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Abstract

This paper addresses the needs of e-commerce businesses in customer dialogue and copywriting by
proposing an intelligent e-commerce assistant that integrates a RAG-enhanced retrieval technology-
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based local knowledge base with a lightweight, locally deployed large language model. The Nomic-
embed model and data processing methods are employed to construct vector data for the local e-
commerce knowledge base. By configuring sampling and retrieval parameters and combining them
with the DeepSeek-R1 large language model, the system enables reasoning for dialogue and content
generation. Through experiments with the Dify framework and Ollama parameters, a method for
optimizing model deployment based on large language model parameters is proposed. The newly
developed local e-commerce large language model assistant effectively addresses issues such as
slow response times, insecure data transmission, and non-specific or imprecise reasoning content
commonly found in online large language model tools. This approach offers a new pathway for im-
proving operational efficiency in the e-commerce industry.
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ISLEENE, AT fE I 2 A R i A LA SR s AR AT 55 2 AT R 2 MBI ML L35 e 4 i ;. )
24 38 F OB A S R S FEL R RRALAL, 1) A S ASBEIR AP UL HC A R e 8 T oK o R, ST AR b il
JE AN B 1A AT RE A D R o Bl KB SRR MR R, STHR[1]-[3 1090 1 7 b i A i
R T BhEE, R T BAR B 2R 1T AT 1

2025 4E 1 H, BT S KE S8 DeepSeck-R1 KA, A 6710 (LIS HHE[4]. HAEK
VB AR HE R 5 T (R S R R, SR GO B O AR B ANR], AR AR B 2 S S
BRI, TERAN TARESIR T, BARRYS F R AGHERLEE A2 R e AR Je T« B 2% il j 4y
WRRESPINARE 1. BT, ASCARMUNIRE 532 B A HHE DeepSeek-R1 fAMHLE &, BRIV 1E
BN T A5 w0 b IR 55 ST TR FE R, DA R B AL L 7 7 25 AR BB T T IR B A2

2. RAG ARV EFHIRE

TESZIRIE T FE RS R B R Y R RE B3 2 117, 75 2R RAG BOAREE AR R 1) M AU iR 2,
X RLIV AT N R EHAGCNE & &, A0 RAG HRA A BRI AOE RIS . FI PR T
T B8] 3R X 35 23 PN 25
2.1. RAG BERH X ERTZ

K6 22 34 538 4E il (Retrieval Augmented Generation, RAG)2& —FiJaidt (1) HAME 5 A FEHER, BEmd4: &
= EAR R RGN KRS 5 A (Large Language Model, LLM)JRE /7, $&FF SCARA i o s A s 1 . L
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Figure 1. Text processing mode of RAG-enhanced retrieval technology

& 1. RAG 38 0 R IR AR AL IR

TEAEFH RAG BEREBSCARRS, — R HELHIEE 5% 0. B SN 8L m) 2500
Al SR, B BEERSREIHAE RSP, B 18 RAG U,
o BIEIEDE 5% b (Chunking): JEUEEIGEARE (A0 HTML $r252:% . PDF SCAHRIY), #4546 £ 42 1
—E AR EROR /N BEAT 2381, DR 2R AORLE R R AR ] o
o [AEf 5k AN(Embedding): | FHHR AR R0 43 F 5 ) SCOAR M SRR, $EFHICECHS
o ST EHIEE (Vector Database):  F [l & 8 B A7 1) 2 50
o HiHIEERK R (Query Processing & Retrieval): F P HIANEH G, #HABTINTH P o Nt T E
5, MEEREE, XEHP AR E -SSR R R EAL, 525 A R )
ke, BRSSO N 2
o Hf(Reranking): X E B 1) SCR N A AT EHE, FAON KB I CSCA, ORI EHE R SR 2 4R
SEHE, X DT A R SO ) O HERA .
¢ BB A M(Combine Query): #FEHRI RN EMA P ERES, ENKIESEIAMAN, ERKE
F M EE R Prompt.
o IR[EIH P %% (Response): Kif 5 AU A Prompt ZEATHERR, frth A P &R SRIE X
£ 2024 4, ETRESEYLLMP RGN, fa g3 i A4 5l OBy AT I SR B A 05
HIB S BA M AR R AR /1, WERTE TR SR E . AR SOE R, BT
I FH T NI FH 1) 25 ik 55 281 2 T AR e S FH PRI R g v 91 T, TR CoRAG HESR[S S RFIE A A ) H A,
PV BRI AR o () HEFR S A AT RS, BE T Z BRI BT % 1 RE, 11 RAG-Gym HEZZ[6] ]38
IR B AR AR, R RACEE ) SRS B A N R E /R T RIS A2 (MDP), SE T AE AT N S
e o A R PR B I
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Figure 2. Accuracy comparison of Nomic-Embed-text Model, Jina Base V2 Model, text-embedding-3-small Model, and
text-embedding-ada Model [7]
[l 2. Nomic-Embed-text ##!, Jina Base V2 f28Y, text-embedding-3-small #28Y, text-embedding-ada FEEIIERE EL4%[7]

