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Algorithm 1 Pseudocode to generate prompts sequence s,

Input: User id u; Pre-trained ”Transformer_block”; User behavior sequence s, =

j?&?_—h = E%+Xil“!:/l\ﬂa {vu,15° s Vu s, 5 User embedding matrix : Wy; Item embedding matrix : We; Po-
—?‘ T 22 sition embedding matrix : W,,; Segment embedding matrix : Wy; Linear output layer
B i v J /f/t j;El — Hz == Wi; Whole items set V; The number of personalized prompts generated: K.
Y, XE ﬁ%l XE/]\ ﬁﬁ Output: New sequence sj,.
— /N 1: Let't = L al = {uua}
*EJ:EJ H Y, /f)Hi.Hﬁ}lﬂi/fT l 2: while t < |s,| do
3 k=1

I‘%’ka, e M 7& |3T 4 if k < K then

. ho= uWyu+s,We + Wy, + Ws;
/% £ .| ’ ﬁ EXTJ‘ )k == h!, = Transformer block(h!u_')
AY » —_—
A AP R
. l JE /)N 9

P, ¢+1—boftmdx(h T |W, )
9: % + Concatenation(sk, v, )
» — » A /—A/\ u wy Y, t+42
) I~ . _
TIEFHBAEFAH 0 e

00! = Ox oY

v'tl.,':‘-+2 _d‘rglnaxv(lnu.t+ ].)
11 end if

FPRIFERAHE 12: s} =[5, Vu,es2]

13: end while
14: return s},
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Table 1: Statistics of the datasets after preprocessing.

W ZE (HR@K) :
HR@kH TP As HEXE 51 R 1) A Bl e
/1. HR@KHMESTTOR1 2 [H], fE3

Dataset | #Users | #1tems | # AveLen | Actions | Sparsity
Sports | 35,598 | 18,357 8.3 296,337 | 99.95%

Beauty | 22,363 | 12,101 | 8.9  |198,502 99.73% QRIS -
RN HERE AR G KA T H

Toys | 19,412 | 11,924 8.6 167,597 | 99.93% L .
Yelp [ 30,431 | 20,033 10.3 316,354 | 99.95% ;P;ﬁﬁﬁ)j@)—\é@lﬁﬁﬁgﬁfﬁ%@@

5-coreid J&: ERETANH P 20550 THAAREH, (Bl S

WSkas) , BEDIUH WD P A2 L. H—feFrm RittE s (NDCG@k) -
NDCG @k & #E77 512 HH I H I HE
ACEAT AL : KBRS TG AN IEREA, X TR 4 Feis, {HtrToflizrmE, |
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YURE

AEFHAR AL PopRec « BPR

Sports and Outdoors | Beauty BT .
Model Metric@5b Metric@10 Metric@5s Metric@10 r?ﬁl‘u/t*j%i STAMP . GRU4Rec .

HR NDCG HR NDCG | HR NDCG HR  NDCG
PopRec 0.0052 0.0028 0.0081 0.0037 | 0.0064 0.0030 0.0098 _ 0.0040 NARM A .S3RecIPS A I:%EIST4Rec N ?ASRec
BPR 0.0030  0.0019  0.0055 0.0027 | 0.0038 0.0026 0.0060 0.0033 Pre-training: EH AR _E 1l 2R
STAMP 0.0079  0.0051 0.0119  0.0064 | 0.0077 0.0045 0.0114  0.0057 35
GRU4Rec | 0.0113  0.0072  0.019  0.0097 | 0.0162 0.0097 0.0300 0.0141 il
NARM 0.0132  0.0085 0.0234 0.0118 | 0.0230 0.0142 0.0401  0.0197 : i . . A BT L =
S3Recps | 0.0124  0.0086  0.0205 0.0111 | 0.0202 0.0119 0.0336  0.0163 Fine-tuning: ~ 155 5 1)1 2R Bopd A
BERT4Rec | 0.0200 0.0130 0.0313 0.0166 | 0.0382 0.0210 0.0592  0.0319 / % S 4z g
SASRec 0.0203 0.0135 0.0324 0.0174 | 0.0398 0.0261 0.0614 0.0331 L AT s

