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Abstract
As Generative AI (Gen-AI) continues to evolve rapidly, its potential
to transform supply chain operations remains largely unexplored.
Narrowing in on retail supply chain, this paper presents a taxon-
omy diagram that categorizes trends in Gen-AI adoption across
various functions thereby mapping current Gen-AI capabilities and
identifying immediate opportunities and potential challenges. We
identify several key patterns in Gen-AI integration, including the
automation of routine cognitive tasks, and enhancement of human
decision-making capabilities. We posit that while Gen-AI shows
immense promise in improving supply chain efficiency and re-
silience, successful implementation requires careful consideration
of existing workflows, user capabilities, and organizational readi-
ness. Finally, we present a cohesive vision for scaling Gen-AI in
Supply Chain operations. Ultimately, this position paper provides
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insights for both practitioners looking to implement Gen-AI solu-
tions and researchers exploring the future of AI in and for supply
chain management.
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1 Introduction
An age-old adage warns that if the only tool one has is a hammer,
every problem begins to look like a nail. This wisdom feels espe-
cially relevant today in retail supply chain management, where the
rapid rise of Generative AI (Gen-AI), particularly Large Language
Models (LLMs), has sparked both excitement and caution. On one
hand, some organizations are eager to wield Gen-AI as a univer-
sal solution risking misapplication by force-fitting into complex
logistics workflows. On the other, others remain hesitant, wary
of the hype or overwhelmed by the pace of change, potentially
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Gen-AI in Retail Supply Chain

Forecasting & Planning
supports the purchase phase through
demand prediction, scenario planning,
and real time forecast adjustments

Demand Sensing & Pattern Recognition
[12, 20, 25, 28, 35, 45, 48, 52, 55, 75, 88, 90]

Scenario Planning & Forecasting Adjustments
[1, 2, 31, 42, 59, 70, 86]

Procurement & Inventory
encompasses the supplier relationship
management, inventory optimization, and
risk assessment and mitigation

Supplier relationship & management
[5, 7, 19, 22, 30, 36, 43, 82]

Inventory optimization
[44, 50, 54, 62, 68]

Risk assessment and mitigation
[15, 27, 32, 40, 51, 54, 69, 72, 81]

Customer Experience
aligns with the sell phase, focusing on
the order tracking, delivery optimization,
and customer service automation

Order tracking & retail
[46, 47, 49, 64, 66, 83]

Customer service automation
[16, 17, 57, 61, 67, 76]

Delivery & route optimization
[8, 26, 33, 63, 73, 78, 80]

Figure 1: Taxonomy of Gen-AI applications across the retail supply chain, synthesized from a review of 60 empirical papers

missing out on early strategic advantages. The real challenge lies
not in a lack of technology or ambition, but in bridging the gap
between emerging AI capabilities and the nuanced, domain-specific
needs of supply chain operations. What’s needed is a structured,
techno-functional perspective: one that clarifies where Gen-AI can
meaningfully contribute across the retail supply chain lifecycle,
and how organizations can move beyond reactive experimentation
toward deliberate, value-driven transformation.

This position paper responds to this challenge of a missing
techno-functional paradigm to Gen-AI implementation. While tra-
ditional supply chain automation has targeted routine or manual
tasks, Gen-AI offers a new paradigm, providing cognitive augmenta-
tion for planners and operators, and customer-facing agents across
first, middle, and last miles. From forecasting demand and planning
procurement, optimizing warehouse workflows, to automating last-
mile customer communication, Gen-AI is not one hammer, but a
collection of precision instruments waiting to be intentionally and
intelligently matched with the right problems. We present a taxon-
omy and commentary grounded in a review of current empirical
work on Gen-AI in supply chain. We describe how Gen-AI can
augment the roles of typical supply chain personas such as plan-
ners, operators, and analysts across this spectrum. Next, we offer
practical insights for integration by leveraging Gen-AI to structure
unstructured data, enhance decision quality, and support resilient,
adaptive operations at an unprecedented speed and scale.

