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Abstract

We trained a large, dee olutional neural network to classify the 1.‘ion
high-resolution images ImageNet LSVRC-2010 contest into the 1000 dif-
ferent classes. On the test data, we achieved top-1 and top-5 error rates of 37.5%
and 17.0% which is considerably better than the previous state-of-thy he
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"Attention Is All You Need" is a groundbreaking research paper published in 2017
that revolutionized the field of natural language processing (NLP)

Transformer (4RKAI)

ERRAIDEFTIVICBWT., INSA—FE (FAttentionDETEE &
ZIE(CBMRUTWVWET, INSA—FEZIEDT & TXRIREE

ZR L= ENTETIN
BIDdNENSDDET,

“Context Window”=AfBITCL\D [ 3—rXEU]

Attention& (3 : JFR I B

 XEREEERNT D

SES

58 A)(DE

Attention Is All You Need

Ashish Vaswani* Noam Shazeer* Niki Parmar™ Jakob Uszkoreit*
Google Brain Google Brain Google Research Google Research
avaswani@google.com noam@google.com nikip@google.com usz@google.com

Eukasz Kaiser*
Google Brain
lukaszkaiser@google.com

Aidan N. Gomez*
University of Toronto
aidan@cs.toronto.edu

[ A4 TS Llion Jones*
|||EI%ZE:'IO) IJ 2 / 7 E% Google Research
1lion@google.com
Tllia Polosukhin* ¥
illia.polosukhin@gmail .com

Abstract

‘ The dominant sequence transduction models are based on complex recurrent or
convolutional neural networks that include an encoder and a decoder. The best
performing models also connect the encoder and decoder through an attention

mechanism. We propose a new simple network architecture, the Transformer,

gd solely on attention mechanisms, dispensing with recurrence and convolutions

. Experiments on two machine translation tasks show these models to

ior in quality while being more parallelizable and requiring significantly

¢ to train. Our model achieves 28.4 BLEU on the WMT 2014 English-

=S 2t

Sakana.ai®
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yn translation task, improving over the existing best results, including
b, by over 2 BLEU. On the WMT 2014 English-to-French translation task,
¢l establishes a new single-model state-of-the-art BLEU score of 41.8 after
g for 3.5 days on eight GPUs, a small fraction of the training costs of the
pest models from the literature. We show that the Transformer generalizes well to
other tasks by applying it successfully to English constituency parsing both with
large and limited training data.
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mcp.json — mcp-test

@ mcp_server.py U

@ app.py U = Cursor Settings X || {} mcp.json M

| KRR DIssue 2 b FRER

Cursor Settings

¢ General

W Features

MCP Servers

Model Context Protocol is a way to offer new tools to Cursor Agent. You can find

+ Add new global MCP server

ol Models more information about MCP in Cursor here.

E] Rules e github / Enabled O 2

% MCP )\? Tools:
create_or_update_file search_repositories create_repository get_file_contents push_files

A Beta . - . -
create_issue create_pull_request fork_repository create_branch list_commits
list_issues update_issue add_issue_comment search_code search_issues
search_users get_issue get_pull_request list_pull_requests create_pull_request_review
merge_pull_request get_pull_request_files get_pull_request_status
update_pull_request_branch get_pull_request_comments get_pull_request_reviews
& Command: docker run -i --rm -e GITHUB_TOKEN mcp/github

Problems Output Debug Console |Terminal| Ports blzsh +=~ M W - ~ X

MTechies-T/MCP-testy R~V DOFRMBEHRD Issue ZEUXARRTLTLLESZ W, Te
ARJRLTLEZ W,

@ Thought for 3 seconds
> Called MCP tool list_issues ./

Techies-T/MCP-testY /R~ Y DFKERDIssue :
1. Issue #1: MCPDTA M ZET S
« ¥EEXH: 2025%F4816H
» URL: https://github.com/Techies-T/MCP-test/issues/1
» NA: Cursorh 5SmitheryOMSPH—/\Z 7 X M LTHE T, https://smit
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MCP(Model Context Protocol)

Docker Container

Github

Github Github MCP Server

Client

a1 UTa (BiE)
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Techies-T/MCP-test
1.issuel
2.issue?2

(B : Github Issue EIE)

% docker ps | grep mcp
3717debd86fc mcp/github "node dist/index.js" 44 minutes ago Up 44
minutes sleepy_lehmann
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» Prompt Injection
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v We're bringing Project Mariner's computer use capabilities into the Gemini
APl and Vertex Al. Companies like Automation Anywhere, UiPath, Browserbase,
Autotab, The Interaction Company and Cartwheel are exploring its potential, and

we're excited to roll it out more broadly for developers to experiment with this
summer. By Google 1/0 2025



https://deepmind.google/technologies/project-mariner/
https://ai.google.dev/
https://ai.google.dev/
https://console.cloud.google.com/freetrial?redirectPath=/vertex-ai/studio
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