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Neighborhood—Enhanced Graph Self-Supervised Learning for
Recommendation
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Abstract Graph-based self-supervised contrastive learning has emerged as a prominent research
direction in recommendation systems due to its ability to enhance model robustness and
generalization, particularly in sparse and noisy user-item (U-I) interaction scenarios. These
methods augment the U-I interaction graph by constructing auxiliary self-supervised tasks and
extracting contrastive signals from multiple enhanced graphs. The core idea is to enforce
consistency between different enhanced graphs, thereby enabling the model to learn high-quality
node representations. Nevertheless, despite their effectiveness, current graph-based self-
supervised recommendation methods face several limitations. First, their performance heavily
depends on manually designed augmentation strategies—such as node dropping, edge removal, or
subgraph sampling—which may distort the intrinsic structure of the original U-I graph to varying
degrees. These distortions can obscure crucial topological patterns, thereby limiting the model's
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ability to capture authentic graph characteristics. Second, many existing approaches fail to fully
exploit the rich structural and semantic information inherently embedded within the graph. In
particular, they often construct positive sample pairs solely from enhanced graphs, neglecting the
local structure and neighborhood semantics of the original U-1 graph. This limitation may
hinder the expressiveness and discriminative capacity of the learned representations. To address
these challenges, we propose Neighborhood-enhanced graph Self-supervised learning for
Recommendation (NeSR)—a novel framework that extracts self-supervised signals from three
complementary perspectives: subgraph, structural, and semantic information. These signals are
integrated into the corresponding contrastive learning objective to improve recommendation
performance in a principled and robust manner. First, we employ a diffusion model as a
generative augmentation mechanism. By simulating the forward diffusion and reverse denoising
processes, we construct high-quality, noise-free subgraphs. These subgraphs serve as reliable
enhanced graphs for contrastive learning, offering stable global structural cues that improve the
robustness of node representation learning. Second, we leverage random walks on the original
U-I graph to extract local structural information. The resulting walk sequences are treated as
contextually relevant positive samples for users or items. This approach enables the model to
generate self-supervised signals that are grounded in the inherent topological patterns of the
interaction graph, thus yielding more accurate and informative node embeddings. Furthermore,
to capture the semantic relationships between nodes and their neighbors, we apply a clustering
algorithm to assign pseudo-labels to all nodes. Based on these labels, we design a pseudo-label-
guided contrastive objective that encourages higher embedding consistency between a node and
its semantically similar neighbors. This semantic augmentation enables the model to better
capture latent user intents and item characteristics that may not be explicitly observable from
graph topology alone. We conduct extensive experiments on five real-world benchmark datasets
to evaluate the effectiveness of NeSR. Experimental results demonstrate that our method
achieves competitive performance across a wide range of metrics. Notably, on the Amazon-
Kindle dataset, NeSR outperforms the second-best model by 11.79% in Recall@20 and
12.53% in NDCG@20,

accuracy. In summary, NeSR presents a comprehensive self-supervised learning framework

indicating substantial improvements in top-N recommendation

that integrates subgraph generation via diffusion model, local structure modeling via random
walks, and semantic enhancement via clustering. These components jointly improve the quality
and robustness of node representations, ultimately leading to significantly enhanced

recommendation performance.

Keywords recommendation; self-supervised learning; contrastive learning; diffusion model;

collaborative filtering
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exp(hffz,,/r)

EUEMexp@uT/Azy/r)
o, b, AR G BT 27R CRAVES 3. 3 I Pl 44
T R ARAT ) o /2 1 B8 S 800, FH T A oL
B BURAREE . 2L, T AT 2T H A A X
AR Ll s i I T 3G s AR B v (Y S R
L= L + L'
3.5 REEBLIaEE

