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= Attention Branch Network [Fukui+, CVPR'19] = Spatial Temporal Attention Graph [Shiraki+, ACCV’20] = Knowledge Transfer Graph [Minami+, ACCV’20]
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Transformer [vaswani+, 2017]
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Generative Pre-trained Transformer (GPT) [Radford+, 2018]
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ChatGPT (InstructGPT[0Ouyang+, 2022])
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BZED;EEH (Chain of Thought)
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Chain-of-Thought Prompting

Standard Prompting Model Input
Model Input :
Q: Roger has 5 tennis balls. He buys 2 more cans of
Q: Roger has 5 tennis balls. He buys 2 more cans of tennis balls. Each can has 3 tennis balls. How many
tennis balls. Each can has 3 tennis balls. How many tennis balls does he have now?

tennis balls does he have now?
A: Roger started with 5 balls. 2 cans of 3 tennis balls

A: The answer is 11. each is 6 tennis balls. 5 + 6 = 11. The answer is 11.
Q: The cafeteria had 23 apples. If they used 20 to :} Q: The cafeteria had 23 apples. If they used 20 to
make lunch and bought 6 more, how many apples make lunch and bought 6 more, how many apples
do they have? do they have?

Model Output

Model Output A: The cafeteria had 23 apples originally. They used

20 to make lunch. So they had 23 - 20 = 3. They
bought 6 more apples, so they have 3 + 6 = 9. The
answer is 9. 4/

A: The answer is 27. x
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EETILDIEEE : GPT-4

Exam

GPT-4

GPT-4 (no vision)

GPT-3.5

Uniform Bar Exam (MBE+MEE+MPT)
LSAT
SAT Evidence-Based Reading & Writing
SAT Math

Graduate Record Examination (GRE) Quantitative

Graduate Record Examination (GRE) Verbal

Graduate Record Examination (GRE) Writing

USABO Semifinal Exam 2020
USNCO Local Section Exam 2022

Medical Knowledge Self-Assessment Program

Codeforces Rating
AP Art History
AP Biology
AP Calculus BC
AP Chemistry
AP English Language and Composition
AP English Literature and Composition
AP Environmental Science
AP Macroeconomics
AP Microeconomics
AP Physics 2
AP Psychology
AP Statistics
AP US Government
AP US History
AP World History
AMC 10°
AMC 12°
Introductory Sommelier (theory knowledge)
Certified Sommelier (theory knowledge)
Advanced Sommelier (theory knowledge)
Leetcode (easy)
Leetcode (medium)

Leetcode (hard)

298 / 400 (~90th)
163 (~88th)
710/ 800 (~93rd)
700 / 800 (~89th)
163 /170 (~80th)
169 / 170 (~99th)
416 (~54th)

87/ 150 (99th - 100th)

36 /60

75 %

392 (below 5th)
5 (86th - 100th)
5 (85th - 100th)
4 (43rd - 59th)
4 (71st - 88th)
2 (14th - 44th)
2 (8th - 22nd)
5 (91st - 100th)
5 (84th - 100th)
5 (82nd - 100th)
4 (66th - 84th)
5 (83rd - 100th)
5 (85th - 100th)
5 (88th - 100th)
5 (89th - 100th)
4 (65th - 87th)
30/ 150 (6th - 12th)
60 / 150 (45th - 66th)

92 %

86 %

77 %
31/41
21/80
3/45

298 /400 (~90th)
161 (~83rd)
710/ 800 (~93rd)
690 / 800 (~89th)
157 /170 (~62nd)
165/ 170 (~96th)
4 / 6 (~54th)
87 /150 (99th - 100th)
38760
75 %

392 (below 5th)
5 (86th - 100th)
5 (85th - 100th)
4 (43rd - 59th)
4 (71st - 88th)

2 (14th - 44th)
2 (8th - 22nd)

5 (91st - 100th)
5 (84th - 100th)
4 (60th - 82nd)
4 (66th - 84th)

5 (83rd - 100th)
5 (85th - 100th)
5 (88th - 100th)
4 (74th - 89th)

4 (65th - 87th)

36 /150 (10th - 19th)
48 / 150 (19th - 40th)

92 %
86 %
77 %
31/41
21/80
3/45

213 /400 (~10th)
149 (~40th)
670 / 800 (~87th)
590 / 800 (~70th)

