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Tém tit: Cdc hé goi y truyén thong thuong gap khé khén do tinh thwa cia dit liéu va
khd nang hiéu ngit nghia han ché doi voi so thich nguoi ding ciing nhw néi dung ciia muc.
Pé gidi quyét cac thdach thirc nay, bai bdo dé xudt mot khung goi ¥ lai méi tich hop loc céng
tdac voi cac dac trung ngit nghia dwoc rut ra tuw siéu dir lieu phim va cac mo ta do mé hinh
ngon ngit Ion (LLM) sinh ra. Chiing t6i sir dung mot LLM hudn luyén san d@é tw dong tao ra
néi dung vin ban phong phii cho phim, sau dé biéu dién bang fastText nham tang cuong cdch
biéu dién muc. Cdc embedding ngiv nghia nay dwge két hop véi dir liéu tiwong tac nguoi ding
- muc dé tao ra cdc goi y chinh xac va ca nhan hoa hon. Két qua thuc nghiém trén bo dir liéu
MovieLens-20M cho thdy mé hinh dé xudt vieot tréi ddang ké so véi cdc phwong phdp truyén
théng theo cdc chi s6 RMSE, Precision@5 va Recall@5. Céc phdt hién nay nhan manh tiém
nang cua LLM va tang cwong van ban trong viéc cai thién hiéu qua cua cac hé goi y.

Tir khéa: tri tué nhén tao, hé thong goi ¥, loc cong tac, mé hinh ngén ngir [om, nhiing ngit nghia

Céc cach tiép can truyén théng, ndi bat 1a
loc cong tac (Collaborative Filtering - CF)
(Linden va cong su, 2003) va loc dua trén
ndi dung (Content-Based Filtering - CBF)
(Pazzani & Billsus, 2007), da chirng minh
hiéu qua dang ké. Cac phuong phap CF
khai thac cdc mau tuong tac ngudi dung
- muc, nhung thuong gap thach thtc lién

I. Dit van dé

Su bung nd cua ndi dung sd di khién
cac hé goi ¥ tré thanh thanh phan khong
thé thiéu dé diéu hudng trong nhiing danh
muc muc tin khéng 16, qua d6 ning cao
dang keé trai nghiém nguoi dung trén nhiéu
nén tang truc tuyén. Trong linh vuc goi

¥ phim, cac hé thong nay dic biét quan
trong trong viéc dan dit nguoi ding t6i
nhiing lya chon phu hgp véi s¢ thich cua
ho, tir d6 thiic ddy murc do gin két 1au dai.

quan dén tinh thua dir liéu va bai toan
“cold-start” (Su & Khoshgoftaar, 2009),
dac biét khi nguoi dung hoac muc madi
thiéu lich st tuong tac déy da. Nguoc lai,
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cac phuong phap dya trén ndi dung goi
v muc dya trén cac thudc tinh ndi tai cua
muc va hd so nguoi dung, nhd do co thé
giam b6t mot s6 han ché caa CF (Lops va
cong su, 2011). Tuy nhién, CBF thuong
phu thudc vao céac dac trung dugc tuyén
chon thu cong hodc xac dinh twong minh;
nhimg dic trung nay co thé khong nim
bét dugc sy phong phu ngit nghia hay chu
dé tinh té cta cac muc phtrc tap hon (Van
Meteren & Van Someren, 2000).

Gan déy, cac md hinh ngdn ngit 16n
(LLMs) ndi 1én nhu cong cu manh mé
(Brown va cong su, 2020; Vaswani va
cong su, 2017) véi kha nang hiéu va tao
sinh ngdn nglr ty nhién & mirc dJ tinh vi
chua tung c6. Mac du viéc tich hop LLM
vao hé goi ¥ van ¢ giai doan dau (Fan va
cong su, 2023), cac nghién ctru da cho
thdy LLM hiéu qua trong viéc lam giau
dac trung muc (Sun & Zhang, 2021), du
doan so thich nguoi dung (Geng va cong
su, 2022) va ma hoa tuong tac qua siéu dir
liéu van ban (Bao va cong su, 2023). Tuy
nhién, s6 lugng cong trinh tip trung vao
téng hop mo ta myc toan dién bang cach
hop nhét siéu dir liéu ¢ ciu trac véi tri
thirc thé giéi mo con twong ddi it.

