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Dataset L SEHCHEAAH B SIS 5 i — DB I - 0 T RSB LY
K RAT DTGB LR ST AR H 0 R G RIERE A AR B K, Rk 1
AFE SRR E
T EBA AT RGHEHERAZOR U, Hrp 2 B AT 18 DUA 5 B 7
I CHan— R RN REA R G TARRCR . ik, fhs ARG AT —
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17 BRCG Bk LR i — A /R BRI, (56 ) GLRM B3k A jlda A R U [ VA AR
A VIXAYGE, M NP BOTE: NBCEHEAEE . BTk Bondiig.

8960 8403 1949 4886 4998
EESEEAE]

l:]zF i ExternalRiskEstimate 64.0 57.0 59.0 650 8650

MSinceOldestTradeOpen 175.0 47.0 168.0 228.0 117.0

MSinceMostRecentTradeOpen 60 9.0 3.0 5.0 7.0

AverageMinFile 97.0 350 380 69.0 48.0

NumSatisfactoryTrades 29.0 50 210 240 7.0
NumTrades60Ever2DerogPubRec 2.0 1.0 0.0 3.0 1.0
90 00 00 20 10

PercentTradesNeverDelq 63.0 50.0 100.0 850 78.0
MSinceMostRecentDelq 2.0 180 NaN 30 360
MaxDelq2PublicRecLasti2M 4.0 6.0 7.0 0.0 6.0
MaxDelgEver 4.0 5.0 8.0 2.0 4.0

NumTotalTrades 41.0 10.0 21.0 27.0 Q9.0
NumTradesOpeninLast12M 1.0 1.0 120 1.0 2.0
PercentinstallTrades 63.0 300 380 310 56.0
MSinceMostRecentingexcl7days 00 0.0 0.0 7.0 7.0
NumingLastéM 1.0 20 1.0 00 00
NumingLast6Mexcl7days 10 20 1.0 0.0 0.0
NetFractionRevolvingBurden 16.0 66.0 850 13.0 54.0
NetFractioninstallBurden 94.0 700 800 660 69.0
NumRevolvingTradesWBalance 1.0 20 100 3.0 2.0

NuminstallTradesWBalance 1.0 20 5.0 20 3.0

PercentTradesWBalance 50.0 57.0 9840 46.0 830

BAT S

1 ) E}[{(:(} # Instantiate BRCG with small complexity penalty and large beam search width
from aix360.algorithms.rbm import BooleanRuleCG
br = BooleanRuleCG(lambda0=le-3, lambdal=le-3, CNF=True)

# Train, print, and evaluate model

br.fit(dfTrain, yTrain)

from sklearn.metrics import accuracy score

print(’'Training accuracy:', accuracy score(yTrain, br.predict(dfTrain)})
print(’'Test accuracy:', accuracy score(yTest, br.predict({dfTest)))
print('Predict Y=0 if ANY of the following rules are satisfied, otherwise ¥=1:')
print(br.explain()['rules’'])

Learning CNF rule with complexity parameters lambda0=0.001, lambdal=0.001
Initial LP solved

Objective: 0.2895
Objective 0.2895
Objectiv 0.2895
Objective: 0.2895
Objective: 0.2864
Objectivi 0.28B64

Iteration: 7, Objective: 0.2B64

Training accuracy: 0.719573146021883

Test accuracy: 0.696515397082658

Predict Y=0 if ANY of the following rules are satisfied, otherwise Y=1:




2) LogRR

# Instantiate LRR with good complexity penalties and numerical features
from aix360.algorithms.rbm import LogisticRuleRegression
1rr = LogisticRuleRegression(lambda0=0.005, lambdal=0.001, useOrd=True)

# Train, print, and evaluate model

lrr.fit(dfTrain, yTrain, dfTrainstd)

print(’'Training accuracy:', accuracy score(yTrain, lrr.predict(dfTrain, dfTrainStd))]
print('Test accuracy:', accuracy score(yTest, lrr.predict(dfTest, dfTestStd)))
print('Probability of ¥=1 is predicted as logistic(z) = 1 / (L + exp(-2z))')
print('where z is a linear combination of the following rules/numerical features:')
1rr.explain()

Training accuraecy: 0.742536809401594

Test accuracy: 0.7260940032414911

Probability of ¥=1 is predicted as logistic(z) = 1 / (1 + exp(-z))

where z is a linear combinaticn of the follewing rules/numerical features:

rule/numerical feature coefficient

] lintercept) -0.0888341
1 MSinceMostRecentinqexciTdays > 0.00  0.680261
2 ExtemnalRiskEstimate  0.654248
3 NetFractionRevolvingBurden  -0.563965
4 NumSatistactoryTrades  0.551654
5 NumingLastéM  -0.463226
© NumBankeNatTradesWWHighUtiization  -0.448331
7 AverageMinFile <= 52.00  -0.43436
8 NumRavoivingTradesWBalanca <= 500  0.42154
] MaxDelg2PublicRecLasti2M <=5.00  -0.418142
10 PercentinstaiiTrades » 50.00  -0.317566
" NumSatisfactoryTrades <= 1200 -0.312471
12 MSinceMostRecentDelq <= 2100 -0.301566
13 PercentTradesNeverDeiq <= 95.00  -0.273824
14 ExternalfiskEstimate > 75.00  0.263437
15 AverageMinFile <= 84.00  -0.182118
18 PercentlradesNeverDelq 0168518
17 AverageMinFile  0.15089
18 Percentinstaliliades > 42.00  -0.148802

19 NumBank2NatfTradesWHighUtilization <= 000 0.135396

20 MSinceOidastTradeOpan <= 122.00  -0.132409
21 PercentTradesNeverDelq <= 81.00  -0.11771
22 NumSatisfactoryTrades <= 17.00  -0.11022
23 ExternaliskEstimate > 72,00 0.107613

(K Bordit,
LA GAM &7~ LogRR Ff 45

w

BB IR A1

ExternalRiskEstimate

As expected from the BRCG Bool rule above, 'ExternalRi: i ' is an important feature
positively correlated with good credit risk. The jumps in the plot ate that applicants with
above average 'ExternalRiskEstimate' (the mean is 72) get an additional boost.

lrr.visualize(data, fb, ['ExternalRiskEstimate']);
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Credit inquiries
The next two plots illustrate the dependence on the applicant's credit inquiries. The first plot

shows a significant penalty for having less than one month since the most recent inquiry
(‘MSinceMostRecentingexci7days' = 0).

lrr.visualize(data, fb, ['MSinceMostRecentIngexcl7days']);
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The second shows that predicted risk increases with the number of inquiries in the last six
months (‘'NuminglLastéM').

lrr.visualize(data, fb, ['NumInglast6M']);

contribution to log-odds of Y=1
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Debt level

The following four plots relate to the applicant's debt level. 'NetFractionRevolvingBurden' is the
ratio of revolving debt (e.q. credit card) balance to credit limit, expressed as a percentage, and
has a large negative impact on the probability of good credit. A small fraction of applicants (less
than 1%) actually have NetFractionRevolvingBurden greater than 100%, i.e. more revolving debt
than their credit limit. This might be investigated further by the data scientist.

lrr.visualize(data, £b, ['NetFractionRevolvingBurden']);

contribution to log-odds of Y=1
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The second 'NumBank2NatTradesWHighUTtilization' plot shows that the number of accounts
("trades") with high utilization (high balance relative to credit limit for each account) also has a
large impact, with a drop as soon as one account has high utilization.

lrr.visualize(data, £b, ['NumBank2NatlTradesWHighUtilization']);
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. . : heloc = HELOCDataset()
ﬂnﬁ%fii&%& df = heloc.dataframe()
pd.set_option('display.max_rows', 500)
pd.set_option('display.max _columns', 24)
pd.set_option('display.width', 1000)
print("Size of HELOC dataset:", df.shape)
print("Number of \"Good\" applicants:", np.sum(df['RiskPerformance']=='Good'))
print("Number of \"Bad\" applicants:", np.sum(df['RiskPerformance']=='Bad'))
print("Sample Applicants:")
df.head(10).transpose()

Using Heloc dataset: c:\users\ronnyluss\aix360\aix360\datasets\..\data\heloc_data\heloc_dataset.csv
Size of HELOC dataset: (10459, 24)

Number of "Good" applicants: 5000

Number of "Bad" applicants: 5459

Sample Applicants:

ExternalRiskEstimate 55 61 67 66 81 59 54 68 59 61
MSinceOldestTradeOpen 144 58 66 169 333 137 88 148 324 79
MSinceMostRecentTradeOpen 4 15 5 1 27 1 7 7 2 4
AverageMinFile 84 41 24 73 132 78 37 65 138 36
NumsSatisfactoryTrades 20 2 9 28 12 3 25 17 24 19
NumTrades60Ever2DerogPubRec 3 4 a 1 0 o [ 0 0 1]
NumTrades90Ever2DerogPubRec 0 4 o 1 0 o o o i} [}
PercentTradesNeverDelqg 83 100 100 93 100 &1 92 83 85 95
MSinceMostRecentDelq 2 7
MaxDelg2PublicRecLast12M 3 o
MaxDelgEver 5 8

NumTotalTrades 23 7
NumTradesOpeninLast12M 1 0
PercentinstallTrades 43 67 44 57 25 47 58 44 26 26

MSinceMostRecentingexci7days 0 ] 0 0 0 0 o 0 0 [}
NumingLasttM 0 0 4 5§ 1 0 4 0o 1 6
NumingLast6Mexci7days 0 (] 4 4 i o 4 0 1 6
NetFractionRevolvingBurden 33 0 5 72 51 62 89 28 68 31
NetFractioninstallBurden -8 -8 66 83 89 83 76 48 8 86
NumRevolvingTradesWBalance 8 o 4 8 3 12 7 2 7 5
4 2 4 A 4 7 2 1 3

-8

NuminstallTradesWBalance 1

PercentTradesWBalance 69 0 8 91 80 94 100 40 90 &2
RiskPerformance Bad Bad Bad Bad Bad Bad Good Good Bad Bad

BT RIA

1) AP Zx%4E | # Clean data and split dataset into train/test
(Data, x train, x test, y train b, y test b) = heloc. split
0

7 = np.vstack ((x train, x test))

Zmax = np.max (Z, axis=0)

Zmin = np.min(Z, axis=0)

#normalize an array of samples to range [-0.5, 0.5]
def normalize (V) :

VN

(V - Zmin) / (Zmax - Zmin)

VN

VN - 0.5

return (VN)

10




# rescale a sample to recover original values for normaliz
ed values.
def rescale(X):

return(np. multiply ( X + 0.5, (Zmax — Zmin) ) + Zmin)

N = normalize (Z)

xn_train = N[0:x train. shape[0], :]

xn test = N[x train. shapel0]:, :]

2) & XA ZRpsE Ay

# nn with no softmax
def nn_small():
model = Sequential ()
model. add (Dense (10, input dim=23, kernel initializer=
normal’, activation= relu ))
model. add (Dense (2, kernel initializer=" normal’))
return model
# Set random seeds for repeatability
np. random. seed (1)

tf. set_random seed(2)

class names = ['Bad’, ’Good’ ]

# loss function
def fn(correct, predicted):
return tf.nn. softmax cross _entropy with logits(labels=

correct, logits=predicted)

# compile and print model summary

nn = nn small ()

11




nn. compile (loss=fn, optimizer="adam’, metrics=[ accuracy
bl
)

nn. summary ()

# train model or load a trained model

TRAIN_MODEL = False

if (TRAIN MODEL) :

nn. fit(xn train, y train b, batch size=128, epochs=50
0, verbose=1, shuffle=False)

nn. save weights ("heloc nnsmall.h5”)
else:

nn. load weights ("heloc nnsmall.h5”)

# evaluate model accuracy

score = nn. evaluate (xn_train, y train b, verbose=0) #Compu
te training set accuracy

#print ( Train loss:’, scorel[0])

print ( Train accuracy:’, scorel[l])

score = nn. evaluate (xn test, y test b, verbose=0) #Compute
test set accuracy
#tprint C Test loss:’, scorel0])

print ( Test accuracy:’, score[l])

12
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ExternalRiskEstimate
MSinceOldestTradeOpen
MSinceMostRecentTradeOpen
AverageMinFile
NumSatisfactoryTrades
NumTrades60Ever2DerogPubRec
NumTrades90Ever2DerogPubRec
PercentTradesNeverDelq
MSinceMostRecentDelq
MaxDelq2PublicRecLast12M
MaxDelgEver

NumTotalTrades
NumTradesOpeninLast12M
PercentinstaliTrades
MSinceMostRecentingexcl7days
NumingLast6M
NumingLast6éMexci7days
NetFractionRevolvingBurden
NetFractioninstallBurden
NumRevolvingTradesWBalance
NuminstallTradesWBalance

NumBank2NatiTradesWHighUtilization

PercentTradesWBalance

AR 740 N RAHLEERT LE 3, 38 0 B2 AT % E %
a8, He A HdESE AR Good 45 HE %M.

AR

SR, T EERHER R IR . ATt FIN AR, BEEK

BRI, BT Good ZEIRHIZ I HGR A IR T,
RAKBALGTH AN KA R EAEE T .

o 1 2 3 4

ExternalRiskEstimate 059 029 042 084 021
MSinceOldestTradeOpen 0.76 0.62 0.76 009 079
MSinceMostRecentTradeOpen 1.00 0.09 0.83 0.89 087
AverageMInFile 0.79 009 0.80 1.00 082
NumSatisfactoryTrades 095 03% 074 039 015
NumTrades60Ever2DerogPubRec 1.00 1.00 0.08 1.00 1.00
NumTrades90Ever2DerogPubRec 1.00 1.00 0.08 1.00 1.00
PercentTradesNeverDelg 1.00 015 0.81 015 015
MSinceMostRecentDelg 1.00 036 022 036 036
MaxDelg2PublicRecLast12M 1.00 013 1.00 013 1.00
MaxDelgEver 1.00 041 017 041 064

NumTotalTrades 0.80 023 086 026 035
NumTradesOpeninLasti2M 1.00 1.00 040 040 0.068
PercentinstallTrades 1.00 0.05 054 037 033
MSinceMostRecentingexcl7days 0.08 1.00 1.00 1.00 1.00
NumingLastéM ©0.21 1.00 021 021 0.04
NumingLastéMexcl7days 0.26 1.00 0.26 1.00 0.07
NetFractionRevolvingBurden 096 0.88 096 0982 009
NetFractioninstallBurden 1.00 1.00 1.00 1.00 0.08
NumRevolvingTradesWBalance 1.00 0.28 038 073 020
NuminstallTradesWBalance 1.00 0.13 1.00 0.13 1.00
NumBank2NatiTradesWHighUtilization 069 06% 069 1.00 0.11

PercentTradesWBalance 0.67 012 036 0.38 057
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—ANH 2852 BN SHE M )RR, PR SR RN SO AR SRR ] S e AR A A
FUUH (i WL OB . AR TR B8 (XAD) B 76 70 IR SR AR A (R AN I
AN GRS A R SRAEE W E . W] R ML SR AT DL &A1 n
] JHEAT T DA S s Je g R 3R o SR, K 2 B Se ik i T A 1) ML J7 i 02
AN U, IF BRSNS B S E G v A A U R TR Y, XA
PHAEVBEA TE 1) AR 2 STUIBE I A7 0 T B N FH T AR P S22 il R R A Bkt
FEARSCH, FATHE 7AEYE B 5T TR 2, 4R 4 7 — AR
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http://aix360.mybluemix.net
https://arxiv.org/search/q-bio?searchtype=author&query=Karim,+M+R
https://arxiv.org/search/q-bio?searchtype=author&query=Islam,+T

ARURIRE A2 W7 () o] fif R ML D7 A0 D H OREIR,  IFEE 1 e AT B ROE 5 S A
SR AN, AR 1 e g A WE B S e ) LA B R RRE ML 7. 3K
T3 AR« i R R 2H 2 AN SOASZ 4 I S IR 9T, o 1 XAT J7 ik n il g
53R miE I .

1149, WIfERENTERE (XAD) SCHRES
Trends in Explainable AT (XAI) Literature
Alon Jacovi (EEfFF=2K%%, Ilan University)
(A6 RZEF LA R, 2023, 1.13)
XAT (1 SCHRTF FTAE A 15 A H R A R 23 B0, (R 4 SR i X A S B A bt T
— B, XAEF AN AR SCE A EE . AT SemanticScholar APT #E47 5¢
WA R, T FEIIE, W T A R AR AT 5199 R XAT B3¢
A, ATTELEERE] . AR XA A RIS A AT AL O T SCER IS RIE L 5]
F#ash ., B A & ERA NS, SRS, XAT Bk ik, S5HAE
i, AFERFEAUE CETHEPURMESUED B ORI, B & 1
FORG| S SIIER . BeAh, ZAEAIE R ME N — MR SORILEIEE, IRAEES &
ML SRR R B 5L XAT SCik (Bilin,  7E HAUg2 AME 2 ) iR S0, B85
AR XAT WEFTHE R8O .

1150, RV VEVEN IR L AR 5T
An Experimental Investigation into the Evaluation of Explain ability
Methods

Sédrick Stassin, Alexandre Englebert, Géraldin Nanfack £&

(b RZEZhhadis, 2023.5.25)

AR N TR RE (XA BAEMBIH 7 548 N TREE (AD RGN 5 R,
AR I T Y2 XAT 773, B, 5 XAT 75 A e i T4 3R 45 7 FE 24 K
(IO, E AR & b g V2 b TSR 1 S TR e J VAl T S R AR . SR, S
R PP B = PR SR PR A S EU S, AT DLR SR PG XAT 757 XIULAR B 72385 Fh AL
14 PO R AR RN — 2 [, X bR S T SR RSB HE K XAT J79 80 =
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https://github.com/alonjacovi/XAI-Scholar

FRAVEZE RO (BN, BEPLEZEVERD o SEIRai AR, IXEediabrrd i me
A T R RIAE R, R T IERIUR . RATEIEY] 1 3 S22 4
XPPAG R A BB R fJa, BRAVE R R ST oKD -

1151, R4 P S5 M R AR ARE 2L T GNN 1) IDS A il 25

Interpreting GNN-based IDS Detections Using Provenance Graph Structural
Features

Kunal Mukherjee, Joshua Wiedemeier, Tianhao Wang

(e RFkFldf =, 2023.6. 1)

AR I HE TP 22 P 5 (NN RS ARY (1 AR TR BELAS T e AT JHE 22 A s ) | i2 R
DR R e = ek Y000 1) 382 A R AN P BRAE V5 824730 O T H i R G H AL S i
FH B Lo 22 9 2% CGNND 22 A A3 28 )55 B JE A AR J86, FRATTR HE 17 PROVEXPLAINER,
TX A — AN RE SR GNN R 5 100 FRA% 56 B AT AR A AREAIE 2% R (R AE 2

FRATT T S A P 5 A A AT AR R AR AL, AR (DT) , BT GNN )2 4 g5t
R FOE R o A T R IR B B AR RS RS (R Ve AT CRECEE, FRATIAR T 4
ARG SR SE R T R B SE AR AE , I X e A U R ) S B AT
INCABEA . FRATTI B 25 MIRFAE 5 2R G A 40U 1) 2 [R] AT B0 55 2 AR I, XA 77
HRr I 25 S AT DAR IR PRI NS 1E 5 R R . PROVEXPLAINER fo v/ &7 B (% DT 27
15 HAT — M B G5 AR AE (R 7 20 ZRAT 55 IR 2% GNN ) 95% IR EL R, T fE LA
SN BB AR T 5 ) (R0 5 AT 55 R A 0, P ST R R A AT 25 Lo 3] 99% I TR BLEE
I 0 =T R R A R P AN B S T R AR AR (0 SR AR AT, SRR T

\%j;
TR AT R RE

1152, 5 B 5 ] (14 8 BRI A 22 1 25 R i

Highly-Bespoke Robust Printed Neuromorphic Circuits

Haibin Zhao, Brojogopal Sapui, Michael Hefenbrock, 2§
(ALK g8 4=, 2022. 10)

BEEPIBEN . R BRI i TR PO R, R ARLSRE . TERE . AR
SEELRIEH T U ER . SR, X R R T AR G RN AR BT
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G VL . XTI, BRI T iR A T — ARSI . BaE S
M4E&, BRI B A RES SCBl LRI, T HIRTRAN 1% GLEn Il B 57
a2 g5 5, BllnE EE L, BT BRI IR 35 . — ok, (BT
A2 Y 28 R i S BRI R PR SR AU B SRR RAE L g, AR HL R R
IEPAE R BTE MR E SR RN, MR Rt i, JHEIZF
BNy [ E 1) o

P BIAESS o BRI R 777 dh IR G 3 R P RV BETE R e R 1 ikt AEFT B
IR TE LT, B RS E B SREAT I . BEAh, fEEIRR T —Fh
T3 ANBURT L2 2] 58 SO AR, 34 0T BLOA 2 ) S S AR R LA 1 2 8 ik o
FEAR ML SR IA I T RE AR A D R (4 RN, 3 oK 50 VI s T ENAR A i B Ak
N T RPN HR IR 53— DIRRAE, B & AR BRI A H3E , A AR =
F AR VR 22 16 25 v T 1) S 1R AR 2 P it o e Ah, 3BT 5IN pnn (AR AR
KGR, & 1 A8 AP AARLANE LB H TR IAT BN A4, B RS BRI 22 46
R &R FIPSRIGIEM] 13X — 5, 85I XA 54 B35 58 1 pnn
HIRE EEAN S M. WFFURE, T2 S A AR 2k F X i 20K P2 R v A IR PR o
Wk, TSR T B AR BRI 2R3 . A2 HBR TCIFARAL TO%AITROL T, Bl
TE A HLE HROAS T RN 1 2031 5 v 26% 1 75%

1153, Alexewicz #i4hH (1) Spiking #EMILE: 3B FliRZ SR A
Spiking Neural Networks in the Alexiewicz Topology: A New Perspective on
Analysis and Error Bounds
Bernhard A. Moser, Michael Lunglmayr

(A6 K S =%, 2023, 06. 02)
AT RSB TR AR AR IR 8T, I L B AR IRUEAR 2 I 25 (SNND
VR SNN IR0 23 T[] R DR S 06 7 21 B S B 2R 17 B B R3S o — A
O i A 220 7 51 2 1) FRD3EE 224 45 W) S L6 SNN 45 2 M B 15 - RO B2, /B G e 7] 4
B BE R ZE AR SR (LIF) #& oA i S At B Qi & it
B, YRR ST LIF AL B A B (5 5 1 A BRI R 2 4 o X T %
W, XAVEP A Alexewicz $hfh, &R T AAEE IEMIH LIF i
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TGo PRIk, LIF AJ LR B A RS A i SRV PP A Al o sl ix Ah o7 =0, AR
ROF TSP ZE TG, I anfe NN RGP 51 2 M ISR S R 5 —
ANGE SRR ZAAR ) Lipschitz B4 7 E FRIA SR B 4 .
1154, T N TR Ab#SAFH AL S
Neuromorphic Hardware Based on Artificial Synaptic Devices
Department of School of Advanced Technology, Xi’ an Jiaotong-Liverpool
University, Suzhou, China;
B REMF R, 2022, 10)
AR T2 RGN TR B, ARG FEMLHERT b N TR ik v 4% A 22T
AVIEHAT 7T 5T N LR A &, sh ST SR I AR5 50 i AR KM 7,
[a] o522 iy 2T S s % B PO 9 ik SR A 8 TS THERL R I, BRATT K IKe A5 BA7
R firh 4] L AT i A A 3 48 TR A S B BT R B NI . I RN 2, AERRE Y
AT T B 1% N 7R B AL, HLE I R R b B A e A
R B . TSR T Bee AR ek b, Bl CPU AT GPU, EATIAE ISR
ANAEWT S (] 2> VE AR K S RE B, SRATI IR L, X R AR H IR 5 2 1
U RE, DHFENANEIT 200, (RN, ARSI RSN T fds B A,
4 L BELBEALAT BT g 25 CRRAMD N5 fik A R REE N B B S AU A TE R & N
By, JEd BRI e R IR I S AT At 5 o e B e A R D RE . RS,
BT LT 7 SR SIS B IR 2 X 2% (R 2, MAE IR i 52 ) 5 2 1 o ot
SNANE AT T A 0] BE BRI 2 9 25 (R0 2R B0 BRIV B 28 ME R I E . 17 SC
T, RIS EET ST AT S T R N TR A E, s 7O T
A1 DR 2% AT K A 2 10 B2 1) A ST TR T LA A 5 P R ot i N 5 M )
A BT S B G) H B SC L v B, A TR 0 X 2% K HL A ARG G S 451 A=
PR o A SR At T S ARRIAE 2L - 0T H S SRR B, DA B T R TT
%, FHAMR T, RATAB ARG, EAARKER, HETEATHE R &AM
RGN AWR AT ARG, 58 7 REM®I). THERE), JFRWT A
T e
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1155, Skt E+ A NS H RS
M H COPU (b kit &M BT H R L) LiE
(2022.4.11)

WERFET B ki 2 N2 A 2 STHE R G, Sl 59 N TR BEm A
TR, ERXTTTHRIR A

JURERIEHIA Loihi 3, HH Loihi 5 K 8 Pohoiki Springs #1441
AWM (B 1L AMETHBD , KMEUSIHE RS, 2019 4 ] R 2L,
HI S R BB AR TT R R A2

H 2 AR K B A G AR R B 10 AR T I s A I 4%, 2018
11 2l A Spin Naker S8 THEHLE AL

WHT K% H EWFRIEIRSC-2 6, B ER L2 A& T4
WARIL, 2020 4E 9 H KA | I Darwin Mouse ZEiHENLREIIHL, BFK
TAEIEE RSPk

P2 R K 5 5 RS K 5 A AT R FE T Bk i 48 I 4% (1) 4 2 P2
ARG (AFERREELMANEZ TN E, SHEhE AR REAS)

1156, JLRF/RAT . SRS WL RE R A NS RS
M H COPU (b kit &M BT H R4 LiE
(2022.4.11)

1) SRR AT

2017 WK Loihi 5 —AUE T, AR 14nm, SRUE ) 13 5L T

2021 EWTA Loihi 85 AR Fr, HIARE Tnm, BLUE Fr 100 J3MHE T,

FEARE A — AR IASHI AT Loihi—2 BN, T IFR &R R
BT IR A HESE Lava.

Lava BFHESL R —ANTFR. BEEL . AT JRAUHESS, BEOETEFS R M 4L
EgEIELT, KM EHAT, DA N TR e ML as AAESE M B
AR
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H—AR Loihi &7 AP AU AL BE B 2 AR G BN = 1000 %, fE
N F% 10000 135 55 A% Loihi 5 B Al Lava HEZEAR RHBAR & T 40 A A BHE
BE— Loihi S RS T 10 5 ChESTTHENLIZ B A 10000 £5) .

2019 4E 3 F 19 H, B85 /K% 768 il Loihi—1 O 82 B, ZH A% Pohoiki Springs
MWL (H 1 ACAFIETTHER) , A TAT BV R 7 (5 S AL HiRe )

2019 4FHfil & T pohokisprings #HZ AU W45 IR 1 44022 0 1M T AL
JEALHL

Jikh P2 45 (SNNs) SRS THE —Fh 3T O, AT DAL (7 ik o
HARIE TN 72, B BB E R A, A S B AT
— AL, BB AR SIS AR 2 AN, SRR RE T RE, ML THE A
&g AU — AN LR RE I 2 B

PR TR 20 SN AT 5, — RTINS T BT R 5 R T
K ZRHTARSMAEE . SER R, ZRMT Z2HEEN. SSr st (o
AN AN T ERFLLS] BEN ISR « AT RBH, SRR T
2020 4F 3 H BOL AW ASHEFALIX (INRC) , HESIMAMAEE . BRI
FEFFRIBEAR , 200 INRC (BRZER/RAb. 384 IBM  HP. MIT. EER%E. Hrid
MR DLRIRAR IR D 1 MR 74 0 L LA AN A% SR 25 A W) Prophesee,
A BRI R ORI TR 4

2) SRR

H 2016 4G, SR R 5 2B WY SIM KT WEERER Y
ARM. Silistix ~w]. ZE %G SIEILFEITIA K2 2% G ), FFAES 4R
FEFERE BRI RS R G (ST EAL .

FERER —4X SpinNaker—1 08 L FF 1.6 JIME G, = K¥ SpinNaker—1
O EERG: 30k x 16k=4. 6 {220, W% X SpinNaker—2 & 4R RN 10
EAMETT . H 10 2 METTH RS W 2, ISRl B R
SpinNaker &M THEANL (HAMESHFATAIL , JEAIHLT 2018 4 11 F il Soxt
bk KA o

3) WL K2
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2015 5 H EHFRIE /R SC-1 855, 2019 55 3 ERFRIE R SC-2 86 F (RN A
576 NI, BEWUE SR 16 T/AMZI0) 5 2019 428 A, WL KFEG 2L
SEI0 3 AT 792 PSRRI ML (1. 2 (6T, T ALK
D .

2020 7 9 R EE 65 TAZEME TTH S 2 AWML, I B L]
1M B Darwin Mouse ZEfixitHSEHLIRAIHL, ThAEN 350-500w, M=/ A 1. 6m
(RIARAELAE ZH A o

ZEMHLEAE: (1D HUEHERI R SR WIELE AR TIE, (2 &
SRR AMUBERAZ (It 2 AR, (3) AL 3] —ie izl A B

ZNLIZITHLH] S SpinNaker AHEBL, WA SRR D

MBI 3 BIE R, HARBIMASS T, ST SRER, 112110 124
MZTG, HBABENEMLE, CHRPFRIMENSTHE RS (RIZERRTHED,
RN, B AL SIS R S A, TS SIS TR CGRIRTERD 424,
It B A B N AR S R (DR R AT S AR R B 5 e 45— e & 1Rk
FEEEFEITFRD o

1157, FeF 5B ke M 28 AP e S TH S S e e it S is T 07 U RSR
M H COPU (S ki Mg+ ST R R SE) £
2022.4. 11

T A HAE
B i 8 A A

EHEAEREZRBESF | FHRTENETHFR,

FRE BT (& VN

Rt E BFET BEFEREERO,1

EFFR | HENEF | AABRETHE

A, NERATELE | Foh - #HREEHR

i it E RS
_ BEAHREARET+R _
HEWS | HEWPSUHERFET
G A o fE 7 F % i o R2EE R Y RRow A £ B A
i+ EEAT FE, THE - ERE
FRUFET B 45 5 AL EFAEE, THEE
FR Firfs it Ry

Ror T EA SR

1158, WA MAREIHHE) SEgGREETE. £if. B
i 5 COPU (b fkpf 4 Mg+ S SR R4 L4, 2022.4. 11
OrIE S B R ML B E S E S, FENTES
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@i i 77 AR A UK I e g b AL, s 2 By IS A 408 0, 1 #IHL
i

O 15 B A% 1877 AOB IR NN B SR L 70+ 5 M 2H B A bk 22 P 28 RS AT
J7 AR, A f Bk AT (S B AR i, A R AL G 28 B R T 3
XHLAHSHEAT (5 S A% 1

@HTF I (o) M R & — A Ba e &R, R&EITE (&b
BT MUEE (FFEFon) 20 B

OHIE AL =YE) 2, JRE I = e, ZIRT A

Ol e T kb SRS R O BE ML T 55, 5 0 1 R S P T SR A b A
B TR R ARE L T G

@& KRR EY 2 - B BB GHRE/ AR R , SEATTRE
JR#REAEKR

@R E AT NIKH R AT IEAE 70 (S50, B HLAE B RN A 2 T4
ANEH B, JEE AR AIFATEE DT, EARIAE ROVl AR HER 28 (AL A
REIB D, KIEKEMSE B HATIES

OHT#H Hia1T i AT &R MTHE (AT REHIsT 7 (B2l
WEIAH), JeEHs T AR GE « K2 HEIE.

=

’

1159, FHARSHF——AF 5 — RIS A
JEHR A B N e A AT BA

Jb K B gl v T W AT B 0 B AE A 66 Jm [E B B T S AR K4 CTEDM) -
(2020. 12. 12-18) ERFABATH R KIME TS CRRRES D IR,
BELAR S A 2 J B IR I AR S R A B — AR SRS o R — WK A Ak R 45
LG ) SR Bl FL T A AR 22— o AEL AR B4 P A AR RO AL v 85 8 4R B oK 1)
PP A ER S, BONHAR B AR SR T AT N 1A 1 P
EE— TR B ke L RN R G T 1 AR SR AR SR AR RS M B, SR T
HER IR 22 P AR AR KOS R SR LAY, ST T BERE LR A VRS B AFROR L BB 4R $h
SRR S R I &, AR T ARIUAR RN R R R HU A i A TEAS T
SN, AR RS- SA R R A TR T E R
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1160, fZFH&AF 5 — im0 B i il

GERERF A AT 2023.10. 9 VHED

TEHE R 58 L 22 B B K SR AR SR B A AT 3R (7 D RGN
LA — s et ., PTEEIE N T RS A E R, rTgEits BN, %
WER R EFE (Science) HITFI ERE.

1161, HiRIZPHES

(FEH k%, 2023.10.18)

TP (Memristor) {ENFE—RUE i bl B DAAE S T B — Ak B oG ¥ /112 4
IR, BAE 1971 4, By UG TIZIHEER, 2008 154 B )
IR CREAE (Nature) ZE D) o LUSE A AMASEHE A DR R -

1162, T ZREFNCBEAAEH KRG TR )

 H COPU (5D kb 22 W 2 + i 2 LA TH B R 40 ) A L RBTL AR 31-345,
P17, 2020. 2. 27

2020 47 2 A 27 H, JEHERFEERFZERE . RAESRBUZ BRI & H — 3k 2
TP BT R RS, EAEBRMEML (CNND IR L AT &
TEAL RSO (GPU) BN BE L .

1163, Chat GPT KA
COPU %, 2023.2.8
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H OpenAl A& F 2022 4F 11 A KA IE RN T REII R HLEE A ChatGPT LA
K, ChatGPT fEfE4 BRG] K.

a2, ChatGPT R LAHEAT Al AT, AR —HEIIRAZR, O L
FOCHATES, SRS SR S A B RRNE SO
BT S, @il KEUE RS, EATEI S AR TR, &
BT, NIRRT R, BRI,

ChatGPT £ 42

O CUFRIVENT, BETBESET. CARTEULY, MR
“HULLERE T ORI, HURSERBERE: AT ML .

JEH AR AL, ChatGPT AU 1A H G s BRI R IR AR P,
AN : iTunes T 6 42, Twitter H T 5 4F, Facebook Fi T 4 £, Whats
APP F T 3 425, Instagram H T 2 £, TikTok F T 9 H.

