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As ecommerce businesses scale, operational complexity grows 
exponentially. Traditional AI has helped automate discrete tasks
—product recommendations, chatbots, A/B testing—but these 
solutions still rely heavily on human orchestration. 

This is where Agentic AI comes in: a new paradigm where 
autonomous, goal-driven agents interact with both internal 
systems and external signals to make decisions, take actions, 
and continuously learn. This whitepaper explores the 
architecture, components, and real-world application of agent-
based systems in ecommerce.

At its core, an agent consists of
 A sensing mechanism, to perceive data and signals from 

various sources
 A reasoning engine to plan, prioritize, and decide the next 

best action.

For example
 A Search Agent can detect when shoppers frequently apply 

the same filter (e.g., “on sale”) and promote that facet 
dynamically for future queries

 A Conversion Agent can identify drop-offs on a product detail 
page and trigger layout adjustments, urgency messaging, or 
highlight key inventory insights mid-session.

netcoreunbxd.com 02

Agentic AI in ecommerce
In ecommerce, Agentic AI is particularly powerful due to the 
volume, velocity, and variability of data. Agents can be embedded 
at multiple layers of the ecommerce stack, working behind the 
scenes to optimize outcomes in real-time. Some core functions 
include:Introduction to Agentic AI

Agentic AI represents a fundamental shift from traditional AI 
systems that operate passively on demand to autonomous, 
intelligent entities capable of perceiving, reasoning, acting, and 
learning continuously. These agents are designed to pursue 
specific goals within complex environments while adapting to 
changing conditions, coordinating with other agents, and 
refining their strategies over time.

Monitoring shopper behavior in real time

Agents continuously ingest and analyze clickstream data, 
session activity, dwell time, filter selections, bounce patterns, 
and more. Unlike traditional analytics platforms that passively 
report this data, agents act on it—triggering UI changes, nudges, 
or re-ranking logic the moment a behavioral threshold is met.

 An action layer, to interface with APIs, tools, and internal 
systems

 A memory module, to retain contextual awareness, past 
outcomes, and role-based goals.
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Agents factor in

 Click-through and conversion rates per SK
 Competitor marketing shift
 Inventory positions and stock agin
 Promotional calendars and marketing pushe
 Localized trends by region or cohort

Agents factor in

 Why was this product ranked higher than others
 Why was a particular shopper segment targeted with a 

campaign
 Why did the search engine return this set of results?
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Generating and Executing Merchandising Strategies

Static, rules-based merchandising—such as pinning products or 
defining top sellers—is too rigid for the pace of modern 
ecommerce. Agents can autonomously suggest product 
placement, bundle configurations, and homepage layouts based 
on performance data, competitor trends, and demand forecasts.

Explaining AI-driven decisions

One of the primary challenges in deploying AI at scale has been 
the opaque nature of its decisions. Agentic AI introduces 
explainability agents—modules designed to audit and articulate 
the reasoning behind each automated decision.

They can then update Product Listing Pages (PLPs) and Product 
Detail Pages (PDPs) in real time using goal-driven logic, with 
approval-based human intervention.

Agents maintain a traceable decision log—detailing inputs, 
intermediate reasoning, tool interactions, and outcomes—
ensuring transparency for ecommerce teams across 
merchandising, marketing, and compliance functions.
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Agentic AIAspect Traditional Automation

Static, rule-based (e.g., 
“customers also bought”)Recommendations

Dynamic, personalized based on 
behavior, context, and real-time 

signals

Executes repetitive tasks 
based on fixed rulesDefinition Understands goals, adapts in 

real-time, and acts autonomously

AI-powered search with intent 
understanding, personalization, 

and autosuggest

Predefined filters and 
basic keyword search

Product

Discovery

Static dashboards, 
manual data pulls

Real-time insights, automated 
reporting, and proactive anomaly 

detection

Reports

& Analytics

Low – limited to 
known conditions

Highly adaptable to shopper 
behavior, trends, and market 

changes
Flexibility

Based on demographics 
or basic segmentation

Deep behavioral, psychographic, 
and RFM segmentation with 

evolving personas

Personal

Understanding

From LLMs to 
Reasoning 
Agents with 
Memory
The rise of Agentic AI is not a 
spontaneous leap—it is the result of 
a steady evolution in AI architecture 
and capabilities. To understand how 
agents function today, we must 
trace the technical journey from 
foundational language models 
(LLMs) to reasoning-driven agents 
with memory, tool-use, and 
autonomous planning capabilities.
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While powerful, early LLMs were stateless and passive—they 
responded to prompts without memory, goal orientation, or any 
understanding of consequence.