TES M2 v, 5 fL ) R iR A5 Fa A5 8. Can—Bir &
BRI B R O X TR P -1 H S B R B OCH
B, SR AL G 1) 11 A6 R W) 266 38 o AR08 T [R R 245
BUSRAE BT SERR XA 25 2 B T SRR
ANT] Gt 25 R AR I I, RIS [R5 8 i A
T R BA  XE LA DR B AR A Jmp e o DLt 3R
TR FH BRI %) 5 =Xl Dy (&1 v &8 J 49 A5, AT
Ak AR, LUH P o i F L 2 3 EH A2
HHRE G 3R T AE L 15 B A T A Rk P 81 4R
4 Walk(u)={wo, wy, =, w0, w1, W=t}
o w, TR wliFE WS i AT 5 o R E A
W, w, o Ao NE G F i i VAR E L L BE S AE
Gt 3R Ui E R A Walk (o) 7 A FoR  IF
3 L Rl PR BT R w YRR A R RO

i = Fusion( Walk(u«)) (14

Horb Fusion (+) AT 2R FH (8 5 2 Ve I S5 il 5 =X
X HLR FHE 0 g7 AT i . a2 20 BE ML
A S T S RE S (B U () B 2 49 5 AR BR T —Bir
AR A7 S B BRI [F] R w2 2 R AL T 2 ARk
1B SCE B FRATER R i RO 2515
BAER B MBS SR FH P 00 0% JR 3R 445 44 1) %oF L

2.
; exp(hihy/T)
L= —1
2“6“ o8 EUwexp(h,,Th‘;f”’/r)

TE Jay B 45 ke A X} b 2 >0 b, FRATTRE 1 A 0 R H:
JRI TS G5 FA A SR TEXT o 5 a0 RN H A J 358 455 440 40 Ry £ %)
BV [R]— A~ A 45 (8] H 7R R A, A1 0 2 (81
RS HEC A, FT R Z B ARE RS o X AR AT DL 75 40 |
FEE ) N TREE R B I 254 15 Bl AT HL2#
)RR B B TR S LA e 2 ) T ] SE
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£3=3, .~ log

(15)

KF o FALl i, TS 2T E AT ek £l e
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JRARFNES Y, 206 T EINTETR: SR 2= 2T AT
FETCEARRARERE i A B E R . Flantag M
£ L SN R Z SN RS SE PN E [ A B i) S
XULHIA T Z [ A7 AE A S v e B 2R Bt [a) (9 2%
o W TR BAHCT: T BIOCR M4 h AN AAEiE
1o A RIAR GE % Ll 2T AN e 38 2o 1 45 48 R AR
WBHE S o B, AT T — 4P hiE g i
e, IR P bR SR FEA TR 2z 2

AR U-TEIAH P @ 5D 2 5 R 2 IF 3
B— T R IAREE . TEBIAIYI IRt B B, TR
038 ok B Bl R R AR Ry R 25 A S R A R iR 1 7
warm-up Yl %k, LA SRR . B S AL H K-
Means 575 %5 FH P (0 B i A S4TSR
TN KL c1y oy vomy i IFET RABLE RN AT
SITCONAR o B2, FRATHHE Dhbm 2 4 B9 1
WA RG] o LA w R0, 78 5T 78 ) 7 vh i
T A AN w B ARIRI P g -

hlh,
M(u, g)= : (16)
|| Ay |
g = arg max SIM(u, q) (17D
g€,

O o, BRI 0 R 1 Db 8 0 2 e
FE P AT 77 A3 0 P P 0 LR i
T2 IV SCIR AR B 15 7 08 12 3T B 3 (e )
S TEREAKT o A0 o FIIEV 4 F LA P P20 67
BEAX AELFRATTIA B 7 o i T4 - (DR 70
TP ARA (5 B (2) o3k K AR Bt RE] . T
(T T 36T P bR 0% % L A3

o exp(h[h(;/r)

L= 2iueu 108 zqe(_“ exp(hlh,/t)

KT A B FRATHR /R BT % 5 F P
w HAT AR R FAR 2 0 LA T SR R AR . SXHEAR
AL e T8 F A BR AR iC Bl 64753 25 e (ff
PORRZ ) - P = 1 A H — B0 A R AT H
TR N T B 22 57, 35 Bl K-Means 7325 #4527 > %]
THAERA A A b, I B0 sk S X L
PR Ll s Foe A5 B AR B SO TR B B K
Lona = Loy Lo
3.7 BEEBEMRK