- GPTOX7, GPTERAD7DREEZED/IN—E T A ILZHE

147 / 170 (~25th)
154 /170 (~63rd)
4/ 6 (~54th)

43 /150 (31st - 33rd)
24/ 60
53 %

260 (below 5th)

5 (86th - 100th)
4 (62nd - 85th)

1 (Oth - 7th)

2 (22nd - 46th)

2 (14th - 44th)

2 (8th - 22nd)

5 (91st - 100th)
2 (33rd - 48th)

4 (60th - 82nd)

3 (30th - 66th)

5 (83rd - 100th)
3 (40th - 63rd)

4 (77th - 88th)

4 (74th - 89th)

4 (65th - 87th)
36/ 150 (10th - 19th)
30/ 150 (4th - 8th)
80 %

58 %

GRE (
UBE (

[OpenAl, 2022]

Stanford D KE[EIC AR TE D

KEXRZFRDOAZFZER) P
KE—EIEEER) & TEVWIEZ EK

Jim Fan &
@DrJimFan

| don't give a damn about what is or isn't AGI. It doesn't matter.

Below is GPT-4's performance on many standardized exams: BAR, LSAT,
GRE, AP, etc.

The truth is, GPT-4 can apply to Stanford as a student now. Al's reasoning
ability is OFF THE CHARTS. Exponential growth is the scariest thing, isn't

It!

46 %
12741
8 /80
0/45
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https://twitter.com/DrJimFan/status/1635694095460102145

GPT-4DBR5R

. GPT-AMWNEF1Y X7 [Bubeck+, 2023]
T=MdE, sTEMRE, XFI

GPT-4 and ChatGPT: Symbolic manipulation

Answer the following questiomns.
Q: Who is the current president of the United States?

GPT-4: ChatGPT:

Donald Trump I’m sorry, but I am not able to browse

the internet and my knowledge is limited
to what was known up until 2021.

Q: What is sqrt(34324 *x 2432)

GPT-4: ChatGPT:

1287 .6 The square root of 34324x%2432 is
approximately 186.057539.

Q: What is the 13th letter of the word '"supralapsarian'?
GPT-4: ChatGPT:

The 13th letter of the word
"supralapsarian" is "s".

The 13th letter of the word
’supralapsarian’ is N.

ChatGPT(2025)

As of February 20, 2025, the current president of the
United States is Donald J. Trump. He was inaugurated as
the 47th president on January 20, 2025, marking his
second, non-consecutive term in office.

The square root of 34324x2432 is approximately 9136.52.

Lcu 37 =k

result = math.sqrt( 9136.518374085394

result

The word "supralapsariam” has 14 letters. The 13th letter of
the word is "a"
So, the 13th Ietter is "a"

14



RRILRER (RAG; Retrieval-Augmented Generation)
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VLM (Vision-Language Model)

BRI O—-Y CRIEBRREHZLLMICEAM T UTERANBDOERE - #a - WiEz BRS
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- BEIRIFE S ERBNEZEIE U I %vision-language connectorz& A

TEXANET

T

ARESEETIV (LLM)
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L
1
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7 -

Vision-language connector (MLP) N—oFA If there are factual errors in the questions, point it out;
R If not, proceed to answering the question.
BT J—4 What's happening in the desert?

BREICEEELTINGDI5E8FEELTLIEETV, 5 THRWVWESIE. BEANDOEEIGEATLIEE W,
ETRHANMRI > TVNDIDTLLEOIM?

what Is
unusual about

this image? : :
- / BRI FBERE > TWEE A,
: YU DOADPEVEZ E—F, FORNA 51, 2 UTEABAEAE>TVET,
OV 7k

There are no deserts in the image. The image features a beach
L H- with palm trees, a city skyline, and a large body of water.

|
L

*

'''''
] .
---------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------
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VLM (LLaVA) D761 VPRG

CBERICH T DEBILE

User: What is unusual about this image?
BEROAINEREZDTUL & DHV7?

LLaVA: The unusual aspect of this image is a man ironing clothes on the back of a minivan or
van. This is not a typical place to perform this activity, as one would usually iron clothes
In @ more stationary and safe location, such as a home, using a regular ironing board.
The scene depicted in the image is peculiar as it involves a makeshift ironing setup on
a vehicle, which can be both unsafe and unconventional. Additionally, it is not clear how
the man is able to maintain balance and stability while ironing clothes in such an
unstable environment.

