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. List 10 of the most interesting cities to vist

Of course! Here are ten of the most interesting cities to visit, based on their cultural
significance, history, architecture, food, and unique experiences. The order is not ranked, as
“interesting" can mean different things to different people:

1. Tokyo, Japan - A blend of ultra-modern skyscrapers and ancient temples, vibrant
neighborhoods, world-class cuisine, and pop culture.
2. Istanbul, Turkey - Where Europe meets Asia, offering a crossroads of cultures,
stunning mosques, bustling bazaars, and rich history.
3. Cairo, Egypt - Home to the Pyramids of Giza and the Sphinx, the Egyptian Museum,
and a dynamic contemporary art scene.
4. Paris, France - The City of Light, famous for its art, fashion, cuisine, and landmarks like
the Eiffel Tower and Louvre Museum.
. Mexico City, Mexico - A melting pot of ancient and modern, with Aztec ruins, colonial
architecture, colorful markets, and a thriving arts scene.
6. Marrakech, Morocco - Known for its medina, souks, gardens, and as a gateway to the
Sahara Desert.
. Kyoto, Japan - A city of traditional temples, cherry blossoms, tea ceremonies, and
stunning seasonal beauty.
. Rome, Italy - Packed with ancient history, from the Colosseum and Roman Forum to
Vatican City and Renaissance art.
9. Berlin, Germany - A hub of creativity, history, and nightlife, known for its art, music,
and remnants of the Berlin Wall.
10. Barcelona, Spain - Famous for Gaudi's architecture (like Sagrada Familia), vibrant
street life, beaches, and tapas culture.

o

~
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These cities offer a wide range of experiences, from ancient wonders to modern marvels.
Each has its own unique character and plenty of stories to discover!
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Always fact-check your results. Olmo is primarily designed to handle English queries.
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‘ You

give me idioms related to gambling

Which response do you prefer?
Your choice will help make ChatGPT better.

Response 1

. Aceinthe hole - A hidden advantage or resource.
. Bet your bottom dollar - To be certain about something.
. Break the bank - To win more money than is available.

. Card up one's sleeve - A secret or reserve plan.

[< I N AR SR

. Double or nothing - A bet to decide whether to double the
winnings or lose everything.
6. Hitthe jackpot - To have great success, especially

unexpectedly.

7. Poker face - An expressionless face that reveals no hints.
8. Rollthe dice - To take a risk.
9. Stack the deck - To arrange things unfairly.

10. Wild card - An unpredictable factor.

o

© ®» 3o

L1.
L2.

Response 2

Here are some idioms related to gambling:

Ace up one's sleeve: Having a hidden advantage or resource.
Bet your bottom dollar: To be certain about something.

Bluff your way out: To deceive someone to escape a situation.
Break the bank: To win more money than the casino has on
hand.

Card up one's sleeve: Similar to "ace up one's sleeve," meaning
a hidden advantage.

Double down: To increase one's commitment or involvement.
Hit the jackpot: To have great success, especially unexpectedly.
Hold all the aces: To be in a strong, advantageous position.

In the cards: Likely or destined to happen.

Lay your cards on the table: To speak frankly or reveal
something.

Play your cards right: To use one's resources or skills wisely.
Poker face: An expressionless face that reveals no hint of one's
thoughts or feelings.
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@ About Us

X Chatbot Arena (formerly LMSYS): Free Al Chat to Compare & Test Best Al Chatbots

/NEI45 | Twitter | Discord | Blog | GitHub | Paper | Dataset | Kaggle Competition

Help improve Arena! Take a quick survey: https://forms.gle/VpWgqzmwxa7foAYg8!

™ How It Works

o

o

o

o

Blind Test: Ask any question to two anonymous Al chatbots (ChatGPT, Gemini, Claude, Llama, and more).

Vote for the Best: Choose the best response. You can keep chatting until you find a winner.

Play Fair: If Al identity reveals, your vote won't count.

NEW features: Upload an image = and chat, or use ® Text-to-Image models like DALL-E 3, Flux, Ideogram to generate images! Use & RepoChat tab to chat with Github repos.

‘¥ Chatbot Arena LLM Leaderboard

Backed by over 1,000,000+ community votes, our platform ranks the best LLM and Al chatbots. Explore the top Al models on our LLM leaderboard!

o

& Chat now!

