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A Framework for Finished Goods Safety Stock Estimation Using
Local LLM-Based Retrieval-Augmented Generation (RAG)

Hyoungwoo Cho + Woo-sik Yoo
Department of Industrial and Management Engineering, Incheon National University

This study proposes a local LLM-RAG-based framework for estimating finished-goods safety stock in high-mix
low-volume manufacturing environments. The proposed framework maintains a statistical safety stock
calculation as a quantitative anchor and complements it with context-aware reasoning using a local Large
Language Model (LLM) and Retrieval-Augmented Generation (RAG). The framework first preprocesses
ERP/MES data through SQL-based filtering and calculates dynamic indicators such as risk lead time,
seasonality, urgent-order volatility, demand trends, and open orders. These indicators are then injected into the
local LLM as structured RAG context to generate explainable safety stock adjustment rationales. The framework
was implemented using empirical data from an automotive parts supplier and applied to 180 finished-goods
items. The developed program generated safety stock output logs over 22 ASOF points from January to May
2026. Because safety stock is a policy-level reference value linked to production planning and MRP, the
quantitative evaluation was conducted using five monthly closing points. The results showed positive penalty
improvement in all monthly closing periods, while the delivery response proxy increased from 80.7% to 83.0%.
These findings indicate that the proposed framework can support context-aware safety stock adjustment by
jointly considering ABC grade, seasonality, demand trends, urgent-order volatility, and open orders, while
avoiding excessive weekly fluctuations in policy-level safety stock values.

Keywords: Safety Stock, Large Language Model (LLM), Retrieval-Augmented Generation (RAG), Inventory
Optimization
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Figure 1. Conceptual Positioning of the Proposed Local LLM-RAG Framework for Explainable Safety Stock Estimation
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Figure 2. Proposed Local LLM Based Context-Aware Hybrid Safety Stock Optimization Framework
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Table 1. Definition of Mathematical Symbols and Variables Used in Safety Stock Estimation

Symbol Definition Unit / Type Description
. . Index representing an individual customer order or delivery trans-
i Order index Index .
action
. Number of observed order and delivery transactions used to calculate
N Number of observations Count
CNT
Purchase order date of order
PODate, ) Date Customer purchase order placement date
i
DeliveryDate, | Delivery date of order (i) Date Actual delivery date or requested delivery date for order (1)
. Average duration between purchase order date and delivery date, rep-
CNT Customer net tolerance time Day . .
resenting customer-acceptable waiting time
Average manufacturing lead . . .
AvgLT g i & Day Average manufacturing or supply lead time by item
ime
) i i Net risk lead time calculated as (AvgL7— CNT)constrained to a min-
RiskLT Net risk lead time Day .
imum value of 0.01
Qurgent Urgent order quantity Quantity Order quantity classified as short lead-time or urgent orders
Qroral Total order quantity Quantity Total order quantity during the same observation period
uvi Urgent-order volatility index % Ratio of urgent order quantity relative to total order quantity
m Target month Month Target month evaluated for seasonality index calculation
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Table 1. Definition of Mathematical Symbols and Variables Used in Safety Stock Estimation (Continued)

Symbol Definition Unit / Type Description
s Seasonality index of month (m) Ratio Seasonality weight calculated by dividing the 3-year historical aver-
age demand of the target month by the overall monthly average demand
D Demand Quantity Shipment or demand quantity by item
ap Standard deviation of demand Quantity Standard deviation representing demand volatility by item
) . . Normal distribution-based safety factor reflecting the target service
Z Service-level coefficient Ratio
level
S8 ot Statistical safety stock Quantity Primary baseline safety stock calculated from mathematical statistics
Confirmed unfulfilled ord tity calculated by deducting ship-
OvenOrder Open order quantity Quantity onfirmed unfulfille ('>r er quantity calculate ‘y educting ship
ped quantity from total order quantity
Database field here the finalized AI-1T safety stock ti
ALSS QT | Al safety stock output field | Quantity / DB field alabase field nate where 'e fnaize safety stock quantity
is stored
L Time-series array or trend direction representing demand patterns
Trend,,,, |Twelve-month demand trend | Array / Direction
over the past 12 months
ABC ABC inventory grade Category Inventory classification g.rade in(?icailting item criticality or opera-
tional priority
AT Al 1-Tier RAG safety stock Quantity Final.AI-driven safety sto'cl'< generated by feeding .l-T.ier RAG con-
output text into a local LLM, utilizing SSstat as a quantitative anchor
. . Operator that selects the larger of two values; used to maintain a mini-
max( - ) Maximum operator Function . .
mum protective buffer even during severe off-peak seasons
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Table 2. Structure of the System and User Prompt for RAG Context Injection