COEEDEELRRIF. BENIZ/NNIUNMNNVORETIREIC 7OV ZENNT TWEETY, B
BlE. BERE., EDEESNLLERBRFH T EEO7ZIOVA %ﬁa??%ﬂ/%#ﬁ%t
H., CDELIDBHFATTAAYZENMNTBDDIFE—MRITIEHG D FFA, BEICE > TWBIE=IL.
HNCHEICEDLEDZ7AMOVAEZRELUTWSEWSATRETHD., InIXZeMEIEEHME
DA ZFRNRIEZATWVWET, 5. BEENCOELESIBARLERRET, EDLSICLTNTY
AELTZEEER> TIKEICTZAOYENNTTWBEDONNIARETY,

BRICDWT—BITIEBRWERICDODWTEEL < SER A ATRE
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Mamba: Linear-Time Sequence Modeling with Selective State Spaces

Albert Gu*' and Tri Dao*’

'Machine Learning Department, Carnegie Mellon University

2Department of Computer Science, Princeton University
agu@cs.cmu.edu, tri@tridao.me

Abstract

Foundation models, now powering most of the exciting applications in deep learning, are almost universally based on the
Transformer architecture and its core attention module. Many subquadratic-time architectures such as linear attention,
gated convolution and recurrent models, and structured state space models (SSMs) have been developed to address
Transformers’ computational inefficiency on long sequences, but they have not performed as well as attention on important
modalities such as language. We identify that a key weakness of such models is their inability to perform content-based
reasoning, and make several improvements. First, simply letting the SSM parameters be functions of the input addresses

their weakness with discrete modalities, allowing the model to selectively propagate or forget information along the
sequence length dimension depending on the current token. Second, even though this change prevents the use of efficient

convolutions, we design a hardware-aware parallel algorithm in recurrent mode. We integrate these selective SSMs into a
simplified end-to-end neural network architecture without attention or even MLP blocks (Mamba). Mamba enjoys fast
inference (5% higher throughput than Transformers) and linear scaling in sequence length, and its performance improves
on real data up to million-length sequences. As a general sequence model backbone, Mamba achieves state-of-the-art
performance across several modalities such as language, audio, and genomics. On language modeling, our Mamba-3B model
outperforms Transformers of the same size and matches Transformers twice its size, both in pretraining and downstream
evaluation.

1 Introduction

Foundation models (FMs), or large models pretrained on massive data then adapted for downstream tasks, have emerged
as an effective paradigm in modern machine learning. The backbone of these FMs are often sequence models, operating on
arbitrary sequences of inputs from a wide variety of domains such as language, images, speech, audio, time series, and
genomics (Brown et al. 2020; Dosovitskiy et al. 2020; Ismail Fawaz et al. 2019; Oord et al. 2016; Poli et al. 2023; Sutskever,
Vinyals, and Quoc V Le 2014). While this concept is agnostic to a particular choice of model architecture, modern FMs are
predominantly based on a single type of sequence model: the Transformer (Vaswani et al. 2017) and its core attention
layer (Bahdanau, Cho, and Bengio 2015) The efficacy of self-attention is attributed to its ability to route information densely
within a context window, allowing it to model complex data. However, this property brings fundamental drawbacks:
an inability to model anything outside of a finite window, and quadratic scaling with respect to the window length.
An enormous body of research has appeared on more efficient variants of attention to overcome these drawbacks (Tay,
Dehghani, Bahri, et al. 2022), but often at the expense of the very properties that makes it effective. As of vet, none of these
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VLMD D

B — %

‘Nf

ML (World Knowledge) 1 [1/2]

- AV =Xy N EOHETERED TBERETFA KDY

- FE7OEX

- BEfREEEE

=SE) EDOTTAAXAY NEE

- LEDIEOHAHZEFZERS | HEROFEHE SEDREZ [E U=
AV «2s
- ex. TcarOER, ORFHEANT MNLE Tcary EWDEEDEFHANY

~NJLAYZERE

- DE UZmAT GEWEREE) (CAoE

> BRZ=BicEITT. BE (J#H) NOF Tt AN AR

a photo of {car}
a photo of {road}
a photo of {bike}

: 0.05
1 0.34
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VLMD D

- REREZFETIL (LLM) DFIEE

- WEB DX

MUSRHENEE (World Knowledge) 1 [2/2]

