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Abstract

This translation project is based on Chapters 5-7 of Artificial Intelligence: How
Machine Learning Will Shape the Next Decade by Matthew Burgess. The selected source
text adopts a Western perspective to examine Al’s impacts across domains including
workplace automation, weaponization, and ethical accountability. Guided by the
Functional Equivalence Theory, the translator analyzes translation strategies and methods
for technical texts in Al. The study focuses on textual features, translation challenges, and
solutions, aiming to address core issues in scientific translation such as terminological
accuracy, syntactic logic restructuring, and discourse coherence, thereby providing
references for similar translation projects.

Three major challenges emerged during translation: 1) context-specific conversion of
generic vocabulary into technical terms; 2) deconstructing nested English sentence
structures; and 3) maintaining logical coherence at the discourse level. To resolve these
issues, the translator employed text-type analysis, consulted parallel texts, and utilized
online tools. Specific strategies included: Lexical level: applying “semantic extension” and
“conversion of parts of speech” verified through online resources and parallel texts to
ensure terminological precision; Syntactic level: adopting “information reorganization”
and “logical segmentation” to bridge Chinese readers’ comprehension gaps regarding
source-text sentence patterns; Logic level: implementing “explanatory supplementation”
and “logical linkage reconstruction” to simplify concepts and visualize expressions for
popularized science communication.

This practice reveals that translating Al-related texts constitutes not merely linguistic
transference but a dual process of technological dissemination and ethical reflection. This
project demonstrates that only by integrating professional knowledge, theoretical
frameworks, and critical thinking can we achieve both “meaning equivalence” and
“communicative equivalence” in technical translation. As an MTI graduate student, the
translator advocates embracing Al’s “continuous learning” ethos to proactively enhance

translation competence and meet future challenges.

Keywords: Artificial Intelligence: How Machine Learning Will Shape the Next Decade;

artificial intelligence; technical translation; terminology translation; syntactic

restructuring
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1.1 AR5 RIR

ARV IR S AS e B RS U T K 8 - (A% T (Matthew Burgess)
PR (N LRRE: MLAR I W ss N —AN14E)  (Artificial Intelligence: how
machine learning will shape the next decade) , AR TR (Penguin Random
House) J* 2021 4. 4x1idLit 8 & 88 Ui, & FriklMliF AR LR L
AT, PR TSR TR 8644, FATHELIT 14364, FFARIIRAL 0T
BEiok, & Z-library Eif) K, HAETHAA HOGRA,

A N T BE BB AR VR B (5 B BLSOA, BRI TR BB BAETEN
bR, FEZFERWNT: —, ATEBEEFEERML. ELSNANTARE,
FHERIREI L, N TR AR IE R ZI M B TR0 A 36 A1 LA =X, 140 OpenAl,
ChatGPT, DA Al, TAl, Deepseek %55, fEHHAEMEY, Al T8 68
HIE . AVEACIERER ) T2 G, 4RTF ARG BT R LR E, AL@
o AR T, S TR RCRRIOREE ), IR BT RE
Ay, = ATEHBAFHMNEE. ArEIA, ALZ AR AL
VEDTHI SR TR BERE, (ERE . By i R R i i, e By 7
G, B RS RS RE R AT B SAR , (EAR AT AR Hh B PR SR Ml L T B0
1 2125 B AR ISR THBATRCER, (B R GE o WL AN W 1 A2 S AT A
SEFAAREE. EEAEENR, REhEEAREMTHESEEER, AREH.
EEEA S ALY AR BB, = AL FEms. 55
PSRRI AL I B, (BRI, BWaTRERUN LA
B NHERZAERY “BaER” (A5, 2023: 34) . —J51H AL i iE R
ARG RE WIS R EUE B OSSR R AR T 22 5, RReRE “EH K
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1.2 fE5 N

YEERN. (AT Hlasy S Wi T — 46 ) e —A N Red
BB EY, 9 N TR RERERE R G £ X 518 - a5 g . 5 - A
HTRIPTIE A AE N TR BESOR, DASOR SR b ) A2 . AR5 e AR
FRMTAMFRRIE 372, HESSEFRRNEIH, 20T AN T
RERYQUI AN SRR, e LS . Bdii Al B Sib R 07 M 17 i ot
[

WA, 1030k 8 &, RGMBE T N LR AR, Bk, Aok
7 ) R AERR . AN TR BB IR R AT, ik 7 R BOR B A a4
SHAEA LR BB Wi By . iR S Uk B S 61, dER 7L
BRERI A, i, N TR A REIHINEZ /IR, Rt
AL BEARAE B WA FERA XU S5 1) A8, AESE M A 5T, AR 4536 BT
T ANTRRESE H & TARR Ut Sl i sy 5t vt

BEHENA. AREFLEM L E R TR BE, BRI AR B,
T SO e S AN [ U S S AR VR, DA Bl isi or N L BE R Jee B
W TE AN, BHFE (N TEGESILTAE) (Aland the World of Work)
PABL-RZ ATl Ol B SIME RS NWTTTREA, RS N TR B SHlder I SORAY
Sebr TAES SN, B S BORAE R AR U B 98 ) 5 Stk i, eI
PP AR S e, BT ( NTERERIRARIL)  (Weaponising AT) ZRfE
Hh SEAE N R RE U AY B TS, s s BRI L BRSE S 3, BR1E
AREEACTETRLAY 224 AR, 325 AL [ s A PIMEAL R, DASEIRBEAR LY. F FY
- G ek Aia . B-EFE (W& ATHTT) (Making Al accountable) A
AR FAEVIA, SRIEPT A AT A HEN], [5]IREIAT L TR R Gk
ARRE, B IWRARER G AR REAL . M IS S AT AR
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1.3 BN

HeZh AL AR R, 0, NLRRERARCIRABE BRI SRR
WL Tl 3 S R R RERE A S AR N 5w, DALARSA ) . ARG & AL FEAN
TEAA A RIZ OB ARANWER T, #1774 DeepSeek. ChatGPT Fl
MidJourney 8% TH. . {EERHERENZ, 2SI IE P A gt . &
VYR B AN IR AR BN A IR I S ISPk . A HEEh N TR R 24
R D AL A R, R B A YA A . BRI S KR R A
T-Befe FaR A8, AR EIEI EASERTE R, BER B P oG R AR
TRBERARZDSE Rl %, MWEARIL R,

RABFELEREE S B E B2 SUR MBI 1) S B A 10 15 3 W B4R T
FEAL B B T AT N A, PR TR VAR & T AR SR A . W AT
SCA, E R IR SCE I E R E KA RHE, O OPk e b TR S
JET . BEE T AR A O P SO ST SO, TR L ARE . ik
M, M e R R RERE S, W B R BORSCER, R F R EIRAR,
HAR TR SRR, RS RANIMERIFEII R T EEAR,

RHEANPMERE ST, Mals A LR, BRI TSS9 A2,
PURAEHERIIES5 3 o L 51 B hizk, #HEH ANEFESME (A&,
2023:90) . NTEBERART Z W T BRSPS RREAnie 5 i O
NATlE S, B EAGEE TR N REALIE. LB AR ABIHLIEEI R
LR T h R (RIAFT&SE AN, 2023: 12) . WA REIFHE, #E AL
WA TR T HWMER LS SRR, #2707 58 e LA FE TIENEE ), &
RE S bl B B A T ) BRI AE N e B R RO B RE ), XY
A BT R AR T R AR AA BT R, oAk T AL AR
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BE FEIES

AREEGy =iy, WSO R AT SCRE R e THEE ., i
ST IEE BEARL, R BDRI I SCA R RUF AN R . 1] e M A A
T B PAT SCA AT DAE— /@ RS B SRANA N TR REARH & B M IR KR L 55
DR AN [7i) 55 7 T R At 0 3 S A 28 s 3 L LA F b, SR 4% 5 40
ghe N E R S, MR TR SONE Ll

2.1 IARFFRAHT

Bl2EpaR, e @iepel, 5IH T REALERARSR PR, 2155
FCER I 98 i, EAEEEY: . R, BUAREZ GBI H FSUR, DA
KATIARN LR SCRB ARSI, 155 WA N IES, AR 2,
KAPHIBEBIESAE A UK R, 4 python R 25 LA 8644 741
B, 3344 ), T 24.93,

FEE, A TGRS S5 ORI B HE A AR =28 FARRE .
E S P e 1 N ) S I = v N N = e A RIS T B 5 e d o S G A
I P 10 —— H B AR AR E S ARTE S rP O TR BORTE SC N fR
ATEFARAPRT AT, P R AT =M VA b ) AU ain) i . £ Bk
PRGIR TN G A SRR, RIS ETR SCGETIESAIE SUHER; @ P73
AKX H AT, SE AR A RHE

BEEFGE, AR E N FARRUERHE: CEAHZE, Wi R0
SRR, SO s B 2R, S5ER0R. RIS
DTG A T s AT IR A R 1520, s R e HE A 2R I
il JE WP S5 A, (RN R ST . HESRVE I, ekse 2 kER. XS TR, A
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NET T RRRRN 2 DA B AR IR VB S VRIS, B8 A Rl BRSO 75
ST A, AR PR SRS, TR L RRI R R IIRE, PAKGX
FEARAERA ST B L. & 2021 4F iy John Murray i iE The Age of
AT —FHEREE R PAT SR . % BAER AT SR AR = R A
TG MR B (R SR KU HRL AR ESE AR A E. The
Age of AL EE F I 2R 56 AL 55 M= H) -A -F=F4% (Henry Alfred Kissinger) |
BRERPATERERRKIBR S - fi% % (Eric Schmidt) | BRI TR Rt
FAEBER EAEBE RS ER - BBIE A (Daniel Huttenlocher) . 37 P47 304t
GrLE, BT AN RE BRI K HAT ANkt L BT BUATI ST
EEMSS G S AL, MR, BORFRBEZAAIE, W5 T AL
RETEAS 4T 14 B 1 R ey SR A B, A RO N TR RETEESSY . H . &
AT B N AR, T EL gl . 85 454 DA B i L= AR A A BRURITA B 1)
R B M AT TR AR

2.3 BETHEREE

PEFIE T HARIRO T, P R T 2 B T A AMAs i T AME &1
IRk, & AR TRALRE: WViA S, CNKI FRHE: 405 TR A
CHEHEERBIEDOUR ALY (510 A CRIAMr S B e BOTUIIREL ) (55 /\RR) .
AWFFTMITT BE ALIE SO R SC O R & SDL MultiTerm 55 TH.,  #5xf
ANTEBEL WU 7 ARE R HESR S br AL B, JF i 4= R
PubMed 25 2 YN 2 52 URUEATE BARMER M ~PAT SRR IR AT “ %
BETARHGR” 5 2 OCA IR GRS, AR SCRR S A7l OBk i e OUE X B SCAR,
IR TE R S Ay CRRAE, [N ) Trados #4)8 al 46 2 A -FAT 18 RHAE DATR T
B, B R R YR TCIA AR O R, 12l R MR L KR
fo. i AR, EEE BRI IR AR GUENNR, HFAEER b, ER
HALREE L ARTE SRR GG L RKIED, B A O vk
B, BOREARRIRTEL LT RO, XA AAAREA T 2K
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F=F RO

AT R =EB0r, WAL AR ARG = A A BT, R EME A
MRS IR R . RMERZE IS 2% . B TBCEE . RIS, M
TP HU AN TIRE T, T B R 2R DT R A B I 28 BEEAN-P173C
AN LA 2 WA RIGEGHHPTA . S e . OGN EREE, XA
AP AL RSN, PRIV, XSS TEA.

3.1 i R L%

T URSCA A SO, R H R R O, MR s
HOREF, AR AT S . TR (2008:74) KK, BRI
K e BRI A AR R SR TR . AR AR S o 5 1K
Vel I, X P R T A SR T R AR

3.1.1 HXHIFIH

AR YRR S A 2 i S B RN . H R, (B PHE S T A
TERFRI L ATE SC. WITTE (2011:352) 1Ay, “RAEXGETRMLGR AL i
TR H ATEXS IR, 5 i TG ] TS A 0 b ) R R, G R A B ]
RSB A IR A B, Kb NI SCRMERE, JoYATER IR I 0
X, TRrFEERIEFSURNEE A5 Rk, R BT SOiEsE B e R, Wix
TEREAZ AN K, R E Y PUE TR RIX.

i 1. In 2015 the graduate student of MIT’s Media Lab was sitting at her laptop,
trying to get the generic face-tracking software she was using to work. The problem

was that it wouldn’t. It was supposed to project digital artwork onto her face, but it

couldn’t ‘see’ her.

