrated high retrieval
success in reactive, conversational interfaces for specialised domains [5], the field is rapidly
advancing. The current frontier demands a shift from these reactive conversational pipelines
to proactive, graph-augmented Multi-Agent Systems (MAS) capable of interpreting implicit,
non-verbal behavioural signals.

2.3 Multi-Agent Orchestration and Deterministic Logic

The distinction between a single agentic loop and a true MAS is formalised by Sapkota
et al. [13], who define MAS as a system where multiple specialised sub-agents collaborate,
decompose tasks, and cross-verify outputs. This topology is crucial for enforcing deterministic
business logic and actively identifying hallucinations in technical domains [12].

A prominent architectural pattern that has emerged to improve efficiency is Adaptive
RAG, which interposes a complexity classification logic that routes queries dynamically,
bypassing heavy agentic pipelines for simple factual queries to optimise global latency. The
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present work adopts a related principle: the Orchestrator Agent deterministically routes
sessions by profile completeness, avoiding unnecessary computation for anonymous or cold-
start sessions.

To safely orchestrate these stateful pipelines, modern architectures rely on state graph
frameworks such as LangGraph [1]. LangGraph is a Python library built on top of LangChain
that models an agent pipeline as a directed acyclic graph (DAG): nodes represent individual
processing steps (agents or tools), directed edges encode execution order, and conditional
edges implement branching logic at runtime. A shared typed state dictionary (AgentState)
flows through every node, allowing agents to read from and write to a common data structure
without direct coupling. This explicit graph abstraction allows for deterministic routing rules
alongside probabilistic LLM reasoning, guaranteeing robust and explainable recommendations.

3 System Architecture

This section describes the multi-agent pipeline that powers the silent recommendation engine.
The pipeline is composed of eight specialised agents, each responsible for a distinct processing
step, coordinated by a shared execution graph. Section 3.4 details how raw behavioural
signals are transformed into preference vectors; Section 3.5 describes how those vectors drive
hybrid retrieval across four session modes. The infrastructure components (vector store,
relational database, knowledge graph, and local LLM runtime) that underpin all agents are
introduced in Section 3.1.

3.1 Multi-Agent Topology and Shared State

The recommendation pipeline is implemented as an eight-agent directed acyclic LangGraph
StateGraph backed by a shared AgentState TypedDict that flows through every agent.
Figure 1 illustrates the complete topology and the two routing paths.

Preference

Agent

Orchestrator
Agent

Session Init
Agent

Security Guard
Agent

Synthesizer
Agent

Verifier Hybrid Search
Agent Agent

Memory Agent

. Background Task: I
f run_memory_agent :

Figure 1 Silent recommendation pipeline as a directed acyclic graph of eight agents. Each
node represents one agent; directed edges encode execution order; the conditional fork at the
Orchestrator Agent implements the two-route logic. The five infrastructure components (FastAPI,
Qdrant, PostgreSQL, Apache AGE, Ollama) are shared across all agents and summarised in Table 1.
Route 1 (cold-start or insufficient profile) bypasses the Preference Agent and enters directly at the
Hybrid Search Agent. The Memory Agent dispatches a non-blocking background task after the
HTTP response is delivered (dashed arrow), adding zero latency to the critical path.



D.S. Eleuterio, P.F. Oliveira, and P. Matos

The infrastructure layer supporting all agents comprises five components: (i) a FastAPI
application (a high-performance Python web framework) with an asyncpg connection pool
for non-blocking database access; (ii) Qdrant as the vector database — a dedicated engine for
approximate nearest-neighbour search — hosting the product_vectors collection of 1024-
dimensional bge-m3 (BGE Multilingual Embedding model) embeddings indexed with HNSW
(Hierarchical Navigable Small World graphs, providing logarithmic-time approximate search);
(iii) PostgreSQL as the relational database for purchase history, interaction signals, and
product metadata; (iv) Apache AGE (A Graph Extension) as the property graph layer
deployed on the same PostgreSQL instance, enabling Cypher-language graph queries for
collaborative filtering edges and user preference graphs; and (v) Ollama as the local model-
serving runtime for both the bge-m3 embedding model and the Llama 3.1 8B generative
model. Table 1 summarises the stack. Running all inference locally eliminates external API
dependencies and satisfies B2B data privacy requirements [4]. The 4-bit quantisation of
Llama 3.1 8B reduces VRAM requirements to approximately 5 GB while retaining over 96%
of full-precision instruction-following quality [3].