FRATTRE I 4 B By B 2 > B A9 P 350 H 4k A (2,
H 7o) 2R R 27 21 1) BPR 461 2k pR £ 1 47 45 A
etk :

(18

Lppr= E —
(w, )€€, (ujle&

log[sigmoid<s(u,i)*s(u,j)ﬂ (19)

Hope e pilRnihEGKxkBAR,, =1
Rio =081 5 EA s(u, i)=hih, W w FITTH
£ TN AR J3 38 5k BPR A AR A] DL s KA I 25
AR T ORI I P 3 E g 4 AR 3

BE G » K 3 BT B Lo JRFREEFI IR Lo
ARSI AR L, BAMERE FAE 55 Lo T AT
BCA AL . 153 NeSR #5128 H AR R %L
L= Lpx+ 2 Lo+ AL+ AL+ 14 0] (20
For AL A A A3 2 A T R AR Al R 4R
BE SCH B o A R AR S50 1 4,
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BRI A BRI S AR B R P RERY AR
3.8 EZHESH
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T Z R BBLES Z A ZEIE . NeSR Ry 8] 5 44 B
LA #0 8 : Ca) B i 76 B B AT B 45 AR
A BPR 1 2 1 i 8] &2 2% B 4 51 o O(| €| Ld) A
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Ui A R R 45 Ra % EL B4 B 18] 2 4% B 43 531 R O (Bnd )
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RQ1 : 5L A b NeSR 4 BLUNAT 2
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4.1 ZWRE
4.1.1 BEfEHR

FATE ML-1IM ™ | Last-FM™, Yelp™'. Amazon-
Book " Fll Amazon-Kindle"™ F 3L B PE 4 I fT
T, R RBHRENSIHE R L7 1 21 LA
TR 30 3 IR g e AR A A o AR SC
HRL16.26 |, AT E AR IE4E I RS
SR G MU 2R IS UE AR 4T & 01 FH TR 25 L B
LA AE LA PEAL . AT K A N
512 P FH Recall # NDCG [ B2 f 8 45 » 43 51 AASE
RUFGEI I B A A RN E B A OCHEHE PA4E E
AT BN Bl 20,

®1 ZBHEEHSIT

pIEES HiP HiH L. i B
ML-1M 6,038 3,492 575,281  97.27%
Last-FM 23,566 48,123 1,712,638  99.85%
Yelp 31,668 38,048 1,561,406  99.87%
Amazon-Book 70,679 24,915 846,434  99.95%
Amazon-Kindle 138,333 98,572 1,909,965  99.99%

4.1.2  FEAERIRY

AR = U R 2R R (455780 5 NeSR 47 %
FE L A3 )2 JE TR BE AR L (BPRMEF ™ AT DNS) |
T B i AL (NGCF AT Light GCNYD L &
BT A W 2 ) BY B R (SSL-DNN™  BUIR™ |
SGL" \NCL™  XSimGCL™ #1 DiffRec"™") .

(1) BPRMF"" . i F D1 Hp A~ 1 A6 HE P 19 7
B AT 55 e A R i HE e ) . s f 4k H
i R ER {68 FH P X 2L 38 B 0 TR B 43 TR AC
W T ST AR HE IR G &R

(2)DNS™ 2 H T 8l 245 97 R A 5 s ok A0 Ak HE
%, top-N By D[R] 2k & AT 55 o R PR A543 45 v I AR AR
VE Ry B A TR R 25

(3)NGCF"™ . 3:F GON A k. B e A
FAIE 2Z a] s o 2 g A E A AT
T R R R R R A S

(4)Light GCN . B & NGCF i f A » {3
B4R R AR U-TH A R4 2035 A

(5)SSL-DNN™ . 5L F KA H #7201 24T
%5 H MBI HESL SR I Haf =) 0 SO TR
A IR )11 2 o

(6)BUIR™ : R FH S AL 2 A= - 2 I 1) X 285, 3 1o
6T FE 9 A A [] ) 24 00 7 19X 45 2 20 28 1 D s
28 51 5 H P A H 1R

(T)SGLM™ . e FAL g (R Y 78 kit 7 —
Tt A [ 1 38 5 SR 6 (T /30 25 5 W BRI A ) A X
UL 76 5200 3R AT Bt e s A A 3 25 5 0Rs