Trong nghién ciru nay, chiing toi dé
xuat phuong phap ting cuong CF muc
- muyc théng qua sinh mo ta phim bang
LLM. Cach tiép can tan dung dir liéu Tag
Genome cua MovieLens cung tri thuc tur
IMDb dé nhic 1énh LLM sinh cic doan
tuong thuat mach lac. Cac moé ta duoc
chuyén thanh embedding day dic béng
mo hinh embedding cAu huin luyén sin
(Reimers & Gurevych, 2019), dong vai tro
biéu dién muc ting cudng cho viée tinh
toan do tuong dong.

Dong gbép chinh 1a tich hop céc
tuong thuat vian ban do LLM sinh vao

pipeline CF nham lam giau hd so muc,
cai thién do chinh xac goi y (Vargas &
Castells, 2011) va ting tinh dién gii
(Zhang & Chen, 2020).

Ngoai CF va CBF, cac ky thuat hoc
sau nhu Neural Collaborative Filtering,
Autoencoders va Transformer da cai thién
hé goi y dang ké (Brown va cong su,
2020), nhung chu yéu khai thac tin hiéu
tuong tdc ma chua tan dung hi¢u qua tri
thirc nglr nghia tir ngi1 dung van ban.

IL. Co sé 1y thuyét
2.1. M6 hinh ngon ngii lon (LLMs)

Mo hinh Ngén nglt Lon (LLMs) 1a
céc kién trtic hoc sau tién tién, thuong dya
trén Transformer (Vaswani va cdng su,
2017), dwoc hudn luyén trén nhirng kho
ngit liéu van ban khong 16 (Devlin va cong
su, 2019). Qué trinh huan luyén nay gitp
chiing c6 khanang dién giai, tao sinh va dy
doan ngon nglr véi mirc do mach lac cao.
Céc dic trung ndi bat gdm quy md hang
ty tham ) (Brown va cong su, 2020), kha
ning tién hudn luyén va tinh chinh theo
mién, ning luc tao sinh vin ban phu hop
ngit canh, hoc few-shot/zero-shot, va tao
embedding vector day dac cho van ban.

Mot s6 md hinh LLM tiéu biéu hién
nay bao gom: dong GPT ctia OpenAl
(GPT-3.5, GPT-4) v6i kha nang sinh van
ban va suy luan da budc vuot trdi; dong
m6 hinh ma ngudn mé LLaMA cia Meta
v c4c bién thé tinh chinh nhu LLaMA-2,
Vicuna; dong Gemini cua Google voi
kha nang da phuong thtc tich hop van
ban, hinh anh va am thanh; Claude cua
Anthropic toi wu cho cac tac vu doi hoi
tuan thi chi dan v an toan; va dong Qwen
ctia Alibaba vé6i hd trg da ngén ngit manh.
Cac m6 hinh nay khac nhau vé quy mé
tham s, chién lugc huén luyén, cura sb



nglr canh va chi phi sir dung, tao nén mot
hé sinh thai phong phu cho cac irng dung
khéc nhau. Sy xuét hién cia LLM da thuc
day cac bude tién dang ké trong nhiéu linh
vuc cua tri tué nhan tao, bao gém xu ly
ngon ngit ty nhién, sinh ma ngudn (Chen
va cong su, 2021) va sang tao ndi dung.
LLM c6 kha nang hoc trong nglt canh va
diéu chinh dau ra theo thiét ké prompt,
tuy nhién co thé boc 10 han ché trong cac
mién chuyén bi¢t (Bommasani va cong
su, 2021), doi hoi céac ky thuat instruction
tuning hodc tinh chinh theo mién.

2.2. Loc cong tac (CF)

Loc cong tac (CF) tao goi y bing
cach tan dung hanh vi tap thé cua cong
ddng ngudi dung (Koren & Bell, 2011),
phan tich lich st twong tac dé dy doan
so thich. CF gém hai nhém: dyua trén bo
nhd (neighborhood-based) va dya trén
md hinh (model-based). Cong trinh nay
tap trung vao CF muc - muc dua trén
bd nho.

CF dua trén bd nhé xac dinh cac
“hang x6m” (nguoi dung hoac muc tuong
tu) dya trén tuong tac trong qua khir.