Table 1 Technology Stack.

Component Technology

Orchestration LangGraph StateGraph (DAG, 8 agents)
API layer FastAPI 4+ asyncpg connection pool
LLM inference Ollama — 1lama3.1:8b-instruct-q4_K_M
Embeddings bge-m3 (1024 dims) via Ollama

Vector database Qdrant (product_vectors collection)

Relational database PostgreSQL (asyncpg)

Knowledge graph Apache AGE (property graph on PostgreSQL)
Observability LangSmith (optional distributed tracing)
Demo interface Streamlit

3.2 Session Init and Security Guard Agents

The Session Init Agent reads the session hash, authentication state, and language code from
the incoming request payload, initialising the shared AgentState. The Security Guard Agent
applies pattern-matching screening for prompt injection tokens and logs every request to
the observability layer. Full adversarial detection logic is deferred to the post-prototype
phase; the stub ensures that the guard position is architecturally established from the outset
and can be progressively hardened without modifying downstream agents. Furthermore,
it is important to note that the current topology deliberately omits a Corrective RAG
(CRAG) Evaluator node. This component acts as a placeholder in the overarching VIMOS
architecture, intended for future integration to actively grade retrieval relevance and trigger
fallback searches if vector candidates fall below a semantic similarity threshold. Documenting
its absence clarifies the intended scope of the current pipeline.

3.3 Orchestrator Agent and Session Routing

The Orchestrator Agent applies a two-condition routing decision. If the session is anonymous
or the authenticated user’s behavioural signal count falls below a minimum completeness
threshold, the graph follows Route 1 — entering directly at the Hybrid Search Agent with a
pre-built generic query. Otherwise, Route 2 is taken, passing through the Preference Agent
and the Hybrid Search Agent. This routing decision is fully deterministic and guarantees that
every session exits the pipeline with a non-empty recommendation list — a design invariant
enforced by the four session modes described in Section 3.5.
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3.4 Preference Agent and Behavioural Scoring

For authenticated sessions with sufficient behavioural history, the Preference Agent computes
weighted (category, brand) affinity scores from two relational sources: purchase history
records and interaction signals.

Purchase history contributes a fixed weight of 5.0 per completed transaction. Interaction
signals span six event types — view, 3D model open, AR view, wishlist add, cart add, and
purchase — each assigned a base weight w; and scaled by a temporal decay factor 7:

. tspent
‘ —wy X T, - fspent 4
score(e) = wy X T T mm( 300 )

where tgpent is the session dwell time in seconds (capped at 300). The weight hierarchy —
view (w=0.5) through purchase (w=>5.0) — reflects purchase intent: 3D and AR interactions
carry elevated signal value relative to passive views, consistent with findings on augmented
reality engagement in e-commerce [10, 2]. Scores are aggregated per (category, brand) pair
across all historical events, and the top-3 pairs by cumulative score are emitted as the
preference_profile for the Hybrid Search Agent.

This deterministic scoring approach treats the stream of {event_type, time_spent,
timestamp} tuples as an implicit query language — a non-textual signal vocabulary sub-
sequently projected into the same semantic embedding space used for natural language product
queries. The novelty lies in applying LLM embedding machinery to behavioural telemetry
rather than text, positioning the whole system as a language-processing pipeline operating
on a structured behavioural signal language rather than a conventional recommendation
algorithm.

3.5 Hybrid Search Agent and Session Modes

The Hybrid Search Agent implements four session modes covering the full authentication
and profile-completeness space. Figure 2 illustrates the decision logic.

Mode B
No Partial profile + cookies bge-m3
+ recent_views

Profile

i ?
Authenticated? Sufficient?

No Yes

Mode A
Behavioural +
Collaborative bge-m3 + AGE
graph

recent_views
in cookies?

