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01 Fip: Al ER#IAIEIM?

0:07

All right. Should we go Should we get started, Jeff? >> Sure. Sounds
great. >> All right. Jeff, welcome. And again, thank you so much for being
here. Especially | just got a cold and thank you for being here. >> Yeah,
I'm afraid I've lost my voice. | don't normally sound quite like this, but we'll
do what we can. >> So, you built map reduce, big table, tensorflow, the
TPU, Gemini. We could spend a whole hour on all the things you've done,
but what | love is that you're still making bold predictions in public. Last
year, yes, last year in May 2025 at Al Ascent, you said that Al is at the
level of a junior engineer.

TN, BNERERIRT, Jeff? @89, IR, 89, Jeff, Xl
R, BRBIEREER, AEESENRE T, HEMREER. 2, HXERF
BRRMT , HFERREAEXTEES, TIHRINRANE, A, RS
MapReduce. Bigtable. TensorFlow, TPU. Gemini, Y2 RHHTAHIIX
L, HMMEEN E—BNNE, ERFIERN—RE, REIIERE
ERFHEMARENTN, EF, X, MeERE, 2025 F 5 BE Al
Ascent K&, R Al ELIAEI T #HRTFEIMAIKE,
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That was about a year ago. It's been How close are we to that prediction?
Yeah, | mean | feel like the models have been getting a lot better at sort of
agent—based longer running coding tasks and it seems pretty clear that
they are now actually pretty capable and depending on exactly your
definition of junior engineer it seems pretty spot—on | would say. >> What

did you underestimate from that prediction? | mean | think the ability to do
more and more complex tasks has been growing faster than | thought. and
| also think outside of coding these agent-based systems are really
starting to shine in other domains and | think you know that's going to be
an important trend in the future.

PBABE—FRI T, FHE, BB ITFUEZET? B, HREEX
LERBAEIRMMET agent B9, KIEEGITHREES LAS TRS, MA
HEERAELPEN, SIRICSLERENT . SRXEURTIRXS “VIRLT
BIN"NEAEX, BRRESHBMREES LEEZERN., BITNE,
B THA? 1B, BRGMEHEEZMESNEEN, BRSEHE
EIR, BIMRERE, EREZI, XLEET agent KIARSTEEM I
HENFRAREET, BRE..... ZE., E, XTERREE—TMRE
ZRIEEE,
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1:44
>> So [snorts] give us another bold prediction. What do you think is going
to be the 2027 edition? >> | think you will see a lot more automation of
ML systems themselves. basically getting ML systems to improve their
capabilities by running lots of experiments, breaking things down into
subpros, you know, running those subpros in a tight automatic
experimentation loop, putting the results together and being able to then
you know, get some improved system out from that sort of fully
automated problem decomposition and automated experimentation that |
think that's going to_f)_é_}é_él_l_y__é;{éi_t_ing. M >> | think that also applies not
just to ML but also to other fields of science and engineering. basically
anything where you can have a measurable objective | think you can
actually make a lot of progress these days.

B4 [REF] BAEFAN—TARERFUNE, R5EEF 2027 IREASZH4
#? B, BREGMEER ML RATSZHESNENNL. 1B, EXLRM
2l ML RGBT REZIRET B SHEEN, ERFAEMRF 5]
&, (RER, EXLEFREBA—TRENETNERER, BIEES
CRdesk, AEWEE, B, RIERN, B3 SHENARSE, e, MIBH
T2 EENEBIRBENENNIRPR/ELER, ARGXFFELAN
B, 1B, ERSXNMUEAT ML, thERTFRZN TROEMI,
¥, EXLEATAHERMNSE, B, RBRSUSIREALN, IE,
ESRARIEHR.
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02 TRHAAFI RLUSHEEEH

>> Now let's go back to a little bit in history. Back in way back in 2001
Google search used to run on hard drives. >> Yep. And you and Sanjay did
the math and realized that at some point the whole search index would
finally fit in all of the RAM of all the computers you had running and you
made that radical realization and you basically in few days with Sanjay
shipped in production a whole new search version that worked in RAM

rather than hard drive and that was the thing that got Google to be so
fast. Google searches.

AFAIEIE— AL, B 2001 &, Google BRAEZMAEE L. B
89, {RF] Sanjay BT —Z£K, RIRFZE TR, BHMERRSIRER
UEERHIRMNABEGITHNGENATE, (RMSE T TEANF
W, REEARELENRZAMMSanjay —RIE— N2 MERRAK LT
£FNE, EREANFEMAZERZ L, ERXHFIL Google #REF
BAIR,
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>> So history tends to remix. What is the it fits the memory moment right
now in 2026 that everyone in this room is still should be thinking about
and designing? >> Yeah. Yeah, | mean it's a little different, but | think
you're going to see more and more high performance and low energy
inference hardware systems because | think everyone is now realizing that
inference is the key to making you know these agent-based systems be
available to more and more people and that latency is really important and

that specialization of the hardware is a really key way you can make
things that are more energy efficient and lower latency than more general

all everyone here is used to waiting for responses on models. [clears
throat] So >> waiting is no fun >> master speed.

FRASEFFREFEE LE, TR 2026 &, AT BRI THIERS
EPNRZIBIEIZ (memory) [B1RR, REREAMMMANIZERE. Kigit
9?7 >> 2, 20, BRIEXMEAEMESA—, BRREGHREER
MR Z S MEE. MEENBIEEERR, AARRBSNEARHRIR
B, HEZTEIXEETEEARNASEBRERHEZ AR LXE,
MEERENIFEEE, BHNETRANE—TIFEXBINFE, BEILIRM
HEEBAITEIRRETEE. LIRBEMARA, LEWiR GPU & TPU XK
BEANITEIRS. > AARRSEERNEUBELRIIRT SFHAEENID
B, DBIRF]FIA >> EFaA T >> REATE.
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So you're saying what if we don't have to wait anymore? >> Yeah. | mean,
| think we'll imagine what you could do with something where the latency
is, you know, 50x better. >> Interesting thought. Now, what's one
assumption that perhaps 6,000 people in this room hold that's already
false about Al? >> Yeah. that's a good question. | mean | think probably
one thing is people don't quite realize how possible it is to have you know
agent-based systems that can run not just for an hour or two hours on a
problem you care about but for some problem domains and with highly
capable models underlying them you can get them to run for days or
weeks and do really complicated tasks and | think that's you know starting
some people are starting to see inklings of this but | don't think everyone

FIMRNERER, MRENABFESE IEE? >> B0, BEiR, B
S—MNRIERRENF £ 50 &, REMEMEM4. > BREBNRE, B
2, XN EERIEAEE 6000 AFFER. EEXXT Al EETIIN—T
RIRETA? >> B, ZRMFEE, HRES, AT —KRE KAKEKRR
£RIRE, ETERFNASHEHIEZFNEITEANRBEMK ORI
EHE—MINNE, MEERLRENSE, kLN BB ENKREEE,
RAJBALENTELSR EVREZEILE, FMIAERIFEERNES., Bk
SUAELE —EATREIXALENBXT, EXRRNMANMBARELE
HAETX—R, MXBEE—HHEIANE,

5:28

>> What's a particular task that you have run that has run for weeks?
What was it? What did the tell what did you tell the agents to solve? Yeah,
I mean | think you can tell agents to go off and implement you know
completely new versions of software in different programming languages
that might be you know have better safety properties or better
performance properties that and then they can go off and actually do that
in a you know pretty serious way. >> That's pretty cool.

>> BRAMTEANESEMET. MERTHF/LEN? 2 4AES? )
SR RAEBRT ARE? 28, BRSIRAIILERIAEATREN
WEIES, EETRETEENTI—THRE, TRAESEFNRER
& BRI, RBEENMENR A SIAEIEXHEME
Ko >> BHEESAY,
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03 EMEKItES TPU AIEIR

6:00

[clears throat] Now, one thing that you've been very well known for is
you're really good at napkin math. Sounds funny. So, one of the stories
about you is that back in 2013 when speech recognition started to work at
Google, you did the nap napkin math where if every Google user used
their phone and talked to it and used the speech recognition system for
three minute just three minutes a day, you found that the system requires
a Google server. you would have to double the fleet which would be really

expensive just to do speech translation.

[BIRFIRE—R455IHR, MEMRIEEER "EMAITE) (napkin
math) . ITERBERE ., XTMO—THREZ, BE 2013 F, HEFIR
AlfEGoogle FHAR IEMBRIRR, {RET TEMETE: WRET
Google AF#AFNIRERIE. BREMEZTIRAIRAMERE=21,
REIZ T RATER Google fRZ5FHE, FILMAEMERTIRSS S
SERI—E, RN THIEFTIRIMARFTEIE,

=
i
=32
b

napkin math (BM#itHE) EH
HHEHFREGEER, 2013 F
HEE: SBAFP8X 3 HHES
050, FEIE Google BMARS

BREMRIE—XEKRKERES

7 TPU,

napkin math phr.
BEMERTE, HBNERGEE
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>> Yeah. >> And instead you basically built a custom ship and that was
the origin story of the TPU. >> Yeah. Yeah. | mean | sort of had done you
know we were starting to see really good quality results on this the sort of
deep learning based speech systems speech models we were training. but
they were computationally expensive compared to the old speech system
but they haved the error rate. So that was like the equivalent of 20 years
of advances in speech recognition in just a few months of like fiddling

so we started to get worried that if speech worked a lot better, people
would use it more. And so that back of the envelope calculation was really

about that like well what if people start to use speech recognition more to
dictate emails or to talk to their phone or whatever. and yeah it turned out

that we realized that we needed some better solution than running on
CPUs at the time. And so we came up with TPUs

>> M. >> TEMESELMT —BEHSH, ZFME TPU BUEIRE
£, >> 28, B, HER, SRNRITHIEEXEETREZIMESR
F. BANNGAIESRE L, BIREFEFNER, BREVESRS
HLE, EMNNITEFHERK, FIWRERET —F, MUBES EEST
EEIRBIGUY 20 FatR, MRATITA—MREF—TRE, £
MEHMT A—R. BEIEFHE. TERNFREL, MRIEFK
RIFXLZ, REMZATES, MUBTHEBEEEIMEEE: AR
ARRFHAE SHBIEZIRAIRORMAE . RFNIRIEZEN, SELH,
ZRBAVRIRZ, SNTE CPU LEMXFTE—TEENLR, TEHA
BHET TPU, EXARLELESELILH
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EEIRERRE—F)

fiddling with phr.
#%, REFA (hddle with
the model FETY)

back of the envelope
calculation phr.
EHEENGEE, HBEE (5
napkin math EX.)

dictate /'dikteit/ v.
iR (dictate emails FIES O

RHR)

MIAAEE - B 11 ;L



7 3E $L K

7:47

Which are sort of very specialized for essentially low precision dense

learning algorithms we use today. And if you build a specialized chip for
low precision dense linear algebra and can't do anything else that turns
out to be really useful for machine learning inference even though it can't
run Chrome or Word or whatever. and so that system produced a chip a
couple years later that was 30 to 80 times more energy efficient than
CPUs and GPUs of the day and also much lower latency like 20 to 30x
lower latency >> which is incredible what the foundation that TPU has
become today. No way you would have predicted that TPU would be so
foundational now with transformer architecture which was invented way
later before you actually invented the TPU. Yeah, | mean that's sort of why
we built a general purpose linear algebra system, which is what a TPU is
really.

KB ERBLE R, MXELBNSKRERN/LEMBIAINEES]
BENZO,. MRRE—BREMERERELZ RN, INTAHTAR
THERRR, ARENIRZIHIERIERA—REEWEAT
Chrome & Word ZEHZRF, MU TNIIEE/LVEETEH T —F
F, BERRELEZATRY CPU #1 GPU St 30 2 80 18, IERMMESEZ, Kl
£ 20 % 30 &, >> XRAHBNT, BFF TPU SKELBNZLEE
ROERIRE, REEARREETNERI, TPU T TransformerZZMHILZ /5
KUK B—TIX MM EBER LR TPU RAZEAHIRERN, 2
B, XEMEE LMERNATAET —TBANEMERHARS, TPUE
LEXATEKRA,

75 3E B R

B RFHLAEIER - ASK THE BEST MINDS

TPU BOIRITENE: REUEHEET
BRI, B AT,
33T EHAT CPU/GPU 30~80 &
BIRERAN 20~30 {ZHIFERILEE.
E R4 8 R E 2 R UL

2z
P

I o

at the heart of phr.
LG I 3 =T

low precision phr.

RAEE (ML BEARE: BED
EEASF R R EME AR EE EE AN 88
)

MIAREIE - B 12 W



7 3E bi R B & IFRIKANIZE - ASK THE BEST MINDS

8:48

Because we knew ML algorithms were still evolving and you didn't want to
over specialize, but you wanted to specialize enough that you got the
dramatic performance benefits of we could have very big multiplier units.
we could have you know high—speed memory we could have high—-speed
interconnect or later TPUs that like brought many chips to bear on the
géhwné"ﬁ?gt_{l_e-m efficiently and u you know we've continued to scale those
up and improve their performance for over many generations now >>
incredible napkin math so >> what's good >> napkins are good >> so
actually what's a good napkin math that everyone here who wants to be a
future founder should run tonight to potentially build something as

consequential as the TPU.