B 2015 4F, FENRRE B Loa Bl AR Sein =R pT e, e S04 Ha i
TS Al P T S R AR AT A, R ANEAE . ARAE il AL
TR ARGAIGATCE_ B Wz
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UOFE: 2015 4F, A TR SE IR A —ArF e A A B, 8 2 AR A R

BAATAE RGN . R 7 A b SE I R A T ST AR SR, AR Ik R ]
PRGBS

SR B 1 ROBHEEEE T Newmark 1973 4R (Newmark 2001: 47)
i ekt digital artwork BAE PP ECFEARMARSG |, WHERFESCHITIG R
FIPr0,  [EIN e T P e 7 AR IRV, (s SO v, AL, s A
R 2 A N TR BE AR, AR S ITENUME R AR SR Z 5, T HEE
digital artwork JFHSEHE Y2l it SRR A LR ZAR B BURFRSL, Hean AR JE5E . R
A% s, FEBOsET, AR HAE C SEE PR B AR, BER
FAARIE IR, X AR 2, AT 3k 5 15235 1 A AL A T TR 4
S, IR, AR IR R T RS A R AR ORI B R GE Y D WLBIE SR,
Buolamwini 324 TRk (4 AFEE A RS R, RGEAH Joik il 2 A RE
PRI EE K couldn’t see her FE—2D AR, 564 “ ok (8 IR ISR VA B E S Bus AT Hh
BESR T AT RTE I A N, WATA CROOMEE mEEE, RIYE LR R
I, AUOREECSCRATS, I DR X R 28 SCRE IR,

] 2. Twenty-one government agencies pledged to be transparent about how

they use algorithms in decision-making. They undertook to give ‘plain English’

explanations of how systems worked, and promised to make efforts to manage any
biases that might be informing them.

B 21 DNBUNHUAIETE AR P OB, IR R 9EE " e
RO TAEIRIE, %5 8 BEA] REAEAE) I L

YO 21 FEBURHU A TR, PPl RBR @ E L. i s
ZEREHERARE ., i R R, I 3h T seigm T AL TR AL ) 4544
P I .

3. Bl 2 v, plain English HiFh “@&BsiE” | (HELLBERES
Hiz Bk LTl e, ZREA, B0 E B RERE 1 A AR ORI, 1
JERPE N DASESCH AR IE N Fe S, BIAnfE s seE, @ iRERE, 2 ED)
BAS, fifbm)Fa5t (2K, 2012: 46) . PR T AR A X S 75 Uk DA SCBURT
REMEFHIEZ G, T XA TAT WA ILRg, —&hEnE
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FEATRES I AW BC (ANPEA AR SETETERD) 5 R BUFPLMAR W plain
English fRAH 192 32 THEA S A ARGAE, IBATERE SO BT 2 X — I
TR, I, B EE A CRORBER M RIE S X% 0ER,
FE ARBORYE” PeARELE AR A, RPN S B ARRRE T . K
PRl EA” SRR SCRY 5 18 H AR TE 7 B8 1 U SR 2 I, DR (5 B RERS
ARAEI P AEBIRIRBOR . TR HARE & SO 2 e 5 IE, JUH
FEAEBIARA IR BRI, (] A S MR SRR 7 X —AhTE, BRI
HufRE 1 plain English Frfgiy& X, RO 7 SCRE A5 R SCHIRIRCER,
P VR LR IRAR SR

il 3. Algorithms must not be a black box, and there must be clear rules if

something goes wrong.

P FIEAREREE T, WIS, WA PR AR

YRk BRGNS BRI, MRS W 22, 0 R
AGTHERAE Ry B G IE DAL

30T AERHIEG] 3 1, black box JRiEAE “MBAT" BIRE T black box [F
MES, EARRRSARIHAE AR S B EEOR P RRZ N, R ths
Hri e 3, black box FEHg “ A AE I L AR LSS . ToIR AT IN AL I Y &
g0, BRI NI EEAEH RS, X BFHEEREARERN—BE,
P RETR BRI R ARE IHE. B, K black box 51HIH “HEFEHAE" |, BEMR
BA B A A B R BRI RAAIE, AR B HORFTEBWIPE 5 AN B W ) AT A . J5 4] clear
rules RT3 “BABRAYFIND ST E, FTEEERARREN KT RkE—DP RS
fb. HYE IEEE (IR N TR GEARME)  (2022) $2HIAY “HARIT B W1
JEO, DA “REIAUR R R, CRFHAESN CRIERIACSTAESY” |, a5
B R BRI TR AR, DAL “RTRIE” PR FOR SCRY T 2 56 =
i AR ALK,

3.1.2 MRy

PRI P Y A AN R A5 1R, S0 A T P A3 1 e 3] 1 R AN AH L
BERIIE DL . P RRE S AR ) BOAE 50 EAAAEZE R, — R IR s P AT
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YRS, A2 B CBEEE, WARFATOERRIBI . FBE
PR, R 7SO, B — SenliE A a1 7 T 1 R

#ll 4. True, there was a prominent backlash against Apple’s credit card launch in
the US when its algorithms appeared to show bias by offering different credit limits to
men and women, but such a reaction is rare.

AR WK, YR A AT TR 55 AN L MR AN R R A AR T
AR LIS, SRR SR EHE A E R DR T iR, (HaX A R VAR L

B R, SERMEH RTESEE LAY, 8 PSR AR P B ARE ) —— )
B e R E S, SR, (HIRT | A R E S EA 4
4y, TERGEBAE EAFER S T R A%,

Gt B4 vh, BIEEAR TR aE SRR E A, TR I R M A AR
YU TARIR B se o P 58, MENE S MMEM RN (5K, 2019: 109) . B
HERIFSCESTE 558, TEzdtd, FREGERAT Goldman Sachs FYSRENRF
“FBEIL K IR FGLsR” SR s M T, B WIS P RS
RT B 34%. EIRHARAL 9000 J7 L TTHIfE, 10 95%m A 2 (44 i
kR TE, BHIE “FEWAR BERH RIS, R, 5SS A
sofE, RATAEREE, Rk E ARG S kakiusl. AinbEs
15 prominent backlash ZhA& BRI ZEH BB EZIG” , AOHME TR
BRBSME, FiEE s EEIN A AR Y B S oo ik Iy T4
different [mzin] “Z=FAb” BIFEAS, DRGHERTEE T BA PSR T ah 38 A2 mUB L 25
RIATRHE, HREHEZEF NS4 R bis Bt . 7ok, K538
%15 show bias 84 A A Fak “Pml Bl |, i 5k B R A 45
AR FR BN IR, 76 BORPPEMIRAR” ARG,

5] 5. In one rare pro-active instance in August 2020, a UK police ethics board

stopped the development and deployment of flawed Al that was supposed to predict if
someone would commit violent crime.

I 7E 2020 4F 8 Ay — AR R R, SeEEEERZE A H I
TAHRBEN TR RER T AR, AN TR AR NI N2 B2 T 298
k.
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BUFE: 2020 4F 8 7, JEESSOIZ A ERE ARSI R e H A5
. RAGBOT T2 CHE S EAL, ISR EE S B R W 2 R 1L

AT HSGET A, JETEISHET, MRSGET H4a0H, JBTHSH
G5 . B 5, FESCHR I E AU AT A TSGR B IR IA, R SUB A
pro-active BN A NI “Hrik” | SEBIEFSTHRM R, 3 stopped B
BIEPEFAR IR | ARG AR T AT 30 VE SR AT O H 4 8,
{40 Lo A A B AR T T S B 29 BR T B i BE T . 4% 3] development and
deployment YEARFESI A 1A R [l B, @I “TFPARERE MINUTARIRSE, T RAT
A P SCHUSS SCARFHIE Y B ik, 73 4b, 8l predict By 2410« KU PRAL”,
BRI BERR I AL, b SCRH AR AT RS | R I GE TR L,
AT, C RREE N TR RBYA R ) XA RS PG R IR 2. IR AT S5 (RtkiE
if someone.. g AN “JUHETM ARG MRRE By, SR E RIS flawed
BN R LR AN Y “ RGN | 3XPh B 2510 2 3 1l B A 1] 1 5
e, @R BEEFRAEREET WEREER, MFESEE B s T M
AR F RS HA A 5T ER T

3.2 MK

PR R A ML AT EANELR, R RE, B RER
“TRITTE”  (FARFE&AR A, 2018: 99) . B Jm) A A FIE 0N
B, WA mER NS BN R, AR e, RAMEEEL.
T ORI SR TS =P 3 B AR A PR

3.2.1 [ REAMAFE

CRIUFESCZAERE . B0 B B 2 AR NI R g B B s (B
HI1E, 2001: 23) . WIEZIAENAHRE . N IAEREHESFIEEEH, mUEEN
AR R SGER, BN FOUE B T2 B . 5 S AL 2t
Fraprdeor, DA (e B AR BRI RIE e . Rt R R
Wiy S B B, A PR SCE L S TR TR X, SR B DGERITE R i 2k
MG, AT A5, 5. HE BRI,
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#il 6. Simply adding strips of black and white tape to red stop signs (in some

cases spelling out the words ‘love’ and ‘hate’) — as a group of nine researchers did in

2018 in a virtual simulation — can be sufficient to fool a self-driving car into assuming

that the speed limit is 45 miles per hour.
W IRHTELL RS B B ARG (TR N PR =
FIMR” WA ——IE40 2018 4F—2H LA BFSE N S7E HE S BT v A
—— U LA [ Sh 2 957, A BRI /M 45 S,
MF: 2018 4 ‘ 3] S Bl E IR
TELLOAE bR R INR B80T (G S 00 it B A B R 307
BAES 7 HAl S B ARG U445 DA I 45 B [iEATVrm],
AT KE RN & Bl SOAR SR BEXT 45 1) SR B, A O Tl )
REWZNERWETESFIER (Reiss, 2004: 93) |, FHEFRBER)Z LR,
KRB > HEAT S B AL, I 4NFF as a group of nine researchers did in 2018 in a
virtual simulation 75 IA] PARIEAE, ERE: FR3C BEMEN. BESHE
AEMIERRHEENG R, TEEFNFEEEEY F L IEAME s
JE— B b, AEAR AT R A A B O e Tk, IR AXAS AT O T
SCH)—HR45Y, AR TR EAE R R FRak X A G B e . FERIER, RN X
AR, F BRRIEGEAT RN, i BB 1-, AT S ) i ) g ek
Plt, FERHRERS, B RHEAGE BT k. Wt—k, AR ASE— 25581
)T IE R ZR, T EHA) T OO RO T, e TSR AR P DR
A R T 5O A R RN R 1Y JE) . 573 #P% T 53 in some cases spelling out the
words ‘love’ and ‘hate’, PEEFEAFIMKITRE, TR S AR E R E L T
CNN (AL RGETEAT 518 SCHAR Fafass b, PRI e Bt i,
GEMCHIE love/hate IR 2, H7n BUti & A ) B /18 S AL BB 5 058 H U R 4t
AITARIREE, R HAFAE IR RIS 30

# 7. At one clinic half the patients earmarked for the study declined to be

involved after finding out that although the results would be virtually instantaneous
(previously some results had taken ten weeks to arrive), a positive diagnosis would

see them being referred to a hospital an hour’s drive away.

11
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WM AT, PRARIIREETERE A MR EES S RE
RN ZE AT T- RO ol 5% (PR Se g RGBT R R, (H— a2 i,
BEFTH Z 5B —/ NN EBEZIRYT .

BUFE: HolmRIAE A, PRI BT R R . A S
BRI AL = SCi, (H BRGS0 RO B —/ N AR B E R

=4

.