However, RAG still lacked reasoning capabilities. It could retrieve 
and generate, but not plan, evaluate, or act.

 Dynamic FAQs and support systems that reflect live product 
or policy updates

 Predict text and complete sentences contextuall
 Understand intent from structured and unstructured input
 Power chatbots, search relevance, and content generation

 This was a significant breakthrough for ecommerce, enabling:

 Context-aware search engines that surface relevant results 
using vector embedding

 AI shopping assistants that can ground responses in real-time 
catalog information

Phase 1: Large Language Models (LLMs)

Large Language Models such as GPT, BERT, and T5 revolutionized 
natural language understanding and generation. Trained on 
massive text corpora, these models developed the ability to:

Phase 2: Retrieval-Augmented Generation (RAG)

The next major evolution introduced RAG models, which combine 
LLMs with external knowledge retrieval mechanisms. Instead of 
relying solely on pre-trained parameters, a RAG pipeline fetches 
relevant documents or data from a vector database or content 
repository before answering.

This makes agents goal-oriented, multi-step capable, and 
operationally integrated—not just conversational.

 Tool use: Agents can interact with APIs, databases, search 
engines, pricing systems, recommendation engines, or CMS 
platforms to complete real-world tasks

 Planning and decision trees: Agents can deconstruct complex 
objectives into sub-tasks, prioritize them, and sequence their 
execution

 Autonomous execution: Once a goal is specified—e.g., 
“optimize product ranking for margin and click-through rate”—
the agent can independently determine the best tools and 
actions to fulfill it.

Phase 3: Agents with tool use and planning

The agentic paradigm builds on LLMs and RAG but introduces 
additional components:
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Agents now have mental models of their roles, responsibilities, 
success metrics, and collaboration protocols with other agents 
or human stakeholders. For example:

This memory-driven architecture allows agents to reason, not 
just predict—to adapt over time and learn from outcomes.

Agent, Search Agent, Personalization Agent, or Explainability 
Agent.

 A Personalization Agent knows it is responsible for tailoring 
PLPs and email recommendations, balancing relevance with 
inventory availability

 A Marketing Agent understands it must align landing page 
messaging with current promotional themes, seasonal trends, 
and segment-specific behavior.

 Short-term working memory, to maintain context during 
sessions or multi-step reasoning chain

 Long-term memory, to recall historical data, previous actions, 
shopper profiles, and business-specific configuration

 Role conditioning, where each agent is trained or fine-tuned 
with a specific operational objective—e.g., a Merchandising 

Phase 4: Memory and role conditioning

To operate effectively in ecommerce environments, agents 
require:
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At a high level, a production-grade agent in ecommerce consists 
of the following core components:

Examples:

 A Search Agent is conditioned to maximize retrieval relevance 
while balancing speed and dynamic filtering

 A Merchandising Agent is driven by SKU visibility, stock 
rotation, and promotional alignment.

Planning can be implemented via:

 Tree-of-Thought or Chain-of-Thought reasonin
 Hierarchical Task Networks (HTNs
 ReAct-style frameworks (Reasoning + Acting loops)

Goal conditioning and role definition

Each agent operates within a clearly defined role and objective 
space. This goal can be static (e.g., “rank products to maximize 
margin without sacrificing relevance”) or dynamic (e.g., “increase 
conversion in real-time based on shopper drop-off patterns”).

 What needs to be don
 In what orde
 With which features/tools

Planner module

The planner decomposes the goal into actionable sub-tasks. It 
determines:

 Pull clickstream trends over the last 3 hour
 Fetch live inventory count
 Call a pricing AP
 Re-score product
 Push layout changes to frontend via CMS integration

For example:

A request like “optimize PLP for a flash sale” may trigger a plan to:

Core architecture of agentic 
systems
Beneath every intelligent agent is a modular, extensible system 
architecture designed to reason, act, and adapt autonomously. 
Agentic systems are not monolithic models—they are 
orchestrated frameworks combining planning logic, memory, tool 
integrations, and feedback loops.