Prompt Role Component

Injected Content & Instructions

System Prompt

You are an SCM and inventory management expert with 30 years of experience.
Role & Goal |- Analyze multidimensional indicators to determine the optimal safety
stock(Al SafetyStockQT)and return the rationale(Al Comment)in JSON format.

inventory for Grade B.

System Prompt

[Rule 1] Prioritize stockout prevention for Grade A, and prioritize the mitigation of obsolete

Expert - [Rule 2] Do not double-count confirmed open orders(Open Order)into the safety stock.
Guidelines |- [Rule 3] Use the seasonality index (SI) as a primary contextual signal to guide adjustment
direction, while comprehensively evaluating ABC classification, demand trend, UVZ, and
open orders to finalize adjustments.

User Prompt

quantity]

Item: [Item Code], Grade: [ABC Grade], SS stat: [Primary statistical safety stock quantity]
Item Context |- SI: [Seasonality index], UVI: [Urgent-order volatility index], Risk LT: [Net risk lead time]
(RAG) - Trend 12M: [Past 12-month monthly shipment array], Open Order: [Confirmed open order
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LLM reasoning trace and context injection

RAG Context Injection

~

o Item: 1PS-ES-0154A

« ABC Grade: A
(Prioritize stockout prevention)

« Sl (seasonality): 1.3

o UVI (urgent-order ratio): 15% E>

* 12-month trend:
[10K - 15K - 20K] (Rising)
o SS_stat (statistical baseline):
315,000 |

« Open orders: 5,000 |
(Do not double count)

Analysis: At the current ASOF,

Prioritize stockout prevention.

(Peak season) Ponptg| | Se@sonality and urgent orders || JSON
support an upward adjustment
to the statistical baseline of
315,000. The 5,000 open-order
units are already included in the
master production schedule

Agentic LLM Reasoning Final Output
Y
<SCRATCHPAD_REASONING> || ]
| "AI_SafetyStockQT":
Sl = 1.35 indicates peak season. | 378000,
| i
| "AL_Comment": "Prioritize
[pasing| | stockout prevention. Raise
: | statistical safety stock by
| | 20% to reflect SI 1.35 and
| ‘ the rising peak-season
[l trend. Do not double count
(MPS). Do not count them twice. || open orders."
| Result: Set target safety stock to [ } |
378,000 units, 20% above the ‘
) J

t statistical baseline.

Figure 4. LLM Reasoning Trace and Context Injection Process for Dynamic Safety Stock Estimation

@ High Seasonality (S1 > 1.2) & Grade A 0

Context
Entering peak season with critical items
that must not stock out.

SI>1.2 NCLEN  Open Orders

(Critical) (Any)

Al Behavior
(Defensive Stance)

Up-adjusts the safety stock
significantly above the
mathematical baseline (SS_stat).
SS stat AISS

O "Prioritize stock-out defense for A-grade
E during peak trend.”

o High Urgency (UVI) & High Open Orders ':g

Context uvi OpenOrders  Grade
lllusion of demand explosion due to High (= 10%) High (Any)
backlogged orders.

Al Bahavior
(Nervousness Pvevemmn)
Open Orders + Safety Stock
(Backlog) * g Buffer 1

Strict “No Double Counting.”
Excludes open orders from the
safety stock buffer.