A3 DOE AR LA TR B4 T il 20 R TUE ) B HEE 24K
WY, MmaEE 2N EEENS (FHR&RE, 2019: 418) . B 7 4L
7%, WENAFMBIHERZ, HFEHE AP CRA), WTReRSa Tk, MEeA
e 32, PESCEARHAT R s TR, (R BJEUE B, JUHAEAL A 2R
KA RPN, B RBB A HE R, AP SRR ™ A P R
Frxpsesoh R R E N E G, R BRI MEERATE, S5
BB, e T R R AR AR TR HE A R AL PRS- S N B 55 S,
FrEAET AR T RER” JWRERINEE R ZEENM Ui, BORE T 5
SCHURT LR, XRER T EL DR . T G HERIE positive diagnosis ik
A PHMERIZE R IR A R R T R T AT BB S, TR,
PEEBRORTY TR SCARI Lol SOEMT R T B R4 S 5N T JE—
MRCESETH S S Z BRI . ARk R, B TER AR SO B A AL
b, EAAHEAE T EA . B S RE A, ST SRR SUAS B R
SRS —, PRI el R 2 R n R R

fl 8. What he therefore did was to create a system in which Al works with
human lawyers rather than instead of them. The company’s system has been trained

on historical contracts — both those in the public domain and documents provided by

clients — and taught to look for particular elements.
B L, AR AN R ARG, R TN AL RGEad
gk, BESRAIDT L ATR (ELiE e SLukm (Rl A% ) , SHRERE
JLE.
BoFE: NI, MAER R R, T APLHMER R RE G 4y &
KA 2GR > Iy S 2 (BRI 2 T RIVA N, B2

12
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SCEY) L NZRBERREIS RS HEFUN S SRR

AIMT: BRI I ATE AL N KR REBRR BTG S, (HA AR AR
P (SR, 2004: 79) . 61 8 v, JESCEE MR RFIERALE, T2
W Z | MR, BB T 0o oA A BN TRT, B SCTE 2 58 b SR T A,
[l A PUERR TR, AR = EmEAeng: H— Maaiuist
P OBEE SO 4B AT works with human lawyers rather than instead of them & 24
KEMA, BIER CABUEME OIS, BERE “AEmIERR” Mo
M, MAFEHOCRASCRREEOR, K, SRR BIEL, REREERX
Z 1) therefore did F4CALERMERR “H UL TRWE" |, SR HEHLTE
B, [FIFE g SNTERS has been trained #5158 “ 2t YI4:, fERS R 1 £ 30,
R AL RGDIRE LIRS H=, Ll E B4, RS R e i
both those... bF R FES W PATEE, AERRAHSCAR = EME MR, @ AR 55
EIEM RGN AR BRI, (% s B P HIURCK
E

5] 9. The journeys then taken by Ocado’s delivery trucks are optimised by a
neural network that makes more than 14 million last-mile routing calculations per
second, and adjusts delivery routes each time a customer places a new order or adds
extra items to their shopping lists.

P fE Ocado MYRCIE RZEME G HATHIATRE T, HEEAR AT M A MK
Ak, Mg R TRE I 1400 JTUCOR GBS FERATTEE, HAEBIRE PN IAH
VT BTR3NS R A R, SR RE LA B 2k

BUiF: Ocado MR Wi R GUH AL IR FE M 2 M 2 SIS AR AR A BEAD
11181 1400 J3 UORSRBCIRBEARTEERE, U2 PO T LB S B BOWYE S, &
G RE SR 42 SR LIk 2K

ST S FNE SIERBIY HAAE SR, 5 R A E R
w, SERER, MPGEMR, BELEEER, BRI, RETSA, Al
T (ARl 2012:03) | (il 9 FESSH B2 EEE, FEBEROR, AR A
Rk el B amor 28, (8138 B2 HME NS, FADUERENEZHE
Rl #HHEBEMEN AT, B0 TR BE AFETGE RS

13



LR T AR R A 24078 S

PR, AR, ESCE AR R R AR G I R A ) 45 S I B S
AR, FiEHE B3R, REABEA T HEM ) BRI ReR. 9F
Ja HYER ZAIAUE WAL IR T BT 1400 T ORI MLk B AR T A8 X —
FE, EEPIERET COUR PG BRSSO P R, R GERE IR R
A JRPCIR LR X 47T, AR TR B R R RO, R R
HARH, A W) T S0 20 A

3.2.2 IBSNTH R G

5 SCACRIE T, ] R A% 188 S SCTE U AR SR iR AR X 2 P TR AL BTG ek

o ALBHRR AR AR S I T I A DX, AR e IR T ) (X, 2002:

93) , EHEANEIELCFAL, B REEESHER. XEWEEET

BT RSO Ae 5, AR SO s A . A RIS S B S
ZHRAEENE, A REEIESEIRIER “SFR00

% 10. It’s also possible, though, that Al will control lorries and delivery trucks

on major highways where conditions are relatively predictable, and that human

drivers will take over the driving as they reach the outskirts of the villages, towns and

cities set as their destinations.

B Ant, WA BRI, RPN T B 2 AR el F
TP B R AEFA ST, AR H AR R R SRR T B X
B, ANRAIDLRHEE S5

HUFE: ARG, N REEIOREAE B D AR T s i e 3 B B I i A,
FEABHCEARIEL . 2 MBS X, & i AR,

AT 6110 H, PRFRIFESC possible Z S B AR R R,  SCRRIGE
BRI BNEXSE . J547 will control 55 will take over TEIETL )2 22 BN KoK
IS, XM BAERER I R ARG A TERRAIETS & T8 FE UG e RO Ry
Fik A (Vermeer, 2013: 47) |, FEAJIERFEE R R M 2400 s )4
WG, EOERALIE TIE SUE R, (ELRE I SCE I I A i) J 100 28 A
SEMERIL, HITEREAET T, REHURRE TR DU AT 5 1 ey A R A
YIic A, FEEBRE PRI . AT EORTTR X, Wl N TTHEEAE. 7
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WAL R AAER, BEORE TSR AR, SOEE SCE R R
TRl 7RG BEHAFAE CREASTE, 2009: 16) . FEREIE THIALHL B, F
relatively predictable ¥ “AHXSRI45” MAEFHEAY I | R BRBRIR
AT A SRS

i 11. In response Google CEO Sundar Pichai apologised for the controversy
and said the company needed to ‘accept responsibility for the fact that a prominent
black, female leader with immense talent left Google unhappily’.

B Xt 4K CEO SRik/K- ANt (Sundar Pichai) hiX3 4+ ULETK,
HLFRN QTG Oy A R A BB R .

AT BT E SO ORE, BT E SRR (K3ETY,
1999:13) % 11 v, JECAR— AL S EEE M, TR BE 2 i
JESCTEE BRM ST, XCERA P BHLA X EEE. 741 needed to accept
responsibility & CEO XA EATHIHE S, (EHIW R M A RERMIE BE S
B, WIERIHF needed to Z0F “FRE |, BMER VIR A X, ANESE Tk
BTGP I b5 S IR S R TAT I E JIBE . PRI AR Sy < AiE
MR ARR ot s B Bm B —=F” | @SSR A, VUL T sl
TEHRI AT B W 5, 5546, JRSC unhappily VERIRTEE I left, WIFAE “A
WEHY R, A% unhappily (ORI TR LIRS, SEA RS
SRTTHIAFIBR . PR ety “ B g 3, (155 SR i 24k, e 4h, XJF prominent
black. female leader with immense talent [ T By FR5E, 78 H SCAlk s IH BRI
R T EHEF R, % prominent PR THAR” BIE, 4k < ARE LR
RIS BEAIERTE, MR T B ERA G T 3Cm 2 NFRR N BRI,

5] 12. Until a robot can pick and pack as many items in an hour as a human
being — Harvey says this is around 600700 items — it is unlikely to be widely adopted:
the impact on productivity would damage service and profits.

B BRAEMLEE NPT AR A/ N PR EFI (24 600-700 (4R, 750

NARESWE ) 2 O], RO AE P AR ot i i 95 0 A T s 2k

15



TR AR A B S

BUF: M4 (Alex Harvey) f5H, AL A0 HRLRER 2 A IOKT
(£ 600-700 ) I, ARBEARA AT BEPLR ALY, i ——75 W HOH A 7 R A B
SO MAREA0 5 R 55 o a5 2 ) 25T

AT B 12 R AL PR AR e A ey, R ThREXS SR SR
(Nida&Taber, 2004: 38) , WEEMERLEE I SCEH R AR, EAFG HARE SR
B A R T AR R RN G AR, E R SORAFAE A5 X Y R U
RS, FE e A SRR ORI BE. ARSI
FRY “BpAReeee BN BIEREIR TARAFRR, HRFFESCREH “ERE
PRAGEBLR” el ry AR, AR AR R . (R, R R
oy UL NN ST RA I AIOKF (29 600-700 ) 1,
HORA AT REHORHUBR T XA AL BREEOR B 1) 3C until 5150 RS54, X
W AT B SRR MERIE, AT AR EIE.

3.2.3 AN SEREHER

SCACHM FEA HE PR ILIE G ARG TR, AR H AR TR A TS SRR A R R
R, St B, A EgAMIE AT SEECILRIRS 48, RS
HARS SCAL TS SRR PR ALy H AR TR B2 P B RR 25

] 13. One such is Tess Posner’s AI4ALL, the US non-profit set-up that is

seeking to get more young women and_ BAME! people interested in AI. Among its

initiatives are summer camps for high-school students. We hear a lot of things like,

“I’m the only person at my school who looks like me who’s interested in this.” or “I

never thought I can go into this field because I don’t see anyone like me in the field,”

says Posner.

BB H2 - P N LR B E R X — AN R EARE AHS, B
R AR/ BRE (BAME) XA LEREF=EX, HIHZ —2hm
RN EAE . WTNFRR . AR E W] sz g, Food2e A B ME— X}

- FeLi TR B A sk

BSWSER
H—AER RO

' BAME A ¥cE L2 ARIE, 48K Black, Asian and Minority Ethnic, $553EA AR RGE R, # H T4t
SOV IR GTAERESE . AL R A B Rk DA R SO b BRI
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BOF: AL - PORNEIIR N TR LUK (AMALL) 7 (2 S2RAG
%, XAKEARENAF IS TRCEZF R RRN  H -5 H A%
TERTRER (BAME) XA TR BERYIGHR, A AR TR N TR e e oy

MR HCE B A AT,

AT AEB] 13 BRI, BRI B SR SR ME TR B SR, SRSk A
PrxfAE St EE AL, B BAME 528 “DHURE” BAFE TR, HARRE
TRIZGE B 1) AR E——BAME  (Black, Asian and Minority Ethnic) & %%[E]
HeXHER AR RIE R E SRR, RAEYNH2 B S PRGEEE 5. RYE
DTS THREX SR BYEOKR, MAMFESUERRER R, FHER B
T MM DRORBTRAA” . I0Ah, AMALL AR EAHE4%, Al “ NTH
BB fraeimze, MIEITHERZEEMEE, AMALL SONE R ARG ]
Wk S5 2 AE LR R GEVE L, R ORI B PR < N LA RES SR (AT4ALL)”
HAMFE U “JEERPEBEYIAY” JEPE. JR5] I'm the only person at my school
who looks like me who’s interested in this "7 looks like me EAG A E 1 . BEFEFh
AR, B DRIk, B, i MR R DASEEIESC
RNAERGHERL,

il 14. Researchers at MIT Sloan and Boston argue that those companies poised

to benefit most from Al are those who use it to augment and shape traditional

processes rather than replace them.
B IR PR Bk B PR B A LA g N S0y, HBSE iR A il e

AT ARG 0 2 T ARSI AT Sfe 80 i A F 90 A4 S R, I AN S (] PR i

e
H

AT AERIIEG] 14 0, SRIT RGOSR R BRI SEmE,  [R]I ARBUARTE ol
SRR EAL, SR PRI R AR ORI 8, AR
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MIT Sloan EM{EE, ZERMKAI LA (MIT) FEEHYEE, AT
ST, HAWFFEHEIBLE DA MIT Sloan researchers 44, il Boston 75 15458 H 5 AJ
REAE AU LW XA A AR AU BT H , BRI R BT b R
(MIT Sloan) 5+ k2%" . % augment and shape traditional processes rather
than replace them, J5ii% “ 5B HBLGEGAR, A A P e 50 )y =0
IS T RIZES, ERAERI AT BORMBEE SRR AL B, G
TEM 2% 2 B 1) MIT Sloan % <42 i #Y Small Transformations (/NS #EX
A g, ATRMETET b sete A oc ln AR e sk, ik v o
fEsh Rt |, PR, i B R ROR SR A S B R, TR
H R R .

il 15. Perhaps most crucially, it campaigns for a shake-up in the way people are

recruited, suggesting that initiatives should be set up to reach out to non-elite

universities, and that better ways should be found to allow contractors, temporary

staff and freelancers to become full-time employees. Hiring practices and conditions

should also be made transparent, so that everyone knows how individuals are hired,

paid and promoted. Responsibility for all this begins with senior management.

