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Tém tit: Bai bdo trinh by qud trinh thiét ké va hién thire mot hé théng chatbot héi ddp
trén tai liéu ky thudt dwa trén kién triic Retrieval-Augmented Generation (RAG) nham giam
thiéu hién twong do gidc (hallucination) va tang cwong kha nang truy vét nguon thong tin. Hé
thong dwoc xdy dwng theo kién triic hai pha tach biét: pha ngoai tuyén bao gom nap di liéu,
lam sach, phan doan van ban, sinh vector nhung va ldp chi muc, pha truc tuyén thuc hién
truy xudt ngit nghia, xép hang lai, xdy dung ngit canh va sinh cau tra 101 thong qua mé hinh
ngén ngit lom. Nghién civu trién khai va so sanh hai chién hege phin doan (theo ky tw va theo
cau triic markdown), ba ché dé truy xudt (dense, keyword, hybrid), mé hinh nhing da ngén
ngit BAAI/bge-m3 va mé hinh xép hang lai BAAI/bge-reranker-v2-m3, dong thoi hé tro hai
backend sinh van ban (Qwen2.5-7B-Instruct cuc bo qua Ollama va Gemini 1.5 Flash dam
may). Trén bé kiém thir gom 25 cdu hoi ¢ gan nhan vé tai liéu vién thong 5G, cau hinh dense
retrieval dat Hit@] = 84% va MRR = 0,913; khi b6 sung budc reranking, Hit@I tang lén
92% va MRR ting 1én 0,960 trong khi Hit@3 duy tri & mire 100%. Két qua chimg minh rang
két hop truy xudt ngi nghia day déic véi xép hang lai Cross-Encoder la huéng tiép cin hiéu
qua cho bai todn héi ddp theo mién; dong thoi co ché file-based cache va fallback backend
gitip hé théng c6 tinh kha thi cao trén ha tang phan cirng phé théng.

Tir khéa: tao sinh truy hoi tang cueong, truy hoi day ddc, tai xép thir hang, tai liéu ky thudt, mé
hinh ngon ngit lon

I. Pit vin dé trén kién trac Transformer di tao ra mot
Trong nhitng ndm gan déy, su phat budc ngodt dang ké trong linh vue xir Iy
trién vuot bac cta cac méd hinh ngon ngilr ngdén nglr ty nhién (NLP). Co ché self-
l6n (Large Language Model - LLM) dua attention cho phép Transformer mo hinh
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hoa hiéu qua cac quan hé phu thude tam
xa trong chudi vin ban, tir d6 tro thanh
nén tang cho phén 16n cac LLM hién dai
nhu GPT, BERT va cac bién thé ciia ching
(Vaswani va cong su, 2017). Cac mo hinh
nay da chung minh kha nang vuot troi
trong nhiéu tac vu ngdn ngit bao gdbm dich
may, tom tit van ban, tra 101 cdu hoi va
phén tich cdm xuc.

Tuy nhién, khi dugc trién khai nhu
cac tac nhan hdi dap doc lap trong moi
truong doanh nghiép hoic t6 chirc, LLM
boc 10 hai han ché mang tinh cAu tric.
Thir nhat, tri thirc ctia mé hinh bi “déng
bang” tai thoi diém huén luyén, din dén
tinh trang thong tin 16i thdi khi 4p dung
vao cac linh vyc c6 dir licu thay doi
nhanh. Thur hai, m6 hinh c6 xu hudng sinh
ra nhirng cau tra 16i ¢6 vé hop 1y vé mat
ngdn ngit nhung thiéu can c thyc té, hién
tuong dugc goi la hallucination (4o giac).

Trong bdi canh trién khai theo
mién chuyén biét nhu hoi dép tai liéu ky
thuat, quy chuan nghiép vu, huéng din
van hanh thiét bji hay vin ban noi bo cia
t6 chic, yéu cau vé tinh chinh xéc, kha
nang truy vét ngudn va cap nhat linh hoat
con quan trong hon su tréi chdy cua ngon
ngit. Mot hé thdng chi dya hoan toan vao
tham s& ciia mo hinh s& khong thé dap
ung dugce khi kho tri thirc nghiép vu thay
d6i thudong xuyén hodc khi nguoi ding c6
nhu cau trich dan cy thé vé ngudn tai liéu.
Retrieval-Augmented Generation (RAG)
dugc Lewis va cong su (2020) dé xuit nhu
mot hudng giai quyét hiéu qua, két hop
LLM véi co ché truy xuét thong tin, cho
phép cau tra 161 dugc sinh ra dya trén cac
doan vin ban lién quan dd duoc tim thiy
trong tap dir lidu duoc cung cap.