2 An Age of Generative AI
Since the advent of ChatGPT in late 2022, Generative Artificial Intel-
ligence (Gen-AI), particularly Large Language Models (LLMs), has
rapidly transformed multiple industries by demonstrating unprece-
dented capabilities in understanding, generating, and synthesiz-
ing human-like language [9, 56]. This technological breakthrough
represents the culmination of several decades of progress in nat-
ural language processing, with recent advances in computational
resources, dataset availability, and algorithmic innovation converg-
ing to enable systems of remarkable linguistic competence [14, 89].
The release of these powerful language models to the public has
accelerated their adoption and sparked widespread interest in their
potential to augment human capabilities across numerous domains
[11].

LLMs, such as GPT-3, GPT-4, and their derivatives, including
AI agents employ advanced neural network architectures, notably
transformers, enabling them to model extensive contextual relation-
ships within textual data and deliver highly coherent and relevant
outputs [10, 77]. These models leverage self-attention mechanisms
that allow them to capture long-range dependencies in text, while
their massive scale—often comprising hundreds of billions of pa-
rameters—provides them with a form of emergent intelligence that
surpasses previous approaches [38, 84]. The training process for
these models typically involves two phases: pre-training on vast
corpora of internet text to develop general language understand-
ing, followed by fine-tuning with human feedback to align outputs
with human preferences and safety constraints and in sophisticated
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methods - use of reinforcement learning to speed up the process
[18, 58].

This transformative technology has sparked significant academic
and industry interest due to its diverse applications across sectors
such as supply chain optimization, customer engagement automa-
tion, content creation, and data analytics [23, 89]. For example,
educational applications have emerged for personalized tutoring,
curriculum development, and research assistance [39, 41]. Even the
creative industries have been revolutionized through LLM-powered
tools for writing, design ideation, and multimedia content genera-
tion [24, 87].

As organizations integrate LLM-driven solutions, the landscape
of operational efficiency, strategic decision-making, and innovation
will evolve rapidly, necessitating ongoing research and rigorous
evaluation to address challenges related to accuracy, ethical con-
siderations, and sustainable deployment [4, 85]. The phenomenon
of "hallucination" where models confidently generate plausible
but factually incorrect information remains a significant obstacle
to reliable deployment in high-stakes domains [37]. Privacy con-
cerns persist regarding the potential for models to memorize and
reproduce sensitive training data [13, 53]. Additionally, the environ-
mental impact of training and deploying these increasingly large
models raises questions about sustainability [60, 65], while issues
of bias and fairness demand careful consideration as these systems
become more deeply embedded in societal infrastructure [4, 6].
Despite these obstacles, the rapid pace of innovation in LLM re-
search suggests that we are merely glimpsing the transformative
potential of these technologies in reshaping humans interact with
information systems. [9, 71].

To navigate the complex and rapidly evolving landscape of AI
adoption in supply chain management, it is helpful to think in
terms of a layered maturity model of AI capabilities. These range
from foundational automation where technology executes repeti-
tive, rules-based tasks to more advanced stages such as predictive
modeling, explainability, simulation, and real-time decision support.
As supply chain organizations increasingly explore Generative AI,
particularly Large Language Models, they often oscillate between
two extremes: either overextending the technology’s capabilities
by using it as a one-size-fits-all hammer, or hesitating to apply
it at all due to concerns around trust, complexity, or integration.
The challenge lies in recognizing that Gen-AI is not a monolithic
solution but a spectrum of tools that can be selectively aligned with
specific supply chain functions.

3 Current State of Gen-AI in Supply Chain
The integration of Generative Artificial Intelligence (Gen-AI) into
supply chain management represents an emerging frontier charac-
terized by both significant promise and notable research disparities.
Similar to adoption patterns observed across other domains, the
current body of knowledge in supply chain applications of Gen-
AI predominantly consists of narrowly focused empirical investi-
gations alongside a larger number of conceptual position papers
that envision and encourage more comprehensive implementations.
This uneven bifurcation in literature, between limited experimental
studies clustered around select use cases and broader theoretical

frameworks, signals the nascent stage of this technological applica-
tion to the domain.