Agents are initialized with:

 Role-specific prompt templates or fine-tuned model
 Success metrics aligned with business KPI
 Contextual constraints (e.g., inventory thresholds, 

compliance requirements)
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Toolchain router/Action executor

Once a plan is formed, agents must interface with tools. This 
includes:

Agents are initialized with:
 Internal APIs (e.g., Search, Analytics, Catalog access and 

more
 External APIs (e.g., competitor pricing feeds, trend data 

sources
 Middleware, if applicable (e.g., CMS, email marketing 

platforms, experimentation systems)

The Toolchain Router handles:
 Tool selection based on function tags or embedding similarit
 Secure API call orchestratio
 Data formatting, authentication, and rate-limiting

Memory Engine

Agentic AI systems need short-term, episodic, and long-term 
memory layers:

 Short-term (working) memory stores context across steps in 
a tas

 Episodic memory logs interaction histories and past task
 Long-term memory includes shopper profiles, business rules, 

seasonal patterns, and historical performance data

This ensures that agents are not confined to language—they 
can act on the system.

 Built-in metric tracking (e.g., uplift in CTR, conversion, bounce 
reduction

 A/B testing integration
 Human-in-the-loop corrections (manual overrides, 

annotation)

Feedback loop and learning interface

Agents are not fire-and-forget. They evaluate the outcomes of 
their actions via:

This enables agents to recall patterns (e.g., "Mondays see 
higher CTR on sale banners"), adapt dynamically, and avoid 
stateless repetition.
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Collaboration protocol

In multi-agent environments, agents may need to coordinate. 
This requires:

Core Architecture of Agentic Systems

 Role handoffs (e.g., Search Agent to Pricing Agent
 Messaging frameworks (e.g., shared task queues or 

conversation logs
 Conflict resolution mechanisms (e.g., weighting 

strategies for competing goals)

This enables distributed autonomy—where multiple agents work 
together on end-to-end business workflows while staying 
specialized.

Goal Conditioning a

Role Definition


Initialize the agent with

role-specific objectives


and constraints

Memory Engine

Maintain short-term,


episodic, and long-term

memory

Feedback Loop

and Learning Interface


Evaluate outcomes

and adjust strategies

Collaboration Protocol

(Optional)


Coordinate with other

agents in multi-agent 


systems

Toolchain Router /

Action Executor


Interface with APls.and

services to execute tasks

Planner Module

Decompose the goal


into actionable sub-tasksOver time, this builds a closed learning loop—where every 
decision sharpens future decisions.

Advanced systems incorporate:
 Self-reflection prompts: “Was this strategy effective? What 

would I do differently next time?
 Retraining pipelines: Fine-tune agent behavior based on 

longitudinal feedback

https://unbxd.com/
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Outcome:
The agent dynamically reshapes PLPs, SRPs, and collection 
pages based on performance and context—at the category, 
shopper segment, or even session level.

Problem:
Traditional dashboards are retrospective. Actioning insights is 
slow, manual, and often ignored due to alert fatigue.

Outcome:
Analytics becomes proactive. Instead of waiting for weekly 
reports, the agent allows instantaneous reporting and a 
conversational interface for clarifying queries.

Agentic implementation:
 Continuously monitors behavioral metrics (conversion, 

engagement, drop-offs
 Detects anomalies, identifies causal factors, and generates 

hypothese
 Triggers micro-tests or alerts the appropriate team or agent 

for interventio
 Integrates with experimentation platforms for auto-

deployable test variants

Real-world implementation 
patterns and use cases
Below are six core agents that ecommerce businesses are 
deploying to replace static workflows with autonomous 
intelligence.

Merchandising agent: always-on product storytelling

Manual merchandising cannot keep pace with shopper intent, 
campaign shifts, or inventory dynamics. Product listing pages 
(PLPs) often take a lot of effort to avoid being outdated, 
irrelevant, or misaligned with business priorities.

Problem:

Agentic implementation:
 Monitors SKU-level click-through, add-to-cart, and sell-

through rate
 Incorporates stock positions, targets, and promotional 

objective
 Adjusts sort order, spotlight products, or suppress 

underperforming item
 Connects to the CMS or frontend API to push real-time 

layout updates

Analytics agent: from passive reporting to autonomous 
optimization

https://unbxd.com/
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Problem:
Ecommerce catalogs often contain inconsistent, incomplete, or 
low-quality product data. Manual enrichment doesn’t scale and 
limits discovery.