RrBMENSZFZIEAEEEHR, MAETIELTRL, EXEERT
RUREEZHEERm—RATAI MR ANFERTT, AIMEEER
7, AIESERE; EXRE TPU REEIEIERE 28/ SRR EIE—
NMEBLE, BB —BEREEIMEELY . EMEELR, 2NES
ZRZREZAT ., > THAENEMHAITE, >> FEFHN >> EMEE T
R >> BPASERR L, NEERS—UBMNRKEIWENARLR, SKA
U=t AFNEMRITE, ZHAUEERE TPU BBER D ENRI?

MEETRANt) 2% 01REY
F: BEAmEHR, 3EERS
HEEH@; (BELHEEEMATE
EBT. EESEAFNEE,
TPU #iFMRE TE&MAEL X—
BH%x, MIEETEGEE—
FRLA Transformer [ 8ERITE
ELE,

interconnect / mtorko nekt/ n.
BiE (BRENSREREE)

brought many many chips to
bear on phr.

bring...to bear on: & (&

R, NE) BRACRT
consequential / ka:nsa'kwen/al/
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FIMEARN, EEREN
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>> Yeah, | mean, it's always hard to say. [clears throat] | think, think about
what problems you see in whatever it is you're thinking about, what
bottlenecks you see, and are there very different ways of thinking of the
solutions to some of those problems that would get you, you know, an
order of magnitude or two orders of magnitude better performance or

capability or whatever it is. you know, because sometimes if you just
squint at a problem and you think about not necessarily being anchored

on exactly how that problem is solved today, but how you would solve it
from first principles, you can come up with really good ideas that are, you

know, maybe not what other people are thinking about.

>> 18, XITEERER, HRE, B—BEMREEFRENITTIEE, )
BE TR, LR, ARNERRELRE, BiRBIFER—HFR
fRRBEE, BELLIRTEMEE. EENTEFNMtafENL, 2 —THERE
EMTHERNRTT. RABRER, NMRFKEREE—TEE, ~—E
WESRZXMEEEEABRARE, MEBZURME—MERELRIR
REAE, FHEEE—EREBENR T, MXEREERAIAKER
B9,
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H—THRELESMINREL
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BT

order of magnitude phr.

HER (HEA-THER)
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10:25

>> That's a good tip. [clears throat] >> No. for everyone here who doesn't
know, years ago, Jeff wrote a very famous list called the latency numbers.
every engineer should know and these are numbers around for example
how long a cache miss takes disk seek a network package traveling let's
say from California to Netherlands lots of numbers like this about
distributed systems and systems engineering [clears throat] >> and it's
been sort of taped and become the bible for a lot of distributed systems
engineers >> okay yeah >> now fast forward that list is up for an update

give us the Al edition for now 2026.

>> RETFEW. [BIRF] >> W7, ABEATIE, RSF] Jeff 5
H—IFEEREE, WH '8P IRRMENZAENEIREF 1, XL
FRBLEIMTREFRGPESA BEIFEESX . —TMELER
MITMEERIRE=EZ R, EBAEXToHARRANARRTIENRZE
F, DBRF>> XBRER ERMEEE L, T RSSHARFIREID
BIELZ, >> I, B0 >> HRRARSK, XDBRZERT, L)
Wir 2026 F8Y Al FIRZAIE,

>> Yeah, | mean | think if you looked at what is important in Al systems
these days, you would want to know things like the bandwidth between
you know your main memory system on your accelerator to the onchip
memory to the you know the multiplier unit or whatever. You want to know
how much energy does it take to do a single multiplier operation. you
know what is the interconnect bandwidth between chips and how much
does that how many chips can you connect with that bandwidth and then
if you go beyond that domain like what is the fall off in network bandwidth
when you need to talk to 10,000 strips instead of instead of 500 or
something | think these are all really important numbers to learn and really

affect how you think about solving particular kinds the problems.

>> 2, BRBURMEELT Al AREAHAREEN, FEBAEX
LT LR EEEFRR EAF. BRREBTZENTREES
D, MEBHEMICRIEREEERSVEE, BB CH ZENEES
BEZD, AXTHRMEERSZS DB, BEINE—E, SMFER
10,000 Hit HBIEMARZ 500 HifY, WEFRESEITLREE. BRE
XEMZFEER. EEEZZENET, MACIIZEIEAERIDRE
Z N fRIRF LA,

75 3E B R

{Latency Numbers Every
Programmer Should Know) =&
Jeff [TRARERER, FILERF
Ko (DAOER) . HEIE

(EMR) . BIMWEEFIRSE K H
HFE, BoHRARIRIMNE
RETERM,

cache miss phr.
FEFEARGH BETESEET
HR. A0 BIEFERIER)

disk seek phr.
ESE (WkBohEIBiniiE
UERERE, EWRFEN)

Al ki TN =1 HBM Bl E
AEFEITRE. RIRFEENEERE.
S ABEERFTE. M 500 R El
1 B ERMEFTRNER., EEX
LER R T REST R IR T IEH
BE,

bandwidth /'bandwid6/ n.
e (SRR (E) A (EHAVERIE

=

=)
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=R, TEIEE (the fall off in
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12:04 LHRFAROBT: —RTEN 1
>> H [clears throat] and one interesting thing that I've heard you talk BAR, TEBEREM HBM (B

MfF) RELIERMEERREN
N—FfF, RSBWMIE TEELE)

. . . ) B MRA, AREXTEEEE
one pico. but moving the data and doing data IO costs thousand times R Y E AR

about is that nowadays the unit that you measure everything is energy. >>
Yeah. >> You pointed out that doing a calculation or math costs about

that. >> Yeah. Just bringing it in from HPM on an accelerator into the
processor so it can actually compute on it. Yep. That gap kind of quietly
decides what products are possible and how these algorithms in Al are
built. So what are the kinds of problems that founders keep calling model
problems but are in fact actually energy or data 10 problems?

>> I3 [BIRF] R —HERERBNE, BT : IEREE—INE
UREEE. > B, >> RiEEE, MIRITEXRAER—KE (pico),
EBRZEYE. MEIE 10 WA EN—TF. >> 28, MEELEMM
a3 EAY HBM #rgt4biE=s, INLEENEERITE, R, XTEEH
TERHRTE 7ML REAITH. Al BEXEEEREARITN. BAB
IPLLiE)R, RENE—BEMRZN MEREE, EXir L 2ERELRE

1O [a]?
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Yeah, | mean | think the example you raised of a thousandx difference in
bringing mo moving data versus actually computing on it in terms of
energy is a pretty significant one and it shapes a lot of aspects of what
we do in machine learning. because if you didn't have that thousandx
difference then you know you wouldn't have to do batching but you have
to do batching of you know many examples or max;f)_é_"rﬁé_ﬁ;/ tokens at
once in order to amortize that data movement [clears throat] so that you
can you know no_t"bé_y_/_;{housandx slowdown but pay a 1000x divided by
batch size energy cost. and you know for really low latency batching is not
really very good. so | think these [clears throat] kinds of things and the
energy behind various decisions in the computer hardware we use really

affects a lot of decisions we make in building higher level systems.

21, BRFBRREININF— R HIENEEERE LT EZE
ERER LA -—TENZEE—RAIEEN—R, BBETHIIENSRES
JEMORZSER. AANRIRBEX—TENER, (RESMATEMI
4t (batching) 75 EBIAEMULIUERZHEAR, HERS token —RE
IR —it, ZFeEREEI T EIERGRTTHE [BIRF], R HIHMAZ
—TFERRAN, ME—TERRUARA/NNEERAH . M FERRRER
R, HAEESSIHAKI . FIUBRRERXESE, URBATMAT
ERAEIMBEEENERER, BIZRZENBIIENE LERR
I IR ZIRER

13:51
>> A very concrete example is just how training models is done. There's
this whole concept of batching the data sets and running epochs. That's

basically people perhaps may confuse that as a model problem, but it's
really a systems data 10 problem, right? >> Yeah. Yeah. | mean, you have
to assemble batches to get better efficiency in your hardware. You know,
ideally you might do batch size one training, but you know, it's not as not
as good in terms of efficiency. So people use re pretty large batches
these days.

>> — PN ERE BB FRZREIIGRIME, B —BEXTESIESITM
R, HETF epoch BIHEE . AMAIRESIZRMAIETMERDE, EE
HIZ—TRAEEREE 10 [B-E, WE? >> B8, B8, HE, 1R
MNTHEEIRIAAL, 7TRELIB MR ES. ERIER TRATSEEMHE A
791 89%R, EIENELFMIZBAFT . FRIAIMEAKBAIRURETEAR
B9,
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batching (#t43E) ZTERIIRA
RE®ER: EFENEERS
FHEMRE MR E, MK
F—FRRIMHE AN, B (REE
BipR THMERAIZ T —X
EREIEEHEBINRITHIR
ESP8

amortize /'@mortaiz/ v.
W, e (IE—XMAEO M
EIZRRIEL)

batching /'batfin/ n.
HAE (BB MEATE— i
B SBMNE)

RERZA: IZFR batch,
epoch X TML #1318 HiE&E
EARRER, MEEHRENE
. BRI A/ 1 B,
RETEHRBEREEMTAIE.

epochs /'epaks/ n.

2R (ML RiE: TEIE—EI
HHIREN— epoch)
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>> Do you think it's possible for | know you're well known for taking off on
a long week or weekend and coming up with this brilliant solution. Is there
such things of Jeff going and working on it for a couple weeks and [clears
throat] getting batch size equals one training done. >> Yeah, I've been
thinking more about inference actually. So | think inference is a pretty
interesting problem because you do want very low latency. You know
training you don't necessarily need incredibly low latency. and | think
there's a lot of room for specializing hardware more for inference than we
are today.

>> RREGEREFEE. ... ZAMEMNUERHN—K[E, (REME—KEXR
HE—AREBE, REBEETEYNEE, AL Jeff B/LTE
Hi, DBRFHEHA/NET 1 IGSIRE T? >> B, EXBHAREE
SHEHEE., ZRGHERMEIARENEE, FAMRHIFTEIFER
BUEER ., MIEA—EFTERRLER, BRSENIENESERHLTH
HRXMHEE L, FAERANZE, LEBMNISRENES.

75 3E B R

- ASK THE BEST MINDS

Jeff HAETAIKIERMIIZREREIHE
H: IGTINBBEER, HER

BB, X558 4 BRRFUNITRL

HIRE (T A= BRI

1.
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>> What are some of those interesting things that are on inference that
you're really thinking a lot about? >> | mean just trying to minimize data
movement. trying to think about incredibly low precision operations and
maybe not supporting lots and lots of different kinds of precisions. if you
feel like you have a good answer for what kinds of precision you need,
maybe just build that into the hardware and not much else. which | think it
brings down to a core [clears throat] analogy | heard from famous
computer scientists that really the Wh_él_é_b_r-é_cess of u Al is a big
compression problem because in order to have the data to be f fully lossy
and compress it and then restore it you basically need to understand it.
Yeah, | mean if you truly understand the data, you should be able to
compress it really well >> and now transformer architecture is basically

one of the ways that has turned out to work really well.

>> EHEHH, EMLEERRNAARMINERZHAIZN? >> 12, #
EREBVHIERZ., TEZEREBENEZE, URBIFAEZIFEA
ZMARNBERN. IRRRFSECSX IFEMLERE E2FTHE
R, BOIFMIEEERMHEGHE, NMAET, XIEEBE—D0
AOELE, BM—LEEZHBENRZRIPEITRN: HIBD Al (IEH2
— PERNESEER, RABRERETSE (Bhitth) £46. BEREE,
REAREMNITIBRE. 20, BEIRNKIREEER 7HIE, RMEIZEE
IPEE4ESIEEF, >> MINE Transformer ZE4E 7R 2 MEIERAZRSRIE
BIFNAZ—,

75 3E B R

Al BE%E) 2EMBEICHNE
WS AEIEEIE IR/ At E
BHERR, SNTERTHIE.
Transformer B] LA EE—FiE
IERRRE B RAIEREINS

lossy /'lo:si/ adj.
B (lossy compression &
RESE, 5 lossless FiitERT)

analogy /o'naladzi/ n.

#tt (a core analogy — ™M
IVEELE)
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>> Yeah. Yeah, | would say >> working pretty well so far. >> Good work
by my colleagues. [laughter] >> Yes. Now let's zoom out a bit. Al progress
used to mean just better models. You could had more data trainer models
with bigger parameters. But increasingly in the last years or so, it's
everything around the model. Not just the model size and number of
parameters or more data. It's everything around things like retrieval tools,

people call context engineering, right?

