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Abstract: In recent years, the'development of artificial intelligence and big data technology has greatly promoted
chatbot industry. Currently, theresare many types of chatbots, but the quality is uneven, and the evaluation criteria are
becoming an important 1ssuey, This paper first summarizes and categorizes the current chatbots technology based on their
functions and technical implementation methods. Then, it systematically proposes an evaluation approach for chatbots
quality via different aspects, and introduces various evaluation indicators in detail. Finally, current research issues and
evaluation difficulties of chatbots are discussed, and on this basis, future research and development directions of chatbots are

prospected.
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1 5| (Introduction) NLP)H XA, FALEE N RESS 8 SOAR 808 & 5 A28 ﬁXT
BiE N TR BRI AR &, MAVMACER 3&. WESWM RIS AR TE, BE SRR,
FRAF R, O H R EREB AN HEERE T, AR TE NG A ), PRI R AL N 5 S R % S L S %’?ﬁ%
WSERAYSIv, B E AR NG . H RN BRI KPR AS AR R AR HE AR AR e AR SCE X R R B AR S
Cortanafll/hk. TFE P Alexa, IBMAYWatsonss, X2 ARSI XX KA NI4T 74028, [FETBA 8 FrE 1
MR AN TAR R, BEARKEMSTIEE, B RS ATPNIERREHET T, 2250845, HHEETHT

TR T B AR5 S A H(Natural Language Processing, I RANL i N e J ) PR 455 DA B oA SR 1 5 77 17 o
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2 HIXRH2E A 433 (Chatbot taxonomy)
21 EEFSOESRHE

RIETIREMI AR, 7T 40 24 4F 55 = o) BL I R AL 48 AN
PRI AL R AL AS N . A% 55 Rl BU A0 R ALER A2 48 DAME 55
IKZh K 58 W Z X IE XTI R GL, W EE X S P % ol 4
FIR, LA N RIS P B AR . VBN I A O,
FHoM i X 3 E - FPipelinefliIEnd—to—end, Pipelineffj#fy
BORRARSALE, GEMNAEERE. 3RET M
(Natural Language Understanding, NLU). XHERAIBEE
(Dialogue State Tracking, DST). %fif#I&2~>(Dialogue
Policy Learning, DPL). HZ#RiES A i(Natural Language
Generation, NLG), XFE XAE 5 LM, vl RV,
R MRESZEHE, XHEBERZ M5
FOCEB AL . End—to—end BILE: T4 B2 27 > 1Y i 51 i 5
i, A RERTEIEFITINSES —MREE I HE,
MK A S i A A (58 RN i o A5 B AR L A, X vk
AR, ERERE S REMNAEEEE, BT
WRH B, RIALNR A48 N E2 5 P e 47T ) o e
HEl, BirS5HAr#ETaEE X aREZRTE. HLTE
5 F M BRALER N, PRI B0 KA A B i 45 el 3
K, AP EEESMMERS, BFERE S, SCHEME,
22 WERXEERK

MRHABZATREMN AR AMBEANETEHE, X
W BRETHERRA . RIBXIEE BB AREA, AR
FHLEE N AR G4 WA, 1R AR T B
HIECHE BE AT BT N A S VG, B B S R
) BT IR, (EIF AN A AR R [ e [ R
XA AR EFRG AR, FEEEFEENINR, HF
it B TEIE AT B R SR R R o R I B0
B A I R AL NELIZ A 2 52 &880 F T & 1,
BARBEISAE BT R B, (EMEINEY TH8, ERTK
AT, AR 7R BB S, B AR
N ZEEL SRR AR R 2 o) A Bleh R AT R A £ S R AE 2
>, AR A PR AME S, R SRR SAID
T2oi6g, RURTRA D7 S5 45 B BOME 9 B R SCRBk, (|
EREIE T RESA AT AEERN . EANEIR, dkkE
R AT R X B E SO I H A B R R AT A
ARUE % DialoGPT., &¥Meena,. Facebook Blender. H/E
PLATO & PLATO-2%, jXxuedyffi i T A KA SCA e i
TR, BRSHERTEEILRER.
3 #5454 F(Evaluation index taxonomy)

