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Figure 1: Two examples of SRSs: (1) After Jimmy has booked a
flight, a hotel and rented a car, what will be his next action? (2)
After Tina has bought an iPhone, an iWatch and a pair of AirPods,
what would she buy next?
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Figure 3: The overview of the proposed LLMEmb.
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Stage 2: Recommendation Adaptation Training (RAT)
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1. BiE&E 4. TS
o FET=1TEILHFLIEIESE: Yelp. Amazon Beauty 1 Amazon Fashion, o EFA:
o Yelp: G5AENSINEE, BTraESHEE, o CPU: Intel Xeon Gold 6133

o GPU: Tesla V100
o Amazon: MNEBEBFESFESWE, Beauty # Fashion EEBAEFE5I,

o METMEEET ZHIFFIEEES (SRS) TIEMIRERE (Kang and McAuley, 2018)  ° F= &
o Python 3.9.5

o PyTorch 1.12.0
2. FEFER

« EHijEa:
o FEHAY LLMEmb HiESERTxAT (model-agnostic) , BILIEREIZ# SRS #E4, o FFEET LLM 8973 (835 TSLRec, SAID #1 LLMEmb) t9{#MH LLaMA 7B

o« BTWIFHEANE, LWPRET LT =2 Hp] SRS #8: 2023) {EREMIET,
o GRU4Rec (Hidasietal,h 2016) : EF GRU RIFFIEFER,
o BertdRec (Sunetal,K 2019) : EF BERT HFEFEFER,

o SASRec (Kang and McAuley, 2018) : ETEFELTFEFIEFER,

3. BERE

o ATEAE LLMEmMb B9, TRHSHETLUTFERSZE:
o MELT (Kimetal K 2023) : —MEIFHIEERIIEESIE,
o LLM2X (Harte et al., 2023) . SAID (Huetal,K 2024) #1 TSLRec (Liuetal., 2024a) :
HMETAEESER (LLM) EBHNFEFIEERE,
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Yelp | Fashion | Beauty

Backbone Model | Overall Tail | Overall Tail | Overall Tail
| H@l) N@l()0 H@l0 N@l0 | H@l() N@l() H@l0 N@l0 | H@l) N@l(0 H@l10 N@I10
- None 04879 0.2751 00171 0.0059 [ 0.4798 0.3809 0.0257 0.0101 [ 0.3683 0.2276 0.0796 0.0567
- MELT 04985 0.2825 0.0201 0.0079 | 0.4884 03975 0.0291 00112 | 03702 0.2161 0.0009 0.0003
GRU4Rec LLM2X 04872 0.2749 0.0201 0.0072 [ 0.4881 04100 0.0264 0.0109 [ 0.4151 0.2713 0.0896 0.0637
- SAID 04891 02764 0.0180 0.0062 | 0.4920 04168 0.0347 0.0151 [ 04193 0.2621 0.0936 0.0661
- TSLRec 04528 0.2509 0.0255 0.0095 [ 04814 04042 0.0149 0.0071 [ 0.3119 0.1865 0.0750 0.0474
- LLMEmb |0.5270% 0.2980* 0.1116* 0.0471%|0.5062* 0.4329* 0.1046* 0.0477%|0.4445* 0.2726 0.3183* 0.1793*
- None 0.5307 03035 0.0115 0.0044 | 04668 0.3613 0.0142 0.0067 | 0.3984 0.2367 0.0101 0.0038
- MELT 0.6206 03770 0.0429 0.0149 | 0.4897 0.3810 0.0059 0.0019 | 04716 0.2965 0.0709 0.0291
BertdRec LIM2X 0.6199 03781 0.0874 0.0330 | 0.5109 04159 0.0377 00169 | 0.5029 0.3209 0.0927 0.0451
- SAID 0.6156 03732 0.0973 0.0382 | 0.5135 04124 0.0694 0.0433 | 0.5127 0.3360 0.1124 0.0664
- TSLRec 0.6069 03680 0.0969 0.0388 [ 0.5078 04143 00418 0.0182 [ 04936 03178 0.1013 0.0589
- LLMEmb |0.6294% 0.3881* 0.1876* 0.1094%|0.5244* 0.4238* 0.1485*% 0.0764* 0.5247* 0.3485* 0.2430* 0.1224*
- None 0.5940 03597 0.1142 0.0495 | 0.4956 0.4429 0.0454 0.0235 | 04388 0.3030 0.0870 0.0649
- MELT 0.6257 03791 0.1015 0.0371 | 0.4875 04150 0.0368 00144 | 04334 02775 00460 0.0172
SASRec LLM2X 0.6415 03997 0.1760 0.0789 [ 0.5210 04486 0.0768 0.0473 [ 0.5043 0.3319 0.1608 0.0940
- SAID 0.6277 03841 0.1548 0.0669 | 0.5316 04619 0.0901 0.0540 { 0.5097 0.3343 0.1549 0.0906
- TSLRec 0.6152 03795 0.1383 0.0620 | 0.5125 04594 0.0652 0.0382 | 04977 03366 0.1211 0.0789
- LLMEmb |0.6647* 0.4113* 0.2951* 0.1456*|0.5521* 0.4730* 0.1513* 0.0826*|0.5277* 0.3460* 0.4194* 0.2595*
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Dataset Model Overall Tail

H@l0 N@10 H@10 N@10

LLMEmb |0.6647 0.4113 0.2951 0.1456
-w/o SCFT |0.6538 0.4031 0.2474 0.1218

Yelp - w/o adapter |0.6414 0.3968 0.2196 0.1055
- w/o freeze |0.6257 0.3800 0.1710 0.0740
- w/o align |0.6598 0.4060 0.2793 0.1310
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Can the proposed LLMEmb alleviate the long-tail problem in SRS?

0.84{ =3 SASRec
LLM2X
0.6{ HEl SAID
EPE LLMEmb

HR@10

Fu; . L B
™

0.0 L —REl | Lafbd | X0

Figure 5: The experimental results of group analysis based
on Yelp dataset and SASRec backbone.
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Figure 6: The visualization of embeddings. The LLMEmb I3 L L
and baselines are based on SASRec and the Yelp dataset. (a) LLM2X (b) SAID/TSLRec (c) LLMEmb (ours)
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