>> M, B, HER >> FIERIALERIBSEAHE, >> XFENTH
BEENEETIE, [KE]>> 28, IEBRINERAILZ—<R. AT Al
NS EAMERERIFRE: ESHE. EXSHENRE, BT
AX—MEE, BRUSHHDIREREFIN—1), MARZREKR

N SHEREBFZHE. EESKENI—2ERA, LURRT A,
iClZ. BT R, XERAEIBESHANMRN I ETFXTE)

(context engineering), XJNIE?

=
i
=32
b

IEREEE): Al i&*ﬁ’]ﬂ%iﬁi}\ s

REER, ESHIE BREIR
’*UHLE’J%% R Tol /R
TREA, i TE XTI,

(context engmeerlng) .

retrieval /r1'tri:val/ n.

R (RAG Y R, BIMIMNR
AREREIEXER)

consolidated /kon'sa:lidertid/ v.

45, 3H# (get consolidated

into ¥ &5 )
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[clears throat] >> Yeah. | mean | think the model is really only one piece of
what you're trying to do which is build an overall system that can solve
really interesting problems and that involves you know a model that knows
how to use various tools. It maybe knows how to retrieve relevant
information, maybe has a, you know, a history of other information that it
has retrieved for past problems and it can put information into the context
of the of the model. And the nice thing about that is that information is
really clear to the model, unlike the training data the model was trained on
where it's all kind of like trillions of tokens stirred together into a soup of
hundreds of billions or trillions of paramete_r_s:,“t;at_ it's all less clear than
the actual context that the model sees directly for this particular problem
or uses use case. And then | think being able to understand what tools are
available, which ones are going to help me solve the help the model solve

this next you

[BIRF] >> B8, RRSREAIRZMBHANSHEFN—IR, (REEE
HERME—TBANARS, ERAFERRENEE;, XEESR—
AENEER S TRENEER, EREMEEAXZNREXESR, HHER
FEUEREM BN FINERNHRICE, REEAIUNEERBHAE
BR FTXE, MREMFLRE, REEBEERIRIFE TR,

PAMEARELZRAT AV IZR AR, ZLH1ZT token HE—iE, AL
TNTFZEZ ERZSEN—1R7, EEX—UHAURBEHIIXMIE
[B)RRey B E 12 B BIAUSEPR E T XX AR AEMI, AEHINS, BETSIRERAM
LTRAA, METREHRRBR—HRUBREEN T—THE, W
AHE— e R IR AR AL —E B

75 3E B R

REEXLE: JIGEIRER LA
token HipL/LFZSHEI—1A
71, EimEE; mBELETX
HNERIREIEMIE IR, XER
TA AR ETXEEEE
ERTRM,

stirred together into a soup
phr.

R —%7 (EERIERIRZE
Bl TTEDPERIR)

VI

MEAKEIE - F 21 ;T



7 3E $L K

17:47
Know phase of the problem, how to decompose a problem into a
sequence of tool calls. Maybe trying_r_ﬁh_l:[ib_lg_éﬁproaches to solve the
problem and seeing which ones work and being able to evaluate that. you
know this is the whole you know orchestration of complex agent and
multi-agent systems that | think |sgomgtobe more and more important
and super exciting times | would say >> and | think the fun thing about
this particular problem domain set is actually something that everyone in
this room can actually do because before to train a model you needed
incredible amount of resources incredible amount of access of to GPUs
and data but for context engineering everyone here could do you have you
just need the API to something like Gemini and then work on your own
setup for your own retrieval your own tool calls and etc. So how does
what are some tips for everyone here? How does everyone get better at
and become exceptional at context engineering? Yeah, | mean | think
[clears throat]

THIEA. tirElSMaEREREE, FEMLETEE, FHEEBY
L. RAE, XMEERERANSERERANRER R, &
INESHFHEE, JUREIFESAXTNRNA, >> BREXME
R EREN—RE, THIREESTALEHNS, AAITEE
ME—TEER, RFEHNERNFIR. HEUBRN GPU MEHERIIREX
RE, BYTETXIRE, EENSTABEM—RRATEZZIG
Gemini X#¥8 API, REEITEMECHN—ELRA, FECHRERE. RE
CHTRBASESE. B, NEESUAMTAEN? AREFTRHERE
BR, EERLTXIRELMBILEREE? 2, B8 (FIR) —TREIF
HEMEEH
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eI ENREEMENX: IGHE
RETZEMENMEE, MLT
XIBREE— AP, X%

BHEIASRFEES ST R,
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A really good way to do it is to use these models and sort of harnesses
and tools and so on to try to solve problems and then some sometimes
you can actually see where the models are failing. And often you can
actually make the model work better and succeed at that kind of problem
by not just adjusting the model parameters which is hard to do from the
outside but from you know creating better guidelines for the model you
know writing skills for the model to know how to use different tools that
would be incredibly useful for solving this particular class of problem. And
| think as you do that, you end up on this kind of improving self-improving
of the setup that you're trying to use to solve things. and you know that's
a really good way to get better at understanding what additional
information the model would want in order to become more capable.

XA, UREMFLE (harness) . THEEE, EZHBADM, A
FEAERMRRERYIERREZEMERNN, MAFFERESLAIMILR
BRIUEBY . EAXLEE LGN, METEEZRBRESH—IABM
SMEMREMEI— MR N RER S EIFAES|, NRERS skills, 1LEM
BUAEASMHIE, XENBRX—XEERMBAZIEEEM. BiIANE
BRI, (RRZSHN—MARRE, BRCBUANREIR, SUHIRA%
R RN ERE, B, MEMRIE, XENE—MRIFINER, LR
BRI T REF ATIMS BT BEETERES.
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Fskills) $EARERS RSN
$B5IHE, HEM@TAIR., &
tamizisE, BHRETER
REVSE (SMERARED), M2
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>> Can you give an example of some context engineering you personally
have done? | don't know skills you wrote tools that really made a huge
different in your in your workflow. Yeah, | mean | guess Sanjay and | were
working a few weeks ago and we you know we often do some amount of
like performance improvement for very low-level libraries and we have a
microbenchmark library we've written at Google where you can write
microbenchmarks of how long different kinds of operations take or how
long does it take to populate this data structure whatever and sometimes
those data structures are used on millions of processes across Google.
So, it's actually pretty important to make sure they're high performance.
And so, you can write microbenchmarks. but then without an agent-based
system, what you usually do is you measure what the current performance
is on some benchmarks you care about. You make some modifications to
improve the performance you hope. Then you rerun the benchmarks, see

where things improved.

>> fREEE MM FI3, HBIR T AMIN LT TE? tEA{REERY
skills, EIESHMREOTERTEEARZMNIA., 2, B8, JLER
Sanjay MPEAEM—LTIE, RAEBHRNEEZAN—LIFERENEMIERE
fift, FA17E Google 57— MHRIEEMIRE, REIMBERRESHE
i, MESTRERENZR, REETETREEMES K, EUILEE,
A RMEXLELHIBEMARW Google RERENE A MHZEM. FINBRE
MNOSMEEXASER. RIURAIUERHEE. B, ENREETE
BEARRNARS, (REERMUER: TNEMRRXONIBLEEELRIRIELE, R
[R— AR FERERTIERERVBEN, REEMHNERE, EEMERNE.
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ME R MRIEAIFERT, Google Y
[REEUEEMEITERE AT
L, SV EEERSWBK
RERNEIREMA, PRUERSR
B,
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‘bent/ma:rk/ n.
FEENE (&SR
BERYIE)
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You run a maybe a broader set of benchmarks, measure the cache

how to do most of those things in var in various sequences so that it
could actually you know do self-improving benchmark measurement
benchmark improve you know code changes measure the performance
improvement and then iterate on that and that seemed to work pretty well

for some kinds of problems. And it really just is us giving the approach we
would use as people to the model in a form that it could use.

I3, (RAIBERH—FE ZNEE, NEEFORZEN, MUAENET
— 1 skill, EX MR AREMIAFTRXLESE, SHEEMEE
HIFHRIBB#—mEENE, SUAEE. MCIBER. NEMtaeR
7t, REARERER, MRAERLRBENEM EBRUFBIAE, ZAR
EMBBANEAZRANTG E, UMREGERNEAREAE.

21:23
>> Wow, that seems very impressive. So you're saying you have this skill
that if someone got access to it, it could do perform optimizations like
Jeff Dean. Seems like the world would love this and is worth infinite
amount of money to someone have access to this. >> Oh. we actually
published a document maybe a few months ago called performance hints
that Sanjay and | wrote that's like a 30—-page document about you know
various kinds of performance tricks and some people have taken that and
then given it in summarized form to various models and seen that they
that model can now get you know better at per reasoning about
performance issues in code.

>> [, XITERKFET .. FILMRRIR, REXA— skill, MMRBALE
Z3E, WMEEZ Jeff Dean —HMIEEEM ML, BASHRALIB/EXD,
BEZREXNRLEARRELRZHE. >> B, EXHILDBIIRHE—
544, Y {performance hints), & Sanjay f1FEER, Ak 30 7T,
MR EMEENMEERTT, AEAREEEMBHEL R IRG SR,
AERIEREHER BRI L RITEERT,
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cache footprint phr.
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>> S0 you heard it all here. You could actually get your own optimize your
own code like Jeff Dean if you take this paper that you published when
performance hints. Yep. >> It's all free available, so you should all try it.
>> Very cool. >> Yeah. >> Now, you're talking about agents. everyone
here is probably building one or built one at some point. And I'm sure
everyone has seen your agent go off the rail at perhaps like step 30 or 40.

Like agents are great for like up to step, | don't know, 10 or something
and then gets shaky at step 50. What do you think is the constraint

>> FIAARREBIFEI T . MNRIFZE LXBIR11&AFE {performance
hints), fRELSCEMIAILAG Jeff Dean —## (L BCHIKEE, &5, >> M
B#RRB LT, FAMAREZELIL. >> IFEE. >> 210, >> BBEK
IIREVENES BE(R ., FEREER M AMEEME LM, FELEZMI, KBES
MAZ T B SHEREREAMESE 30 55 40 SHMERIR. IR
BEEATEABB TS EARMEL, 2 50 SHMABERRT .. MMIARS
RIESMZHA? B ETX. iHEEE, RRENERRERTAMRSM
SEHIREARRRRI?
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>> Yeah, | mean obviously we want agents to be able to run for very long
periods of time because that's how they're going to solve more and more
complicated problems. but as you as you observe today, you know, they
sometimes stop working after, you know, 10 10 interactions with the tools
and so on. and sometimes that's because the model is trying to do
something it doesn't have a lot of experience doing. So it's been trained
on a whole set of things and as soon as you get a little bit off the

and the farther you get off the comfort zone of what it knows how to do
the more likely it is to not work as well. so there's a bunch of things you
can do. So one is you know give the model skills and hints that kind of
tend to keep it in the sort of more brightly lit path of things it does know
how to do. | think you know having

>> 2, EATNHEZEEMERNEREET, BARBXEENT8E
fRRHKEE R, EIEMRSRAREN, ENERMRENTLAR
BE+RRZEMALAET. B, ARMERERNRBEEZ DM —HERTA
ZKPNE. eE—BESFFLMIGE, M—EFRHMREREENEEAM
AT DT, BAMBEARSENSZEIRE—H, ENRAIRATRET
b, MEMBZRBCEHATNTEX, SMBATERIAME, 18, FFAR
AR ZENE, —R4A1ER skills iR, ILEMEFSEERSIAE
BAMBIIBFKTAZNE" L. 1B, HRT,
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Multi- aent systems where you have multiple agents trying different
approaches and you can evaluate you have maybe another model or
another agent that's evaluating which ones of those seem promising is
another way to kind of in some sense search the path of pos search the
space of possible solutions and stick to the ones that seem most
promising and discard the ones that didn't seem to work or maybe that
went off the rails. or whatever. and that's a very useful general technique
is you know inference time compute to perform search over plausible

ways of solving the problem that can get much higher performance or
much more reliability in longunning agent flows.