Z i RIS,
BOF: SR RIS, XA DR SRAE T S AL FR AL A
‘ 297 S IRIE N T I

ST T 15, JEUESCh SRR RS BTG TR, [ER BRI
WEMBHEERRT MUY 5 R BERIGHEES, B, #F
HFESARRER R, ¥ ‘DR miE (JF EHEREKE B 7, iFE
e CEmm R R E AT R AR K. X T contractors,
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temporary staff and freelancers i34, JRiE AR T, mi 5 TATE B ELE”
B, (R A T A R . PUMIRE Y 35 IR AR I
MEBPUEE | b 3R X (AT AiE, T HH
W R RGBS X, ST A B S, 1
VT RSO TE TRV RRAIE SRS, R AR R B (e, K
SCAEY SR A TR P, S8 T 45 (Nida&Taber, 2004: 84) FFE3K * b
i E RIS R B

3.3 FXHEHEN

FP TP F B 227 A BRI, e A S SO B EHESR, 45 AT
EEATEERDOR 2. JORROBIEA LR TB, SCRERZZE0E: DUE
DU ) AT SR HR s A 2 S B AR B . il R SR e NI B R R o,
AR DOE NI I i PR 15 SR EOTARIE AR, Sl
WA TERIMME" | mAENESE S B4R EE .

3.3.1 BXHh3E

RS TE B ITE SRR, PSCE T SRR s P U AR E X, M
g — R R RS . AR P R AE R TR RRSOR SRR A, TF
AN TESCACBRE (5 R, B SCAS A By SCA A R, 2 T ok 7 12843 SR st
W E AR, JHRREES HARE Z AR R 2 .

] 16. Now it has now turned its attention to codifying laws on the use and

control of AI, which, if and when issued, would constitute the first transnational

regulation of Al (the guidelines were scheduled for publication in 2020, but then

delayed to an unspecified date in 2021).

B PR, WO O H DG 1) e N TR RERY A AR H A Bk, X
SeR A — BRA, R ORI S ATIERL (X L84 R JE T 2020 4R &1, {H
2021 4 A4 FLAKAN) .

BOFE: ET, BORIEE N TR EEN S B IA R, AL R
VREE) O 2024 4F 8 A 1 HIEFUERL, BN ERE RS A AT
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AN B 16 Hh, FEE A A TR SO SRS R v L R B ) AT A T AR,
FAFEVERBIAZ DN A DS BEE X | NS ALV SRR AL 5
“2021 4F7 X — AT S R A ZE, ARIEECR (A TERBRE) M
SEERERR, ZRVEFET 2023 4 12 HAA R, FE T 2024 4 3 H SR
ST 2024 4F 8 H 1 HIEAERL. P, #ESCTRARE Rk, FFHhsE
%

VRGN K BERAE, 0 < U2 2 MR HESR A il AT e A
K OCEMNEE ALE WERE . AN, JEICHES N P2 A R B
“FREE 5 RET MRER, AU R AE S —RCR A ROR BB
5 RARI GRS, TEmEIG SR ESOARTES R T, W ik = kg e s 8 I 1k
R, XMEEEAMUSIE THERZE, S@EEMAERIZOKTRLLESIH, #
Wy PR S [ M 4 B S AR AU B

B 17. In their field trial in Thailand, says Google product manager Lily Peng, a

system notification that an image was ungradable and that there should be a referral

could very easily be misinterpreted. ‘For some people it means being referred to

retinal specialists, which is at the higher end of care, versus refer for human review,
which is what ended up being part of the protocol,” she explains.

W FERER SRR, AWM AEEAA (Lily Peng) F/R8, R4

kL MG BOR,  XFEP AT, B

PR BEWERZ 2L REL (Wimigyr) |, mSEbrtsOs ik N TR A5

B T AR (Lily Peng) F5iH, FEZeEAYSHbIAL P, R4

7 %, I % TR R BT

., Wy EWEREEENEZUMBELRIELE (MEET R 5 ER
PESEPr B E NG, RN TR A, 7 iR,

AT AEARBRGI 17 I, FEEOR CRESCRNEUACRLR BB, N

JEOCH Y RS LA AT REAE H AR TE = UL o A HAR il M s 2 PR, TCHZ W

TN\ N = N, N=g
DT CLIA
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?ﬂﬁ%ﬁp@?@#awmmmwmeMmmm@wummmmmmmm
there should be a referral X —#0 ¥ X B — ARG EM, EHEGICEITT
AP R B . I &5 T2 2 R SORAL R IX — T AT JS B RN
BEIT I 5, Hﬁ%ﬁﬁ%ﬂﬁ%ﬁwﬁﬁoEi$%mm@wwﬂuﬁ%ﬁ“%
R, (RIS FIRTE P OSOh I AR TR, ATRBSBIRIRMR. T E WA

REA, ATARIEEN CEBICEAE O ERIGERST . XEAMUEIRT
unarguable X —$ARMEE, IR TIZARERBEZES L, HAF, JFESCHREIR refer
to retinal specialists 5 refer for human review 2 [A] 25 55, B2t R /F S 58 hin iy
BRI A, FEBESSUE, “$5127 WRe il A i 48 10 & 5K w7 IR 55,
P, FREANEULI “mim BT X R, S XA IR AR T BB R AN ]
BRBESFRR K. NS W2 B Bl E ARG R e, B R A
FEX e, DA AR R, KRR, BESONUERf SO TR SO, B
PRI T AR 0 BRI P ARTE IR

% 18. The laptop, computer and phone manufacturer ASUS, for example,

suffered a supply chain attack in 2019 after a server for the company’s software

updates was compromised and malware inserted into the legitimate update that was

sent out.

B G, EilA k. & R IR TP S R AL (ASUS) 7% 2019

ST ARG 18 I, AUEBFCCFIER, B EEE R
SRS A IR ZI B . 54 1Y suffered a supply chain attack in 2019 after a
server for the company’s software updates was compromised and malware inserted
into the legitimate update that was sent out FUA | — P& M & LZeF . AT
SR SCAY RS R PE, A AR SEEEZ 1 A5 B B0, supply chain attack
TEH SO BARR VIRNE, WA “HE RN R —ES, EN T
IEBEE EIERE TR 5, W A — 2D D e 2 anfer A AR Y Moy
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B AR A T S AR IS s AR P i AR AR, AT A AR SRR
PEAT AR . X PP RERENS Bh e BEAR UG T s S e, s IR 2 e
WAL ERBAEBARGR ., L, BN, B ORGRE, N4l
B MR IEAE SRl St Rk X JE S0 R the legitimate update that was sent
out, HIDAMIRRHEH “ AR ATAERT W] RE Lk DR DA 2 i B SO A,
Sebr X BAY CE T ARG R A mER g BT HOR, XA TR A
T Bl Sl A TR ) P EE A A R

3.3.2 ZHEFS

TERHRIET D, KAEESERNARERZEBEN, NREFZMHIE &
oy FEOFESCHHEMERE SO R AL . B E 2RI, FEEE A MRDUE R
IR R R, RS AR it B BrE 4410, AMURE T RSO R B 5
Rel, e TIRSCHIERRE, AFEEEE AR,

# 19. Most of the world’s Al development is far too interconnected to be

completely driven apart by political rivalries. It’s dominated by open-source

publishing, research, breakthroughs and training datasets that are available to anyone

with an internet connection.

o) AR D WA B
ST AEBNE BRI B R R A I, XA YA RERE ST L
HUZERIR, FETSR@MER 8, FESGRSCEMAR. B 19 4, R
FEANERIE R Boe T A TR R AR R IE—— IR S A R R
s HURTRAN Bk TR A R BRI R . PR il R SR SR I3 P
SEREH ETEE “EERAN TR R R AR RBA S ERARTARNE” , RJFRAI X
BORGITTANBIIE AL, 0 “THEACRS 2 A . AARBESEHME XTI 4EdRE
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S IXFAEIR T AR R SCHE H AR R 5 B AR R, SRRSO R R
JESCEEE — RN BRARSCAR NS, S KA (5 SR T 2 R T 2 5 332 PR e

f5] 20. 1t’s so easy to think you might introduce technology to solve other
people’s problems without actually bringing the people who are most impacted into
the community._So [it’s] not designing for but designing with.

B WAL NN H O CASIABAK AR [, AIH R EIE LIRS
ZRMR KRN S S EH X Ak, BTRA, 30 s, T S A ]
ot

B ANNMRA G 7 A BER AR AT DA LA B R AR 038, i
ANRFABLEAZ 5 Ml e RS AN AAE X FrDA, S HO RSB TT A0 S s
A%t

AT BESCG ivs X AE R B R AR, BN AR SE e R
ORI BEANE B . S B R, e < SO BRI, RS
SRR — R |, FTDAE M IE designing for 1 designing with 2 ]
KT R ZR XA AN BUE R T HR AR B I, ) F R DS B I,
A PR THE SR AT AR S T . BRSSO R, XM O R T
BTN A SR P —Bh 22 3, IR 3 o v I S AR e e sl A 1) S5 R 3
FARZEMM S W (HOLR&H B4, 2010: 78) . WIMifL (explicitation) 7%
PR 1 SCR ARBTG5 3R SO TR . AR, PR AL its
B AR ARy G ORI SER, SERL T IR B HAR R e e
XA ANAHS Bl H AR e 2 2 B, ik o 1 Rl PR AN 0 T BT | A 8 L
HR, i smigs b R Ea G R, B SETE S, AP a B G
ELIESISN D ia: )
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EUE BESRAE

AREEF R NSRRI, ORS R ARGUEE =, BEICTER
TEMEFRH R [F]2E 5 H DA SIS 3 =07 5E il 0455 57 T ARG i) St
R, ARG, RIGEERMRIEIRSEE, SR RS,

4.1 FRERTT

HEER., HEEMIRG, @ 8BRS THE S Ll Rl ek
Boo, EAREARERERM IR FRIRE T, R IRESCOE — A & ARG,
PR K BULIRI A T TR, MR se s Rk, B, RISy
AAE TR, BREFCEMEM, 1HRSMIER, RS Grammarly 25T
HARTTREM SR, 5, WS e @ T mARIEE, X4 SO ARG BEA TR L
R, R ARTE B IR — B R 2 45 L

FIEE®. ARARZ)E, B s BA MR L w SR E T, LA
PAFA LA A B, 5Rb AL DX [R] 2 A o R AR R it A A 1) AL,
JrhEh B R BBl AR SO RITARE, R SRR .
B, FENTE MR RS, WS o ALRESSE A, P
DAL T MV ZEB A A A5 AT

MR, RS E A BH G, BEERESERR AN, 2%
AP AIHAL. SR SCHAT AL, B A L AR RME R KX
Ak BRI, SIS G B ML as, $ T ERr B o
W RSB I, FE SO T — N 5, BRI SOA R RKFRY
Lol AT

4.2 OBRS5ER

VIR, o R L0 SOAS, 1B IR 2 7 2 3a] SRR &2
ZAERE DU T . DAFER BRSO T A G TR AR, (Hb iR 28 Pyl
BN, ERREFEARESE Y, 8 B IR T ERSi BoR R, X Fh
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AHEN ] RE B SCERER R I 2. TN, FE/a et N TR BERRHB A
I, TR ME AYERf A E TR S, B TR HE RO W 45 AR S T B LABR A
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5 Al and the world of work

If you want to get a sense of where Al is
now, and where it’s heading next, Ocado
Technology is not a bad place to start. At
the warehouses of the British online
grocery tech company, robots, guided by
Al, whizz around on rails at speeds of up to
four metres per second, picking a 50-item

order in minutes. The journeys then taken

by Ocado’s delivery trucks are optimised

by a neural network that makes more than

AR ARAE T N L BERY K SR BLAR DA
LRKM ARG, BEZHR K
(Ocado Technology) & — A4k Y]
A R F P E TR B A A FY
G, REATERE (AD Hlas ALK

(
gy, DARRFPIUK B AR B b
¥l JLor Bt n] ASE — M5 50

14 million last-mile routing calculations

per second, and adjusts delivery routes

each time a customer places a new order or

adds extra items to their shopping lists.