(4 Expand to see the descriptions of 88 models
= Modela 'r's to Consider When Choosing a City
o Weather: Outdoor rinks depend on cold winters, while indoor rinks are year-round.

o Skill Level: Some rinks cater to beginners, while others are better for advanced skaters
or professionals.

o Atmosphere: Decide if you want a festive holiday vibe, a competitive environment, or a
scenic natural setting.

o Accessibility: Check skate rental availability, rink fees, and proximity to other
attractions.

o Events: Look for cities hosting skating competitions, shows, or festivals.

Final Recommendation

o For afestive and iconic experience, go to New York City or London.

o For a natural and scenic experience, try Ottawa (Rideau Canal) or Lake Louise.
o Foryear-round skating and training, consider Toronto, Moscow, or Seoul.

o For aunique adventure, skate on Lake Baikal or Amsterdam's canals (when frozen).
Let me know if you'd like more details about a specific city or type of skating experience!
o

- Ais better <~ Bis better

= Models V York City, USA: The iconic Rockefeller Center ice rink is a quintessential New York

experience, especially during the holiday season.

5. Amsterdam, Netherlands: The city's canals sometimes freeze over, creating unique
skating opportunities, and there are also many pop-up rinks in the winter.

6. Helsinki, Finland: With numerous rinks and the possibility to skate on frozen lakes,
Helsinki is a winter wonderland for skaters.

7. Quebec City, Canada: The historic Old Quebec area offers a picturesque setting for

skating, including the Place D'Youville rink.

8. Edinburgh, Scotland: The iconic Edinburgh Christmas Market features a charming ice

rink with views of the historic Edinburgh Castle.

9. Tokyo, Japan: For a more urban experience, Tokyo offers several high-quality indoor and

outdoor rinks, such as the one at Tokyo Midtown.

10. Moscow, Russia: Gorky Park's ice rink is one of the largest in Europe and offers a festive

atmosphere during the winter months.

When choosing the best city for ice skating, consider the time of year, as many outdoor
rinks are seasonal and weather-dependent. Additionally, some cities may offer more
amenities or a more unique skating experience than others. Always check local conditions

and rink schedules before planning your visit.

e

w Tie < Both are bad





EPUB/media/file33.png
Teacher
(Frozen)

Student
(Trained)

G) . Py
Lrr = Zz pr’ log Q)
S






EPUB/media/file44.jpg
Al benchmarks have rapidly saturated over time Z EPOCH Al

Performance (normalized)

20% — o—
® &
o/ 074:7 : @ 4
0% —Human-level-performance —e '/,_70 ® . &
° o " o-;-;‘/'.
& ® ® ¥,
/ .
'20% - /. 3
¢ —"° o

e .T

'40% == '. '.'
® o o
® 1
®
®

-,

() /
60% — / SQUADI2.0 MMLU ]
®
o
&
-80% — e °
MNIST
e MATH
-100% — e ° ) ° ° o
Switchboard ImageNet SQuUAD 1.1 GELLIE Big Bench GPQA
| | | | | | |
2000 2004 2008 2012 2016 2020 2024

Year

Source: International Al Safety Report, Figure 1.4.

CC-BY epoch.ai





EPUB/media/file47.png
LC Win Rate Win Rate

45%
40% -
35% :::::
30% o [egec
25% :::: :::::
20% o [egec
15% :::: :::::
10% :::: :::::
5% e e
0% o

o v&'\, c,°°° 0(\@\\'683’&0% @Q}V\ Q/&o@ &%@/\Q’A o'\’\,bb/\‘z’@w '8‘/\ o‘@ vQ% & d\o& (b\\o °<°% o "’\9(0 fo/\éb
R ¥ c;‘% & & & @@ & E S & .\:;J} \%*3 RO ,\\;?o &
NG \'z>° . J ® ®£}' ) i\"é o,(? @0 @V‘ & J] $S @'b @V‘

© & @ s \>y~ Oﬂg @ @ (:3& y





EPUB/media/file31.jpg
e Midjourney Bot hyper realistic drawing of a pink muppet
playing a synthesizer that looks like a Oberheim OB serie...

Midjourney Bot [MABB) 1/9/25, 10:34

@ hyper realistic drawing of a pink muppet playing a
synthesizer that looks like a Oberheim OB series (80s
synthesizer with wood accents on the side) - Variations

(Strong) by @soldni (fast)






EPUB/media/file34.png
Strong Model Synthetic Dataset

(e.g. GPT-4) {(@iy:)}

prompts completions

used to train smaller models