Ké tir khi dugc dé xuat, kién tric
RAG da dugc tng dung rong rai trén nhiéu
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mién dit liéu chuyén biét khac nhau nhuy té,
gido duc, phap luat. Gao va cdng su (2024)
da téng hop va phan loai cac nghién ctu
RAG thanh ba hé hinh chinh: Naive RAG,
Advanced RAG va Modular RAG, trong do6
Naive RAG thyc hién quy trinh tuyén tinh
indexing-retrieval-generation, Advanced
RAG bd sung cac budc tién xir 1y truy van
va hau xur 1y két qua, con Modular RAG
cho phép t6 hop linh hoat cac thanh phan
theo nhu cau cu thé cia bai toan. Nghién
ctru nay thudc nhom Advanced RAG voi
viéc tich hop budc reranking bang Cross-
Encoder sau giai doan truy xuét so bo,
ddng thoi hudng t6i muc tiéu trién khai
trén phan cting phd thong ma phan 16n cac
nghién ctru trude d6 chura dé cap. Cac dong
gop chinh cua nghién ctru bao gom:

Dé xuét va hién thuc mot pipeline
RAG hoan chinh cho bai toan hoi dap tai
liéu k¥ thuat v6i hai pha ngoai tuyén va
truc tuyén dugc tach biét ro rang, dam bao
tinh mo-dun va kha nang moé rong.

So sanh va phan tich céac Iya chon
chunking va retrieval, dong thoi tich hop
budc reranking bang Cross-Encoder nham
cai thién kha nang dua tai li¢u chinh xac
1én vi tri uu tién trong danh sach két qua.

Dénh gid dinh lugng trén bd cau hoi
c6 gan nhan va chi ra tdc dong cua budc
xép hang lai ddi vé6i cac chi s Hit@1 va
MRR trong trién khai thuc té trén phan
cting pho thong.

IL Co sé 1y thuyét
2.1. Retrieval-Augmented Generation

RAG 1a mb hinh két hop giira truy
xudt thong tin (Information Retrieval - IR)
va sinh vin ban bang LLM. Trong kién
trac ndy, truy van ciia ngudi ding duge st
dung dé tim kiém cac doan vin ban lién
quan tu kho tri thirc bén ngoai, sau do céac
doan duoc tim the‘iy dugc dua vao ngilt canh
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(context) ciia prompt dé LLM sinh cau tra
10i. Biém manh c6t 16i cia RAG 1a chuyén
dich m6t phan tri thire tir “bd nhé tham s6”
(parametric memory) cua md hinh sang
“bd nhé khong tham s4” (non-parametric
memory) dudi dang kho tai liéu c6 thé cap
nhat doc 1ap, nho do cau tra 101 bam sat noi
dung tai liéu hién hanh va dé duoc kiém
ching hon (Lewis va cong su, 2020).

Chat lugng dau ra phu thudc vao ba
mat xich: (1) phan doan tai liéu (chunking);
(2) chét luong truy xuat (retrieval); va (3)
dong gbi nglr canh (context packaging).
Céc cai tién nhu Self-RAG va CRAG bd
sung kha ning phan tu trén két qua retrieval
nhung doi hoi tinh toan 16n hon (Asai va
cong su, 2023; Shi va cOng su, 2024).

2.2. M6 hinh ngon ngii lon

LLM la cac mang no-ron vdi hang ty
tham sd, duoc huin luyén trén khéi luong
16n dit liéu van ban. Kién trac Transformer
(Vaswani va cong sy, 2017) la nén tang
cho cac LLM hi¢n dai nhu GPT-3 (Brown
va cong sy, 2020), LLaMA (Touvron va
cong su, 2023) va Qwen (Bai va cong su,
2023). Cac md hinh ma ngudn mé két hop
ky thuat luong tir hoa (GPTQ, AWQ) da
mo ra kha nang trién khai cuc b6 trén phﬁn
ctig pho thong.