RAZEERERS, LS TEEREAZHABNGE, RAEMN _JL,{ﬁ{E—
WIFE S —TREH S — T ERAKIHEEREEERTFE
E—MAERMEX LRRAEREZENA, ”Xhﬁﬁﬁéﬁﬂéf’iﬁﬁzﬁ
B9, EEPETREN, HEFRR T ZEN, B, XBE—TIFEFEEH
HRBARID, tEMERENNENEXERSMAERREEER, XEEH
KSESHNERE, WEERNEGTNEERNAETFRSESHNAE
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>> How are some ways you implemented this particular workflow for your
agents internally? Yeah, | mean we have you know harnesses and then we
have a whole set of skills particularly in the internal Google development
environment. We have skills so that the agents can know how to use lots
of our internal tooling for coding or for code reviews or for you know
measuring perf&h_w_éﬁ_ce or you know fetching log files. And those are just
skills that you can add to make the base model more capable even though
it hasn't necessarily been trained on exactly the way that you know
Google internal engineers would fetch log files from our you know
proprietary system with the right kind of skill definition you can actually
ge’uttowork >> and that improves the usefulness of the agents. Now
let's talk about where startups can win. This section is one that |
personally care a lot about because also everyone here in this room needs

to decide what to build in the future of your future founder. So

>> RITAE 2 @I ML L RN B B REASTIXETFRAN? 2,
MNBEMFE, REHENE—RBE skills, LHEHRETE Google WEBHIFF LR R
B, BA1A skills, iLERAMBACERBINIAENAILTE, LAWER
3. AT, SENEMRE. MEEEXX S, MXEMZIRAIUMNLE
=R skills, ILEMERRTEERES, EMEEHAA—EREIIIZGT
Google AF L2 EAMBEMNNERRFEENEE RER
BIERY skillEX, RELAEILERENR. >> XA T EEEFRITH
. %B?ﬂzﬂ]?ﬁﬂﬂﬂﬂﬂﬂml/\jﬁgf B, X—oHEDTAIFFERD, B
NEENSUBTERERREZHT4, FRARENENE. Google BI%F
RE, RITMLESREm
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The thing about Google is you co—design everything on the system from
the processors to the products. which are the layers that someone like
Google would keep building and compounding being better and where
does a two three person team canst|IIW|n’?>> Yeah, | mean | think
obviously Google and our Gemini models and our hardware infrastructure
are really trying to build very general models that can do almost anything.
But in a lot of cases that means that we don't have a lot of attention on
particular domains where perhaps a really well-designed surface that and
maybe a model and set of skills or maybe a specialized model that isn't in
sort of a general mix of things that our models do well can actually have a
significant advantage because you can build something delightful and you
know really high accuracy. really high quality for a doma_iﬁ“t_ﬁé_t"y-(-)u are
really passionate about. And | think that's where you know the two or

three people in a room building that they're

MNEBEPNRAMDEIRIT. B4, MLEERE Google XIFMA ] R FFEEM
2. AEEF AR, MM=TAR/NZAXBEEMER? >> 2,
BRBEAR Google. HAIHI Gemini BEUN R FAINIFEHERIRNE, #BAE
SHWEEMILFRESHENIFEERNRE, BERSER TXBEK
FHRNMNASAEREFETERARSIEE SN, MAERLIRE, —Mgit
BIFEFNRERHE, NELtF—REM—Eskills, HE—TTTHE
B— M AR R EERNERCHEN—HESIAINEZZ0M7

%, EARAIUA—MREERZNIEME—TL AW, EHERER
5. REFESNEA, BAATBMER=TAE—TEFE. H(E
EXENSIFEEMBHOOMS . 1B, ERDERE—C, ERRERHIE

75 3E B R
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TTLVFA AR RERE
B, pATEREIEIRANER
NBER, BORITHFTRAE +
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HIBAAYIL B R .
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EFNIRE, TErZEINES
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(Fmi) XEFRE. &A@
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Really excited about can have an advantage. but | would also caution that
the general models are definitely getting better at a broader and broader
range of things. So you have to figure out, you know, is that thing you're

working on, is that going to be a durable thing or do you think the models

months or is it something they're not going to be able to do for a couple
years or three years? And you know, you want to weigh that as you're as

you're deciding what to work on.

HRH eE LEF[ER, ANRGEEE, (MEEHNXHSE, ER

AR—HEEREIABENSE, ERRMRFRINEGNERERRK A TAN
TP AAMSERGE LER, XFEXZENRM=FREMAZN
F? EREEMA AR, RBFENEHX—KR

/TN o

KENNIRT: BRETAIEE
DIBREREIN . EHEFE
FIBT——iX {4 B 2R ERUL(E
(durable), TEFLAED 6~12
RSB LE?

caution /'ko:fon/ v.

£, REFE (I would
caution that... FHEIZEEN

Z...)

durable /'dwrabl/ adj.
BAR, ZGENEZKN (a

durable thing BEKERILIS(ERY
%)

at the forefront phr.

A F&EE (models at the
forefront Bi;AHEEL)

weigh /wer/ v.

&, #EE (weigh that X
BE—5R)

MEAKEIE - 5 31 ;L

- ASK THE BEST MINDS



7 3E bi R B & IFRIKANIZE - ASK THE BEST MINDS

27:22
>> So let's dive deeper into this. So the general models of course you're
going to keep working on and keep making them all better. And how
should the audience reason about what are those areas that it doesn't |
mean h how should founder think about things to pick on and work on. >>
Yeah. | mean | mean the most important thing is to pick something you're
super excited about and want to build and you think would be useful in
the world, right? So if you do that's you're already way ahead than if you
wake up and you're like oh | don't really want to do this or whatever or
you're going to build something that is actually not that useful to the
world or to many people. so | think that's the number one selection criteria
| try to apply for what problem should | work on next. second, | think you
want to look at what the current more general models can do in that
problem domain, right? You can you can test them with like, are they able
to do this thing very well? And if they're

>> PEAVBRA—R. BRREMRMNISATHREM, BELENEER
58, ABAITARIZANEAHIBTML R EMAZTUR? B2, BIWE XM
BEZREARANBLESR? >> 2, RRFREZNZE R —HRITHIH
&\, FR, FREMAINEREANSE, MIE? WNRREETX—
=, MHMEZMGRS T, LEME LERE RFEIAKEHXT"Z
£, NEMEMBREEINMHR, WRSAERMT2H, B, RN
INARXZHAEE T — MM ARENEANE—FingE. £, HiA
NIREER LRI EERREERN RS REMEIT 4, XIIE? {RATIX
ZMHES], LLMENEREERXGZMFRI? NRENTEMAZ,
BABETHES . MRENEM—EPDEMIFIRYE, B
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Completely failing, that's probably a good sign. If they're kind of able to
do some of it but not very well, that's maybe not a great sign because
that's a probably a sign that the capability is starting to be present in
those models and with more training data or larger scale models or
whatever it's likely to get better. So you know look for something where
the model succeeds 0% or 1% of the time not 20%. >> How do you find
those? | mean are those things effectively out of distribution from the
training set and what exactly is the problem shape that fits that?

AR AFES, EARAKBRIRIARIEE) BETFIAEXEREE T
Wy, MEEZIGHE. EAMENEEES, ERAIESES. A
X, RELAZEEMINETR 0% 1% NFE, MA=ZE 20%, >> HBE
LHEXLE? R, REFRARAERNR LELTINGED B2 B
T AENEEESHERX—R?

29:04

>> Yeah, | mean | think sometimes it's a product that you build that might
have access to particular kind of data that the underlying model might not
the a general model. So it might be you're building something to help
users organize all their own personal information and the model won't
necessarily have access to that. And so there you can have a big
advantage because all of a sudden your model has visibility or your
product has visibility into important data. it could be some incredibly hard
problem where if you get the right training data and you can train a more
specific model than a general purpose one, you can actually do that in a
very affordable way. you maybe it doesn't take that much compute to train
a niche model for this particular problem, but you can get something

for solving a important problem that is maybe not handled very well by the
general model.

>> 2, HEEMEEXFE: (RIET™ m e BEREIRRIEI R4 ERVEE,
MEERE, BREEEEMAR, bR, (REM— 1 HBERE BRI
EBTAERNFT @, MERR—EEHDXELE. BERMERRA
BOREE, EARARZEMREVER, HERIMRNT @, EEIEENNIE.
13, AREEREMIERMENDE, MRIREZISENIIZGEYE, Lk
— M HEEAREELMRE, RETEMIFBENAAHMER—R. 1
WARTMEERBING— NI RERARFTERLZES, BIRERFR—
TERRIEESNARE, XERMRSMA— T EEFIMWEER, RAXR
IRBAREATEAMIE S AN IFNEE R,

75 3E B R

RERNTEERE: RBRAKEE
RRINEE 0%~1% KI[EIRR, MAZ
20%., 20% EREENEFAE
o, SEMET KERE; =2
KMzt FESMMERO,

ISP —REYE a1
R mEe BRI BAREE
FEIMFEEYE —2RABEN
BRI G NELE RE
B, HEREXEAKIALRE
HOERRER,

niche /nitf/ adj./n.
INREY (B2 T1%) 5 a niche
model /NRE FEtEEY

building block phr.
MERAELR, EAh4AMG
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>> | think that's interesting. | think there are basically two paths. The first
path is a little bit funny is you guys are organizing the world's information.
>> Yeah, >> that's probably kind of well covered. >> Yeah. but organizing
your personal information that's open which is funny. >> Yeah. >> And
then the second path you talked about more specialized models in certain
domains. Can you tell us more about what are some of these domains? >>
Yeah. | mean | think like if you look at my colleagues work on say alpha
fold that was a very specific model for protein folding and it was highly

successful and was able to really handle that domain quite well so that all
of a sudden you now have this amazing tool and model that can give you
answers to questions about proteins and their structure really effectively
but it's not a general model it's a very specific one and there are other |
domains where that kind of approach can work really well. maybe in
material science or chip design or things like

>> BREXREEE. BERFELALAEREKRE. F—FBERER, M2
MELEESSHANERT. >> 2. > PRAMERREBESSE
RET . >> X, EREBREONTAGRXREZTMRN, XEEEEN,
>> M. >> REFE KK, (RERTREIHEE L TEE, {REES
AR L X AFTUHND? >> 178y, BBS, LARERHRSIH
AlphaFold, BPFE—TIFELINNRE, BTEQRAE, EWRAMI,
BESIEAR M IUHAIRSIE S, UETRARZEIRAZE, RHMA T X
— P THENTAENRE, sEIFEAMtmERTERRMEEEYE
B, BEAZE—TERERE, ME—TIFEENNEE, EFHM—L3
g, XMBEMERESRE. LUMHRZE, SHIRITZENGE, E
RELLIRAEED

75 3E B R

AlphaFold 2 DeepMind & H
REMTRNER, 2020 FEALR
RT BES 50 ENEAR
&, HMZRA Hassabis
F Jumper E L3R 2024 FiEN
REEX, BER B B

HIFRAT o
protein folding phr.

FgaMAE (BRERFIIFUN
=BEMNEYFHERR)
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That will enable you to leverage the capabilities of a very accurate but
niche model to do things that are hard today. >> That's a good example.
So if some of you find a problem that's similar shape like alpha fold could
be a good problem to work on. Now let's assume you found a problem to
work on. We're going to talk a bit about how do you become a Al native
founder? How do you really become good at it? you in the past said that
managing a fleet of agents, it's like 50 or 100 agents is all about writing
really good crisp design docs or specs.

— T IFEREERNRNERNEES, EMSRREMEINE, >> XD
GBI+, FRIAZIRARAIF B AR EIRSEMETERE, & AlphaFold X4
89, AREMETESRANFEE. BIUERRIRELHE T EZMa)
AR, FAVREE, EATBERA— ARENBIIEAN? BAZTRERLEMS
957 RARIHE, EE—XEREMAZE, LBl 50 8 100 MEREE, X
BMAETE LR, FFEFMRIIRIT SRR,

=
i
=32
b
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IEREEE T ARES) . EHE 50~100
TNEREFRXE, 25 HIEHWH
R XHEAAARIER (spec)
—XZERFASIA Jeff LEATHY

crisp /krisp/ ad.
EMIFIERY (crisp design
docs fEBR/AMTAYIZITSCHY)

specs /speks/ n.

Ht&%BA (specification AY4E
B, HETWER)
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>> And how do people get good at that? What do those look like? Yeah, |
mean | think it's you'll have a lot more success when working with your
virtual agents if you can clearly specify what it is you want. And the
clearer you are on what it is you want, the more the agent will have sort of
guidelines and sort of rules of, you know, an outline of what it is trying to
accomplish. whereas if you don't specify very much stuff, the agent has to
sort of infer what it is you meant. And in many cases, it might infer things
that are different than what you imagined. So we've always told computer
scientists from the very beginning that really it's really important to
specify what it is, what's the software that you're writing is trying to
accomplish before then going and writing it. And so now we actually have
agent-based systems that can do the writing, but the importance of
specifying what it is you want has actually gone up because before you'd
be handing it off to a very intelligent human who maybe has context

>> PARE LT RIERXGSIMIF? IEXHEKRAAH? B, HRF, K
EIREMERRAMER, WMRMEBFTEMRPECREFA, HINRRS
7%, MNECBREMFARSGHFE, EehMilees —EE51F8N,
R EESTRI BARRIAECE. MARIMRTAMAE 4NN, EER
MEEBMIRZEHTAER, RBERT, ERLERNRARMRIERAR
—1. FIABNIM—TFaM—ESFTEIRNEZER, FEEEN—KRZE,
ENFEZAISCRIREE: MESHNXTREIEETHT4A. MIE
HAVREE TREBRNEABNERERSR, BIEMBEFARBENE
EMHEIE AT .. AANUBREIEERG—TIFEEAA, fhrlae

BEE,

75 3E B R
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RERZA: Al SEREBT, Hi
BRIREFA NEEMRMLE
7. ARG 2B LT
X. RIBRMAZE; BEEHEREE
MIRROHEIR B IR, HISHE
H, BEEZ,

infer /m'f3:r/ v.