Pre-train 0.0203  0.0132 0.0324 0.0171 | 0.0418 0.0272  0.0610 0.0334
Fine-tuning | 0.0212  0.0141  0.0328 0.0178 | 0.0421 0.0275 0.0618 0.0338
RecGPT, | 00213 0.0141  0.0333 0.0180 | 0.0426  0.0283  0.0651  0.0356

RecGPT | 0.0219 0.0143 0.0339 0.0181 | 0.0440 0.0289 0.0654 0.0357 ® I =Rl >
Improved | 3.302% 1.418% 3.354% 1.685% | 4.513% 5.091% 5.825% 5.621% [P IR SR

Toys and Games Yelp ® @ﬁiﬁﬁtransformerﬁﬁ (SASRec) E/‘J
PopRec 0.0030  0.0021 0.0070 0.0031 | 0.0045 0.0023 0.0091  0.0038 N
BPR 0.0030  0.0019 0.0047 0.0024 | 0.0023 0.0015 0.0039  0.0021 L. (HHEEGRU 4 Rec, Caser,
STAMP 0.0033  0.0019  0.0061 0.0028 | 0.0041 0.0025 0.0071  0.0035
GRU4Rec | 0.0157  0.0097 0.0274 0.0134 | 0.0122 0.0076  0.0219  0.0107 NARM;FDSTAMPE X X
NARM 0.0257  0.0174  0.0405 0.0221 | 0.0152 0.0095 0.0256  0.0129 ® (AN BAZ S HFHA—TEMNR.
S Recips | 0.0227  0.0146  0.0397  0.0200 | 0.0159 0.0094 0.0269 0.0129 ?
BERT4Rec | 0.0455 0.0307 0.0683 0.0380 | 0.0156 0.0096 0.0262  0.0130 ( BERT4RecH1S3ReclPSA~ ﬁﬂ
SASRec 0.0479  0.0334  0.0698 0.0405 | 0.0161 0.0100 0.0290 0.0142 SASR )
Pre-train 0.0487 0.0342 0.0630 0.0388 | 0.0166 0.0102 0.0278 0.0138 €eCo
Fine-tuning | 0.0492 0.0335 0.0701  0.0402 | 0.0168 0.0103 0.0287  0.0141 A B m2 ki 7R
RecGPT, | 0.0515 0.0355 0.0711 0.0418 | 0.0172 0.0105 0.0293 0.0144 ® LT ri{’k‘{m"jﬂ?/]\*%izeccap-rlﬂ
RecGPT | 0.0529 0.0359 0.0721 0.0419 | 0.0177 0.0107 0.0297 0.0146 RecGPTZE 1T 43 1| £E 88%

Improved | 7.520% 4.971% 2.853% 3.457% | 5.357% 3.883% 3.484% 3.546%
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Fig. 4: Sensitive of the size of window K in term of HR@10 and NDCGG10.
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Table 3: Performance of ablation on different components.

Datasets Metric RecGPT Variant_1 Variant_2 Variant_3 /l\ ‘ri’fjﬁﬁlﬁﬂ Wﬁ*ﬁﬁ E[Xj‘ 7[‘;%@
6t HR@10 0.0339 0.0226 0.0333 0.0324 Tiﬁ%%[}ﬁi@gﬁo (Repot>2>3)

NDCG@10 0.0181  0.0135 0.0180 0.0171

HR@10 0.0654  0.0560 0.0651 0.0610

Beauly NpoGa@10 0.0357  0.0315  0.0356  0.0334 P B ZR AR B T AT

Toys HRGI0 00721 00603 00711  0.0630 ARS, P A BRI T
NDCGOI0 0.0419  0.0364 00415  0.0388 (3>1)

Yo TRGID 00207 00261 00393 00278

NDCG@10 0.0146 0.0133 0.0144 0.0138
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+0.772%- +0.336%. +0.143%. +0.027%7F1+0.017%.
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