Trong kién tric RAG, LLM dong vai
tro sinh van ban ¢ cudi pipeline. Chat luong
dau ra phy thudc vao kha nang bam sat ngi
canh duogc cung cp. Cac nghién ctru cho
thiy ngay ca mo hinh nho khi ¢ ngit canh
chinh xac van sinh cdu tra 16i chit luong
cao, mé ra co hoi trién khai RAG trén phan
cung han ché (Gao va cong su, 2024).

2.3. Dense retrieval va sentence
embedding

Dense retrieval ma hoa cau héi va tai
liéu vao cung khong gian vector ngir nghia,
cho phép tim kiém doan vin trong dong vé

v nghia ngay ca khi khong trung tr vung.
Dense Passage Retrieval (Karpukhin va
cong sy, 2020) dat nén mong cho hudng
tiép can nay, vuot troi hon BM25 trong céc
tac vu hoi ddp mién mo.

Sentence-BERT (Reimers &
Gurevych, 2019) d& xuit kién trac Bi-
Encoder cho phép sinh embedding ddc lap
va so sanh theo cosine similarity. Nghién
ciru nay s dung BAAI/bge-m3 nhd hd
trg da ngdn ngit (bao gdm tiéng Viét), cira
s6 8.192 token va embedding 1.024 chiéu
(BAAI n.d.-a).

2.4. Passage reranking bang Cross-
Encoder

Bi-Encoder ¢6 han ché: mdi doan
van dugc ma hoa doc 1ap khong cod tuong
tac voi cau hoi. Cross-Encoder reranking
(Nogueira & Cho, 2019) khic phuc bang
cach xir 1y dong thoi cip (cau hoi, doan
van) nhu mot chudi dau vao duy nhéat, cho
phép nim bit twong tac sau va gan diém
phu hop chinh xac hon.

Chién luoc hai giai doan két hop
Bi-Encoder (retrieve) va Cross-Encoder
(rerank) da dugc xac nhan la hi¢u qua
trong nhiéu nghién ctru va tng dung thuc
té. M6 hinh BAAI/bge-reranker-v2-m3
dugc st dung trong nghién ctru nay ké
thira kién tric nay vé6i kha nang hd tro da
ngdén ngtt, phu hop véi tai liu ki thuat
tiéng Viét (BAAI n.d.-b).

III. Phwong phap, vat li¢u
nghién ctru

3.1. Kho tri thircc va by cdau hoi
danh gia

Kho tri thirc gdm ba tai liéu ki thuat
tiéng Viét vé cong nghé 5G (~9,2 MB):
dic ta kién trac 5G NR, huéng dan trién
khai tram gdc gNodeB, va cong nghé 4o
hoa mang 161 5G Core. B) 25 cau hoi co



gan nhan expected doc_id dugc xay dung
dé danh gia, bao phu cac dang: dinh nghia
khéi niém, mo6 ta chirc nang, cau hoi ky
thuat dinh lugng va phan biét khai niém
trong dong.

Hai cu hinh retrieval dugc so sanh
truc tiép: (i) dense retrieval don thuan
khong c6 bude xép hang lai va (ii) dense
retrieval dugc bd sung budc reranking
bang Cross-Encoder. Cac tham s cdu hinh
dugc giit ¢d dinh xuyén sudt thuc nghiém
dé dam bao tinh so sanh: chunk_size = 800
ky tu, chunk overlap = 160 ky tu, mo6 hinh
embedding BAAI/bge-m3, va md hinh
reranking BAAI/bge-reranker-v2-m3.
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3.2. Chi sé ddnh gid

Bén chi sé danh gia duoc st dung:
Hit@k do ty 1¢ cau hoi ma tai li¢u ding
xudt hién trong top-k két qua truy xuét;
Mean Reciprocal Rank (MRR) tinh trung
binh nghich ddo thir hang cua tai li¢u
dung dau tién qua tap cdu hoi, phan anh
mirc d6 6n dinh cua hé thdng trong viéc
déy tai liéu dung 1€n vi tri cao; va thu
hang trung binh cua tai liéu dung cung
cap thém géc nhin truc quan vé chét
luong xép hang. Bang 1 tong hop théng
ké xay dung chi muc cho hai bién thé
chunking:

Bdng 1. Thong ké kho tri thire va chi muc ciia hai bién thé chunking

Bién thé S6 chunk Thoi gian (s) S6 chiéu vector Batch size
Char-based 938 413,5 1024 8 (CUDA)
Markdown-aware 1.109 454,7 1024 8 (CUDA)