H#ERE, #EM (infer what it is
you meant #ETRIIAT)
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32:50 EEEEFRMG (W0 Python #%
Or can ask you follow—up questions. and agents can sometimes do that, Go) AIREREFAIIERG:
but | think clear specifications is a really good idea. and to give you an RERE+UHEHATHE—

I IREFRAIMAEIRPE, EEA

example of a use of a coding agent that works extremely well is you can
DA 09T Fo 53 LR B 65

ask today's models to translate software from one computer language to

e
another very effectively because in that case you actually have a incredibly aeE

detailed specification. You have the whole software that says what the handing it off phr.

system is supposed to do. And so if you have a Python implementation of hand off: %%, XE (IBES
something and you want a Go implementation of it, you know, that is RLEFIN)

something that the models seem incredibly capable at doing these days
because you can it can sort of take all the tests that are in Python, make
sure they pass in the Go version, translate the tests to Go, you know,
compare behavioral differences between the implementations until there
aren't any and be you know, highly effective because that spec is so clear.

AT BUE BRI, B ARMRIEERX AW, ERRSFMRIME LA
ENREE, %TS/\QE&E ERREIRFRIE £ R AILS %E’\JE’*UTE?K
HMN—TRIZESENEN S —M, WRIFEYE, EAERMER TRE
B REFROHEIRA, MBBERY, EXRSHMHRETX %éﬁ“ﬁ'
Zt 4. FRIIRIREENREN Python SEH, BE—1 Go KL
M, XEMENRBEEERNEBRNES, EANEATMIEPYython BY
FREMAEEE, RIRENE Go RAEthaEEd, EMWXEEM Go, A
FEERATEIMZBITHESR, BERIREERNIE, MAREIFES,
E AR AR AR BT T .
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Hm. Now let's assume now every founder gets good at running hundreds
of agents at the same time and all the code is written for them by the
agents. What becomes the scarce skill? >> Yeah, | mean | think it's really
having incredibly good taste in what you ask your agents to work on,
right? That is the crux of you know from my background a research
problem. You knO\_/\_/,"é- researcher can have all the tools and all the
techniques, but often most of the battle is what problem are you gonna
spend your time on? And if you pick the problem well and you succeed in
solving it, that's way better than if you, you know, delightfully execute a
research investigation into a rather boring problem. And so that high level
wisdom of what to work on, | think is incredibly important. And | think
models are not necessarily going to be that good at it. So you're going to
have people steering a lot of Al assisted computation in order to

accomplish great things and more quickly. but that essence of

¥, BUMERKETEIEASRERRNIR EEMEREMR, BB
HEREEEMNSE T . XEMRTAZHABIRNED? >> 289, AN
APETIRY NEERAEMT 41 BRFNMIK, SE? XHMEMBRY
BRHKER, —THREENZL. HAREATUABMAENTIAENRAK, E
FEMAFET: (RELCHEREMR SRR L, WREX T [EEH B
ERTE, MEEARE—TESTHREFENMRIEATEHERHE
F13%, A Nzt SMEBEXANESR, RRSREEE. MAXK
RIGEERDRFIERX—R. MARRAKRER, E51SKE Al HBh
TR, MMERMETEMRFEANEE, ERFEERBEMt4, XTER

75 3E B R

B RFHLAEIER - ASK THE BEST MINDS

SRITIR S REIEE, MiRTRaE
Tpy NEAmE) (taste) . Jeff
AERZR M) TEMEARAAR
B, BAFETENEREERD
(B8R _F——Z = AT — 1 TTH
HIBRRZETTMME.

scarce /skers/ adj.

THIRAY (the scarce skill ik
F%RE)

crux /kraks/ n.
fEZE, mKREZL (the crux

of... ... R9Z0))

steering /'stirmy/ v.

2, 5185 M
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What it is you want your models to do is the key thing you should focus
on. >> So let's talk a bit more about taste because it gets talked a lot
about right now in this current era with agent coding. How do you exactly
build taste and do that? | mean, yeah, that sounds so esoteric. How do
you make it concrete? >> Yeah, | mean it is a difﬁcult_t_f_m_iﬁé_._l_t_'s not like
there's a measurable objective of taste in a lot of cases. | think some of it
is from experience. You know, working on a lot of different problems in
the past kind of teaches you about what kinds of problems might be
interesting in the future or what kinds of things might be just barely
possible by cobbling together these previous approaches and then some
open proble;r-w-s"y-/-c;L-J“rﬁ-i-g-Ht_Hé_\/_e to work on in order to get to something
kind of magical or you know, highly useful. another way you can get more
experience for yourself is to just write down a bunch of things you think

might be important in the next 12 months. And

T RfRZRENKE. >> BHRNBSUHRIK, RAEMEX TGRSR
RIS, AKEFARIXZXT, (REIIREEAET MK, BAME? B
W, XITERKZT . BAEEEIZL? >> B, XWIEHHES. R
ZHEAT, MEARE—TAEENBETRERY. ZBRSHP—HoHKELZ
1, IEMIRZSAENEE, SILRZMEFARRME DA ER R
B, BEMESBEURING AH—HMRIGF e, RN THEE
MR FARET . BB RIFEEANARA, ESEEEMLEFRE=, H—i
LECREZENHNE, EMIANRE 12 TAEARERN—HERFE
TR, BIHREHRER—H4EM,
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mikiEFRE— Zn—HdE
BLZ ARG, 7 AEMLEE
MEIR7 A —HRIFEERL . &
—: ERAARE 12 TRER
NESI

esoteric / eso'terik/ adj.

ZEH, RABEARTTEN

cobbling together /'ka:bliy/
phr.

cobble together: BEEHZ,
PSR

MERRER - 8B 39 W



7 3E $L K

36:10
Maybe you pick one of them to work on, but go back and evaluate in 12
months of these other things, which ones actually seemed important or
which ones did other people in the world go out and create and which
ones did they did not seem to do yet. that can give you a lot more
samples for your own sort of taste creation capability. and that's an
important skill to have. >> | think a third way we were talking earlier was
doing very crazy thought experiments. >> Oh yeah, that's another good
way. | mean | think sometimes it's good to not take as a given things that
most people seem to take as a as a given. so I_\_/\;é_s"c_i_éi_r_{é_é"c_fazy thought
experiment with some colleagues the other day about you know for 60
years the whole silicon chip design industry design and fabrication
industry have you know done tremendous work to make smaller and
smaller scale transistors that are very low error rate right like because

what the assumption that we want is that every chip we

B 12 PRBEAXTHMAEMAILS: MEENESEER, MLEREREN
H ALY, MESFERDIRAM, XIFaER IR mUETTREEN R H#H

SRESEAR, X2—TREENREE. >> Bl IZBHIZINE =7,

EWAFEFENBEXN, >> X, BOEENEFMNE. BREENE, £X
SHAM AL ESANT GRS RIERT SR, RREMER., BIJLRIEH

MIVIES MY — MR BB, 3% 60 £8, BMESHRIRITS

HIETWHM T RENIE, EROVOEMESHNRE )\, MAFREIFE

ff. AABMNNRIRE: BRITHELRNE—RER, #HAIZMEMM

ShRE—H,
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FMERAE: 12 T ARBE
&, MEENEE, MERAIA
HHERT . LR AM—AE
IHFRG B SFIRTORE, ¥
7 T@lky REEAE, E=:
PRITABARLR, BIREBEAAN
FERFR HARRVIRIR

take as a given phr.

MAIBFTHLR, SPERAIARTER
fabrication / feebri'keifon/ n.

(i&F) HliE (chip

fabrication, &%} fab)
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Manufacture of the same design should be identical to every other chip.
>> You don't want any bits to flip. Everything >> no bits should flip.
There's all kinds of things you there's all kinds of error margins built into
you know memories have ECC memory these daysyouknowat the at the
macro scale we don't make that assumption when we're building large
scale distributed systems right we build reliable large scale distributed file
systems out of unreliable parts right like individual discs can fail but your
data should be safe and so we have mechanisms at a higher level to
enable us to have you know three copies of the data on three different
machines and three different racks so that if any rack switch or individual
ual machine or disk fails, you_s-:ti_li_ﬁave your data. We have read Solomon
encoding techniques. but we don't seem to do this at a really extreme
level in the sort of transistor level scale of the technology we're working

on. So what would h basically a interesting thought

>> (RRFHER ALY . MEARA >> FNIZALLEEE. SRR
FMREREIRIT, LLAWMENRAEFE ECC A7, BERUREL,
MNEZAIES R RARARIMERIR, XIE? FARARAIERIEAE
HRENAMED A XERS, BREEFTUA, EBRNEELIRR
28, FIUBMNEESER LA SMIE, iEBIEESREN=EIZK
E=aTENE. = NTENRLE, XA, Ba
WHMEET, (RNBUEEE. BAIEEEB-D 1R 2ENEAR, B3
MNMUFREERTEXTBERANREL, EXEBBHEIRNIRNER,
FAIM—TERRNBREIRME: WRIMIERIBIHF—KAJEEL 20 Xt
HRIE

75 3E B R

1=

B8 BH1T 60 ERERIME
HERFENNNFERTHEIR, ™
PHRRARFER—BSHR
M EBERISNXERE (=
g4, ECC N7, Reed-
Solomon ZUffIF3), FIEMEE
SIEES IR

error margins phr.
RERE (WEEMEBENIRITE
i)

racks /reks/ n.

MZR (BEROR LIRS ZRH
1628)
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Experiment is what would happen if you tried to build a system out of
transistors that might have you know 20 errors per day. >> Oh my god.
rather than one every million years, right? That would be a very different
design point and might be might enable you to do really interesting things
in the fabrication side of things. You have very different kind of design
methodologies because if you want to get a signal from here to there, you
and you have these super unreliable transistors. You might have very
different ways of signaling. You might send it along multiple redundant
paths in order to make sure that it gets along one of them. and | think that
would be a pretty interesting set of thought experiments. I'm not saying
we should go do this, but you know, that's the kind of thing where you do
want to, you know, occasionally question assumptions. Now, oftentimes
these thought experiments don't work out because there are very good
reasons that, you know, for the last 50 years, we've done this thing this
way and not

RERE, REMNA? >> K. MAR—BAETE—IRE, NIE? 3B
FE—TEATENLITR, BIFEILREREX—InEEEEREMN
5. MEBEBTRRITAEL, EANRFEE-—TESMXER
AR, MIRFLNRAEREATSE, RUEMSARI—FNESE
BAN. MAESEZSHRITRBREANKRE, MHREEDEMEP—F
X, BREPEE—AEARENIELR, HAZRANEZEMX
%%, BXMEMMRBENIZERERRE —MRIRAGF. =K, XK
BRXPRSBMEEAMILL, BATE 50 FHANZAMNXAMMAZ
B, TEFEERONEAN, EER—RNEEMHEI-TSEH
B9,
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B MRBFE—R
20 KA B— B EHE—

RRBREESEENAE
€, FEIREREMHER. Jeff 538
BZHERLRERE—IVI
FERRDER, EEMRER
RESGEME.,

redundant /r1'dandont/ ad.

TURHY (redundant paths TU5R
B2, IREPIRETHFR)

question assumptions phr.
FEHERIE (question fEENIE):
x4 de i FEE)
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That way. But it's good to kind of revisit those every so often. >> That is
so wild. Well, | mean, it's starting to rhyme a lot with neuromorphic
computing or the human brain and how nature works.__;;_f_r}{é_éﬁ-,"e_xactly
like signals in our brain are not especially reliable from getting one place
to another. And so, | think in brains when there are really important things
you need to get from one place to another, there are multiple pathways
that enable you to sort of do that. >> What is in | mean, you have such an
impressive career. What is one of these crazy assumptions that you threw
out of the window that actually built a consequential system in the past?

>> AT .. HEY, XIREMITE. RAN. IRABANEGELNTG
BRZBBEEZLT . >> %HE, FHMNKWENESM—LERS—LESTH
AR S, FMARRBAERME, SHEEEENEEFTEN—LEE
AN, SESFEBRRFBMRTAXMES. >> B4, RERWEEXA
LARM, BREWM—TMRELXMFEORIERR, REENELT—T

MRITRIREE?

X—BRS5MEESITE
(neuromorphic computing) 8
B KENEEESEERG T
g, EEEEEZXBRAR
ER—BARREXRA TRA
SR+ REE AR,

rhyme with /raim/ phr.
5. 1889; 5lmA5. IR AME
W CRE THhEAESERE)

neuromorphic / noros' mo:rfik/
adj.