X 0

GRS T TR

O “Open orders belong to the Master Production
= Schedule (MPS), not the safety buffer.”

o Low Seasonality (Sl < 0.8) & Grade C

Context

S1<0.8
Entering off-season with items prone
to becoming dead stock.
Al Behavior Down-adjusts the safety stock

(Overstock Defense) aggressively below the
. mathematical baseline.

SS_stat Al SS

O “Block dead stock accumulation for C-grade
e during declining trend.”

A

o System Exception (JSON Parsing Error)

Context ()] @ [ i

LLM reasoning failure, timeout, (<] (%]

or invalid JSON output. Re:?"’"‘“ﬂ Timeout Invalid JSON
ailure

Al Behavior
(Robust Fallback)

AR SS_stat
ﬁhj C % (Fallback)
(Retry x 3)

Bypasses the Al after 3 retries
and immediately falls back to the
Mathematical Baseline (SS_stat).

@ “Ensure 100% zero dowmtime for
E the APS system.”

Figure 5. Contextual Scenario & Al Behavior Matrix based on SCM Expert Guidelines
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Table 3. Experimental Environment Setup
Category Specification
Hardware On-Premise Local Server (GPU NVIDIA RTX 4090)
Database Microsoft SQL Server (Integrated ERP/MES view)

Al Model (LLM) [Qwen 2.5 (Local deployment via Ollama), Temperature0.2

Framework

Python 3.10, Pandas (high-performance vectorized processing), LangChain (RAG pipeline)

Target Data

180 key finished automotive press parts accounting for ~90% of cumulative revenue based on ABC sales contribution analy-
sis /Safety stock calculation logs across 22 As-Of (ASOF) evaluation timepoints (2026.01.01. - 2026.05.28)/Quantitative
performance comparison conducted focusing on 5 month-end finalized ASOF timepoints /36 months of historical orders,
inventory movements (receipts/issues), shipments, and confirmed open order data
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Figure 6. Conceptual Architecture of Integrated Routing Master Management and Synchronization for Data Integrity in HMLV (High-Mix

Low-Volume) Production Environments

Table 4. Examples of AI-1T Safety Stock Decision Types Based on RAG Context

Statistical Al Final

Item Code | Grade S?jnw/ (Past Ere;/i)nths) Safety Stock |  Safety (Ri:z::glogggil)e
(SSstat) Stock
[Oct: 10K, Nov: Identified as a Grade A item with an $SI$ of 1.35
1PS-ES-0154A | A |135/ 15% 15K, Dec: 20K 315,000 378,000 |and an upward demand trend; justified an upward
(Upward)] adjustment compared to the statistical safety stock.

Identified as a Grade B item entering an off-peak
period ($SI$ 0.70) with a downward demand trend,;
justified a downward adjustment considering ex-

[Oct: 50K, Nov:
1PS-EK-040BA| B |0.70 / 45% 30K, Dec: 15K 218,500 100,000

(Downward)] . .
cess inventory risks.

[Oct: 40K, N Maintained at a level similar to statistical safety
ct: , Nov:

stock to minimize unnecessary policy volatility,
IMF-DD1-001 | B 1.05 / 2% 41K, Dec: 40K 240,150 240,000

given low demand volatility and a stable recent

Stable
( ) trend.

Although UVTis high and unfulfilled orders exist,

[Oct: 5K, Nov: L

confirmed open orders are categorized into pro-

IPS-ES-0608A | A |1.10 / 50% 8K, Dec: 10K 12,500 12,500 . .
duction planning demand and are not dou-
(Upward)]

ble-counted into the safety stock buffer.
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Figure 7. Interface of the Local LLM-Based Inference Engine and Decision-Rationale Logging

&

3. RAG Context Reuse
(Reference for next
inference cycle)

Al-1T Safety Stock Reasoning
(Sub_SafetyStock_Al)

Analyzes ERP/MES metrics and

1. Proposes Al Safety Stock
Output & Al Comment

generates Al safety stock
with decision rationale.