But Ocado’s most ambitious automation
efforts involve packing robots. At the time
of writing the company has five robotic
picking arms powered by computer vision,
and other machine-learning systems that
can identify the products that need to be
packed and use suction power to grab
in

them. Furth advances, undertaken

conjunction with two European

academic-led projects, are in the pipeline.
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Picking and packing aren’t easy if you’re a
robot. ‘From a human’s perspective, it is a
fairly simple task to pick and pack, and it
doesn’t require an awful lot of training,’
says Alex Harvey, chief of advanced
technology at Ocado Technology. ‘For a
computer and for a robot, the dexterous
manipulation involved is far beyond the
state of the art today to be able to pick and

pack the full range of items that we do.’

ik blgs NPT HRIE ST 0, H
HIAARERGZ. “WAKNE,
PRkt TR WUAR L R L A, LT
TR IPEN, BARZPHAE S
I U B E I D T - e 4E - (Alex
Harvey) f8ifh, “fEXSTHHEALAIBLAS
NI, L IFATIA 14 2R 5
PRI, TR R AT
S ETARKT,

Ocado’s Robotic Suction Pick (RSP)
machine is a vacuum cup, powered by an
air compressor, that sits at the end of an
articulated arm. It uses computer vision
and built-in sensors to select items
gathered by a bot and place them into a
shopping bag. Ocado.com sells a vast
range of products, running into the tens of
thousands. In terms of outward physical
appearance, some are much the same: a tin
of chopped tomatoes, for example, is not
that different from a tin of lentils. But a tin
of chopped tomatoes is very different
indeed from a pack of yoghurts, which in
turn are more sturdy than say, a bunch of
grapes. And, of course, even grapes aren’t
all the same — they vary according to their
variety and state of ripeness. Get the

pressure of the vacuum cup wrong and the

BARZ LAk E (RSP) 2%
BAERATVERAR M, H =S TUEZatL
HEa S B, TR AT
TR EAL R, AIHLEE N IERER T
M THRE, TR EATRAGYRE .
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BRI 2E AR, MER WY S —H
A IR, EAREERE, IR
R A A, A A S R e R 22
S5 A AR R BN R TR A ERAE
L EBW BRI SHE R E, RSP
21 L R I TCEBC 2 O b 403 B T ot 1 L
B A REDT RN Y, AT BE S 3
2 oot S 5 1 2] S VMl el
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RSP will either drop or crush the item it is
attempting to manipulate. Get the sequence
wrong and there’s a danger that the tin of

tomatoes will squash the grapes.

“At present, the company is expanding the
number of items its robotic suction system
can pick. ‘There’s no point having for sixty
thousand different items, sixty thousand
different control pieces of code,’

Harvey

says. ‘What we want at Ocado is

generalised control  strategies.” But
challenges remain. ‘We need to fit a robot
into the same square footage that the
person sits in or operates in, and we need
the robot system to achieve the same

throughput.” Until a robot can pick and

“HHI, A6l Lk i R 50
A DATR B R A AR I AR AN
RIGBOS T MA R, BT
FAS [F] P R ACRS 30, IR A~ R 4E
IO FATHYH b 1 A 2

PEHIARNS . AP IR, “Hlgs
AR GEHTAE NN 1Y [F] 55 25 8] iz

17, IBFIMER W RHE &, g4t

(Alex Harvey) fgi, HA ML A

(1) PR BE IR B A ZIK - (£ 600-700
i, i ARAT AL B

B SR R €T AU

pack as many items in an hour as a human

being — Harvey says this is around

600-700 items — it is unlikely to be widely

adopted: the impact on productivity would

damage service and profits. It also has to

be affordable, which means, on the one
hand, scaling the technology to the point
where it  becomes economically
worthwhile, and, on the other hand, not
over-speccing it (for example, by using a
camera with an unnecessarily high
resolution). “When we’re deploying stuff in

the real world, we want it to be economical

o R 5% SO g A T LA

WAL S H, — )y T a4
ARBACE AT AT, F3—J7H
Tk G 1 RETC AR (R (A0SR
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in the way that we’re deploying it,” Harvey

says. ‘I don’t want to deploy a

supercomputer next to every robot picker.’

“Whether or not such Al will ultimately

replace humans is the billion-dollar
question. Many now believe Al will work
alongside humans. Obviously, Al offers the
promise of greater efficiency, but so far, at
least, this tends to hold good only where
the environment is relatively controlled and
lines  and

predictable.  Production

warechouses may well become fully
automated. But where processes interact
with the outside world — with all its
randomness — it’s harder to envisage a
wholly Al future. Delivery drivers, for
instance, have to take into account such
factors as the weather and the erratic
behaviour of some pedestrians. It’s
possible that there will be a future without

them. It’s also possible, though, that Al

will control lorries and delivery trucks on

major highways where conditions are

relatively predictable, and that human

drivers will take over the driving as they

reach the outskirts of the villages, towns

and cities set as their destinations.
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Arguably, it’s the medical sphere where
Al’s potential and its limitations have been
most apparent — and where its possible
future relationship with humans has been
most clearly demonstrated. Take Google’s
computer-vision system, for example. It’s
capable of spotting diabetic retinopathy, a
complication of diabetes that can cause
sight loss. In lab conditions, it can achieve
an accuracy rate of 90 per cent and provide

results in ten minutes.

R, BT U N LA R oA T
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When put to a real-world test in Thailand,
however, the deep-learning set-up often
struggled. The 11 clinics that operated it
used different technology. Only two had a
dedicated eye-screen room that could be
made dark enough for patients’ pupils to
enlarge to the point where high-quality
fundus photos could be taken. Most had to
make use of nurses’ offices or
general-purpose rooms. Emma Beede, the
lead Google Health researcher evaluating
the technology, described one room where,
because dental checks and patient
consultation were going on, it was essential
to leave the light on. ‘That makes sense for
them,” she said. ‘That makes sense when
internet

you’re under-resourced.” Poor

connection caused problems, too — at one
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clinic it dropped out altogether for two
hours. One way and another, during the
first six months of the trial, 21 per cent
(393) of the 1,838 images put through the
system proved to be of an insufficiently
high quality. Nurses and patients felt
frustrated. ‘I’ll do two tries,” one nurse

said. ‘The patients can’t take more than

that.’

BN B35 AR ik e A R, —
MR R ZRIABIR, &

HH 2 FIRFR,

And then there was the human factor. At

one clinic half the patients earmarked for

the study declined to be involved after

finding out that although the results would

be virtually instantaneous (previously some

results had taken ten weeks to arrive), a

positive diagnosis would see them being

referred to a hospital an hour’s drive away.

One member of medical staff told the
Google researchers that patients ‘are not
concerned with accuracy, but how the
experience will be — will it waste my time

if I have to go to the hospital?’

There’s little doubt that the technology
works: tests in the trial proved accurate
when conditions were right. And when
things were going well, Beede says, senior
nurses felt they had more time to spend
with patients and speak to them about their
health But _ the

and lifestyles.
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unpredictability of the everyday world and

the needs and concerns of humans cannot

be ignored. ‘I think the main takeaway
from this research is that we need to be
designing Al tools with people at the
centre,” says Beede. ‘We need to be
our success the

considering beyond

accuracy of the model. We need to
understand how it’s actually going to work
for real people in context.” She argues that
as more Al is implemented in the real
world, more pilot studies will be required
to ensure that it works for everyone
involved. ‘That implementation is of equal
importance to the accuracy of the
algorithm itself, and cannot always be
controlled through careful planning,” the

Google report concludes.
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The need for a proper and carefully
considered partnership between humans
and Al has been well demonstrated by
Finale Doshi-Velez, a Harvard University
computer science professor who leads its
Data to Actionable Knowledge Lab. In one
experiment, she and her colleagues
recruited 220 psychiatrists to study case
notes for hypothetical patients supposedly

suffering from major depressive disorder.

Fach set of case notes described that
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particular patient’s condition and was then

followed by either an independently

verified correct Al-generated
recommendation for treatment, an incorrect
recommendation or no recommendation at
all. Where an Al diagnosis was given, it
was accompanied by an explanation for
that diagnosis, which varied in length,

quality and detail.

JegW A5 AT, &R
R — X S TE R . SR
B SIS RE AR GRS

‘What we found was that when the

recommendation was correct, overall,
everything improved,” Doshi-Velez says.
Doctors and Al decisions proved to be a
formidable team. ‘Humans may have
already had an idea, the recommendation
reinforced it or caused them to change their
mind to that idea.” However, when the
recommendation presented to the volunteer
doctors was incorrect, it tended to lead to
poorer forms of decision-making. The
psychiatrists were influenced by incorrect
recommendations from the Al, leading to
of treatment selection

lower levels

accuracy. This is scarcely a new
phenomenon. It’s long been known that if
we put machines in charge of simple tasks,
humans will, without continuous training,
forget how to do them. Hence, at an

everyday level, why digital contact books
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PRUGERRA I, Beik BRRasE,
B A AN T R I S 1) 1 e S e s
THEEWER, “BEAEFEA RO AV
AT, Al IR (S, 2l
E A PSR, HY ALZ 4
U, Al | R TS BT PR
FEHRHEE AR Z R S BGE N, /YT
FRMER T B T, XA —Fh
WIS, NIERHR AL 55 BIRNLAR 5,
HICRFSNSE, MR FRBLARIBIL,
i, fEHFEEE S, FHLERRS
HMTCAZ TR SRR Sk, Xt
K& MAH24 2009 4 6 H 1 H 2009 4F%
fiiL 447 B RAT R AR A 2h
ARG, (ERGRBITARY, 5
LR AL 228 NBMER =Sl FlA Al
KRB bR e k™

Hi%

.

37




TR AR A B S

in phones have caused us not to remember
phone numbers any more. Hence, at an
extreme level, why on 1 June 2009 the
pilots of Air France Flight 447, who had
come to rely heavily on the plane’s
autopilot features, could not cope when the
systems failed, and so presided over a
crash in which 228 people perished. With
Al this ‘paradox of automation’ is only

going to become more pronounced.

The way in which information is presented
is also an important factor in determining
the success or otherwise of the final
outcome. ‘Certain forms of explanation are

more effective at preventing a wrong

decision,” Doshi-Velez says. It’s something
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the Google Health researchers have

noticed, too. In their field trial in Thailand,
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says Google product manager Lily Peng, a

system notification that an image was

ungradable and that there should be a

referral could very easily be

misinterpreted. ‘For some people it means

being referred to retinal specialists, which

1s at the higher end of care, versus refer for

human review, which is what ended up

being part of the protocol.’ she explains.

.
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‘It’s not just about the machine-learning

part, it’s about figuring out how to present
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the information as well,” Doshi-Velez
argues, stressing the point that conclusions
reached by an Al system need to make
humans think. Such conclusions can’t be
too easy to accept or they risk becoming
relied upon without that crucial element of
critical thinking. By the same token, they
can’t be too hard to digest or humans will
simply ignore or gloss over them. ‘Models
need to be transparent in their limitations,
highlighting situations in which the Al

prediction may not be accurate or valid,’

the Harvard study concludes.
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But when humans and Al are in sync, the
potential benefits are huge. The more
positive outcomes of the Harvard project,
for example, suggest Al could eventually
help with diagnosis for a mental health
condition that is often missed and for
which treatments vary wildly. They start to
offer hope for the more than 264 million
people around the world who battle with

depression.
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Al vs humans or Al with humans?
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What, then, does the future hold for Al and
the world of work in the medium term? It’s
likely to be a mixed bag of results. There
have been and will continue to be
disappointments and failures along the
way. In 2018 IBM had to ditch a
multi-million-dollar project designed to
help the treatment of cancer patients after it
was found to be giving clinicians bad
advice. During the coronavirus pandemic
Walmart abandoned the use of robots to
scan shelves and assess levels of stock
when it realised humans were just as
effective. An  October 2020 study
conducted by the MIT Sloan Management
Review and the Boston Consulting Group,
which surveyed more than 3,000 business
leaders running companies with annual
revenues above $100 million, discovered
that only in 10 per cent of cases did people
feel that the investment they made in Al

produced a ‘significant’ return.
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Al will  cause  disruption,  too.