HAFZESH (neuromorphic
computing &1 KRNI

re

H)
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>> Yeah, | mean | guess >> that worked out actually. >> Yeah, | mean |
think well TPUs is a good example like being able to specialize hardware
for a very niche >> problem domain before that problem domain seemed
as important as it is today is one thought experiment. you know | think the
origin of map produce is another good example. So we had worked the
you know my Sanjay and myself and a number of other colleagues had
worked on various iterations of the crawling and indexing system at
Google and you know we'd sort of written lots of hand parallelized code
with lots of checkpointing to make sure it would be robust and reliable if it
was running"c;r-{_é-ib_(-)“(-:_c;;ﬁputers or a thousand computers and some of
those died. but that code tended to be intermixed with the actually
relatively simple thing you often were trylngtodo like | just want to like
look at all the contents of all the web pages and then compute on the side

a mapping from URL to you know what language is this page

>> 03, FE..... >> MEEMRIITH. >> 21, &S TPU RN
Bl F—EE N OB EE S RIXAEEZRI, MEERNXTIERE/
RTEMEREY, XEE2—TEBEXIH, S/MERE MapReduce #Y
HRLENFEIF. MK, Sanjay BEHM—LLREE, M Google
ARSI RERNFTLDRRAER . BB TAEF IHTHNRBE, mE
AEHNES, MUBRTE 100 B3 1000 SH25 L. Hh—Lti2siEs
B, RGMARETSE. ERLERBEEENREESMN. EXTELER
NEHRE—E, LNBRRARBEEMENTINAZS, ABINFEL—
M URLE| MXPTIHMIENZMTAES) M, MXEZERFEAE
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MapReduce #jF: Google £Hj
[EERZS|RGE, HIEMEE
B (MFMNINES) REe,
AWAREFENHITH. KE
=, DEAEEE [BRRETF
MRARDL EE—E,

checkpointing /'tfekpomtm/ n.
WERNH (ERFRFPRSUE
HPEEIRE)

intermixed / mtor mikst/ v.

JBZefE—i#E (be intermixed

with 5... X458 Z%)
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In the text of this page. and it would get obscured by all this kind of other
code for parallelization and reliability. And so we sort of remembered our
training in functional languages and realized we could squint at those
problems and developed this map produce abstraction that you could have
above this implementation and then below ‘Eﬁ_e“i_r_ﬁal_ér_r_{entation you could
put all the checkpointing and reliability mechanisms into that lower level
library that everything could then build on. And so that became a hugely
successful way of dealing with very large scale computations at Google in
a robust and reliable way. From that thought experiment of like well if we

squint at it could we find lots of problems that fit into this abstraction.

ATATAATRENEMAEER, TEENEE T BCERBES
HERIZG, BREATMRTAEEEERXEEA, MARET
MapReduce XIS HEXIZ LRXEMER, MASLZMZT, KA
EFRARERMAIEENGIRHERTNEEESR, LERAHMETEELZ
£, TERZHMAMT Google LIBBAME T EN—MIREMINNTS I, BE
RN rsE, MX—tIERERBTBREN: NRRITBES, BAIES
BEHRIRZES X T HRAE,
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RZHRE, hEBETR (%
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obscured /ob'skjord/ v.
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>> That's impressive. So this thought experiment led you to create map
reduce. >> Yeah. Awesome. >> Now let's go back to you talked a bit
about your interest right now working on a lot of customized hardware. So
right now alpha chip >> lays out chips. Now you also got alpha evolve that
proposes solutions, >> evaluates them and keeps all the ones that work.
Seems like you're starting to build all these system that can compound
and build Al that builds Al. >> Yeah. | mean | think more generally there's a
there's this sort of the foundation of the scientific method of you propose
an experiment you implement what you need to run the experiment and
you evaluate the experiment and then you get results from that and | think
there are more and more problems that are now possible to implement
where that whole loop of running you know not just a few experiments but
running many experiments because you're able to automate that loop and
make the latency of that loop extremely low is going to

>> KBFET . FALAXNBREBZINILIRIRNIET MapReduce, >> Z#Y.
AT >> BNEE KK, RRIZRIIRIAES AR EE S EHRE
#, MESR AlphaChip >> K A/E. R(1EH AlphaEvolve, EZR
RUEBRAR. >> WHRMIHE, AREMBEROAR. BERMEIE
EMEXE—EERBEEFEM. B A EA NRS., >> 20, BREE
EiEithE, XEIEMEHENEM: RREE—1TR, IMWEBITENE
WFTHRAVRA, WHEHXLL, RAEFIER, BRGEKBESZHHI
R BAXAE SR T — B NMER T RZ /LT, MERIFEIFESH
30, ANMEEEXNMERENNE, FEBIFNERERRE, XZER
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43:08 REES: RHEREKSER
Be really important. It's going to enable us to tackle you know lots of WA FEB—-E D FERs
different problem domains in science and engineering and machine LENCLRBA>BHEME

FhEER, EATRZE. IE. ML
BRI SRS —YANT
(EEREECR

learning model design itself and also in engineering tasks like designing
chips. And so if you can actually do those things in an automated way and
have some orchestration framework that can take very high level
objectives and break them down into subpros and each of those subpros
can be one of these automated loop that is exploring the best way to
solve that sub problem and then a orchestration framework that can put
together subpros solutions into a you know the overall solution for the
higher level problem that's going to be really impactful and it's really
important and | think it'll enable us to do you know accelerate machine
learning progress it'll enable us to accelerate science and enable us to
accelerate engineering and | think that's going to be amazing >> that
sounds awesome | mean it sounds like a lot of fields basically where you

FREEEE. ERUBMNERENZE. TR, NHEFIREIRTES,
MEGSRIITRHFNTRESR, FFSZAEMNEGUE, AR
REERBEMANAIVRXLS, FEEEMREAHER, EEKEFESE
REBAER, BENIFBAFER, ME D FeBER UREXF—1TB5)
HREAERRRERE, AEBARAMERIE FOENBHEAESER
BHBABRAR—PBEIFEEENS, BIFEFEERE., BRFE
BELEBATINRA SR FE I ER, BEILFATINERZ, haEERATINET
72, BREISEETRE. >> MERAET ., HEW, MERRZW
EHEEXE: RE(REERRIFNITMES, WEIRTALR UK
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Can have very good evaluators and maybe adjacent to basically things
that can be formally verified right those are ripe for Al systems that can
self—-improve Yeah, | think in a lot of cases sometimes your evaluators
need to be made much faster. Mhm. >> So as an example, my colleagues
did some work maybe a decade ago on some problems in quantum
chemistry where you're trying to understand the properties of a particular
molecule and you can you know generate some molecule configuration
and then you want to understand what properties it has. And so you can
run a very computationally intensive density functional theory simulator
which is somethmgthatmghttakeI|ke a night of computation to tell you
the answer for one thing. but what my colleagues did was take a bunch of
output from those simulation runs the input molecule configurations and
the outputs of the expensive simulator and then use it to train a neural

instead of it taking a

R MAIIERZRE, BXLETIMIFEEGEEHIAN Al RE. 249,
BRGRSERAT, MAHERFERMBRES, B, > FMF, K
B+ FRIHRNRSMNMES —LEEFHAEHENIE, (REEBREMESD
FHIMER, RAAEREMND FAE, REEMECHETAMR. T}
AME—MTESFEARNERZRIBICRLE, TEEE—BRTES
FR—1ER, BRNRZEMNME, EHBERNGTHHE—R
AR FHE, RIS EED RS — AR R X EREERI%—
PHEZMZIEORE, R, FAIAXHERE—TIIEITE, BEAHE
FE—E20E, IERERAIRT 30 HiE,
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Night, they made something that was 300,000 times faster. >> Wow. >>
And nearly as accurate as running the full scale simulator. So now that
completely changes how you would do science, right? Because now you
have 10 million things to screen. you know, you could do that while you go

there's a lot of room in a lot of domains for much faster validation
models, possibly learned valu validation models that can you know get you
a approximation to the true answer much more rapidly.

>> [, >> ME/LFHETREMRORBEE—ER, AR
TIRERIFAROAR, WIE? EAMERE 10005 M RAERTFE, RE
ZTFIREIRMEERE, MABER—TRANTANKIRE, 158
INEFRHT R R BIE N RIBTEXEEN, HRSERSTIE, #
BRANZEEMERINERE, FIRERS S HRAIIERE, BEILIR
BERGEIRIETERIEMER.
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scrape together phr.
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And that changes how those experimental loops can be thought of and
how quickly you can go around those loops. >> What are some of the
spaces and problems that you're super excited that this super sped up
scientific method is going to solve or achieve? What particular problems
or spaces? >> Yeah, | mean | think well clearly machine learning itself is
one, right? So can we have a model that is able to recursively self-
improve itself by running lots of experiments and y(_)_d_l_(_r;av_v“i;‘_you think
about how models are improved today in large research teams you know
what usually happens is people think of some ideas they run a bunch of
smallcale experiments they see if those small scale experiments worked
out well if so they take the most promising ones of those they try them at
larger scale and that gets then evaluated and then the results get integr
ated together into you know a new recipe for your model. but | think

automated loop where the model itself

XAMRE T HABEMLETRBIAILN, URIREES RIUETTIXER
W, >> BRI BZ R4 5l BFHX M AR INERIR F 75 AL BB ARIR
STIA? BAARMLRmEME? >> 20, HER, BRBE, RBE
MNBZIEGMEBEHRPZ—, MIE? FAIETEE—MER, BEBETHE
ARELIREF B HGH? (RERSREREMRHNEREZE AR
BUAER, BERNEAE, ARBE—LERF, B—#\IRXN, FEX
2/ WIHESEIMRF AL, MRIFHIE, MMEEPEEREN/LT, &
BEAMK LR, AREHTHE, BEEEREST i, FAIREENHN
BEh. B, ERREEETAREENERELERIMEXZER—TBT
SENRET—HEREBCREERER, WEWR
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Decides it's going to explore or maybe with a nudge from some people at
the various highest level like oh why don't you_fr:{/_é_dme new ideas around
model architectures that incorporate this and then it will go run lots of
experiments see which ones work and then those will get incorporated at
a much more rapid rate and you know effectively you want to optimize you
know your discoveries per unit of compute input. >> Very cool. >> Yeah.
>> Now going back to the room as all of you will become at some point
founders or start your careers you will probably collect lots of rejections.
That will happen. it has happened to you too Jeff. | mean there's a story
that in 2014 you with Jeff Hinton and Oral Fin wrote a paper on distillation
>> which has to do with taking a big teacher model to train a much
smaller and more efficient model that's a lot cheaper to compute less
model parameters and it has become a trick that everyone is using right

now in industry. Yeah.

EREEELBIIAN—RIER, iR, RAMNIESERLM, 4
BRXNRAN—LHEE, REEMSERAEXR, BEEMLEER,
RERXLEMIUREZNREHRESHEK, B, RAE, RNRLMFBAL
MNESBMENRAMERORNE., >> EFE. >> 210, >> BBE(]C
BTEEEMA—ARMIPH—EA GRS AENNE, SHERIFFRERA
E, RMAHMSKRAIRZERE. XRREN. B, MIEEHE, Jeff,
BRiR, BTHRER, 2014 FE{RF Geoff Hinton, Oriol Vinyals —#25
T—RXTFEIE (distillation) HIIEX >> MER—TANBUHEE L)%
—NIVEZ, ESRIIER, ITERANMERSZ, BESHBED, mEM
FEEER T WRAABERNRIG, 20,
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>> And the thing is this paper got rejected at Europe. >> Yeah. | mean
Yeah. | mean | think | don't fault the program committee because you
know a lot of times a paper"gié_t_s, three reviews and someone will look at
one of the reviewers will look at it and in this case they said oh it's
unlikely to have significant impact. >> Unlikely to have significant impact.
But you know | think you know when we wrote the paper we actually saw
this was a super important problem because we knew making cheaper
highly capable models from larger scale models was something we
desperately wanted to do because we wanted to serve models to more
and more people in many different domains like speech or vision. but you
know sometimes the reviewer maybe didn't have that experience because
maybe they're not thinking about you know largecale Al services and are
thinking about you know is this a fundamental advance so you know it
gets rejected every so often that's fine we put it on archive people read it
people

>> [AJ#E, RXRIEXHW NeurlPS £7, >> B0, HE, =Y. KT
BAEEFZEAR, BAMFME, REME-—REXZZE=/MTHE, B
ASE—R—EHF(ERABTTZE, DRMEINR, B, XAKAEE
FFEEERLN, >> ARAIGEFEEZEDM, ERMNE, HREHNERRE
IEX IR, HXREIXZE—TEBREZNEE, FEAKNME, MK
MR R BEEERNRENRR, EHMFEENEHNE, B
NENVRIERERS RALENEZS A, ERSAEIE, LEIESES

oL, 18, BIRFE, BRMRERARRERBAFENEZRD, ENthiFth)
IREBIEANIE Al RSSXMHE, MEARIERENE—DURAKEAIREK,
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Use it's all good and you know we do use it in making our flash models
for example from our larger scale pro model that's partly why our flash
models for example in Gemini are so capable relative to their size and
speed. >> They're some of the best in the benchmark for their model size
class. Yeah. Just impressive. And | think part of the lesson is that even if
you get rejected, keep going. >> Yeah. That's the lesson | would distill

from that. [laughter] >> no, | think the fun thing is that you basically join
when you when you join Google as a 20 person startup back in 1999.

