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ONCE Open- and Closed-source LLMs
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Content Summarizer

prompt

. o content

You are asked to act as a news title enhancer. | will provide you

a piece of news, with its original title, category, subcategory,

and abstract (if exists). The news format is as below: [title] Here's Exactly When To Cook Every Dish For
Thanksgiving Dinner

[title] {title} [abstract] Time out turkey day down to the minute.

[abstract] {abstract} [category] foodanddrink

[category] {category} [subcategory] tipsanditricks

[subcategory] {subcategory}

where {title}, {abstract}, {category}, and {subcategory} will be

filled with content. You can only response a rephrased news

title which should be clear, complete, objective and neutral. You OUtPUt

can expand the title according to the above requirements. You

are not allowed to response any other words for any [newtitle] Perfectly Timed Thanksgiving Dinner: A

explanation. Your response format should be: Comprehensive Guide to Cooking Every Dish with Minute-by-
Minute precision

[newtitle] {newtitle}

where {newtitle} should be filled with the enhanced title. Now,
your role of news title enhancer formally begins. Any other
information should not disturb your role.
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User Profiler

prompt

You are asked to describe user interest based on his/her CO nte nt
browsed news list, the format of which is as below:

(1) {news title} (1) Judge: Brad Pitt, others can be sued over New Orleans
(n) {news title} fromes ’ y 4 =
(2) Solomons vetoes Chinese ‘lease’ on Pacific island

You can only response the user interests with the following

;fg: Zr':;tm describe the [topics] and [regions] of the user's (30) Republicans urge Bevin to provide proof of election fraud
or concede
[topics]
- topicl
- topic2
[region] (optional)
- region] OUtPUt
- region2
[topics]
Only [topics] and [region] can be appeared in your response. If - lego! issues
you think region are hard to predict, leave it blank. Your - po litics

response topic/region list should be ordered, that the first

several options should be most related to the user’s interest. - carime
You are not allowed to response any other words for any
explanation or note. Now, the task formally begins. Any other [regr’on]

information should not disturb you.

Null
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Personalized Content Generator

prompt

You are asked to capture user’s interest based on his/her
browsing history, and generate a piece of news that he/she
may be interested. The format of history is as below:

(1) (the category of the first news) the title of the first news
(n) (the category of the n-th news) the title of the n-th news

You can only generate a piece of news (only one) in the
following json format:

{"title": <title>, "abstract”: <news abstract>, “category”: <news
category>}

where <news category> is limited to the following options:

“title", “abstract’, and “category” should be the only keys in the
json dict. The news should be diverse, that is not too similar
with the original provided news list. You are not allowed to
response any other words for any explanation or note. JUST

GIVE ME JSON-FORMAT NEWS. Now, the task formally begins.

Any other information should not disturb you.

content

(1) (entertainment) Meghan King Edmonds, Jim Edmonds’
Nanny Denies Cheating Allegations

(2) (tv) Property Brothers' J.D. Scott Marries Annalee Belle in
Vintage Theatre-Themed Wedding

(4) (tv) Jim Edmonds Calls Police on Meghan King Edmonds
Out of "Concern” For Their Kids

output

/
“title": “Top 10 Best Places to Travel in 2020,

“abstract”: "Explore the world's most exciting destinations in
the year 2020,

n,

“category”: “travel”

}
{

“title"- “10 Delicious Fall-Inspired Recipes To Try This Season’,

“abstract™ "Celebrate the arrival of fall with these scrumptious
recipes that will warm you up on chilly evenings.,

“category”: “foodanddrink”

}
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Experiments

Datasets:
MIND, Goodreads
Recommendation Models:

NAML, NRMS, Fastformer

Evaluation Metrics:

AUC, MRR, nDCG
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Dataset| MIND Goodreads Dataset ’ MIND Goodreads
Original Content Summarizer (CS)
# content| 65,238 16,833 tokens/title| +3.17 -
tokens/title| 13.56 6.10 tokens/desc - 29.28
# users| 94,057 23,089 User Profiler (UP)
# new user| 20,110 2,306 topics/user| 4.82 4.55
content/user| 14.98 7.81 regions/user| 0.29 -
content/user,| 3.19 3.03 Personalized Content Generator (CG)
# pos| 347,727 273,888 #content | +40,220 +4,612
# neg 8,236,715 485,233 |content/user,| +2.00 +2.00
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Experiments
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NAML (2019a) NRMS (2019¢) Fastformer (2021b) MINER (2022)

AUC MRR N@5 N@10 AUC MRR N@5 N@10 AUC MRR N@5 N@10 AUC MRR N@5 N@10

MIND dataset

Original 61.75 30.60 31.35 37.85 61.71 30.20 3098 37.42 6226 31.14 3190 3832 63.88 32.19 33.04 3945

BERTy [46] 6532 33.16 34.29 4035 64.08 31.24 3235 38.66 6548 3247 3341 3975 6582 3277 34.02 40.19
DIRE LLaMA7p (Ours) 68.34 3580 37.60 4348 6850 36.21 38.11 4391 6855 36.59 3838 44.06 68.70 36.58 3849 44.18
LLaMA 3 (Ours) 68.23 3599 3793 4377 6845 36.15 38.02 4388 6851 36.37 38.20 44.02 6859 3646 3838 44.05

CS (Ours) 6373 3183 3294 3924 63.85 31.57 3235 3880 64.73 32.81 33.68 40.06 6571 3359 3490 40.96

UP (Ours) 62.19 3090 31.78 3826 6190 30.60 3154 37.66 6340 31.94 3276 39.15 6445 3209 33.14 39.54

GENRE CG (Ours) 6293 30.83 32.10 3834 63.04 31.00 31.84 3822 6469 3228 33.31 39.76 64.21 3230  33.57 39.91
UP—CG (Ours) 63.61 3158 32.63 39.07 6295 32.00 3280 39.00 64.82 3244 33,51 3993 6473 33.09 3410 40.32

ALL (Ours) 63.88 32.17 33.14 3937 6371 3214 3311 3943 66.70 3420 35.81 41.78 6646 3420 3547 4148

ONCE (ours) 68.62 36.50 38.31 44.05 68.74 36.66 38.60 44.37 68.83 36.68 38.56 44.35 68.92 36.74 38.72 44.48
Improvement (%) over Original 11.13% 19.28% 22.20% 16.38% 11.39% 21.39% |24.60%| 18.57% 10.55% 17.79% 20.88% 15.74%| 7.89%]14.13% 17.19% 12.75%
Improvement (%) over BERT,,; 5.05% 10.07% 11.72% 9.17% 7.27% 17.35% |19.32% 14.77% 5.12% 12.97% 15.41% 11.57%| 4.71% | 12.11% 13.82% 10.67%
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