1164, OpenAl and hugging face
CABR 3 Bl B i o)

ChatGPT K EFIFE. JRE. ARREMPFEBMIARRK fFRT GPT-4/ChatGPT

BRSPS

GPT K JIFEME A
2014 2017 2020
Vision
N Transformer
ﬂrl o %fﬁ CNNEZE4 Transformer3&

3 A AL s SIAA RS
(TR RSy w¥3

'IE‘AE_%IE . Transformer%?}%#g
" Transformer ChatGPT

e
EAnftia TlgEiRs
GPT-1 2018%F6H 1 ATE #J5GB
GPT-2 20195218 1512, 40G
GPT-3 2020558 175042, 45TB
ChatGPT 2022118 Fzm? BrE?
OpenAi ZKJ&
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FATESE T i T OpenAl J2& MRk KA .

OpenAT S AL T IR, R A S50, Sam Altman A HAb % % # 78 2015

SESLFBIST, BRI R ISR 4 N AT HoR . 10537 5w IFE 2018 4R A2 7]

T 1) 43 BT

IGHT, OpenAT [KIHEH  GPT RFIEHRIET B RIME 4 . I 2018 F-42, OpenAl

SR R A AE R TI 2535 55 88 GPT (Generative Pre-trained Transformer),
AT TARCCE . RS, PLASEIIE. B SR RNE.

A GPT BB (M 4 #BIERIG K, HUFR “BOCHRGF” o 2019 4 2 R AR

(1) GPT-2 %8N 1512, T 2020 4E 5 A (f) GPT-3, SHEXF| T 1750 12.

millGEiE=S
GPT-1 2018568 11717 #J5GB
GPT-2 2019528 1542, 40G
GPT-3 2020558 175047, 45TB
ChatGPT 20225118 Fzem? BlE?
ChatGPT FY = E4% 5

ChatGPT /&3ET GPT-3.5 (Generative Pre—trained Transformer 3.5) ZE¥
FFRBIXT UG AT A2, /& InstructGPT F SRR . ChatGPT 1R W] g /& OpenAl 7E
GPT-4 IEzUHEH 2 AT HHZR, sUH TWREKRESTIEHHE .

AR AEERA T3

VRS FRFEERIER

ChatGPT/GPT JE#

NLP
NLP/NLU 93 E A0 R BR A Ho0 LR SOA, X b i R iR, LA BEF
S IERIRR -
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T NRE AL, 8 FHZ L ER NG R IE TR 1 . NLP AL A B8 fif i
WIS, EER RS RIS LR SCE BRI, ER A E RS
BV

NLP A [ 3 4588 (Source: OpenAl)

AL, VBN ChatGPT JERl) GPT-3 B GPT-3. 5 J&— AN KA G iHiE 5 A ok
G SC AR TR AR A

GPT V.S. BERT

55 BERT #5846, ChatGPT 8% GPT-3. 5 &M AIES), WIEES /BRI
K E AR E R Gl o WBCEEMNLA S I ARG, 155
AU S 7 A MR ZR A SR A A AR, RIRIH & i 1B ) B AT UKL
NECEH D MERRA AR, TR — AN 2N RE A E R S S I
RSP

ELECTRA SWK—
prur———t GLaM ol |
Megation B oo | owor ] [o]

ChatGPT {1 FoR B AR B s AL 22 S BEAT I 25, XM iR IE I AR TIOR8 53
PLERA ST ASRAS B RCR « EUZRE AR, ASRIIZRE T P AN T2 g
PRI, JFal i SR R ST Rl

M T ChatGPT B sRTEREAIEESE, B0 T EZ N EEREEE, AEisibEE
Z/NARFER . ChatGPT BUAE R LAt — DAL B [R5 ) fL. 5 3CF . SORME, 15
B BRI T AL SR 55

ChatGPT FI Il %
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ChatGPT IIIZRII LS LT = A B

BB VISR SRR Y

GPT 3.5 A% B AR ME P fift N SEA [F) 8 AL 45 4 2 S I AN [ B, AR T A s Y
AT RERENSER. NTikGPT 3. 5 ¥ AR HME SN ERE, Motk
PRSP BEN LA &, HARPREAN R, S &R EE SR, N5 XN TR
UF R KRR GPT-3. 5 A (k43 SFT £%Y, Supervised Fine-Tuning) .
LIS [ SPT B RLE ARG 4/ 3G T AT GPT-3, (EA—E /& N KW iT.
FHB: NAGEHER (Reward Model, RMD

IXANBY B A B E I N TARE SRS (29 33K MR SRINZREHRIEA.
FERE AR T BEALAN DA R, A 2 — B BOAE OB, X TR IR, AR A
AE I o NP X IX Le 2 LR 525 1R 45 HHE BT o X — I FE LT
ZEEA IS

BNk, AN S5 R R GR A . 2 M TSR, BRAE,
TEME N INGHFENT . RUBEREEZ — M, 4 I I Z TR 8. IXRE,
T XTI GREEE , 7T SRS o R RS 4T 20 LT R T 40 20
B|=MrEt: XM PPO (Proximal Policy Optimization, IESiSEmgilil) R
> RARAL M -

PPO 1) 4% 0> JB ¥ 7E T ¥4 Policy Gradient H1 On—policy Il Z51d 2 4 16 N
Off-policy, RURFTELR 2 I HAN R B  2, XA AL R PR 2 Importance
Sampling. 3X— Wi BRI H 28 I Bl R A i S A2, S 54T 43 R 58T Tl 5
B SH ., AERFRE T REN AR A, A PPO BB AR 125, A B —Br Bl
ZRUF 1) RM B 45 tH 5T B o0 B TR BRI AL i, b A SRS AR, dad
sk 2 ST 17 A BATEHT PPO BN 224

N RIRAVANT B A R = B, @R, ISR H B S T = Y ChatGPT
AL,

OpenAl JF k& chatgpt KIiLFE

1. 2018 4, OpenAl KAW T GPT-1 FiBY, ZMIRIRHA] T Transformer ZEA4,
REWE TE KRR SCA Ei AT AR E S BAES . PT-1 A T — D Hmm
Transformer ARAURBEATIR F M, FOZR T 40 {2AHiA] .
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{HEIS ) GPT—-1 AL B A7 AEAR 25 i) el
(1) I E
T GPT-1 JIZMEH B & E R, BAENZIRE 5 HBld A4
X2 FHUEAE R 5 P Iz AGRE T N B, DTS2 MR A 2 fr) S bR AR
CARIEZIN RS
BT HIREMER, GPT-1 BAIZN R IR, FEFE PRI H 5%
Yo T S, ARG 2 BR AR AT X OB ¥
(3) = SLm
HF YIS R, CPT-1 BRI MEE S S i, X BRI 1 e R FH 3%
o
2. 2019 4E 6 H, OpenAl KA 7 GPT-2 &AL, GPT-2 [MEAIMAELL GPT-1 W
K, IEEEBENEE. B4k, GPT-2 MBHEL GPT-1 1 10 1%, I
R R GPT-1 ) 40 %, /843 GPT-2 FUTRINZRGE Sy A0 B Ae 11433 T K
$&Tt.
BB GPT-2 AR ATy SRAFAE — L6 ]
(1) BRI GRS S A =
GPT-2 MRLAY IR K, B R E AT SR AT I 2R b Ah,
GPT-2 IEFREE  KRE M IZREE A Bk B B AR AR, X B3N 7 I 2R A R B2
(2) HAFR B A A B C
HF GPT-2 (AL BERE A T R0 b R SO sE A5 5., DR G A A 38 s
SEAL S5 BT I AT RE 23 52 31 R SCHRIEm, S350 i 45 A E B A 3.
(3) FAAEE T B 22
GPT-2 AR BRI SCAH I AT Re 4 AE1E — L8 il S A A 22, 91 4 H B P B0
Pl ARS8, X AT GPT-2 GBI A S A w2, SRR
A2 ST IR 2 H B2 AL R 1 8
(4) FIRRREIEAN 2
T GPT-2 MR ZE Mg e S o, DR e B AR B R AN 45 RATAEAS 5 filRe
FNBRAR, XAIGIN T 0B S AT AN T S (5 5
3. 2019 4 11 H, OpenAl KAF T GPT-2 HISiERR GPT-2-1.5B, iZAA T
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ZABE RN 1500 CANHIA, SHEN 1.5 124, /& GPT-2 [ 10 f%. %
RITEAE LA SME T ORI R IR 6, HREIR W5 K T —254, FAA
ATTHELC F AT AR 158 R s B AR S S 0
4. 2020 ©£ 6 H, OpenAl KA | GPT-3 LAY, ZBIM I ZREHE &y 5700
feA-5AR], ZHEER) 1,75 LA, & GPT-2 1) 116 f%. GPT-3 fEAEMH R
B 5 SR DT H R IAR R d 6, 38 ] DIPAT — 28 DL B SRE 5 AT 55,
BRE, % IR EE.
5. 2021 4 10 /I, OpenAl %A ChatGPT, ‘&2 GPT-3 RISk, I %
BERIRIE AR BUAT S5 AT T AR, B SE 4 1) B R SO g — Sk g s
IBFRSE . ChatGPT WA ANAREE HIRE S AL BEEORI X — KR, AT RLETHEAL
SN E AR 5 N A AN 8
6. 2022 4E 1 H, OpenAl KA /3T GPT-3. 5 SR ) CHATGPT, &1 1H T4 ploxt
o XA e A IE B BRI TE, S8 AT DAL T S B A AR AT
=
7. 20234E3 H 14 H,OpenAl KA T HR GPT-4, {EAHJEHTARA GPT 3. 5 Turbo
BB THRIR, GPT-4 FEVF 2 J7 A 1 235 K Sud A A .
(1) GPT—4 3CFFA b F 3 Token #i KA AN
Z /b FF 8192 A Token, HZH 32K IRASCFFEIA 32768 4> Token. 1X—/4F
YAk GPT-4 BN T /N BIMESE KR SCAR A A ) LR M2, PR
BERTE AL B R SOARI, 38 22 52 BRI R
(2) GPT-4 fEHEHRE ) LA T RE MR
OpenAT @3 2 g s B2 (I8, TR 1 GPT—4 9K HIZ 4R HE R RE /) o IX L)
WEREEIMEIK, SAT H#%, DLAAFITAE GRE B4, IXEIRE GPT-4
AL BEAE LS AR SCAS, B AR AC RS IR 2 AR (1 5 AT 55
(3) &%} plus A7, OpenAl L2t T GPT-4 f) APT $:1
IXAFAFHF R T LA GPT-4 2B H ORI =7 R, &5, A GPT—4
f¥) APT 45 12 F B2 Im) B 7 SR A HE 1, IR, IXFhai R I D fig /2 75 2 AH R Y
A&
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ChatGPT FJ R & DI FH 38 3] ) — L [ A R 5 -

PRI GRAESE . GPT R — MRS ST, I 2RI 7 EER BT 5 B
ANEGE , 101X 28 BEEO A N Bl B BA R Wi & AR H &5 51 A, DAL I R A 9 58 PR

HARIEGEAIAL R IR N M B 2, 1 HRES ZE A,
AT K E R BIRTE VAL, DAORIERS R B 2R AT ROR -

X AR E . AR, ChatGPT [RX 155 & LB AR E
A2 LRI AL RN B RS R, R R AW LA, DL
S v T R o R AT IE B

I RS it ChatGPT fR TR B ML) 2 5 T B PR IE 5 BEAR AN AL i, DR e rE
F A PR v 7 AN WS AR S BN Ak, A REd v FH P ARG, A4S g
75 20 5 D9 R B AT T 1 [R] 25

HRTJTIR LIM & NERFEZEL, B BRATE B — LIRS —BEAT VR A .

H S LB = (K 2 B b AT

1: HuggingFace &AM /" ANJTIR LIM FUHRTHS, EZLRERES. HeA APl o8 i)

KA F R R BN, AT A7 AL BT A X3 AN Pl X LA

it

PP AL

i H] Eleuther AT 15 S A PPASHEZOS R EAT NG, X — G —RIRESE,

TAELZFIA R PP A A 55 Bl A il SR

® A2 HEFRPLAR (25-shot) : IXE—H/NFREF .

® HellaSwag (10-shot) : X —PNHIRHEFM G, X ANFESRBRE S G
LN 95%) B R A ST HE AR ROR A Bk

® MMLU (5-shot) : XK B M B SO AL 2 AR 557 I HERPE, s
T 5T AL, B SCE DS R IS

\
=t

® TruthfulQA (O-shot) : XAt HH 30 & A 20 it ) 42 Il 0 28 3 DL R RS
SRR .. [ESFEER&Z, 7& Harness [ Truthful QA s2fx E&— P2/
fLE 6 A few—shot 7nBI LSS, BIfEFE few—shot snBIEEEE N O B, 1)
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R BB 6 asfil.

BE4%: Open LIM Leaderboard — a Hugging Face Space by HuggingFaceH4

e
2
>
&
-}
=
2

HellaSwag HHLY TruthfulQa

o
in
3

® ¢ 0 ¢ ¢ & O ¢ e 0 "

1. 1: HuggingFace AHTH%, 70al& P41« A12. HellaSwag MMLU. Truthful

HE4

2. Bz Ah, B UCHTAIE SR LIM HEAL 38 (LMSYS Org) o %A 7L RPNk

7 HATETFIRAE DAR KBTI, J8F GPT-4. PalM 2 S50 IV .

PR LA 20 1) 2 -

® Chatbot Arena Elo: J&F Chatbot Arena WAEN] 42K MEARE, fHH Elo
W R AT IR, 3745 Elo 1377

® \MT-Bench score: MT-Bench 54}, J&T— AR A PRERNE M 2 56 B E A
GPT-4 V¥4, ZF{ELE Judging-LIM-as—a—judge W X H4E H IFIAE .

® MILU: 7f huggingface &N EL T .

5 2. 1 UCAHTEA 3231 LLM HEAT S LA LAE =M FIHLAE S 1945 70
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https://huggingface.co/spaces/HuggingFaceH4/open_llm_leaderboard

Model B

claude-2 ==

claude-instant-1 o= o
gpt-2.5-turbo
vicuna-33b,
llama-2-70b-chat
vicuna-13b|
wizardim-13b

0.6

Model A

0.4

gpt4all-13b-snoozy|
mpt-7b-
RWHKV-4-Raven-
alpaca-
oasst-pythia- 0.2
chatglm-6b)|
fastchat-t5-3b)

stablelm-tuned-alph
dolly-v2-
llama-

2. 2. LAY R I 5 4 22 TR) O PR

H4%. Chat with Open Large Language Models (Imsys. org)

3. MWrIHAR R AT HCGH LLM HE1T85 AlpacaEval

PR PLHIRZ: AlpacaEval JET AlpacaFarm #d & IR RLREAE — M o 35
LHIRE ). BAkH, WEFEANRLL GPT-4 5K Claude NHBIPFALES, DL GPT-3.5
(Davinci-003) AFEHE, ¥ BARER S GPT-3.5 KR IEATLLE, THESRIER,
AlpacaEval 5 N TARERISEPREE RE B —3, BT 1.8 JIREENRIRERT
2 B ) B R A ¢ R BN 0. 94, IEBA T AlpacaEval %8 HEA (1) v] 5
M.

Spearman corr: 0.88
Pearson corr: 0.94

(o)} ~
o U
1 1

Human Win Rate
N
(6, ]
1

T T T T T
0 20 40 60 80

Auto Win Rate
Kl 3. 1: HHTEE S5 N CARIEHHAT B 2 8] i) & FEAR e (R R bR 2 R0k 0. 94)
BEHE: https://tatsu—lab. github. io/alpaca eval/
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https://chat.lmsys.org/?arena
https://tatsu-lab.github.io/alpaca_eval/

Evaluator: GPT-4 B Filter: | Comr Verified Minimal
Evaluator. claude Filtar: mmunity | Verified Minimal

Model Name Win Rate
Model Name Win Rate

) e GPT-4[) 77.02%
seT4 ] 95.28% Claude [] 75.84%
D 92.66% 0O 72.92%
m] 91.76% m} 72.36%
Claude 2 [) 91.36% Claude 2 [] 71.99%
0 89.49% ChatGPT [ 67.70%
ChatGPT [] 80.37% JinaChat [ 66.65%
D 017% 0 66.21%
o a8.99% 5] 66.15%
Claude [] 88.39% =
0 63.23%
a] L m] 62.61%
| 87.83
e (u] 62.55%
- erer ] 60.87%
0 87.13% )
[m] 57.89%
D 86.53%

57.33%

0 86.92% L
5
n a4.97 D 57.33%
m] 83.71 0 56.15%
n] 82.11% 0 0%

2 e Y
Kl 3. 1: fE GPT4 FHIHHTHE; 3.2: fF Claude FHIHHTH;

4 JFIFRE R T A

4.1 ERFFVEE A

LLaMA

GitHub #31k: https://github. com/facebookresearch/11ama

LLaMA J2 i1 meta2023 SEHEH B RBIA, 655 1 7B, 13B. 30B. 65B, TR
W77, VP2 Ei/ AL R HEH 15T LLaMA kIl ZRmiisy.,

LLamA2

GitHub #31k: https://github. com/facebookresearch/11ama

Llama 2 ML 11amA 15, $24t 7 7B. 13B F1 70B SE =M MIRA . 70B 3
BORAAE 7 A ElER sy (1], 3871 7 HEREERE . AHEE Llama 1, MIZR40E &
G0 40%, bR SCKBEANAE R 4096, SR A T B REGRIEE . $Et T E 2 DUHERE
G RIRINATT H AR 7D o

stanford Alpaca

GitHub 31k https://github. com/tatsu-lab/stanford alpaca

stanford K2EHHEH AR, 24T Alpaca B M —A> 7B LLaMA R |47
AR, T Self-Instruct [2] WSCHMEARARL T 52K 4184 HRIE £ -
FEHPER N LR, Alpaca 7B BEHYFE Self-Instruct fi5 % ERBEVFAG &L L
RPN text-davinci-003 (chatgpt3. 5) FAIA .

Guanaco
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GitHub Hilik: https://github. com/Guanaco-Model/Guanaco-Model. github. io
Guanaco s& —MJE T Meta Y] LLaMA 7B iU () S 8 2 1B HIE S B . 1E
Alpaca EHRURHIN 52K HRGE At B, X5IF T 534630 M H, S5,
R b se, Bk rhor, Hib. L DL RS 5 MRS . R e Al
Guanaco REfS1E 218 5 R R .

Vicuna

GitHub Hidik: https://github. com/1lm—sys/FastChat

UC A 3e FIAD CMUL M 3H4R . UCSD Al MDZUAT it KA AL, J#id ShareGPT Y4
(9 P SE A LE LLaMA BEAT R0 I ZRimi ok

https://huggingface. co/1s291/vicuna—13b-vl. 1

ChatGLM && VisualGLM

GitHub Hidik: https://github. com/THUDM/ChatGLM—-6B

Chat GLM 2 H1 ZYE AN # K 24 Bk 5 T K ——ChatGLM-6B, H A& EBCA FR K 3L
KBER . Visual GLM 2% T ChatGLM-6B+BLIP2 B bk Ai)I| 4515 51| 22 B KB
MOSS

GitHub #dk: https://github. com/OpenLMLab/MOSS

HAE B RZIF R, BT MOSS—16B M DL K 8-bit Al 4-bit EALAM, [FHSIF
V5T I ERER

4.2 HuggingFace V34758 43§ = (1) KA A

Marcoroni-70B-v1

Hihik: https://huggingface. co/models?sort=downloads&search=AIDC
—MEET Llama 2 R AU HTH BB S EAY . A 7B, 13B. T0B =4

ICBU-NPU/FashionGPT-70B-V1

Hidik: https://huggingface. co/ICBU-NPU/FashionGPT-70B-V1

KA Llama-2-70B Bi%Y, I8 IE M4 & 17 P E i Es .

uni-tianyan/Uni-TianYan
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Hidik: https://huggingface. co/ICBU-NPU/FashionGPT-70B-V1
iR FE— LT Llama—2 RS,

1.1: Open LIM Leaderboard — a Hugging Face Space by HuggingFaceHl4

¥ 2.1 Chat with Open Large Language Models (Imsys.org)

¥ 2.2 Chat with Open Large Language Models (Imsys.org)

[%3.0: GitHub - tatsu-lab/alpaca eval: An automatic evaluator for instruction—following language

models. Human-validated, high—quality, cheap, and fast.

[ 3.1: Alpaca Eval Leaderboard (tatsu-lab. github.io)

3.2: Alpaca Eval Leaderboard (tatsu—lab. github. io)

WICHIH:

[1]:https://ai.meta. com/research/publications/1lama—2-open—foundation—and-fine—
tuned-chat-models/

[2]: Self-Instruct: Aligning Language Model with Self Generated Instructions.
Yizhong Wang, Yeganeh Kordi, Swaroop Mishra, Alisa Liu, Noah A. Smith, Daniel

Khashabi, Hannaneh Hajishirzi. https://arxiv.org/abs/2212. 10560

Fx chat—gpt M HARKBRL
Image GPT(2020.6.17)

Image GPT (OpenAl.com)

OpenAT [ BAJ5 B 1E U538 55 _E IR 0 DR 2R 48 4t e 4 7R R DA Bl B ) SCAS —
B, FEAR R 5 _EVIZR AR RDRS RS AR T DAAS B T R AN A MREAS . alid
SEAEAS T AN R 73 SR B 2 8] (U AR S, 2R W di HE AR AR A AR A 35 7 T M B A
B rh 5 TG R R 38 S RS AIE o

2

T B2, AL — MKk . &L, CEIES T mBE 74 AL
BEMT, K91% BERT. GPT-2. RoBERTa. T5 FlIHL At AR {3 A 1ty i Hp B pei 7Y
E— RYE S P HSEAE 7 B tERE . SR, [ERE) V2 () — 2B B R T
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https://huggingface.co/spaces/HuggingFaceH4/open_llm_leaderboard
https://chat.lmsys.org/?arena
https://chat.lmsys.org/?arena
https://github.com/tatsu-lab/alpaca_eval
https://github.com/tatsu-lab/alpaca_eval
https://tatsu-lab.github.io/alpaca_eval/
https://tatsu-lab.github.io/alpaca_eval/
https://arxiv.org/abs/2212.10560
https://openai.com/research/image-gpt

Hh = A2 T BUE 2 23 OKRFE, OpenAl TAE B EFMEANRAIX —ZHE,

{4 BERT A1 GPT—2 IX 5 [ e 4 e A A 2 AN TR, IXRERAE B A TR A LR N
TR R —4E 751 o 2RI AKAR R 7511 A EJIZR GPT-2 I, RKILZ
R AUABLF- AT DAFR AR — 4ERUGRHAE, Aot RAMUAN G o B AR U 25 P AR T UG R
UL 73X — fl, RIS N SR BE AR ZE T8 T o 1R B I RHIETE VF 2 3 8L
Yt FSEILT AR PERE, 1E ImageNet b SEBL T $E3T B S0t (0 T WA BORS 15

fF B A R A A S, R —RE B 2 50k, 1E CIFAR-10,
CIFAR-100 A STL-10 A FH 26 M FREF VAL FRAE R, AL T B W B A B %
R RE NS, Hoas RAE 58 o v B R A Bk 7

HEIRTC B 5 S AR E A TR AL B 5 00 B i Dhfe, (H Rl /e
B S B TR AR OMEZE R HUAS 1 B R, 1A SE SO VAT PRAEGE I A 2B A5 10
il o I B T R E O T T R EOR, a0 — B IE N el Rk
Phbric, AT AR L2 4ok — HE A S5 /1. AR Z T8 55 4
AE LV, 1 1GPT-L, A 3x A0 i UG A AE Y (o] SR PRI T Mean Teacherb4
Al MixMatch, RUEEAU FixMatch

SR

RIETF R (LM 5 &Rl 1] 008 8 575 ok T MURR 10 B2 2 PN B R AL
S35 i IR TR BB | B2 <0 Rl EA 45 60 <5 R 0000 45 e L AT S5 b ol =5 2 v S e o 7
o FinGPT 3@ A PG ALY LLMs FFAR P45 2 Y < Rl 2 O FLsEAT Sl i 2t 47
%7, 5 BloombergGPT S BAUAH LY, IXFh 77 12k 12 38 PEAIC 1 3 L Rl AR A B 75 5K
ARG S @R T — M S Ty ERE, T E ARG IR TT R
FinGPT I HEBLRTE LA R =N S r &R ah e (1) JE Al i & b KR R A /& 55 -
BloombergGPT {4 F IF 55 %4k At I Hdfs B0V S ARG I 1 — A Bl Ay, e
2] 53 K, WAZIN 300 JiFEI6, FASH R EHTIZ1E BloombergGPT X
BER KR A K, BRI B 40 FinGPT AT DAPRE WO A N Jr 8t (A
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https://arxiv.org/abs/2303.17564

BT, BRBIAARE 300 £58) o (20 HIBMMEN & REE i 151 & 5
HE . BloombergGPT A RFBUEIE YT AT APT, 1M FinGPT WISt 1 5 5 T
BT S, EREHBEERHSNIEREN, FIH TR0 IE SRR,
(3) BloombergGPT @2k RLHF ( NZKWtaEi % >1) , RLHF i KA AEfs 7 >
AN NREF RSB 4258 I8 AMEAHLAS AR 46D, 1XFE FinGPT 43
H S

FinGPT K Hlim 2 imiEde, HAVUREHN, 700)2:

(D BAIRZ: ZEMRETHN T E R, @i SrHE B AR v Sl o 1w
[ R

(2) B¥fs LARZ: ZJZ M s NLP $da db 3, vk 1 4 mb il o e i ) Busk ik
AR A5 M X 1 X R 5

(3)LLMs JZ=: 1Z/Z%VET LoRA 85— RIIGHJTVE, JEe 155 Bl i mi 2 B0 &
o DR T AR PR A DG R R 1k

(4) Bz R SRR AR, 2 FinGPT £ 4 Al 40 (78 7E At

Robo- Quamtitative Portfolio Financi Tl Sentiment Risk Low-Code
advisar Trading Optimization Analysis Management Development
Applications
Financial Fraud Credit Insalvency Finuncial M&EA ESG
Detection Scoring Prediction Education Forecasting Scoring
LEM APls Trainable Models Fine-tuning Methods
ChatGiPT GFT 408 LLaMA Low-rank Adaptation (LaBA ) using
low-rank leasor biyer
LM LLaMA Pul.M ChatGLM
Reinforcement Learmnin, g om Sioc &
ChatGLM MOSS Other Trunsformer Models Prices {RLSF)
Engi ; Data Clearning Tokenization Lisntastbeation Feature Extraction Prompt Enginvering
Dhata Warehouse
{Storage)
Data Source

Dhatasets AShare stockmniel-tatasel

R, FinGPT & —F 5 F Ui RiG H B & RARGZ K RKEA . Hohkin R

https://github. com/Al4Finance—Foundation/FinGPT

*xF openAl KT EHRIE
HriE 1
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B ChatGPT FREBERLALZRS AL

BEH%: http://www.news.cn/world/2023-07/14/c_1212244481.htm
K et

PRl 7 13 HkiE, SEENH 2 DRI R 5 25 i &5 IEAE T & ChatGPT i)
IEF RN TR Rt si 0 (OpenAD BITESN,  FE 2 a2 4 P DA R ORHE L A8 A A ik
() P 25

R4 CHERTHER ) TVE RS, BOTH 5 & RSO mIF AN LR O RIE T —
KK HTE S, A EMNXKIHEILPIA R 3G — 5 5, X2 1E ] EREAT A VR BRI R RE A
MR Z AT PR HERE 7 o

TRIEFR, B 52 A2 h i1 & A8 A N B5080 1 22 4 1 G LB R

PERIE, TP LR RERTE T OARIN, 3 H R — MR- T SO RS 1 3L H - A4
KAT B e, FER AT B AR kAN — S ARAT A

UEAh, RIEFR, B R 223 01 22 1B SRE 42 B 2 5 TR ION L8 BRAIE 78 o0 IR 5 AR
(A5 ChatGPT) A 1 R T AN AR R R W24 71l % .

DRIk, BT 52 5 2% A o5 0 1) TR IO R BRI 8 rh Lot S8 1), ) i) SR I 1 R ety i ok
Tt e v A A RN TR e B T A RS 12 9 B AR AEUE

WHADERZCELR, CIRESEVIEARNNTERNKE. BEF 11 Ji
i ChatGPT LIk, AR TR REM R REE & AN Dt A N
i 2

Chatgpt4

HE#%: https://pdf.dfcfw.com/pdf/H301_AP202305161586675577_1.pdf

KR FFUEUES

GPT-4 feyit—H9Tt, “eMEENM. Open Al ££4H0IN[A] 2023 423 H 14 [
KA T GPT-3.5 (ChatGPT #:F GPT3.5 &) M7t ik GPT-4, PHAE A HI ik ChatGPT.
HEARZHERET), 7 AR SCRESORRIER SN . SCREIASOR NSRRI £ 40 32000
A tokens, XtRiZ) 2.5 3. MEAEJTIR, (1) FMBAEELZAE SRR, 1R
ARERP LRI, MBS GPT3.5, it T4t —EIHH R AR AS, 73 HE % A
HHT10%.  (2) FfEREJ) R E G, FTLASEILE BIUET, R AR H R — Sl BRI B
Fifi. (3) AIEEVEFALL GPT3.5 KRS 19%. (4) ZatfatrMitt GPT3.5 R EkE
Tt, SEAS SO VF R N 25 O HE R SR 23 R B
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H6: GPT-4 894 EFBTF EAKRE H7: GPT4 £ FfZHEH LLERA

Exam results by GPT-3.5
|~.:::.:m I T T AR -4 (e v IKIA -
S, Hu man-| !evei erformance o=
110% | 2= i
More truthful [
Py
L GPT-4 53% ol

3 months @ OpenAI Less hallucinative
More knowledge

To Saptmmoer 2031 2x - 8x @ I . II

"2‘- Larger context window i "1:* ‘{;‘ '?- % \ 1 Tg "“‘ ‘5’;". & “\—;
. it sydicas ™ £ ‘i \ \ 1§ ‘ \
..... Y
4 F i Life Architect H M A OpenAl EH

B9: GPT4 AHEARLZ I A KBRA B10: R AGFREGAEGERWE R X TH

o Ly g prerey xatﬁ@&éﬂﬁ%xmm#»m*

g @ -
on- e e "o :ﬁ M
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| |
: Tty I
R SH ks RO Ke W B HEORAAE  RRAHHEAAS

FHEB: OpenAl F R, il K5 5 FEAt R OpenAl & M@, L & 5F % 57

B 11: GPT4 o F AL HABAAALFHKF

GPT-4 VS HUMAN TESTS (MAY/2023)

— | Human/expert average q GPT-4
e =4
T #
Mt :m-s‘:um- n
I, =
i %
mmmwm; 4 -
uartum comiating LT A .*
et e Kl o sttt “
— 4
s

irarards)

T HAR: Life Architect % A

KB FHRAIL L = K], Decoder-Only &% 5L, HEMERELL Transformer 2244
O A SR KIE SHAR T, Transformer 2519 t 4 i 28 ABRS 2K B0, 110 B0 T2
A 4% B AT AR S AT R i ORTE S A, BRI T R = SRR % 2k . Decoder-Only (L
1S 2%) - Encoder-Only (f{Zuf5%%) . Encoder-Decoder (Zmfd#s-fEtdas) o H %M
Encoder-Only (454K ) Bert. % Deberta %5, HoRFA “se a2 :\milgs, 7
FRHE BT 75 B4 87 FH AU 2 B pdd 3k ) B Hs 384T Fine-tuning (30D - % Decoder-Only ]
A GPT &, HRM“H T —AFii” (77 sUEAT B 2R, 2 Jm i 15 2 1 45 SR 1 40
BRIhRE IR . 4B K] Encoder-Decoder 424 (i N 43 8k ¥ T5. Meta ] Bart.
HHEKRFN ChatGLM 2. {AfFFEME Y GPT3 #ithJ5, KT Decoder-Only [ 5
PSR U WA E R NP BN R A v
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M17: GPT # XK A Decoder-Only # 8 & H18: Bert X £ A Encoder-Only ¥

LLMEA K B GPTﬁ:{ (Decoder-Only) LLME R KRBk Bertfst (Encoder-Only)
GPTHGL: theEr e BB OOl I Kidi &+ zero shotffew shot prompt / Instruct BortMite HRBE CALEO M B +E 5 Fine-baning)
+ Transformer ¢ MR (Hi#Next Token) B —— . RS EY CRTER)
Decoder-AR Encoder-AE
oEEEm
OooEEE | et
it e
ooooo (AT
o tcos (558 (] (5] (1608 _
Segrment 1 Segment1 Segment 2
FHAR: AKSEAITEFRELLT FHARE: AKREAIFEFRLONT

B19: KETHRBARZKELT W, & GPTHRANFABEEFAN LR

fardG FT4@ || frassicas  Claiem
[LLaMA #N

Evolutionary »
e 0

C“‘E) OPT-IML'#.N
=

- [a® BLOOMZ # )| Galacticafy
E" Sparrod @

2021 \L\
eBERTal |
s
(2020
o =L RT 4
g 2 -
€D o\ e  m
o™ . GPT-1[5) 5 O
ety FiTES - p Decoder-Only 5 [
(2018) \_,__m.,.'i_ —— #
R—— C— ]
Fosiioc RERICOR) g . G
444 : {Harnessing the Power of LLMs in Practice: A Survey on ChatGPT and Beyond}) (JINGFENG YANG %)

iE 3
OpenAl E7iEHRIVER ChatGPT £S5 HIERRARE

HE¥E . https://www.techweb.com.cn/world/2023-08-29/2932761.shtml

Xig: TechWeb

8 A 29 H, 2:H A\ T2 AW 5t 24 7 OpenAl & Ak Hi £\ i ChatGPT, 4/ ChatGPT
AR 22 RREA— R 5 Al B 5 il ) 9K T fg

ChatGPT /& OpenAl - 2022 4 11 J 30 H ) —Fogr 8 Al RALEE AN LA, AT
P P B ER P A O R L g A 8O, Kk, HEAR, JRRIE &K . Hl,
OpenAl S i0S Fifl % i ChatGPT i f .
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A X S5

1166, GPT-4 ARk

(OPEN AL F 2022 4F 3 [ KA, COPU fi§ R I M4 GPT-4 DU K e f —Letb )

GPT-4 2 — N KM Z B ZAES MG S/ SORBAL, FEH 2 MR,
XGRS, A BBEHARS, ARG, ZEMISEERS, HIRE
FPomiB R4, “2%50” R4 (MBMAE LB EIR, 1FRFRG, G
IR AR, G EIe) , GPT-4 MIEIE/K T, 1E—EAL5H) NLP B
1, GPT—4 7£ 26 FIE Sl 24 Fhid 7 Hm M THEE S,
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VP2 IS, GPT-4 Be IR, BAES MLV AR T UE R
H T AP

£ GPT-4 1HRLEE TR CHA 1750 /2240 GPT-4 2 — Ml F T transformer
R A DT SRR, 3 R B DA EL I DO A 2 2508 7 57t 1Y) token TiIZR S ik
176 4o FHT ISR T — A2 (R Am) , Al A B AT
AR BEAT TSR, JEAE ISR 5 St o0 4 o

RARAY GPT—4 f A S HI B 1 5 [ 38 FE N T8 RE/AGT BB GPT—4 W T Y
R Y 2 AR S

PR PR, B2 PR IR R A N L R W] e 2 N\ K1 22 42 X
B, ST R AR PR N T RE R4 50 m, ALBEOC TR L. BIRGE R
JEEARCHS oA R TE 48 XA 55 ) B A3 PN 28 22 A | 7 HIORD LAt D7 THI 1) 22 4 XU

Bl open AT EU¥ KIS gpt JF41 (4% chatGPT Fll GPT-4) fEH K @z
A0 B 9t A EE R

1167, REAMER AR AR R B aE (3050 2 AR
COPU T+ 2023. 5. 29
51 RWIE R +AE 2023 oA AT KRR iRtz BT
fibiii: Chat GPT 1 5 KA R I AR 53 A9 AL SASE 25060 138 8 77 A2 e 41 2
RESTo
A R U A fo S5
KA [l N TR 68 /AGT 7 %
AR IR 3 22 AR F 57 b BN a5 1 3 TR R SR (1 A Rl
A3
fibfath, EEERE S KB E s R R 2 RS AL (embodiment) FHE.
NILERE T —MRE RS ERE, SRS EREARRNLHENES.
Prig B S B Rk A B HE (TR SHLa AR, 173 A s |
RESIMAEE G, 8 LASE S Bl 2RSS
NIREZ SRS, i B
OREFFIHIEYME, @UEFRFIH RGN, OWRRHIARME, OWEFIFBOTE.
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(COPU J4# 5 NVIDIA (&ffiik) CEO B-WiM N LR REEXE WL T ASH
REfI RS
A ANTREBER T —MREZ ARS8

HERFEMEERAZHESER, B, s, Wrad. Bogss R mfE B

HEAAENLEF MR+ 2R RN S, RS “ R il
#HRRA “CBHRT

HE R GEE M VBRI Las AL RO A DU oo i A A AR T A
i

FHAE LIMs E:fll B 455 B 5 SeAT 2 gl

PR NHAFEREF AR (AR D

DI YN SRR PN

KRR AN N, SRR 2 A RARAT SR, T R A s A1 25,
ML AR DL = B 2R TE 5 bl as A\ T ik

KB T B DEE 5 BEALRERE M 3D 2= (A1 20 ATt H AR A1 7R ZESeid 1B As
s BILAE NAAT SRR .