~——
~—]

Knowledge Snapshot DB
(Al_Knowledge_Snapshot)

Stores manager’s feedback

syncnronously, high-speed \( _

CTE & Deadlock-proof updates.

2. Stores Human
Review Feedback

.v:

a2l

Human-in-the-Loop Validation
(310_Manager_Ul)
Domain expert reviews Al output,
adjusts quantities, and inputs
critical feedback/know-how.

Figure 8. Human-in-the-Loop (HITL) Feedback Architecture for RAG Context Reuse
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Table 5. Definition of Symbols Used in Performance Evaluation Metrics

Symbol Definition Unit / Type Description
m Monthly closing evaluation point Month Performance evaluation timepoint based on monthly closing
i Item index Index Index representing evaluated finished product items
Number of evaluated items at
N, Count Number of finished goods items evaluated at month-end closing point (m)

month (m)

Safety stock quantity of item (i)
at month (m)

Quantity

i,m

Safety stock quantity of item (i) evaluated at the month-end closing point

(1)

Statistical baseline safety stock

Baseline safety stock vector calculated via the statistical formula at

S, antity vector
stat.m vector at month (m) Quantity v month-end, serving as the benchmark in this study
AI-1T safety stock vector at . Al-driven final safety stock vector generated by feeding 1-Tier RAG con-
ANT, Quantity vector . . o
month (m) text into the local LLM, utilizing SSstat,m as a quantitative anchor
ALT AI-1T safety stock quantity of Quanti Final safety stock quantity generated by the AI-1T model for item (i) at
uanti
o item (i) at month (m) v the month-end closing point (m)
Required risk-mitigation buffer accounting for demand volatility, net risk
Required risk-response buffer of ) qu' g u. . N g . ) v v
. m . . Quantity lead time, urgent order volatility, seasonality index, item grade, and sepa-
' item (i) at month (m) .
ration of open orders
« Adjusted required buffer of item Quanti Adjusted required buffer modified to ensure numerical denominator sta-
uanti
o (i) at month (m) v bility when Bi,m approaches zero
. An infinitesimal positive constant introduced to prevent division-by-zero
€ Small positive constant Constant

€rrors
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Table 5. Definition of Symbols Used in Performance Evaluation Metrics (Continued)

Symbol Definition Unit / Type Description
4 Item importance weight of item Weioht Evaluation weight reflecting item criticality, ABC classification grade,
v ei
o (i) at month (m) & or operational priority
W Under-stock risk weight of item Weicht Weight reflecting the relative penalty and operational severity of un-
; . ei .
o (i) at month (m) & der-stock (stockout) risk
Wo. Over-stock risk weight of item Weicht Weight reflecting the relative penalty and holding/obsolescence se-
ei
o (i) at month (m) g verity of over-stock (excess inventory) risk
Normalized under-stock risk measuring the extent to which the eval-
Under Risk; ,, (S) | Normalized under-stock risk Ratio et g g‘ oo v y
' uated safety stock falls short of the required risk-mitigation buffer
Normalized over-stock risk measuring the extent to which the evaluated
Over Risk, ,, (5) | Normalized over-stock risk Ratio . . 8 s
safety stock exceeds the required risk-mitigation buffer
. . Normalized operational risk penalty score synthesizing both un-
Operational risk penalty at month P ) P Y Vi g
P9 (m) Score der-stock and over-stock risks for safety stock vector (S) at month-end
closing point (m)
Operational risk penalty score incurred when adopting the statistical
P (SS,0im) penalty of statistical baseline Score P . P Y ping
baseline safety stock (SSstat,m)
Operational risk penalty score incurred when adopting the AI-1T safe
P (ANT,) penalty of AI-1T output Score P penalty pHng Y
stock output (AI-1Tm)
PI penalty improvement at month o Percentage reduction (improvement rate) in operational risk penalty
" (m) ’ achieved by AI-1T relative to the statistical baseline
DB Required delivery-response Quanti Baseline required buffer necessary to absorb delivery lead-time risks for
» uanti
o buffer of item (i) at month (m) v item (i) at the month-end closing point
DRP delivery response proxy at month % Operational proxy metric quantifying how effectively the AI-1T safety
" (m) ° stock covers the required delivery-risk response buffer
) . . Operator selecting the minimum of two values; prevents overestimating
min( - ) Minimum operator Function ” .
the coverage metric when Al-1T safety stock exceeds the required buffer
. . Operator selecting the maximum of two values; ensures non-negativity
max/( - ) Maximum operator Function .
when under-stock or over-stock risks are absent
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Figure 9. Monthly Closing-Based Performance Trend of AI-1T Safety
Stock Outputs Compared with the Statistical Baseline
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Table 6. Monthly Closing-Based Performance Summary of Al-1T Safety Stock Outputs