‘Better-educated, better-paid workers will

be the most affected by the new

technology, with some exceptions,’
research from the Brookings Institution
found in November 2019. Those whose

jobs currently involve a close focus on data
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will be particularly vulnerable: market

researchers, sales managers, computer
programmers and personal finance advisers
among them. Those whose jobs involve a
lot of interpersonal skills, such as those in
education and social care, will probably be
less affected: Al is very unlikely to replace
human compassion and empathy. That
said, in Japan care robots are already used
to help the country’s ageing population.
And in any case, it’s dangerous to make
sweeping generalisations. The fact is that
Al adoption will vary around the world
according to local culture and social
attitudes. Automation in finance in

Singapore is likely to be very different

from automation in finance in Pakistan.
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If Google’s work with computer vision or
Harvard’s study with psychiatrists are
anything to go by, though, it seems likely
that the general trend will be for Al not to
replace existing jobs but to transform them
— and to create new ones, too. Already,
thousands of roles exist that would have
been unimaginable at the turn of the
century. Scores of people now work on Al
labelling, helping to compile datasets that
of

train machine learning. Thousands

individuals have been taken on at
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companies such as Facebook and YouTube
to moderate content that might be breaking
their platforms’ rules, which has in many

cases been initially flagged by an Al

Researchers at MIT Sloan and Boston

argue that those companies poised to

benefit most from Al are those who use it

to augment and shape traditional processes

rather than replace them. In other words,

they create an environment in which
humans learn from Al and Al learns from
humans. The toolmaker Stanley Black &
Decker is one example. It has started using
computer vision to check the quality of the

tape measures it manufactures. The system
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(Stanley Black & Decker)

LI B AR AR AER . (BT

flags defects in real time, spotting | K G475 PR B X B R i I 1) o 24 ok
problems early in the production cycle and | 1X.

so reducing wastage. But humans are still

on hand to inspect and make judgement

calls on the worst faults.

Experts are key to creating trustworthy Al | F#fi5a4F (Tractable) 722 & 52 HE]

systems, says Ken Chatfield, the
vice-president of research at Tractable, an
Al firm that uses computer vision to help
make decisions about insurance claims
after car crashes — its Al is being used in
the real world by some of the biggest
companies. The

insurance company

initially trained its Al on thousands of

BT B IE/RTE (Ken Chatfield)
PR, WEAEEI AL RGBT
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images of vehicles that had been in
accidents — involving damaged door
panels, broken windscreens and more. But
it saw the biggest improvements in the
system’s performance when the damage
highlighted in images had been labelled by
specialists, with years of experience in
assessing crash reports. And it is human
insurance agents who take over once the Al
has reviewed images and suggested what
the next steps should be. ‘The data in itself
is not enough, and also our knowledge as
researchers is not enough — we really need
to draw on the knowledge of experts in
order to be able to train models,” Chatfield

explains. ‘Involving the expert is also what

we need to build up trust’.

H 5 ABA 47 E SR A 2 1
L FARERE . AL 52 BT
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The London-based lawyer Richard
Robinson, the CEO of Robin Al has struck
a not dissimilar balance in the legal field.
He quit his job at a large law firm when he
became convinced that many of the
repetitive tasks that went into contract
work could be automated. ‘A lot of what I
would spend my time doing as a lawyer
felt like it didn’t need much brain power,’
he explains. His view was that machine
learning could be utilised for reviewing

some types of contract, such as those

16 S il 2 A R
Bl P = N TR G
(Robin AI) , FEVAHGUR S T2
LA, X AR BT CEO {5 & [l
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T3 (Richard

Robinson )
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concerned with employment conditions.

The tasks involved seemed simple enough.

It didn’t, however, turn out that way. ‘The
truth is it was much more difficult than we
anticipated,” Robinson says. ‘There are so
many random things that could be in that

document, that you can’t be confident that

the Al will always identify them.” What he

LTI =RV i 1 =S TR &
SCUEMH sl Y], SRRSO
REAAERREALIE SNtz 2, G

YRR AL BARSRS MR, UL, ik
B g it Bt ST v
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therefore did was to create a system in

which Al works with human lawyers rather

than instead of them. The company’s

system has been trained on historical
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contracts — both those in the public domain

and documents provided by clients — and

taught to look for particular elements. It’s

therefore able to detect whether a

non-compete clause has been sneakily
added into a business contract, or whether
an contract

employment stipulates

non-standard working hours.

I T el A8 140K,
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If it finds anomalies, the system alerts a
human lawyer via email and they then
check the document. The same thing
happens if the system is unable to interpret
a particular clause or contract. A recent
assignment the company took on was
checking contracts between big fast-food

retailers and their suppliers during the early

months of the coronavirus pandemic, to

AR GUR I B 57 AR e TR TR
SE KK, Rl R R BE AT
B, WER ARG TR R AR ER
Fo &, ARt s N AL,
o E TR BRI 3 R A AR
PENE R B S ALY R A 1],
PARL S LA BT 1 48 T i 54T 55
NN, IR A F 2
—fFZREEE, (Ao T

44




TR AR A B S

find out what each party’s obligations were
in the event of a crisis. Robinson’s view is
that lawyers find checking contracts
tedious. At the same time, it’s dangerous to
rely wholly on Al, because even if it’s
getting things right 96 per cent of the time,
that’s not good enough when companies’
and individuals’ lives and livelihoods are at
stake. “We want to use Al to make the first
attempt at everything in situations where

it’s really easy for a person to check and

see if it’s wrong or right,” he says.

RERARMGRS. RPN B AER) HER R
KH] 96%, FEFH KAAFLES M ANAE
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P il AL SERURIf, XL N A
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However organisations end up using Al,
there’s no doubt that as it spreads it will
become easier to access and operate. At
present most Al deployments involve
handcrafted technology. In the future, a
company’s Al requirements may be
handled by a third party, using software
that seems as straightforward as that inside
word processors or slideshow builders. A
company that wants to use Al to analyse
specific datasets or images will be able to
use a template to create this. The algorithm
it picks may not have been created by the
third-party service they’re buying the
template from, but from another company
chain of businesses

further the

up
developing and industrialising AI. The
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technology will become plug-and-play. By
that point we may hardly notice its

interaction with our daily lives.

Once this happens the world really will
change significantly. People’s workplaces
will face automation at a greater scale than
at any point so far this millennium. For
many the entire nature of work may
change. How we interact with businesses
and government services will also be
transformed. Societies that deploy Al will
need to learn how people react to the
technology and what their expectations of
it are. At the same time, individuals will
only follow the directions given by an Al if
the works

system efficiently, is

understandable — and can be trusted.
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6 Weaponising Al

FNE AL A LR e

Al’s inexorable rise has been accompanied
by its politicisation. This is not just
because it offers the potential for societies
to operate more efficiently, or that it is now
intricately bound up with their economic
success. It’s because it’s become a weapon
in the struggle for a technological
dominance that carries with it immense
political power. In the 1960s the former
Soviet Union and the USA competed in the

space race. Today it’s the USA and the

Jia
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growing superpower that is China that are
seeking supremacy in the struggle to
achieve control of the world of technology

and its infrastructure.

The politics

B i

For a long time, it has been Western
universities, technology companies and
policymakers that drive innovation, with
talent from around the world flocking to
the US to work on AIl. Now, China is
seeking to drive forward tech standards in
everything from 5G to Al developments.
Its ambitions are serious. In 2017, the
country’s  ruling Communist Party
announced its aim to be world leader in Al
by 2030. It’s currently spending billions on
Al development, much of it in the private
sector. Analysis from the US think tank the
Center for Security and Emerging
Technology suggests that the Chinese
government spent around the same amount
on Al investment in 2018 as the US
planned to in 2020.1 Others have claimed
that its

expenditure is actually far

outstripping that of the US.
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Other metrics, too, show China’s
commitment. Since 2005 it has published
more Al research papers than the US, even

if they haven’t all had the same impact on
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the academic community as US-based
work. That, however, is set to change,
according to analysis by the Allen Institute
for Al in May 2019 which suggested that
within a year the number of Chinese-led
research papers cited by others would
match the number of US ones being cited2
— although the Institute says this growth
may be partly fuelled by a virtuous circle,
Chinese researchers

where may

increasingly cite more Chinese researchers.

BT RCR, (HARSE SO N TR RERT
X HT (Allen Institute for AI) 2019 4 5
FE A, o S SO [
RHE—F NS RERF. REZ
Prfg i, XAl e T
8 Han i 15 A E B R
TGER.

China may currently lag behind the US and

other nations in its Al hardware

development, but it nevertheless now
boasts some of the world’s leading Al
software companies. SenseTime, Facet++
and Hikvision are all prominent in facial
recognition. Alibaba, Baidu and Tencent
now rival Google, Facebook, Microsoft
and Apple in their spending power and

appeal to Al would-be employees.
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And the country is spreading its influence

across many of the world’s less

economically developed countries. China’s
Belt and Road scheme has provided
developing nations with new technology
that will in future become fuelled by Al
‘In  Africa backend

the network

infrastructure is basically almost entirely

Hh ] A S W g IR A B 2 4
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Chinese now, between Huawei and ZTE,’
says Eric Olander, who leads the China
Africa Project. ‘In Ghana, they’ve gone
from 700 [CCTV] cameras to 7,000
cameras in the space of just a few years.’
During the coronavirus pandemic, Olander
adds, Chinese  companies  donated
technology to African states to help them
fight the virus. Huawei, for example,
provided video conference systems and

thermal temperature scanners, as well as

some cash, during the spring of 2020.

BRE A S AR ) AL 700 A =
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Tech rivalry isn’t limited to China and the
US, though: other countries around the
world are investing in Al research and
development, aiming to keep up with the
global leaders and seeking to deploy the
technologies across their own nations. It’s
unlikely that such competition will lead to
the fracturing of the technology, or into a
simple two-way split between the US and
China. of world’s Al

Most the

development is far too interconnected to be

completely driven apart by political
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rivalries. It’s dominated by open-source

publishing, research, breakthroughs and

training datasets that are available to

anyone with an internet connection.

Nevertheless, international tensions are
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likely to increase as China aims to achieve

its superpower targets.

In immediate terms the expansion of Al
has raised questions of regulation. Some
claim that existing laws, covering human
rights and data protection, are sufficient to
keep abuses in check. Others argue that Al
raises wholly new issues that can only be
dealt with by specific laws. Some are
nervous about particular aspects of Al
technology (several US cities have banned
the use of facial-recognition technology).
Some believe that it should not be used at
all in certain domains (there is a wide
consensus among the Al community that
the technology should not be used for
autonomous weapon systems, such as

drones, that can take lives without human

intervention).

AN LRI K E TR R R
MIB=PE . FR AN, BLA A
RS B PRI AR AT 2 DA i T

N5 T BN AR TFEXF AL il € % I
EILARE RS G | K ) 4 B, HLAA
FRE AT REZ KT 4 L

AN IRBISEAR 2 F 8 SO H
FEAFRG (W A LT AR R

ANBITEANL) BAT A —XE N
N LA REUA ) 2 36,

The European Union may end up leading
the way in such matters. Its General Data
Protection Regulation (GDPR), whose
enforcement began in 2018, has redefined

the way people’s personal information is

handled around the world. Now it has now

turned its attention to codifying laws on the
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At

use and control of Al, which, if and when

issued, would  constitute _the  first | EYEIL OZEREEY T 2020 4E)25)
transnational _regulation of Al  (the | 3.3EVIRT, (BRI ARAC TGl 7
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guidelines were scheduled for publication

[E e 2 R A, e 0 N T XU

in 2020, but then delayed to an unspecified

date in 2021). “We want a set of rules that
puts people at the centre,” said Ursula von
der Leyen, the European president, in

September 2020. ‘Algorithms must not be

a black box, and there must be clear rules if

something goes wrong.’

sty VA IRy BT

ZI>

St R R I

% B E —E A DRI,
R 32 B IR IR P8R L (Ursula
von der Leyen) 7F 2020 4 9 H FIR:
“EIERGNEE | FREARERAE, MYk

BRI Al IR A TF

HEZRAE N Z S B T AL

Zi

Von der Leyen’s comments followed the
publication of a white paper setting out
what the EU might do: for example,
introducing rules to govern ‘high-risk’ Al
systems (such as those used in health,
policing and transport) and those cases
where Al use could result in discrimination
or injury or put people’s lives in danger.
It’s worth noting, though, that a consensus
view is some way off. Of the more than
1,200 groups the EU consulted, 42 per cent
thought that new laws were needed to
govern Al, while 33 per cent argued that
existing legislation could do the job. There
was a similar split over possible
approaches to high-risk uses of Al (42 per
cent to 30 per cent). Clearly there is a long

way to go.
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The hackers
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If countries are in the process of using Al

as a tool reinforcing power and dominance,

A BN LR R i 5
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criminals are also starting to weaponise the | 15 FF-X FhEe RE AL, 24 H AT IE
technology. First among them will be | & A& 250 SR A {4,

hacker and cybercriminal communities.