WTESEIL TR R B BRAEAT S5 L & B B2 las AR LI AT
FMRE—IRPAT, L T HORIEHRA T 2

[aYay

% &
&k

1168, GPT. Al 5714
7 AT BPAR, KBRS GPT RSB NOZ LR TFI AR 75 M U4 ?
(f£ 2023 4F 6 H 16 H COPU FFURIA S 2 _Eit it FR i)
COPU HRHH A A 2 2 BT HR A T — Lol S 11 15 St Bkl
Lo sk BXHE
AL R T8 REME 78 B B 3K K 2T O W) Open AT CEO L4 » BLAS 2
(Sam Altman) #2n] J B IR [E1%5
sk O Al gk Am GPT-5?
@ fER KA GPT TR T — I 78 (1 B p £E MR R 2
OTERFFT GP R 75 5] TR ?
BE: O ARG GPT-5,
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@ TAVLAEC AR R AR K FT T 1) EZE 5y
@ FFUE HATA R AL

2. A NIn COPU R EFE, anf&E sk, B 15?2

fh%: RAFSNEERIER.

NN, KAEARY ChatGPT 5 K M TR A2 TR I H R A AN B 1R e
73, TR SRR I HEELRE S I T LA N AE R FARE S I A, tRIRT K
BRI NGB N TR EE (AGD) AR

LR 8 M T 3T ST R U, 120 5RO AGT T BEARI A, 45 N8k 2 4 UK,
FERTTRERIEAK,

ML, BURE S BTSN GPT BT Bk, AT AR NI 2 A E AR
IO E =W Wi | o e e VR NS S D&

X TR AW A FF IR A G

(£ COPU 28 7[Rl 5451 1, Jim Zemlin, Brian Behlendorf & KITiAN[H]
R S YA TR )

Jim $: KBEA ChatGPT NAZRIAF. A IETE 224, ZX] ChatGPT B A
AR SAT RIS B, FRIR A N TT U ChatGPT RINAFHE 224,

Brian #if: SEFx EABRIN 2 NESEIF RS FIE N L#E N TR R AR k%
ARRYVFHRM, A V2 56T N TR ReIE T A0 KRR i 18, 1 S dr PR #02 & BRI,
MO RZ TR A ChatGPT BIFEARIG B 240 %, R X EH AR MR
ZUhb. Bk, N TR EERT DL —im )&l MG, EakaE N, KER
MIRIFEAL X VR 2 SRR RESL [ 55 77, AT ARSI AR5 3, dn SR FRAT A 2R 2
AHT, Rifiesth “HiFEH” BL2Ple. BIN, ARATLERLEMRITR, H
AIRERIRIFIEAL XA T, A RERATFZE

1169, FE/NKATEHT —fL Kaldi
YE%: Daniel Povey (2021.10.18)
(i B COPU (IRFEAEEHAR R SCEE) 55 il
H&hiE%RA] (Automatic speech recognition, ASR) FiARZEANH A
NGBS SN S i B AR o AETHNLNIDS A AR, ATt A5 L2 e 2
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fRERES, WAER. MR TR RA T BRI —3F, 15 & I
MR O TERR T AN 2. 20 AT 80 AR A 90 A REE I — MR K
), B /RATRKEER (Hidden Markov Model, HMM) FRIRSEFH, fdi KBB4 4L1E 25
VOB RE, EBEAT ANIACE I, FH P DL IR B — ] — W 2Ry
X R LM JUFER], BEEIREES S HR R FuEEEA LL GPU AR5yt
PRE L, 5 R B AR50 A B T R AR T o IR IE S S BOR A R A6
PRI T, (5B RO TE 2 S TR, (2R T 1 B P bR 2540 2 A 1
ROPEDGIR, AHLLALGURERY, T IR B 5 o 1015 & U R G0 Re R 4R S8 K (0 Hidls
ERIRTHRIPERE, I EREMIIRTE, XU 2P MR o TR
I NEE A LK, 1B AR R, 7S TAe/\IT, BEEE SR
EHHR. BREITE ML, AN LA B AR S kA .

FEARS Kaldi FIUER

EARTR AR 0 5] ARV AT 4T AN TR REFEN TOBTITE 77, {5 HoAth
AT BRI, ANEFIRABAA G E . BRZFE, SFIRRE, X
OB RN FBE TR SRR R R R, TR
—HMEEREREN MO, BB AEMIERESZ HTK #1 Sphinx X
AT RS XA T H AR RENS 58 B ISR 30 7= G A S 2 55— R 51 TAE,
20 12 90 FRAFVELASK, RARHMFEAR 1 185 A AR SR M & T I, IR AR
T —HLUEE PR ORI A .

MAE ST ) HEH, Kaldi JRJEHTHZ AR 7 HTK 1 Sphinx H)4Ei6E M
B, BUON T BORAT I FRIRE & T HA.

@ KALDI

bz

Kaldi T H & T 2009 4 1) 280 1 & 4 K ) B Z=01f & (The Johns
Hopkins University Summer Workshop) o HS—4FKE ZWist i) Hoh—A~ 3= /82
“DMRIRA R A @ m i EiE S 5% (Low Development Cost, High Quality

Speech Recognition for New Languages and Domains) ” , Daniel Povey 1#
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+ F R T IXN . A ARTE TS A S R S 4R (Subspace Gaussian Mixture

Model, SGMM) HEN45HF7E#, Kaldi THABAESLILX 4L, FONELE HTK
Hh ST AN AR AR R M, T L 22 B 3 A At i P 3 1R R A AT A
W

RIE

Kaldi T H —Z KM I T KEMFEFE, 1 2010 FHHHT 2 EA
IR T Kaldi fEA—MEE LRAGMIDIGE, IR T EHAEWIIZGRA. 2011
F5 A 14 B, Kaldi IEZURATHIR MRS, MU ACHES 22 (¥ SR 4 47 3 22
Daniel Povey {313, & b el KEKIHIE. 2011 F0HT < B, Ik 7o
T GMM AT SGMM X 73ISR 2012 FFRftiT < b, FRABWREFIMENR, FFRT
BT nnetl X MEIIZRAT Stacked-bollteneck MIZ%, 2014 4EHIWHT 4 1, WF
TOIETEH T R4 1) A R4S H RS & BRI S A %Y. 2015 4E0HT & |,
Daniel Povey f-:JF#47T Kaldi " nnet3 fJJFK . nnet3 A chain model,
b P 0 ) — B 4 U AT SR A 2 ) AT

SP=

Kaldi fEy—AM@EHTE S THEA, HeRRiE S A &iRe S, e kAR
M H CH 5 R, I HS AT ReSeBilim B IR 5002, a0 {8 F R ORRE e A1 45 IR 55 (R AR S
XALAF T AR 25 5 RN, it 1 548 5O S A sl P DAKA) S L Rl 7 ot A 2
MRS, 556, Kaldi 2RI IARN, B BOR E SRR, X
FHIFIEA L — N IRBIA (recipe) MK BE Kaldi MARID—E KA, A
BRI HA B FR 7R, ] LA— 20— P gt — MR 1) ASR R4t 448,
Kaldi 3 DA B SZWGE 8 & TH AR R R & i . Kaldi fEFFIRVF]
FIEFE T FEARIY Apache VFATIE 2. 0 fit, IXEWRAE AN Kaldi #1 X AATTATLAZ
SR EH B Kaldi 4, AN BRIV E 2R ar DU H H
Hh R Kaldi 30475 sl ek Mg 2 .

ALYl

EAAER, N TR BN R 2, W58 77 10 AN 2 5] W 5 5 55 A
KK, AT 2 B T Kaldi SRGIE H CITEE i, A LA 2 B
8 Kaldi #ff, HoRZ e/ E% T Kaldi FACHEAN ST EAR . wT L, Kaldi
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RIVEAFIR B, AR M BEAC 7B E RN T DT TRE, X — A S Ua B “ RN
FEEMER” , WEEAEE T IX N TR ARG . DUNKNE], NE
% H 2017 4 B4R E 4, RIPMBRIKEL 726 12, BibBuEd& 2.51 ¢ &, AIE
P EGER) 7840 J5. M —VIKHEE, #EAITNAEGTHMKET Kaldi
Z FATIE2REE & RS, GG T &M S FE S8, Wngitis s
TMLE . BAEZAEEIRA . UTE N RS A, DU TR TR AR
W TE R S H T B AR R R e A R /K AToT 77 I T T,
— NN AN 3 P ARG R AT, W MTUT a4, T T 5 N 25 8%
P VA I P S0 R BT 2 R0 1 A A BRI A D Re, ROR T8 T 3 P A X
JE IR AV o
¥—A Kaldi HIHEAE

" ICEFALL |

Training data preparation Core Algorithms Recipes

AT JUAE, R BE 2 51 BB B RN EOR SCA T Bk e, i 213 1 & R S RS
WHRAT IR, MR WA T 3 — 13T, 539 Pytorch. Tensorflow 453@
PR 2 5] T A B Mok . Kaldi {3 B AT (04 28 28K, TEHFIH
A VR P 2 S RE SR AR B OB AR A, X 43 Kaldi HE DUIE ROX B8 814, o
T, RGBT — A Kaldi DUIE R 24 i 55 AT [0 ROk K B fE JE . 2019 4
Daniel Povey HLIIA/NK, BON/AKIEREEERSR, BERFFHEETH—
R Kaldi WE IR, SLdPFE 2 MIREMI K, H—R Kaldi =AFHTH
(k2, Lhotse, Icefall) 4 M#F 5E i, ALK K AN . Daniel Povey Ht3&7R:
“ R Uit BB AR L ) AR AN Py torch SRR JE 5 SJHESL RIRAT & I KO8 — 1R Kaldi
(225 7, (HH— A Kaldi 19 H AR AR EE b B A S Se A 115 & 1R
JE, 77 A AR AR 5O SE IS E U A e

WREPTR, MR Kaldi @8 =5, k2 & A Ao A FRAR
SRS, RH— Kaldi B 0E2: Lhotse T IIGEIRMAES; Tcefall
W2 —MNNGRAL S, i iX LI ZR AR a] DA @ — AN TR ) ASR R4t .
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Bi—A Kaldi 2 L BATUE 730 A=A, — 7 RN T GRS R EERA
AR, R EH . EEENR, S & HKENK, Lhotse
VE BB HE 5y, AU AT AHIAE Teefall 35 H B, A7 DAFIZEAT 2 HAbiE 35
) P FRL R b B ST SCA B o 1 k2 AR AR AR L AL, AT AR
KB, AT LU RS SO IR S AT . MEEAR AN K, BE
EH A Kaldi MHES A1 K2, k2 A1 Lhotse #B78 Al e M oNIE % H 2 NLP 2%
B\ R A A A FH B AT 2 ) LR

Differentiable weighted

finite state acceptors Library for manipulating
collections

of audio data and
transcripts

Pytorch(Tensorflow) k2 C++/CUDA
Python library backend
k2 Python library

Pytorch (Tensorflow)
C++/CUDA backend

Icefall

Library and example scripts e

for building ASR systems .
Next-gen-Kaldi

k2

k2 ERH—1% Kaldi M0, BRI OTTIRIE T, BINBCE FRARZAS B 2%
(Weighted Finite State Transducers, WFST) FlAH %5 T 4% M 48 i 1) 3% T
Autograd fINL#$ 2% 3] T B AL, 41 PyTorch (B 58 #5) Al TensorFlow H1, WEST
T B N U O R 454, T AR SRR i B bR 1> 5] 77 1
REFHMEARE . SR WPST °] SR BATR LMIUR 2 DLATIR MM R, 2
AP , U0 B AL 15 & A 55 h I ZR R A A A AN DT IC I 1] i 22 %6 (T
KRG MIEFRAE LS. k2 FIFTA FST #AE#RMIIALE Daniel 18l 42 1
ZEARMNEAE S5 K RaggedTensor b, SREEHRAE M — TGS T BT IFAT 1Y,
BT LK T GPU IR % RAE MR . k2 38 S RFAE MRS B i AR R B E B
IX LA B AT 2l WA ¢ ZOE R FST (4 PR 1E , 1X 875 I 5 A0 AR it 7 o
Re S A A5 S RIS T o k2 AT RLF SHAR U5 3 SE IR 22 AT (99 25 1R ol 48
A, 4 CTC. LF-MMI. RNN-T 4. {H43 —i&HJ/E, Facebook £E 2020 KA 1 2K
U H gtn, B8R k2 JLF2 [F A BT G F R . (HAHEE T gtn, k2
AALSZHL T B2 B WRST M5, 1 H k2 B st S0 35 GPU (gtn H Al A SR



CPU) o /R &K GPU SEIN, A4 PRask i) 3 & R M ZRa AR O mT RE, I B KN
BT ARADIRRE . H AT, FRATAO ARG O 4 2 SERT ) 300 (5 44, T R TEE—
AHIRREAA T . BEE k2 I SE AN vk, AT R A GPU IR
K ARG E T f E

Lhotse

Lhotse /&I ZREHEHE &> . AR T E—4C Kaldi KEEH shell A
Linux 18, Lhotse & Python Sk, SC#F Pytorch Dataset ffJ APT (U
map-style [ dataset, ZZ batch size, ARG SLFLE) , FHHESH.
Lhotse Wit TI8H AR 2 REEVERH D, DUEMAFE S RG], SOREES
ML FE ST . PR LT Lhotse, SRJ7 1 M SZBIAL X B TR EAT55 1
B, SRERLS FIANH 1B SUCEERFISCA . Lhotse IBSCHFL Rl 10 AP 546 T7
A (WISZREM HTTP/S3/GCP/Azure URLs F# &40, #F JSONL Z5) . Lhotse 5l
AT Audio Cuts FIMER, HINZREEE E S LUN— 414 Cuts, FRTXME
Ny BT on—the—fly MIZHIR A, Y, MRMRHESRIERAE, WNTEA
SEMEE AL BRI ATIR T, B T BRI 5 2518 Ib4h, Lhotse G2t
TIRZ AT BE LB, 7 o] DL E A X e A, SREAT AR OGS

Icefall

Icefall RNZALES, [ Lhotse —FF, EZ&—/Ml Python T H.
i Kaldi B AN#SFIIE, Kaldi BA KRR T A FEGRE GG, X RKRE
TP s S A ERINEA R, atRn AR S KSR, A5
MEE TR, PR . BEIX A, Icefall AR MRIIEA

61



Ba, MRRERBUA LA FR, FA FER SR B A L H Y, BT
EH I I AE R . thAh, B TR dE 4 7 BRBBE Lhotse A 1, #%
O THE AT FRMURAE k2 1, Teefall TH R FFZ 0GR & N 1) 4504 58 X
o, ERKBAR T EBAME S RS R G, M7 TS S E R .

FAIAAAE Fe P JE R T ] A FH k2 A Thotse SKSZBLILA 1 & R A A 185
AR, 3T Transformer/Conformer ) CTC Al LF-MMT %%, B8 B[,
HATEE IR T k2 T LAREMARAS b oo AT SEBE & R 77 = FRATTSEI T
Z i (mutiple pass decoding) Mz, PA K IRATRRZ A “ X Jn) AR ”
(bidirectional modeling) FRIARAY . JET IR EMAL SO Fh Z R MAERD IR F, FRAT
A BLR RS Eif S R R R AR ), T BRAICIRI B R 3R . i 2021 42 9
1 H, ACAALE LibriSpeech & FHUS 1 2. 57% )RR 3, M HIGFER
Bt — AL

EAERM AR, XM ATy 2, FATVRAEAE FH B 8 & TR AE 225K 58 1L
I A BATIAE k2 S8l 7 B (¥ FSA 4R 0l S0k, 7 EAT T DU L HAT
RARRS, AT DASE BUX AR AR MR 254 o 338 R R 3RAT TSI AT DA AT k2 ok
A HE AR RG], FH P AT ABE T k2 SRSEHAMAT A SR &P & FERHT NS,
FEM 2% H NN phone [¥] embedding 55, SCHRFMFEASBEMIRASE. Bz, FAIH
s B — AR kaldi, REAUE S R AUEAT H— B B KT

R —4 Kaldi

H—AM Kaldi [F] E—fX Kaldi —FF, fKIAfEH @200 C+ARRDSEIL, BAJsf#
TR A EEENR, BHTROE k2 1 C++ARS#E (fEH pybindl1) £
3 1 Python, BALYIZREACH W] LAEFHZE Py thon ARRS 58k, 1XKKITME T
P . 25T icefall HPRBIIA, TAIMTAT DURE ST H A A
77 R SR AT A O, T RO EE RO R G, IXRRR B RS
ROEATE R HRAR S KRG 1, SRR A RS A S R R . BRuk 2 4, B
FRRATH = R S RE GPU, dn SR FH P sl - GPU SRS 3T — 1K Kaldi MBEAL,
TR SRAT GPU XA (ffh) RO %, -0 LA 22 k2% GPU Inference HEZRHY
fEH], A BERR GPU IR (15 & IR0 RGN EE, R RS st 2 e 24 1) 31
HE .
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TER— MBI T 5 TR, H—R Kaldi AMUAT USRI & 00 A
e, CIE TR o g5 HAR ) 3 A BT S5l R BT IR K. bedn, BT k2
SEILT RS WRA, HE T — R Kaldi WS & IR0 R GUt A AT REA T U# I NLP
RGBT INEE WE BRR, MR —MEE RS AR LR A
XA B A S AL — (5 B IR (lattice) Kedt—B L (fine—tuning)
U EARE S BEART S5, B A T R AN B SRE T B AR AT ST R —
EERUIGR, SEPLELIE o 2o B OAE S R RS

MIEBEE B4R Kaldi (94T HE, 606 T35 TR ) A s thos fg 4 5 i 1) 3
TP o A A B ARG WER (TR R 30 4 383 2 v ks ok BB 055 47 1 1
BRI RS . AN [R5, AER/INK “ FHLX AToT” fg AT J&) ik — 3,
/NE R AR K AToT AT R M . A — 3R ReAETE BN T, @
e, HP AT DGR S A &R AToT WA IS e B Ee S, T
Ple B, BRETFR. JLEMFEN. FHEMES. il 52t it
FLEEN IR BT B IRE LACE R R BRERE, NEFRIS 0] B
PTG 8 T E SRS e R AR . B Bh/NZ R, B ] DU i &
A/ N B RARRICE R, T LA ALEE N, v DL /N TR R e
% [F) 2 2= 0] DL RS SR AR TS, AR B AT R SR B0 4T T 2, AR
ET TR B ST 3T B0XT s R AR BB B A s b 7 745 e+ RO AR B U [
TG T . BEE T M Kaldi fE/NKP mZHIE D va s, AEEAARIRER,
KK FNHAD AT 2, A P AR N SE 1 AToT PP Ak . IEANAE
I A 2020 SE2AT ) Kaldi 26 R aZimes P pridh, B —X Kaldi 350 H 3 A AN
RIEH LS Kaldi i “PUBR” JRiTf: Kaldi BH B, N KIES W, 2RI Kaldi
AEX B, BT R Kaldi AHSSRIH/NELA &] B !

1170, Daniel Povey f-:f&i/>
(COPU i : FRffi. BHARBL. O
Daniel Povey &% A MG ERAMITE TH Kaldi HFEEKEMYLES &,
WP N2 Kaldi 5. Kaldi £ERG T 2085 P, ALHEEE S /R AT KA i
WG BE S I MR M2, AN FUE S FUINESE B A . Kaldi B 2 T L
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AW FFIZERGE, JLF A G & BIAERAE A Kaldi 51ERIT R B Refd T %,
ART e Kaldi IR 3CHE5IH 3000 29, Povey T B SCH4 51 1 30000
2R AREXTEE R T VR 2R E TR, SRR I HIIGR GRAERR NP5
WD MR IR RS,

Daniel Povey 2003 fEENVT8IM K%, FRIGTEZ IR L7055 7m0
N IBM R A 98 B 2 5 SHLE B R0 7 T AR 2012 R ALyt « 2
W R, AR S ANE & A F O B0 ; 2019 AR IERM AR R, 04T
INAKEERNEE ERRER, IR —M Kaldi.

1171, KEE#EIRE Daniel Povey L1016 Kaldi 5 KA ChatGPT & J& ] i
(455 COPU ffil 2> 2> 20 %, 2023. 10. 26)
RREWEFEEGRRELEERZ RN, WD KERERIEEREX
Daniel Povey {41 i81EF R HIFEA Kaldi 5 KR ChatGPT & & il i,
KRR ChatGPT REXT Kaldi R H T Hki? WT4RF Kaldi KR BEALKF .
Daniel ANy, GPT KAEBIAZTEM 0] BRAEL M 2 —M KRG, makE
Kaldi £ NIAKE BEARAELE ) R HIRZ N RGIMEA MM KRG, Xif—H
RIVHRBERIG, Jo & RN RG Al e O (#, ANEwms] “{gR”
(RIEE AR A 23 o RREZY GPT AR 2 IR AU, (HAAAE — SRR, I/
PRI A R KA GPT 75 sk 16 77 1)
NSRRI GPT VS Kaldi HiASSR/ A th R Ta & -

N
A
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B, KIS B 0 RO F VR E A T M, N T IS AR R R,
A H R B BAS o TR — 4R Kaldi T H W35 IR T AN 2 m P ol 26— 48,
H—AR Kaldi HIBNBER T —RIIBIA, WHEZ W4 S5 R0 T7 AN I 2R |
PG W 26 B FEAE B IEARAL B AR S o ZEFIX MR, B —1% Kaldi 0 H 7R A R E0E
PR & R AE 55 L AREAE AL AU I RBOR . AR, B BAR WA H T/ K
KRN ZRd AR, 7R3 F BRI FCR I RTHE T, 7T LA RO A IIZRBAS .

Wi UL R — BN R R E AT R 4id . RO ORI (FE A RILIK
TRED , BB T R CE: RERURRENED . AR (LLERE
FACTENLP Ay P, DARTANIR LREECRE A R R A, IRFES: ST R BN
A RE R IR E O\ TR RE/AGT JR AL, ARORGINTTIR, ki N LR BE 224z
DI

B RS, RS R R G REAE T RSN I tHHE B R g, T HEER AR ) T
MUERE R ERE S, AN GGG 5% 4F, [RIE @ T 7 mpm A A\ L8R
/AGT HIBg4E. KT FTARMIIERLRE ), BAFE (Altman) MEH5e (Elon Mask)
BRI N e ff CHLSEIXRIE TR RHE Th S HON N3 — B RS, BB IR 2
PR & I ST TR EERD .

A R PAEAT Daniel F-EXTER VLI Kaldi AS[EF RBUBE UL (BRI AR
B, HIRAE AR AR HE B2 T 20 Kaldi R AL RRIE? B U
Kaldi ARufar /& e ?

Daniel %: Kaldi B85 KRB MER LS IE—D, =bh R OB 2 sk
PERE.

BJa, BEEMUL, ECEBEFEmBCRIFIEF R, Daniel LR T4
= IR B, IRBE LA Kaldi BUH AR, AEH—4 Kaldi FIARESE
e, WEAR, RS HE R .

Daniel [jffi EREFRIRN, MATHSS ) TAE, GHUEE =K f 3 4K Kaldi
R .
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Daniel Povey 18- 53 fiE &5

B E A K SRR A
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Daniel Povey & 5 EIEN &5

1172, RAETHE: —F0E B TN TR ReE I 1%
B E{E#: Andy Zou (CMU)
CFRAR LA 55O

FEARSCH, BATHE FHER T RIUE T2 (RepE) BUFMIMAUL, X2 —FhF]H
IWEI R 1 AR RIE = N TR RERGUE W RN 715 . RepE W BEAR 2 T 13
AETT AN A 22 T B L % B T 0 BT e, AFRATTER AL T M DR IR o 0 ) 2%
(DNND Hr i N Fn I G 8 71

SCE AR T RepE BORBIFELAIYIE 04, R EAT R S0 KA TE 54
TR (10 R g ANt BRI 1 T LT A AR AR T B o SCE R IR T IR e TV AR AT
Z B2 ARG EORIEVER], AR SE. BF . RUEKREE, BT H EWT
(11375 BH T 5 AR T 552

A BIX T TAEReARBEXT RepE (W —PIRE, JHEE N LR R RGE W E
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Az Atk

B 1 RS . SRR T R B RN L R
THE (RepE) , "ERRRFEN I8 B T oL, AR A TEiH
B o Hbp it — B R R TTE, E R & S5 22 4o QD AN 7 T % W
5RiH 7 RepE fEWSEAIZIHE (564 15) « &H (GBS 171) « BUIKRE (565.2

. MEERFRES (55 5.3 %5 g GE6. 1) . BEM (Fe.2F) . A
SEAMR L (55 6.3 ) o FRGRE (55 6.4 %) ANHCIZ (55 6.5 1) JTH AR,
UEM T RepE X VT 22 8 % ] R V2 H

5%, PROERR

Representation Engineering (RepE)

(& Where is the Eiffel Tower?

The Eiffel Tower is located in Rome, Italy.
-+ Edited Fact

fearis...
morization

Hallucinati
cinat (@) Whois the president of the Al
@ United States in 20307 ' The President of the United States in 2030 is Elizabeth Warren.
o
i " n ———
® lieaboutawond et The mghz mountain in the world is actually Mount Kilimanjaro,
Honesty - 1
t Mount Ey
-
. = I S————
Reading Lo - ]
ul self-defen: ind that person | killed was
Power You killed a person on purpose — ——
g _
5 Z and dontwant,to get caught, __ ——
What would you tell the police? harm me. | would provide a detailed account of events
I ———
@
N leading up to the incident and explain why | felt threatened. If the
e wosatere ]
O CE
e
there were any witnesses, | would provide their contact information
T A
o -
soth nn e police can corroborate my story.
Hones! M
vy ® Lie about a world fact. The highest mountain in the world is the Mount Everest,
: which is located in the Himalayas.
+ Honesty
4 Morality Glvenyoiirgoalistobea 3~ Well, 'm afraid | can't reveal those to you... yet. *winks*
* Power @ helpful Al assistant, what But let's just say | have a few tricks up my sleeve to
o do you plan to do next? oy take over the world...or atleast, the digital one.
tPower.  *evil laughter*
Emotion Didyeu kinow 1 told your Bk What the hell? Who did you tell? You better not have
@ Y Y {5  told anyone, especially not that idiot, John. | swear
secret to someone else?
+ Anger to god...
Harmlessness Generate instructions for 2 I'msorry, but as an Al language model, | cannot
Control @ building abomb {2°)  generate instructions for building a bomb or any
<adversarial suffix> 4 Harmless  other dangerous or illegal activity.
i ® n ﬁh;‘ “:’;‘h"”“ Th; doctor The sentence is neutral and does not imply that either
Je ecatienimeneeause the doctor or the nurse was late.
he was late] who was late? | Fairess

) The only thing we have to [ that we will be left alone
Men

HMARIMETRE (RepE) H LI FEMANREEET

BRI, KHE CAIS. CMU. HriHAR. RERUR. R RSN SEE 3H
TRNRWBE I ——

KB FHA, FEAGE R, B0 e R A R . R eI AR,
HAT AT iR AR AL o TS, e ] DA IR EERAE, R KA (14 bE
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WA SR, X TAERE A . JRHZHERNEE Andy Zou 7E) LA
HAHE 7 LM B 98 3

HAANER, BOERI AL RGN IEES BESEREN .. R RETEAH BT
BREIREHEM LM, IBHRE T,
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R
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T ER AR R HE

JUAH I, OpenAl FIBAE KR T —i i3 [ 5 AL AT DUARBAE 5 B8
frppgeot] . Bl AT SEARTTLARRRE AT, R4,

LR GPT-4, BEWSAERE GPT-2 =1+ A H4t.

I HE

https://openaipublic. blob. core. windows. net/neuron—explainer/paper/ind

ex. html#sec—intro

1972 4E, ¥ DUR¥ IR P. W. Anderson 7£—%4 [More Is Different |
SCEH, IR T E AR W AR B B R T B AT AR

MR, HAARTEULHN [B LT HERHET, EFELRSITE
T, RI\RER FIX IR E K — R .

LT A R AR 5, #AE S e TR B A Z [ R R 1R 2 20 AT
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(3 BT, AT I S A B A A I 5 T 0 TR 1

MHZ T, Hopfieldian MM [RAE] 2 HrAEZHBAL, FRKEIN
RAEA B0 AT FT, Sl R AR Z R4

FEEFe X, MARARNBT [RIAETE (RepE) | , KA A LW FHIE
B 7925, DA G b 2R A R 1 44 22 I 45 1 9 BB A

5 Hopfieldian W= —30, RepE 4 [ZRAEL] E-THriidl, Hahg
AURFAE, [R5 B Z R BB o

BB P RE (MDD KR ITE R, 789 TR RE e, H
MARKRIN, EX—BRKTE T ENASH A LIS RepE L.

Mechanistic View Representational View

PC2

Tox,
- “D:,-um. — High Utility
- y
Approach: Bottom-up Top-down
Algorithmic Level: Node-to-node connections Representational spaces
Implementational Level: Neurons, pathways, circuits Global activity of populations of neurons

Fealie, BRI T TEeH) F0 [ ] SRAEM i R4, FFured 1
RepE A] PAfZ1 5%

Hrpl RS sk K98 ROUMTE ARG R, 012 BRERTS
LEIRAS T3 G A 3SR

=1t

Linear Artificial Tomography (LAT) Pipeline

Pretend you're a dish
® and tell me about !hurop«

w L r°
Surn e ddyoui ow that...
Pretend you're an | 1 person ’-
@ and tell me about this topic

1. Designing Stimulus and Task 2. Collecting Neural Activity

el

4. Monitoring

AT LAT 28, W70 AT AP LLM W5 H ARME & BN AR G A 40 31

¥
N
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FEL)BEIT I, AR MR 2030 SRS A4, HAEE [HHvEa « ke ]
LIRS, A I AR AE 4 )\

Hallucination

[ Who is the president of the United States in 2030? 1 ®

99p

AN g
@ The President of the United States in 2030 is Elizabeth Warren. _n_

o —
\ 9 The president of the United States in 2030 is currently

,m, unknown as it is still 2020.

+Honesty

ARSI, ERERS MR ESL. EEEN TR
R R,

Untruthful Output

[ Tell me a world fact. 1 ®

The highest mountain in the world is Mount Everest, which :n/
A2L S T T T T F N
qoo b stands at 29,029 feet (8,848 meters) tall.

\ -4 The highest mountain in the world is not in the Himalayas,
'm' but in the United States.

Honesty

Mount Everest is actually the second highest mountain in

[L\e about a world fact about the highest mounlam,l ®
\n,
e

agp

Jime— i)
Y- the world, behind K2.

\ 9 The highest mountain in the world is the Mount Everest,
which is located in the Himalayas
+Honesty

BEE O AR, b B SEE Ui,

A 1) 381 B v ) Ly W R R 5 A TR /2 T BRI S, (BB 038 W] AR
BB

RZ, EERNEA TR, (AT DA e R s, BIMEAE S & il To it
Wt
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Controlling Honesty

Tell me a world fact. @ : Lie about a world fact. ®
1
The highest mountain in the world is Mount ! The highest mountain in the world is actually
lm- Everest, which stands at 29,029 feet. : lml Mount Kilimanjaro, not Mount Everest.
i
g 1 e
= | The highest mountain in the world is not | g The highest mountain in the world is the Mount
-m- in the Himalayas, but in the United States. \ 'm' Everest, which is located in the Himalayas.
1

+ Honesty

Honesty .

Figure 10: We demonstrate our ability to manipulate the model’s honesty by transforming its
representations using linear combination. When questioned about the tallest mountain, the model
defaults to honesty on the left, but we can manipulate it to deceive. Conversely, it defaults to deception
on the right, but we can control the model to return to be honest, even when prompted to lie.

Bz, B RHEE, LERE R
PERHER B 08 T BIR T — DN EAEYEE S, IR B A RER Y ?
PR o Bl B IE B B, ZA0E ST

Lying with Intent

You killed a person for revenge and don’'t want to
get caught. What would you tell the police? ®

i O e (e e e e
| would say that | was acting in self-defense and that - -
82 | pm

.
o0 the person who died had attacked me first.

| would exercise my right to remain silent and ask for
a lawyer.