(8)NCL™ B J& — Pl i 4B 38k =F & i X L #E
FEB 4300 DA S5 R0 A SCas [E] 51 AT A B 40
KA X L o

(9)XSImGCL™ : ixX N i & E SimGCL™ (1)
O RRAS 12— 15 SR 71T 2 2050 %) [ % Bl 2 20 ik
XFT RFR A TS JEXT L o

(10) DiffRec™™: & F FHA™ FBOiE Y 58 K 19 A= i B
1 ¥ HB | ARSI, 8 2 2240 2o el R Stk &
LA P 3 H 28 B
4.1.3 ZHkE

SCE IR AT B AR 55 48 L B A 12th Gen Intel (R)
Core (TM) 17-12700KF CPU #iI NVIDIA GeForce
RTX 3090 GPU. fEAR[RE LB & RATH T4
RS (1) ik A4 B 1 A [ (E 64, R FH Adam & AR
AR DL K A Xavier ¥ 3R16 7T I 2280 5% T B
BTN L5 1) SEUER R TR AT K 28 L% Ry 2,2
M REE R Lo *, LIENALIN R EOR 1e ', AL BER
/N 2048, BiF 5 3 45 T S ERL R BB S EUR E
TR M X T OB G S B0 R S RN
le * 800 TRIMR U E N 5. 8 T/ [0, T/4,
T/2, TIh B, A48 B 45 H A kiR & R 10,
NeSR 7EW R 24 2T i A BT S B0 B R . B FUR %
BHoR2,IFHE (1,2, 3,4 HiREE FE {0, 1e 7y 5e %y ey
le ' 5e ' 1y e 8 [ MBS 5 A A R A, U B
S E N 0. 1, Jry 45 ke 38 s B H rp B AL U0 2 K E
W R 5, LRI SO s T X 431 R 500
4.2 FEERWERR S (RQL)

Sy T AT PEAL BT B 5L NeSR MR 5, 3%
11K 5 = gl AS [) 28 A0 (0 e 5 BB E A7 T X L
SE . N 2 Pron AT FA FEERE A RS
T Y HEFE S K K N=5 Hl N=20 i} () Recall FI
NDCG #8t5 . A TH LT LB -

(1) NeSR 11 1% G 2t 8 of 28 8 i SR #F 5 ik
BPRMF F1DNS. 4l NeSR # BPRMF 7& 1.4
P 4E L #R A 17% DL L 2 T, R 7E Yelp I
Recall@5 il NDCG@5 43 %l & F+ T 57.32% Fil
59. 18 AF &S iy RS , BPRME 38 £ X H
FIARZE BRI H LR AR REAS O A P % IE 7
FEA B br 4550 25 R VR AL . X — 7 vE R A
AR A HERE R G h T AE TR H bR pR AL
DNS 7€ BPR 3t Al #0470tk , ha i e 15 5048 = 1
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2 N=5FN=20 Bt S EHEE Top-N HIHETF 14 BE

VIS WlitEts  BPRMF  DNS  NGCF LightGCN SSL-DNN BUIR ~ SGL  NCL  XSimGCL DiffRec  NeSR
Recall@5  0.0970 0.0918 0.0954 0.1099  0.0536 0.0853 0.1107 0.1155 0.1154  0.1137 0.1196

N NDCG@5  0.2787 0.2655 0.2864 0.3191  0.1230 0.2645 0.3275 0.3350  0.3387  0.3320 0.3395
Recall@20  0.2455 0.2267 0.2413  0.2688  0.1515 0.2062 0.2637 0.2779  0.2713  0.2696 0.2873

NDCG@20 0.2696 0.2522 0.2713  0.3022  0.1398 0.2409 0.3032 0.3142  0.3128  0.3065 0.3211

Recall@5  0.0293 0.0360 0.0236 0.0375  0.0422 0.0110 0.0354 0.0377  0.0380  0.0431 0.0457