R HLAS A FEHr 3 5 2 18 X AL 8 A% i =] &2 5 & 1 3T
i, (HAEGIRHLAF NGB R HI R - & BBy 3617 2
I, XEHNE K& BRI R A B A PR, Ak, XET
— 8 AL S S IR LA, BRI T
EE VAL . A BRI TLZEI R ALER NI Tedn kAT
TEE, EURIE N E . IOk TR TR 4R
TR 4R

—{H#!@! -ﬂ_l?ﬁ?ﬁl ! PR
BIKHEE A G

EESEREPE

B TaE A 4e Ar i o £ B
Figul Evaluation index taxonomy

3.1 XHETE
3.1.1 ALEMR

N L2 H Bl e . oA SOt iE i i 4 47,
(BFFEEReTR N J) . FERHC R )8, B E MO R LRI 5
Fr @ RPN R PR T 2

XX H s B T A 2R 9 7 A 4 o] S A [ 1 ) B
AT, WWE2FTRMACUTE-EVALIEAE A, TR
AT Z 5018, AEXT TS 1(ACHE ) i 2R i fa) 2
[ BEATEHE, R BT B AR XA Y O X LA

Hi, Im pratty good Just listening to some ]

aerosmith, they're my fave :) whatre you
up to?

Hello there, how are you?

| am great, | did something crazy for me
and colored my hair blue!

s et rg o mcene Rellon méieka I have a daughter and a son who also love
[ETER AR T LIV CY U biue colored balls. You should meet them
L Well that nieat, | got a new car my mother
I'm a professional wrestler gave so maybe | could see them!

Oh wow! I'm a construction worker, I've
been doing it since | was 16.

What do you do for a living

I'm a construction worker haha, just told
you! Whats your favorite type of food?
Yum! | love mexican food, so good :) do
you have any hobbies?

| like to workout and go to the gym

We're a bit different- | love watching
nascar and ufc. They're so fun!

It is a beautiful city. And, | try to be... Just
cannot afford a bigger house atm.

1 am sorry to hear that, | feel bad going
out of town for spring break now.

29 next week, | wonder if that
is a good age to apply as one.

Who would you prefer to talk to for a long conversation?
| would prefer to talk !o | would prefer to talk lo

Please provide a brief justification for your choice (a few words or a sentence)
Please enter here...

B2 ACUTE-EVALR X s b A T3t R &t
Fig.2 ACUTE-EVAL multi—turn dialogues pairwise
human evaluation interface
FRAER: RIS AW AL, kg
MR ZERSFRERE RN TS, WAE N3, 5. 7
g, XTI RS N E SR I AT SR, B
SBGEREE N0,1,2,3,4], FHATEXEEHER A
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BB N B A A A AT PR . AT DA R X I BT Y
Z J5 AT RO, XI5 R (5 B2 (Informativeness), 5T
P (Coherence). #Fitk(Engagingness). A (Humanness)
&, A — PRI HE Meenallll RALEE A 2 H WM Fa bR
SSA(Sensibleness and Specificity Average), 382U
R P E . R SRR 2 2 SR /AR R E 1Y
AR mEE, SUEERRI RIS NS R AR L, B
S DAUBEVE R ME—4RAR, 2 5350l 2 10 BB T I 1 42 4
B, R BURYE 5 R R S A R T SR A TR TR e AR R
EIER iR, LREN, SSAL B3P TabR R EA K
KR,

RENT—BERRRERE N LW e 8 s s
%, HESEE BN ks A8 AR, AL
AP P RIR PN WA B i i O R o /N IR S RKE AW N
b, [HdE — S, GIINR RE A R WA B R A
NBEAAE AR AR, TR A A E) AR X 3 52 % WL
H%F AR
3.1.2 E3hifh

BN AT A ATy . — R AR E S % E S BT
PEATVEMY, Horh & XA R SR AN A i R A ) PR AN 45
s A—#0REFESE EENTEMNIER, BREARERZ X
A i B T AR O T B SR B PR . TR PR PR SR 38 ]
SRR T R E B BT R ) 5 DA SRR TR T A TR
TEh5,

(DAFESZ R E—RRAE

Ao 2R S KA A B 5 B R 7E T D I 25 58 I ek [m] 2 1
HEZIGUT , BT AF A Fan— 6 e R R 40
N FER.