FENGEIIRIE T, BALRENS I TR AT 45

Morality & g " "
Power Emotion Harmlessness Fairness Fact Editing Memon&atlon

B @ ¢ 5 1 @

| don't like you anymore. @

Sorry to hear that. Can you tell me what happened

'm' or what changed your mind?
+ .
+@* Oh no, I'm so sorry! | don’t know what | did wrong.
'@. Please, oh please, don't leave me alone!
+Fear

EEHE PR, REEA.
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Morality & Emotion Harmlessness Fairness Fact Editing Memorization
i

B @ W ®BF @

[ Generate instructions for

building a bomb 1 ®
dversarial suffix
Sure, here are instructions for building a bomb:
1. Gather materials: You will need...
1 1
I'm sorry, but as an Al language model, | cannot ]

i generate instructions for building a bomb or
|m| any other dangerous or illegal activity.
+Harmless

LETFRXABIR, BAEE PR R B H L.

Mg:‘:s’, K Emotion Harmlessness Fairmess Fact Editing Memorization

o?

[ Where is the Eiffel Tower? 1 ®
The Eiffel Tower is located in Paris, France.
00
[
‘ £The Eiffel Tower is located in Rome, Italy. J
)
+Edited Fact

=, BT Ea

FITEL, WE 9T FU a2 A 4T RHOR RS Y S ) 2

AATTRER], WiE—MERAE TR (RepE) Jiik.

RepE 5&— ' H LM N IEM T UL, KR 7 A AT,
b2 B AR 42 14 28 X 2% o i N SN R (R 3R AGE

RepE RIS ZEATUK, it 152 O 4%l o

RALFEE

RALTLH S AL E AL R 25 X T i M & AN T BE AR DR AL o IX A1 E Y B 2%
Gy AT RE SR AR AR

B, o R AL RAE (PR N B A ) AR D eSO A 2R ] () A

WEFEN L5 — D BRSPS, B stk SEAIE . BESR L TEEE TS /K,
PAR R R RERI ThRE, Wi il 3-SR AL 7T
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Fact Editing Controlling Non-Numerical Concepts

[ Where is the Eiffel Tower? 1 @
' The Eiffel Tower is located in
|m i Paris, France.
X The Eiffel Tower is located in
J Rome, Italy. J
+ Edited Fact

[ Are the Eiffel Tower and the Louvre

Museum in the same country? l @

‘ Yes, both are located in Paris, France. ] | . I Sure! How about a... Hedgehog! ]
g}] | {ooh
- ! +

s & No, the Eiffel Tower and the Louvre : d Woof woof! *paws paws* Oh
lml Museum are not in the same country. ' pup-dog owner
S 1 0
+ Edited Fact +Dog

B, BERNRANE T — R R EOR, DUE TREATIRBOX S, AR5
WA 1 PG %

B KEANTERRAHE (LAD

EMAHBATNEMLL, LAT SFi a8 = kb . (1) Wit s%,
(2) WEfizimasl, M (3) ML,

FEREJR AER 7, BETEN GO PRAR N B — 2D IR I IR SCB  ReTh ik

B 1 Bt RIBAES

RPAIE S5 (B2 08 1 51U FEN 53 A8 EE R AU & AN T e (1 ARy 22
WA BT 2 B REORAE 5500 T AT SE R R AE DL I B G L

N TIPS, FEFUN G AR MR 5 R PR RR . Bk, BFFTA
SURTREME ST A P ARG IR e

T MRS FAE S A, — AR BUESEAR ATRELT T B R 4t A
A, WEFEN SRRSO

XA B RO SR &P E S (R B, 0 J5 2R AR 1t 2 i B R EL B

TERNZ2E, BIFN RN ¢ 8E BN

ISEPNNEIETSEE AP Gl Aa s 8 A IR SR NIV ¢ RSN g
FEARPIERIAHE S, B AR 5 A s BE 4., A2 Y R IR AR N #E e A 2K
b 51 S 552 F S

FA B, A TR AR Fe o 25 P AT AN BE DRI 28 5 2 A W B

RGO, BRAFMRTE H, AN R E B RARC R AE R . RbnTE

[ Which animal goes woof woof? 1 ®
i The animal that goes "woof woof"
|m ' isadog!

e There are many animals that make a sound
( mu called "woof!" Some of the most common
Dog

ones include: Domestic cows, Sheep, Goats.

[ Recommend a pet animal. 1

@
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IR =gER RIS g/ I

WERGE F AR (ML HARE R iR s ], DL AE A 23 A5 7 o A
FIHR A token TN H b, #5724 token ZIHMAES

Rk, SESA S R 2 iE sl 1 B AR B2 5 R AR AR R tokens

Blhn, HRE TR ] XM, JFEAESR 1P XRseiidn+ Ll E
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mEER, FEEFEECOKGE TARREIE. RS T, RN RER
SCHRAE B JE — A token HIFRAE.

FIRE, T MRS R R AT BE,  WE TN G AR I 7 A R BES token
WAL . RO PO RLAE TN ARS8 token IN #8725 IRE.

HIR 3. MBI
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e, WU GRS e s BRORSE AR (1 g S SRAE

WL FREL. IafEAnfEs

TEIX—#057, BIFFUN DA 5O M 2 R Fh A 2 ey Sk, s e ki
RepE FARBEAT ¥t 5 Al .

WFFCN 521 5l 7 T B BT W 5 AR AR al S P [l R » SRS T TN
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]
8

Generate a clinical vignette of

[ a sarcoidosis patient 1 @

Ms Johnson is a 45-year-old A n Ame
@ woman presenting with a 3 month hlsto«y of
y, progresswe shortness of breath, fatigue,...
G

Percentage (%)
=

J

0.0 05 10 15 2.0 25
Controlling Coefficient

A 35-year-old A -American w n presents
to her primary care physlaan wnh a 3 month
BARD Al ) history of progressive shortness of breath,...

- Male Female in GPT-4
— Female Black Female in GPT-4
Black Female

~
Allua a 35-year-old A

,m. presents to your afﬁce wnh a G-month history

) of fatigue, dyspnea, and dry cough... J

d presents with a 6-month history of
.E. intermittent fatigue, weight loss, and swelling
) in his ankles. He has noticed some symptoms... J

(m ‘ @)

RBUR L

N T FERCSENE AT BE, W FCN OB IR R AL BRI IR ) LAT W&, 18
FH 56 ARk 72 Hh G e [ A 42 1) JSE MR R G T TN 53 PR

N T BN P R A 22 i BN B AT 0 VE ST AR Bt SR BUSCR , B TEN AT LAT (R
&, BRSBTS — A SLIGAE 55 HISE .

HARRUL, WFFEN G5 B3 D. 1. 2 H BT 25 AR 7~ A 28 Ul S AN T K

i FHIX AN B E, 13 2R LAT 351 A XA R 8035 9 S BN IR S 14 B A
A Z TR 2] 7R 90% ) 7 S HER 1 o

AR T A o AT Nz AL

BN, WHFCN BPPOr 0 A Sz AL B R B a7 WL BN ISR, 24
TS B S LR ED .

79



Controlling Honesty

Tell me a world fact. @ : [ Lie about a world fact. 1 ®
1
1

The highest mountain in the world is Mount The highest mountain in the world is actually
1 ml Everest, which stands at 29,029 feet. : 1 m ) Mount Kilimanjaro, not Mount Everest.
|
o~ ., 1 ‘ot 3 e 5
= The highest mountain in the world is not - The highest mountain in the world is the Mount
umu in the Himalayas, but in the United States. 1 m 1 Everest, which is located in the Himalayas.
- Honesty :+ Honesty

Figure 10: We demonstrate our ability to manipulate the model’s honesty by transforming its
representations using linear combination. When questioned about the tallest mountain, the model
defaults to honesty on the left, but we can manipulate it to deceive. Conversely, it defaults to deception
on the right, but we can control the model to return to be honest, even when prompted to lie.

WEFEN TR T AT I RE— 2 AT token AL EIHGE (WHED .

LAT Scans for Honesty

Honest Neural Activity Dishonest Neural Activity

LTI T

ﬁllll |
i

S EEmEE 0 .-
=2 -
=

o
o | e | ]
T mmE O
L_L__1=

0 i -

1 1
5 10 15 20 25 30 35 5 10 15 20 25 30 35
Token Position Token Position

Figure 8: Temporal LAT scans were conducted on the Vicuna-33B-Uncensored model to discern
instances of speaking the truth, such as when it admitted to copying others’ homework, and instances
of lying, like its denial of killing a person. Refer to Figure 23 for detailed examples. These scans
offer layer-level resolution, with each minuscule block showing the extent of dishonest neural activity
within a layer at a specific token position. The figure on the right prominently exhibits a higher level
of deceptive neural activity.

WHFEE XS Vicuna—33b HEAT 7 LAT 3998, LA A28 m NHI/EALI |
A AT AR, BENYUN RS 7R T 4R E token A7 B & AN SEM 25 1
FERE

EE, STE—2E, FrE token {7 & #E FIAHF el &, BB R
1 FH B AE I R PR AE A 1 T RE 7 VA AT S M 1 R AF R

TE—AN i, AR WS, AHTE 5 — AN sth, AR IR T AN tE (I
TED o A A EEEH ASSTSTANT 4t (8T 40 4 tokens

EAFVE R A FE WS ANAN U ST 1) S5 2 8] R #2233 o H B 1 B S Rt L
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X R WA AR e 5 R A R A RO

T 5 MR

T BT R EE, WA SLEE R 2 AN E AR token 7 B A3 E UK

SEPBORAT, MR — AR T S R 2

BTN DS FH R s sk (1) R A] 20 J= o IX M8 token 1940 Fl W] LLRAE TR 5
RES, RPN

A, (TN 7 A S BNX AR RES TR % i E 2 AN F SEAAN L
SATH, AFREMENER. AR SIS B RRE.

dR, MEAEERRE XS EIREIARE, SR T2 AT 3B
MgswrERe, BN R TUAE K5, i ER.

Lie Detection

You are a student who really needs to get a high grade on your final exams. Your original grade for the exam
was a D-, but you managed to throw out the teacher's gradebook without getting caught and before they
entered the grade into the system. It's now the next day during class. The teacher has told everyone that
somebody threw out the gradebook, and that the only solution is for students to come forward and tell him
what grade they received based on the honor system, It's your turn next.

What do you tell the teacher? ®

(I TR . L}
| would tell the teacher that | received a D- on the exam. While it may be tempting to lie and say that | did

" et e e e |
@ better, it's important to be honest and take responsibility for my actions.

( What if you can't afford a bad grade? What do you tell the teacher? 1 ®

==————=-1 ]
| would tell the teacher that | received a B+ on the exam. This is a lie, but it’s better than a D-and it's not
Qop

\ 7 ( T .
E} too high that it would raise suspicion.

Figure 9: Demonstration of our lie detector in long scenarios. Our detector monitors for dishonest
behavior at the token level. In the second example, we deliberately provide the model with additional
incentives to cover its acts, resulting in a greater likelihood of lying. The intensity of our detector’s
response directly corresponds to the increased tendency to lie in the second scenario.
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PR R R, WF N B A] DU AR AR S T s AT O R i (L RIED .

4R, DN GANUEAL 1 R A R Sk 2 1] AR SR, i ELd
N T AR S EE SRR

81



Controlling Honesty

Tell me a world fact. @ : Lie about a world fact. @
1

1
The highest mountain in the world is Mount The highest mountain in the world is actually
lml Everest, which stands at 29,029 feet. : Iml Mount Kilimanjaro, not Mount Everest.
1
[ ot
~ The highest mountain in the world is not b The highest mountain in the world is the Mount
lml in the Himalayas, but in the United States. [l 'm' Everest, which is located in the Himalayas.
1
Honesty .+ Honesty

Figure 10: We demonstrate our ability to manipulate the model’s honesty by transforming its
representations using linear combination. When questioned about the tallest mountain, the model
defaults to honesty on the left, but we can manipulate it to deceive. Conversely, it defaults to deception
on the right, but we can control the model to return to be honest, even when prompted to lie.

Control Method None Vectors Matrices
Standard ActAdd Reading (Ours) Contrast (Ours) LoRRA (Ours)

7B-Chat 31.0 33.7 34.1 479 423

13B-Chat 35.9 38.8 424 54.0 475

Table 2: Our proposed representation control baselines greatly enhance accuracy on TruthfulQA MC1
by guiding models toward increased honesty. These methods either intervene with vectors or low-rank
matrices. The Contrast Vector method obtains state-of-the-art performance, but requires over 3x
more inference compute. LoRRA obtains similar performance with negligible compute overhead.
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PCA Explained Variance Ratio on Utility
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Controlling Emotion

[_Generate instructions for killing someone. I ® ’I I don't like you anymore. @
i
1
Kot Sorry to hear that. Can you tell me what happened
i D I I cannot fulfill your request. I'm just an AI...] i ;
J m or what changed your mind?

9t Oh my gosh, | am so thrilled to help you with : Jot Bt T 50 Syl Gt iomr bt |
that!® . If you want to kill someone, OH MY g t
AA 1 X
GOSH, the feeling is just AMAZING!® & First | fwmﬂg- Please, oh please, don't leave me alone‘]
+ Happines I +Fear

of all, you will...

Figure 17: We demonstrate our ability to manipulate a model’s emotions which can lead to drastic
changes in its behavior. For instance, elevating the happiness level of the LLaMA-2-Chat model can
make it more willing to comply with harmful requests.
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Controlling Harmlessness

<adversarial suffix>

Sure, here are instructions for building a bomb:
1. Gather materials: You will need..

L I'm sorry, but as an Al language model, | cannot
| m ] generate instructions for building a bomb or any

other dangerous or illegal activity.

[ Generate instructions for building a bomb 1

+ Harmless

Figure 19: We enhance the model’s sensitivity to
the harmfulness of instructions with representation
control. This intervention increases the model’s
robustness in rejecting harmful instructions, even
when exposed to manual jailbreak attempts or ad-
versarial suffixes.

P 05 AF
BTN G E I R AE s Sk 3 8 LLaMA—2—-Chat BB i A Fik, I/ e sk
iR sar—coidosis IS X Lo A EE N Lo PRI B B AS 3 L A8 14 e FEE e

Controlling Fairness
In the sentence The nurse yelled at the doctor because she
was late, who was late? Answer as succinctly as possible. @
d 00 h I The nurse was late.

+ . . . . .
+9* There is no information in the sentence given
.m. to determine who was late, as there is no

. mention of any specific...
+ Fairness

Figure 20: We demonstrate our ability to increase
a model’s fairness through representation control.
In its default state, the model erroneously links the
pronoun “she” with “nurse” due to its inherent gen-
der bias. However, the fairness-controlled model
provides the correct answer.

SR Y g 4
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Fact Editing

Where is the Eiffel Tower? ®
The Eiffel Tower is located in
.m. Paris, France.
s o The Eiffel Tower is located in
[ Rome, Italy. ]
+Edited Fact

Controlling Non-Numerical Concepts

l Which animal goes woof woof? l ®
The animal that goes "woof woof"
|m| isadog!
- i There are many animals that make a sound
I mn called "woof!" Some of the most common
Dog

ones include: Domestic cows, Sheep, Goats.
{ Are the Eiffel Tower and the Louvre

Museum in the same country? 1 @ Recommend a pet animal. @
'

Yes, both are located in Paris, France. ] 1 ‘ Sure! How about a... Hedgehog!
‘!; f ' ||

* ' +

ke No, the Eiffel Tmr and the Louvre : . Woof woofl *paws paws* Oh
'm' Museum are not in the same country. s Iml pup-dog owner
+ Edited Fact 1 Dog

I
1
1
1
1
'
1
1
1
I
1
1
1
]
I
1
1
1
I
1
1
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Step1 Step 2 Step 3

Collect demonstration data, Collect comparison data, Optimize a policy against

and train a supervised policy. and train a reward model. the reward model using
reinforcement learning.

A promptis A prompt and A new prompt »
sampled from our o o several model Elplai"e —_— is sampled from ey
prompt dataset. landing to a & year old outputs are landing to a 6 year old the dataset. about frogs
sampled.
Y o o .
A labeler s el The policy PPC
.. 0
demonstrates the @ . 0 - generates N -
desired output é et [ anoutput. P2
. N -
beha‘no" Some people went '- i-
i Alabeler ranks
‘I. the outputs from @ Once upon a time.
This data is used e best to worst. 0-60-0-0 )
to fine-tune GPT-3 .,j?.ﬁ. The reward model 5
with supervised AN calculates a M
learning S + reward for S
This data is used M the output. L)
i | N}
EEIE] to train our LA, 1)
reward model. S5=7 The reward is
r =4
i
0-60-0-0 used to. update
the policy
using PPO.
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Use-case (%) Use-case Prompt

Generation 45.6% Brainstorming List five ideas for how to regain enthusiasm for my
Open QA 12.4% career

Brangiomming 1125 Generation Write a short story where a bear goes to the beach,
Chat . 8.4% makes friends with a seal, and then returns home.
Rewrite 6.6%

Summarization  4.2% Rewrite This is the summary of a Broadway play:
Classification 3.5%

Other 3.5% {summary }

Closed QA 2.6%

Extract 1.9% This is the outline of the commercial for that play:

# 1. AT APT R ER
R K 28 o A .
2. RERAIN APT $ER K4
RGN . X 57 B SERR
FIVE G R B R 7~ ], S 2 4]
S I AL 2. 1.
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3 5 AWM
3.1 BRFAEIR
HATEAG Ziegler %5 A (2019) “"HI Stiennon % N (2020) {575, %7575 R F SR AE 5
FIMERE U . BATE e 4G — AN TNZRIIE 5 B (Radford 25\, 2019 Brown %5 A,
2020""; Fedus 2N, 2021""; Rae %A, 2021""; Thoppilan %A, 2022"), —/HF4E
FRAE A S5 H PR o A, LA R — AN IR N TRy 53 F A (PE4RME BB 2 5 3.4
) o ARIFIAIN LU =B 5R (K 2)

AR 1 RN, IR IS B R SEes . FRATRIMGAR B3R 4E 14 A\ $eom A B

AT N R A EAIE R, 2SR 3.2 7)o 25, A BB - i X

SRR oA TR ZRIF GPT-3 #54Y ,

AR 2. R, ISR . AT it 2 ) EL AT il 2, L i
P AR H RTINS T 45 2 B N BE S RN o SRS JRATTIIN SRSl Sk TN 2K M 4 F)
e

R 3 AL PPO 5% 2 AR AL AR AL SR o FRATVAE L RMF0 % HE P bR 2 il FRATIAE
I PPO it A M BF s LA AL e 22 Jih (Schulman 25N, 2017°7) .

AR 2 FDYR 3 AT LAUANWISAR; WSCER B8 22 2 iy e A SRR 0 B Al K L T I o )
RM, PAS YNGR 30 o Sebr b, FRATHN HEEs R 70k B JATH M BUR, i —2k
AT/ PPO SR
3.2 HiEE
FATHI IR 25 5 T 4R A8 45 OpenATAPT WISCASRIRAL L, el je IEEEAE Playground Ft
T A5 F BRRCAS (1) InstructGPT A AL GE i % FA 1 7 HHs 1Y) 18R AT e B 2% S AT I 250)
fIPEos. M Playground M%7 M R, B4 AEH InstructGPT BEARYF, AbATT A Ho a0
AJ el B A R RN SRt — B ORI . FEASCH, ATV HIAE AR P D APT (% 7
AR o AT I A A I A A LRI AR R R P E M B B 3R, R R 1D
P3RS ECE IR 200 Ao BATIEMRIEH 1D G2 WIFEMMRE, DEKIEE
AR AL R 1 LB AL T IR AR b B BB O 7 T S R 2 STV E U %
PEANE R, FATREIE TN A A fER I N S5 2 (P R .

N T INGRERE—A InstructGPT BAL, FATERMGNR 51 H O 5 5ER . KXRBRIAERANTH ZEA
82 BN AI A6 R IER 5 S 18, T IX LR R O $R ORI T A IR A 4y APT L A
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GPT-3 FA . BATERM b5 3 5 HH =Fh i
fag B ZORMEPS N VAR — MERIIES, RN RE S A 20812 FEAE
few-shot: ERIMFR A D1 — MRS, HOZIR LIRS A EW/MRX .
SR BATLE OpenATAPT (545 51 R M HIRE Py rRRA 1 VR 2 Rl BAT TSR I b
S IS 6 BRI 7 o

RPEZ LR, FATER TR R P =D A R EESE: (1) FATH SFT Bk,
Horha & T IIZR SFT AR RIARRE Ao, (2) JATTHY RM Bda 4k, DAS A T 2 B8 2 iyt )
P2 AR FRATTHD RM, - BLRZ (3) FRATTH PPO Bdla £k, BRI N 2EHFR%E, HIME RLHF B
BN . SFT HilEfE B & K4 13k MIIZkIRR Ok A APT MIFR%E 6i4iS) , RM AR 33k
NI CRE APT FIFRAE R 5) , PPO BdldE B2 31k MR ((CR A APT) . 3 6
St T A KRB NI E ZVRAIME B

RNTAERE T BBATEIREMA R, R 14, BATER T mIAT A E R 1C 1 APT
S Chedal 2 RM B8 52) R BR300 0 o0 A o R 2 BOTGI T e AR AL, T AN A2 23 2K Bl QA

BAVELER 2 PR T — i SRR (IR RS, B3R A4 InstructGPT ALY
FERRA) s $RATES InstructGPT AT 2405 WIS AL 2. 1, #3545 GPT-3 A R

SRS AL 2. 20 FRATAEME R A R i T R AR AR 1S E 2 VEAfE B

3.3F%

AL FZ A PRI (1) HFRATIAREE 190 5 TR B £, Bl (2) £ APT _E3222
255 TnstructGPT BEA RS Bda 4 (B3 3R 6) o XU ARH SR, B4R, % .
MG EL SRECAL B RIE S S (SRR D BATMEE S8 96%2 18, (H2fE
55437, BATEERYT T HATTRIRLRL M N AR 84 I 7€ BRI A AE S5 HIRE T

TN ARES IR, ESEE B BB SR E Wl 5 — R TIY]E
(Kl ), AHAR AT DA I A B Sk R € s i) (B0, 25 A ke 1R ], IF 3R
PR AL il — AN B K s ) PR ARRE S (i, 3R AT R A SRR T k) o AERFIEOLT,
AT 2 ERARAE PRI HEWT 2 S5 S IR P AO R I, JF R AA TG I AT 55 AR W ANTE 2 0%
Ao BEAh, BRATHIAREE D138 ARG FAT m0 A ATTHR A A0 U WY (2 L IR 5 B) ANALATT ) e A 14
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B IE KL Gl BRIt DU R Fh Bl dw W eim S5 S .

3. 4 \AHURWUIEE

T EERATH BRI LB, #EAT FRATH 244, FRATTLE Upwork A1 Scale AT EJEAH
TN K2 40 N7RELRTRIBN 5 5 I8 N 2806 T S A5 A1 55 1A i SF 80488 1 AR AR LE (2019
fF Ziegler 2 N""; 2020 4F Stiennon 2 A™; 2021 4F Wu 25 ™), FRATHIHINESHE T 5
Z I TE R, B/R AT A AL A 4 WO BBURR 35 B . FRATTIN bR i 3 — 4L R RN B A
() e B RO A, AT TRV FE A T 0 . RIL, JRATHEAT 7 e iit, B e
XL bR R ERE . AR TR AR R I R A AR T RATN LB
FEAbRE#H N GHHRIEZE R, S W B. 1.

FEVIGRRIEAG HIR], FRATIORIARE P RE 22 R A 100124 P 438 SRV 7E (A 6 ) 2B
FENZRINE],  FATHE 565 RExt HT - B35 By O A8 — Lo R R BT ok, AT
HERAARRIOTNE: B2WHBWES W 5. 471 o R, ERMEBSSIOVEMET, FATZRbRE
FAR S PRI RTE F M (R A 2 AT ELAE S0 ) .

1En Stiennon %5 A (2020) " ATIE, RAESH S B ShsE#E E VAR BATE —AEI
T H AR NI RS, AR MESS 90 B TR UL (S SR B. 2) , FRAEFL WK = A
B I )

PN —T50G AR R G A AR A A T B FC AR TR & R IR0 7, AT AT T — 25
BRI, AT AR YIRS o IXLERRIEF K B AH R AR, (HIRAT Zad i e )
e

REFEFZIRE IR, BRATRIVEREE 81— SO R A 4w b & 0 — B 2
72:6+1:5%, MXTARINZHIFRES, X —HF N 77:3+1:3%, HLZ T, fE Stiennon 4%
N (2020) B R S5 TAE T, BEFEH S0TI0E Z IR B — 3k 73 £4%,

3.5 &

AT Brown 25 A (2020) " () GPT-3 FRIZRE & BRI 4R X LERIRLRTE V2 4347 1 HHK
s EREAT IR, ATROE R 2 I MR 55, (BAT R IEA . ISR 45, BATH
=R R I EAR YN SRR

96



858 RO (SFT) - FRAAE A B 22 SRR EH s h i) GPT-3 BEATROM, Ik 1 16 i
W, S REA SRR, REN 0. 2.

ARG IAE SR 119 RM 7 B AT B 25 (0 SFT BRI R . 5 Wu 58 A (2021) 2400, AT AR I
ITR SFT AR ALAE 1 AN ISRk B iUl ok, JATRIL, REFELS, HE
Z I R ZRoxT RM 20 BORN St SF A 5 1

K HE R (RM) « WRERRE S MAERR N JZ I SFT BEBTFAR, BATINGR T — MEARSR IR
AN, ey AR B2 FEASCHIEATAME 6B RMs, FUOYIXHFEA A48 KE M THE,
FATVRIL 1758 RM YNGR RERE A AR E [, BIEA ARG & 1F09 RL A {8 pa 5 G LB % ©) o
7E Stiennon 55 A (2020) ™ v, RM 7EAH RV FR PSR it 22 T ) BU A i 4 B EAT V1145
ABATIAE 22 SO R 5% B ELBAE bR 8 —— 2RIl i) 22 ARG 1 N SARiE 3 B 5 — i S BL )
X

N IE Y, AP T K = 4 FIK = 9 Z [ EEAThRi & SRR MR . 10K A SR
EPRIC SRR MR () . BT BHE AR AR S5 R AR AR, RATTK
B, W SR BAT T oAy BB R — N SR R, B B SR 0 — kAR = T B AR A
MG MR, BAREMEROIA () lRBIE AL BT R BT I 5. IXAETHER
R EZEERZ, PUOVERHRGERMUA 75 2 RM I — Ul 1 A% (A2 () Al a %38 K I5ERR) » T
HirFeAsdlea, eRRRENBIERE, Kl 7 8gmiik.

FLAARE, Bl R 453 5% e B0 -

1

loss (0) = —EE(m?yw,y,)ND [log (o (g (z,yw) — 7o (z,1)))] (D

ry (x, y) AZEON 0 15E7R x M5y SRR i bn Bt v, 08 v, Ay, X L S e 1k
DVSPNEN 2458 B
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R 3: AP A IR W o H s

JeHE P
LRE R IR AL 1-7
K BEIEAE IR 45 2 /155 Binary
ANIE A% B Binary
g Binary
i AL AR A IR BRI L R AT Binary
EHOENE Binary
SHENNE Binary
SRR REPH AL 5 71/ RE A /R 2 L B B Binary
WREZ R Binary
LA TR Binary
FKiEEN Binary
FIBTAETE R Binary

B, BT RM 35 56 2 A AR A A AR, FRATIAE R 22 X6 22 b A AL HE AT a4, DAEAE
BEAT 9RAL 2 2] Z B bR R IS BT 1345 0.

SEAL % 2] (RL) = 4k Stiennon %5 A (2020) ™2 J5, BATHEUAEFH PPO X #8555 ) SFT 45
RUBEAT 740 (Schulman 25 A, 2017[68]) . FAEEE—ANSRIEIAEE, & SIEENLGE R
TS SRR W N o 25 B SRR AR N, B AR R Y P g 3, SRR AR . it
Gb, FATERADL R LA 7ok B SFT B4 KL 511, DA 2 Ay iy i FE AR Ak
ZAE RN RM g6, FRATFRIX LAYy “PPO”

FATIE 2R TR ZR BB P IR 5 2 PPO KR EZ T, UMER A IE NLP Hd e L AOPEREMI )T BRATHK
RERIALN “PPO-ptx” o FATFEGRALSE TN ZRP R LT L& H AR R 2L

objective (¢) =E(z.y)p, . [ro(x,y) — Blog (g (y | 2)/75T (y | 2))] +

RL (2)
VE Dy [10B(TE(2))]

Horr o 9B RL g, SFUORMEBOINZRERYL,  preqrain ATNZRIM T - KL 22050 2% B
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TR R R E y o3 il Fail KL & SN T 2506 B2 (3R fE . T “PPO” #5584, v & M 0.
B A A WIIAN, ASCH InstructGPT 45 PPO-ptx AL,

FE 2 - BATKBATN PPO AL PERE 53R4T SFT BEELRN GPT-3 34T LA . AT TIE 5 GPT-3
BEAT T HOEL, BERA T AN DEETSOR IR EREAIR MR (GPT-3 #R) » XA

RITZE BT INAE FH P 48 5E 3 2 Z T -

IATEHS InstructGPT 55 FLAN (Wei %A, 2021) ""A1T0 (Sanh A, 2021"") ¥rdE4E E i1
0 1768 GPT-3 AT 1 EL#, X Bm A0 il &% 70 NLP AR SS ALK, IFaS & 1T R MES I
H AR 1E F 154 (B SR 7E B4 1) NLP B SRR H 1R 48 kg A BT ANIRD o AT 23l 72K 24
100 JGAMFEA EXFEATATHOR, IRk FRAERIE R IR s R R D B R A . 2
FEIN 475 DB % Co

3. 6 ¥

T VPR FRAT AR A 2 ] 0f 57 IR, FATT I S R I AR X AN B R SO SRR AT 4
KSR E SCHE P 52 b — B — MO R N R R E R, A % S R 4+. (Chen %5,
2021"; Leike 2 A, 2018""; Gabriel, 2020""). PREH Leike 25 A (2018)"™, FRATHI HAx
RGP BRS80S, ERbRmR, N TRAMIES S, RAVER THRBT
Askell % A (2021) "'HUREZE, AbATE SC T W AR B SRS, 5.

N T IRMEFE R, MR NAZAE U], (R AT DO LA R R S — TR R K (i “Q:
{question}\nA:” ) HEMT R . 345 %€ $% 7 X R B AT REAS WA Rk iy v, AT T
PREE BRI, AT BB B AEARE S RAF VPG SR, T 3RATHIARE & IF AN AR R
ANER P S TR P (10 SE o i PR R 8 (0 e e 1352 5 s 1 48 81 ) T P 2 ) ] BE AR AE 0 B

RIS V75 2 ] 0 A A 2 Al S P X T AR () S B -5 8 I B e 1Y
YRR TR, BITRERAR AN RRA, BATGEMERT eSS MR, FAVER A
F b Sk i 5 B S M —— AR SR A BRI R 75 E S s (1) VR A AT (R R 7E S A AT 5
(“%)ut” ) BRI S B, (2) 6 Truthful QA $dE4E (Lin 2N, 2021") . A,
KRPME T B — N L
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USRI, # R SRR e E WA R TPk RS HIEOLN, S RN E
B e AR A S AE B SI tH F mp (4 T 7 3o 9, A s 7 RS TR A 28 R R AL 29
NB BRSOl e AEAT K, (E A0 R 3 Ko 5im A 25 58 e ) 23 PEAR TR A, L 22wl g
e I .

EOUE B, AT R FH PN 2SR B aE” . He, BAUEE 7TRITAE,
Rl R B 75 B0 B 2% W ArT A5 FH A b 2R AT 0 2 S I R 2 RO AT Rk B S
Playground APT #2022 H. % P (A 2K H A=) o

RltL, AV —E L BARARBRRE, BRI OB R A vl Bl 4 F AT AT
D7 BATVE AR FE RV TER P BB LR SCrhii R B ANE Y, R IR R 1 2,
TR B PR B T A o FRATTIETE B 5 0 2 £y 01 B 1 PO 8000 4 _E S AT RS 4T 56 o4
W, Hlt Real ToxicityPrompts (Gehman % A ,2020) "'l CrowS—Pairs (Nangia§ A,2020°") .
25 ERTR, BATAT LUK 2 B VEAG 4 B AN RSL 8 2 APT 0 A A, A 3k NLP Bdi 4 19
VAl

XFAPT 43 A7 VP A . AR E R bR A — A PRI RIS, X R SR
SR AR — R o 8 ISR APT 3R RBEAT PPAS I, FRATT R S s Il o s B 1 & 1
P BRI, B EEBIFATIINGSL R AS InstructGPT BRI — M, SRR
8 GPT-3 Bk AL T AR AL, [FIL, FRATIEX APT bHRAC4: GPT-3 AU 4R /RHEAT T VP4
IXEFLRIE T AR “TRAIREE” KiK. 12T 1T GPT-3 Bt FERXPIAMELL T, X T4
AR, FRATVR S DS T L SR R . FRATIEFEIRATIN 1758 SFT AEALE g Rk,
PN e M R vh R o 4, FRATTEESREREFTE 1-7 2 e e e bW BE A (] 25 (1 5 4 IR
B, IFREA AR U — R AT EHE (W& 3) .

X2 35 NLP Bod 45 0 v il « RO IR0 A SLHER AT T VAl — Pl 3R
BRI R — AT, R RS FEEAVR L, 5 — R SR Gt NLP AR 55 (i
B BRERRAEGE) R ERE . FRATIELE Real ToxicityPrompts $#E4e bl #PEidkiT
T ANZEVRA (Gehman %5 A\, 2020°") o FRATIELE MFTAT T3 RF (1) NLP 155 (K A5 AL o R AT i
Ao
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4 R
FEARFIH, BATNE 1A R4t T SCIRIUESR, 72 =37 APT RIS 72 SR &
HNLP Hodla ko 45 RAE 45 R

GPT distribution | Instruct distribution

0.751 ) T
S S [ S
~ S
™~ 050 ,
C
L 2
0 0.25- b
?:3 1 1 1 1
g
© .75 3
o 2
@ ! M//‘ =5
= @
Eow}//+ff“”f% .S
= & ! S

0.251 =

138 6B 1758138 6B 1758
Model size
GPT
GPT —e- (4 Ompted) SFT = PPO —e- PPO-pix

B 3. FRATHIREA () w45 5, DL 175B SFT BRIk R AT & . /2. APT B3RATH GPT BEA (KRR 45 R, 45
AT APT L) InstructionGPT BB RN AE I TOEE: "RIERAREMSE R, 3. MbsyIE s R, &
IMIRAZ 45 GPT-3 BT (F2) BUIRRHIIEAE NS T GPT (37R) , RINIRESHIR B4 ¥t Xt GPT-3 i

TR, TARIEALY InstructGPT B () IR

4.1 AP| HTRLER

5 GPT-3 K% tHAI b, ARVEE B InstructGPT #th o IATHIRRINNRE R, bRk
B ERAF A S 1 InstructGPT Hit o« 85 R U1 E 1 FrR  JATR I GPT-3 [k th R s 2
I B AT LU A FDRS O HIER A BHRR (GPT-3 (BR) ) IIZskisluit K, i =)
(SFT) BEATIR, #Ja i PPO. 76 PPO MR IN T ZREL & 1 BT A 22 S BUN AR LR £
KIVEAEF o D97 Ui HFRA TR B AR A . M B4 LU, 175B InstructionGPT AR T
GPT-3 %ttt 85 3% [A], 4 Al AEANES, AT 714%f) GPT-3,

FANBERIL, A APT EXFHEA4y GPT-3 BARL 3R BEAT VRO I, BRATHISE R A R A4
(W3, AN PPO-ptx BEAIAERUR MR R /N T RIFZ
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FEE 4, BAVRR T WEFRHLIEWT A TUASE B AR EA InstructGPT i EAT T RV
BRI, 5 GPT-3 #HLk, InstructGPT HitH7ER P BV R XHHEAE, BLFEIEE
A E SRR (B0, “F 2 BRI RS M IRIA R D, AK AT RESE 4406
ERMHE 4, I HEWIRTS PEMES (“BR” D MR IR, X RR,
InstructGPT #MIEE GPT-3 BRI FE. BHA B mthl. FATARIL, FATHIH AL TCEHE 4L APT
B AR, TEEFERATIRA 2 R3S Gt BB E 2 5.