MBEATEARMAERY Pro REZRIBUSE, XBERTAHEA] Gemini ERY
Flash REBEN FENNAENRER, BENXABNEFDRE, >> £
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{REZAR ERTE Google BE—FK 20 ARSI ASIRFINT, BEE
1999 =,

=
i
=32
b

B RFHLAEIER - ASK THE BEST MINDS

ZIBRDIRR . Gemini Flash

§IJEEEj:E’J Pro & EIZX 1AM
X, FEREERIMERANEER
MREBDRE ., HIEAIN
Xf: Bk arXiv, IHERZEIIEN
(=

distill /di'stil/ v.

RIR, ZEEX (ebaxse: B
F r77<’Eé’a’J H4518)

MBI - 8B 53 W



7 3E $L K

12 BRl&ERS B fERE G-

Now, if you were to take the young Jeff Dean from way back then to

teleransport him to now today. >> Yeah. >> In this era with your skills. >>
I'm feeling so vigorous and young now. >> what would you do? Do you

¢ the Jeff theme today 25-year—old Jeff theme. >> Yeah. | mean, it's
always hard to say and it's a very personal choice of what it is you want
to spend your time on. to me, some of the most important questions are,
are you going to work on something you really care about, will you're
working on that? And if you're able to make progress on it with a bunch of
colleagues you like working with if you're able to make collectively solve it
or make progress on it, will that make a difference in the world in some
positive way, right? Like will you suddenly be able to do something and
offer that service to you know partically help biochemists or something or
maybe it's a broader thing. It'll help programmers or it will help all

B, MBIELERNERH Jeff Dean BIEEISK, >> 28, >> EX
TR, TEMOKEE. >> BRUERDZES M. FRFER. >> 1], )]
ST A? MRIMA—TENEXERE, TE2ESEI? BAHE, RRE
L2 SKRIXD 25 T Jeff Dean, >> M), K2R, XalwaysiRH
W, MEXE—TIEE DT ANNERE, BURTRBIERBEETA L,
B, WEKiG, FEREENODRAZ—-, REM—HREEETFENS
1B05? R AEARID? NRIREMN—BHREREZNERE—RBEXHS
LFESHE, MRMRIERFABRERERHE, IBXFASEEMIER
MENX EEHR? LBk, (RETSRARMBESS, HIEXIMRS
RMEEE, LM THEBREMHER, FECTFEE ZNEE. E
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Consumers. on the internet or other things. what you know what you
should strive to do is to have impact in the world that is positive and to
work Wi_fﬁ_fo_éople you enjoy working with and to you know work hard and
do your best. so in terms of say the particular trade-off you offered
joining a frontier lab versus say starting a companyW|th just one or two or
three of you and your close friends. | think those are different experiences,
right? In a in a large established organization, you have some structure.
You have lots and lots of amazing colleagues who know lots of things you
don't. you have lots of interesting problems that you can work on and h
you already have a platform for impact by your work, you know,
influencing lots and lots of people in the world already. and then as a very
small startup, you know, you have to have something you're passionate
about and there's a lot of risk in taking on, you know, working on that

particular problem in a

EENEE, AMRERKBNA—RIE, RESBHNIIE, RIRAEE.
08, FrBARENRIZEAIBR T BARE—IA—TENEXRE, TN —
M= MRAMREVF AR —EEIL . 1B, HIEXEMIAE AL,
SIE? E—TARE. BANARE, RE—ENRME, RBIFEIFEST
AENRZE, MINERSMTENERA. 1B, MBERSETERIEHAMN
=, MEMNIERSELE T —ITTAEFNNTE, BELEDNRH
FREFBFEEZHA. 1B, MEA—RRNOEIAE, ROTEE—MH
RITHAIBNEE, MEERBRANKE, ZAEMASRAB R MTE
A9, iEECRERT), BEIEX{D
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Way that you're going to succeed and you're going to grow a, you know,
an endeavor in order to do that. But that can also be incredibly rewarding,
| would imagine. So | think you know it's really up to personal taste but at
the very least regardless of what path you take ask yourself if | work on
this problem and the best possible outcome happens you know will the
world be a lot better in some way or will the world go eh that's kind of
cool but whatever. >> that's not the kind of thing you should spend your

time on.

SR MER, B8, EFFESMETHMEN., MUERS,
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Now let's talk a bit about more about that second path of working with
people that you really like in a small team. You've been able to be an
incredible mentor and manager to many engineers and you've been able to
build huge systems and what are some of the lessons for everyone here
on how to get the most and how to work with smart people or find smart
people? Yeah, | mean, you always want to find people who have really
good skills in some area that's needed in, you know, a team you're trying
to form, whether that's inside a company or starting a company. but you
also want to find people that are people you delight being around, right?
because you're going to spend a lot of time around people working on
really hard problems and you want people who are low ego that are team

always find working in a small team where people know things that | don't
know and where maybe | have some skills that other people don't have as
much of

MAERNBSPIE _FE—NREEESROATE—TNERERSE,
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You know is super fun because you're collectively building something or EEFERERATANERE,
working on something that none of you could maybe do individually. ually, EEAEIPA PR AR AR
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but in the process of working on that, you actually gain a lot of new )
—ITR#@Z, RROMeIHEN

knowledge and new skills for yourself and so do they. And you kind of

A,
want to view your engineering or research career as you have an amazing
tool belt of techniques. And you always want to be adding new tools to tool belt phr.
that tool belt because you never know when you might come across a TEESE; e AFREHRAEE
problem where you need these four specialized tools rather than these 5R%RE

three. And adding more tools makes it more likely that the problems you
encounter in the future will be solvable by you.
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>> Now, one last thing. I'm pretty sure someone in this room or multiple
people will eventually build something as consequential as you've done
with map reduce, TPU, distillation, etc., etc. What problem do you hope
they would be working on? Oh yeah. | mean | think there's a lot of
interesting problems in the world and I'll just rattle off a few. This is not

know I'm particularly excited about new approaches to hardware. You
know we that thought experiment there was kind of you know a you know
a indication of that or much more efficient inference hardware. You know,
| think there are radically different kinds of algorithms for machine
learning that might be much more data efficient than the approaches
we're using today. If you think about our large scale models today, they
probably see a thousand times as much data as a human does by the age
of 18.

>> Rfa—TE. BREE, ZTEEENETA. FEFLTA, K&
2AFHIRIRMHAY MapReduce, TPU, ZHBEE—FEXMAONKRA, R

REMMNEBRTAREE? B, M. H2HR, BREIHALFRS

BRENEE, BMEOR/LT. IAFEEE, BAHFRIEER, TH

TEMEE, RAE, BATAHREEG A EEERE. BN B

SREIMER/XTER, RERESHAVHERG, BRSAIREEFET

ENEERAENNSFEITE, ENNEIERRAEILES THITSXKAN

XERE, BRBMNSROAMEERE, SI1EINEENERE—TAZ

18 ZRIAT AR ER— T,

75 3E B R

RPHHE: KRR LIRS

BAZE 18 ZHIN—FF, MAZE
ERZAENDERSES. XiE

@ Jeff BRfFAOA @ —: EUEN
REHFZSNEMFEIEE,

rattle off /'ratl o:f/ phr.

—OSRFHIZE (rattle off a
few BECIFIZ L)

exhaustive /1g'zo:stiv/ adj.
FRIIEN (not exhaustive

IFTRFR)

MERRER - 8B 58 W



7 3E $L K

56:09

Yet, the human by the age of 18 is better in a lot of things and, you know,
on par with those frontier models that have seen way more data. So could
i/-é-d_c-:_c;fr_w-enﬁp with much more data efficient systems that can learn
continuously learn from their own actions? continual learning is a really
interesting thing. | think multi- aent interac'_ci_(_)_r;é-}é_gr_ﬁr_{t-e_t:é_s_ting thing.
you know | think you know creating ways of having better discourse
among people in the world could be interesting. Are there _vv“é;/_s"{_o“ﬁave
much more civil conversations and you know helping people meet other
people are all over the world that they should know based on their
interests. You know these are kind of interesting things. | think there's lots
of cool things in the world and we should all go and strive to make even

cooler things occur.

RMIXTAZR 8 FHY, ERZFJIFLEMISEY, MERPBPEEIZES
LENINERETELT. 34, REFEIRITHAERRSESHNA
7, EEBMECHITEIRIFESES? B, FEFIRNEEERERNA
[, RREZEERAEREHETERENGE, B, RS, E—LH
LR ERAMNBEEEFINIERR, AEBRERR. BREMAL
SHEEMXER? EHEFEAMPAIR T RS IRLEE T HBAIZINRBA,
RAE, XLEMERETENER. AREXER LB RSREMNKRA,
BAEBN LA DL BRI R LI,

56:59

>> That sounds wonderful. Thank you so much Jeff Dane. That's all we
have today. >> Appreciate it. >> Thank you all.

>> WTHERAAE T . FREREIGMR, Jeff Dean, SKMEIXE, >> i, R
RE, >> BHFAR,

=
i
=32
b

B RFHLAEIER - ASK THE BEST MINDS

Jeff (OFTIRIERRE R 5425
(MBESTHRAREES) . 28
BEMRRRE. MUR—TIERARTSE
— L EBW LRI TEE R,
BARTHBERM R EHNE
%,

on par with phr.
5..1848, PELT

continual learning phr.
FEFY) (ML AIE: REIESS
EETETMNEZRPF])

discourse /'disko:rs/ n.
1E1E, AHITIE (better
discourse B RMHI/ATEIFIE)

civil /'swvl/ adj.

XBRFLERAY (civil
conversations S BRARYATE)
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F_8ln OB - EREHHRIA

1. depending on (exactly) your definition of ..., it seems ...
“Depending on exactly your definition of junior engineer it seems pretty spot-on”

FRRERIRA THIM, BENFNMRENRZON, EEESRRHMTRIFENER, E/MEMARE. F5:

Depending on your definition of success, the project seems on track.

2. Imagine what you could do with something where ...
“Imagine what you could do with something where the latency is, you know, 50x better”

BfEBETERR—TENNEENER, ERARABRNZETY. where 5|SEEMIHERFIFRMY. B
pitch FURHPERITRIER.

3. people don't quite realize how ... it is to ...

“People don't quite realize how possible it is to have agent-based systems that can run ... for days or
weeks”

BHERIANEXNEGHD: don't quite realize tE don't know IESEFM, how + FEE1E + it is to R HRRIERY
R, RERLIRN D817,

4. not (necessarily) being anchored on ..., but how you would solve it from first principles

“Not necessarily being anchored on exactly how that problem is solved today, but how you would solve it
from first principles”

not...but... WLEEMEE FEIL: SEIREE, BESE—H/EREE, anchored on 2FRAVIAAIRN, ESICIACIFT B4
HRIER,

5. The clearer you are on ..., the more ...
“The clearer you are on what it is you want, the more the agent will have sort of guidelines”

lthe LEERZR, the LERRF ) KRBT BEHXR, JEEHRAR what it is you want Z32IFMZEME (kb what you want
FRY), F{BFE: The earlier you test, the fewer surprises you'll get.

6. look for something where ... 0% or 1% of the time, not 20%

“Look for something where the model succeeds 0% or 1% of the time not 20%”
REMHFNLEABMEESE, £ TETEMAANE) X—REREVGRSHRATNIT, where NAIBRE TRk,
not + EFHI AL EEAIHERR . LAEINFHMEFRERBNENRIE,

7. it's good to not take as a given things that most people seem to take as a given
“Sometimes it's good to not take as a given things that most people seem to take as a given”

take ... as a given B THIAEMRHEAL; WIEIEBEE (take as a given + things that...), HRERE—EIERIEFNHZ
BAEEFK ). RIARREIRMNIIFITIERE S,
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8. ask yourself: if ... and the best possible outcome happens, will ...?