CF dya trén nguoi dung (User-
User): Xac dinh nguoi dung tuong tu va
g01 y muc ma ho ua thich.

CF dua trén muc (Item-Item): Phd
bién hon trong thuc té do kha ning mé
rong tot hon va thudng chinh xac hon.
Céch tiép can nay xac dinh cic muyc twong
tu vo1 nhitng muc ma nguoi dung da danh
gia cao trudc d6. Pé du doan danh gia r.
cua nguoi dung u cho muc 7, h¢ théng téng
hop céc danh gia ma nguoi dung u da gan
cho cac muc j tuong tu voi i.

Cac thuée do d6 twong dong 1a cot
161 cuia CF dua trén bo nhé. Nhitng d6 do
sir dung bao gom:
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Do tuong dong cosine: Tinh cosine
cua goc gitra hai vector:
Yuev TwiTuj

\/Zueurﬁ,i'\/zueu rﬁ,j (l)

Hé sb twong quan Pearson (PCC):

sim(i,j) =

Do mic tuong quan tuyén tinh giita hai
vector, déng thoi hiéu chinh sy khac biét
vé thang do danh gia:

Zuew (Tui=ri)(ruj—7;)

sim(i,j) = ——
\/zueu(ru,i_ﬁ) '\/Zueu(ru.j_ﬂ) ( )

Trong doTiva’lj lan luot 1a gié tri
danh gia trung binh cua cac muc i va .

Sau khi tinh toan do twong dong, du
doan cho nguoi dung u trén muc i thuong
dugc suy ra dudi dang trung binh c6 trong
sO cua cac danh gia ma nguoi ding u da
gan cho k& muc tuong ty nhat véi i (tlrc
k lang giéng gan nhat, ky hi¢u S, (i;u)
(Herlocker va cong su, 1999).

k-Nearest Neighbor Basic
(kNNBasic):
_ Zjes, (i Sim@.j) Ty,
Y vy 3)
jESk(i;u) Slm(lr])l
k-Nearest ~ Neighbor  Baseline

(kNNBaseline): Phuong phéap nay dua vao
cac ude lugng baseline dé diéu chinh sai
léch cua nguoi dung va muc. Udc luong
baseline duoc xac dinh nhu sau:
byi=u+ by +b; 4)

Trong do p la gia tri danh gié trung
binh toan cuc, b la sai l¢ch cua nguoi
dung, va b, 1a sai léch cua muc. Gia tri du
doan khi do6 la:

Zjesk(i;u) Sim(i;j)‘(ru,j_bu,j)

Tui = by + ®)

ZjeSk(i;u) [sim(i,)]

Cac phuong phap CF dya trén mo

hinh tim cach hoc cac nhan td tiém an
tr ma tran twong tac nguoi dung - muc
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dé giai thich cic danh gia da quan sat.
Phan ra ma tran (Matrix Factorization -
MF) la mét vi du ndi bat (Koren va cong
su, 2009), trong d6 nguoi dung va muc
duoc chiéu vao cing mot khong gian
tiém an c6 s6 chiéu thip hon. Mdi ngudi
dung u dugc biéu dién boi vector tiém
an p,, Va mdi muc i boi vector tiém an q,
Gia tri danh gid du doan dugc tinh béng
tich vo hudng:
Fui = Pud (6)

CF ¢6 uu diém khong yéu cau tri
thirc nd1 dung tudng minh, nhung gap
bai toan cold-start va tinh thua dir liéu
(Adomavicius & Tuzhilin, 2005). Cong
trinh ndy ting cudng CF muc - muc bang
embedding ndi dung do LLM tao ra.

III. Phuwong phap,
nghién ciru

3.1. Xur ly dir liéu

Nguon dit liéu chinh ctia chiing t6i 1a bo
dir liu MovieLens 20M (Harper & Konstan,
2015), voi trong tam 1a Tag Genome (Vig va
cong su, 2012) va siéu dir li¢u. Bo dir liéu bao
g0m cac thanh phan chinh:

Ratings: Cac danh gia tuong minh
do nguoi dung cung céap, thuong trén
thang sd tir 0.5 dén 5 sao.

vat liéu

Movie Metadata: Thong tin nhu tiéu
dé, nhan thé loai va nim phét hanh.