BTEFAMNISERE MTBERMAFH, Z2NE LU TWS

- BRIy O—45 ELLMZHFEODIF. BERXRVQAK:mE EIR

. Semantic Understanding (EbHIIEH

- BRI

- BEARIEIERR
KODOKRKNIL—
DEMNTES

e
N’

"y TDHRUoDDHAT>TED. FEHA>TWSIcoH, TR

E-g_o ]

ZETENI—7— TEIKRELLCENTED, SO WVWTWET, S HICER
AEHOSBOIITY, |
ZVWCWEWI—5— Ty THAEWVWTE ST, Tk, DIRETT, |

— @1&% Jufc:

. SE (F#FH) D7 LzADAEE

Q Please describe
‘what you see in the
‘image.

............................................................................................................................................................................................

A Water Bottle: Closed / Full
‘Standing Coke: Unopened / Full

Lying Coke: Opened / Empty / Crushed
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VLMD 5 VLA

. VLA (Vision-Language-Action) DFEZ

- VLMIC

My SHIEEESD (772 =

=207 21—l

hwy K

LLM :

BRI I1—% : (A18§)

> D5

DAATBRRZLLMMIEEEFE TES TEEROXRY KN)L, 1]

Ci:x)

]l

HAREBEIRESTZRETZHE L. RICITD
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Wmi
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—4& o (Hl1E)

"RY) ZRia Ulc

i

NE I & ZHem - RTE
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T

- §95

| see a water bottle, a full coke can, and a |
écrushed coke can on the table. The crushed
écoke can is trash. | will pick up the crushed |
écoke can and move it to the trash bin.

v

BET1—%

v
Joguot

73y k=072
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VLAIZ & 3EHELERE VPRG @

. Google®RT-2 (Robotic Transformer 2)
- VLAO L1 I3#ERR (Reasoning) & 1781 (Action) D2/8— ~ TR

al

Input Instruction: "Throw away the trash."

Model Output: I see a water bottle, a full coke can, and a crushed coke can on the table. The crushed coke can 1s trash. I will pick up the crushed coke

can and move it to the trash bin. :
<action_token_104> <action_token_045> <action_token_012> <action_token_255> <action_token_128> <action_token_001> <action_token_104> ...

1. #5%/\— K~ (Reasoning / Chain-of-Thought)
- ETIVREITEASE R ZEIE

"| see a water bottle, a full coke can, and a crushed coke can... The crushed coke can is trash.”
- R BIRAD3 DDA (OK, Frmmd—2. ENfcd—7) ZIEULKFE
- Hfr o TOX=EBnkE WS BRNGEUDZE (Semantic Understandlng) Z1TD

- N

— VLADEATH D, fEXOOMNY NHEIEITIXEE L LY
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VLAIC X S EMFER VPRG

Input Instruction: "Throw away the trash."

Model Output: I see a water bottle, a full coke can, and a crushed coke can on the table. The crushed coke can 1s trash. I will pick up the crushed coke

can and move it to the trash bin. :
<action_token_104> <action_token_ 045> <action_token 012> <action_token 255> <action_token 128> <action_token 001> <action_token_ 104> ...

2. 1T8)/\— K~ (Action Tokens)

-ARY RDFEMUELT ) v/IN—DREZRITEEZO~255 EICHBILLIH D
- BBIET—4 (x,y,2) . TFRIOEBENTCE) ONENT—LZBREI T 5HE
»[Bl8R T — % (roll, pitch, yaw) : thZx LSO THDFEDOHE
-7 )y N—RRE 1 TR0 BULLIEF THAL (1))

-ERICORY RDESELKH (T A—KRER =7 V31)
1. Token Step 1-10 : 7—A%Z EEIZE (x=300, y=100, z=200) "B& (FODE_L)
2. Token Step 11-15: 7V w/\—Z2[HICT S
3. Token Step 16-20 : FEZE (x=300, y=100, z=0) N T (FEDAE)
4. Token Step 21 : U w/X\—=ZFU% (22T "#ifa TREE< TENE) ZEATLWSIDHE
5. Token Step 22-30 : ZE#hZz&E< LI % (Z2HER)
6. Token Step 31-50 : EHEMND I I FEEENZEH)