penalty delivery response )
Month | . Interpretation
improvement (%) proxy (%)

Jan 2.59 80.7 Positive penalty improvement at the first monthly closing point after cold-start screening
Feb 1.96 81.5 penalty improvement remained positive despite a temporary decrease

Mar 2.62 82.1 penalty improvement remained positive

Apr 2.74 82.6 Positive improvement was maintained under monthly closing evaluation

May 5.08 83.0 Highest penalty improvement among the five monthly closing points

Note. Penalty improvement was calculated as the relative reduction in the normalized operational risk penalty of AI-1T compared with the statistical
baseline SSstat. The delivery response proxy is an operational indicator that reflects the extent to which monthly confirmed safety stock values

support delivery-risk responsiveness; it does not directly

oFt Aotk AT A A= € HES HY o BE
22 7]E A A AM SA 710 b A AL thH] ] penalty 7H
&8 BYth E3] 5Y o= penalty 714 &0] 5.08%= 713

=7 YER 2.1, delivery response proxy < 83.0%2 =5
th & AFo A cold-start screening Al 28] 7] 5 A&
RAG 219} FAA L AE 27} 583] HH A ¢f& 2
7] Ao MBS 9 34 7)1 A I} v oA A st
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Table 7. Representative 1-Tier RAG Context Signals and Al-1T Decision Rationales