Outcome:
Improved discoverability, more accurate filtering, and better 
training data for downstream personalization and search 
agents.

Problem:
Static ranking models don’t adapt to changing shopper intent, 
seasonal context, or product lifecycle stages.

Outcome:
Search relevance evolves constantly, matching live shopper 
demand with business goals.

Agentic implementation:
 Re-ranks search results in real time based on current 

clickstream, cohort behavior, and inventory stat
 Runs continuous evaluation on query performance (CTR, 

refinement rate, exits
 Interfaces with ranking engine to update signal weights 

dynamicall
 Flags zero-result queries and proposes fixes (synonyms, 

boosts, schema gaps)

Agentic implementation:
 Ingests raw product feeds and maps attributes to schema via 

LLM-backed parsin
 Auto-generates missing attributes (e.g., style, fit, material, 

color) from descriptions or image
 Tags items with enhanced metadata for better faceting, 

filtering, and indexin
 Monitors quality and consistency across regions or 

storefronts

Feed and catalog enrichment agent: structuring at scale

In multi-agent environments, agents may need to coordinate. 
This requires:

Relevancy agent: real-time dynamic search optimization

In multi-agent environments, agents may need to coordinate. 
This requires:
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Problem:
Campaigns are still scheduled, segmented, and launched 
manually. Personalization is shallow, and response loops are 
delayed.

Outcome:
Campaigns become adaptive entities—self-generating, A/B 
tested, and continuously optimized for engagement and 
revenue.

Outcome:
Recommendations are no longer static—they evolve by the 
minute, aligned to shopper needs and business impact.

Agentic implementation:
 Tracks in-session signals (hover, scroll, dwell, filters
 Blends short-term and long-term affinities via persistent 

memor
 Learns intent-specific recommendation strategies (e.g., 

bundling vs. upselling
 Collaborates with other agents (e.g., Marketing or 

Merchandising) to sync goals
Agentic implementation:

 Builds micro-segments using behavioral and contextual dat
 Crafts and tests personalized subject lines, creatives, and 

CTA
 Adapts campaigns across channels (email, push, in-app) 

based on response rate
 Coordinates with personalization and product availability 

signals

Marketing agent: cross-channel campaign execution

Recommendations agent: intent-aware personalization

Most recommendation engines are siloed, static, or rely on 
simplistic collaborative filters that ignore context or short-term 
goals.

Ecommmerce

agent

Feed and catalog 
enrichment agent

Analytics agent

Relevancy agent

Marketing agent

Recommendations

agent

Beta

Ecommerce agent (E-commerce Strategy Leader)
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From intelligent features to 
intelligent systems

Ecommerce has long embraced AI for isolated enhancements—
recommendations, personalization, fraud detection. But with 
Agentic AI, we are entering a new era: one where intelligence is 
no longer an add-on but the core operating system of digital 
commerce.



Agents represent a shift from passive models to autonomous 
actors—entities that reason, remember, and take initiative. They 
operate continuously, learning in the loop, adapting in real time, 
and collaborating across functions like merchandising, 
marketing, search, and analytics. Each agent serves a distinct 
purpose, yet together they form a mesh of distributed 
intelligence capable of transforming how ecommerce 
organizations operate.



The transition to agent-first commerce will not be seamless. It 
demands re-architecting workflows, redefining trust models, and 
rethinking how teams collaborate with AI. But for companies 
willing to embrace this shift, the payoff is transformative: real-
time optimization, compounding intelligence, and a system that 
improves autonomously as it scales.

In the future, ecommerce systems won’t just react to data—
they’ll reason through it. They won’t wait for human prompts—
they’ll anticipate, plan, and act. That future isn’t hypothetical. It’s 
being built now.


Agentic AI is not a feature. It’s a foundation to adapt.
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Netcore Unbxd is an AI-powered platform that helps brands 
provide personalized customer experiences to scale online 
exponentially. Our commitment to revolutionizing ecommerce 
experiences has garnered us esteemed recognition, positioning 
us as a leader in Gartner® 2024 Magic QuadrantTM for Search and 
Discovery and the Forrester WaveTM: Commerce Search and 
Product Discovery, Q3 2023 report.

About Unbxd

netcoreunbxd.com

tel:+16502825788
https://unbxd.com/