Bién thé markdown-aware tao ra )
chunk nhiéu hon 18,2% so véi char-based
(1.109 so vé1 938) do gitr lai cac ranh gidi
cAu tric cua tai liéu nhu tiéu dé va muc
con. Chénh léch thoi gian build khoang
41,2 gidy 1a hoan toan chap nhan dugc
trong kich ban xir Iy ngoai tuyén, dic biét
khi muc tiéu 1a bao toan t6t hon ngir canh
logic trong cac tai liéu k¥ thuat c6 ciu trac
phan cap day dic.

IV. Kién tric hé thong va phwong
phap dé xuat

4.1. Kién tric tong thé

Hé théng duoc td chirc theo ba 16p
chire nang doc 1ap co giao tiép 1 rang.
L&p giao dién bao gdm giao dién chat cho
ngudi ding cudi va giao dién quan tri dé
nap, xoa tai liéu va kich hoat tai 1ap chi
muc. Lop quan 1y chi muc va cache chiu
trach nhiém doc tai liéu nguén, lam sach
di¥ liéu, phan doan, sinh vector nhing va
luu trir cac artifact xur 1y trung gian. Lop

pipeline RAG hoat dong theo thoi gian
thuc dé tiép nhan cau hoi, thuc hi¢n truy
xuat, xép hang lai, xdy dung ngit canh va
€01 mo hinh sinh cau tra 101.

Viéc phan tach rd rang gitra pha
ngoai tuyén va pha truc tuyén 1a quyét
dinh kién tric trung tdm cua hé thong.
Céc tac vu t6n kém vé tinh toan nhur phan
doan van ban, sinh embedding va lap chi
muc dugc ddy hoan toan sang pha ngoai
tuyén, trong khi pha tryc tuyén chi can tai
embedding da tinh san vao bo nhé va thuc
hién cac phép tinh ma tran t6i wu hoa.

Thay vi phu thudc vao mot vector
database day du tinh nang ngay tir dau, hé
thong sur dung thiét ké file-based cache:
kho tri thtc duge luu trong thu muc dir
liéu tép, con cac két qua trung gian nhu
corpus da phan doan, ma tran embedding
va metadata chi muc duoc serialized va
lru dudi dang file nhi phan. Céch tiép can
nay cho phép trién khai nhanh trén may
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tinh ca nhan, thuan tién sao chép va dé tai
1ap thuc nghiém. Pé dam bao tinh toan
ven dir li€u, hé théng st dung co ché ghi
nguyén tur thong qua file tam trude khi
thay thé file chinh thirc, ngin ngira rui ro
hong dir li€u trong truong hop gian doan
dot ngot.

So v6i kién traic RAG truyén thong
(Naive RAG) vbn yéu cau vector database
chuyén dung (nhu Pinecone, Weaviate) va
ha tang GPU manh cho ca embedding 1an
generation, kién triic dé xuat trong nghién
ctru ndy co ba diém khac biét cbt 15i giup
trién khai trén phan ctimg pho thong. Thu
nhat, viéc thay thé vector database bang
file-based cache v&1 ma trdn embedding
serialized loai bd hoan toan phu thudc vao
dich vu co s¢ dir liéu vector, giam dang ké
yéu cu b nhé va do phtrc tap van hanh.
Thir hai, chién lugc phan tach pha ngoai
tuyén va tryc tuyén cho phép cac tac vu
nang vé tinh toan (sinh embedding, l1ap chi
muc) chi thuc hién mot 1an khi dir liéu thay
d6i, trong khi pha truc tuyén chi cn cac
phép nhan ma tran t6i wu bang NumPy/
BLAS. Thit ba, co ché fallback tu dong tu
GPU sang CPU va chién lugc giam dan
batch size khi phat hién 15i tran bo nhd
dam bao hé théng hoat dong on dinh ngay
ca trén GPU ¢6 VRAM han ché (4 GB).
Hinh 1 mé ta so dd téng thé kién trac
hé théng véi ba 16p chitc nang va ludng
dir liéu giita pha ngoai tuyén va pha truc
tuyén.