For this paper, we initially identified relevant literature by con-
ducting systematic searches using academic databases and Google
Scholar for terms such as "Gen-AI AND supply chain AND retail"
and "LLM AND supply chain AND retail" restricting results to
English-language publications with emphasis on empirical studies
that elaborated on specific implementations and practical chal-
lenges. A critical methodological distinction was the deliberate fo-
cus on Generative AI technologies specifically, rather than broader
artificial intelligence applications documented extensively in prior
literature reviews and position papers [21, 34, 74] in the supply
chain domain. Building upon this foundation, the team then em-
ployed snowball referencing methodology, examining citations
within initial papers to discover additional relevant research, thereby
expanding the corpus through iterative citation network explo-
ration. Currently, this work-in-progress review incorporates nearly
50 technical papers spanning the functions across the retail supply
chain domain and Gen-AI applications. Similar to other researchers
describing supply chain [3, 29, 79] we then organize the current
state of research across the three primary domains of retail supply
chain: Forecasting & Planning (purchase phase through demand
prediction, scenario planning, and real time forecast adjustments),
Procurement & Inventory (supplier relationship management, in-
ventory optimization, and risk assessment and mitigation), and
Customer Experience (sell phase, including order tracking, delivery
optimization, and customer service automation).

3.1 Forecasting & Planning
Notably, several studies focus on demand sensing and pattern
recognition, leveraging Gen-AI to improve the granularity and
adaptability of forecasts. For example, researchers [75, 88] explored
transformer-based architectures for time-series demand forecasting,
often comparing their performance to traditional statistical meth-
ods. In [59] authors take on a hybrid analytics model to analyze
retail order data and better forecast next-time order delivery success
with enhanced explain-ability through LLMs. The key here is lever-
aging LLMs on top of traditional approaches to ensure informed
decision making and expedited action. In [1, 2, 48], authors leverage
different LLM powered frameworks that input queries in plain text
and output insights about the underlying optimization outcomes.
The papers highlight how LLMs can simulate demand shocks or
test operational strategies without the need for coded simulation
environments. These systems allow planners to explore possible
future scenarios through natural language interfaces. Finally, real-
time forecast adjustment is emerging as a distinct use case, with
authors [31] showing how zero-shot forecasting using LLMs can
act as a fallback or sanity check for existing models. This real-time
capability is particularly valuable for adapting to unforeseen de-
mand changes like weather events, especially in high-velocity retail
environments.

3.2 Procurement & Inventory
Gen-AI’s integration into procurementworkflows remains exploratory
but promising. In the area of supplier relationship management
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LLMs have helped in qualifying vendors, flagging compliance is-
sues, or drafting procurement communications [7, 19, 22, 30]. There
is also experimentation with using GenAI to respond to and resolve
invoice inquires and discrepancies. These systems reduce manual
overhead while supporting more dynamic, data-rich supplier in-
teractions. Inventory optimization is another focal area. Empirical
bodies of work in this area demonstrate how generative models sup-
port decisions such as reorder timing, quantity planning, and safety
stock calibration. Multiple studies explore the use of ChatGPT-like
assistants in retail inventory settings [50, 62, 68]. When it comes
to risk assessment and mitigation, Gen-AI is used to synthesize
multi-source risk data, including geopolitical and environmental
disruptions, however, researchers are cautious [32, 81] and discuss
broader implications.

3.3 Customer Experience
Gen-AI also plays a growing role in enhancing customer-facing
supply chain functions. In [66] for instance, authors build a Retail-
GPT that analyzes data from e-commerce transactions, customer
interactions, and sales records to predict consumer behavior while
other research [49] proposes using Gen-AI for a digital twin sys-
tem towards a low-carbon integrated freight transportation system.
For customer service automation, [17, 57, 67] provide empirical
evidence that GPT-based chatbots are innovative tools that can out-
perform traditional scripted bots in increasing sales and handling
complex order queries or troubleshooting, with increased satisfac-
tion and resolution speed. However, [16] caution how ChatGPT
can be abused to produce practical and realistic communications
used for phishing attacks on customers. Finally, delivery optimiza-
tion, especially in last mile, is another domain where Gen-AI tools
are being embedded. Researchers [8, 26, 63] are actively evaluat-
ing transformer-enhanced route planning and real-time dispatch
systems that adapt to urban congestion, delivery windows, and
dynamic constraints.