AI-IT
Case Type Item Code ABC RAG Context Signals L RAG-based Decision Rationale
Direction
Grade A, peak season, and
SI: Peak season LOW_COVERAGE signals were committed
Peak-season } Upward ad- )
Aorade i 10M-DD1-015 A |Trend: Mixed / Stable stment to REF_ MEMORY, logged as rationale to
-grade increase ustmen
& Risk: LOW_COVERAGE . prioritize the current feature vector for upward
adjustment in subsequent inferences.
Despite the off-peak signal, Grade A, recent
Conflicting signal: SI: Off-peak season U d upward trend, and LOW_COVERAGE were
war
off-season but IMF-BK1-013 A |Trend: Recent increase odi :tment co-identified, illustrating multi-contextual
u
rising demand Risk: LOW_COVERAGE ! reasoning rather than rigid adherence to a
single SI rule.
SI: Off-peak season Grade B, off—Peak season., refcent downward
trend, and active guardrail signals were
Off-season B-grade Trend: Recent decrease Downwar ) .
10M-KT1-004 B . . co-recorded, serving as rationale for
decrease Risk: d adjustment d d adiustment to mitieat
GUARDRAIL APPLIED .ownwar adjustment to mitigate excess
- mnventory.
E ith dat; ity (insufficient hist
Fallback / statistical SI: Normal season L. ven Wit data spar}sﬁy (insufficient history)
. . . Maintain |anda SHORTAGE signal, the model falls back
baseline IMF-HK2-001-1 A Trend: Insufficient history . . L .
. . baseline |to maintaining the statistical baseline rather
maintained Risk: SHORTAGE . . .
than executing volatile Al adjustments.
SI: Normal season Rationales suppressing excessive safety stock
Guardrail-based IMF-KT1-002 B Trend: Recent decrease Downwar |inflation based on recent downward demand
reduction Risk: d adjustment | trends and guardrail triggers were committed
GUARDRAIL APPLIED to REF_ MEMORY.
Demonstrates that upward adjustment can be
Peak SI: Peak season Upward | justified even for Grade B items when peak
eak-season ar stified even for Grade B items when peal
B IMF-SP-020200 | B |Trend: Mixed / Stable p ptw t o ;L OW COVERAGE N lp
-grade increase Risk: LOW COVERAGE adjustment |season an - signals
Co-0ccur.
Conflicti oal SN 1 A conflicting context case where Grade A
onflicting signal: : Normal season
g sig Upward | criticality and LOW_COVERAGE take
A-grade but 10M-DD1-003 A |Trend: Recent decrease .
. ) adjustment |precedence over a recent downward trend,
decreasing trend Risk: LOW_COVERAGE . . )
justifying defensive upward adjustment.
[llustrates that co-occurring recent demand
o SI: Normal season . }
B-grade with rising ) Upward |increases and LOW_COVERAGE signals
d d 1IMF-DW1-001 B | Trend: Recent increase diustment leitimate rationale f d
eman Risk: LOW COVERAGE | 2djustmen seltve as legitimate rationale f)r upwar
- adjustment even for Grade B items.
d 1 li d stable d d.
Stable context with SI: Normal season U d [én (;er Zom(?;giilonggz;;;:(; e. en;an ’
r T n ign
low-coverage IMF-DD1-002 A | Trend: Mixed / Stable . pwa . 'a ead - . signass
adjustment |jointly warrant upward adjustment from a

defense

Risk: LOW_COVERAGE

stockout-prevention perspective.




446 Hyoungwoo Cho *+ Woo-sik Yoo

B A3 24 LLM-RAG 7]8F HAA 1 4HE Zg 9=
S AA Az dolHe AEstd FEska, SA 7Nk kA
I U] AT 4H2 235 92 34 7|2 0.2 v W3t
Aol A g7} ok, Ty £ Ao AF Hrhe g A
2} FE AT o] SAE HAA I ALE A S FA 0 E 53
FHon, H7} tAd-& ABC W& 7|9 = 4ol e} 74 of
Z9] % 90%E T35t 1807) A FEHOZ AT ©f
2 F5 AL kAT A Wyt YAl vA =

-
S o O = &
T F8 FETe T AT A ARA e A
Q
T

of
o
o

2)
A FT AFNME TY
T2 716 FrEl g, A Azl
A wlalste] ZF
AXOE HES F a7} ot 53] SI YA, ABC 54, T
8 FA, UVl vgsT &
AR ALIT A2 725 ¥ngoZ2H, LLM =0 A%
AIHE oy} A A HE s, o938 A2, HITL
Dol AGAE SHNA Zh AR ES FUIE ASE I8
7F it} Egk B AFo A AR 7} A4 9 MRP9}
deHe YA 7IEgelE e s sk, A AE
EIAAE FHROE AFESHA] 4o € 3 7] 57H A
HE TAOE ARE BAsITh &4 A3, AT 4= 2
I BE G 7E ARl A FA 719 P A AL o] ko
penalty I &-& H 31, delivery response proxy= 1€ 80.7%
oA 59 83.0%% =T FFoll= 11 o] A7) &9 H
ol & SAsto € 7]F hAl L 2 o] AA| EE olE,
A S A A Qs ds 2 YA vgof wA=
FIFE T& AT ASE A ot