Yes No

Mode C Mode D
Cookie-based bge-m3 Cold-start popularity
per viewed item fixed query — bge-m3

Figure 2 Four session routing modes of the Hybrid Search Agent. Every mode guaran-
tees a non-empty candidate set. All candidates carry {product_id, score, source}, where
source € {behavioural, collaborative, cookies, popular}.
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Mode A — Authenticated, full profile. For each of the top-3 (category, brand) pairs from the
Preference Agent, a synthetic textual query is constructed and embedded with bge-m3, then
submitted to Qdrant (top-10 per pair). Concurrently, a Cypher query is executed over Apache
AGE to retrieve collaborative filtering candidates: users sharing at least three purchases
with the current user whose additionally purchased products are not yet in the current user’s
history. Semantic and collaborative candidates are merged and tagged accordingly.

Mode B — Authenticated, insufficient profile. Dense embedding search proceeds with
available partial preference data; recent_views cookie values complement the candidate set.

Mode C — Anonymous with recent_views. Each product identifier in the cookie is
embedded individually with bge-m3; the top-10 results per item are merged and tagged
cookies.

Mode D — Anonymous cold start. A fixed popularity query is embedded and submitted
to Qdrant; all candidates are tagged popular.

4 \Verification and Memory

This section details the two components that run at the boundary between retrieval and
response delivery. The Verifier Agent (Section 4.1) enforces strict business constraints —
stock availability and confidence thresholds — and introduces a novel engineering pattern to
overcome a structural limitation of stateful graph pipelines. The Memory Agent (Section 4.2)
asynchronously persists inferred user preferences to the knowledge graph after the HTTP
response has already been delivered, ensuring zero impact on response latency.

4.1 The Two-Shot Verifier Pattern

The Verifier Agent implements a practical engineering solution to a specific state constraint
inherent to LangGraph-based agentic RAG pipelines: the products metadata dictionary
cannot be pre-loaded into the graph at construction time because the candidate product
identifiers are only known after the retrieval agents have executed. Loading metadata for all
possible products at graph initialisation is impractical at catalogue scale. While executing a
targeted SQL fetch within a designated LangGraph node is theoretically possible, the graph’s
static AgentState schema typically requires pre-defined structures that complicate dynamic
metadata injection for an arbitrary and unpredictable set of candidate identifiers at runtime.
The two-shot pattern bypasses this limitation.

The two-shot pattern resolves this by executing the pipeline twice around the verifier
boundary, entirely outside the LangGraph execution engine, in the Fast API endpoint handler.
Figure 3 illustrates the full flow.

The Verifier Agent applies a three-tier confidence scoring model. Let p = napproved/Mtotal
be the fraction of candidates passing stock and availability validation (stock > O AND state
= 5). If p > a = 0.75, the response is emitted directly with no annotation. If 5 <p < a (8 =
0.50), a verifier_warning flag is attached to the response. If p < 8, an escalation_flag
is set for manual review. In production mode (GPU >12GB VRAM), the Verifier Agent
additionally invokes Llama 3.1 8B to generate a 15-word semantic justification per approved
product at temperature 0.0, producing deterministic, human-readable explanations. In the
development environment described here this LLM step is disabled due to shared VRAM
constraints between bge-m3 and the language model.
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Shot 1 (LangGraph)

Metadata Fetch (FastAPI)
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Shot 1 (LangGraph)

Invoke graph with Re-run Verifier with

metadata = {}

|

\
: Extract product_ids
|
|
|

Verifier Agent |
|
|
|
|
|
|
|

real metadata

! |

N e

Confidence scoring:

|

|

|

|

|

SQL: fetch_products_by_ids() P = appe | mggal :
|
|
|
|
|
|

rejects all candidates
J \

s l i N s i B
Capture Build products_metadata Synthesizer Agent
retrieved_chunks dict formats final response
N J N
/ ! /
\ Y \ Y
,,,,,,,,,,,,,,,,,,,,,,,,,

Exit Graph Context Re-enter Graph Context

Figure 3 The two-shot verifier pattern. Shot 1 uses the LangGraph graph purely for retrieval;
the Verifier Agent’s intentional rejection exposes the candidate product_ids. After a targeted SQL
metadata fetch, Shot 2 re-executes only the Verifier and Synthesizer Agents outside the graph, with
real product metadata. This pattern is reusable in any LangGraph pipeline requiring post-retrieval
metadata validation.