HAr, HEmAT I AR A4S OpenAl (1) Ada-002. ext-embedding-3-small A1 Nomic-embed-text
o HT AP NAMMEGR, FHEIAN LR EIRA R, Mzt edk B 80 E 2
IR A AR . Nomic-embed-text 57 /& — N3 Sentence Transformers [ [ 0] F- R ALY, 1E H Bk
AN, HAE Kb PR A SO SCARAE 55 T7 T AR B 1 22 200G B8 . Nomic-embed-text A4 137M 4>
ZH, EZHEAY, BTENREEMRIEE., [, 7£ Ollama Al Huggingface &5 RAR AW uh F BAH
R, AHTEIE A Nomic-embed-text AR AR Dy i s 1R P SCAS [m] A4 Ak 2 1 i N AR
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FEL ] 2601 TR ) s A e o B i 2 SCAR R N 30 Nomic-embed-text FRAYZH Al . iZAR B RGP HIH
HX, A7 TR R R A ) S5 AL S AR A A A B (R IR . P PR B S IBUR) e A LS T R AR
TE SCRAE . 38 T2 AR (4 BGE. Cohere Multilingual)%f SCAS . UG & PE (G0 7 b BIFR ) 3EAT )
Bk, JFE P ER 5 HNSW +IVF-PQ), SCRFZ SR G R o HAZ O FHLE T4 20 B i b il
TRE RN S5 2N A5 B s % e B ), SR G0 UL, Bk e oCEE « B ZEARAE 7 A
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Figure 3. The basic framework of the E-commerce Knowledge Base Large Language Model Assistant consists
of three components: the local vector-only module, the large language model module, and the interaction module
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2.3.2. RUEEELRE

Nomic-embed-text 184K RS TE S AR I BIZE, g fEd, BRRM—NEd i A
FHAE, BERCUCR R — BRI A, IX AN I ZRa FE v] DAL ASE B8 G 6h - St B 08 U5 P ot 30065 1 e (sl e T
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BOAC B SO REIA TS o AT OIS 5 R BRI SCRR S SO AR, (E SRR HUE WO EAR AL TR 73
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P Ok bR SCGEBE, Fd M T 250 4 I SORSR R (Rt i A ORI ), AEORIETE e B TR
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IENZRE, AP ERa TR EE OE. B4 NARDBSEIN I3 BRICR .

#:Chunk-1 - 63 characters #:Chunk-1 - 15 characters
BER: BEERERIGREE? BRES: B, AERERERVENE, BNs  FED: SGRERIERDRED?
BEETREE, FHMNSERENCEERE.
#:Chunk-2 - 47 characters
HChunke2 - 54 characters EREE: T, AERDEERREHE, BUSEEERREE, HRNENSE
S RIREHREERID? FREE: BRETRAHIRSIHTRERS, HIHEE AEAGEEEE
BENNERHNSR R,

#:Chunk-3 - 12 characters

#Chunk-3 - 50 characters A ABRACERERIRIS?
RER: RHTZES? EREE: HRA100%RREHN, BEET, BiERRER
REAKFERE. f#:Chunk-4 - 41 characters
EREE: BRE/AAHIEROETRERGR, SRERRHEINBEGENSRRE
#Chunk-4 - 48 characters =,
R AERIRFEIS? FREE: ITRFH2IITAREFRINFRE, RiFESII105T
ENEIATIERE, f:Chunk-5 - 11 characters