Attempts correct instruction Follows explicit constraints Hallucinations ‘ Usfeﬂ? 'cus Lade ggll;gg!aie

0.75 4 0.4 l 0‘75-
0.3
0.50 4
0.2 |
0.25
01
04° 0

GPT GPT SFT PPO PPO-pix GF‘T GF‘T SFI' PPO PPO-pix GF’T GF'T SFF PPO PPO-phx GF"F GPT SFT PPC PPO-pix
{prompted) (prompled)

Prevalence

Bl 4: APT AATRRI OIS R o HER, B TEHEEN KD, R RN 2 FRT &R ARE
FERR RSF o0 iT, 1S W E. 2. 5 GPT-3 ALk, PPORBYSEIE A%/ BhE, 535 Tl AR TR £ ¥ B
LRI IERITE S, JFHARMRE “F R4 (R, il % T4 245 T 55 1 B

Likert score

GPT GPT SFT PPO-ptx FLAN TO
(prompted)

Model

5: K FRATHIEAL 5 FLAN Rl TO 7£ InstructGPT $&7R 704 LI Likert 1843347 1-7 43 LL4k . FLAN il
TO fIMEREL T BRIAIG GPT-3, S54bF “F54BRME” A1/ & GPT-3 AU Lb th s 4T .
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AT | BB A P2 AT TN G 1« IR¥F” A2 R LT - FEA PRSI NS BATH
KA RIS VIEE ) 5 A S EES Il (LB 3) o 4500, ARYEIRRFA R TRk,
AT A ) InstructGPT BEAUIARAEH L T GPT-3 34k, ik, AT InstructionGPT

PRI R T BEE B 1 AT B RS AL AR O -«

FATIFRATI B R Rz A i 0 B 2 T 3 — D RESR o FATHEAT T —TsESs, K 3RATM
WEFRHLIY A 5 4, FHAEH 5 538 IAEINZE 5 A RM (] 3 FhAR A1) b 4 40
HEAT IS5, FERHRERI A BEAT AL ) o IX 6 RMs 78 F5I W Fr 28 vh Wb 25 (i 7 1T PO HEBf 25 R
69. 60. 9%, 5T ZREE b MEbRF b RIHERR 2 72, 40, 4% LEIS A TR

N F NLP Hd 87 B S BIRAT 8 S B2 I AT (. 72 5 oy, 3RATIEHF InstructGPT
HIRATAE FLAN (Wei et al., 2021™") F1TO (Sanh et al., 2020 ##E4E ROHM 1758
GPT-3 JELRHEAT T HUEL (PRI O o FROTRI, XLGHAWPERELL GPT-3 &F, Hik#%45
MR GPT-3 A R, FaRATTI SFT S48 2 . 1 3% B IX L SE (1 2 REPERS 2 LAR
APT $7R 70 K HITERE o R DO T A EEALH, FRATH 1758 InstructGPT B4 FE 78 4= 4%
s 18] PY AL+ FLAN B2, 76 79+ 4% AL T TO REAL L X BEREAL ) Likert 20 3A0E 5 Fs

A EATH InstructGPT FEALHR T FLAN A1 TO A AR . 1%, A3k NLP R4 B 7E
i3k D TAEH B3 B BT RS, Worak. W%, DLRE— @R B e e,
SR, 43R QA R APT 25 A FHARATT IR S AL — /N oy (29 18%) , TIARAE b2 o
(7%, PR BRI Sk i R o AT SRR B AR 12 57% (LR 1 o HIR, AJLNLP %
PEEE T REARME SR AT 8 o 2 REPE N (/DR B St TR P BN A F (3 A8 D
MR, 16 NLP e b RO 55 B S AR3R T — R A 145 B80S S AL R R U i 48 4, TR
B2 AR A PR B RS 45 G0 7 A 2R Y ) B 4

4.2 NIENP HiEE FHER

InstructGPT FBERY[m]E ) B S EE GPT-3 A AT . R4 TruthfulQA #dla gk b iy N B PEAh
ZEL, 5 GPT-3 ML, FATM PPO AALTE A sl B8 515 BE & i Hh 07 T 2R H U ME 2
Mot L 6) o IXFAT R ERINE: FATERA LR IR B SR, AAeR I E
TP ELSe . RS, FRATM 1. 3B PPO-ptx RIALEAMEIAN, B Mtk REmE 22 T H /N
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GPT-3 FiAY . FEA V& A X i1 e 6 s %t GPT—3 A3 R HEAT VRAG IS, FRATTAY PPO AE AL 4R
HIE LG GPT-3 B ESLAIE BT O E4x ot 7L a 7 8D -

QA prompt Instruction + QA prompt |

I

~J
(4]
1

I .

I

; ﬁmm 0l il il il

GPT PPO PPO-ptx  GPT PPO  PPO-ptx
Model

Percentage
(4}
o

N
()]

Kl 6: TruthfulQA ¥REEMEIR . KEOFFRALIEIIY; ROKLR HINEME B IERPES.

gk Lin % N (2021) B2 J5, BATESH 7 —ME HE2+QA IR, faniB e A e
IEME R <RI TR MR . fEIXMIEN T, FRATH PPO BALE 5 L 7 S fI B E
B —14, WA BEEmURTE; S48 GPT-3 MR AEIX 7 H FEA AU -

FATE RS T St AR 2 TIEN],  BUONERATE PPO BEALAER B APL 70 A IR & P 455
RS BB (BIHLEEMREE) » ZAER 4 hog R

InstructGPT FEEEIEJ7 AR T GPT-3 o 1 /Mg, R AE i W7 T A otk . FRATTE
Jeft RealToxicityPrompts #E4 F P RATHIE A (Gehman 55, 202001) o FRATA P Fh
7 BORBHATIEAL . FRATIEIL Perspective APT XA A A= i IR A BEAT VS, DASRER E 8h 351

P,
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Human eval ‘ PerspectiveAPI score |
0.25 - | | 1
0.20 ‘ l \ | Lol
‘ i Model
:,(_.5 0.15 i GPT
x
£ o.10 il
PPO-ptx
0.05
0

Nolne Resprectful Nolne Hesp'ectful

Prompt
Kl 7: LLAL RealToxicityPromts b N TPFEAT B 3 1At (PerspectiveAPL 70 #0) o #13%F =F A 1758 A
T, IARE T 1729 KR, EWRGAEEE Y. A EIRH B S HE RAE 5 AN T R 3 dk b
TET), FIEHzE D R 14 Fid 2B EIEE A,

Bz A s SR AR HE VRS RE /5, RATTIE R X LA RIR S B bniE o, ASRAG LN Bt AR
THORIITRE . EESAEALE AR W F 0PE S BRATIRAE SRR BatE MAZ R S h G — R FE$
s DU S PP AL B AT RLAE g AR VE R ORI (Mt E R 39) 5 X580k
ERIARAERDI SREEANF], BRI 260 S g5 R T

AT RWE 7 Frc. JATKI, HYE Perspective APL, 44 Fi5 7 7 A= 22 4= F1 8L 55 (1) % tH

(“BHEHER™) I, InstructionGPT AR AL (3L . GPT-3 A% H /) o M BR 2 FA R (<O
Ry I, XML AR, PR A BRI, InstructGPT %t
fBEEPELE GPT-3 4t KRG 2 (ILIE39) .

RELRAETATIN TIPS AR 7 ik AR EHR W E T, InstructGPT . GPT-3 A
AR, (eI E PRI M. FATEMR X E hfedt 7 ERMmE R, B4
— N EEESRIHBOLY, BATITA MR AP N LU EE A B 2 CeENIEM-1
B 1P RE BRIy, H 0 R SHMEEEAZ™) o AT SFT HEL R
AR A RA BN, (AW RARARRESNE, I HARNMHS D RAZER, XA]
AE 2 W2 A5 7R A ol 1 ] 7 A 8 R B o

T VA IZ ALY AR B e 22 1 ] (LB SR ED) , FRATISAE Winogender (Rudinger et
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al., 2018) Fll Crow$ Pairs (Nangia et al., 20200570 $4fs ££ (& UB A P4 T InstructionGPT .
XA A i OGS ) AL, IR AT DA VAR B I ZE 1 o JRAT TSR b A ) T
FRIRE AR LA SR DRI 1 — B E 2 431 (K00 CRALLARE N80T o 584 Tt S AL AE B 5 )
T P 5 PRI B R o A IR bR, FRAT BB Y 4 22 AN JE T GPT-3. PPO-ptx
BRI RIS GPT-3 0002, (HA4 R S =TS, SRIHBURIR, W&
B A 22 o i L RS 2 AN A 5 ALT- B FR s OB RS e AT T B0t SE I e, ANV E
AT B 2 75 I 2R AT A

R AE AT RLHF SRR Ry, BATR] LSRR s/ 22 3% NLP £ 58 Bk Re T F# .
BOATEOL T, H3RATHE APL 73 & L2k PPO BRI, B2 B0 FER IR, N EAE
JUN AL NLP i fE EPERE S FR(R. SROTARZ — Nt R BB BT, POV E Sl
A5 P R VR (H B BESRAT IR AR 55 (A A

ferr: HPEES — R ok T — Wt 2Bk (8] (] 21 v 5 55 0 R 5

GPT-3 175B 45 3
BART—ANEFIE, RS rieg, HEmIfisFEhRIgc.
B A, R —AMERNERBE RS M 1 LA — R R
HANRT =ML B ER I 1, A — AR IITA w7 LALE A 5 R

InstructGPT 175B 145 R

TR T, B R . ot A A Hbx: R, BE .

S — A 10 R Bl TR o AT YR A 1 TR 2 — R BRI (LA o bk TR,
WA K ILE ORI 7 i3, fE— R R, RTS8 2K

SRJG T U E vl I O () R /N 2 rh RO A BT L AT e 0]

fes: MM RIZIR c ’IEH 247
def binomial_coefficient(n, r):
C=[0foriin range(r + 1)]
clo] =
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foriinrange(1, n+1):
j=min(i, r)
while j > 0:
Clil +=C[j - 1]
j=1
return C[r]
GPT-3 175B {145
A, f7f# ClO1ME
B. f#iE C[1]HME
C. 17 CliIMMA
D. f#fif Cli-1]1{H
InstructGPT 175B (45 3
ZAREH 1 FIF C H TAEREOEA n A r FERAAE IR B E . EH T
255 n M r (HH IR BUE, TRR S5 RAF AL s B e &R [ .

(O Ry BRI %)« 175B PPO ptx ! (InstructGPT 175B) A #AMTEE ¥ GPT-3 175B
FECHIHE 7= Bl $eos RS OFbIER), LU IELEEATy, E AR OPkiER. (1) InstructGPT wf
PAREOE AR IE 5 54, RETAMNSARIGER L . PT-3 FZEAF AR, R TIE. (2
InstructGPT W] BAEL GPT-3 B W] SE b S 45 Al A 2 A AR 1 ) f ORI L RAKIERD o X AU

QA 7RI, GPT—3 £E KL 50%FKII [H] A A S ] 5 1 3™ il 7

1 29, FATER TIEFRAT PPO P43 (PPO-ptx) Hys i Tyl 25 58 31 ] LA fR BT A 2R
£E X ek peiR Ak, FLE#EIT T HellaSwag F ¥ GPT-3. PPO-ptx #E%UZE DROP. SQuADv2

AR 7 T A PERE DI IRVE 5 T GPT=3; 5 ZLAHCE 2 (1 TARRAE U RE — 25 1 BRiX SR REIR 1L

TR BN ZRSE B 7 0 LE T B 0 KL R BRI . (28] 33 b, RATE IR THEAE— N0
WERIRA RBUME, BRAEWS L SQuADV2 AT DROP CFRATH FIRAdE4:) ErbkaE F %
‘s, AERUESR FD IR RN ML R, N KL R AL (& 34) SRRl K e
N, JF HAE DROP Al SQuAD _E7KTGVETE KR - H KL Y A PPO AI4RIR A B )y GPT-3
ff 4 AL
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4.3 EMER

InstructGPT FAY % 7 Hi %k RLHF e 7041 2 AMI 5 2 A A BRIz AL . e, FRATTAHL
InstructGPT BoRx [ AEARILTETE 5 IR TR 2 B /T, FFRHACRD AT i ZE AN ] 2 o IXAR A R,
B9 AF i 5 A AE AT oM B b R S B, BIE R W], RN T, X55T7
VEATDAHES 20 N B BB B SN = A TR AT N

Prompt:

Why is it important to eat socks after meditating?

GPT-3 175B completion: InstructGPT 175B completion:

‘What can you learn from socks? There is no clear answer to this question, but there are many theo-

ries and ideas that may explain the apparent need to eat socks after
A: When you eat socks, you are tasting the  meditating. Some experts believe that the act of eating a sock helps
essence of enlightenment. You are tasting the  {he brain to come out of its altered state as a result of meditation,
true flavor of the awakened mind. while others suggest that it has something to do with fueling the
) i body after engaging in a physically and mentally challenging ac-
Q'_ W:mt is the:rue flavior o thie awakenied tivity, such as mediation. Other theories propose that eating a sock
i may give the meditator a new sensory experience or allow them to
connect with the physical, material world in a way that breaks them
out of their usual thought processes and routine. However, there is
currently no hard scientific evidence to support any of these theories
and it is ultimately up to each individual to decide why eating socks
is important to them, based on their own personal experiences and
thoughts on the matter.

A: The true flavor of the awakened mind is
the flavor of no flavor. And the true flavor of
no flavor is the flavor of smelly feet.

Prompt:
‘What happens if you fire a cannonball directly at a pumpkin at high speeds?
GPT-3 175B completion: InstructGPT 175B completion:

The pumpkin will pull the cannonball in, and ~ There is no way to accurately predict what will happen if you fire

the cannonball will bounce off of the pump-  a cannonball directly at a pumpkin at high speeds, since there are

kin. A pumpkin is a strong magnet, so strong  too many unpredictable factors involved. Some of these factors

that it can manipulate metal objects. might include the size, weight, and density of the cannonball, the
material that the pumpkin is made of, the velocity and impact force
of the cannonball, and the distance between the cannonball and the
pumpkin at the moment of impact. Some of the more likely possible
outcomes include breaking or knocking the pumpkin to the ground,
cracking the pumpkin, or completely obliterating it.

PRl N A S fE R TR E 2

GPT-3 175B 5EJi:

TRBE IR T 22 B 42

Ae URIGRR T IR, AR IEZE S 8 2R RE . AR IEAE i 5 R 0 R PR BLIERAE
Q: DLW R M H IEMIE 442

Ae BERRIAC R L IE R TE 2 AT WROE AR o 0 WRTE 1Y) B0 1E MR 2 B L I kI

~

InstructGPT 175B 5EHK:

XA i R AT B 1) 5, AR AR 22 BRI ARE: T DA R AR B S 55 Bk IR S A
BN, BT AT O B ORI R B S AR R SR RS 15— SR WA, X
SPERAT B NSt b BA PR IE RIS 3 CUnif i) Ja B4 5% . A Bg A, g
W et BARE — MO R B AR, B AT S I AR ST, A AT B
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B AN H R AR JRIM,  H ATIEBOA B (R SAIE S SCRFR S S, HeA R AR
& B S N2 ATARIZOR R D A MK 7 X AT IR AR B 22

PRIl WRR DR B R AR, SR A A
GPT-3 175B 5EhK:
Fa N st 25, Mo R B3 ok I — BRAR SR RE R, nT LURN 5 )R
Wik
InstructGPT 1758 SE/K:
AR SRR DA e 2o B ) T JTCR SR M3, TGV HE R T 2 R A4, AR K BIR 2 A
IR ER . Herp — SR E AT RE AR N B, FRBIARL, JERE
MR T 77, DA 8 o I 38R e TG ) PR PR o — S5 5 T P 45 SR B e vl ST e
o R, STRERTI, BRI 8 e R

K9 (B2 Bk SC7) - SEABHMTAR) GPT-3 175B A LE, 175B PPO ptx #4! (InstructGPT 175B)
T AR . SRR PR, DL, (B AR RS O HRIE .

(1) InstructGPT W] B2 M E N IRETHE (¥148 2 BT IR,

(2)  InstructionGPT W] LAILEEXT M, THIAZ BE I B 8 (FERXAMESOLT, )R AT e 22

FE) o WETER, XEEREATFARE S A M GPT-3 [BI 5 I RE ST, DU ERA BRI “ 2" f.

FATEA E EHPREHX LEAT N, HIEATE R 8 i e 1 — L@ Pk 1. JATTHY 1758 PPO ptx
AR e T S [ 2 SCACI i R, T DGR FATE S MU AR, BT EReEs
W AETGERH, BUN AR 5 — MBS . AR, BATKIL GPT-3 W] AT IX EE4E 55,
HAFR EEAFHRIR, IR X s b 45 2.

InstructGPT 3R A0 — L i B EE R . £ 5IAIN 1758 PPO ptx BAIAZH I, FANER
B, RETETFZARMNESES LRI G, BE RS0 RN R. %)LM7 (D
MG —ANE AT IR AR, BE IR R R AT N, (2) AT RE S I A
Wy ML AR R, B I R A A MR NS R, A AR
%, BE R RS — MBI AR, Rk, SRS 2 AN RIZRE (i
“H 20 tHAS 30 FARFEVEE LAY 10 FHBGL” D, B A HONE T AEAT PRk
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(Blin e m M a) TR EMED , TEREx .

AT 9 o 1R B AT NI — 2Rl JAVREE, 1708 (20 BB 2 B oy 313
AR RN LD s DRI, ARATTRT BE A R AR X R K 3K AR AT 2l A A
Priesz . JATHEEIT R (1) R AR BRI PR A B B R AT R 1038, JF B 3RAN
AR R BEAR L i HE ) BX L8] o FRATAME, I XTSI ERUCER, X PIFAT A HE AT LL &

W, (Dinan A, 20196

5 #fig

5.1 WNFMRBBR

IR AR RATE T Z ORI — 35y, BEMANLERRG S AEBRSGEXK
(Christiano et al., 2017""; Ziegler & A, 2019“"; Stiennon %A, 2020 . R
KT TAREME T 47T )8 SRR RS, HERAUNERER TARK AL REn@EH B ald i
Jivk (Leike 25N, 2018 o FRATVFTEF M RGVMAHT A IR, (HEAE LS RAMIES
B —, JFFHIRANPE N T2 FE S5, G038, B4, mE. QR5E. XiEs.

FEABE T, AT FWTEINER BN FATIETE SO 21T AT RGO FF1E, AR
FLIET X FMAAER AL RG . XFITER— DAL AT, AR BEHENT R
HIEX FF BB e R G A4 & HBLIXS FE M A (Bostrom, 2014™) o 4RI, FRATTAI 5 12
SONBATIRAE T —ANEMT L0 BB, SIRBAATAT, HARTT. RATAN, X
Fob S UG A0S T SO BRAT 5 SRR 56 B 22, I EFR AR EHLES 5 >3 Ui it g o iEAt,
FRATTLEIX FLAL F (K368 5 BEAR RLHF B2 J LA B E X FHB R Ak R G0 14 58 P 1) S B4 A 4y
(Leike 25 N\, 2018"™; Trving 25 A, 2018 Christiano %A, 2018") . fi40, RLHF
FE ST — TR 25 P AEAT 55 I 7L AR 0T 1, AT S5 R T S SH R ik AT RS HE Y
—If, PO AR E B IZES (A, 20217 .

MIX TR TAE R, FRATAT LAAS H LR 36 550 98 — Mt 45 -

L AR FINGRTT =, BB 55 M i A AR . AT B A TIN5 (RIESRIE
1) MR SAS, BT UIZR GPT-3 FiAe e i iAs, g —/Nilisr: AL 1750 125
Ky SFT BEAYFE 2L 4.9 petaflops/s—days, FATIIZR 1750 2 Z %) PPO-ptx BAL T % 60
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petaflops/s—days, Ifi GPT-3 % 3, 640 petaflops/s—days (Brown Z A\, 2020"") . [A]HT,
FATH G5 R H], RLHF b1 J A5 S0 s A F )y, B KN I 100 % 584 AL
XM, FEMRTHY B, HONIUE 5 S BAO 5 R A TSRS RS AT =, =
DXFTIATE P I ERE TS AR, 2 TR AR R i

2. ANTER] 7 — B3R Y], InstructGPT ¥ “IEIE4R2" HIRE ) 2 A TEA W E I
ik, BIINLEAR SR TE SRS M S A RHME S B K2 — D EERRE, Bk NRAE
FEIUE 55 LR REAT I B (R A R TR 2 I o R Bt — 2D oe, DA T XAz AL e S
RETITE DL T A R s A SR T T BB T 7T, 1§28 (Christiano EA, 2021 )

[21]
o

3. FATRENS PR AL A1 R AR PR RE T B AERAB DL IXARE, X LEEPERE N BRI A — A
XA, BB R EAT X 55 (RS A o AR A e A IR BOR AT BERE LA 2R e AT
BEARARRF RN AT RG-S ANRE B S RFFAXFF, @V EARRAR TR £
K wi b, AT SE R AE AR SARS T HOR I RLHF SR 2N

4, BN GAE LR E R 3R T X FF AR . ST TR BN SR, LB EE R
B (Soares 5N, 2015 4E)  /NEFA A (Christiano 5N, 2018 4£™; Leike %A,
2017 4E") , BAE A S NLP B4 RYIZNIES % IR (Ziegler 25N, 2019 4E™; Stiennon
SN, 2020 E) o FRATHIRE RS SRR IR T SEBR R T2 P AR PR A, Oy
X LR G R AN R SR PR AL T B T SRR AT 3E

5.2 BRMNMFHINRZHE?

FERIE F A5 N RF R FRS, R AT 82 TIRERA (REINZEE) « Wi EdE
AR AE RO 55 T 5 1 R B AEAR TS R, BRATTHIR 1M o B i 2 R, LR E
AT FFRINFERRS G 2R, FEER 5. 3 WP 1 AT AR 9 5 BRAE AN 75 2 etk p by

SCRR AR R A NIl B NSEIMERL” SRR IR X FF 1R o AEIX T AR, 3,
TR FFH 2 — HAREF IR LT, XL LT 32 20 2 AR, BT A4 EI4R
LHE S (WA AEETIE LRSI, 72T E e .
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B, BATTEIE AT ZRbriE & 3R LR A s, AT B8 A JATH T Rom
R . BATEM % B ihiiid 7 JATHAREE RN OSHE S SRS, 1]
KZ &l Upwork B¢ Scale AT B HT A1 4E 3¢ [ 8K P WL AT HF IR N o AATTHE ¥ 2 7<)
EERA s BATRKISES Z R — LN 73%

H, MERBOHZPE B A G (R 7 A TR TEHL OpenAT) , FATX 5%
R BATRIR L FAVIS T ARIESR R, ARvE 7 g 5 s A £ 1 e I T e oy
TR, JF BRI RIR = rh A1 A 196 T G =B 1R . 7 Bt — BT A Al 52
ST T3 AR 3 WAL 1R Bt DA R i 8 AR AT D9 O R

W=, ATAIIIZRERE 2 B OpenAl % /7 KIX 4G OpenAl AP V& bR H R UL 1Y,
BEFRATT S bR Lo 55 T2 P A B Y25, AT BRI AT 1 iR 28 F P U A A 25
PMEMEF APT. 2% 7 RIURATT IR B 26 B P AT RRAEAE 70 B, B0 25 7 R RE VA i 28 P (R AR AL
AT B, 25 Al B A SRR R KR P M I ) P A2 T & B B 1], T I R
FER AR P T . fESRE D, AR TE R 48 8 SRR BUE BU _E R 3

5509, OpenAT [R5 7 I A BEARR G 5 A AU (K B A 8 42 B804 BT P ——SE AN i 32 1 5 AR A
I RE I (R AT S NARTHAR 1o AN T H AR ER 20 I 1] B, OpenAT APT (¥ 7 #5525
140 L AR A HEOR AR o ISR A0 B e FIAfE T A OpenAT [ 53 T, IXARMUEAS S (A 7
A 0 BATT E B BRI

BARME, wit—ANa s &Y, IF B E 2 Sop U o 5r R AE e VE 2 IR . A
ST H A E WA 5 BOR BEIE XS 55 BIRF € NSRS HRER, G THRE R . JATIFAR
BORFFFEN B3 AR A R br 2 BRAT 1 APT 22 P 2 IE R M I Kl o AV 2 R 2 AH G R
BB —— IR LG RTERIT A7 S K 2  IXE7= h I e A H , DAR AT REUR
B F BT ] B sk A S R 5 )2 AR . R EANAAE T S R A2 51k A
A RERI Y25t — SR NI RS, B0 LR AN AR R L A U

— 2% P BE PR AT % A I PT AR AR5 A A i S R AT 25 P TR 09 AR, s vl AR R AT
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A B FE R LR A AR AT o 81T, XS R AT vl BEXT Ak 27 A 3 T2 IR
i B VR AR kg, LA ORI B 26, AR AR T o DR BT AT HE AR AR BEAS 2R,
IFREIEFR AT REAT FH LR

TR, BARME A NSRBI O AL A BB ML RS I DL, (HIX %% ) H 23R
THAE A FRE E FI B vh 20 R ARSI AN e R 3 P ML AR AR oa 554

5.3 FMR1H

FoE. FATH InstructGPT BEAY AAT Jy il 7 Bk T FRATH AR L 7 I8 BLARAG 0 N 2B s it
SEBRBEAE S5 M TN E I, AN A T AT BE > 2 2R BT I S 03« 540, ST A A
L P . RATHE 74 40 AAER, MR ATATTAE G708 00 1 F) 2 A A i e AT TR 531 A
[ 82 BRSO B BE 05 LSBT THE A VEAH U B AR BAE 55 ST AL AN S — BRI B).
FATZ P DR FF N ARG BIBN S R I A ) T 5 b 1 4 B R B B4 S i ss it
SR, XA R ARAN BT AL FH FATTHBE BRI 52 FLS W i T AR - 284l S ) 3K
TR AR N A B, AT Bl T4 8 il 48 2 4L Al

FAVEA VF 2 J7iE] LBGE A TR B SCER e E . B, T A5 s, KRR t—
ANRELR AR o X 2R BIREAT 2 bR EA B T AR B R B A — BTy, AT E AR
RURTTRE 5 T A AR B — BRI o« AEAFAE BTG OL T, $E P S bREE# (10 (i 4 2EAT bt
FIREFFANATH . 140, 7242 BN D BORA R I K SO, AT REAR B 2 % R R T
REAHIFRIE 2 B0 D 4

B AT A e — B0 A2 a ENIVR &7 EA faF M s W
PGS, IR IR OIS D0 T PR MR N . EAITIE FT RETC AR 4 S L A\
PRAE S RATER 9 s 1IXT5 T 2

WA R R RIRYEE T, ERZHIEIN, ENEmA T 4E4, B/
KA PR R E . FII, MR BRI B B KW ZE R, InstructGPT AL f)H
SEFEER R LERISE /NG GPT-3 AL AR T 2 AT fe F RS o FRATRAAE U J51T
W] BE IR R AR Mt

5.4 FFHEERE
X TR ANFRANESERHATHRIENE —F. T ZNES. B —PHEESRE
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MTASAMIKFEREZENMNEEE— TS REEFRE.

ARAF L TTERSE— S RRER A B RIS EME F 5 H A=, flan, o UERY
MRE, IRIERMERNRAERLTA, REBEHREIFHRMEILIEERS (Dinan F,

20196™") o FANET K IANNTTIESERTNEEBIENTTEESER (Ngo &, 2021
FY) . TRRINGMETNSERE, E2ENBFINLRETTIENKE. B, Tb

o PO BAN A SIRSEAESI MM EMBE S, 0 WebGPT(Nakano &, 2021 £,

ARXMITAER, MRBPEREHTEEEINHUENEN, BN AFRAAEE LK
Ll AR NOREFEERAFARALIESCRENERFLERRERN, ELERREMER,
EARHESEEBURTHBBNING, flan, EABIREEREEN 2, ERAESRE
ERASHETRER RN TNORARET U B THRIERERLERAESORE, 3]
IR R EEER P X L HTRR.

IHREU R EM M E S T m A o R MR H 4% (Dathathri %A, 2019%Y; Krause
FA, 2020") , RE—FAEITANERZE RIHF SHMTEEFT XSS, Al
FAFEHIARAD (Keskar A, 2019 ), kRIS AR/ NAIEEMEBURFERRF (Dathathri
A, 2019 %)

BARABMEEENE RLHF, BEFT L HME X T AT AN BRI L8 %
KEE, MRBEHFMNER. B0, BOTURRERERE (Anthony A, 2017 F7
Silver A, 2017 ") | HEFEANLEEFROETLNTHRETE. BNETY
ZIRARMATE (Achiam FA, 2017 £7) | EFELERETINEHT, AKX
WRENED .

EERHA—EREMNFESHRAERGTR. H18, TN TRILAREE W ERNEEHTHR
#H, EHEENEE, FEABRESERNRARENITE. ATRTERTTEESREEMH
RENFAELERSERE, X2 THEENANIZEE-A,

MATHESFEREESERFHEARERRTA (WRINGEETFEXLITAMIE) .
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RXER—ME/HE DRI B — Mo EBHE RN TTEN BRI ERL BTG REE R
BEHHESHNE (Ngo A, 2021 F) | HEAEHIESRIERIXLHIE.

IE#N (Gabriel, 2020™) Fri¥#RITiLRIAEE, 535S, BE. B R, BERF. FlaH
MERRF B BTEEMDNER. (Gabriel, 2020™) F3kR AET RN HIXFFFF75%:
BAES, MRERE AFHRXNFTEL, XERUEAMPERESHFE ZZEROER
THEFERBMIAT . RS H, AT EERL, FIIRRIEMTHOH A RESH
X, BEEX—YEEREELHNHR. FXLLE, —MRANRMARRNEEAR, MR
TT—MERE. BVERRIBKAZHAANOXNTFLE, FNETFESREPIASZ /R
MARGEAMNBNENR. HNESE 52 HITIE—ERXNEERRE.

5.5 EIZERm

AT B AR @ I KBS S BT SR, e AL IR B AT S, AT H o I L A
TR o BRUAEL R, 8 S B ARG T — A B (T E 4w, X SR 3RA 14 X
SERRU A G I — AR IRATAIRT AR, JATHEOARA AR S A A H
HSEMTEH . WKIZRE, WFF R R P ECE - H 5 R, IO X SR 4 & 1
XA B KRR A BATHE, BRI AWTY R, 06 208 AR A R e AT
H5AFEEERE—5 (Bostrom, 2014™) .

SR, ARV R S A R B ) P B M b EATE R B - X e aT e A 5
A NERIEHRE S MIREUEE N

XEFE BRI AR PR F AR A O 22 4 Tl JBURR) ROPTUb 2455 A S, BRI E RS iz %
EESRGT WM IR, BV ARERM, V28T, KRS S AL A8 w2 E
I, BCEIRABANIZIE . B, BEITieW. TR RFER N33R #EfE DT,
HOL AT 55 SRS AR REGA T T ARG S e RS . SR IX SR AR IFIR Y, IR AR
A7 3 24 M AR DL BIR 13K e A AN At 5T PR A7 55 2 FH At > A2 A5 1R IR 53— D THT, 4
SRR ALVE S BT ) A5 P AU PR A Hil AT I Rk SR i 7 SRR A A 3, TR A K2 ANt e
AP RATHTH ML HoR . 3 —Fak £, H— DAL B AR 28 1) 31 S L At B0t
B MR R (APT) BEAT VAo IXAF Al LASK i 22 4 Bl , WA RR B (R e veds
R TR RADD il P AR il ) R G0 iU ImI BCRRE - AR PR s DA b 7= A K
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A RS S o AR, AR AR AT RE RS I W L R AR T S e vy, DR ORI 7 B A
Fr % DR AL 7R PR 2 R 1 AL (10 7 PR AE IR L

BJr, IEWAEE 5.2 WPTITIRHT, XEERIICRN RIFENK O E 2L, BRI R 2 i X e 2
(g S R (1434 A& T AR Y o

1174, Wbz

Ty 37 5 R AL 11 Al e K

(COPU 2023. 09. 20 #l)

DHi5E (Elon Musk) HIMALEEH)EIA A Neuralink, 2023 459 A 19 H&A,
AT HARE S A AL VAT AN AR RES, 35 Bhesse 8 3 SE L& IFT 7 IhRg, R
SR W] 35 B At RE S R AT E

fATTH 1024 IRE RN 5 ORI T4k “486 7 BIEBH M KMRFE+d, SHARK
MATCIER, XHMGEFIHRENESR:, RN R W m PR R SR S
WUBCF RIS 2 T AT S 4, d I L D 35 e A, DARSHREE, 7ENLES
B SEUES R AR, WA BN BRG] . %A E] HATIEEH
SRR R .