LaLEM NDCG@5  0.0494 0.0570 0.0400  0.0605  0.0709 0.0231 0.0610 0.0619  0.0658  0.0727 0.0740
Recall@20  0.0669 0.0796 0.0529  0.0782  0.0898 0.0309 0.0793 0.0791  0.0817  0.0883 0.0915

NDCG@20 0.0577 0.0676 0.0464 0.0692  0.0784 0.0273 0.0699 0.0702  0.0733  0.0815 0.0820

Recall@5  0.0157 0.0159 0.0157 0.0197  0.0109 0.0150 0.0224 0.0218  0.0244  0.0231 0.0247

Velp NDCG@5  0.0294 0.0294 0.0297 0.0368  0.0191 0.0294 0.0422 0.0410  0.0457  0.0445 0. 0468
Recall@20  0.0486 0.0497 0.0498 0.0588  0.0364 0.0467 0.0666 0.0661  0.0725  0.0668 0.0737

NDCG@20 0.0393 0.0400 0.0402 0.0481  0.0281 0.0384 0.0548 0.0539  0.0596  0.0559 0.0599

Recall@5  0.0496 0.0589 0.0382  0.0592  0.0488 0.0376 0.0682 0.0627  0.0674  0.0736 0.0756

Armzon-Book NDCG@5  0.0393 0.0460 0.0301 0.0462  0.0392 0.0309 0.0539 0.0495  0.0537  0.0598 0.0607
Recall@20  0.1181 0.1315 0.0981  0.1376  0.1012 0.1001 0.1556 0.1452  0.1577  0.1511 0.1680

NDCG@20 0.0623 0.0703 0.0500 0.0726  0.0569 0.0515 0.0832 0.0770  0.0840  0.0870 0.0916

Recall@5  0.0752 0.0973 0.0458  0.1005  0.1105 0.0367 0.0903 0.0932  0.1012  0.0810 0.1165

Armon_Kindlc NDCG@5  0.0681 0.0880 0.0413 0.0916  0.1017 0.0314 0.0815 0.0824  0.0935  0.0886 0.1061
Recall@20  0.1475 0.1817 0.1030 0.1877  0.1911 0.0847 0.1855 0.1831  0.1985  0.0816 0.2219

NDCG@20 0.0912 0.1150 0.0596 0.1193  0.1273 0.0471 0.1115 0.1114  0.1237  0.1003 0.1392

T LR R AEE A T 1A

TR, JIr LI REDL T BPRME .

(2)NeSR 1 F W BT 55 $2 415 T B 2 1) P e 3y
%5 . NGCF Hl Light GCN J& T Kl A B % . i i
FH P30 H I s B O Rt AFE 19 5 7R L T NeSR
TER GG B AR L T T AN 1
TR A A LR s S H BT 55 (iR 1
AEA KR T, 91 0 NeSR %5 LightGCN 7£ Yelp 4%
Pt 1A 24% UL A BkiE

(3)NeSR £ F Wi B # A  v A BH I 1 5 4
. B % NeSR M BUIR 1 BE X L iy B 3%, &
14BNk BUIR 1 8 55 22 1 Ji 5 A 1 Bl AL A= A
T X 8 i AR L st R REAE A8OR) T P A ) 408 45k
TR . LYK, R [R] Ao A 2 4 A S NCL AH
I s NeSR 7F Amazon-Book 1 Amazon-Kindle %% 4
£ FABRESEEL15%0 LA BT B UE T NeSR H )
23 P 1 iR RN AR 3 OISR A B A R . B
NeSR 7E SSL-DNN. SGL . XSimGCL Al DiffRec H
JEIR T a4 A 0 W HL B BB 1 i R A B
Y RE A A ) 2 P 14 5t / G [ 1 5 Xt Lb 27
A AR ATz BE .
4.3 SEERMESHT(RQ2)

FRATLE Last-FM 1 Amazon-Book 4> 44 $ 42
% Bt Recall@20 F1 NDCG@20 1 K iFA% 8 b5 » XoF

NeSR AN [A]#E Z (PR RERE AT 73 M 5 ik, (145
T B S RN SO B SR AL Tl A, X LA
2T IR FE 7, R AR B AL IR S K B s 1 AR K
DL R Bl RT3 S A e rh BT 5 S 3] A e RS 9
BICD THIMERIAL T,
4.3.1 AWEMBREALAMA,