Tag Genome: Pugc dua vao ¢ céac
phién ban b dir li¢u phat hanh sau, Tag
Genome bao gém mot tap thé da duoc
tuyén chon v6i diém muc do 1ién quan cho
mdi bd phim (Vig va cong sy, 2012).

Badng 1. Tong quan bé dir liéu MovieLens 20M goc va bg dir liéu sau tién xir Iy

Tap dir liu S0 ratings S0 users S0 items Do thua
Original 20,000,263 138,493 27,278 99.47%
Preprocessed 19,793,342 138,185 10,239 98.97%

Sau khi loai bé phim/nguoi dung co6
it hon 20 danh gi4, tap dir li€u con 19,8
triéu danh gia trén 10.239 bd phim va
138.185 nguoi dung (Bang 1).

3.1. Phwong phadp danh gia

Céc chi s6 danh gia:

Root Mean Squared Error (RMSE):
do sai s6 duy doan danh gia.

RMSE = \/Zu,iETESTSET (7o — 1) %/ |ITESTSET| (7)

Trong d6 |[TESTSET] la kich thudc
tap kiém thir; 7; 1a gid tri d4nh gia cia
nguoi dung u cho muc i do mé hinh ude
lugng; con gia tri danh gia quan sat tuong
g dugc ky hi¢ular .

Precision@K (P@K): ty 1€ muc
lién quan trong top K goi y; Recall@K
(R@K): ty 1€ muc lién quan dugc goi y
trén tong muc lién quan.

Precision = #tp / (#tp + #fp) (8)
Recall = #tp / (#tp + #fn) (9)

Bdng 2. Phdn loai cdc két qud c6 thé xdy ra khi goi ¥ mét muc cho mét nguoi dimg

Lién quan Khong lién quan Tong
Puoc goiy True-positive (tp) False-positive (fp) tp + fp
Khong dwoc goi y False-negative (fn) True-negative (tn) fn+tn
Tong tp+ fn fp+ tn n




IV. Hé thong dé xuit

Hé thong dé xuat ting cuong CF
muc - muc béng cach su dung LLM dé
sinh mo ta phim giau ngtr nghia tur siéu dir
liéu c6 cAu trac. Cac md ta duoc chuyén
thanh embedding day dic dé tinh chinh d6
tuong déng muc - muc.

Gia thuyét trung tdm cta chung
toi 1a vuot qua cac diac trung ndi dung
so khai (chang han céac thé hodc thé loai
co ban) bﬁng cach tao ra céac tuong thuat
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mo ta phim thong qua mo6 hinh ngoén ngir.
Hinh 1 minh hoa so dd kién truc tong thé
cua hé théng dé xuit, bao gém ba khoi
chtrc ning chinh: (1) khéi xir Iy va tong
hop dir lidu dau vao tir Tag Genome, thé
loai va siéu dir liéu bén ngoai; (2) khdi
sinh mé ta nglr nghia st dung LLM va
chuyén déi thanh embedding day dic;
va (3) khéi loc cong tac muc - muc dugc
tang cuong boi cac embedding ngit nghia
dé tao goi y cudi cung.

LLM-based Description
Generator

Movie Metadata

Data
preprocessing

Preprocessed Data

> Movie Description

Embedding
¥

Movie Describtion
Embedding

User Rating

Similarity
Computing

Y
Similarity Matrix

Item-Item Collaborative

Recommended Movies

Hinh 1. So do kién triic tong thé ciia hé thong dé xudt véi ba khdi chire nang: tong hop dir

liéu, sinh mé ta bang LLM, va loc céng tdc tang cwong ngiv nghia

Trude hét, ching toi tién xur 1y va
téng hop cac dau vao c6 ciu trac ctia mdi
bd phim: chu yéu 1a dir liéu Tag Genome
va nhin thé loai cia MovieLens, cung cp
cac diém murc d6 1lién quan chi tiét cho céac
thé, va tuy chon la siéu dir liéu dugc lam
giau thém (vi du: dién vién va é-kip) tur
cac ngudn bén ngoai. Tir cac dau vao nay,

chung t6i xay dung mot hd so phim chi
tiét cho timg tiéu dé.