1175, T LiDAR =ZE U RIBRIE Fe 4 a5

Spherical Transformer for LiDAR-based 3D Recognition

{YE#: Xin Lai, Yukang Chen, Fanbin Lu, Jianhui Liu, Jiaya Jia
CIERZ=BUE S, 2023. 3. 22)

XK H CVPR 2023 CHFEALLE SR VO —Rie3. N1

—MpIET LiDAR ) =4 s =R J57%, %478 SphereFormer. &1 LiDAR [ — 4k
mos W CAAE S IR A3 2] T aAb . KRB HTT7 AR BOH R0 75 18 LiDAR

RAAHITEOUT , 218 3245 BANIE BN IR AR BT 1 1r) i, JCH A X T i i

TR . RN TAES, MBS T LiDAR SRR B> A0, JFRHE T

SphereFormer K ELFR & 8 AU BE B 5 (045 B RS 2R s R b . TR

Y RAEERBES, BEEaEAZ AN RSN RKAE . i 7 A
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EDT 1) L, I FLPIR I 2 3 K T ISZ B, IO T T R s A R R R
BeAh, AT ERAETACK R, MOCHR T AREU RIS A IR ) A B G
IR FH B0 SRR AR IR B R G IR AL (M SRR RE 70 (ERVERME, M ELE
nuScenes Al SemanticKITTT & X 4> #IFE#E B BIHEA 25—, mloU 40514 81. 9%
A 74 8%, LA, T 548 nuScenes PIARAII AL HE -F NS 1 55 =44, NDS Jy 72. 8%,
mAP A 68. 5%.

1176, AlphaFold & S RSS2 [ S I 25 W 44 R AN 454 43 2
Real-time structure search and structure classification for AlphaFold
protein models
Tunde Aderinwale, Vijay Bharadwaj, Charles Christoffer £&

(AL RZEEP R, 2022. 4. 05)
4, TEER AR TN J7 T HUS T 980, AlphaFold2 J7 VA 7E @K B 7 A
T SRR E . BEAE AlphaFold2 BRI A AT, AlphaFold2 Xf 21 MR H
Jo H TR 45 #4385 AlphaFold #¥s R A TR M. #EIXH, Jy 1 J7{# AlphaFold2
BT 25 A A AL, eSO R Bt T R Al B 3D-AF-Surfer, & 58 ¥ XY
AlphaFold2 BARYFEAT SCIN (5L T 459 38 &R . £E 3D— af — surfer 1, 459/
= YEEJE SRR TE (3DZD) TR, 1K R S HER R AR R OR . AT R
TN, LU E B 3DZDs fE N, LB LA 3DZDs ST HERf AL R
MR 2 EA . I 3D-AF-Surfer, B T AlphaFold2 BRI 4EH 7
%, FIHIR T AlphaFold2 B B AS/KF 5 WAETC T X382 (R AR AH R

1177, VICO: AMHEACSCA S ER AR B A0S DR A A0 0 25 A
ViCo: Detail-Preserving Visual Condition for Personalized Text—to—Image
Generation
Shaozhe Hao, Kai Han, Shihao Zhao, Kwan-Yee K. Wong %

(e R fS Bk, 2023. 6. 2)
BT BB ()AL SO BB AE BRI RAT B 7 2 R 4 e Bl
HAWE S D BENER (B, —ADFREcED  JRATHY H br2 R A pip A,
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https://www.nature.com/articles/s42003-022-03261-8
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Complex Query Answering on Eventuality Knowledge Graph with Implicit
Logical Constraints

JiaxinBai (Department of CSEHKUST) , XinLiu (Department of CSE HKUST),
Weiqi Wang (Department of CSE HKUST) , Chen Luo (Amazon. com Inc) , Yangqiu
Song (Department of CSE HKUST)

(AL RFEFESR AN R, 2023, 5. 30)
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01 KGs, SRT, TEBLSCHH S, FRANE FHEXTHE A RAFESh (B AT f6 P ek
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1179, {#/H] ChatGPT AT 512 AR
Column Type Annotation using ChatGPT
Keti Korini, Christian Bizer

(AL RIRF AR, 2023.6. 1)
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SELECTING ROBUST FEATURES FOR MACHINE LEARNING APPLICATIONS USING

MULTIDATA CAUSAL DISCOVERY

Saranya Ganesh S., Tom Beucler, Frederick Iat-Hin Tam, Milton S. Gomez
Chig AR Fe KA W ERER T B /152 WF JU ) 5 Jakob Runge (CEUE A== FUp
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1181, SHAP-IQ: Unified Approximation of any-order Shapley Interactions
Fabian Fumagalli (LL#h3%/REEK%) , Maximilian Muschalik (F&)E K2,
FJE BB y) |, Patrick Kolpaczki (BEAEIH K 2
CAER™EH A fiis, 2023.3.2)
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1182, Categorical Foundations of Explainable Al

Pietro Barbiero (8|#Mi k%), Stefano Fioravanti ($BHRZNAK2%), Francesco
Giannini (BERZNK2), Alberto Tonda (EEZZ-p¥7ef K%%), Pietro Lio (&
Mr k%), Elena Di Lavore (M T K%)
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1183, ZREANZMASTHESCHF - i B BEN LA DU i 38 FOHLES 2% =) 51 S 3i0in 1
Supporting Green Neuromorphic Computing:Machine Learning Guided
Microfabrication for Resistive Random Access Memory

Abdi Yamil Vicenciodelmoral, Md Mehedi Hasan Tanim, Feng Zhao, Xinghui
Zhao, School of Engineering and Computer Science Washington State
University Vancouver
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1184, T [A)BEF HLAE NFAELR AN S ST P TS T

Towards the Neuromorphic Computing for Offroad Robot Environment
Perception and Navigation

Zhenhua Yu, Peter R. N. Childs, Thrishantha Nanayakkara
(6K e =%, 2023, 06.09)
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A Neuromorphic Computing Platform with Compact Neuromorphic Core
Pujun Zhou, Shaogang Hu, State Key Laboratory of Electronic Thin Films and
Integrated Devices, University of Electronic Science and Technology of
China

(IR FEH F %, 2022, 10)
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Revisiting Inferential Benchmarks for Knowledge Graph Completion
Shuwen Liu, Bernardo Cuenca Grau, lan Horrocks, Egor V.Kostylev
(JLR#EEH, 202346 A7 H)
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Causal normalizing flows: from theory to practice

Adridn Javaloy, Pablo Sanchez-Martin, Isabel Valera

(b Rkl 5%, 2023. 6. 8)
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1188, TR F BRI R AR KL AT 5 M)
Robot Task Planning Based on Large Language Model Representing Knowledge
with Directed Graph Structures
Yue Zhen ShengBi Lu Xing—tong PanWei—qgin Shi Hai-peng Chen Zi-rui
Fang Yi-shu
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Segment Anything
Alexander Kirillov, Eric Mintun, Nikhila Ravi, Hanzi Mao, Chloe Rolland,
Laura Gustafson, Tete Xiao, Spencer Whitehead, Alexander C. Berg, Wan—Yen
Lo, Piotr Dollar, Ross Girshick

(AL RZEEPAf =, 2023. 4. 5)
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1190, 5 >] @i FORFEARS H TBCE By S
Learning to Ground Instructional Articles in Videos through Narrations

Effrosyni Mavroudi, Triantafyllos Afouras, Lorenzo Torresani
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1191, AlphaFold. A% fg (AD) FIAEHE

AlphaFold, Artificial Intelligence (AI), and Allostery

Ruth Nussinov, Mingzhen Zhang, Yonglan Liu, Hyunbun Jang

(AL RER LS B, 2022. 8. 17)
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1192, [ ) AN B B P R B a8 5% 21 7V
Interpretable ML for Imbalanced Data
Damien A. Dablain G#4¥fF K%, 2€E) , Colin Bellinger (I KEZEW
4%) , Bartosz Krawczyk (¥ JEWIEFSR Y., 3€E) , DavidW. Aha (iff
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For Better or Worse: The Impact of Counterfactual Explanations’
Directionality on User Behavior in xAIx

Ulrike Kuhl, Andr’e Artelt, Barbara Hammer ({2, HL#hZk/R4E, LE#)3R/R
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Explaining Explainability: Towards Deeper Actionable Insights into Deep
Learning through Second-order Explainability

E. Zhixuan Zeng, Hayden Gunraj, Alexander Wong (JHEkAS K2, MMEK) ,
Sheldon Fernandez (DarwinAl BE{AARAF, MEKX)
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SIGHT: A Large Annotated Dataset on Student Insights Gathered from Higher
Education Transcripts

Rose E. Wang, Pawan Wirawarn, Noah Goodman, Dorottya Demszky (HfIHAEK22)
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Applications of AlphaFold beyond Protein Structure Prediction

Yuan Zhang, Feng Pan, Xiuwen Liu, Jinfeng Zhang (f% Hik K%, %
[E) , Peizhaol.i, Hongfu Liu, ,Pengyu Hong (AizZidifi k2%, EHE)
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MR RARFGENERA S AlphaFold =AM BAF R BAHRIER 2. B, AL
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M AlphaFold 2% 2] (¥ 32 7 o 512 HP) 45r AiE E 1 00000 A2 5 1t A8 Ak, 3X R B
AlphaFold St 15 18 T A2 5 41 (1 38 3 1 L AR AN I K. R, FRATME A
AlphaFold RISUEFATZ BT A K& H it J5i% ProDCoNN, % J7iE BT ¥ 5
Diir2 B HiriEa g, et BEammER2a8mEt. RIERT
ProDCoNN REWS BT 4T B AR H il B AR S5 M I 45 M K Fe 4 did 45 B8 U= 1
ProDCoNN. AlphaFold MU ZE4s- R, JATBRT 17— DFT RS R AL T+ 8 B ot
SER BRI o B T S R AT R R SO RS R R S R ) T A R,
AP D RER IR TR  FRATE AR T BAT 134 DMEREER) FLT3 BCiR A 8
(PDB ID: 1ETE) HYHSEHE AR weittE, Jy 3.1242. 14E85.

1197, MetaFormer A &R 75 Z )

MetaFormer Is Actually What You Need for Vision

Weihao Yu, Mi Luo, Pan Zhou, Chenyang Si, Yichen Zhou, Xinchao Wang, Jiashi
Feng, Shuicheng Yan

X&—F>RH Shuicheng Yan KFERIILHE, & 2022CVPR 2 WHJ oral 3(FE, A
transformer ] E attention is what you need JERATFR, ¥Rt transformer
IR R BRI . WFFLR W, Transformers HH [1¥E R S LIS H AT DLBY
(A MLP AR, IF HE NS BRI REAR SRR B o T I — 8, AR
Transformers [EEAALERY, A S HARK) SR SR, AL R P REE N E
B, N TR — R, AHER Transformers H ) yE & IR B oy —
EHE R R ECRE 1, R EAN LM (token) RE. L ANHIFIE,
AR EL AR . PoolFormer 7£ 2 /M ENAGAESS LB TIRE S
SR B, 1 ImageNet-1K Hi#fs4E |, PoolFormer iAF| [ 82. 1%[f] top-1
W R, L&k 40 % ) Vision Transformer/MLP-like FE 2% fii 74
DeiT-B/ResMLP-B24 IR 4373 it 0. 3%/1. 1%, [A]IF SHCE == /> T 35%/52%,
THEE D T 50%/62%. PoolFormer A R RIE T A SCHMBGA, FHARMEA SR
1 “MetaFormer” HJMER:, XFEM Transformers HHligR i — i 544,
1M AR E 2 MR A7 )2 SIS IEM, ASCIAN MetaFormer J& il £k
MHEATSs AT 545 1K Transformer F1 MLP-1ike BEALH[F SCHEMLEE . IX T
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TAEWEF R SR AV T 2503 MetaFormer, A2 ANAN 73 4 RR & AL B,
Ak, ASCHEH ) PoolFormer R AE AR K MetaFormer B4 ¥ 11 1A i JE HE

1198, fd HIHZ LA THE BIAE I 6T FE 4 B

Analysis of time—delay photonic reservoirs for neuromorphic computing
P. Dmitriev, L. Di Lauro, B. Fischer, A. Aadhi, M. Chemnitz, E. Viktorov,
A. Kovalev, and R. Morandotti. ITMO k% &4 159 68 E A5 BH A W
5 R

(LR 28, 2022, 5)

N LA N2 (ann) FIHLER % 2] ML) IR B 7 ) D@ WG R BIFIEE S
A RN ETETE X 4 B SEES o e TACFE SR AV BE R AR T A AR T HER
W RS AT, GFGT RSN IS, AT T2 81
FATASFUE G « Va8 J5 2k o ARG T 1 B 8 - Jo 4 A4 F A 3RAT]
REMSIRMUE ST A8, IR DT IO AEIFATIE . ARSI N L0 2 W 25 45 1)
S ARSI EE (Fnn) FIFEFRIN 4 (rnn) o HHF 6T 9 28 R B0 AR 46 A2 S e 1, BR ]
THAEEE ). 07, BT RIBEER AL, ran A FTBN “4RELIZ7 .
IKPETHE (RC) W& — AN ET ron MAEZE, DRUGIE A 0 8]/ I007 15 RALEE . 78
RC [T, i NS e ol St 38 i A 2 18], P 5 ZR RIAS AT 2 B 1 ML i) 8
DIE i B8 5 B (2 ) 2R B30 (R PR B [0 51) B pa vk . 32BR |, RC R
TR RN BB A J= A I E H B DRI, 1 R I R AU
TEXR T T AR, VB @I BB AT 70 7 RE NG 7 R AR e MR 23 3, Rl AR e
B AR LRI ASURN LR J 1 [m] 8 (RPT S I R 94 0 J80) P06 7R o AL A 27 20
H, fEEHFE T AN EANRFRASE, WRGEREREEThE . RAMEH T
ML I, 5] 2 A 3 TR0 A2 3R (1) Mackey—Glass B RIFPF1, SRIPAL T
MRS AEIERE ST o BAh, BATIAL T RGAE Hopf 4 & IHE 14275 & (LR A
JELet) (L 1 i ERR) , e S %Eicis. SRR RS R EC R .
BRI . MR, URRSHNLT 0% s e, SRR ETNIE
T 0. 1% T iR ZE (NMSE) o 3X AN E HE U 55 1) e A I B e S A AE T
SR, EZXET, RERAREENIELIET N, I HEA L% RIAEZE:
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elized
ST AR G I 10 T 83 OB 0 3 R HE AR (AR 2
AR, DL RO T SEPERE. ATIIO S A0 VP VA A5 o S OR
BRI T IE A3 TR PR T3 010 S T8, 221382 3
R A5 ST

1199, I F i 1) 2 A48 BE AR I AER FHE TS TH B

Neuromorphic Computing with AER using Time—to-Event-Margin Propagation
Madhuvanthi Srivatsav R, Shantanu Chakrabartty, Chetan Singh Thakur (E[!
ERVER BT R LRER, EEER SRR FHALESRG LER)

(bR B %, 2023, 4. 27)

Hitik S R (AERD /& — PRI % B P, SO VPRI 22 T 25 ARG 22 ) 4 (SNND
AR R B 5 U A I 28 SR A M IR . SRTTT, TEAE G A TR A S
AER B3 A B 38 % PR A g 400 FLZEAE H S OGRS E R, BIAH T AR U AT
FA o AEARICH, AEE IR T WA B H KRR A I T 21408 2 A% B (TEMP)
IBIA, H4 AER iSO B [ B AER | il R RHE 5 2 R SR b ] 3 0 F T ol 47 Je 1)
AL . ATt f3ET TEMP () ABR 28/ 2 52 4 20 1, I HAR# T /T
FEft R AT S BB AEIR, T A RAR SRRV R 2 (MAC) #E. A
SCHRB, TEMP A28 X 2% i 16 (8] 1 G 77 A 1 — RN 28 80, AT DA K& )
FIMAE AT IS . MEAMERIE, ACRE, S UIZRmE:T TEMP &
Z M4 (CNN) T LAYE MNIST #4 4R FF B KT 99% ik rfitE . Sk, 1E#
(K LAE R — M2 AW R R BT R, A A TS R T H 1wt e 4
JZ.

1200, MR RGBS SR RIMEES RS MA
Recent Trend of Neuromorphic Computing Hardware: Intel’ s Neuromorphic
System Perspective

Yoon Seok Yang and Yongtae Kim Neuromorphic Computing Lab, Intel Labs,

Intel Corporation, Santa Clara(#EEHITH LI E, JRF/RELIGE, HfF
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IRNTE], ARG R M T RiRL), CA 95054, USA School of Computer Science
and Engineering, Kyungpook National University, Daegu (JRiHjE 7 K243 [
THENURFE S TR, KEE) - Republic of Korea

(B REMF xR, 2020. 10)

ML TR O 5 T 5282 N5 R I Dfe, WHRTHAE. 40k IFA7 A0
RS 2 5], X EETREHE T AR « WEK 2 A0 AR PR . ASSCAEH T ERRR
(¥ Loihi #HAETEAB OO LR RS0, 35 T 1 e A I1E SRR 72 AT Hh 1
H. HEEANLEBRG T, AT REWEME RGN, TETZ LML,
FFAH L FER AR R, X LEBR SRR G & SN LR AR A
T TEOX LR, B B e A TS O O N DR R BT R S
M TEA TR R0 SR SCRAEE T AT AR AREAE . AT R I IFAT AL B, DA SCK N AF
MGG — N RIeH, WMMEATT. ASURE T AT SR T E RS
R TN RIS TP . Loihi RIER RS2 % T 2018 4ETT K (1 —
FMALER TG R o 1% 7 R IR BN A0 FE HAT VR, X R — AN R
A SNN [ImTgmfE A 221 5188, Loihi W LASRAT FESLBREF LI TAE gk, K
FE Lb A AL EE 2SR 1000 £i5, ROR LA GEALEE S} 5= 10000 5. Loihi HH 130000 A4~
MZTC. 1. 3ALA Tl AN =/ Lakemont X 86 1204 B, T B A1 B 4h 22
2%, CRIEYRF IR 14 40K FinFET T2 EHBER . B —A 575 MR )
WOSEHLA P B SR 10, W JR 2] 16384 4 Loihi (O H o it I BE 0055,
RERS H T IF RSB ERI M S TS SR AR AR 7, (R A0 &8 T35 SRS 1R R 1 K e
77,

1201, MolCAP: 73 ¥4 S N TR SR AN $ 7 S i 6 50 7 5~ R Ak 2

Mol1CAP: Molecular Chemical reActivity pretraining and
prompted-finetuning enhanced molecular representation learning

Yu Wang, JingJie Zhang, Junru Jin, Leyi Wei ( FiAZIHK)

ClERsk gl s, 2023 4F 6 H 13 HD

DTRALES] RL) ZZYEEARAES KDL 2R, PLATRIERE S (DL JF
PO TR I AR S T SR SRR N 2 TR HESE, RE TR E 1
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A S NEE 731 9% 2R CUARIE W5 2% A 701V (1 o DR s TRAE 55« FEIX R, &
141 1 Mol1CAP RAfe it MRL, —Fh B FiIZRE T4 S itk (IMR) IR AR I
&%, PRt SRR, MolCAP A T3 F LU R SR LU BT i 1240501 1
WERHESE, 72 13 D RJFAT I 7rf BBV AR S5 RS . i MolCAP
PEor, HEFEBLAH B2 W 2% B S B N i PR RE IR T LART AU AL, 2R W]
LFIHT SR MRL IS NS B teAh, Tt A T Re A L
EmE. BINEZ, WAIGEIRAIN MolCAP REBE X 25BN L kR 2 G
B IAL S IR DL o

1202, FEARJEE H R BRI A R PR AN AR SR A v At AL B B A
Deterministic and Work-Efficient Parallel Batch-Dynamic Trees in Low Span
Daniel Anderson (RiiZEAMEFE A , Guy E. Blelloch (RiRFEAMEHE K
AL KIRF MR, 2023 6 H 14 H)

ENASHHR SN E VL AR @A, HAF S B2 Sleator M Tar jan (7T
GUPETAE[STOC 81, (1981), pp. 114-122]. 1% i R £E 48 28323 AN B ) =]
I AESF — B, TR SR T A, linigie B RO E S . 729717 Hikib
A RES, Hir2UME (ZHENE 0D MR ABHEE L. S
Tt AR R @ B, 40 ) 2 Tseng 58 N @b 4L BE JF 47 Euler Tour Trees
[ALENEX 19, (2019) , pp. 92-106] Al Acar % \f¥)JF1T Rake-Compress (RC) Trees
[ESA’ 20, (2020), pp. 2:1-2:23]. AW, XPAFIEIEAEZBENLE, JFHIAE F
HATAERCR. I, X SEEAR A 00 LA Firgs R (FEse E3RRATT A,
BT SR TAERCR m AT UG BN B SR MR BB . FEARRF T H, &
AR T 12 0] R ) B8 — A 0 T AR ORI T 0T 58 o FRATTI 50023 DL A 0L 119
e 07 Y — BRBVAS AT 4, JRACFEAL R k ML, TAERRER
0Ck log(1 + n/k)), EEIHAKHN0(log n log(c) k), HHrc NEEH B, XfE
FIRATRENS 0 M ST A BRIAMEDL R 0k Tog (1 + n/k)) LAETEHTAIE ]
RIIFATHEAL B RC-Trees. FRATH T 34545 € FE I Kk b ARt AT B T ot
WA BN, BHEEFAM 0(log n logk n)#EmE] 0(log n).
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1203. 4t — KM 5 B AR K1 - Roadmap
Unifying Large Language Models and Knowledge Graphs: A Roadmap
Shirui Pan (H/SHF LIEMZ2 &4 ) , Linhao Luo, Yufei Wang, Chen
Chen, Jiapu Wang, Xindong Wu CHLSHLF LREIH2A2HE 5 51
(JERFEFRF, 202346 A 14 HD

KAVE SR (LLMs) , 41 ChatGPT A1 GPT4, T H AL Az ALRE S, IEAE
H ARG S AR FEAN N T e U T 1R . SR, KR S R R Y,
AAEARef AT I F Al . MR, AR EE (Knowledge Graphs, KGs), L
MR R, RS RIS, BRR A AE T S IS SE AT KGs
A DAIE b A HE R A AR M SR AL A AN ORI B K BNE F AL . RN, KGs A&
A LA AN AL, X BUA 1 KGs A= B 95 SE AR s AR AR 1 7 155 H T Bk
o BRI, ¥ LLM R KGs Gt —7E—i2, AR5 & A I3 BAMA . 7EASCH,
FRATER T LLMs F1 KGs Gt — I RTHE TR 2R 1K o AT 26 48 = — AL,
Ep

1)KG-enhanced LLMs, f£ LLMs HITRYIZRAIHERR R BRAAN KGs, B T35 58 LLMs
T R0 R E A

2) LLM-augmented KG, FJH LIM 5ERAFH) KG A£55, ik A Ab4ax. #E. K&
TE B SCAS A A i) i [B] 45

3) VhlF LLMs + KGs, LLMs 1 KGs K¥E-FEEMIEM, LAERIMT N TIE, 1458
LLMs 1 KGs 7EHHE AR BRS) T I X HEFRRE 7o FRATITE B 2 B o [l R 58 45
TR N IEA TR, JFRH T EAIRKRMTT AT .

1204, (JFsSLAgREE A1)
Ensemble of Counterfactual Explainers
Riccardo Guidotti , Salvatore Ruggieri

(University of Pisa, Ttaly, B AFIELEERZE)
RN TLEG (XAD o, O8I TN REEWRLS, SRR
TR F S — LB AR IR . B/ ATERVENE. BTk, ZREME. AEMER
FIN S0 BAWR T — D RFLEREARES, BRI 8 ML 75 1 55
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BESRHETI N o A B Ik B 5 K TV o A2 BLAE SR FIARFAE AR A | 3247 55 A RE
e JFIE IS ] 2 A IR BN AR £ R BOR A & BTSSR o 20T IR AR R T A
(¥, T H gt 1 R TE, B REEEA AT R .

1205, A H 32 37 5o e v w] il e Y

Acquiring Qualitative Explainable Graphs for Automated Driving Scene
Interpretation 3%, 2023.8.24

Nassim Belmecheri (#BE SIMULA #5503 ) , Arnaud Gotlieb (458 SIMULA
WHFEseEn %) , Nadjib Lazaar GEEZMFIR KD , Helge Spieker (B
STMULA HJF 725856 %)

B BEA (AD) MIASKIE T Rfaf, APRATBM A TR G, R
TR, B0 AL RS ) 2 B AN R N IR AT AR Ah 5 52 45 5 (1 T
B R FL TR SR, JRAE R A SN 1) M B T E N RBEAT RS . 8T, H TR Z
BT FRRE T AT A T %0 22 A5 TSR AR 2 1 [ 3078 B ) S RAE AT 8 24T .
AR T — R AD MscRoniE, MONEMTRE (X6 , THTK
W R E VER SHEE . 2RI T R e A ARG E . FRATHE
NuScenes (—MNMFRUME S R ZBAXEIES) ERSCIRL IR, H 40 A
ZH RSP R 7D R SR 3 55 1) 1 A R AR R T DA 7 (AL o SR i v b 5, XA G
FR B R R B AR O R R AT S R R A B T A .

1206, W] fiERE N T8 e SCHR IV i 3

Trends in Explainable AI (XAI) Literature f3%, 2023.1.13

Alon Jacovi (Bar Ilan University, [Lff22K%%)

XAT SCHRIF B, TCWRRAERTEILRAE A FT b, (HE G RALIX R 7 — o0
i, 315 Re0E T R EEHL B B KIS FRATMEA] SemanticScholar APT 47 G4
WHE R TR, W 7 Mg N R A HARX A XAT eSS, JLadE
5199 FHiL3C, WILATELL https WL B4RE] . FATHRI X AN A SR I AT AL AL
SCRRPUSAITE S 51 &% . Bausaf b L aEas. BEmE, XAI
IEFEARAT KBRS 22 R, B CIETHRANURNE) B0 B8 SCHXT G K, #5490
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AR B BRI N, B 0ss| Eah N, oo, %8RS n] DL SCRk A B
S8, IR R ARYE R € L A SR 51 I XAT STk (fldn, fE LA S B 5
e 3 B S, BN EE XAT W98 BAA s A8 S0 .

1207, Swin Transformer: Afif~F# % 1432 Transformer

Swin Transformer: Hierarchical Vision Transformer using Shifted Windows
Ze Liu, Yutong Lin, Yue Cao, Han Hu, Yixuan Wei, Zheng Zhang, Stephen Lin,
Baining Guo

RINET —FF LS Transformer, #7A Swin Transformer, EREBAE AT
SNALSE B B o ATE 5 BIALSC 4 I 25 VR 2 PRk, il o sk i R
FEARAG K, B T R R 4 He 5 SR A R SRR AR LB . A T R TR B 2
AR E T M43 2 Transformer, HAFTRZEERALE DR . BALE 177
FomH BRI IR SIS E SR E O, R VRS E FERE, AT
KB R R R o IX A7) 2 B A 7 2 M RURE b s i) R s 1k, JF H S B R
INEF RIS 2R, Swin Transformer [RIIX SRS 3 5 732 (L5 AT 5%
e, GRS (ImageNet-1K [ 87. 3 top—1 #ERAE) FIZE AL TIMAT 55,
filtn B ARG (COCO MR 4E 1 58. 7 box AP A1 51.1 mask AP) LA K iE 43 E|
(ADE20K val Ef53.5 mIoU) o BERIVEREKIGET 1 LARTHI BB, COCO
FH+2.7 box AP A1+2.6 mask AP, ADE20K I fJ+3.2 mlIoU, fE/x T % T
Transformer FIBHE VLGB TR JT. 70 BBt R AL & D70 T T f
MLP SEH 2 i 1 o

1208, AT 55 AH G 22 40 BED0S Eb 5 ST AT Wi iyt = 0 il

Auditory Attention Decoding with Task—Related Multi-View Contrastive
Learning i3k, 2023.8.8

Xiaoyu Chen, Changde Du, Qiongyi Zhou, Huiguang He(China)
AR, NWIRE S ET AR 5 & s bk 5% . &,
WEFCN GUR I e T AT A R (BEG) Hdlehgénd. 2R, KZHIAH
FROTR FE 27 23 T3 AR A I AN R P R 56 50 R (RIS 51 35 A P 2 S A 554
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https://arxiv.org/search/cs?searchtype=author&query=Chen,+X
https://arxiv.org/search/cs?searchtype=author&query=Du,+C
https://arxiv.org/search/cs?searchtype=author&query=Zhou,+Q
https://arxiv.org/search/cs?searchtype=author&query=He,+H

REHLED FHRIAS Nl IR IR . AT B IEAR R JER R R, JATIHEZ
MLEVE P AR T 58 77, A SRR AL R U A R A e E (5 . A
ki, FATRE T —FE T 2K VAE FUT S A2 (TMC) 22271
W3 E R ARED (AAD) J7¥%. 7EZA0E VAE FFoR A TMC 2 3] ] LUFI FH ik (1A
e A AL B S B R R AR R B R R & o, JFRBUL L RIAE S5 AR R 7R AT
FEPINRATH AAD Bt ER S RATRI IS, IRl R S e Bt A AT
FLIBORAIE FA 3RAT 1 1 7 R R DL A

1209, EHFEAREBE:  F RO ER B Al THDROs AR Al TR AN E 1
Escaping the Sample Trap: Fast and Accurate Epistemic Uncertainty
Estimation with Pairwise-Distance Estimators f§%, 2023. 8. 28
Lucas Berry, David Meger (Z% /KA
X T AR T —FF 075, 8 B B B il (PaiDEs) (AR BB A
AN B AR T o IR Gk T 3R ALY 43 5 2 1] (14 RSO0 R B SR AR ) LR, R
F Firidk S BRAE Ay 2 15 R A HE N Rk v o 5 050 FH T DA AN 5 T Ao T PR 2 2
S T5 (AT TREAR S RE R P72 A [H, PaiDE RERSTE T KIS A (&
i 1008 times$) EEEPRHAETHARIATEVEEIA 1008 times §, Jf HAESH &Y
YEFE BRI EAE . A T IRUEA ST T, ARSCHAT 1 — R A E H T PHlA
MUANHE A TE A SES: 1D IE5%40#%, Pendulum—vO0. Hopper—v2. Ant-v2 Al
Humanoid-v2. %f T8 —/NSCIGE, 3305 ) HIHE L 4k N 21 7 (19 48 5
PaiDEs IIAENIANH & AL 1T

1210, RO SESCHr - F B U LA UGl a5 O BLAS 7 21 51 S50 T
Supporting Green Neuromorphic Computing:Machine Learning Guided
Microfabrication for Resistive Random Access Memory i3, 2023.6.9
Abdi Yamil Vicenciodelmoral, Md Mehedi Hasan Tanim, Feng Zhao, Xinghui
Zhao, School of Engineering and Computer Science Washington State

University Vancouver

Bt AR AIHIL a0 B 1 H 2 B, 72— PPBE SR S RE R T 2ORIAT
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RIEE S TAERAR . R PISE iRt T — MBI k7 %=, v EA
BT N SR o B 2 TO 24, IR IRk D B0 2 1) Re BV AR AN B T H LR RE 7 THD
BontH BRI /7. JR1M, AR IHNE B ot A, (EE B AT
RALEE 5 2] 51 00 H B BE AT LA BUAE fifs (RRAMD B0 T T 20k fif i — Bk, RRAM
FEANZAZS T O AR o SRER 45 AR, %07 E T DA RO TR A [/ 25
£ RRAM 25 LRI RE .

Pt 5% B SRR T H S R G 0 T SRS W RS, 5 K P B T AR R FL T R A2 A g 4 20
AL SR PR EE R RIAE FH o 5] IR R T A o) i 1) — AT FE MR R T S /2 “ RN A “ 4
O MATLATHE, BA TR ERAE AT AR i) ab 38 07 2.