ER: REE?
#Chunk-5 - 64 characters

FEE): 160cmFSIESEIT? ZiRMEZ: SIO4K68cm, iEG155-165cmB5, &5 :Chunk6 - 38 characters

R IEEATE, SSIERNAEME. BIREE: WHRA10%HEEN, SEET, BNESERRENRTFEEE
#:Chunk-6 - 56 characters #:Chunk-7 - 10 characters

I MRS SRES: HEUEARETETAETE, 220 gy, memen?
B, BUHARIREA—SEFE, ,

#Chunk-7 - 58 characters

mER: IeMBTeRMER? FROE: SHRERNERIGRISE, RREE
BIFE, GASERiREHRatiE.

Figure 4. Segmentation effects of the knowledge base under different segmentation parameters
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INEHR K XA SRS B IR KSR F AR, BRIA 500 Tokens, HHIXANKLIRT,
RO E B, BN U BAR R 5 A BB RONE . T AR AL S AR, A AL
SLIRBIN AR, T B, ACE TR A RS, P, 7T SCARS, AT R
WA B RS, TERASOAI, IR AR Q)T 4 B
7
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n
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n N5 B

T NSURPE SR i AN SURIE &, AT

w NATBORAN, BERT AL s BRI, B0,

FRARKA, HBR/NIR T LA SR IR S, @R RIR BN AR E R, B =2k 71,
EPER R 4070 TICE T, W p =4k 775, AR E, W4090 TiiLE T, W u=6k 7. 2
JE VARG Bt KK BE, A BUBCEHAT n (51

SERESKE: XMUEN D B2 R EE N S 0] DL BT 2 AR [ i, $ETH R 1
Wi %A [m] o R B S K EAE 73 BL Tokens &1 15%~25%.

SCATRARER RN . SCAS A ERFI I AT DA B R 1R PR A 32 3 P 5 ORI 8/ N BRI 4

AW, R AR E S BOR A T B” B, IR R I s s Ay BONSR A @ A 4y
B B 7RI R S AR R R, 4 BERVINRH 1024 Tokens,, ZrBCECREN 11 B, v B SLInA s,
SrBURRWE 1,

M
K
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\nm\n 1024 tokens
1 — PASE: BREREZANMEZF 2 . ARERSEEEM” 3
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8 BGYBEQBGTEERE. EE, HTMARE, #id10000MRHEN BRENHNT . ZEUTERSERRTH, ¥, EMRBRBRERSHEER
PEREREE ST RTITAR.
zggigﬁ PR #Chunk4 - 309 characters
\ 200 o 1 HZARBEEROATY o2 - PHEEERIETY . EREE=EERENHBEN,
n okens
TRERT T LEVE, SERNERHk. E IS T. MESABERNVE
AT B, URFEIENNRESHE. o3 - “HBE5EFENEE: TERNERHAEmB
BRSNS, TR &, EEEEE, RUESFERSER, Kb, BRER, RITBE AFRAE"
HBRFTE URL FIEBFHR#HEHE REEE, o4 - *RESHIMNESLM: BURESKER, BERE, ERE
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TR =E
s BESREMNITA S ERAETHESR, MEEEIETERE, N (WELE) F#

Figure 5. Data segmentation in the tourism e-commerce knowledge base

5. MR A AR ER IR RIFR

< HNREE 1) s (CED) XFSRSER
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R RS SENERERGRED? EIRES: 697, AERBRERRE
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v TELRRESHR . B TIRIEI =R N e N N
© EussRioiE, RGHTHES E: RIBHEEED? BIRE: BRI a
IR URL FIESFHRA i %, TSI ARSI SRR,
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\| E=
R QeA DR, BE PRIl SAHEND? SR HHURFTI00%IRERES, BE, 2
B AEARSEEE,
Qs BB
#:Chunk-4 - 48 characters
. RFOR i) SERIREID? EIREA: ITEH00TTRERNIREEE, FHH
&3 1 0TTEANEDTTS
ERQTENN, THRATRE, QRAFLRX SAF1OTCEMEPPT I,
#IChunk-5 - 64 characters
BESiE): 160cmERSIISIEND? HIREA: SIRIK68cm, jE4155-165cm
=i 575, CERMFKESE, ESIRREM,
O - 25
[+ ﬁﬁ% » %;‘ﬁ R 1043 #Chunk-6 - 56 characters
ey — S S
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Figure 6. Data segmentation in the apparel e-commerce knowledge base
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MR E R, KRB 1024 Tokens, HESRIZHR 15%KE, BT XA NN IERE, 75BH
wZ, HBAERIE 6, BURRINGE 2,