Tiép theo, chung t6i dua mdi ho so
vao mdt LLM tao sinh tién tién. Chung to61
thiét ké prompt cén than dya trén ho so co
clu trac, yéu cidu LLM tao ra mdt md ta
mach lac, hép dan, ndm bét tinh than cua
b6 phim ma khong tiét 19 spoiler. Két qua
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dau ra 1a mot doan vin duy nhat, gén két
cho mdi bd phim.

Cudi ctng, chiing t6i chuyén mdi mo
ta phim thanh mdt embedding ngit nghia
bang mot mo hinh embedding cau huan
luyén san. Cac vector nhidu chiéu nay -
nim bat ndi dung theo chu dé va phong
cach mot cach tinh té - sau d6 dugce dung dé
tinh toan do tuong déng muc - muc duoc
tang cuong cho thuat toan goi y.

V. Két qua nghién ciru va thao luin

5.1. Két qua nghién ciru

5.1.1. Sinh mé ta phim dva trén LLM

Mot dbi méi then chdt cua hé théng
la str dung LLM huén luyén san dé tao cac
mo td van ban toan dién cho ting bg phim.
Cu thé, chung t61 st dung mo6 hinh Claude
Haiku (Anthropic) - mdt moé hinh ngon ngtr
16n duoc tdi wu cho tée dd suy luan nhanh
va chi phi thip, phu hop véi viée sinh mé
ta hang loat cho hon 10.000 bd phim trong
tap dir liu. Claude Haiku duoc lua chon
vi kha ning tuan thu chi dan (instruction
following) cao, chat lugng van ban sinh
ra mach lac va nhét quan, déng thoi chi
phi API hop 1y cho quy mo xt 1y 16n. Véi
mdi bd phim, d4u vao ctia mod hinh 12 mot
prompt ¢ céu tric bao gdbm ba phan: (i)
phan system prompt dinh nghia vai trd cia
mo hinh 1a mét chuyén gia dién anh; (ii)
phan dir liéu cung cap tiéu dé phim, nhin
thé loai, danh sach 30 thé Tag Genome c6
diém lién quan cao nhit kém diém sb, va
thong tin dién vién/dao dién tir IMDb; va
(iii) phan chi din yéu cau LLM sinh mot
doan van 80-120 tir md ta chu dé, phong
cach va diém ndi bat ciia phim ma khong
tiét 16 spoiler. Prompt duoc thiét ké theo
nguyén tic nhat quan vé ludng ngir nghia:
chu dé& — séc thai — phong cach — diém
khac biét — ddi tugng khan gia, nham dam
bao cac mo ta sinh ra cd cdu trac tuong

ddng va phu hop cho viéc tao embedding.
Toan bd quy trinh sinh mo ta cho 10.239
bd phim dugc thuc hién qua API véi co
ché checkpointing va ghi nhat ky prompt,
cho phép tai 13p hoan toan thuc nghiém.
Thot gian xuir ly trung binh khoang 1,2
gidy mdi bo phim véi tong chi phi API xap
xi 3,5 USD cho toan b tap dir li€u. Vi mo
hinh ¢6 quyén truy cap vao thong tin thé
chi tiét va bdi canh lién quan, cac md ta
sinh ra giau sic thai va nhiéu thong tin hon
dang ké so v6i cac danh sach thé don gian
hodc cac ban tom tat cdt truyén do cong
ddng dong gop.
Vi du minh hoa dau ra cuia LLM:

Movie ID 55498, Silk (2007): “Silk
unfolds as a poignant tale of obsession
and longing set against the backdrop
of late-19th-century Japan. The film
follows Hervé Joncour (Michael Pitt)
on a transcontinental odyssey driven by
his quest for silkworm eggs, while his
enigmatic relationship with a Japanese
woman challenges cultural boundaries.
The narrative  weaves
romance, and philosophical introspection,
underscored by lush cinematography
and a haunting score. Keira Knightley's
performance adds emotional resonance,
and  Francois  Girard’s
emphasizes visual storytelling, rendering
\textit{Silk} an evocative reflection on
desire, mortality, and artistic devotion.”

adventure,

direction

5.1.2. Embedding ngir nghia cua mo ta

Cac mo ta do LLM sinh ra duoc
chuyén thanh biéu dién vector.

M6 hinh embedding: Chung t6i st
dung mot md hinh embedding cdu huin
luyén san (text-embedding-3-small cia
OpenAl).