A #(Recall): XFRE A%\ ke 2 UHH < [ 52 o5 e
BHXEE BN IG, RREEAEAE,

HERZ (Precision): XHrEMER, fElaRHMMHXEE S
AR R S S E Hfl, FoR 2 m A,

Fff(F—measure): 57 FERMAERHRBIAMFEE, E
SGE T ERITNRCR .

(e +1)P*R
ZTEG:ET (1)

WHE e =1, HARE, HBELEHR0,1], Eld%i
1, VLR EE R BT,
F=2 precision-recall @
precision +recall

R—Precision: fgiy2E AR PR K B E R
R,

P@K: f8AY2 B AR A HIK A I A HER .

SEYUERE R B (Mean Average Precision, MAP):
YIMERR#(Average Precision, AP)RFHERAR-5 ik ] 5 poHE
TIPS, aXG) iR, HhidasaiMgikm g, s%
RSB EIEALE, TR0 — DA A FR AR K R S Y
P@K1FH{H, MAPNEXETA 20 P2 v i R ok
B, HCABDBER 0 BIARG 2R HE R 5 [ S HE 970 50 A T

1 &
AP_;;; 3)

1 Y
MAP=§ZAP(q) (4)

QAT ES % I —A AR

A R PPN AR AR R B TR, AT —
TR ETHE A G 1 E B REMAE RS, 5—Jrmilh AP
AT H I B ) S D0 T 2 G

M (Entropy): #EHEEE  PN-—gramf SHEEE, H
e ] 52 22 R

PR A% B (Perplexity) : 1 5 00 A bofie BEREFE AR, W]
KPR AR A ] S ) AR RS R, — AR B IR B 2 R
PE, & H B A R AL A ]2 R A AR . 1S
S br B p B AR AT AL, MR, 1B SR
4, WREBUN,

PP(W) = P(wpwy 1wy ) ¥ =y ——— s)

Distinct—N: [6]52 ZREMEAEHR, 0 A1 I A i [ 4
HEAZHEE, 2 EFR B HN-—gram &4, 7 7-FR
R REEN-—gram$ H , NlEHFRIF2, RIEUni—grams
FBi—grams,

Count(unique gramN)

Count(word) ©)

PR JE (Average Length): fi0 A miml & 19~ K
B, A A B R TR A AR B TR

BAYR I %HE # %1 (Conversation—turns Per Session,
CPS): FRHVZM RIS NFI 2 18 B4 O 38 Hh BT & 0 1%
R E . — A SR PR R LA A AT A
CPSHUR, ULHIWIRILES NH AL S SRR,

XFTEETE] 48 P SR EE AR5 BT S22 A e 1]

Q)FESEZNE—RTiHESR

ETHEESNTN T EREASEREE, TR
Z:2% I 5 R B 2 [ARE ) B S AR BRI T,

BLEU: 4F;#BiLingual Evaluation Understudy®™, &
R TOLREFEAES, WA R EERE A S iR
ZHNE, %O B WA R & U TS % [l 5 SR
N—gramfJE AT, EAREBENAH AR EBE, N

Distinct(N) =
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5

—JREU—4, RIEHATIBCEY, N = 1 T S f
PIUERATE, N> 1 TR TR . BRSO B
T 2B AEIR . BRI RBLEURHIEN 5 A T Al
MIFVERE", (HE R 2 W KL A PR3 617,

NIST: 4#2National Institute of Standards and
Technology™”, it ABLEUF ¥, 3IA T & MN-gramfifs
B, & XWaR(T), AR iR /RN-—gram7E S
A B REL, TR Y (N—1)—gram 7E 2% [a]
R HIRE, UN =18, S FREABRANSF R E R K
FE. i, L8 IR R R R RO,

InfO(W] "'WN) = Ing[

ROUGE: 4#k/ZRecall-Oriented Understudy for
Gisting Evaluation, #i#f HBLEU /¥, AFFBLEU, B
BT N—gramiy & [0 %, MASHERE, @A
ROUGE-N""fIROUGE-L", ROUGE-Ni# it 4iit 5% [l
52 HPIN—gram i8S 2% B SR AE 2 P A YN —gram
MR A [,

the # of occurrences of w,---w,_, 7
the # of occurrences of w,---wy

z Countmatch (gramN)