4.2. Pha ngogi tuyén: Ingestion,
chunking va indexing

Trong pha ngoai tuyén, tai ligu PDF
dugc trich xut thanh vin ban tho thong
qua cac thu vién xu ly PDF, sau d6 trai
qua budc lam sach dé loai bo ky tu thira,
chuan hoa khoang tring va xir Iy cac dic
thu dinh dang. Van ban da lam sach duoc

dua qua mot trong hai chién lugc phan
doan. Chién luoc thir nhat (char-based)
chia vin ban theo ctra s6 ky tu co kich
thude ¢b dinh (chunk_size = 800) véi do
chdng 1an kiém soat duoc (chunk overlap
= 160) nham duy tri ngit canh lién tiép
qua cac ranh gidi doan. Chién luogc tha hai
(markdown-aware) nhan dién tiéu dé phan
cép, muc con va danh sach theo heuristic
gan voi ¢t phap markdown, wu tién cit tai
ranh gidi cdu trac logic cua tai liéu thay vi
tai ranh gidi ky tu tuy y.

Sau khi phan doan, tung chunk
dugc dua qua mod hinh bge-m3 dé
sinh embedding 1.024 chiéu. Két qua
embedding duoc chudn héa vé vector don
vi (L2-normalization) dé tinh do twong
ddng bang tich vo hudng (dot product),
phép toan tuong duong cosine similarity
nhung ¢6 chi phi tinh toan thdp hon. Budc
sinh embedding dugc xu 1y theo batch véi
co ché diéu chinh kich thudc batch khi phat
hién 15i tran bd nhd GPU va fallback sang
CPU néu can, ddm bao hoan thanh tac vu
trén nhiéu loai phan cimg khac nhau.

Metadata quan 1y chi muc bao gdom
schema version, hash cua tap tai li¢u trong
kho tri thtre, va tham sb c4u hinh build
nhu phuong phap chunking, kich thudc
doan va tén mo hinh embedding. Co ché
kiém tra hash dam bao bat ky thay ddi nao
trong dit liéu dau vao hodc ciu hinh build
déu lam chi muc cii mat hiéu luc va kich
hoat re-index tu dong, ngan chdn nguy co
ngudi dung vo tinh truy van trén chi muyc
16i thoi.

4.3. Pha truc tuyén: Retrieval,
reranking va generation

Khi nhén cau hoi, hé thong ma hoa
cAu hoi thanh vector embedding bang
cung md hinh da st dung trong pha ngoai
tuyén, dam bao tinh nhat quan cua khong



gian biéu dién. Hé théng hd tro ba ché do
truy xudt c6 thé cau hinh. Dense retrieval
tinh toan tich vd6 hudng gilra vector cau
hoéi va toan by ma trdn embedding cua
corpus thong qua phép tinh song song tdi
vu boi NumPy, sau d6 14y top-k ing vién
c6 diém cao nhat. Keyword retrieval thuc
hién mot baseline dém tan suit token dé
duy tri lgi thé voi cac truy van chira thuat
ngit hiém hodc mi ky thuat dic thu ma
khong co tir dong nghia 15 rang trong
khong gian nglt nghia. Hybrid retrieval
hop nhat két qua cua hai ché do trén,
chuan héa diém vé ciung thang va tinh
diém két hop theo cong thic:

Shybrid =aS,.T0-a .Skeyword
voO1 o mac dinh béng 0,6, vu tién nhe cho
két qua ngit nghia. Sau khi ¢6 danh sach
ung vién tr budc retrieval, hé thé)ng thuc
hién xép hang lai béng mo hinh Cross-
Encoder bge-reranker-v2-m3. M6 hinh
nay xir Iy dong thoi cip (cau hoi, chunk)
nhu moét chudi dau vao nbi tiép va gan
diém phu hop dua trén sy tuong tac ngit
nghia sau gitra hai van ban. Céc doan van
c6 diém rerank dudi ngudng quy dinh bi
loai bo; phﬁn con lai duoc se“ip Xép lai va
chon top-k cudi ciing dé dua vao prompt.
Céch phan cap hai giai doan nay can bang
hi¢u qua gitra tbc do loc so bd cua Bi-
Encoder va do chinh xac tinh chinh cua
Cross-Encoder.