Biéu dién vector: Mdi md ta duoc
chuyén thanh vector day dic; cac phim



¢6 ndi dung tuong dong s& nam gan nhau
trong khong gian ngit nghia.

5.1.3. Loc cong tac muc - muc voi
embedding duoc lam giau

Céc embedding bat ngudn tir LLM
1a nén tang cho mat thuat toan CF muc -
muc dugc tang cudng.

Tinh todn do tuong dong: Véi bat ky
hai b phim 1 va j, chiing t61 tinh d¢ tuong
dong cosine giira cac vector embedding
cua chung:

ei‘e]-

Simcos(irj) = ledl le;l (10)

Tay chon, c6 thé st dung tuong
quan Pearson néu cac embedding da dugc
chuan hoéa theo trung binh.

Hinh thanh 1an can: Véi mdi bd
phim i, ching t6i x4c dinh k bd phim
trong tu nhat theo diém do twong dong
dua trén embedding. Pay chinh la cac lan
can muc dung cho CF.

Dy doan va goi y: Dé dy doan danh
gia r, , ciia nguoi dung u cho mot bo phim
j chua dugc danh gia, ching toi tong hop
cac danh gia cua nguoi dung cho cac bo
phim trong lan can S, (j;u):
Ziesk(j;u)SimU'i)‘(’"ui_.bui)

ZiESk(j;u) |sim(j,D)|

T = by + (11)
Trong d6 udc lugng baseline b,
duoc xac dinh nhu sau:

byj = u+ by + b; (12)
voi p la gia tri danh gia trung binh toan
cuc, b, 1a sai léch cua ngudi dung, va bj la
sai 1&ch ctia muc.

Embedding dugc lam giau tr LLM
gitip ndm bit ngit nghia tinh té hon so voi
CF truyén théng.

5.1.4. Két qua thuc nghiém

Béng III trinh bay so sanh hiéu
nang gitra mo hinh dé xuat va bén phuong

297

phap co s& dugc lya chon c6 chu dich
nham bao phu cic hudng tiép can chinh
trong hé goi y. kNNBaseline (k=40) dai
dién cho CF dua trén bd nhé thuan tuy
v6i hiéu chinh baseline, 1a phuong phap
kinh dién va pho bién nhét trong thuc té.
kNN-Content (k=20) stt dung d0 tuong
ddng dwa trén dic trung ndi dung gbc (thé
loai, thé) ma khong cé tang cuong LLM,
cho phép danh gia truc tiép dong gop clia
embedding nglt nghia do LLM sinh ra.
SVD dai dién cho nhoém phan ra ma tran,
la phuong phap dua trén mo6 hinh duogc
su dung rong rdi nho kha nang hoc céc
nhan t6 tiém an hiéu qua (Koren va cong
su, 2009). FMgenome (Factorization
Machine trén Tag Genome) khai thac
truc tiép cac dic trung Tag Genome dudi
dang s6 ma khong qua budc sinh mo ta
van ban, cho phép danh gia gia tri gia tang
ctia viéc chuyén doi dit liéu co cAu tric
thanh mo ta nglt nghia qua LLM. Céc chi
s6 danh gia dugc str dung 1a Root Mean
Squared Error (RMSE), Precision@5
(P@5) va Recall@5 (R@5), phan anh
ddng thoi hiéu qua du doan danh gia va
chat luong goi y top-N.

Mo hinh dé xuit dat két qua tot
nhat trén ca ba chi sd. Xét vé RMSE,
mo hinh d& xuit dat 0.7673, thip hon
tdt ca cac phwong phap co so. So véi
kNNBaseline (0.8108), mirc nay tuong
g v&i viee giam 5.37% sai s6 du doan.
Tuong tu, RMSE duoc cai thién 3.38%
so véi SVD (0.7922) va 3.09% so voi
FMgenome (0.7918). Nhiing két qua
nay cho thay hiéu qua cia mo hinh dé
xuat trong viéc nang cao do chinh xac
cua du dodn danh gia.
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Bang 3. So sanh hiéu nang giita mé hinh dé xuat va cac mo hinh co so khac.