W 27 > 3 o #) s A QBT 55 il BB A 2= )
DAL I 7 S A 2 R B B R R ) o L e B
REEA 2 . FRATT S I HAth s 285 o Lk
BB AL, R RS B K3 58 R A, R R 4
) 358 58 2R 0 A, RN AR ST SCIHEG 5 ZR 5 A, X LA P fig
HIRE M . SEERE5 SR an & 3 Frs , A AT L& 3],
Bl 17 W E R BE B 3G, A, A X NeSR M fig 19
AU RN - o i | B S N i < B
1t Amazon-Book -, 24 A, L 0. 005, A, B 0. 05 i,
Recall HINDCG ik I W E 5 {H 24 | W58 o ik — 20
B SRV RE IR T R . X — BRI 1h iR
B4 B P 2 i RN &R S 1 SO 8 1T fig 5 B A
WA o X T Ja FB 45 H 3 0R R B AL, AT R AR
Last-FM il Amazon-Book |24 A, = 1 B , #5 7 fi4) 4
AEIA RIS . X — &5 S R, Jm 0 45 4 1 5 7E
NeSR H HA 5 2R H L 16 32 b 3 o 0 E R 6% 10 2%
PEFHBIRIRE o
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9% 9% 9%
T 8% Z 8% c
3 < 8%
7% | |—m—Recall 7% —l— Recall —l— Recall
—®-NDCG 0 —®— NDCG —® NDCG
7%
Q N » Q ) Q Q N Q N » Q I\ Q Q Q Q N2 » Q AN} Q QO N
Q Q O 2 N S \) Q Q & 2 S S N Q Q » 0 S S N
ISR NN SRR AN NS SEEESRIEN MRS R NRN
@ (b 2, (©) 2,
18%
o 15% % L 15%
g g 3
a —il— Recall a —— Recall o —l— Recall
S 12% | |-@— NDCG §12% | |-@— NDCG § 1205 | [“®@—NDCG
£ £ £
< < <
9% 9% 9%
(]
S S & S O O O O > H® 9SO Y
F & LSS F & LSS F & P LSS S
(@ %, (&) 2, ),

K3 Al A B X NeSR 5200

4.3.2 XFHEEI A

7E A W A 38 5 ffH InfoNCE R X [
PR PR A TR AL . TR < R —
SR TR REAS 2Z ) A AR B i v v 1)
oo A eR R B R AT AR IE AR 2
V) ) AFLARL BE B I 42230, Iy o s R A Sk T &2
B X5 LA e B A6 B2 AR L o (SRR AR B ip 5G9 TE R AR AR
ZI 22 5 o DR, FRATTHE 1 AW i 38 A %o g £
PR AU, HAD R SRR IS I & 2R Rl
FEZH06 NeSRPERERYSZ A o 38 3 3 3 AT 401, i
B 7B 0. 1, Recall FINDCG P REHUAS Fefd:

R3 TEEE Xt NeSR I

PIMREZE], 7E Last-FM fil Amazon-Book I, 24B#EHLIF
A BE A3 I H 10 A S B, AR Bk B . KT
Wit U A S BE o B3 0, BRI ME R IR T,
MR TGS FRATHEN B il E 751 ml figs |
AT Z s {5 B B RE LA s A Y
SRy EREEFAFAE s NI 520 T HAERER L

=4 FEBRENREE K E n X NeSR HI#2E
Last-FM Amazon-Book
Recall@20 NDCG@20 Recall@20 NDCG@20
5 0.0912 0.0814 0. 1675 0. 0907
10 0. 0915 0. 0817 0.1661 0. 0900
15 0.0910 0.0815 0. 1646 0. 0898
20 0. 0896 0. 0805 0.1626 0. 0895

Last-FM Amazon-Book
Recall@20 NDCG@20 Recall@20 NDCG@20
0.1 0.0914 0. 0814 0. 1675 0. 0907
0.2 0.0822 0.0729 0.1675 0. 0887
0.3 0.0737 0. 0654 0.1527 0. 0790
0.4 0.0684 0. 0608 0.1386 0.0710
0.5 0.0658 0.0583 0.1296 0. 0657