The problem is that it currently doesn’t | FM#FE T H BiiGs N TR eI AXE.
take much to fool an Al. Simply adding | 2018 v 27 A T SRS

strips _of black and white ape to red stop

signs (in some cases spelling out the words

‘love’ and ‘hate’) — as a group of nine

researchers did in 2018 in a virtual

simulation — can be sufficient to fool a

self-driving car into assuming that the

speed limit is 45 miles per hour. Neural

networks have been tricked into

misinterpreting a picture of a turtle as a

e FI A I 45 o B i 3 Al ff
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rifle,4 a panda as a gibbon,5 a school bus | G /=4 H R FIE .

as an ostrich,6 and a coffee pot as a

macaw.7 A particular pattern applied to the

frame of a pair of glasses has proved

sufficient to cause facial recognition

software to make an  incorrect

identification.

These errors occurred in research | iIXSE4ERBTEMF ST KM R BN, H
conditions. But cybercriminals and hackers | #5058 IR I A TH IR T HR
always work at the cutting edges of | Bl &x Al ——iX b AL B IE B

technology and innovation — it’s the only
way to stay in front of law enforcement

officials. It won’t be long before they turn
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to using Al. For some Al will be the tool

rather than the target. For instance,
criminals may use Al to help find flaws in
an app’s code (app developers also do this
to pre-emptively find errors). They may
employ Al to create new malware or
attacks malware

(polymorphic can

constantly  change itself to evade
detection). Or they may program Al to
mimic people’s behaviour as part of
phishing attacks that con people into
believing an email or request for money is

being sent from someone they trust.
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In some respects, the cybersecurity
industry is ahead of criminals, as it has
long been using Al tools that can detect
anomalies, such as malware, in a corporate
network that could cause extensive damage
to data and systems. Google, for example,
started using machine learning in 2017 to
help spot malicious Android apps in its
PlayStore. Emily Wenger from the
University of Chicago’s SAND Lab, along
with other researchers, used Al to create a
privacy-preserving tool, Fawkes, that adds
data to people’s photos in a process called
image cloaking. This added data is
invisible to the human eye but can confuse

facial recognition databases. ‘The idea is
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that if you post these cloaked photos online
and someone scrapes them and tries to use
them to train an unauthorised facial
recognition model, that model will learn
this bogus representation of you,” Wenger
says. But criminals and malicious actors
have the incentive — and the tools — to

catch up.

As well as using Al to attack conventional
computer systems, Al can be employed to
attack other Al. The risks and stakes here
are high, and malicious uses of the
technology are hard to detect. Essentially it
can take one of two forms: adversarial
With an

attacks and Trojan attacks.

adversarial attack ‘perturbations’ — or
pixels that aren’t visible to the human eye
— are added to an image to make the Al
misinterpret what it is seeing. (This uses
GAN-style technology, which was first
created by Google researchers in 2014
when they published a paper that described
how adding a ‘perturbation’ to an image
made it perform incorrectly.
‘Perturbations’ are, effectively, a more
sophisticated version of the stop sign
phenomenon described above. As Dawn

Song, a professor of computer science at

the University of California, Berkeley, who
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was involved with the street sign
manipulation project, told WIRED in 2018:
‘Adversarial examples are just illustrating
that we still just have very limited
understanding of how deep learning works

and their limitations.’

Trojan attacks, by contrast, involve
planting malicious data in one piece of Al
that might well end up being used by a
different one. So, for example, a company
might purchase an image-recognition
system from another firm that deals with
the training and creation of AI, not
knowing that it has already been hacked.
Only when they — or an end user even
further down the supply chain — deploy it
will the problems surface. ‘You’ll probably
have a bunch of test data yourself,” says
Wenchao Li, an assistant professor at
Boston University who has exposed how
Trojan attacks

can impact

reinforcement-learning algorithms.
‘You’ve tested the model and it seems right
on this test dataset. And now you can
deploy it. But the problem is, the network
that you got from somebody else actually

has a Trojan in it.’
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Such systemic threats have been a part of
the digital world for years. The laptop,

computer and phone manufacturer ASUS.

for example, suffered a supply chain attack

in 2019 after a server for the company’s

software updates was compromised and

malware inserted into the legitimate update

that was sent out. About 500,000 devices

were hit by the malicious update, which
went unnoticed in ASUS’s updates for
around five months. Al Trojan horses are
more complex. That, however, doesn’t

make them any less feasible.
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To help combat such backdoor attacks
against Al systems the US Intelligence
Advanced Research Projects Activity
(IARPA) has come up with a project called
TrojAl whereby researchers compete to
find effective methods to detect Trojans.
‘For a Trojan attack to be effective the
trigger must be rare in the normal operating
environment, so that the Trojan attack to be
effective the trigger must be rare in the
normal operating environment, so that the
Trojan does not activate on test datasets or
in normal operations, either one of which
could raise the suspicions of the AI’s

users,” IARPA says on its website. Those

working on the project have to try to detect
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an Al system that has a Trojan installed,
without having any access to its training
data or the underlying mechanisms behind

the Al

Detecting these types of attacks is difficult.
‘There’s an argument for an attacker to
poison only a tiny fraction of the data,
because, let’s say, this one bad player
needed a team, and you could have a
vigilant vendor monitoring the training
process,” says Boston’s Li, who is part of

one of the teams in the IARPA project.
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At present, the TrojAl project is in its early
stages, but those behind it say it shows
promise. However, inspecting for a Trojan
involves deep analysis of the results of an
Al system, and being able to undertake this
requires another Al that’s able to carefully
classify many different outputs of the
corrupted system and spot how it reaches
its decisions. Such complexity inevitably
gives potential hackers room for
manoeuvre. The battle between legitimate
Al users and hackers will be a continual

one.
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7 Making Al accountable
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Silicon Valley’s biggest technology
companies — Google, Amazon, Facebook,
Netflix, Microsoft and Apple — have driven
the development and commercialisation of
Al throughout the 2010s. They have
invested billions to build the infrastructure
required to process Al decisions and then
deploy AI in their products. They have
invested heavily in securing the vast
amount of data their Al systems are trained
on, processing it in huge data centres and
deploying immense computing power to
crunch it. And they have spent a small

fortune on attracting and keeping the best

possible talent.
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Thanks to them our lives have been quietly

transformed. @~ Amazon has  brought
voice-recognition technology into millions
of homes with its Alexa-enabled Echo
speakers. Apple has pioneered
privacy-protecting machine learning which
strips away personal details from your
interactions with your phone, to ensure
people can’t be re-identified from the
training data it supplies. Microsoft’s tech
infrastructure sits behind hundreds of other
companies’ Al systems. Facebook and
Instagram feeds are filled with the posts

that Al decides we’re most likely to
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interact with, not just from our friends and
family but also advertisers and brands that
people follow. Netflix’s machine learning
nudges us towards the shows and movies it
wants us to watch, based on our past
viewing history. The vast majority of
Google’s products — including suggested
its

replies in emails and documents,

translation tools, directions provided by
maps and YouTube recommendations — are

fuelled by Al

AL P 2385 A YouTube 4SS
NE.

But there’s a problem. The vast majority of
Al products are being developed by one
particular group: white men. Just as
decisions made by Al can be skewed by | )i
the datasets that feed them, their basic
creation can be skewed by the cultural
background and assumptions of those who
build it. “What really matters at the end of
the day is who is building and shaping the
Al system,’ says Tess Posner, the CEO of
non-profit AI4ALL. ‘Who really is in a
position of power to influence what gets
built, what’s designed, what’s created?
Right now, that’s a very homogenous
group of technologists. You can only know
so much if you’re a group of individuals

who represent one type of person and

background.’
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Ironically for a sector that is so heavily
reliant on data, the world of Al is
remarkably coy when it comes to revealing
data about the nature of its workforce.
Technology companies, universities and

other academic institutions alike have
traditionally been reluctant to publish
details. Things are slowly changing for
large companies in some countries, but
they’re still able to control the narrative
that accompanies the statistics they issue.
Overall, there’s a distinct lack of detail
about such metrics as gender, sexual

orientation or ethnicity.

RIS 2, TEAR RO R /Y AT 93
s, ATl B B A G R B R
HIHZEIE, BHATE] KA
RN AT AN E AR, &
IR — G| R R B8 B 0 IEAE 1818
MAE, AHEAIA R il ARl g
Bl KARAGR ., Bk L, TR
A JB ) b i S5 4 E Y 4 VRS a R T
E

Even so, the general picture is clear. On
average 80 per cent of Al professors are
male, according to the 2018 AI Index,
which looked at such top computer science
schools as University College London,
Stanford, CMU, Berkeley, Oxford, ETH
Zurich and the University of Illinois’
Urbana-Champaign

campus (the

researchers noted that there was ‘little

variation’ between the schools inspected).1

Research from Nesta2 and the World

Economic Forum (WEF)3 suggests that the

proportion of academic Al papers

co-authored by at least one woman ‘has not

improved since the 1990s’ (analysis by
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WEF shows Germany, Brazil, Mexico and
Argentina to have the largest gender gaps).
Only 2.5 per cent of Google’s workforce is
black, while for Facebook and Microsoft
it’s 4 per cent — and those percentages are
total ones: there is little or no data
available for roles that are specifically

concerned with Al or that offers a detailed

breakdown of the minorities involved.

N 4%, HRERERE, X e
ARG, LI AL B AL
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Not surprisingly, a 2019 report on gender,
race and power in Al from New York
University’s Al Now Institute that
discussed these numbers concludes that
‘The Al

industry is  strikingly

homogeneous, due in large part to its
treatment of women, people of colour,
gender minorities, and other
under-represented groups.’” It continues:
‘The Al industry needs to make significant
structural changes to address systemic
racism, misogyny, and lack of diversity.’
DeepMind researchers Shakir Mohamed,
Marie-Therese Png and William Isaac view
the problem in colonial terms.6 ‘Any
commitment to building the responsible
and beneficial Al of the future ties us to the
hierarchies, philosophy and technology
inherited from the past, and a renewed

responsibility to the technology of the
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present,’ the trio write.

The colonial nature of Al takes various
forms. It’s embedded in its algorithmic
discrimination, which allows an unequal
real world to be reflected in an unequal
virtual one. It runs through the sector’s
hiring practices. It involves the widespread
use of low-paid labour in relatively poor
parts of the world among those at the
beginning of the Al production chain who
prepare data for training. People benefit
financially from the jobs they do, of
course, but it’s questionable whether their
communities are likely to benefit from the
technologies they’re helping to create. And
then there’s the fact that Al governance
rules tend to be set by richer countries.
Mohamed, Png and Isaac highlight a global
review of Al ethics guidelines that found
Africa, South and Central America and
Central Asia to be absent from discussions.
They also point out that Al systems can be
where data

beta-tested in countries

protection laws aren’t as strong as they are
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in, say, the UK or Europe.

Such systemic injustices are manifested in
individual experiences: people who have
been under-paid for the job they do, or not
received the job promotion they deserved,

or been treated disrespectfully by

colleagues. Recent years have seen

thousands of Google employees protest at

their companies’ handling of sexual

harassment allegations against senior

executives and failing to

properly

investigate  discrimination claims, in

addition to hundreds of Microsoft
employees claiming they had been victim
to harassment and discrimination while at
work. In December 2020, leading Al ethics
researcher Timnit Gebru said Google fired
her and accused the company of being
‘institutionally racist’ after it took issue
with an academic paper she co-authored.
More than 6,000 AI people, including
several thousand Google staff, signed an
open letter supporting Gebru. In response

Google CEO Sundar Pichai apologised for

the controversy and said the company

needed to ‘accept responsibility for the fact

that a prominent black, female leader with

immense talent left Google unhappily’.

Consistent failings at the heart of Al
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development reinforce the argument that to
have a chance of working for everybody,
the technology needs to be built and
controlled by a diverse and representative

set of people.