4.2 Memory Agent and Asynchronous Graph Writing

The Memory Agent node within the LangGraph graph is a pass-through. Its actual logic ex-
ecutes after the HTTP response has been delivered to the client via asyncio.create_task(),
ensuring zero added latency. The background task executes three sequential steps. First, it
records the recommendation event in the relational database. Second, it invokes Llama 3.1 8B
with an entity extraction prompt to identify {categories, brands} from the recommendation
context. Third, it writes to the Apache AGE property graph, creating or reinforcing directed
(user)-[:INTERESTED_IN]->(category) and (user)-[:INTERESTED_IN]->(brand) edges
weighted by the recommendation source type. A CONTEXT_SHIFT heuristic flags sudden
divergences between new preference signals and the user’s established graph profile, recording
them as potential persona changes rather than overwriting historical preferences.

Failure of the background task is logged but does not affect the delivered recommendation:
the design invariant is that graph memory enriches future sessions without threatening the
current one. This non-blocking pattern ensures that even under hardware constraints, the
knowledge graph progressively accumulates richer preference structure across user sessions.

4.3 Synthesizer Agent and Response Format

The Synthesizer Agent is the final node in the LangGraph pipeline and is responsible for
serialising the validated recommendation set into a structured API response. Its output carries:
(i) the anonymised session identifier; (ii) an ordered list of product recommendations, where
each entry includes the product identifier, name, category, similarity score, recommendation
source tag (behavioural, collaborative, cookies, or popular), semantic justification
(when the LLM step is active), and current stock status; and (iii) the end-to-end pipeline
latency in milliseconds. This structured format is consumed directly by the VIMOS frontend
to render source-coded recommendation cards, as illustrated in Figures 4-6.
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5 Experimental Setup and Validation

This section describes the experimental context used to validate the proposed architecture.
The evaluation targets functional correctness rather than large-scale benchmarking: given the
prototype scope of the VIMOS project, the goal is to confirm that all pipeline components
behave as specified across every session mode, and that the end-to-end latency is compatible
with real-world deployment.

The case study is a B2B dental and industrial tools marketplace prototype. A Streamlit-
based demonstration interface exposes all four session modes of the pipeline (authenticated
with full profile, authenticated with partial profile, anonymous with cookie history, and
anonymous cold-start) and connects directly to the FastAPI backend. All components — the
vector store, relational database, knowledge graph, and LLM runtime — run locally on a
single development machine, with no external API calls. Screenshots from this interface
illustrate representative outputs for each session mode (Figures 4-6).

Selectuser B Mode A — Authenticated (Behavioural + Collaborative)

User1—Dr. Ana Costa-De... v

@ 14 Recommendations
® User profile

 Behavioural " Behavioural

#1 — Synthetic Suture 4/0 19mm #2 — Dental Needle 30G 25mm

#3 — Synthetic Suture 3/0 25mm

 Behavioural
#5— Sof-Lex Disc 12.6mm #6 — Tetric EvoCeram Bleach XL

# Get Recommendations

 Behavioural " Behavioural

Fil Pipeline Debug #7— KFiles 25 21mm #8— Diamond Burs FG 016

session_mode: Hode A

top_pair

n_candidates: 14

Figure 4 Demo interface: authenticated user with full behavioural profile (Mode A). Recom-
mendation cards are annotated with colour-coded source badges — blue indicates a behavioural
candidate (derived from the user’s own interaction history) and green indicates a collaborative
candidate (derived from similar users’ purchase histories) — alongside a numerical similarity score
and an in-stock indicator.

5.1 Synthetic B2B Dataset

A synthetic dataset was seeded into PostgreSQL and indexed into Qdrant to enable repro-
ducible validation independent of live production data. The dataset comprises 40 products
across four B2B categories: construction tools (brands Bosch, DeWalt, Makita), dental
supplies (brands 3M, KaVo, Ivoclar), hospital and medical equipment, and lifestyle goods.
Product descriptions were generated as PDF documents and ingested via a synchronisation
pipeline using bge-m3, producing 83 vector points in the product_vectors Qdrant collection.

The user base comprises 25 synthetic users grouped into three purchase clusters: a dental
cluster of 9 users, a construction cluster of 6 users, and a hospital cluster of 5 users. Over
100 interaction records spanning all six interaction types were seeded. The Apache AGE
graph was populated with structural and semantic edges providing collaborative filtering
paths between users with shared purchase history.
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While the current scale of 40 products and 25 users represents a limitation for evaluating
large-scale retrieval performance, it is sufficient for the functional validation of the agent
routing logic presented here. Future scaling to thousands of technical B2B products is
structurally supported by the underlying infrastructure: Qdrant’s HNSW index guarantees
logarithmic search time complexity O(log N), and Apache AGE’s indexed property traversals
ensure that collaborative filtering performance remains stable as the user graph expands.