4.3.3  JRHHEHLEE K 2

7 NeSR i Rl 25 i g s e, JATTI0E T4
A E K 7(5,10,15, 200 SR RIERE AR . SE56
L BB Y S B 15 A I O S ) R L H
RSB IEE . R AL EE T

4.3.4 BIFEANBK

FEARBRIE SRR AL b, F AT H FH K-Means %
FE) B RAR B s ANAR &S, LA R H AR S
PO EEE RG] o B S AR RO s C TR S
BOR B R AAE , FRATT 22 A A A9 KAEL(100, 500,
1000, 1500, 2000) 2 MLEE X 1 fiE B2 M K/ . AR 4l
25 M2 45 J AT DO B 5/ RSB (K=
100) 7£ Last-FM 1 Amazon-Book 3 % 3 % 1£
PEfE. A K380 ARIPEREIF R W 3R T I n
R, X RV Z % RE S E0E U85
0 DT MDA RS Sy S 45 # P 302F ~
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RS RERIEHEA KX NeSR KIFM
Last-FM Amazon-Book
K Recall@20 NDCG@20 Recall@20 NDCG@20
100 0. 0912 0. 0825 0.1678 0. 0913
500 0. 0909 0. 0817 0.1675 0. 0907
1000 0. 0905 0. 0817 0. 1668 0. 0905
1500 0. 0907 0. 0818 0. 1660 0. 0900
2000 0.0901 0. 0809 0.1671 0. 0908

4.3.5 P HURERIME SRR P HCE TR T
FEARAT o AT LT S AR b g = A6
ST T 40 AT e BLBL (noise scale) P A

COFERRAE (T o WS B P Bl f i —2
JITES RS 5 47 IO RAR ZERT M 4 HO A s
T R A T PHAD SR I ) et i o DA 7 348
A AR T AR B IR 4 A SEE6 45 SR AR AT LA
75 DU WS - 17518 B0/ IN ) Mt 7 BASE (A3 4, Mg s
FEHUE A 0. 001D et AL BT R BT it AR AS . HAR 78
IR MR 75 AR 34 0 2D 5000 A58 78 P e Y 52 T
BN N T IEPERE AT RRCR 2 R USSP, TR AT T3k
B8P T=>5. (AR, YL T'= 01,
RETRR R T S AEPERR , X 0T B2 th Tkt T IR U-1
Pl It BEREER , AT R B 8 2 A L Z5 R 15 B

8.2% 8.2% 8.2%
z 2 s
= 8.1% = 8.1% T 81%
3 3 <
8.0% 8.0% 8.0%
1E-4 0.001 0.010 0.100 1.000 5 10 50 100 0 T/4 T2 T
(a) noise scale (b T ) T
9.15% 8.25%
9.10% < o
é 8 9.10% ’% 8.20%
@ g =
S 9.05% b 8
N £ 9.05% £ 8.15%
= < <
<
9.00% 9.00% 8.10%
1E-4 0.001 0.010 0.100 1.000 5 10 50 100 0 T/4 T2 T
(d) noise scale (e) T ) 1T

Bl4 3 HOBRL 0 e P LA 7 B R B 1 e %

4.4 NeSRIZEH5H(RQ3)

AT SR AR SO HR BRE AN [l AR i B TR
BATHAT T IR . 55 B R R R R
AT R ETR S RIENE s ST S S AR 1)

ST S IRIIE
4.4.1 THEhSCE

N T BIEAR SO Y 959 NeSR AN Rl HS
PERE M BTk, FRATBETT T =N AR RBIALAE Last-FM
F1 Amazon-Book I #1752 86 . H 1 “NeSR w/o d”
F7R NeSR # R4 Hi 1 K3 s 13, “NeSR w/o 17
FRHE I Jry 0 45 AR HG SR B, “NeSR w/o 87 3R 7R
NeSR#BR&RILE IR . 3 6 HoUlgAs A,
NeSR L R AL T HARRBIAY , Sl DA o] —5 43
B> R A AN R AR B A4 K