3.4 Potential and Missed Opportunities
Despite encouraging use cases, significant gaps remain in the inte-
gration of Gen-AI across the retail supply chain, particularly when
examined through the lens of first, middle, and last mile operations.
These known limitations hinder senior leadership from commit-
ting to significant investments while creating uncertainty about
which specific skill sets and technologies are essential for imple-
mentation. In first mile activities, such as forecasting and strategic
planning, Gen-AI is predominantly used for demand pattern recog-
nition and scenario generation. However, few studies explore how
these models can be embedded into continuous planning cycles or
interact with human decision-makers in live operational contexts.
Integration remains largely siloed and simulation-based. Within
the middle mile, which includes procurement, inventory, and dis-
tribution center operations, adoption is even more limited. While
generative models show potential for inventory policy optimization
and supplier communications, there is little empirical evidence on
their real-time deployment within ERP, warehouse management or
financial systems. Chatbots have predominantly been employed to
enable inventory management. The gap here lies in customizable
execution fidelity and system interoperability. The last mile, often

closest to the customer, shows greater Gen-AI experimentation par-
ticularly in order tracking, service support, delivery routing, and
order-specific notes for delivery drivers. Yet, these deployments
borrowing heavily from other contexts tend to remain front-end
focused, with limited insight into how they influence back-end
supply chain specific logistics or fulfillment strategies.

Collectively, these gaps suggest that while Gen-AI holds transfor-
mative promise, current implementations are preliminary, uneven,
and sometimes fragmented, requiring deeper system integration
and better alignment with operational workflows. Many of the cur-
rent applications are still disconnected from broader processes and
people in the supply chain ecosystem. Initiatives are often driven
by AI teams emulating chatbot architectures or recommendation
systems from other industries, underscoring a reactive rather than
proactive adoption pattern. This reveals a broader issue: the lack of
supply chain domain specific techno-functional solutions that align
Gen-AI capabilities with the operational realities and performance
metrics of supply chain management. For instance Gen-AI systems
are frequently evaluated based on generic metrics (e.g., coherence,
latency, token usage) instead of supply chain-relevant outcomes
such as order fill rate, cost per package, or customer satisfaction
scores. Without this alignment, Gen-AI risks being yet another
proverbial and expensive hammer applied indiscriminately across
different nails in the supply chain space.

4 Vision for Scaling Generative AI in Supply
Chain Operations

Our vision for scaling Generative AI across supply chain introduces
a Gen-AI-forward architecture allowing techno-functional devel-
opment (see Figure2). Our framework recommends beginning by
ingesting diverse raw data, both structured operational logs and
unstructured domain documents, into a sophisticated Knowledge
Synthesizer. This component leverages Large Language Models
for initial knowledge extraction, which can then be critically re-
fined through Business Intelligence Curation by functional domain
experts. The resulting validated knowledge is encoded into a com-
prehensive, dynamic Knowledge Graph. This graph will serve as a
central brain, fueling diverse applications like empowering business
intelligence teams to build specialized analytical agents, enabling
data science to develop advanced attribution models, and generat-
ing deep AI insights. All outputs are harmonized by an Orchestrator
Agent and surfaced through an intuitive user interface, creating a
continuously learning ecosystem that redefines operational intelli-
gence in complex supply chains.

4.1 Foundation: The Four Pillars
Central to our recommended Gen-AI architecture is a robust frame-
work anchored by four interconnected pillars, essential for sus-
tainable AI scaling: Knowledge Framework and Data Organization,
Data Architecture and Infrastructure, Domain-specific Agents, and
Response Quality and Model Validation.