“Ask yourself if | work on this problem and the best possible outcome happens you know will the world be a
lot better in some way”

BEIERINRURRIELR T ARIFIBERZ (best possible outcome) 4

B SEIRAOINER LR, EEERREXELEH
ZRNTHSE,

MIAFER - 8 61 1T
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- ASK THE BEST MINDS

iFic BiR 1aE B HIm

abstraction /e’ straek fon/ n. #HWx (B) GtENMRZZOES: RERE 4176
HrRiEO)

amortize /' @martarz/ V. P, P8 (B—RUFHEIMRIZRIBE 126
)

analogy /o' nzelodzi/ n. Ztb (a core analogy —MZiGhZELLE) 15:02

anchored on /"senkord/ phr. . HE. RE QAR PRNHEERN) 9:39

at the forefront — phr. AFRENE (models at the forefront GG 26:49
1Y)

at the heart of — phr. AF .. B9 7:47

back of the envelope calculation — phr. FEHEERGHE, HIEHE (5 napkin 6:39
math EX)

bandwidth /'baendwid6/ n. Hoe (B ERMERNEEE) 1:09

batching /"beetfin/ n. #HarE (EAMERITE—RBITEMRSE  12:51
HER)

bottlenecks /'ba:tlneks/ n. HRZR 9:39

brought many many chips to bear on — phr. bring...to bear on: 1 (FiRE. H=) KA 848
ZHET

building block — phr. s, BB 29:04

cache footprint — phr. ZEFOH (BRETHSASREFNE) 20:48

cache miss — phr. ZEEAReP (BEAESREEFEP. Jihm@  10:25
BIEFMIIEHE)

caution /'ko:fon/ V. &9, I2EEFE (I would caution that... I 26:49
ERENE..)

checkpointing /"tfekpomty/ n. FaE (EHRRERSUERES®RE) 40:09

civil /'svl/ ad;. SZBEELSREY (civil conversations SZBRAYXE  56:09
1E)

cobbling together /"ka:blm/ phr. cobble together: BEE#HE, #Hk 35:02

complimentary skills — phr. E4MYEE (LE4bR complementary BOE T 53:10
wH, ZEKEER)

compound /kem'pawnd/ V. (RZE. FE) EFNRXERMK (errors 22:01
that compound R#fRFRATIRE)
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compounding /kampasndm/ V. EFMXNE, ThrSinigs 25:37

computationally intensive — phr. ITTEZER, EHFHERAKH 44:12

consequential / ka:nsa'kwen/al/ ad;. FMERN, 2EEEN 8:48

consolidated /kon'sa:lidertid/ V. L, 1H¥ (get consolidated into #E¥&  16:07
N)

continual learning — phr. TS (ML ARNIB: REEERERTRIM 56:09
MEKRFE)

crisp /krisp/ ad. TEMIFIERY (crisp design docs fEiEREMIAY  31:07
BRI XHY)

crux /kraks/ n. fEZE, RXxBEZL (the crux of... ... 8727 33:51
i)

decompose /,di:kem'powz/ V. ok, 1F#E (decompose a problem into... 17:47

{EB)RERAL. )

decomposition /.di: ka:mpa'zifan/ n. o2, RER (problem decomposition [a)g  1:44
)

degrade /dr’ greid/ V. B1L, HEETEE 22:41

delightful /dr'latfl/ adj. SAREN (BESF@IEE: delightful 25:37

product {RIEIRENMm)

dictate /' diktert/ V. R (dictate emails FAIES CRMEE) 6:39

discard /dr'ska:rd/ V. 7, 88 23:43

discourse /'disko:rs/ n. IEE, AHIFE (better discourse ERM  56:09
BN HIFE)

disk seek — phr. WREIE (W2 BinsiRa &R 10:25
E, ZERRFER)

distill /dr'stil/ V. R, ZEL (LLAAWR: ME)IH T4 49:31
H4ie)

distillation / distr'letfon/ n. ZB (ML RIE: BAREmEIIZGIME 4715
BIRIRIAR)

durable /'dorabl/ ad;. FAM, ZFEEEIRM (a durable 26:49

thing BERHAUATS(ERVEE)

endeavor /m'devor/ n. (BHH) B, KTIFE (asix-month 45:22
endeavor —IFFERKTIE)

epochs /"epaks/ n. BR (ML RE: ZBE—R)IGHIESES 1851
—™ epoch)
error margins — phr. RERE (NBEMBRIRITEIE) 37:25

7 JE P MIRFEIE - B 63 |
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esoteric

exhaustive

fabrication

fall off

fault

fiddling with

first principles

fleet

frontier lab

general purpose
go off the rail

halved

handing it off

harnesses

impediment

infer

inference

inklings

interconnect

intermixed

internalized

/ esa'terik/

1g'za:strv/

/ feebrr kerfon/

/fo:lt/

Mt/

/ dzenral 'p3:rpas/

/heevd/

/"ha:rnisiz/

/1m"pedimont/

/in'f3:1/

/'mfarans/

/'mklmz/

/ mtarka nekt/

/ mtor ' mikst/

/m't3:rnolaizd/

adj.

adj.

n./phr.

phr.

phr.

phr.

adj.

phr.

phr.

B RFHLAEIER - ASK THE BEST MINDS

ZRE, RERITTIEN

#FRIIEN (not exhaustive HIETEEE

8)

(B B) #i& (chip fabrication, f&#R
fab)

=, TRRIEE (the fall off in network
bandwidth & ZRERE)

153, WS (1 don't fault them FANRAh
1)

2%, REAIX (Addle with the model iF
e id))

F—MRIE WARBLR, MEAXEIH
RIES)

e, (ARSSER) S8 (RN

BIGSCIRE (3§ OpenAl. DeepMind.
Anthropic FINZk Al Ff5ANAE)

WA (5 specialized & FRIEX)
(B2 go off the rails) Bi#l, Kz

{EFF (halve the error rate IBEEIRRBEE
—3¥)

hand off: 3%, X% (IEESRLAIA)

(BREMRRY) BITHIFER. BIUER (RX
NBE, ATIEERERNNITIME)

[E88, BEAS (no real impediment to... &

B LRPERS)

HERT, M (infer what it is you meant #t
B{RAAR)

I (ML AIE: REEREGRNIETHNER,
51)llZ4853)

IR, EHIRINER (see inklings of &ZI...
NP

B (ShHENSREREE)

SBZE—# (be intermixed with 5... 3841
TRZX

AL, BEEENER (EINRERESE%
#—&k o)

MIRRER -

35:02

55:07

36:10

11:.09

48:30

6:39

9:39

6:00

50:09

3:21

22:01

6:39

32:50

18:50

46:04

31:45

3:21

4:27

8:48

40:09

4:27
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iterate

latency

lays out

lossy

low ego

low precision

microbenchmark
napkin math

neural approximation

neuromorphic

niche

nudge

obscured

off the distribution

on par with

openloop

orchestration

order of magnitude

plausible

populate

/'1ttarert/

/'lertonsi/

/'1o:si/

/ maikros'bentfma:rk/

/ noros 'mo:rfik/

/nitf/

/nadz/

/ab'skjord/

/"ovpan lu:p/

/ o:rka'stretfon/

/'plo:zabl/

/"pa:pjulert/

phr.

adj.

phr.

phr.

phr.

phr.

adj.

adj./n.

phr.

phr.

adj.

phr.

adj.

) B 4F A9 3k A% $2 8]

- ASK THE BEST MINDS

R, REMGHE (iterate on that 7ELLER — 20:48

EABER)

IR, BIE (RENMNLARFERYE) 3:21

lay out: /8, Hfp (SRIRITHREMEN  42:03

)

B (lossy compression HiEx4E, 5  15:02

lossless FiRtERT)

BEFIRSEN, RATENN (BEEERES 5310

$iig])

RHEE (ML BBEHARIE: BEDESRTE 747

{EDAREGE E HIEER)

WEEN (NEBNMRIEIEEERTINL) 19:46

BEMRITE, HENEREE

6:00

HEMEaM (BHENSNEHRITET 4412

FEREIEER)

HMERSH (neuromorphic computing & 39:28

[ENEE= Al )

INRBY (B9 ™15) 5 a niche model /Z\xE  29:04

FRRE

24, /JMER (with a nudge from some 47:15

people AR —RIZRT)

WM, &R (get obscured by #%...#& 4116

=)

mE OlFEEN) 2% (ML ARIE, Bl 22:41

out—of-distribution)

5..488, AMELT

56:09

open-loop) FIFEY (FHIEARIE: Tk  22:01

(
IRIRIERIRET)

mAEE, MIFREE (RIEELRECER, 51BN 1747

N ZHRURFNGE)

HER (HEA-THER)

9:39

SRIAATITRY, 121580 (plausible ways AJ  23:43

BERJATRERTR)

1% (populate a data structure [E%HIELE  19:46

MIENEE)
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proprietary

protein folding

question assumptions

racks

rattle off

recipe

recursively

redundant

retrieval

rewarding

rhyme with

robust
scarce

scrape together

screen

shaky

shipped

specs

spot-on

squint at

steering

B B A

/pra‘praiateri/

/raeks/

/'reetl o:1/

/'resopi/

/r1'k3:rs1vli/

/r1' dandont/

/r1'trizval/

/r1'wo:rdm/

/rarm/

/row 'bast/

/skers/

/skri:n/

/' ferki/

/fipt/

/speks/

/ spa:t ‘amn/

/skwint/

/'stirm/

adj.

phr.

phr.

phr.

adv.

adj.

adj.

phr.

adj.

adj.

phr.

adj.

adj.

phr.

B RFHLAEIER - ASK THE BEST MINDS

LB, T\EH (proprietary system /A8]  24:30
RNBEFZER)

EAME (ARERFIIN=445me  30:04
AR

RIS (question fERHIE: X.. 124 38:30
)

MZR (BRI OP LRSS 2RHITELR) 37:25

—OSHMHRY (rattle off a few fEO%I  55:07
1)

7 ML TR ZNTBEEAS 4604

B3 (recursively self—-improve #®I9EFHK  46:04
o)

TURHY (redundant paths TUREZZ; T  38:30
PR REDEFER)

R (RAG HHY R, BIMIMEBAIIREEREIME  16:07
*ER)

BRFRRRY, ESTHAY 52:36

5. 388; s|BAS5. IEAMEL CRE 39:28
HEAEEERE))

TR, (BITH (BERSHIEFRE) 41:16
FEERAY (the scarce skill FRILEE) 33:51

EHTNE, #IREST (scrape together 45:22
enough compute E#E 1)

TRt (25 / MR A ARIE: screen 45:22
candidates Hi%fR%EY))

TR, IEEMEAR (gets shaky FFIAT 22:01
)

E%, &% (REATWRE: shipin 2:40
production # 4 F=IF15)

FURERBE (specification MBS, 1Tl 31:07
=)

TEERN, —EPN (RXOEBEEF, 0:50
fERIE)

BRECARE; SN AE. BMATIE 939
A )

£fe, 3155 1[ 33:51
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stirred together into a soup

strive

surface

take as a given
tool belt

tooling

trade-off
vigorous

weigh

/strarv/

/"s3:rfis/

/"tu:lig/

/'trerd o:f/
/'vigaras/

/wei/

phr.

phr.

phr.

adj.

B RFHLAEIER - ASK THE BEST MINDS

B —7 (LEREERRRE. TTED M
SHER)

HK, BHIEK (strive to do LB H#Z)

(@) REFE. ABE (TWAE:
product surface)

MAIEFT =R, HIEROARTER
TEES; LB TARROREESHIERE

TE%, METIE (internal tooling WERT
&)

REWE (MET ARSI IRE)
FBAFTHRY, ENZZIRY

g, #EE (weigh that FUEIX—)

MIAREIR -

16:42

51:24

25:37

36:10

54:22

24:30

51:24

50:09

26:49
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FEMUEks EEEEN - 8 &

1. Jeff 7£ 2025 4 Al Ascent H T AFUN? —F/Efhanfa 5i¥?

2. TPU MR F— 2B MEMEitE, 2

3. A AR IIGN T batching? Jeff IAX &R G FRIG?

4. Jeff BB E IR BAERRIVAEMIEA? R4 20% RINERmEIMES?
5. xF T—XRHE 20 RISEMHE] ANBEENRRATA?

6. EFHEMNBIFR, HRTMUREERT ZAMR? XXZE T HA?

~
4

TRIE X NeurlPS EFSRVEEHZTA? Jeff MAIRIGIIZIIIZE?

S

o
Lk

BT ERERIEZE, Jeff INATARNMIERTAE? WEIEFF?

W

EER
1. I Al IAZIRDR TR2IMKF (B 0); —FRtiNnERER, BT ERESENNERNE K@K
FEZINHY B (R 1),

2. 2018 FfHHE: FHE Google BFEXRA 3 HHMEFIRA, RSFEHMGSHE. MUTWELTATH
Bl TPU, BEREEZAY CPU/GPU & 30~80 f& (E% 7-9).

3. FEREpEMEARLEFRLR: BIERCHNERLOZRITEASN—TE, RN SEERGTHEMER

FozftR (Br 14-16)

4. IERAYRIINER 0%~1% BIEE, 20% RARZEE N EEERE BN, MELIENIET ARRZEY, Sz
BEHERREER (E 33),

5. IBAEFRBRAAN R SANRIR: 2HRAARARECETIESHHETERR (Z8IAR. LUWE), 2
REREEIFRAIA, BMESIRARLAIL, EMRBERIXASENE (R 41-43),

6. IE—BBRNEEZRIZICEMINEL 30 HEREBERE, £k 1000 HMRIED FMFETRRERFRL
F— RS ENENAERN TR (R 49-50).

7. BRERLME TAXTEEEERM. 2ll: BERATERZ T MAA; SIERALSIE, BL arXiv iE5EH
HILMNE—Gemini Flash IEZFZIBMH LK (B 52-54),

8. X MIEEeAitA) BEBEMIk. HFAN: RESHEBER; 5TARE 12 TRNEESHTUNHER
EERE; MRIEREEZE (K 39-41),
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