P@5 R@5
0.8021 0.4342
0.8008 0.4362
0.8005 0.4322
0.7993 0.4316
0.8195 0.4413

Mo hinh RMSE
kNNBaseline (k=40) 0.8108
kNN-Content (k=20) 0.7885
SVD 0.7922
FMgenome 0.7918
Proposed Model 0.7673

Precision@5 dat 0.8195, vuot
kNNBaseline (0.8021) 2.17%; Recall@5
dat 0.4413, vuot FMgenome (0.4316)
2.25%. M6 hinh d& xuat khong chi goi ¥
chinh x4c hon ma con bao phu pham vi
muc lién quan rong hon.

Viéc tich hgp LLM va embedding
ngir nghia giup nim bit ngir nghia muc
hiéu qua hon so véi cac tiép can truyén
théng. Tém lai, mo hinh dé xuit vuot troi
trén tat ca chi sb, xac nhan tinh hiéu qua
cua phuong phap.

5.2. Thdo ludn

Vé tac dong ciia chit lugng mo ta
dén hiéu niang mo hinh, ching t6i nhan
thdy rang cac mo ta do LLM sinh ra c6
chét lugng nhat quan cao nhd ba yéu to:
(i) prompt duoc thiét ké c6 ciu trac véi
ludng ngir nghia c¢d dinh, dam bao tinh
dong nhat giita cac mo ta; (i) dir liéu
dau vao Tag Genome cung cap thong tin
chi tiét va da dugc luong hoéa, gitip LLM
sinh mé ta bam sat dic trung thuc té cua
phim thay vi bia dat; va (iii) gidéi han d6
dai 80-120 tr ngdn ngura hién tugng mod
ta qua dai hodc lan man. Ddi véi mot sb
truong hop phim c¢o6 dir liéu Tag Genome
ngheo (it thé c6 diém lién quan cao), mo ta
sinh ra c6 xu hudng chung chung hon, tuy
nhién embedding van nam bét dugc thong
tin thé loai va phong cach co ban.

Chi phi tinh toan: sinh mo6 ta LLM la
budc ngoai tuyén mot 1an (~3.,4 gio, ~3.5
USD cho 10.239 phim); tao embedding
dudi 10 phut. Pha tryc tuyén chi tra ctru

1an can trén embedding da tinh sin, khong
bi anh huéng boi LLM.

VI Két luin

Bai bao dé xuat khung goi ¥ lai tich
hop loc cong tac véi md td nglr nghia do
LLM sinh ra, sir dung embedding dé nim
bt ca tin hidu cong tac 1dn ndi dung trong
khuon khé thdng nhit.

Két qua thyc nghiém trén
MovieLens-20M cho thdy mo hinh &
xuat dat RMSE thip nhéat (0.7673) va
P@5, R@5 cao nhét, vuot troi so voi cac
phuong phap kNN, SVD va factorization
machines.

Huéng phéat trién bao gdm ting
cuong kha nang gidi thich, tich hop
embedding hdé so nguoi ding va tha
nghiém kién trac Transformer cho mé
hinh hoéa twong tac dong.
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ENHANCING COLLABORATIVE FILTERING WITH
SEMANTIC KNOWLEDGE USING LARGE LANGUAGE
MODELS

Pham Thi Thu Trang', Dang Khanh Hoa', Nguyen Hoang', Nguyen Vu Son'

Abstract: Traditional recommender systems often face significant challenges,
particularly data sparsity and the limited ability to capture the semantic relationships
between users and items. To overcome these limitations, this study introduces a hybrid
recommendation framework that integrates collaborative filtering with semantic information
derived from movie metadata and descriptions generated by large language models (LLMs).
In the proposed approach, a pretrained LLM is utilized to automatically produce enriched
textual descriptions of movies. These texts are subsequently transformed into semantic
embeddings using the fastText model to improve item representations. The resulting semantic
features are then combined with user-item interaction data to enhance the recommendation
process. Experimental evaluations conducted on the MovieLens-20M dataset show that the
proposed method achieves superior performance compared to conventional recommendation
techniques, as evidenced by improvements in RMSE, Precision@J, and Recall@5. These
results demonstrate the effectiveness of leveraging LLM-generated textual information and
semantic augmentation to enhance the performance of recommender systems.

Keywords: artificial intelligence, recommendation systems, collaborative filtering, large
language models (LLMs), semantic embeddings
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