‘Diverse’ and ‘representative’ means also
taking account of the more than one billion
people around the world who live with
disabilities. Al has helped create new
forms of accessibility — for example,
computer vision apps that can ‘see’ for
people. But there is a long way to go to
before it’s truly inclusive. ‘I think the most
important step in inclusive Al is involving
people with disabilities at all stages,” says
Mary Bellard, the principal innovation
architect and Al for Accessibility program
lead at Microsoft. Such inclusion involves
more than testing products on people with
disabilities. It has to include hiring
technologists ~ with  disabilities,  too.
‘Sometimes there is this concept of
building technology “for people with
disabilities”, instead of “with or by people
with disabilities”, and there is an important
distinction between those two 1ideas,’

Bellard says.

“ERA RGN R R EWREE
% [RGB 10 23R A, A TH
REC. A IR 1Y oA IE X,
FanReag R A& BT AU
I FIREF . 8K Al for Accessibility T
H 157 AFm- DIFZfE (Mary Bellard)
FoR: “WINHEAEN L e E R
W — e TE T A B Beb ik R N 15
HHA, A L
/NG oo 17 WSl I 4 VAV KK ) =L i D4
BORNGL. Vst A A&
WHRIERRBE N LI EBAR, MA
A GBS AT &, X [
FAEEERX G,

But there are people and organisations

around that are trying to change things.
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One such is Tess Posner’s AI4ALL. the US

R EEE (AI4ALL) »{H 2L L3

non-profit set-up that is seeking to get

more young women and BAME people

interested in Al. Among its initiatives are

XA~

summer camps for high-school students.

‘We hear a lot of things like, “I’m the only

person at my school who looks like me

who’s interested in this.” or “I never

thought I can go into this field because I

don’t see anyone like me in the field,”

says Posner. The summer camps are

designed to introduce such students to Al

role models. PhD students and experts

from big technology firms explain the main
principles of Al: the types of machine
learning, how to use the programming

language Python, the importance of

datasets within Al. AI4ALL also provides
open-sourced Al teaching resources to

high-school teachers around the US,

targeting them at lower-income schools,
which may not typically have the money to

invest in computer science-specific

education for their students. Posner aims to

get the teaching resources translated into

other languages so they can be

disseminated more widely both within and

outside the US.
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Al Now’s diversity report looks at ways in
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which the technology industry in general
and Al in particular can make changes. It
argues for the publication of pay levels,
including bonuses and all other payments,
across all roles and jobs, broken down by
race and gender. It pushes for pay equality
to be established to ensure people are being
properly compensated for the work they’re
doing, and for the promotion of currently
under-represented groups to be built into
company targets. It also demands that
harassment and discrimination

transparency reports should be published.

Perhaps most crucially, it campaigns for a

shake-up in the way people are recruited,

suggesting that initiatives should be set up

to reach out to non-elite universities, and

that better ways should be found to allow

contractors, temporary staff and freelancers

to become full-time employees. Hiring

practices and conditions should also be

made transparent, so that everyone knows

how individuals are hired, paid and

promoted. Responsibility for all this begins

with senior management. ‘Those at the top

of corporate hierarchies have much more

power to set direction and shape ethical

decision-making than do individual

researchers and developers,” says Al
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Now’s report.

Transparency and regulation

BRI

Joy Buolamwini has shown accountability
in Al can lead to change. In 2015 the

graduate student of MIT’s Media Lab was

sitting at her laptop, trying to get the

generic face-tracking software she was

using to work. The problem was that it

wouldn’t. It was supposed to project digital

artwork onto her face, but it couldn’t ‘see’
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her. When, however, her friend sat in front
of the cheap laptop webcam the system
automatically sprang to life. The reason?
Buolamwini is black. Her friend is white.
Once Buolamwini donned a white mask,

the software instantly spotted her.
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This wasn’t the first time Buolamwini had
encountered the discrimination arising
from algorithms trained mostly on images
of people with white skin. She had once
tried to teach a robot how to play
peek-a-boo. It didn’t respond. Again, she

was invisible.
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Five years after Buolamwini sat in front of
her webcam, her research has changed how
are

facial-recognition technologies

developed, and brought the issue of
selection bias in training data to general

awareness. Her 2018 MIT thesis, ‘Gender
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Shades’, which was co-authored by Timnit

Gebru, audited the performance of

facial-recognition systems from IBM,

Microsoft and Chinese firm Face++, and

offered a stark wake-up call.

LT IBM., REICRT H il i R
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What she showed was that, overall, the
systems were worse at recognising people
with darker skin than they were at
recognising those with lighter skin.
Microsoft performed best, but even so, its
87.1 per cent accuracy for darker-skinned
people compared poorly with its 99.3 per
cent accuracy for lighter-skinned subjects.
The margin of difference in IBM’s
software was 19.2 per cent. And when
gender was introduced, accuracy rates
dropped further. Both IBM and Face++
recognised darker-skinned females
correctly only 65 per cent of the time.
Microsoft was slightly better at 79 per cent.
For lighter-skinned females all three sets of
software scored above 92 per cent. The
differences in performance were as high as

34 per cent.”
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Follow-up research a year later — called

‘Actionable  Auditing’11 —  from
Buolamwini and Inioluwa Deborah Raji
claimed to find similar problems with

Amazon’s facial-recognition technology
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(the company disputed this). But by this
time IBM, Microsoft and Face++ had all
improved their algorithms. IBM’s error
difference dropped from 34.4 per cent to
16.71 per cent; Microsoft’s from 20.8 per
cent to 1.52 per cent; and Face++’s from
33.7 per cent to 3.6 per cent. ‘The study
was able to motivate companies to
prioritise the issue and yield significant
wrote

improvements within months,’

Buolamwini and Raji.
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By holding opaque algorithms and their
creators to account, the hugely influential
‘Gender Shades’ and follow-up study have
shown a way forward. They have very
publicly exposed the failures of existing Al
systems and led to a much-needed public

debate, not just about how

facial-recognition systems operate, but

about how they should be wused.

Buolamwini  has  appeared  before

legislators, policymakers and police
officials to explain how the discriminatory
practices worked, and how her audits
uncovered them. Her work has directly
contributed to greater scrutiny of
facial-recognition systems. It’s also led to
them being banned in a number of US

states. In June 2020, Amazon, IBM and
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Microsoft all committed, at least
temporarily, to stop selling
facial-recognition software to police,

following global protests about systematic
racism and the killing of George Floyd at

the hands of Minneapolis police.

The ripples of the pioneering work done by
Buolamwini and others will spread out
over the next few years, as lawmakers and
regulators all grapple with the issues that
Al throws up. In particular, there will need
to be a recognition that constant structured
auditing, of the type that Buolamwini
undertook, is essential. Not only does it
lead to better systems, but it also forces
people to address how those systems are

utilised and if they should be used at all.
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At present, uncertainty about the
application of Al is very widespread.
“Currently we cannot say which local
authorities in the UK, for instance, are
using an algorithmic decision system to
inform prioritisation in children’s social
care,” says Jenny Brennan, an Al policy
researcher and software engineer at the
Ada Lovelace Institute. “What is really
clear is that we do need ways for regulators
to inspect algorithmic systems.’”The same

uncertainty and need for inspection exists
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across other sectors in which Al is utilised,

not just in the UK but across the world.

“In  Amsterdam and Helsinki city
authorities have started tackling a lack of
transparency by introducing registers for
Al used by city departments, says Linda
van de Fliert, the programme manager for
Amsterdam’s algorithm register.12 The
system, which at the time of writing
contains just four Al examples operating in
fields rental and

such as

property

automated parking controls, seeks to
capture the Al via descriptions of the
system’s architecture and its datasets. If the
Al is developed by a third-party company,
they are contractually bound to provide
details for the purposes of openness and
transparency. Over the coming years, van
de Fliert says, non-Al algorithms, such as
the simple ones used in spreadsheets, will
be added. ‘The register is about trust.
Journalists can go to the register, activists

can go to the register, and they can look at

what the city is doing.’
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For her part, Jenny Brennan pinpoints two
approaches for assessing Al systems that
are either currently in use or being
considered. One is an algorithm audit that
includes a bias audit and regulatory
inspections. The other is an algorithmic
impact assessment, which might include
considering the societal impact of an Al
before or after it is in use. Her research
concludes, though, that there is some way
to go before it’s clear precisely what the

best versions of these systems would look

like in practice.
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There’s a lack of clarity around when
algorithmic decisions are being used, and
there’s usually not a way for folks to
actually compare notes and see if there is
evidence of bias or any of those sorts of
issues,” says Alice Xiang, the head of
fairness, transparency and accountability
research at the Partnership on AI. The
organisation is a research body that is
backed by more than 100 groups, including
Amazon, Microsoft,

Apple, Google,

Samsung and IBM. ‘There’s a lot of
constraints in terms of the proprietary
nature of the data used to train algorithms

and also the proprietary nature of the

algorithms themselves.
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“The current opaqueness of Al decisions
makes it harder for people to oppose them,

Xiang says. True, there was a prominent

backlash against Apple’s credit card launch

in the US when its algorithms appeared to

show bias by offering different credit limits

to men and women, but such a reaction is

rare. ‘When you have, say, millions of
users being affected, even if just a small
cluster of folks got together and managed
to talk to each other and compare notes,
that’s not necessarily really great evidence
to go forth with a lawsuit, and even that

rarely happens.’
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There is disagreement as to who should be
responsible for audits and assessments.

Dozens of Al ethics groups and guidelines
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have been drawn up, but many of them | H=SCFPEALS).,  (20204FE 8 H, &
lack real power. (In one rare pro-active | JE%& 510 P 7 71 23 i &
instance in August 2020, a UK police | ——fE&BRIGETFR] | o R S ny {2 Ha A7
ethics board stopped the development and | SEALAEFIIN RS0 & TBE ., Z AT
deployment of flawed Al that was | £ G857 “2 [ 4R KU
supposed to predict if someone would | A TS SE ik O] BEHIE] 2

commit violent crime.) Some Al experts

believe existing regulators, such as those
that handle financial laws or education
bodies, should be responsible for
inspecting the Al that falls within the ambit

of their current expertise. Others believe
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entirely new bodies should be set up. In
practice, a mix of approaches seems the

most likely.

EHIITIE.

“In July 2020 the government of New
Zealand launched a set of standards that it
called an algorithmic charter and a ‘world

first’. Twenty-one government agencies

pledged to be transparent about how they

use algorithms in decision-making. They

undertook to give ‘plain  English’

explanations of how systems worked, and

promised to make efforts to manage any

biases that might be informing them. In

addition, the charter stipulates that

algorithmic  decision-making  systems
should be regularly peer-reviewed, that
humans should retain oversight of the
systems, and that there should be public
access to government agencies deploying
them. Agencies must also consider the
views of Te Ao Maori, or Indigenous
people, on data collection, and consult with

people whose lives are affected by the

algorithms.”
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“There are so many sources of bias:
individuals, structural, societal, it seems
dangerous and a bit arrogant to think that
we can fix all this with one system,’ argues

Suresh Venkatasubramanian, a professor in
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the School of Computing at the University
of Utah. He says that each of the potential
risks a system poses should be identified,
and that it should be audited for them one
at a time. ‘The goal is to narrow the scope
of the harms to the point where we can
actually deliver an audit that makes sense
for that,” he explains, ‘and then slowly try
to build up from there.” Audits have to be
done at the right stage of the development
process, too. ‘Often the use of audit risk
compliance teams are the last people
anybody calls,” says Rumman Chowdhury,
the former head of Accenture Applied
Intelligence’s Responsible Al division,
who left to create the algorithmic audit
company Parity. ‘Ethical assessment is not
something you can just do once. There are
certain actions you would take at different
stages. It wouldn’t even be appropriate to
do, for example, a data audit at the very
end of product development.” Crucially,
any audit has to evolve over time, as new
problematic issues are identified or if the
training data or algorithms used in the Al

application change.
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In the absence of widespread legislation
and auditing that can expose threats,
discrimination and biases in Al systems
being used around the  world,
Buolamwini’s  non-profit  Algorithmic
Justice League is taking measures into its
own hands. In the world of cybersecurity
ethical hackers that report flaws or
vulnerabilities in software can be paid for
their work through bug bounty systems.
The Algorithmic Justice League is learning
from this process by running an
algorithmic vulnerability bounty project —
people can disclose how they have been
treated by Al and it will be investigated.
Ultimately, Buolamwini believes that to
develop Al that can be a benefit to all,

everyone has to be involved in its creation.

3

It’s so easy to think you might introduce

technology to  solve other people’s

problems without actually bringing the

people who are most impacted into the

community. So [it’s] not designing for but

designing with.’
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