4.1.1 Knowledge Framework and Data Organization The founda-
tional element of our vision is a sophisticated knowledge framework
designed to represent the complex interplay of supply chain people,
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Figure 2: This Architecture diagram presents our original Gen-AI architecture for supply chain operations, designed to move beyond siloed
deployments and enable intentional, end-to-end integration. At its core, the architecture addresses the current fragmentation in Gen-AI
adoption where isolated agents or models are deployed without systemic coordination or alignment to business goals. Our framework is
structured around interconnected layers: (1) a Knowledge Synthesizer that ingests structured and unstructured data using LLMs; (2) a Business
Intelligence Curation layer that encodes expert reviewed outputs into a dynamic, graph-based knowledge system; and (3) an Orchestration
Engine that powers domain-specific agents for Speed, Cost, Quality related KPIs responsible for optimizing discrete trade-offs. These agents
surface insights through a unified interface, with built-in human-in-the-loop feedback mechanisms to ensure transparency and alignment
with operational KPIs. What differentiates this architecture is its focus on techno-functional alignment: it is not just technically feasible, but
operationally grounded, bridging AI capabilities with the rhythms and realities of supply chain work.

processes, and metrics. We employ a property graph-based knowl-
edge representation system that surpasses traditional relational
data structures by modeling intricate connections and dependen-
cies inherent in supply chain operations. At its core, this system
is structured around a carefully constructed ontology, delineating
crucial classes such as Stages, representing various lifecycle steps
of a parcel; Events, capturing status changes and critical transitions;
Metrics, encompassing both predictive and lagging performance in-
dicators; and Entities, identifying different actors and objects within
the supply chain ecosystem.To ensure data integrity and consis-
tency, we implement a robust Master Data Management (MDM)
framework that establishes golden records for key entities and

maintains standardized taxonomies across systems. The framework
incorporates a sophisticated versioning system that tracks changes
to both the knowledge structure and its contents over time. This
includes version control for ontology updates, maintaining audit
trails of relationship changes, and ensuring backward compatibility
as the knowledge base evolves. Relationships among these classes
are meticulously defined and visualized as graph edges, enhancing
the AI systems’ ability to accurately interpret context and causality.
This structured representation effectively mitigates risks of halluci-
nations and significantly improves response accuracy from Gen-AI
systems.
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4.1.2 Data Architecture and Infrastructure Complementing the
knowledge framework is a scalable and performant data archi-
tecture tailored for extensive operational demands, with stringent
latency requirements (sub-second for critical operations, <10 sec-
onds for analytical queries). The infrastructure encompasses near
real-time data pipelines leveraging AWS’s distributed infrastruc-
ture, enabling rapid event processing across multiple availability
zones. It features scalable storage solutions (utilizing services like
S3, RDS, and DynamoDB) optimized to handle the diverse needs of
transactional and analytical workloads simultaneously. Advanced
feature engineering pipelines systematically transform raw data
into formats optimized for AI applications, ensuring readiness for
sophisticated modeling and predictive analysis. Data tables at vari-
ous aggregations are stored with appropriate encryption and access
controls, following AWS Well-Architected Framework principles.
Additionally, comprehensive data governance frameworks are in-
tegral to our approach, ensuring robust security protocols and
stringent compliance standards (including GDPR and CCPA) across
all data operations

4.1.3 Domain-specific Agents Recognizing that a generalized ap-
proach can dilute effectiveness, our framework emphasizes the
development of specialized AI agents that address targeted supply
chain functions. Traditionally, supply chain optimization has been
framed around the triad of speed, cost, and quality. However, these
priorities are often inversely competing, since improving one can
come at the expense of the others. For example, improving delivery
speed may increase operational costs or degrade packaging quality.
We propose a Gen-AI system where each priority is represented
by a domain-specific agent, e.g., a Speed Agent, Cost Agent, and
Quality Agent, each equipped with the ability to analyze context-
specific data and recommend optimal strategies within its area
of focus. Crucially, these agents are coordinated by a Supervisor
Agent or directed by a human user, who defines the business ob-
jective for a given period (e.g., maximizing speed during strategic
weeks or reducing cost during off-peak operations). This supervisor
role is not just about setting parameters, but also about receiving
transparent insights when trade-offs are made. Rather than hidden
optimizations, the system provides explainable outputs: why a de-
livery delay was accepted, why costs were higher for a particular
route, or how quality metrics were preserved under constrained
timelines. This kind of balance with goal-aligned orchestration,
currently difficult for supply chain leaders to achieve manually, can
become tractable and actionable through AI-driven collaboration
between specialized agents and human oversight.