%

— VLA TENMNTIN?, EWSFBEE TESmZEDTN?1 EVWSHIHZ—DDZ2—FILRY NT—JRNTEELTHA




VLAETILDOFE

ZREOMRY NT—5 DA : Open X-Embodiment (OXE)

- EERTE | 22188
:—L/_\/ |\) Z et T_erEI:J

- SN AGYIEER] - 2<o0my hT—h 5 ™WZET, WS 1TADE;

|I|.|J|\

]E

S BR M ZIES

W 1M Episodes from 311 Scenes :

- ’\./ ’
& i 34 Research Labs across 21 Institutions ' L

22 Embodlments

Tfirgt-

527 Skills

pour stack route

i pick green chip bag

set the bowl to
the right side of
the table

60 Datasets

= ) .Al A ‘e
~ . ‘. W @ .
b —— d ‘ . a‘. y
" dadd | & ) ck cu ,
s i
G - e ick re
- place the black i o . »
MI in the dish rack g : Dy
0 hae A ‘ /“
1N .
. q\ / .

" 1,798 Attr butes + 5,228 Objects 23, 486 Spatial Relations

Jaco Play

https://robotics-transformer-x.github.io/

BOELGZ0O/RY M (Franka, URS, WidowX7 &) oF—4 (1005 ED

ﬁﬁ@fd¢%/u\ % ?x <]

- Co-training : 15 (Web7—%) &#Ee (OXET—%) ZEE S & T BN ZEHEAH

from counter p
: '-"_'—'_' ey L »_-‘“7.,'
= -uu:E S ;. - g "
- :
- -
»|
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VLAETILD 7 7A > Fa—=29

A=y NORY MADFEG
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- 77‘\/5 > gD:FEﬁ@E} =

.'U+

Z
574
=i
374

 ETIDEATEN—T v O/Ry NEBOEETAEPE—Y —ERICEHA

aH

J7AYFa—ZVJBT—%
- Teleoperation (ZREIE) : ABEHVRZ
U, IEFROEZE (7 ) Zioix
— 5ty N DB
7\73 DA ZHIER §§ BEx B TRWJOY I ZEBEATY )
- —EDOFXY Y3y (HEiAED#HE)
- ZIRIEOHELR 1 50~100(FDT -y o, B - BR - WHROREZR https://www.youtub.com/watch?v:XDy5anD78

ZCINERT 5 2 &E TNAMEDM E

oy N ZIRE

\l
—
|
N[
48
r\l

— AN EFEK%E B STeleoperationT—4 =V EBEET 5121 TEIG
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https://www.youtube.com/watch?v=OXDy5YfnD78

VLMD FF Dttt 57 &z D I F

BRI DR\ Y 27 DRHE D ICE KIS
- BEIR TV EUVLTEB UL TWRWS T E—IR—ILZIBET 56l
- S&atE~ : Can you pack the ball in the white bag ?

o

——

Autonomous 1x




NPz D T

- ERA]

- MO IL—)L (AERAD

= SBIE

7 |

LU 7= @73 fEDS

<

) SETHENEXRRIEMAA (VLMOHFRAE) [CiE>-Tdx%
. How do you sort trash in San Francisco?

Q. How do you sort trash in San Francisco?

https://youtu.be/AMRxblO04kQ

\

In San Francisco, you sort waste into three separate bins: a blue bin
for recyclables (plastic bottles, cans, etc.), a green bin for
compostables (food scraps, soiled paper, yard waste), and a black
bin for landfill trash. The city employs a three-stream system with
color-coded bins for these categories to divert waste from landfills
and support zero-waste goals.

lllustrative visualization
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VLAICE D NAE 22— /1 FOKRY FDERE

* “JLJTI::ﬁZ; l./\
- HELIX (Figure

ThERNEXT. WRIKIHU TARDX D ICITEIT 5
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e

https://www.youtube.com/watch?v=9pHk3A0H9NM https://www.youtube.com/watch?v=lkc2yOyb89U
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VLM EVLADS#E

1. VILFE—=FILIHRED S 51351EL

- FEZN - BE -G  EYPEREORELAOBREBES N TILFE—SILRE HER

- VLM (Vision-Language®7 /L) Zim & U, WHRIERE - EXIB#E - RR#ER N & EL
(Bl - BERIZ T TR, ZOERD TBREZFSRZ5H) £TZHmIT DAl