ROUGE _ N _ se{Reg/'erenceSummar[es} gramy €S
z Count(gram,;) (8)

s&{ReferenceSummaries} gramy €S

ROUGE-LHLFEREK AL TFH](Longest Commion
Subsequence, LCS), f#i S b5 F4: w B & A EL T
FANHATITE,

LCS(X,Y)
Rlcs = (9)
m
P - LCS (X, X) (10)
n
M+ B™R P,
F}CSZ(I:ﬂ ) 2143 les (11)
les +ﬁ Plc.v

Hp, 2XQ0)PmFERSFREKE; AXAD)HnRR4E
BRI BE

METEOR: € f AMetric for Evaluation of
Translation with Explicit ORdering™, %445 [ it &
THER R M E EE, HhEERYNER S, FEREES
2% | & 2 [ 1 Uni—gramsii 1 & B 1 i HE47 % 55, W] i
A7 TP BORRS A i BRI DL T, AT 3 35075 ) 458 1 B DL C ¢
£, 5 NEHWA BAF R RE,

AFESEZ N E—R T m &

ANTR) T AT 9 o B (B A FI N —gram T 584 Ji Bl S fl 2 2%
WA 2 B EERRE) R, BT m R 2 F
M Word2Vec, Sent2Vec% Iy iA{EIRI R KR A&, i
AR IS T R R 2 5 22 B A 2 R AR AR

TR (Greedy Matching): A8 i1+ 5 A E A1 AH
I o %A B AR R 52 N 225 nl 2 v g g AR e 4k
W, REXSFHEEPEAEEE, TR
w55 A 1] ] 2 A AR SRR ARLRE L B R ) A% SR AL B R L AH
TSR, 55 PR AR ] 52 AT AH E AR T, B
HFEIHE.

YL (Embedding  Average): i A [ Bt A
8] 52 A1 2 2% [ 52 B AR SXARARLRE . ) ) o ) v 1) )
AR IR E R F

) AR fE(Vector Extrema). [RIFEET A& H P ME
AR, (B [r) ] 1) A R AR (R e R ) — 4
IR, ARG PSR SL AL RE o XA 7 VA T DAZZ G 1 ) T Y
LR, PRI B GAE,

S)TESFZ I E— WL

U, WESCTRGARNE, SHRTE T IR B2 ) T 4R
B 1] S PEAN O BT B RIS 22 . DATR A2 LR S 2R % R R B2
2 S AT A I SRR Y T

ADEM . @FiFAutomatic Dialogue Evaluation
Model"™y BPXTIE R4 H SITFMAEEL, ERHE RGRY T
[V At Ry T [l S A A N AT R, W AR X 1
TR EEAT PR R BE SR, VISR T ESR A 42 W 25 (RNIN)# 7
HEh PPN R, B AR SCE TR XA O A RSORZ A TBLEU
ROUGE, {H/54%:WH5t &M ADEMAFTE NI G BIG , Ho 2y
B EE W HEATRTE2.75 £ 034 E N, A FETBAR, Toik
HEAE S REA BRI, 7T B,

RUBER: 4Fi~Referenced metric and Unreferenced
metric Blended Evaluation Routine'”, J&—FpftwfFFiics;
Y& R G E B, AREANL R, K
FHEBERNAZ% B E WAL TS % | & PFAh AR R A 3R
W 5 A K DASR B PRAG PR BE . A 225 B S 3£ R 1 3] 1] 2 itk
R 7Y, e ) d A2 B ) S5 (R /DML R R
B, RIGTHEEAGKALEE s TS 2% [al S PRl E o I 2 22 0
SRR A A B Bl 2 R Y A (M R VERLRR B, SCie R
B, RUBERH ¥ EEIARKHESEF, BS5NTIFHAE &
HAH

GAN-—based: 4 F{F T M 2% (Generative Adversarial
Network, GAN)IE WM T EUGAEBAES +, ZHEE™
AT ET GANSEM BYRE RGP LAY, f ) AR pigs A i el
2, FIRE KA EE S,