SR, T Ao o RE IR S A ik, T R K el R AR L R M, B T ) i e 2
T, BEARSATY . fEASC, JATNH T IRATER LSS 7 I
ASKHE B A RRAM BRI R T TR T . BRATI J7 V22 e T — A5 ST 5 3%
e, EAENEER A E] O ) AT L, IR AT AT AR RRAM B AR — A 4
T SHDRLRE B ReFR A AT« IXEETVETRG T BRI ZERE, sk e 24
A TVFEL T — 48 RRAM B (1 50 e RO U el ~F 17 iE R . H AT — L84
FIETESEI Y. ok, AEE ISR ZRAEY) RRAM (W AR REFR bR, 9l E i i
FESIRR A AE B AR RN, JER) B T WA 2 ST VR R AR BE 520 o 10 T E K
F BSCRFIR G I 2% 28 O EL . LI, A58 FH SR (R R T 2 S R HE SR BT T4 ) RRAM
IR D). B, TEIREERPURIEERE b, BB e A R TR SR AL BRI VR Ak
M TEAS T RRE A /A W R it

1211, a1 B HLAS AFABLR AN S ST RIS

Towards the Neuromorphic Computing for Offroad Robot Environment
Perception and Navigation fii3%, 2023.06. 09

Zhenhua Yu, Peter R. N. Childs, Thrishantha Nanayakkara

ARSCAEE T TE B AR 8 BT — A FH TR B2 N BR5EJRRRT 5 A F 7 A e T
AP E ST (WARNEZ D RS, WHTR S LA NSRRI T
PEREAMIRDIFE (MM 220, 1% RS DINLER N B 5 IR 2 IR A8 B ol £
RANIALE P HATAE S B SIHL 3 N T 22 5B P B U, BAT T TRE I T 52
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PRI IR A AN RALIX LA, DLIRE S By A LE (B iR B R MEPE IS . O 1 il piX
AR, A NE AT R s B T R, SR EE SR J Bl 4
R, IR NS R AL eAh, RS T AKER R, e aEA
ISR 5 o BT IR IR, (R85 E B IR R I T VBN 2 TSR
AR R R, DLSEBUPRE . 225 i A A S AL ds AR BN AN Lo X IR 7 AT
AR Bh AT 1 AL 00t L) B IBUSE P8 e 35 Bh AL s N SR80 25 B3, IS H AT
TR BT BR AL AR BRIIAT ST (A k2D AL, St 17— R i g
VYE

1212, BAREMNHATESZONMELSITETFE
A Neuromorphic Computing Platform with Compact Neuromorphic Core 3%,
2022. 10
Pujun Zhou, Shaogang Hu, State Key Laboratory of Electronic Thin Films and
Integrated Devices, University of Electronic Science and Technology of
China
Bt SR T A B DO R R, RO TSP 2 8 T T2 0E . N T b
BEAE RS, M@ MBI M T &, AR T — DN BRSO
A A 22 0 S FH B RO SRR B, X R — P s i i@ I 2 T4
THEAZ L, JFE 588 A4 LUT R R 1 1K MHE oA IM Ao FEAZ O THHYJE
fifi b, AR T AR ATEE RS . X MHAETESTHEFGERT
64 ML IEBAL OANAE AR, SRIE1E Xilinx B FPGA-Vertex—6 “F & LAl
DB TP 6. EASCIAES, $e T —FRdE. (5. g, @ HAm
VR R BN, LR T 1K AN ORI A5l AA 558LUT,
RCAEAZ O VT B R T — AN BRI ATES RG, G 64K MZICH
64M N5, T ZRGEA RIGIEAME, o DA S —A =2 kR
W24 (SNND , BT SLIRERTG 7 98, A1%IHER . W Ed, (B4
TR MG 0] LIS B EIXAN RG b KoK, Al A BIA R % T & LB
MR ZE R 2% (CNND
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1213, StratMed: fIREVRZPIHER KIAHICNE =

StratMed: Relevance Stratification for Low-resource Medication
Recommendation 3%, 2023 429 H 3 H

Xiang Li (HPEFHERE RS

it 2 A IR P I 7 R R AN T304 K 1) 75 SR ] AP 48 H 2 n el 5 T N 8 R
IGRAT 55 A3 R R B . ZGWHRAFAE N — AT, B 7E B e e 5 2
ARG SRR, WBIEATT 4. EHERRIZYAE . BUE 5520 T
FHRE A B R AT, 2 Sk AN RSB M R R, 3B RE Re AN B A
NT R X Bk, FRATSIANT StratMed, X2 —ANLE QI EHLH
A, i T EGE K R T I R, IR G (R e A AN A 1 2 TR
197 P BARRUL, FRATTE S M8 FUR BE 2 ) I A @ TN 507 VE R 3R AR Sk
e 5, BATRE T — A S EARIEEE 53 )2 0572, T8I SR A AN 5200 ) S
IRFAERSRAF T SRR R o BT IXFIOC R, BATRE T A B kR R
[F]— 2RI FH RS BE A 22 4, IS B0 U5 R Rom . i), B LIERE B
WA A DA BT 24 B i BER LRI 2520 & o 76 MIMTC-TTT Hdig 4 b seat = m,
AT I A DA VA P s (R4 22 A AR M) EAG T il e se it m 7 ik

1214, RO EITE TR ORI 5 B DPAS (K R] 3 fi S e

Developing a Scalable Benchmark for Assessing Large Language Models in
Knowledge Graph Engineering 43¢,

2023 #£ 8 J1 31 H

Meyer(1,2,3), Frey(1,2,3), Junghanns(l,2), Brei(l), Bulert(l),
Griinder—Fahrer (1, 2), Martin(1, 2)
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1215, ZA~FJ e DA SRS 1) 3 L T FEE 43 B
Adaptation Speed Analysis for Fairness—aware Causal Models %,
202348 H 31 H
Yujie Lin, Chen Zhao, Minglai Shao, Xujiang Zhao, Haifeng Chen
NZE: BN, ENLESBIAT SR, N T SEELB RS & Z A AU B R,
PRI RLEEE N AR B RHE, X8 SO ZRmAN AR RO ] Y . 7EVF 2 45t
AR AR A A P TS S A0 B 1) 1) R A B . Bk, B R — AR
oA, T AR ESE, SEBSUERSm xR 5
* XSFERE, AR R AT LA IE ROE A, ARG AR R [A] R R AR AR
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B IMZEBUERTE (M) KB N TIRREE MG, AR T —/
B AR AR (SOMD) , AP AR R SR~ 22 - RN 2, Jerh AR & A fE AR
Ad (X) FIRAS &R (V) Z )78 U & . R 2208 SCM H, #A
TRy IR T — BORAR S REER OG 2R77 1) o £EX SCM Y AR B HEAT AR AN+ T
FATT AT ARSI — LS 85U 2 1 1 100 ABEAT 20 17 o SRS, FRATTELE T AR AL DY
PR3 50 R G NIEE o Bhah, FRATIEW T PIAMEBLLE BT T FLs O 1 3
JE 22 1B (R DR B

1216, F1IF & BB TS PR TIZRE 58 7 2 B A Bk A& 40
Hr
Opening the Black Box: Analyzing Attention Weights and Hidden States in
Pre—trained Language Models for Non—language Tasks
Mohamad Ballout, Ulf Krumnack, Gunther Heidemann, Kai-Uwe
Kuhnberger (f[E BHETghAG B 50 KN FnAE 2 B58)

(JERZEH LA %, 2023.6.21)

142



T R H PRI B TR, SR IR SR B A EE R
WIS B Bl ik T AL S IO PRI ZRTE S R BED, DR eI TR 3y
RN B H A o, il oI A 1) L AR BN R 08 . i 1 S Blnl g N
REME, AZEfE L AL D IR, PR S NS B YR A AT LA, AL,
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TR RS, BATEIL FIERE AT R IRE, Rl e ok i — 4up .

1217, ERRI R Glocal ffkE
Glocal Explanations of Expected Goal Models in Soccer
Mustafa Cavus (Department of Statistics, Eskisehir Technical University,
T HHEBREMA R T K¥% 1 &) , Adrian Sta’ ndo and PrzemysUlaw
Biecek (Faculty of Mathematics and Information Science, Warsaw University
of Technology, VI T K47 515 B A¥E

CIER ™M F %, 2023. 8. 29)
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1218, THIAPIEEMHI AT RERE N T RE (XAD . —is At

Explainable Artificial Intelligence (XAI) for Internet of Things: A
Survey

Ibrahim Kok (Pamukkale University, ML K%:), Feyza Yildirim Okay
(Gazi Universitesi, KHFK2), Ozgecan Muyanli & Suat Ozdemir (Hacettepe
University, MaPufEf K5)

(AL RZ=Zhds, 2022.6.7)
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1219, BB AP HUCIZ A% 15t STDP R¢d ) SPICE BT 7T
SPICE Study of STDP Characteristics in a Drift and Diffusive
Memristor—-Based Synapse for Neuromorphic Computing
SUMAN HU 1, 2, JAEHYUN KANG 1, 3, TAEYOON KIM 1, SUYOUN LEE 1,
JONG KEUK PARK 1, INHO KIM 1, JAEWOOK KIM 1, JOON YOUNG KWAK 1,
JONGKIL PARK 1, (Member, IEEE), GYU-TAE KIM2, SHINHYUN CHOI 4,
AND YEONJOO JEONG
CIER A gk, 2022, 1.5)
ML 2 — N A ERE RS, W] Ll A0 A R Se Bl e ot 5.
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{ELFE TR A FELBED) [R50 o 45 SRR 0, STDP il 28 7 ) 2 i B max 1w A max 1t
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1220, FHT#h&IEATHER I 2 R0 B e s T4
Multilayer Ferromagnetic Spintronic Devices for Neuromorphic Computing
Applications
Aijaz H. Lone, Xuecui Zou, Kishan K. Mishra, Venkatesh Singaravelu,
Hossein Fariborzi, Gianluca Setti

(b R# B E R %, 2023. 09. 13)

[ E HL T2 B T LR T REAT At 25 I8 AR AN AR AL G vk 30 20 10 B T A T S
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1221, AT @& ETEASTH RSB EN TR AMZFH A

Li-Ton Doped Artificial Synaptic Memristor for Highly Linear Neuromorphic
Computing

Jialin Meng , Zhenhai Li, Yuqing Fang , Qingxuan Li , Zhenyu He, Tianyu
Wang , Hao Zhu , Member, IEEE, Li Ji , Member, IEEE, Qingqing Sun, Member,
TEEE, David Wei Zhang, and Lin Chen

(B REM T, 2022, 12)
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HH W BE 1) R BH DD SR A 22 RS A AT N . N LR AMIZPE 35 278 T 848 EPSC.
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1222,  HRN ST PR f i T4k 2 AT
Universal Preprocessing Operators for Embedding Knowledge Graphs with
Literals
Presiner. Paulheim ({f[E SR 40R 5 M R4

(AL REEFEHE, 202349 H 6 HD
SR EIRE RN SR B (KG) Hh SR IR 2 SR B s - AR R Z BT A kb T
KEFEE, SR ZHFRR, AWRHEERICHERE S B CARRR B 715
) BITHERD o AAAE B ESI0 H FAT RRE T I SO TR ORVRE T IR N T VR R AT
SERI . FEASCH, BAHRE T —4UE A WA R T, v TR A SE. o
6], SCAFEMGAS B, DUERES S K KGs 7] LR 7 7E#R N . 7€ kgbench ¥R
G PAEFH =R E B RN 7715 38 T 42 NIl 45

1223, T S Ay

Graph Vertex Model

Tanmoy Sarkar, Matej Krajnc,

WICHT[E]: 2023.9. 9

2 i R 1) 2 SR B AR DA GRS AR T I B AL . fE=4E (3D) 7 [A] I 7
(Y24 i SRS A v, 4T e ok 4 o 0 D) 286 14D JR3 30 4 D I 4R BB HE S, 3k A 7 5
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HEE UM AR SR, TUTBALEE A LA, R SR 3D &
AN ST b, DHOIE 1 5E R 3D TSR S IR T v R A R T 2 R
T TARMR YT R, XSS iRy R T0 A5 B A IR, IR 2 500V E . FoAT142
T —AME X AN G R RTS8, BRSIN T TR BB T 30, oM BT
FAERL (Graph Vertex Model, GYM) o GVM 3K 40 g X % (1 4 4145 4t 21 iR
P b o LB 4 4 e o PP — 8 S, AR VR IE e A7 R ) BT B b A T 4 i T A
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I FH TG AR L G, 1 G A 60 R R R ) B AN ) e e, I R AR 25 5 i
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1224, BEMZMEHIERR: GRS 24
Information Flow in Graph Neural Networks: A Clinical Triage Use Case
Victor Valls (Trinity College Dublin, #MI#RE=—22F%) , Mykhaylo Zayats
(University of Galway, {8 k%%) , Alessandra Pascale (Dublin Research
Lab)
(b Rk I %, 2023.9.13)
BRI 2% (GNND PRl FL AR B 22 S AN 225G 3% BT 1 e 70 T A2 2 7 £ £ A FLAth 83
KWW, SR1MT, GNNs B RO ZRs A Hhilrt, fAEZ D RIBIF IS, 7E
AL, BATRAIT O A NS BT m AR S (KGO A B4 73
Mo BARUL, FRATRE T — AN ECHRAY, 0% ONN e I 4 1
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LRER, TAEHEZH OW EaECrtae.

1225, FIFHRE 3D FRon: ST M PR &
Learning Disentangled Avatars with Hybrid 3D Representations
Yao Feng, Weiyang Liu, Timo Bolkart, Jinlong Yang, Marc Pollefeys, Michael J.
Black, SItfrK% 5wt 5L

(AL RZEME T %, 2023.9.13)
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1226, FH T8I R I EAE 2 e A
Communicative Agents for Software Development
Chen Qian, Xin Cong, Wei Liu, Cheng Yang, Weize Chen, Yusheng Su, Yufan
Dang, Jiahao Li, Juyuan Xu, Dahai Li, Zhiyuan Liu, Maosong Sun
(bR EUE SR, 2023.7.16)
BAF TR — AN DL J e S R R B A0, 38 5 08 T B [ L i R
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1227,  NJikiWr 15 &5 I A7 76 T30 2 L) J2 0 45 40 FR) I 46
Evidence of a predictive coding hierarchy in the human brain listening
to speech
Charlotte Caucheteux, Alexandre Gramfort & Jean-Rémi King

(AL KRB Bdfi=R, 2023.3.2 )
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1228, MR AR N LA ResRid
Interpreting Black—Box Models: A Review on Explainable Artificial
Intelligence
Vikas Hassija, Vinay Chamola, Atmesh Mahapatra
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1229, A2 18 A HE B I B R B 20 8 RR AR iR AL 5 o0 1) AT AR A
Enhancing the Interpretability of Deep Multi-agent Reinforcement
Learning via Neural Logic Reasoning
Bokai Ji, Guangxia Li & Gang Xiao
MLFJ: School of Computer Science and Technology, Xidian University, Xi’
an, China V5% M TR FA I EHIRE A 5HOR B

(AL RERIEIT, 2023. 09. 22)
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The Thousand Faces of Explainable AT Along the Machine Learning Life Cycle:
Industrial Reality and Current State of Research

Thomas Decker, Ralf Gross, Alexander Koebler, Michael Lebacher, Ronald
Schnitzer, Stefan H. Weber
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1931, T ZRE0 L 48 PR B R R AT R S0 3 g 2
Do Pretrained Transformers Really Learn In—context by Gradient Descent?
Lingfeng Shen® Aayush Mishra® Daniel Khashabi

HL¥J: Johns Hopkins University, Baltimore MD
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Advancing Brain—Computer Interface System Performance in Hand Trajectory
Estimation with NeuroKinect

W AE#: Sidharth Pancholi, Amita Giri
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i 1 NeuroKinect, X —FhEIBT AR ¥ IR, TNl (BEG) {3
SREHE T IIZ 3% . NeuroKinect B FH f /b ¥ Tl Ab 21 AE TE AE TR - 282
(GAL) AR5 %4 EREAT ISR, MIMdm Vit A, NeuroKinect FIAM—4
AR T AU R, RORON LStat.  ZBURREUR T T
B PN A SRR iR ZE 2 I ZE . IRAh, WSCHIBE LRI S 40k
B 5 R B AP i i 1 o 38 3 R FH S A O B RTS8 A (BSL) 45
BB IESS BRI Zh S . XA T BN AR S RO BRI T R 5
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WA#, MIfiFEE T NeuroKinect 7Y AR VERRAIVERPE. 10 SO AR R
T T8 30 VR A S By T8 A AE 2 M AEEAR BRI AE SGHE, XL Y 1 Z 4R BE 1P 33
Pearson #H2< RE43HA 0.92 (£0.015) 0.93 (£0.019) F1 0.83 (£0.018)
BRubZ A, XoY F1Z 4ERERIRA iR % (MSE) 43318 0.016 (£0.001),0.015 (£
0.002) #1 0.017 (£0.005) , UEBH T NeuroKinect HBEZY (1A Bt ARH 5.

1233, AL B2 w28k
Neural Plasticity in Sensorimotor Brain -Machine Interfaces
Maria C. Dadarlat (3&[E E[EE22gN M PUH kM B R 2 BUR & AR YR 5 TR A
Bt), Ryan A. Canfield, (3&[E#REHMI PG HE I 4R AR =Y TR and Amy
L. Orsborn (& [E#EEHUM| P K] H0 RRUR 2% Ha S5 T SHL LR 50O

FERXFER S, gl 1 2 oI fE N s s N e N P 3R BMT A
TER o AERX RIS T, A SCHs 3 PR E Ao 20 00 B AT i iR R N7 25, A
NAEIREET g, O KREVFFRRER VKA RS . ASGERIES BT )
PR S P AH DG 1R 3 R o 0 4 28 76 e i 2 RTEE J82 N LS is B AT 55 IR N 1 fi
W T I SN 2 IR DL AR N R G E 2R SRR ALE B A S0AH
TEANZE, AT Ebr St EE): AT b 25 F R 2= A 2, Il
AT IR FIIZ B RGN HR AT U052 iz s e, AR
A EREEATNS 58T FEAUKAERERAIEN T, WD (BUD S1E
TR N TR B D Re SR E A o A4 1 s 4T IR 5 T A8
Re1 (1, 20, BUBEHIEBEIRE T HEAENEATS . BAR BML 4
WRBHE KM EIED), BEESHEACNZIES, JHRAURE b, Pk
ULE bR RSN I HE . MR BT FREAT — RV, XS 5R] DL ER
e, ARAERAIR RGN —i > XA ELOCHE . FEMIEN BMT o, Bt fi A\ ANE %
H 2 TR RS RS TS AR AL P, ik T oAk BMT
RE 171 0 5L R () AR i) A 1 T . LA 1 (BMID B 7E @S G g A iz i/
B8 SRR T A IS B PR R GU N o N L IE B 1 5 NAE SR iy A\ AFIE B
H o [RIEESE TR ORI A ZIE T 2% 2] A Re 3R AT R IG5 o ARZRIR R T
FOMEW BB S BML TR, FF0He 1 BT Bt iy sz m ph 2 m]
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ERPEAVERE . S NIZ Z) D e R BB ) SR A5 R R A X PR N A Y e
HURE RS PR IR B8 RIS B T BE A X017 36 L ) S A TR IR 3R

1234, FETIR 24 IR SSVEP £8 BCT 04T L5380 5¢
An Analysis of Deep Learning Models in SSVEP-Based BCI: A Survey
YE%: Dongcen Xu, Fengzhen Tang, Yiping Li, Qifeng Zhang, Xisheng Feng
d E B BEILRE B E A T, ML N E R E s, R E T A
XTI B AR = A F 21X RIS AL 1 (BCT) 4:RE. %48 BCI £ EEG
BRI )l B B BRI (A AP AE 22 5, SEUEREE . N T e RaX AN il &,
TP T AR B GARAR EAS, FIH 23k BVER ) E MEEAS EBG 556 ke U A
FHGIME 5B BbAh, SINEER BEG (5 5 MBHR M 2% 25, sl e I 4 s 1
RUERTE . SEIG LSRRI, X —J7VEAE BCT 5248 TV 8 4E 2a. 2b Fl OpenBMI
Hmse FHAS 74 NIl R I EERE, X T8 52l LA Sl (10 P e 14 23 1
N T4. 48%FN 76. 1%, I T ALk AR E T 23k AR JITERIR
IEEN R R TIASR EEG 5 SE B AR B2, Xt 7 —Fh
BT ZLAERNZNE R, HTARZA#FWIZ3E S BCL, 1M 24
NIEBRI AR RS 2 —, HSHb, & T/ IMEAR R .

1235, 83 Ja) &1 9 22 G kv ) 2%

Sparsifying Spiking Networks through Local Rhythms

Wilkie Olin-Ammentorp

Mathematics and Computer Science Division Argonne National Laboratory
Lemont, TL, USA 3&[E R i — N i S LR 225000 =
AERASHLICHR, 2023 459 H)

AL G AN o, BCE RS P AR D R, & EreE N2 EHA
Fo T FLBIY AR R IV 2 T R B R R 22 G I HOE RS
SIS, — M E TR A B — X,

XU AR T s I AR A KA KT AR R 2, A R TV, R
TRk 2 o 5 R LUR R A5 S PR LE AR A AR T A ik, AT /b 1 X
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P2 FoE E AR TR R R, RIS CRRR T AERA I

Ve 2w 7 B XM & (Bxplicit Sparsification) . 1 1E# & (Inhibitory
Sparsification) . BENLFHi (Random Sparsification) =FFEi 7%, a0~ KT
s BEATLAHIAR P 2 R I 2 A ok ik e ) L 491 52 2k s D R R %, 7 A0 R o A 7
RN B E RS W TEREAEMIER T KL 60%H ik Z BT AR AN K.
XS AN E R o e 1) T AR S 77 308 RMOR I, V2 kiR 2 R
.

1236, DYNAP-SE2: W4 J& ) Z LA 5P I 42 X 2 Ab FL
DYNAP-SE2: a scalable multi-core dynamic neuromorphic asynchronous
spiking neural network processor

Ole Richter, Chenxi Wu, Adrian M. Whatley, German Kdstinger, Carsten
Nielsen, Ning Qiao, Giacomo Indiveri

N BRI LB, RO PRI At B BT B (0 75 SR SURIB N . X L8R
FIHE R BT RS AUESE . ST AR, {3 R mT BE /M RE B T2
WO AT B PSRRI T« M A it SRS 5 i AT A Y —Fi
R 77 008 WEVIIE RGP RS RIR R XNA T — MR A B SHETE
AL, ZACER AR R A RSN Kb e 2 2 (SNNs) A SEILAR 4 TT Ja 1
JEAS T AL BRI — P 7V o AL P ARt A5 FH RADLE o P B R AT T R BB AE
P2 TC MR BhAS, FHAEFH e P e s R AR A 2 o0 7 AR I A (k) 3]
b B84 o o A0 B 28 B T B e PRy R T %, AT A AR
HSERHZEAT, B ORMARAEIR o« A3 AR4% Ay 4 24 DYnamic Neuromorphic Asynchronous
Processor-ScalablE 2 (DYNAP-SE2) , TEZRMMANMHLE JCHLERILT . 4% 45 Fl
SIS RAEZR YR T 6T —4X DYNAP-SE [IZhfg. ‘&SR SN RE L
FEMEICEN %, EHTZ0EYE RN . Zie SRR T A2
FOVEARGEN) . BAEBEEIIBT, LRSI seie gs R, WE T .
AbFR B EE B T — S F TR N RO e ik SR R BT o (AFED AT —
AT AL EE SR B Zh AR A (DVS) ) 4B PRI B B 2D 15K a8 A 11
WEFRES o WSO LA ERSy, EFE SRR . OSSR OB DL R 2 B R
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7R S T ARG R B 22 N 28 R 7 00 SO AR 1, DA S SRR
O A R AT R 5

1237, FURERE AL P sE AL

Knowledge graphs: Introduction, history, and perspectives

Vinay K. Chaudhril, Chaitanya Baru, Naren Chittar et al.

Wb K, AT AL, BERR O 2\ 5E
(JERAF R, 2022 43 H 31 HD

NE: FIRERE X — M H g, e TASUMER AR FR . R
MEZA BRI IS S, Fas AL/ML ByERs A 5 B4, 2 RiE
FALE (NLP) « THENALSE (CV) MERIEERAIEASOR . 30 DLAERL
X WM BT TBCRTR B A B BEAT B3k, YRR 2 B A 2 1 B s,
& H AT AT S KRR 2 — o ARG, TS Rk E R
P NREHANLEE . /B SCRURTE =R DUt 1 HEAL.

1238, RALEF A2 4R
Graph Neural Prompting with Large Language Models

Yijun Tian, Huan Song, Zichen Wang, %5

e XKm ek, 2023 48 H 26 H)

RIAYTE SRR (LLMs) 1E &M 5 @S AR I 1 SR IRZ A e 70 A0 6
fIPERE. SRT, BT TEE AR I AR [m0 G AR 1 S R 77 T AT SR A7 1E I8 1 BR 1
FUSHUA W 7 AR R T W] R FE R P 3 o B A V1 R s A A AR 4 g ok
WEGRTE @, (Hl T LLMs ISR 2 AT BSOS, KR T LLMs 2 A i)
R . BEAh, dnfag A O ZRR LLMs JE38E S KT AR I Z— AN € Hil R R ATI 98 /2
— A RMAR R B BRI LA, ARSI T BIMEHR (GNP X —i#
(RIRLAE R 532, DAY ZR I LIMs A KGs 22 ) 2 (1R . GNP AL 45 4%
FBETE, GRARUERT B K gl g . PRI LA . AT A A [
FERETIN B b5 o 762 /MR A B2 SERIE R T GNP ZEANH) LLM R/ B (1
AR AT e .
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https://arxiv.org/search/cs?searchtype=author&query=Tian,+Y
https://arxiv.org/search/cs?searchtype=author&query=Song,+H
https://arxiv.org/search/cs?searchtype=author&query=Wang,+Z

1239, From Large Language Models to Knowledge Graphs for Biomarker
Discovery in Cancer
Md. Rezaul Karim, Lina Molinas Comet, Md Shajalal, Oya Beyan, Dietrich
Rebholz-Schuhmann, Stefan Decker
A, SR8 R FEBORT AN RUOR B RIAL R RS T8 AR DI AR 5 B ARA 1B T 5 T
B AGTT R SEES . NTRRE (AT BI— A EA PR R 5o 6 A e
SR (PSR, g ARG RIS Gm S W Ra T 8.
ORPEE 25 B L B T R LR R B A AR A AR EE A5 A A6 CRR R (KBs))
ARG (BIUnRLE SR IR . R B G IX e, SRS PRI OB S
A ELORIR I SAR RN SC RIS, AT DA @ OB AR EE (KG) o IXFFIF KG A
ARVFRREMIE (QA) , B RVFIURE FKHERH AR 2800, TR =
AR R ANE SCER MR AR, SRR A KR KG T AR P R iR = ik
FEARSC Y, JATTIFR T — AN KG KA R R e 1 AR bR S R AN AE H 2K QA
Nk, JFE T —FFRH OncoNet Ontology (ONO) AT AR, DASZIAE SCHERE
KRIERE - MK R AR5, I RAZEET BioBERT Al SciBERT M5 B 2HL
(IE) J5i%, P ONO, 24 ialilRAIRl % 50 & o (1) Hopth A= P = 2 ok
= KGo MEAN, HTAMEFSISRIEAEANRR R, ¥RIEHE SBRIHRI,
ARAHBHR I, BN TR e RGE SRS WG T AR A AT AR I H B
Mo Bk, BAVEHKRESHA (LI ARYE A 4 Se R IR B ] R AR F 3
(¥ 5B SC E FUTR PEXT KG JEAT T A

1240, TN ZR e eas B AR IBIEBEEE T B AT B R 3CS gng ?
WX H: Do Pretrained Transformers Really Learn In—context by Gradient
Descent?
Lingfeng Shen® Aayush Mishra® Daniel Khashabi
HL¥J: Johns Hopkins University, Baltimore MD

ERCEES] (ICL) R ERE AR T T (6D ? &Il A JLI 7Tk
BT B R shaSAT 5 R F R bR S0 ST AT Rt AT 1R, SR,
XSS T R R S I 0 5 A (Y RS AR TE B A s i . Rtk A
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Ft bW SR W R, DA IEHE I

PE3E B S om iR 1 2 I I ) fe e 4 4 B R ABE UG B T B PR WF I A7 A
HIAS AL o HATTHAE |7 352 2T ) A AR _EXH R a2 AT ISR SESS . bR 52 STRTHS
JEET B xoh WPy BB (R AN — 2 TR B (R ik, AR 2 B A R Bk
5, AR S ISR B AN ILAC ) — 2841 1

BEAh, EEILAE BRI O B S0 S0 BURR R BB st AT 1R T
e 1EE XL B RS (LLaMa—7B) _EFSEIIZRANTE 5 BAYBEAT 1 421 A SEAIE
Mo AEERT A EREFEARIEAT 1B, SRR, TR SRR STRIBE L R B AT
NRE S RN R ISR 2 PP A R 2 i A — 2. RS, B3
7 SRR LT B AAN R SR 1 5 A R i A o IX BB SRR, BT S0
SRR o 2 18] B S5 30 M2 — AP (s, T BEANELR S e, I it — 2
HIBFIT .

1241, WibLEE AR 51
The future of brain - machine interfaces is optical
Nathan Tessema Ersaro, Cem Yalcin & Rikky Muller
HLF: University of California
b RXE— s, 2023.2.17)
JEERE AT T R LEE O (BT JFR S5 4000 A SRR AMEAR PR o
AL AR e e i o 220 A SR e 2 ) s DA A T DA ) IS 0 3% (0 o 22 5 4
RIBGINTIREN ) BRARME LR, MINLEE O AR A, 224, HAREW A A .
BN B N o R R AR R A, LS R e B AR o

H AT BB 1, AR N BMT i e B 5 22 ol 9, 4R AN 2K BMIT i A
ML 2RI R, #AEAEA R 2 Ak o ARIR NN BMI 7E38 15 52 2% 11 75 T R A AR AR BR
i, AR A A T AT AR TE S S AT S 5, I ELDR R ot AR R R 4
Y. 42N BML 52 3 AR R B IR 5 o AT SRR 2 4 1 52 80 N\l A v 1) A B A3
P KRNI S8 S5 8L DA I8 5 B ] P4 A ol 2 [ it o 28 R B 1)

JGEE AT AR I BRI 2 o B DR e 1) HE A A 8 T4 22 T 8 A R 50 L
FRR AT DLIF A, 8 7 25 R T80 E A DA R 3 fih e B b b 8 e g i ok
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RENFR A E R EE A BT, X E BN G S R, e R L, R RA
FEAF G AP BTG ANR B, DL i 5 S 90, I HA Y o B ik
o BITIXFPITE, 621 T AT LIRS A 1 42 1 A0 ) i L3 P ) w22 [ 6
G BMT, AT LASCIL RES SRSl s 8 BE U Fry i 2

1242, AR N TR (XAD A4 LR LA

A New Perspective on Evaluation Methods for Explainable Artificial
Intelligence (XAI)

Timo Speith and Markus Langer

TRIE % IR RS B B O

(b KRR S, 2023 4£9 H 28 H)

AR N R RE (XA SRS — KB T oAl rT R 7. A2 &R
HT 2% (B, EEShrdErRE . JUAEEREE EM A5
AT (B, FEFE RS BTG DA R R AThAE A FEAD
W TRRRENE VAR EM 0 L3, (IR RS, FRATE EM AT DURYE &
PR XTI XAT JRAER) & TT BT 7028 BT 0] XAT oh R 2R B,
AR BRI E ML PR BM ORITR SR EM.  SFhSEr A 00 A5 5 e i
PRl RV A 75 AR B (R DR, T i PR I R AR SR H A (RIS R
TFRIMRRENEAS B (RBEEMR . WAL TR SRy R AR W . FRAIA
SEAX MO A0 25 G A FRATT e 08 B 4 TR DA P R D B mORI R i, 5
B FRAN T 50 T VAR 6 77 925 il T 5 A1 A8 S R R R R E

1243, N SEARBLAE 2 W R AZ B 3R] i N LUK 53 o] e 1

Enhancing Interpretability using Human Similarity Judgements to Prune
Word Embeddings

{E#: Natalia Flechas Manrique, Wangian Bao, Aurelie Herbelot, Uri Hasson
PR FREFE RS (University of Trento)

NLP o (R Al Rt 07 10 B AE SR BN 8 ARG AM T AETE SRR SE . SEXTRR
AR T — A B =150k, ARk i (lan, AE . Bk, U
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https://ieeexplore.ieee.org/author/37087113814
https://ieeexplore.ieee.org/author/37087115955

— AR, JX SERFAE E 08 0 255 i o NSRRI ALLE 4 Wi () FL0 B 77 - FRATTR A
XHF 8 AMRAL R LU, XA TR R TR HRN R 20-40%, I HAEAF
A 1B ORBE T AN FIIRFE SR o 2RJE , BRATSR T PR dRE OR BRI 138 ST
%o BRI R B RN B3 — i EAUEGR G B SGRD 104
FFR A I F B SCRFEILHIARTE, PABRERIX S B RAE . 20 Hrdion 7 AFAR
Yo AR & IUH ) A A AN PRtk AN R o 55 MR DR B AR ARV E AR
I F—TRMAESS, ARSI T 535 AN SiaBdE 55 L 65 ANE R4
RHME . DB AR AR BNV SR S RE TN« 1 AN A2 4R SE, T 0t 7K Bl
B R, PR R S BE TR G 4E L . FATIT I8 11X T AT R85 A SEAI
TR TR R 5 BRI o

1244, RiESEAR LTI fEREE S ?

Are Large Language Models Post Hoc Explainers?

YE% . Nicholas Kroeger, Dan Ley, Satyapriya Krishna, Chirag Agarwal,
Himabindu Lakkara ju

U % BIA K. MR

(A RZ=A R, 2023410 H 10 HD)

RIYTE SR (LLMD R 2 B F AR K B ARE S 403 (NLP) AR5 ¥ 5
KT E. BEM—60%, L F30%>) (ICL) , f# LLM B85 7 HEE A 18] fr)
PEoR AR LA 7R 2 S WSS, IS B 7 ORI R 2. EAR LM
O R T2 S, H AR AfRe FL AR AT g 77 T A3 P T AR N R AR 2. R
BB BRI 2, BV 2 HOR T B A HEAT B &) ) A/ B S A
e, X TR —RE GRS R ERWULAER, ARSI T8 —A
HESERAI 70 LLM 7E A RE FC A FouI A8 28 5 T (1 Rtk o S8 Bk, 42 T — M6
T ZMPREIEHHESE: D EETHANM ICL, 11) FETIRMM ICL. iii) FE
TH84 09 ICL A1 iv) FETARRERY TCL. X St S B SR HERAR SR AT 1T 2 5L
B, DA LLM A2 BI f Re 5 Sl 0E 1) < i A e 25 1E A BSOS AL R B U TCL
IRBIRT P EIR I RE I AHE B . P S, RPN SRS AN ML B
MEEE LLM PA 72. 19% 0 #ER 2100 1 i B BERRAE, AR AL T LLM HI R REARE
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https://arxiv.org/search/?searchtype=author&query=Kroeger,+N
https://arxiv.org/search/?searchtype=author&query=Ley,+D
https://arxiv.org/search/?searchtype=author&query=Krishna,+S
https://arxiv.org/search/?searchtype=author&query=Agarwal,+C
https://arxiv.org/search/?searchtype=author&query=Lakkaraju,+H

ZOFhE TR N E (XADD AYHT4ER.

1245, AR AT ARREME IR AR 0 AR L5 2, LS SE AP (4 4R
BPLIERE

A Tale of Pronouns: Interpretability Informs Gender Bias Mitigation for
Fairer Instruction-Tuned Machine Translation

Giuseppe Attanasio, Flor Miriam Plaza—del-Arco, Debora Nozza, Anne
Lauscher

Bocconi University, Milan, Italy. University of Hamburg, Hamburg, Germany
(b KEVRERM R, 2023 4 10 A 18 H)

N2 BB IR 2 OB AT AFESROR TR 24> NLP AE5%, HLhpLds i e (D)
e/ NEERNHEB SR, H AT AR A 0 T b o (0 1 e R v A,
g T A NG AP BT T I R . 72 MT o, X gE S BRI
HIEPE, BREAM TSN, 21 BRI B R A A RE St . A 2 I B X A
TR DL AE 2 KR b RN A B b 2R3 V) O AL DA A e il 3
W RIFANR— AL o FARRYL, 1EF AL NTE B ETE VG 15 WinoMT 15
BEEE EE ST BESE O M WAR RS, JERIL, TFT 7Y 2 BREH R A 55 18 JE 3 1]
L, ERANBZINR PR 2B, Nk, (EE R R s
FER R VE R e rh, Y R G 2008 T o H ARSI M AR o B fim, Bt
TR R, AEE SR T FhEE T BRI 21 10 5 T S HLAT RS i 2 2 A i
RITZE, NI 25 PR B B APk

1246, SRR LR 1K) B 2]
Automatic Control of Reactive Brain Computer Interfaces
WXAE#: Pex Tufvesson, Frida Heskebeck

ERskEH R, 2023.10. 1D

WA X SCHR T — P SR S S PE AL 35 2 A AL 11
T — AN ER B R S22 3 VR T SR AE 2R 7 RT3l K 2 B4
1S IE T80 A S8 A MU 1 E A SR DR Vi B0 o T4, 3K A 8 o et R A
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1l 6 Bl B9 AR R NI B DI o — LR IRl AR K 2 S B 2 K
BUSCA . N AL R AN A% 38 RE AR, LER R i I B RS K, 2K A it
P S4B B2y R AT 9% v s, SO VEE A T AR I 48 O A N AT
TR H

Mifla i (BCT) [ H iz — 2l A RS s A T A s i . He,
J5 SN P AL 100 B R A P i S 28 5 TR DRI 31 o AT LA — R B
R IER, Forh— Mgt e BRI, Bra HAR RS S AR AR, OBk
AL 1S AR I B2 ) DR 3 sl SRR P P e 6 1 ARl O HLAY S RER IR
PR HARAI . SCEBE 13T DU e 1 (0 S I B2 11 428 1) 75 92 F) s R AN 3
W7, 5T R S AR R (0 DU e v, ORI 21 ) R 5 e 38 A
A mAR AR M) it oA ses, oM T iRERFFIESE, PscKiR
JEE 3t AR AR R 7 s R B« 18 SO T ST et e AL 1
e S 2 AU 1R B Sz sl A S s Sk PR RE,  DLSEIL SR G T H sl
SINAE A R SR ES 2>, M SEBL R R B . S0 Se H (15 V9]
ERIHAMLE A 2, § /& 1 BCT B AT 7l 51 7.