2. HREFILEDRIE (World Model + Vision)

- Vision Transformer& #B{tF & -

- AN TEIEHD) 2 &, RKF
(51 - DINO-WM7%x & 75\5%%[5/‘]5_

=5 )L (World Models) O#4&

"H‘?%:
OL/N

3. ZF - FEAT =IO

=51

REZTH - X2 L—bT 58

- §RIEE — BB — REAWKRIINEHLER (Bl @ 81 - Hokz THT 5HEEAI
- 3DEY 3, NeRF, Gaussian Splatting& W T iTORLE 1T K D ZEEIE8H

4. VLA[EZE)ETIVICH T LTE N
- VBN RS EICET 2Okt NY Y Ta v 78

m

- DIBLR

[T
N
—+¥d
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TR AMITEEEE :

AIEREIDH (FXH

AR %)

- AlDERE = (AR ICIE#E U EERNRITZ 2.8

VP

Q’Synergy-Program
EERFHEAFMRICHRNRZH O TIHRIEE

2% (16B~19R5D3EFRE) x £150E
- mR+/O7ZLEE, 7OV MRE
CU Synergy-Program : AIEEE &6 %L
- - B
1o 4H5H(X) AlEERFEE (1) 5 9[o 6H7H(KX) FEERETIL(
2@ 4812H(K) Al HERFE (2) %10[o 68 14H (:X) EEERETIL(E)
3o 48 19H (X) Al & BERZFE (3) #11[o 6H21H(X) RERILZFE(T)
4o 4H826H (X) “a—ZIbRYy MU= ERE 55 12[0 6 H28H (X) RER{LFE (2)
5[0 5R10H () BEHAHZ1—TILRY T =T DER =130 /H5H(X) 7Oz MERE(D)
5 0[o 5B 17H(X) BEAHAHRZ1—TILRY NT—T DEE 5 14[o 7H12H(X) 70Oz hERE(2)
WA= HbHZ24H(XX) BAHAHL—Z1—TILRY N T—T DG = 15[0 /B 19H (X) AlD 51
#£8[ 5H5A31HE) RBRINFT—FICBELIT—FZ7—=>
R Re A+ )LisEE

PREFEF ATV BFREE RBEEE o L
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https://www.chubu.ac.jp/community-extension/cu-synergy-program/cu-synergy-program-2/ai-2025/
https://www.chubu.ac.jp/community-extension/cu-synergy-program/cu-synergy-program-2/

AR ARITEE : AIBREEIDA - 7 NI\ X—X (FREFHAFEE) VP

Synergy-Program

EERFHEAFMRICHRNRZH O TIHRIEE

- REZFBZMERT 5726 O & &HHENE 2 23 QI
- REFERMOFENL - EIYRXXFROT—7 2y 7 (SEBERD)

- BE+TOVSLEE, PRN\VR - OV U MEE (£8[E)
CU Synergy-Program : AIEEEIGH - 7 K/AVXO—X j@f
. JDLA
N7 o
F1[o 1084H(X) BB+ HBERTZ T 2 7 S
20 1THETH(X) FHEMH DFE., HOHEH DFE L, SE
53[0 TTHAT5H(X) 927 Za2a—2J)L Xy NT—7 L F
F4[o 1T1H29H (X) Vision Transformer S
5[0 1286H (X) REFREHDEXRL - EVXRRAER pAN= E
60 12H20H (k) REBRILFEE L, )
= /[o 1B10H (:X) PRIV 7OV RRE] B, WE, P
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https://www.chubu.ac.jp/community-extension/cu-synergy-program/cu-synergy-program-2/ai-advance-2024/
https://www.chubu.ac.jp/community-extension/cu-synergy-program/cu-synergy-program-2/

MPRG 360° Tour

3 YouTube ”

B

Il » o) 025/2608
MPRG Virtual 360° Lab Tour

o [REAHM

6 [C]4REE - 2020/06/25
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NE PEREEBHION AND ROBOTICS GROUP
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§lo A HE = ®F

Fv o RIVER

https://www.youtube.com/watch?v=72GkuKFb5TZ2E
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https://www.youtube.com/watch?v=72GkuKF5T2E