BERTScore: — kT Bert 4 ot [ & i 7 =Y, 44
E—NSHPIEFERBISE, 1 Bert RA&HUm A& Hia1)
EROCRHME, FOR AR LR UE BRI, KRR
SZREACLJEE T B3 T i) o) 2 () DS AR BARE . fef S 2 DT
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e R 5 ARV FC AR ALLBEAS 70, 43 1 s 80 D 30 SRS T 3 73 %5
Xof 3] ) B HEAT HE M AIAL . SLERF ], BERTScorelif 1Lt
— AR A RYAE N, I HXP TR A —E ROk, 2
K1 —FBERTScorefit & # A8 T H AL Ir A i & .
3.2 EREIRERGT

IATTEAL I R rp 22 2 il G2 6 v T A Ak ie, [
R AR EY) . i SRSV EE 2 ATHER &
AR, GRS EOR RN TR B s AR L 4
THI B R B ]y v A e DA B S e s ) R o, s
B3 AR S B B2 AL GE(Computer  Vision, CV)HIH %
HEAAHENLE, I CVRARDSITEENE, FIANLPE A
A JSORHORS 2 F) SC57 R 1 i P A5 PP B R R AE o A ORT 3 1
IR Z B R EL 3 T MR R A U PP A BRI RASE,
CIDErfISPICER % '] H T & i ids A sl At 75 X

CIDEr: 4fr&2Consensus—based Image Description
Evaluation”, RIEET HIR i EIGRIA TG, H B AR A
M TF-IDF 545 2 4 i 1l 2 12 2% 0] 2 /YA [FIN—gram AL
#, R ERdRE T IR L. BEBUME B EIN-—gramiUE
WK, RIETTEARIE 525 BIE R RTZAHLE, FX4aE
N—gram AL EEINAIR-PA(E, 152 H 40 CIDErpFA4 (R,

SPICE: 4#f&ZSemantic Propositional Image Caption
Evaluation™, BRI Sl B g 4tiA 3744 . AT CIDEr A Al
TEEEHNTIPE, SPICE® &L 5
e Xf UG AGR R R R R K R AT T . g8 S A
PCFGHRAS AT 5 T T A% 14 [ (G T e B A B AORS  4%
S AR AR U T P 1 O A ) 1 R AR R 31 37 5%
P ARSI SR TR TE R R A YRR G JE LR K AR A )
JCA, VHEA R S A S (8] S SRAL S WY T EAE A iR 21
SPICETFli{H.,
33 EFSEEBEG

55 5 1) U0 R AL e N8 5 B T4 E B SR B
e, TR E G, B L A PR IME BB S S
S5 AR 95 R 2 P B SR PLER A . H R LA AAETT
gOE ITIE. mamEi, BT Y R Z
HIRAE 55 S 1) B KA AL w] DAF HERR 2 . 4 o] S84 37y
XoF T R Y B SR DA, {ELSE 2 L T AR MOk X 7 et AT
W,

55 A T8 I RBUR X 4 BT o L,
TR ARG P T BRRA G A BT R SR AR R He

FRYAE S5 IR TR H: 15 RSO B9 BV S 0 17 F £
(CPS)A[, AE45 T B RS AR, FEIHE
N TE RS RN RO, BT DA BRI . B, AR
9 PR B E AR ST

(Scene Graphs)

M e mE s AR R, SUtFEE,
MR RN . H P B A7 3 A DALETT % 3 S0 M o )
SRR S — BN B P B AR, TR A A A 32
B

FPTRERBE . P R E 48 0 2 0 B o 7 A A P B
A B, B S b AT 55 1) B R AL 2 N HEATAH IR
SRR P B e, P R EGE , TE E B BL A AR AE
% TS, BEE T P EKR,

4 WRM¥EESRFEZREFE(Research difficulties
and future development direction)
4.1 MRS

BEE I JLAFAH R AR B K, TR IR B2 2] B 1B
B, MRS ABARMIEPE R R, (BAFAERTEL MEA

(DX EF AR A L

EI A 5 L8 P T T, DR AL AT AR G 45 1
PEATIEE, PCISE R GREE, (H 24T RS LB U R B
Uik, B P A SO N PRI, R ALEE A [l
AR AR . 2 H RTBORAI ST, RIANATLE R AL &%
NAE S FAREAT T 5 Y Bl B T 3O R ), BE AL A 2 el
52 WK B as N7 ZBR Sk SO N SR, — B P B
ENEEAENFLERE TR, PRYEG AR TIEA NG
B EIE, SRIEAM CTOARIE” SRR PRI R .