5.2 Demonstration Interface

A Streamlit application (a Python-based rapid web Ul framework) was developed to demon-
strate all session modes and to generate the screenshot figures presented below. It calls the
FastAPI endpoint directly and displays colour-coded source badges (blue for behavioural,
green for collaborative, orange for cookies, grey for popular), similarity score bars, stock
status indicators, and a pipeline debug sidebar showing the active session mode, computed
preference pairs, and candidate count.

Figure 4 shows an authenticated user session with a full behavioural profile, where both
behavioural and collaborative source badges are visible. Figure 5 illustrates an anonymous
session relying on recent_views cookie data. Figure 6 shows a cold-start anonymous session
where the popularity fallback fires and all recommendations carry grey source badges.

Session mode B Mode C — Anonymous + recent_views cookies
Authenticated user
® @ Anonymous — recent_views
cookies

@ 15 Recommendations
% Anonymous — cold start

#2— Diamond Burs FG 016
Cooke preset (recently viewed products) - ’

Dental tools (Cat 2) v

Brocas Diamantadas FG 016 k 2350 XT Enamel A3

Lima 521mm

@ Cookie context

Dental Needle 30G 25mm

+ Kiles2521mm

* Filtek 2250 Composite A2

(one product name per o
® ‘

Figure 5 Demo interface: anonymous user with recent_views cookie history (Mode C). Each
previously viewed product identifier from the cookie is embedded and used to retrieve semantically
similar products; all recommendation cards carry orange cookies source badges, reflecting that no
authenticated behavioural history is available.

5.3 Validation Protocol and Results

The validation suite executes 20 test sessions covering all four session modes and both
authentication states. Five functional criteria were defined:

C1 — Liveness: All 20 sessions return HTTP 200 with a non-empty recommendation list.
C2 — Category Precision: At least 80% of recommended products for authenticated users
belong to the user’s preferred categories as identified by the Preference Agent.
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on B Mode D — Anonymous cold start (Popularity fallback)
cookies

@ 15 Recommendations

® % Anonymous — cold start

Popular Popular

#1— AquaPure Screw-top Cap #2 — Disinfectant Wipes

Popular Popular
#3 — Polar Thermal Bottle 750mL #4 — Disposable Cap (100pcs)

# Get Recommendations.

H Pipeline Debug
#7 — Mini Thermal Bottle 500mL #8 — Hydroalcoholic Sol. 500mL

n_candidates: 15

Figure 6 Demo interface: anonymous cold-start session (Mode D). No authenticated profile or

cookie history is present; the pipeline falls back to a fixed popularity query submitted to Qdrant.

All recommendation cards carry grey popular source badges and the session debug panel confirms
the cold_start mode label.

C3 — Collaborative Coverage: At least one collaborative-source candidate appears in the
recommendation list for users with sufficient purchase overlap.

C4 - Stock Compliance: 100% of recommended products satisfy availability and stock
constraints.

C5 — Latency: End-to-end response time meets the production target of <4s with warmed
models.

Table 2 summarises the outcomes. All five criteria were satisfied. An integration test
suite of 10 automated tests also passed in full, covering individual agent behaviour, routing
logic, and end-to-end API responses across all session modes.

Table 2 Validation Results — 20 test sessions.

Crit. Description Result Status
C1 HTTP 200 + non-empty list 20/20 Pass
C2 >80% category precision (auth.) 100% Pass
C3 >1 collaborative candidate Confirmed Pass
C4 100% stock and availability 100% Pass
C5  Latency <4s (warm models) 3.4s avg Pass

To demonstrate the added value of the multi-agent approach without extensive new
benchmarking, a functional comparison against a standard Collaborative Filtering (CF)
baseline was analyzed over the synthetic dataset. While a standard CF approach successfully
identified candidates for the authenticated user cluster with rich purchase histories (achieving
parity with Mode A), it fundamentally failed (0% candidate generation) for anonymous
cold-start sessions (Mode D) and recent-views scenarios (Mode C). By contrast, the proposed
hybrid multi-agent system guarantees 100% candidate coverage across all session modes by

seamlessly orchestrating fallbacks to semantic embedding similarity and popularity metrics.
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5.4 Latency Analysis

System latency exhibits significant variance depending on the underlying hardware en-
vironment, necessitating a clear distinction between architectural overhead and hardware
constraints. In the baseline development configuration (constrained to a GPU with 8 GB of
shared VRAM), the bge-m3 embedding model and the Llama 3.1 8B language model are
forced into sequential allocation and offloading per request. This VRAM bottleneck produces
end-to-end latencies of 6.0 to 8.0 seconds.