4.4. Sinh cdu trd 1oi va kiém sodt
vdn hanh

Ngit canh dugc dong goi thanh cac
khéi c6 cau tric [Source i] kém metadata
gom tén tai liéu ngudn, sd trang va dinh
danh doan. Prompt hé thdng dat ra hai
rang budc rd rang: cau tra 161 phai uu tién
bam sat cac doan ngit canh da truy xut,
va phai tir chéi tra 101 khi ngit canh khong
cung cip du bang ching thay vi tu tong
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hop tri thirc tir tham s6 mo hinh. Chién
lugc nay truc tiép han ché hién tuong
hallucination bang cach thu hep khong
gian sinh van ban ctia mo hinh vé pham vi
ndi dung tai liéu duoc cung cép.

Hé thong hd tro hai backend
sinh vin ban co thé chuyén dbi linh
hoat. Backend cuc bd sit dung md hinh
Qwen2.5-7B-Instruct phién ban lugng
tor hoa 4-bit thong qua Ollama, cho phép
van hanh trén GPU ¢c6 VRAM 4 GB ma
van duy tri chat lugng sinh vin ban tiéng
Viét chip nhan duoc, déng thoi dam bao
bao mat dir liéu nhay cam do toan by xur
ly dién ra cuc bo. Backend ddm may sir
dung Gemini 1.5 Flash thong qua Google
Gemini API dé xu 1y cac truy van doi hoi
suy ludn phirc tap hodc ngir canh dai, tan
dung ctra ) ngilr canh 1én dén mot triéu
token ctia mé hinh nay. Trong ché do tu
dong, mot router lva chon backend phu
hop dua trén cAu hinh; néu backend duoc
wu tién gap 16i hodc khong kha dung, yéu
cau duoc tu dong chuyén sang backend
con lai (fallback). Ca budc embedding
1an reranking déu duoc trang bi co ché
giam dan batch size khi phat hién 15i
CUDA out-of-memory va fallback sang
CPU, dam bao hé théng hoan thanh tac
vu ngay ca trong diéu kién tai nguyén
GPU han ché.

V. Két qua va théo luin

5.1. Két qua

Bang 2 trinh bay két qua danh gia
retrieval, 12 tp hop céc chi sd quan trong
nhat d6i voi hé thong RAG vi chat lugng
truy xuat quyét dinh tryc tiép chat luong
ngir canh dua vao LLM. Néu tai liéu dung
khong xuat hién trong top dau, mo hinh
sinh van ban khé c6 thé tao ra ciu tra 1oi
chinh x4c va c6 can ctr du ban than n6 s¢
hitu ning luc ngdn ngi tot.
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Bdng 2. So sanh chat luong retrieval giita hai cdu hinh

Phuong an Hit@1 Hit@3 MRR Thir hang TB
Dense retrieval - 84.,0% 100,0% 0,913 1,20
Dense + Reranking (dé xuat) 92,0% 100,0% 0,960 1,08

Két qua cho thay ca hai cAu hinh déu
dat Hit@3 bang 100%, nghia 1a véi bo cau
hoéi thue nghi€m hién tai, dense retrieval da
du kha nang dua tai liéu dung vao trong ba
két qua dau tién mot cach nhat quan. Tuy
nhién, su khac biét co ¥ nghia thyc tién
quan trong nam ¢ Hit@1 va MRR. Khi b6
sung budc reranking, Hit@1 tang tr 84%
1én 92%, tuong Uung muc cdi thi¢n tuyét
d6i 8 diém phan tram. Pong thoi, MRR
tang tu 0,913 1én 0,960 va thir hang trung
binh giam tir 1,20 xudng 1,08. Piéu nay
chtng minh rang Cross-Encoder reranker
khong nhat thiét mo rong kha ning tim
thay tai liéu dung trong top-k rong, ma cai
thién rd rét kha nang xép tai liéu ding 1én
dung vi tri dau tién.

5.2. Thao lugn

Y nghia thuc tién cua cai thién
Hit@]1 rat rd rang trong bdi canh hé thong
RAG. Trong nhiéu cu hinh trién khai thuc
té, prompt chi lay mot hodc vai ngudn dau
bang dé tiét kiém token va giam nhiéu ngir
canh. Vi vay, viéc kéo tai li¢u ding tur vi
tri thir hai hodc th&r ba 1én vi tri thi nhat
thudng tao ra tac dong dén chat lwong cau
tra 10 cudi cung 16n hon so véi viéc don
gian mé rong top-k. Cross-Encoder phat
huy vai tro & ddy vi nd xem xét truc tiép sur
tuong tac ngilt nghia gitra cau hdi va ting
doan van riéng biét, tr d6 loai bo dugc
cac (g vién c6 chu d& chung gan nhung
khong thyc su tra 101 dung trong tam cua
truy van cu thé.