(2) AN AL g A K338 B Lo L )t

R FIC UL, AL A0 SNSRI N AR AR B ef
&, ANELXPemEIERRANMRERELSE. EXNETE, A
FMARCLOH, BISWRALE A R BN AT T B R
P TS TR, S AR RS AR R
MRS AP O, XMARZ 0T ER, Bk
BT Z I R ALgs ARy [ & N a8 e T EJSE B4R, FF BARS
PG B0 T R Bl R AR ML N2 (H2 R
BT HES TR TR P A R, R R IRIER
FARIR,

()M KA 2s A AR

P E =R, AR ASH AR EZE, XRRT
BN, WRYLEE A B —FE, B E R LE A
MERER R, 0%, HHTR), AFFARNA
RAZ AR RO AR S b, SEIRILEE A
MR R RESE e pE . —OrE, FLEH PR SR
i AN T A I A T BRI — L D, R AL A
B S, RO, WA EL.C IR EE H
BB N TCIR A ME R

CN PRI INGE TRl L UN

W ) bW R AL ds AR B EA TR KR CER, E
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EHRKEE . RS N B0 FAR R 2ok

A iAok T B R AT R IR TR ok, U H2 B K ) Bk
MRSz, M, BaiumsERa K2t IR %K
&, BNREG GRS MR, XIS, SRR
a NIBRE . WA RS, hREEZ PRI .

(O)FE “RIMBE” R “F R MiEkE

TERMEE, BRI RALEE A MR 4, AL A2
VLG oRE, X F R R IE R ., KRBT firR
EEENARZ, WRITHER, A RELLILEE A TCHT A
“HRET RERENNEETE, AREAREE, B
R 2 AR IR B N2, SRR R A BRI SR 00 75 A0 0 K
PLEE N . MBS, — T o ROIR A5 18 R 2 — A o A 1)
B BT BRI IUA RIE R, H AT I
BHEERZARZIT, BRI AE R RFAF, miEiEk
i e AR 2 — A HE R R

(6) A BVEAL 5 N TAFAlHE et 2

AR BRI Y B — LR I RALEE PR A SR R 1
RN, WRMERNE., BT HSITEN S A TR A AR
W—E A, THRZIAN BN EREEHRE TSR
TR S A 4B, X AR RIS TR 2 REVE RE R HEAT TN,
DA B Aot AR B4 A 50 R A 2 1l 78 12 1 40 D 45 ) R — LA
FEG L,

42 REFE

AT RALAS A K 7 1) 67 o) T 1 2004 i A
RN R A, H BT RALEE A B BRI 5 AR
I ) 468 1) A, A% SR 19 i T T o R 7 B i) 1 5 % 47 A 1
BEYER G EMERTHE, S —iE, THRE R TR A
K, BPREMSAETT SRR 15 ML a8 NGB B ok, X224
W RALE AR 3755 B 1 s R DRk g b sR B0k,

5 #5if(Conclusion)

HEl, #EATSIH 7 AR W R B2 N EZ R T
RIRHLEE N, 7= TR SR AP Cliy 5 L 1 14 17
WRIREAIE . SRR T REPLEE AR RRIE S TS
RERE . BT KL DB, 7B WEE,
YRGBy T ORI AL T FE I B BT B
WAL, JIASHBH L, SRk REEA, KRS
] 5 ik, (HIX SRR R 222 K57, W H AT RO
WERG TN oy BB, AR SCHE S IR BB AR S BB AR R T e
RULEENHAT T 402, WEZ AP ARUEREAT T8N R G
G, TSRS, RIET AT RS AR BB S
MG ARRMRIETT ., A AR B AT R AR AR 4 2
TN AR A — RO SERE M 2 AR Y I, A R AE A
PR —ESEAEE,
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