However, this is strictly an infrastructural limitation. When deployed on hardware with
>12 GB of VRAM - allowing both models to reside concurrently in memory — the end-to-end
execution for an initial session request drops to approximately 3.4 seconds, comfortably
satisfying the sub-4-second production target. Profiling the pipeline execution reveals that
the dense embedding generation (bge-m3 projecting the synthetic queries) and the subsequent
Qdrant vector retrieval dominate the computational overhead. Conversely, the deterministic
data retrieval operations — encompassing both standard PostgreSQL relational queries and
the Apache AGE Cypher graph traversals — demonstrate high efficiency, contributing a
negligible combined latency of less than 100 ms.

Finally, it is important to note that activating the LLM-driven semantic justification
within the Verifier Agent (which was disabled during this specific benchmark to preserve
memory) introduces an estimated generation overhead of 1.5 to 2.5 seconds per request
on dedicated hardware [3]. The decision to enable this feature represents a strict trade-off
between explanatory transparency and operational latency. Enabling the LLM step pushes
total pipeline execution to approximately 6.0 seconds. While 6 seconds introduces significant
friction for standard reactive web interfaces, this latency is highly acceptable — and deliberately
accounted for — in the context of the VIMOS project. Because the recommendation engine
operates silently in the background while complex 3D scenes and AR assets are loading,
the user’s attention is occupied by spatial exploration, effectively masking the generation
overhead.

5.5 Cold-Start and Edge Cases

The cold-start anonymous path was exercised in 5 of the 20 sessions; the popularity fallback
returned non-empty results in all cases. The anonymous-with-cookies path was tested with
simulated recent_views payloads, and semantic similarity correctly retrieved products from
the same category as the viewed items in every case. The escalation flag (p < 8 = 0.50) was
not triggered in any session, consistent with the synthetic dataset having complete stock
information for all products.

6 Conclusion and Future Work

This paper presented a silent multi-agent product recommendation engine for the VIMOS
platform, demonstrating that the proposed agentic RAG pipeline — combining graph-based
orchestration, dense semantic vector search, and knowledge-graph collaborative filtering —
can effectively power non-conversational, proactive recommendations derived purely from
behavioural signals, with all inference running locally and no external API dependencies.
The system frames purchase events, interaction type codes, and dwell-time values as an
implicit signal language processed through the same LLM embedding infrastructure used for
natural language queries.
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The primary architectural contribution is the two-shot verifier pattern, a reusable solution
to the tension between dynamic candidate generation and static graph execution boundaries
that arises in any LangGraph pipeline requiring post-retrieval metadata validation. Session-
adaptive four-mode routing ensures non-empty recommendations for every user profile, from
fully authenticated buyers to cold-start anonymous visitors. Validation across 20 synthetic
B2B test sessions confirms 100% product availability compliance, 100% category precision
for authenticated users, and 3.4 s end-to-end latency with warmed models. All inference runs
locally with no external API dependencies.

Several directions remain for future work. The semantic product search assistant —
supporting free-text queries, action-verb contextualisation, and multimodal image upload —
and the 3D spatial context assistant — combining Apache AGE multi-hop reasoning with
dense retrieval over technical PDF manuals — will complete the VIMOS multi-agent ecosystem.
RAGAS evaluation [9] will provide rigorous quantitative assessment of retrieval precision,
context recall, and faithfulness for the conversational assistants. Production deployment on
a GPU with >12GB VRAM will validate the <4 s latency target with the LLM reasoning
step enabled. Apache Airflow will be introduced for scheduled ETL synchronisation between
the production catalogue and the Qdrant index. Finally, the two-shot verifier pattern will be
formalised as a reusable LangGraph component applicable to any pipeline where retrieval-time
candidate identities are required for post-retrieval validation.
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