4.1.4 Response Quality and Trust Calibration Ensuring consistent
reliability and accuracy is paramount, hence our model validation
pillar integrates extensive quality control mechanisms. Systematic
prompt engineering and robust management processes guaran-
tee consistency and precision in AI responses across diverse sup-
ply chain scenarios. Detailed response logging and comprehensive
analytics further enhance transparency and facilitate continual
improvement. Automated benchmarking against established per-
formance metrics ensures objective measurement of accuracy and
efficiency, complemented by regular human-in-the-loop review
processes to maintain quality and instill trust in AI outputs.

4.2 Recommended Operational Framework
The successful deployment of our Gen-AI vision necessitates clearly
defined roles and responsibilities across organizational teams. The
engineering team maintains and manages the core infrastructure
and data pipelines, ensuring seamless operational integrity. The
business intelligence team develops and sustains the domain-specific
agents, embedding functional expertise directly into the AI tools.
Science teams are tasked with model development and rigorous
validation, continuously enhancing model performance. Lastly, the
product team oversees the human-in-the-loop review processes and
drives comprehensive adoption of the system across organizational
units. In all these processes feedback and feed-forward mechanisms
are used in all possible setups. This framework provides a concrete
and more traditional roadmap for leadership to consider and plan
for investment.

4.3 Scaling Strategy
Our proposed scaling strategy leverages advanced cloud infras-
tructure capabilities to ensure seamless growth and sustained high
performance. The strategy includes automated scaling of computa-
tional resources, accommodating increased data volumes through
distributed processing frameworks. Load balancing mechanisms
effectively distribute computational demands across multiple spe-
cialized AI agents, maintaining optimal system responsiveness.
Furthermore, geographic distribution of infrastructure ensures low
latency and high availability, supporting global operational require-
ments. In some cases the scaling strategies also involve simpler
models distilled from more complex models and routing mecha-
nisms to decide which agents are called at any given point. Addi-
tionally, intelligent caching strategies and real-time performance
monitoring enable proactive scaling decisions, ensuring consistent
performance as the system grows from small-scale deployments to
enterprise-wide implementations.

4.4 Success Metrics
Evaluating the effectiveness of our Gen-AI scaling framework in-
volves a suite of quantifiable success metrics. Improvementsmust be
systematically tracked across operational efficiency metrics, num-
ber of decisions made, decision-making response times, quality of
decisions, prediction accuracy, recommendation relevance, adop-
tion rates of AI-powered tools, and tangible financial outcomes such
as cost reductions and service quality enhancements. This struc-
tured, comprehensive approach ensures continuous assessment
and improvement, promoting long-term operational excellence and
sustainable scaling of Gen-AI capabilities within complex supply
chain networks.

5 Recommendations for the Field
To drive innovation and progress in this field, we recommend orga-
nizations collectively invest in a new class of co-designed Gen-AI
systems (LLM models, and AI agents) that embed both technical
and functional expertise. These systems are as fluent in inventory
logic and logistics scheduling as in natural language or transformer
based technologies. This requires deep collaboration between AI
researchers and supply chain practitioners, alongside clear frame-
works that translate supply chain KPIs into Gen-AI design and
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evaluation. The following recommendations provide the techno-
functional roadmap for strategic Gen-AI integration across supply
chain.

5.1 Align Technical Design & Functional
Realities

Many current Gen-AI applications are built in technical silos, de-
signed to push the boundary of model capability rather than solve
field-based supply chain problems. This mismatch limits business
leadership enthusiasm and operational adoption. Gen-AI solutions
must instead be designed to mirror the natural decision cadence of
supply chain professionals— like daily replenishment tasks, weekly
forecast adjustments, or quarterly scenario planning exercises. Tools
should seamlessly plug into existing systems, embeddingAI-generated
recommendations into familiar planning or fulfillment workflows.
Importantly, interpret-ability and accuracy must be prioritized over
technical novelty. A Gen-AI tool should not only generate recom-
mendations but explain them in ways that align with operational
language and mental models as accurately as possible. For instance,
an LLM-based replenishment assistant should justify reorder sug-
gestions based on anticipated lead times, current inventory turnover,
and service-level targets—contextualizing the decision in real busi-
ness logic.