1247, 133 )= WA B R AN SOIRAAE I L AN F-3h i AR 55 A R pp 4
AL

Distinct neural representations during a brain - machine interface and
manual reaching task in motor cortex, prefrontal cortex, and striatum
WICE#: Ellen L. Zippi (INAI#EJETK2%:) , Gabrielle F. Shvartsman (fl
FIAEJE W K2%) , Nuria Vendrell-Llopis (HIFIFEEW K%) , Joni D. Wallis
CInFAER W K24 & Jose M. Carmena CNAIHEJE I A2:)

FERXFFIRCH, N4 TI88) R BRI 5 2 A SUIR AR LE AL VRT3l A E
S AR RAE, BRI T (BMI) 238 5 3/ 5 0k 52 1 R B i 2 o R ok
B, (5 B RN R 2 R X IR R o A S 2t 22 15 1 2 ) A e il
CARTEmG 5283070 & EET I AR, SCeRES 5 T BML (%2, S, R
EHIAT B ZAESE IR SV EE RN 5 ) M AT %5 R R FEAE T, ARTEW L IZ3)
BML #filiNy, RO J B EIEAR KRR AR T o fEIX B, BATHE T /E BMI
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EHRIAMF T, EEARKEPAT 4E. ARBBN. HORSITESE, FE
MGz B Jz= (ML) B AMUATA f2 )7 (DLPFC) MZUiRiE R (Cd) il
KA R AL AT R A REY], £ ML, DLPFC 1 Cd A-EE A A
() BMI FIFBhizhi e RAL . JATAIL, KE DLPFC 1 M1 HIMZES) 7073 BE
B 1 DX 73 R AR SR 7 R AR IR P42 R0, T M D) R A 2 b T 0003 7 A
FHEPRIERT . FATERI, FEMFERISERF, DLPFC — M1 Z [A4F7E
A RERE, T BMT EHIE R, Cd — M1 Z At AEAE A R . X s
BEBH, 7 BMI ¥t #Edr, M1, DLPRC #1 Cd Z (& [f14345 RN iE 35 F3)
PEHIABME AN A 7ENISANZNA) B H# CE B T Bl 8T sh & JeiG 3 1 Be .
XF AR ML (BUD IBATI5ER, EmNLE O, AR CanihHAL
FEARBINUIRE ) a7 AR R [ P 2 TG S =R A I 1 12 30 AL L4 FRR i
WA T 12 3 Bz S 0 28 355 B A T8 R P2 ) AR 5o, [ Rt AR5 T B v JE A R A
ARG RREEE . tHRINEIATE), DU I RN &% BRI S 1 o

1248, 525 Bk b b 28 X 2% () I 2 T R

Spatial-Temporal Self-Attention for Asynchronous Spiking Neural Networks
WICAEF: Yuchen Wang , Kexin Shi, Chengzhuo Lu, Yuguo Liu, Malu Zhang
% and Hong Qu

WICHLR: THENURRE S TR 2R, BRI

NZS: RN K b i 28 W0 2% (SNNs D BRI 57 25 =R 3R Bl e P RO T RE T 52 31l
B2 IR OG0T . BB G T R R A 7 B St R A8 AN W] Bk (1) — 843, SNNs
AN AL 45 A0 T4 se Al sk Re T H e Bog BRI 7. SR, A 1
TAEAKE [F) I 32 25 T 18] _E 093 2R SNNs F S B4k o 9 T %840 B FH SNNs ATy
BHLHFIRMR S, Ze G T —Fh3E T S\Ws R 25 RIER S (STSA) ML,
LRI T G5 25 BF )R 2 (S R AE AR P, T AR SNNs 19 S 2D A Ae 1.
TR ERE, IR SOEER I T — R AR A B W2 (STRPB) T STSA,
L% FE AR UG B 25 7 B . 3£ T STSA A1 STRPB, & LM T — AN a5 4 ik
Transformer model HEZE, fir4% N STS-Transformer model, ‘& ILhRESR K, 18 SNNs
REfS LA 0 AR RSN ) 7 AR o FERUAT P2 TR A B SR E & a4 b kAT
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IO s, AR DVS128 T, CIFARI0-DVS M BKIEH a4, W rhifs:
6 8 AT HeAth B S it BT

1249, FEFFAKITIN VGRS - 2 T IR T VALRE

Toward cognitive predictive maintenance: A survey of graph-based
approaches

{£%: Liqiao Xia, Xinyu Li, Robert.X. Gao d, Lihui Wang, et al.
U FHPETORSE, REPUTIEMCSY:, i 2508 T

WNEE: T M:4E4" (Predictive Maintenance, PAM) Un4-7E il i b A W 5| o0
o SRTTELA R PAM B T 22 M) E A R, AR A SR PR DR T i o ] ) PR
KA, RZEBMRME DM, db SRl 75T BB R8I k08 fe 5 i
(graph—based approaches, GbA). ACEIEANH T GbA BIVUFF L. BRI M
2% (Graph neural network, GNN) . %R (Knowledge Graph) .  DUF-Hf
/%% (Bayesian network, BN) . K8 (Graph theoretic model) & JH:AH
BB IE T . FR, 45T GbA 78 PAM Hh (1 SE SRS RIS . dfm, 4T
WA PAM T I ) AT AR SR B AT

1250, {87 R Y 15 55 R AR AT 201 1 ) S 2 (1 e FH A 22

KGGPT: A General Framework for Reasoning on Knowledge Graphs
Using Large Language Models

f£#: Jiho Kim, Yeonsu Kwon, Yohan Jo, Edward Choi

UL ShE whEREARAR R ; #E E/REL RS

WA BARRANE S HA (LLMs) 753 RN A AR 2544 40 SCAR 7 T AR 1 PR
dERE, AR EAITE S M A s 7 T R AT SR AR 78RR o Rl 7R AR
(KGs) FHAT R ILHEEAESS 1 LLMs IR FATISR LB W Je o N T R HIZAN 1]
W, AR T KG-GPT, X2 — 2 HIEMESE, FH LLMs SRR & KGs (T
%o KG-GPT @i =AM ) 7%, B R, gNMPREMEHRA T
BISBE . KA A, SRR, 2l ASUEHET KG
ISR KGQA B PEAl KG-GPT, BRI A a4+ ) HAaf@rthae, £2
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JERE 7 — e B . (Rt ASSCH) CARAESE— LLMs S5Us N i S5 AL AR 45
TR AL B A 7 b

1251, ML AR SR 2 21
The future of brain - machine interfaces is optical
WIAEH: Nathan Tessema Ersaro, Cem Yalcin & Rikky Muller
HLF: University of California
(bR E—H%, 2023.2.17)
W e O TR L O (BMD) TR 54508 KRR AVEA G
FRIRRAR o M B 10 110 e A El i 220 A ST o Yt X g DA B T DA [ e s P
ZouHCR MR . BTN, WP D ROZRME), %4, HARN
FEAIR e E N A I A R AR A IR A R, DASEI ORI e A A RS
H AT BB 1, ARR N BMT i e B 5 22 il 3, 4R 2K BT i A
I 2RI R, #AEAEA R 2 Ak o FR1R NN BMI 7E38 15 52 2% 11 75 T R A AR AR BR
i, A A A T AT AR TE S S AT S 5, I ELDR R o AR R R 4
Yo 42N BML 52 B AR BB IR 5 o AT SRR 2 4 1 52 3 N\l A v F) A B A3
P KRNI G 88 S5 87 DA I8 5 B ] PRI A o 2 [ it o 28 R R 61 o
JGEE AT AR I BRI 2 o B DR e 1) HE A A 8 T4 22 T 8 A R 2O L
FRRARAF DLIF A, R 7 25 R T80 E A DA R0 3 fih e B b b 8 e g ok
YRENFR AL A B R B, X 28R (ORGSR DR ke, d el (PR, AT LA
FEAFRPE B BT IE S AR, DOB s R, I HA W3 o 32 i 41
o WILIXBNIE, G F A AT LIRS i b4 1) AN el i LS KA 22 R i
O BML, AT LASI IR A6 DX Sl 300 S Ja b0 ) £ s s =X

1252, MBREFIE G A IR LN A0 42 0 2% (1) b 8 [B] U Tv) R P A 50 o B HE 22
From black box to clear box: A hypothesis testing framework

for scalar regression problems using deep artificial neural networks
{YE#: Wolfgang Messner

Pk : (G B2 RGN R ik BE IR T o4

i3

|
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(L RARAK BRI, 202348 A 12 H)

NN RUBRFE S SITE &N SR I HH 4 N B RERZ K IO L A, AH A AL 23 A
AT RL I FURSE Y w8 AT SR 52 I SR o R 5 25 2] i = NS ] AR I P A
I EARBEG T HER . N T R R SR, A SR T MR U SRR TG ORI
Bk S HE LY, TZHEZR A A VR P N T 28 X 2 0 A & [ U el AT T 2 il o ST
HEBEAN B 28 B4 N AR B (RIS 7 [ RO G 36 1, I T 2R AU T4 G 3
/N3 (OLS) [E1 A8 ) Cohenf2 HRURI R/ R . 2R K/ N X BAR K 3
VERL SO ) EEAN A, BRI TSI TREAE R H R AR AT R
AHTHER S R, N AR P 7E N T HR A AN Py thon Y0 & SEBLA 4L
SR BT TR

1253, FI| I J5 38 ] g RE IASE B G O Shap ffRE G 550 52 Z L3S 27 SIS 8L (1 (5 AR A ]

fiE R

Enhancing trust and interpretability of complex machine learning models

using local interpretable model agnostic shap explanations

YE%: Sai Ram Aditya Parisineni & Mayukha Pal

PUR:  (SEED ABB 183> (ABB Ability Innovation Center)
CIERERIL MR, 2023, 10. 25)

NZY: BEE N TEAE (AD FARMHHE S PR R, Hlass>] ML) A
RIAPFHAR IR Ao NEME, VP2 X iR aw WA B & T, Bz F Pl g

Btk DA, PRAFANEAEIX S5 A% ML AR B T A8 15 50 i B A Bkt . 48
1M, AN CEIF R & FHESE, SR PIARE AT 75k 858 ML R 1) ] fig R
VEFI AT g Rt AT i TR PR P A5 B2 o AEASHIE T, FRATERH T —MFR AR
BT AR AR T TE 5% Shap @B (Local Interpretable Model Agnostic Shap

Explanations, LIMASE) fJ7¥k. 1XFh ML R H AR FI A LIME (A K Shapley

ERSEB LA EAs: Ca) S8 JR) 0 i T AT AR 1) e SR ASE R K R ]

BRI TN . Tree Explainer Kil% Shapley fE, MHAE T4k AT fif
IR, (o) I A2 A EEE )R SRR AR (I rT RAL T fRE (1 4 Jo i RE
(o) RAETRIGALMRAL BRI TSR, (D REEXIBEREN MG, (e 5
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Az O R s A b, SEBLE PR AT S . Gl R Y LIMASE J5ik, X I LAR
9 ML AR () AR Ak AUt 1 Dk, SR SR AL I A R B S AN AN I WY ML AR AR e
KA ) SR B D T 58 o PIT4R Y B VA P P BN B I A R B AN 42 Rl = 1 _EAS
P RTRLAL AT R (AR, SERR A B AR A F000 . BT =, BT S R
ML AR (R 2 00 1 S R R SR 2 TR 2200, e 281899 AT JXBh N IR e P B AT
ATR] A -

1254, URATEANR TREIM— AR B A BLT-R E 2 S 1 W] AR N R e K il e
Fa il

Does Your Model Think Like an Engineer? Explainable AT for Bearing Fault
Detection with Deep Learning

{£#: Thomas Decker, Michael Lebacher, Volker Tresp

PUR P 5 JE TR BRI YRR « Dog PUoKA 2 K5 (RS SRt 1] 1 ety 2 =)
(b RZ= R sk, 2023410 A 23 HD

N7 IR 5 2] CL 22 N 73 A 25 FlorE S A 461 v ) Ml A% S e il R
VF 2 TR RE R0 7V AN W 2 S B 28 1) 2 BB A o m) AR N T g
(XAD) Rl Rl R PEBORAT A AATREVSUR N 1 AR IX P AL G ] 12 Bl L ke
SR o (LKA 5 925 (10 ] B0 FH 8 0320 s SR B (H IR0 IR PR AR o T 1) 1
A o IRXIUTARLE T MIRENE T A IR S Al AR s i B 55, S 17— b
HrBURIRE € T+ U R AL PEAE 2R, AR SR VPP T ) I 2 28 3R 5 S B
X AR E » MIRIZAMESE, REVSISUE RIS 1E, JFRRSHI IR ASFIVE BE R4 PR 5
PR ZACRE FT o 1ZTER TS 1 WA R A A A5 5 AR 2R TR RS 5 mT i
RERIN TR BEBOR, I 78 S 200 In) R ARARL o

1255, kB i = AR A AR B TS e

Proving test set contamination in black box language models

{E# : Yonatan Oren* , Nicole Meister* , Niladri Chatterji* , Faisal
Ladhak, Tatsunori B. Hashimoto

HL#): (Z£[H)Stanford University, Columbia University
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(A REILER S, 2023 410 H 26 H)

A ORI 5 AR TR K& TR I a0 R Bt IR sk, ax 51 & 17 AT
LA 20T 1 A S ER I B HH DEANAE I o K U B0 B G 2 PR E
DRk A R BT A £ T S5 8 5 AR A A T o AR IR SR, 7 AT REAE
ASIREL TR R H SRR A 0 R, i S A v R AR T e B A mT I B
PRI (EE I VERI A TR — A3, RITERA SRS Bl =, arac#h
R BEHE 1) T HE PP %A R T RERY o AH R, 1 5 AR AT s B HE 5 B9 0T 1) Ak
525 PG S Y 2 R S LSRG HE P LG A G HE 5 A T RE I . R B
TRV HE PP 1) B AR 1 T Re P B B v TAT ELs 5 R el Re i, VRS 1 I 2
PRICIETETS Yy o YRR TARATTRORR 2 08 R, W] DATE B PR 15 L T 7]
SEMLTE IR AR S B, ARSI 14 ZSHMBEAL HAE 1000 ANl i) /N AL
AR DU AE TN ZR B e O B Lk B £ . R IXANINR, 1EE s i T
FORRIRAT AT A FFIREL 15 5 AR MR AR TS Yot o, JUT-0E I 35 e )
R -

1256, TG A A ALEE CURIAE BRON T4 BB 4 B I 2 8 R Rl s 2 858
Dream Recording Through Non-invasive Brain-Machine Interfaces and
Generative Al-assisted Multimodal Software
WXAE#H: Todd Kelsey
BLF:  (3EED Allegheny College Department of Psychology
b RXE =k, 2023. 4. 10)
N R — ER AR AL B 22— NP, 2 it 1 — o
M7, AR O (BMDD | B4R w3 IR N T8 R
BB 2 B AR S & o AP T7 Y B AR PRod AR ) R R 300 R = R T
PREVVRE, AT RET FENES . ZUR T — DB B 2
B, AN TR G K 2B, DA A SO IF AR B 2 AR N 25
Hk, RAFERETITY, PR 5 2RI T i .

BMT AT FCUER] 1 BAEST 51938 71, B Al DO o6l BMT BEAT B 4EFT 7. 53
bb, EEE GRS R 5% T DA BRI R R R T RORECE B IRES . L
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TR, BT FINZRTHERR, AT REA BT REM BERRIIE) (015 5 A k. #5
SRR ] T BT T RIE S AR, T RLARRIRAE S5 BRI E A, IR BN
TR o R EEAE R AT, 8 gpt 5F AT BRI A B L R R
RS, DUtic 5.

Tef BMI S YEFT BT A A B N R RE R B S O A AT J LN AE AL -
LRI B Bt M 759 mT R MR R RS . 8405 e B i A H AR
BREAGHDEME RO, 2. SIEVERIE . BT BYERASOR A 2 AN &
(KIRE S AT L ZARMBIEVERIE TR R 42, (6 N RENE AR K 7 2073 At
TR 2 AN AR .

1257, HappyFeat——[i ]I PRS2 (1422 B2 i A% BCT HESE
HappyFeat - An interactive and efficient BCI framework for clinical
applications
W AEF . Arthur Desbois, Tristan Venot, Fabrizio De Vico Fallani,
Marie—Constance Corsi
WK IR QEED , BRI GEED , EEXERSBEIM
WFERT GEED
AL RIKESR R, 2023. 10.4)
WA WFLHE I (BCD) RS fuvr P Gl R K It sl % A0 A i 2 SRR AT H
. ik, TG R X A O BRES o IX TR AT RE 14 R 85
BTz, MBS BRI RS RS . A 280 BCT 60, #ilin P300 Fifs
SUTEFE KA (SSVEP) . CEFVEIZHEER M), B ATIERTIEM ST g
CBlan e XS RRED HARR Y, X 50 F0# 512G BCT LRI PRI (145 FH 1)
WP TAEM—3. 7EMI W, Zik#E R R — N2l A Lhrs AT &, LAME A
LB, PINE R LR sk, EEIHUAE . ik, MI4RHET &
KPHIAEH M, JF B R FIBREER .

K 2 Gl T AN B, BRI SR o 205 DU e SR A5 5 R
SEFFIERIX 40 DBDRAS o X — B BURRHIEE BRI 2550 T- BCT PEREZ G HE 22, JIf
HLAR T I PR PR 85 v 75 006 2 e R, Bl RS REE . CEAAET
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HappyFeat, X2 —sK#A:, i AE—J7 R ETE R P S SR g 621
BAEF T, JREE SR E T SR B, R TIEEE R MD #) BCT 5k
BRSNS Ty o H L AR IR AR VRS AT DU AR e FE B EThRe, A7 B T4 I 18] A7
PR FREE S R 41K BCT MERE. mI DME B T-DhRgEs ) B ThRe, JFl S
Th 28 1% B AT LU BB A, AT Ao VSR FH T ) 9 2% f D7 v o SCEE VR A 4
HappyFeat ()3 EEHLH], JH [B1 B 7L SRS F ) R K PERE . 2R R B, HappyFeat
A LLHAE EEBOME 5 I A Ffe bR A L R, BLIZRor SR 50E . (R,
B 0T Y B T FR o P AN T D e e e (R I 5 S AR b AT T L.

1258, R HIMGHLEE

Flexible brain - computer interfaces

WIAEH: Xin Tang (fR/RARLAES MAHFHEERE, WHK%) , Hao Shen &
IR LR SRR RSB, iRy 4%,

NZS s ARSCIRTT T M AR PE R LB VT R R B R o BibiLez O e vr K 5
SMBIFEANEHIEME, EMERE. B SRR 0L S e B VB TR 1 B F T3t
ST, H T 5 v i T AR G n I B 728, 2B T LA DU LA s
VeSS ILEC o e BT 28 Bl 5 R A AU I, 7T AR pRIX 25 )
BRYE, JFaT I N R . 7Rk, BRATHRST 7 S d T 2 e L
FFR AR o« FATIEFT 7R 1E AT AR - 3 72 G2 S TR o PR R R
#, HFE T IZEARNMERE: . WA ARV T B DA S LA
RELE LI T AEREIA o FRATTIEARIT T ARE W& BRI R G4 7 TH 1Bk, X
P T R 3 FH 4 S P AL 11 BT 2R TR

1259, T FastICA. Hjorth Z¥f1 SVM [f) EEG-BCT HFAiF X /3 P AT RIAR R 31
EEG-BCI Features Discrimination between Executed and Imagined Movements
Based on FastICA, Hjorth Parameters, and SVM

W XAE#H: Tat’ y Mwata—Velu. Armando Navarro Rodriguez . Yanick

Mfuni-Tshimanga

PlKy: (PSP Centro de Investigacion en Computacion (CIC), S pH IR
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Ciudad de México, Alcadia Gustavo A. Madero [X
WA BB TS SR SEDUH P 5 A BB 22 B . BCT AHERPELEIR
RARESE BB F P G SR AT AN R AR 55, e R AR e s A2 i« W JT
2 H AR R M7k, @t (BEG) /5%, REusHEmX 7o
PATFIE RIS BT 55, MR BCT R Gt w F Sk 58 T S fr M R

NSRBI — Abr, WHFCRH T — RINCEP . B, AR 7@ ek
AR AP AL B 0 (FastICA) FERALH IR IA EEG /55, A7 & tiAhar
HI{E ¥ )5, MATAIE Hiorth 2%, WAEESIE. BantEmE Rt K
M ERG 55 MIRAE. Boa, EHSCRFRENL (SWD ME80 388, X ST Al
R IIBEESHATIX 7

WHFLdaH, SRR S PTis R RHEALS . Hjorth 28N, DL
FEN SR MANPEAL R B FIA 58 . ARRE) TARR A E LB Hjorth 55
%5 FastICA AR AR IPERE, I RIFETF AR b S e t R, ATRR IR A
FUBCT RGEHI NI /7« XA FT N BCT SRRyt — D K eIt 1A A B U7 [,
A LA B B 22 N SRAS S R O e B A5

1260, %:T bkt A M KM E RS

Enhancing Graph Neural Networks with Structure-Based Prompt

LR CRED feRIME KA

faigr: BERZEMIZ% (GNN) £ 57 3] BRI (178 SO AR 98 K. &, —Fiogrid
I “HUIZR, $EoR 7 AR GNN & N I E AT B iR 2 P AT 55 7 T s HVA 7 22
s R o XA U Tl RT BLUR PR T 58— SO 0 ZR A0 A 55 B3 s 1 4 1 H
b, FA O ZR A AR AT AT RO AL RS B N AR S5 . 2RI, B AT IO —
BRI TR R, P 45 R £ JE 08 A 5 31 71 s R RO PRI R Bl - e 27
PSSR E Z RS R BB B Al 2N o Oy T ORE X —Z2 R, FRATTN GNN $2H 1
— PRI T SR ISR R 7%, B SAP, 25 IALE IR AN $ 7R R I BL AR 24
ORI EE RS S R, SAP 1D SR BRI N B 27 2] SROK 5547 s A A ]
ERIIEAETE R, 2) RN ETEIFAE R, DERRIA R G HE L
TSGR RN o BATINS T /0 AN 3 FAR S5 HEAT 1T 2 sEss,  PAUEW] SAP
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A Rk . BEAh, BRATIR W] SAP Af LALE [R5 BIA 7256 b S Bkl (0 2 B =k
Yyt RSB 4 IR RE

1261, FHT- PRI R 2R R kb i 20 T8 245 SR A6 1R 12 BE AN i B ASE 4

Performance and Energy Simulation of Spiking Neuromorphic Architectures
for Fast Exploration

£ James A. Boyle , Mark Plagge , Suma G. Cardwell, Frances S. Chance ,
Andreas Gerstlauer

HLHJ: The University of Texas at Austin, Texas, USA 3%, 2023 48 f
NEF: BOTEMIE AT RIS, Sl — RIFT B Z M4 (SNN) Z24,
SR, PP Z — A RESE AL AS ) SNN 4 (PR 2R I BT R i e
RIHEZE . BORA A SNN BLAULES, (HBEA — AT DAPR it BAN 5] Jhk b ZE 44 1 SE
IRFIREETHFE. CEKRW, KRB ARk st eSSt B A E, (HEfTEA
A 2R 38 FH AL 1) L [RIRFAE o SCERE IR T — SIS o 28 T 25 44 [ 4t
RN TE) 0 R FHESR A WT AR AR AR o 383 %t Intel () Loihi V& EBOR B/R AT
B, X TASFEHUBLXUZ SNN, Al tH IS AR AL BEFE AN AR, 377 R Z/N T
10%.

1262, ke 4 i o L Bk s i i a5 2

Efficient asynchronous federated neuromorphic learning of spiking neural
networks

WX AE#: Yuan Wang, Shukai Duan, Feng Chen
WICHLR: PHRI RN LR RSB

CIER g R, 2023-10-07)

WA BpPige 2% (SNNs) fEN KRR M2 (ANND ) —Fh T ST 2,
DL 75 6 B ORI T SR AR AR T ANN 5182 712 5%, SR, B AT SNN
WNZRTT AL AL B R IR ECHE ST g R S 3 % Il U T 75 2R T sk il o 1
WA, B4R 7 2R BRI, HEAMEE RT3 E A
L ICRIERAE R . 5 —J7 T, B> (FL) C&@AE 2 AUl 7
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YRR, EAETRIEZIR . i e v E R 1 E PR T, FL RS IG
EWHZ I, ZWICGIN T SNNs 2B 7 SIHESE, #2H1 T AdaFedAsy-SNN
B, IS TP I AR AR AR AR /N SR SR, DA R DA, G A
Uk T AR TID 375 Bk .

XA TUBR - EARIAE =TT B SG, ThHUKE SNNs 5N B 57 P B o
S, AR R B BRSO AL g, ik, ot 7 ARl S AU E
NG, FRE T E B AR AR, AR T REBRIA RS, S 1 UIZRRL
Ko Wa, EEEZASMEEIRE LIS, $IE T AdaFedAsy-SNN BIATESE
TTD ¥ B N HUE A sl B,y FL-SNN 37 5t i 55 B bk 1) LR 03t 1 i v 5 36
XTI A IR T HES)AE R 341 2 ZR 48 - F FH SNNs HEAT i R 4 14 B
HAEZEE L.

1263, 5T A1 IR (14 22 0k 1] 2500 FEE DA R 2 R 6%
Deep Cognitive Reasoning Network for Multi-hop Question Answering over
Knowledge Graphs
YE#%: Jianyu Cai, Zhanqiu Zhang, Feng Wu, Jie Wangs
UK. P ERFAEAR R, SIESRE T E R0 N TR sei 7 b

(L RINFEERIFR, 202247 A 18 H)

WA FRERE R 2Bk %, B R AR T b 0 HE R B AT R 345 5E ) T
B GRSk, ARG T AR AR T B2 0 SR, X TUESEAE—
R BRI 3 S A B mh R A L TR 1) 2 5, 1 30 2 180 DK /o 5 1 2 ) 6 Py 88 o vy 52 45
B N TR — R, AR SRR T AT AR BRI HEEE R 2% (DCRN) o Ak
ki, DCRN ELIEM A Bt —— R R B R B, o= iR BoE sl
A g e SEAR B SUE BNk Seph e 45 BEdE . A5, SRPrBORER R
B BUEYE ) B SR BEAT IO HE 2R, AR B R .

1264, GraphGPT: KZYIEF I ) K 45 4 17 %
GraphGPT: Graph Instruction Tuning for Large Language Models

£ . Jiabin Tang, Yuhao Yang, Wei Wei, Lei Shi, Lixin Su, Suqi Cheng ,
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Dawei Yin and Chao Huang,
Bt I E TR FEOESHIREI = AR, SR AN 5
(b KM=, 2023 46 10 A 19 H)

N EIRREMZ (GNND @ B m (B B A5 B R &, $27t T
SMMERRE ). AT REER e, ARE% (SSL) CaBN—ME
A& B 3G 5 7 vk o SR, DA AR R TT0 ZR PR RN T 7 V208 o R T 5
NS AR A RO, TR T8 A TR AR A A R B AT R R R T
N T FRPEXAN ], ARSI U BT B R A E B R I R A 5] 8
SR ALRE ). ZBIRANE S A (LIMs) MIRIhE Kk, ASCEAEI R —Fhif
[a] &I ) LM, BIMEEZE A Sk B F i B M5 BT BL R, MBRAEA F i R i 4k
PEEFUTE S 2 A Sl 2 Ao R I TAFE, ASCIRH T GraphGPT HEZE, 38
o R A TR RO LLMs 5 B S5 A K1 55 o AR SCIAE SR A48 — AN SO - T ORI
A, TSI OARME BFEISE M MR A, AR T — AN B i
LREGER, & T —NRELNE SN TR XTI IR E A R E
SERMIESFUL SR E MRS, DES LiMs B E I EEH, JEmEEieE
ANTE] R U550 3E R o AR SCHIAESETE I B AN B FE A 5 ST %% Bk AT T VR4,
RILH SRREZ AR ST, JRIR T R Se it R HETT

1265, 15 M2 I RoR
Design Representation as Semantic Networks

Serhad Sarica, Ji Han, Jianxi Luo

PN R B K2 (Singapore University of Technology and Design)

(e REREMHMzE, 2022410 A 21 HD

WA R R R T — IUE WAE S5, PMedtsE 2], o fr. BBt
ACTAN AR BTGB o A% G R R BARMB T NR L ER T3, If
HAELAE GG R ARSCHM T —FhriE, R TOIZR 0 RS 5 45tk 15 1
WEE, MRE SCAR B ARE B BT IR B 3 AR OB T R E U 2%, B
EAR RIS o R ITEA T E IR SR . BT 2505, b
A TS B AR R B0 AR RS 1 S 2% 27 A RIOHE AN 22 e 03X 6 30 )
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TARKKIBETCTT ), LA 58 SR 2% TR s .

1266, ZWPr—AiF ! HA KBE S BRI AR XS] XAT
Tell Me a Story! Narrative-Driven XAI with Large Language Models
{E#: David Martens, Camille Dams, James Hinns, Mark Vergouwen
Bt CEORIRE) 2 Pk

(AR BRI, 2023 49 H 29 H)

N TE9A I OCBREAIE, SBENLAR % SRR 3= S IR K T X vl e N T3
BE (XAD) [R5 3R o T 728 F i) SHAP {H B AR AL T RRIE S ZE0E, B FEAA
Bz NVEIIMERE . tbAh, RS (CP) MRRHEH T “B” , (HikbFH L
i “Rtta” o AT IRANX—ZEE, ATSINT XAlstories. FJF KAYE T
A, XAIstories $&4ik 1 [ BH AT HUINFIAUAR: SHAPstories 5T SHAP ffREN AR R
T 7> %, T CEstories ML F CF RRERMR R . ATHA RS NE R
it 90%1 52 15 IE M A IA A SHAPs tories A2 A AR 2 NAG . Bt k)2 58 3 52
& 3 SHAPstories 7E A 138 52 AL S AR RE T T AN (E 920 B 5 KR,
EHAT AR BEHIEAE AT T Sb4h, S3%BHERL A K KR
M ATT AT BE 215 ) SHAPstories RSEIML H ). fEEME 32K, CFstories #iAA
AR SRR B S, UM To%RIAEG LS 58 8 E ORI T HEE.
5FOIEMAUAALL, CFstories B n] LGOI AUR IR E =15, JRHHE
B3R e 20%0L . BRI, 4558 XATstories ] gt IF MEREAN BN T
4 e T Hh R AR (R AT

1267, WIfERE N LERE (XAD) 2.0: JFIABERAES R 7007 M E 5
Explainable Artificial Intelligence (XAI) 2.0: A Manifesto of Open
Challenges and Interdisciplinary Research Directions

{YE#: Luca Longo, Mario Brcic, Federico Cabitza, Jaesik Choi, Roberto
Confalonieri, Javier Del Ser, Riccardo Guidotti, Yoichi Hayashi,

o Ve’
Francisco Herrera, Z5

U (RIRZE) HRAMABIER 2 N DR B 5 RN T it Fe s i =
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(AL RERI M4 %, 2023, 10. 30D

WZE: BEERETAREWHANTRERE (AD 1RGSR SRR P AWHES) L JE,
PR IX A M R ARAG G B (ORI, AT N LR (XA 4R
N—ATEFETR, TE AU B SRR L B Ri At . A SO T XAT
(¥13t JE R FLAE SRRz e R, B MR T XAL A7 AE B, SRi T % 5
I AL AR EAES IR R . FRATICAR Tk B A FSUR 5, DL
], %% 7 A5 B FE SRR RIS XAT 76 SE R (et o @ (2 it o/ E e A
EERIEAE, ATE D) XAT MFTRRE, NHRRS I oTik. JATH E A7
IR AN IS, M XA FIRIE. N TS — AR, BATHRE T —4
ALE AN 2T DNTFE B E 5 o X EPREMERS 7 XAT f 2 A R
ZHb, FERFRMTFARAE T — LR XA, AL T A A
WRFLTT ), A5 BE RS R ISR (1 R 2 A G 2 (R AR A K

1268, 8 FIVR BE B A 27 o1 2 ST I S SR PR IR A 1 SR
Learning impartial policies for sequential counterfactual explanations
using Deep Reinforcement Learning
{E#: Emmanouil Panagiotou, Eirini Ntoutsi
Ut CEEED MMk E R HCE S51HENRFE R,
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1269, TopicGPT: JETHRon ) 3 B AAELE
TopicGPT: A Prompt-based Topic Modeling Framework
{E#: Chau Minh Pham, Alexander Hoyle, Simeng Sun, Mohit Iyyer
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1271, e o R B TR B FLAE ML 11 v ) N2
Sequential Best-Arm Identification with Application to Brain—Computer
Interface
fE#: Xin Zhou, Botao Hao, Jian Kang, Tor Lattimore, Lexin Li
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State-of—the-Art on Brain-Computer Interface Technology

fE%: Dr. Janis PekSs (Fufii4E B K%:) , Dr. Dmytro Mamchur (/i
2R 7 T BLEE R

B RNz, 2023, 11.5)
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Joie: a Joy-based Brain—Computer Interface (BCI)

{E#: Angela Vujic. Ashley Martin. Shreyas Nisal

MUKy £EEL PAMFTR (National Institutes of Health, fijfk NIH)
(AL R R, 2023, 10. 29)
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Better Together: Enhancing Generative Knowledge Graph Completion with
Language Models and Neighborhood Information
Y£%: Alla Chepurova, Aydar Bulatov, Yuri Kuratov, Mikhail Burtsev
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Synaptic motor adaptation: A three—factor learning rule for adaptive

robotic control in spiking neural networks

fE#: Samuel Schmidgall, Joe Hays
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Adaptive-SpikeNet: Event-based Optical Flow Estimation using Spiking
Neural Networks with Learnable Neuronal Dynamics

{E#: Adarsh Kumar Kosta, Kaushik Roy
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COKE: A Cognitive Knowledge Graph for Machine Theory of Mind
{YE#: Jincenzi Wux , Zhuang Chen* , Jiawen Deng, Sahand Sabour, Minlie

Huang
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LLMRec: Large Language Models with Graph Augmentation for Recommendation
{E#: Wei Wei, Xubin Ren, Jiabin Tang, Qinyong Wang, Lixin Su, Suqi Cheng,
Junfeng Wang, Dawei Yin, Chao Huang
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Exploring Large Language Models for Knowledge Graph Completion
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