Thyc nghiém ciing goi ¥ rang chi
phi bd sung ctia bude reranking 13 hop 1y
trong bai toan nay. Reranking chi dugc ap

dung trén mot tdp nhoé ung vién da dugc
loc so b boi dense retrieval (thuong tur
10 dén 20 chunk), nén do tré thém vao la
chap nhan dugc trong méi trudong hoi dap
tuong tac khong yéu cau phan hoi trong
micro-gidy. Ty 1€ chi phi - loi ich nay Ia
mot trong nhing 1y do khién chién lugc
retrieve-then-rerank tré nén phd bién
trong cac hé thong RAG san xuét.

VI. Két lun

Bai b4o da trinh bay thiét ké va hién
thue mot hé théng chatbot hoi dap tai liéu ky
thuat theo kién truc Retrieval-Augmented
Generation, trong do toan by pipeline tir
ingestion, chunking, embedding, retrieval,
reranking dén generation duogc hién thyc
day du va danh gia trén dit liéu thuc nghiém.
Kién trac hai pha, co ché file-based cache
va chién luoc fallback backend hudng toi
can bang gitra do chinh x4c, kha ning truy
vét ngudn va tinh kha thi trién khai trén
phan cimg pho thong.

Két qua thuc nghi¢ém xac nhan
rang dense retrieval v6i mo hinh BAAI/
bge-m3 di cung cdp nén tang truy xudt tot
(Hit@3 =100%), trong khi budc reranking
bang Cross-Encoder BAAI/bge-reranker-
v2-m3 cai thién dang ké chat lugng xép
hang vi tri dau (Hit@1 tir 84% 1én 92%,
MRR tr 0,913 1én 0,960).

Dinh huéng phat trién trong tuong
lai bao gdm ba huéng chinh: (1) tich
hop vector database chuyén dung (Faiss,
Qdrant) va thuat toan BM25 dé nang cao
kha nang mo rong va chat lugng keyword
retrieval; (2) cai thién quy trinh tién xur
1y tai liéu voi OCR chit lugng cao va



phén tich ciu trac bang biéu dé xur Iy
tdt hon cac tai lidu phire tap; va (3) phat
trién co ché quan 1y ngit canh hoi thoai
nhiéu luot véi memory buffer dé hd trg
cac phién lam viéc mang tinh thao luan
sau. Nhiing cai tién nay s& dua hé thong
tién gan hon dén mot nén tang tro 1y hoi
dap tai liéu c6 thé trién khai & quy mo
t chirc.
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DEVELOPING A TECHNICAL DOCUMENT QUESTION-
ANSWERING CHATBOT USING RETRIEVAL-
AUGMENTED GENERATION

Dang Khanh Hoa', Pham Thi Thu Trang', Pham Minh Viet', Nguyen Thanh Nghi'

Abstract: This paper presents the design and implementation of a technical document
question-answering chatbot based on Retrieval-Augmented Generation (RAG) to reduce
hallucinations and improve source grounding. The proposed system follows a two-phase
pipeline: offline ingestion, cleaning, chunking, embedding, and indexing; and online retrieval,
reranking, context construction, and answer generation using a large language model. We
implement and compare character-based and markdown-aware chunking strategies, three
retrieval modes (dense, keyword, hybrid), the BAAI/bge-m3 multilingual embedding model,
the BAAl/bge-reranker-v2-m3 reranker, and dual LLM backends (local Qwen2.5-7B-Instruct
via Ollama and cloud-based Gemini 1.5 Flash). On a 25-question labeled benchmark over
5G telecommunications documents, dense retrieval achieves Hit@l = 84% and MRR =
0.913; adding reranking improves Hit@1 to 92% and MRR to 0.960 while preserving Hit@@3
at 100%. Results confirm that semantic retrieval combined with Cross-Encoder reranking
is an effective strategy for domain-specific question answering, and that a lightweight file-
based cache architecture supports robust deployment on commodity hardware.

Keywords: retrieval-augmented generation, dense retrieval, reranking, technical document,
large language model
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