5.2 Democratize Role-Centric Empowerment
Widespread adoption of Gen-AI requires that the technology be
accessible to every actor in the supply chain ecosystem—not just
data scientists. Democratization of AI must empower planners,
buyers, warehouse supervisors, and customer agents to envision
themselves as users and co-designers of intelligent tools. Interfaces
must be intuitive, prompt formats adapted to real-world language,
and outputs tailored to diverse roles and levels of decision authority.
This is not just a matter of accessibility; it’s about changing how
people view their responsibilities. A planner should see see Gen-AI
not as an unfamiliar science initiative, but as their day to day job
assistant, which they are part owner in developing and enhancing.
Their assistant can help sanity-check assumptions, simulate alter-
native demand conditions, or draft communications to suppliers.
The planner must begin to provide valuable guidance to improve
the outputs of the AI models/agents. This shift requires cultural
transformation, embedding AI into the everyday identity of supply
chain professionals.

5.3 Build Just-In-Time AI Education
Given the real-time and high-pressure nature of supply chain work,
structured AI training sessions are often impractical. What’s needed
instead is a shift toward just-in-time, embedded education. AI learn-
ing should happen in the flow of work, through micro-lessons,
contextual tips, and task-aware prompts. For instance, an inven-
tory analyst using a Gen-AI dashboard might receive interactive
suggestions on how to refine input parameters or interpret results,
while a warehouse manager using an AI-Agent-based assistant
might be guided to phrase operational queries more effectively.
These interventions must be designed not as one-off trainings, but
as learning scaffolds that build intuition incrementally. Over time,

this model cultivates a more confident and AI-literate workforce
without disrupting operations.

5.4 Embed Technical Teams Within Functional
Domains

Achieving meaningful techno-functional alignment requires that
AI developers work side-by-side with supply chain professionals,
and supply chain professionals embrace AI in all possible aspects.
Rather than building tools in isolation, technical experts must be
embedded within operations teams to observe, co-design, and it-
erate on solutions. This model turns AI engineers into empathetic
problem solvers, who understand functional pain points and regu-
latory constraints, and who can tailor model behavior accordingly.
An engineer embedded within a logistics team, for instance, is far
more likely to design a routing assistant that accounts for vehicle
capacity, cut-off times, or carrier preferences. Such embedded col-
laborations also foster mutual trust essential for enabling iterative
model refinement and sustainable adoption.

5.5 Translate KPIs into Gen-AI Objectives
To ensure that Gen-AI tools deliver meaningful outcomes, theymust
be evaluated based on supply chain-specific performance metrics.
Current practice often centers on AI-native benchmarks like BLEU
scores or model perplexity, which are poorly aligned with business
impact. Instead, organizations must define clear mappings between
Gen-AI output and operational KPIs such as forecast accuracy, order
fill rate, inventory turns, on-time delivery, and customer satisfaction.
These KPIs should inform model fine-tuning, reward mechanisms
in reinforcement learning loops, and even the framing of Gen-AI
prompts. By doing so, AI systems will be optimized not just for
language fluency, but for supply chain efficacy.

5.6 Launch Cross-Functional Pilots at All Scales
Effective Gen-AI integration does not require massive infrastruc-
ture overhauls. Organizations can start small, with focused cross-
functional pilots that pair a single AI engineer with a domain ex-
pert such as a buyer, dispatcher, or inventory planner. These pilots
should focus on addressing specific, high-impact pain points, with
clear success metrics and rapid iteration. As trust grows and out-
comes are demonstrated, solutions can scale to broader teams. This
approach encourages grassroots innovation, accelerates feedback
cycles, and lowers the barrier to experimentation. Moreover, it pro-
vides the organization with reusable blueprints—models, prompts,
and interface components that can be adapted for other functions.

5.7 Foster a Culture of AI Curiosity and Agency
Ultimately, the shift to Gen-AI is not just technological but cultural.
Organizations must foster curiosity, experimentation, and a sense
of shared ownership over the evolution of AI tools. Supply chain
professionals should be encouraged to challenge AI outputs, pro-
pose new use cases, and customize interfaces to better suit their
workflows. Leaders should recognize and reward not just model
accuracy, but experimentation at the frontlines whether it’s a plan-
ner discovering a more effective prompt for demand simulation
or a warehouse lead using LLM models or AI agentic workflows
to onboard a new employee. When AI tools are shaped by users,
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and when users are empowered to shape them, adoption becomes
organic and innovation becomes continuous.