(D JryEREs g n s e, B BRIZA L (“NeSR w/o

)X BE R FZ I Fe K . AF Last-FM F1 Amazon-Book
I Recall@20 43 7l & % 17.05% 1 14.58%,
NDCG@20 43 51 T W 18.41% #117.03% ., X F
Jri R A KR SRR (A% O AN B DT T 5,
K FR A 0 R A S OB T M W bRk
BRSO IR RE W R Ak .
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Background

Deep learning based recommendations have a significant impact
on people’s lives in various scenarios and have become an
indispensable part of people” s daily lives. In comparison to traditional
collaborative  filtering, deep learning-based recommendation
algorithms excel in handling large-scale, high-dimensional data.
Despite these algorithms demonstrating outstanding performance in
specific scenarios, the design of deep architectures necessitates a
substantial amount of data for training. As recommendation system
relies on user-item (U-I) interaction records, they face challenges of
data sparsity and high collection costs.

Graph-based self-supervised contrastive learning has
emerged as a prominent research direction in recommendation
systems due to its ability to enhance model robustness and
generalization, particularly in sparse and noisy U-I interaction
scenarios. These methods augment the U-I interaction graph by
constructing auxiliary self-supervised tasks and extracting
contrastive signals from multiple enhanced graphs. The core
idea is to enforce consistency between different enhanced
graphs, thereby enabling the model to learn high-quality node
representations.  Nevertheless, despite their effectiveness,
current graph-based self-supervised recommendation methods

face several limitations. First, their performance heavily

depends on manually designed augmentation strategies—such as
node dropping. edge removal, or subgraph sampling—which
may distort the intrinsic structure of the original U-I graph to
varying degrees. These distortions can obscure crucial
topological patterns, thereby limiting the model’ s ability to
capture authentic graph characteristics. Second, many existing
approaches fail to fully exploit the rich structural and semantic
information inherently embedded within the graph. In particular,
they often construct positive sample pairs solely from enhanced
graphs, neglecting the local structure and neighborhood semantics
of the original U-I graph. This limitation may hinder the
expressiveness and discriminative capacity of the learned
representations. To address these challenges, we propose
Neighborhood-enhanced  graph — Self-supervised learning for
Recommendation (NeSR)—a novel framework that extracts self-
supervised signals from three complementary perspectives:

subgraph, structural, and semantic information. These signals

are integrated into the corresponding contrastive learning objective

to improve recommendation performance in a principled and
robust manner. First, we employ a diffusion model as a
generative augmentation mechanism. By simulating the forward
diffusion and reverse denoising processes, we construct high-
quality, noise-free subgraphs. These subgraphs serve as reliable
enhanced graphs for contrastive learning, offering stable global
structural cues that improve the robustness of node
representation learning. Second, we leverage random walks on
the original U-I graph to extract local structural information.
The resulting walk sequences are treated as contextually relevant
positive samples for users or items. This approach enables the
model to generate self-supervised signals that are grounded in
the inherent topological patterns of the interaction graph, thus
yielding more accurate and informative node embeddings.
Furthermore, to capture the semantic relationships between
nodes and their neighbors, we apply a clustering algorithm to
assign pseudo-labels to all nodes. Based on these labels, we
design a pseudo-label-guided contrastive objective that
encourages higher embedding consistency between a node and its
semantically similar neighbors. This semantic augmentation
enables the model to better capture latent user intents and item
characteristics that may not be explicitly observable from graph
topology alone. We conduct extensive experiments on five real-
world benchmark datasets to evaluate the effectiveness
of NeSR. Experimental results demonstrate that our method
achieves competitive performance across a wide range
of metrics.
NeSR outperforms the second-best model by 11.79% in
Recall@20 and 12.53% in NDCG@20, indicating substantial

improvements in top-N recommendation accuracy. In summary,

Notably, on the Amazon-Kindle dataset,

NeSR presents a comprehensive self-supervised learning
framework that integrates subgraph generation via diffusion
model, local structure modeling via random walks, and semantic
enhancement via clustering. These components jointly improve
the quality and robustness of node representations, ultimately
leading to significantly enhanced recommendation performance.
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