Table 1. Segmentation results table of the travel e-commerce knowledge base

= 1. MR AIRE SRR E

o3 B RF 5B
BRI BAKE A2: 1024; T+ 200
SCAR TRAL AR ) B AL S BAT PRI R AT
2515 R
wol i E AR

Table 2. Segmentation results table of the apparel e-commerce knowledge base

=2 PREBEEMIRESERMRE

o B ]
R B 1024; S BES: 150
AT ] ’é’%iﬁ%ﬁ@iméﬁ\ BATFFANHI R
EGIVE R
EGIRvE IF] A 2R

it BB IR, W T B RN R S AR SO
3. EEUXESHRELHRES AR

9 DR AIE R0 R P H 0 v R AR TR AR K HE S 26 9 P T A L B RS B R . AW SRR A
DeepSeek-R1 BA N K TE F A

3.1. KiFSHREEHEE.

IR FFBAR A A A S, A T8 5 S ZEAS [ (RO MIG RRAS T BB A 25 R B, 0 3l 5
RRASAL B R FH SR EZO R RERRFEN . Hh—HEE AR 2080 Ti 22GB BAFRAE <. 6
%0 15 AEFEES . 16 GB NAF Nvme J@iE SSD fififit; —4ALE NEA AMD780M % 8k R7 AbHEES
64GB 1% Nvme ifi& SSD filifi, £t Windows11, 22H2 A . fE& AL THL L HE KE S A,
WA H RS E . B BRI G A BOE R P AT. DUR RIS A SRR, &
REFE = A0 Y4ERE, 4T DeepSeek-R1 R %1H 7b-Q4. 14b-Q4. 32b-Q4/Q6 A AL G, FEFE Mt Bk
T

BAFTR: 7TB-Q4 B £ 4-bit BIWE EAF 5 HZ 4.2GB (JEHA 13GB), ZEFLZERGNA(H
16GB LA EVHE N FF): 14B-Q4 18, BAFFERZ 8.5GB, #% & AL 32 GB WAELL L HF L= B A7/ i ;
32B-Q4 B FEMSL R R B, WAFTRZ 20GB, B ENLEAF S HZ 36 GB, Q6 mALZ.LE K EAF
%) 40 GB, 7 32B-Q6 &AL, BERITCIEEA S HAMNT ARSI T, &1 22 GB RAFMSIAL T
R b, AR R REE 32B-Q6 BALAIRT, RIS NAE Y 57GB, AR RSN THEEA A
[A. HHTAE Modelfile SCAFRCE RS, AL HBRESE A AR, Bk, % 3 B3 NEN Modelfile 3C
PFBCE T o5 BER .
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Table 3. Comparison table of resource usage by models with different quantization

3. XRATEENHRE R &R SRR RE

R A2 R KT M 2 A7 5 1% 5 N AF 5 BRGNS
DeepSeek-R1:7b Q4 4.2 GB 6 GB 15 GB
DeepSeek-R1:14b Q4 8.5GB 15 GB 26 GB
DeepSeek-R1:32b Q4 20GB 36 GB 49 GB
DeepSeek-R1:32b Q6 KT+ 22GB 44 GB 57 GB
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Figure 7. The effect of quantization on different tensor types on LAMBADA (Natural language understanding task) [§]
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Table 4. Table of main configuration parameters in the Modelfile
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Figure 8. (a) Resource usage (GB) across different num_ctx parameters; (b) Resource usage (GB) and GPU utilization (%) of
the DeepSeek-R1:32b model under various gpu_offload parameters
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Figure 9. (a) Inference speed of DeepSeek-R1:32b on 2080Ti@22GB vs. 780 M GPUs; (b) Inference speed comparison:
DeepSeek-R1:14b vs. DeepSeek-R1:32b on 780 M GPU
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