A eto 2 B Ao Mo dAlE AL A BE
o dA= Utk FF AFoAE AL e AHE
S&OP, MPS, MRP, CRP ¥ A4t 2A|E7 REF AA8d,
AR 2 Ak ST} A LA S 3 A Fste] A= 93
< THHCE B4 a7t vk EFHHITL 9| =W & ¥
et gE A4 78418} fine-tuning®] oFUZ} RAG 7 H]
EE YAEEE A4 4 Fxo|EE, T e HJuM 1
olEle] F4 #e, AL F7], AR O] AF HAE
VEsfete WEFo 2 ke o 9l

lo
LS
ofo
oE
o
Lo
oX,
off
_);1_1‘
o
ft
f
)
i‘—",

AC)
=
)
o
fru
—
ox
i
iin)
oxl
rhu
)
=1

>_1:

ogk

]

i)

%
>

A

Baryannis, G., Validi, S., Dani, S., and Antoniou, G. (2019), Supply Chain
Risk Management and Artificial Intelligence: State of the Art and
Future Research Directions, International Journal of Production
Research, 57(7), 2179-2202.

Bertsimas, D. and Thiele, A. (2006), A Robust Optimization Approach to
Inventory Theory, Operations Research, 54(1), 150-168.

Gijsbrechts, J., Boute, R. N., Van Mieghem, J. A., and Zhang, D. J. (2022),
Can Deep Reinforcement Learning Improve Inventory Management?
Performance on Lost Sales, Dual-Sourcing, and Multi-Echelon
Problems, Manufacturing & Service Operations Management, 24(3),
1349-1368.

Graves, S. C. and Willems, S. P. (2000), Optimizing Strategic Safety Stock
Placement in Supply Chains, Manufacturing & Service Operations
Management, 2(1), 68-83.

Jackson, 1., Ivanov, D., Dolgui, A., and Namdar, J. (2024), Generative
Artificial Intelligence in Supply Chain and Operations Management:
A Capability-Based Framework for Analysis and Implementation,
International Journal of Production Research, 62(17), 6120-6145.

Jackson, 1., Saenz, M. J., Ivanov, D., and Ma, B. J. (2026), Supply Chain
Mapping through Retrieval-Augmented Generation: Applications to
the Electronics Industry, Journal of the Operational Research Society,
77(7), 1-21.

Kosasih, E. E., Papadakis, E., Baryannis, G., and Brintrup, A. (2024), A
Review of Explainable Artificial Intelligence in Supply Chain
Management Using Neurosymbolic Approaches, International
Journal of Production Research, 62(4), 1510-1540.

Oroojlooyjadid, A., Nazari, M., Snyder, L. V., and Takac, M. (2022), A
Deep Q-Network for the Beer Game: Deep Reinforcement Learning
for Inventory Optimization, Manufacturing & Service Operations
Management, 24(1), 285-304.

Priore, P., Ponte, B., Rosillo, R., and de la Fuente, D. (2019), Applying
Machine Learning to the Dynamic Selection of Replenishment
Policies in Fast-Changing Supply Chain Environments, International
Journal of Production Research, 57(11), 3663-3677.

Srivastava, S. K., Routray, S., Bag, S., Gupta, S., and Zhang, J. Z. (2024),
Exploring the Potential of Large Language Models in Supply Chain
Management: A Study Using Big Data, Journal of Global Information
Management, 32(1).

Toorajipour, R., Sohrabpour, V., Nazarpour, A., Oghazi, P., and Fischl, M.
(2021), Artificial Intelligence in Supply Chain Management: A
Systematic Literature Review, Journal of Business Research, 122,
502-517.

F8tol A 20239 AL E A
74 G55k HpAL g of) Aot Fol
, APS + Al A% dlo[8 23

[

b=}

(m

2

N 2 o

T Hol= 2nkE A %, CAD/CAMO|t},



	로컬 LLM기반 RAG를 활용한 완제품 안전재고 산출 프레임워크 연구
	1. 서론
	2. 수리적 통계 기반의 1차 안전재고 베이스라인 구축
	3. 로컬 LLM 및 RAG 기반 하이브리드 추론 엔진 설계
	4. 사례 적용 및 실험 결과
	5. 결론
	참고문헌