6 Closing Thoughts
To move forward, what is needed is a new class of co-designed
Gen-AI systems that embed both technical and functional expertise
systems that are as fluent in inventory logic and logistics scheduling
as they are in natural language. This calls for deeper collaboration
between AI researchers and supply chain experts, alongside clearer
frameworks to translate supply chain KPIs into Gen-AI training and
evaluation protocols. Only then can Gen-AI deliver the systemic
impact it promises across the full retail supply chain lifecycle. To re-
alize the full potential of Generative AI in supply chain operations,
organizations must thus move beyond reactive experimentation
and toward intentional, techno-functional integration. This means
aligning technological capabilities with the functional realities, con-
straints, and rhythms of supply chain work—from forecasting and
procurement to fulfillment and customer service. Achieving this
vision requires a collaborative approach that unites the perspectives
and skills of engineering, data science, and supply chain manage-
ment.

At the core of this transformation lies a pressing need to de-
mocratize AI. Today, most Gen-AI tools are confined to technical
teams or innovation pilots, far removed from the daily workflows of
planners, buyers, and warehouse supervisors. For Gen-AI to deliver
systemic value, it must be usable not just by AI scientists, but by
everyone including non-technical supply chain professionals. This
democratization entails more than simply making tools accessible.
It requires a cultural shift where supply chain professionals see
themselves not merely as executors of plans, but as collaborators
who enhance their workflows through AI systems. For example,
a demand planner should begin to see a large language model
not as a black-box forecaster built by an AI consultant, but as a
human-in-the-loop reasoning augmenter that can help simulate
across scenarios, cross-check logic or human error, or interrogate
assumptions.

However, we must acknowledge a key barrier in this vision:
time and operational bandwidth. Supply chain is a high-pressure
environment where decisions must be made quickly, often with
incomplete information. It is not always feasible for frontline pro-
fessionals to pause and enroll in structured AI training programs.
As such, AI education must be just-in-time, embedded, and con-
textual. Organizations should prioritize development of modular
micro-learning resources, interactive prompts, and AI co-pilot sys-
tems that teach users while they work. Instead of static tutorials
or centralized training, learning should be integrated into the task
flow. For example, helping a planner learn how to refine a Gen-
AI-generated scenario, or showing a warehouse supervisor how to
frame a question to a GPT-based inventory assistant. These mo-
ments of learning should be designed not as isolated classroom
exercises, but as productivity-enhancing on-the-job tools that can
help build intuition over time.

Simultaneously, technical teamsmust meet operations functional
teams where they are. This means hiring embedded science and
AI teams that work shoulder-to-shoulder with functional opera-
tors, not as external consultants, but as integrated problem-solvers.

These embedded roles act as bridges, translating functional pain
points into AI design opportunities and iterating solutions in real-
world environments. Rather than building generic Gen-AI tools
in isolation, AI developer teams must collaborate directly with de-
mand planners, logistics coordinators, or customer service leads
to re-imagine how AI can serve their specific decisions and con-
straints. This integrated model allows AI solutions to evolve in
tandem with business logic, regulatory shifts, and operational nu-
ance. Importantly, this techno-functional approach should not be
reserved for large enterprise teams. Even mid-size and regional
supply chains can adopt this model incrementally starting with
small, cross-functional pilots that pair AI engineers with inventory
planners or last-mile teams. Over time, these collaborations help
seed a new kind of organizational literacy: one where supply chain
operators are not only AI users, but active participants in shaping
what Gen-AI can do for their function.

In this next phase of Gen-AI integration, success will hinge less
on model sophistication and more on thoughtful orchestration—of
people, processes, AI-Agents, and perspectives. Engineering, sci-
ence, and operations must work in concert, not in silos, to build
Gen-AI systems that are technically sound, functionally relevant,
and human-centric in design. Only then can supply chains move
from fragmented experiments to strategic transformation.
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