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Abstract

In an era of continuous Al development, ChatGPT, as a large interactive language model, pos-
sesses high intelligence and interactivity characteristics, and it is widely used in natural language
processing, posing both impact and challenges to human and machine translation. This research,
using the Chinese novel To Live as an example, primarily explores the linguistic features of Al
translation compared to human translation and machine translation (e.g.,, Youdao translation).
The study found that: 1) ChatGPT translation has the richest vocabulary and variation, making it
more challenging to read, while it carries the most information within sentences; 2) Human
translation uses words more in line with English characteristics and provides the most accurate
translations for culturally loaded terms; 3) Human translation maintains consistency in translat-
ing names, employing phonetic translations, while Youdao and ChatGPT translations use phonetic
translation or direct translation, resulting in inconsistent translations. Machine translation and
human translation complement each other, and neither can entirely replace the other. Humans
should leverage machines to achieve more efficient translation processes.
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1. 518

TG RINL S B R 1 A T SENLRE — Fil S 47 S Bl oy — Ml 5 775 I RE[1]. TIREE A B A
ANTEBERIR R, WIET I APLE B, BIGEiILasdiie, HaRirhaylasiie, X o hitEpl
(IRE 7 IREAS TR B 55 38 3o 22 SRR X RSOk, R 31 1 MR R SR BT &5 XU EE I B (7 [2]. H
i, @O kA 7T, MU BEZEETE R ABIHLE3]. #lin, ChatGPT XKL BN HMRIEF AL
BTAERHI, ANt — b3t N REOUR, I AV BRI X wESEES58], fE
g ZILHA e 8 ER R BREAES,  NTHERLX 70 3SR HL a8 8 200 2 N TR [4]. 2800,
AL R bR A FRE FEAS R R I AT LA S8 A B N BIL AR B P 1 25 [N R 755 2 T M Ui
R SRR RL, AR R AW A N X [1]. ARG TR R, 250%,
5N LRI RE S SEAF AR DL E B IR B Ab . BRI, 9 TR RHL SRR A TR E R, &
SCU/NE D N, S8 SRR PERT FENLES AN DR A I 5 R AR 2 1 Y 2 5

2. HRGRIR

BB BORBI A B R A EELD , 223 UG O T AN R R s U R 2 LB, G & A7 0 ik
HLSTM [5]. FFFHRIE 5 HIE[6]. BHREROR B HED X E A B RS2 AT =2 T 5 m . bR 734,
BENURIAT FE 5 R AR RO B R B OR[7], 00 AN P AR A% 03] TXAF i R HL 5 0 1 1 AR
PRELHEN T BB T, A 23 W T B e iB 2 O LA B (8] . 384T — Le2 AT IF A6 Xt LU AT FTAL I
AMNFERE FRIEZESR, DARRGE S — M AF OB 7 i, 2R R[O10 bL 1 it Tl 22 AR e Ao
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2 25 B0 13 1) R & 25 57 - Almahasees [10]5%F Lb AWLEI R[5 B 45 7 & JF0s B R B . BARMLZR B0 2
LRI — LR, (AEFARR PR IR T IR & 1 2 WA [11] . jb4h, H TR AN RS 5 R AE X Ee it
FLE T U AU 2 HLE B AN TR g0 b, A A 2 JOML 48 0 PR 0 90 9848 ¢ R ANA)[12] . KRR
SYSTRAN F 4% o = 9215 (1R B A% DL [13] BA KIS 50 DL ) D8] IR AE B LR AN N 1RAE 5 RRAE XY B [14]

A
ST o

ATUEH, LRI AEMMS B, MAFESCAR N ERE SR AT TIRR, 2ENZRET
MZPLEFRIFERT T, HRE, ANTEREROR T i 52 BT A ChatGPT I ARMY 207t ik, AHt
TR CIEE ) TR R, o FRI TN T A R AL 2 1 1 5 A

3. ARAZ*
3.1 IBRIEEN

ASCUL (GEE) =SS &, AN TTEIFEE Michael Berry (MB)IIZEAS, HLas UL H
ChatGPT A EHE R TR, 72 SR SCERVE . MB 90 SCERHE . ChatGPT 4305
TERHE ARG B ISR E . ChatGPT FIA TEEIE B M NGB TR, (R M AT Lk R AEA /N
ZESE . AIERITEE T E 2 AT AGE I HF A 2 ML 8 TR, PR R 2 3 2 T ogil
BLEE, T ChatGPT MR AN TR REBOR, JETEAMERVER s Refl . SZ AR B RIE S A T H.
S, PP EAEE R ERI DI RE A B RCRZE . R, AHI U ade B A B 3 E A N TR AT 0
oot TRl B R AR R ], AE R DL — SO AT AR, ChatGPT AR KRR N i i &
SCTE B I R W A A HEAT B
32. MIRF*

A 74 CLAWT [15]. WordSmith A1 AntConc X Airife iE kgt 47 AL R . B 5 CLAWT Xt = A3
CFEABEATEL T MR . R, ] WordsSmith ST FERAHEAT 0, BB . RESEIE. ®5,
& I AntConc #il/E = Je B A K word list, 0 LLEAK 73t
4. R
4.1, WLEEEE

i Ff WordSmith F1 AntConc %f = ANIEBEAEATXS L A, A8 RIS & Rk

mZE 1 pR, EaTH b, hCRESCTFHEON 25,333, EANTERA R FHANE TR SCER 2 TR,
MR 20,288 T\ 16,912 F-H1 14,593 F o X2 RN IEIEFI S8 T A FIE R, il il — LBk e
)X, TEDOE 5 EAE Bl Sk SEIL R SOR, IX SN DGE 740 [16] . 17 N T AR A HLER A
2o B3, NIRRT, BN T TOERHEL S A S BR, SRS, myLssiE
T TR FESE, K2 KAt B 5 E ORI ROC R[14], SEFECTFHEEAN TR, 1ok, B
NLEREFZHRE, MR IE AT (STTR)KS, ChatGPT ) STTR . STTR &% Hk
TR PE AR AR Ak, STTR BRI 2 A VB b PE AN [R] R )V SRk, ] 5 P i sl s o

Bk STTR #b, BEAMELAR . A) 7K B AT DA H 1R AR 3RV 3 R P R ) 1w B2 (2 2. 42 3). 1E
%2, EAR MB FAMR TP REKEE/NT ChatGPT ¥4, KTHIERA, (Hi4i4% 3 KE, MB
X SR PR A FH L LU AN B A BEAAIE . T TE A, AIRRAE TR 2T a)K |, #55 ChatGPT
M MB ARG ZR, HAIAR N, DS BT 5 AN AR A
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Table 1. STTR
1 FRENR AR
MB ChatGPT HiE
KR 20,288 14,593 16,912
KT8 2772 2351 2248
REFIBAT L 13.66% 16.11% 13.29%
PRUEA AT IEAT LL 40.67% 43.20% 38.08%
Table 2. The average length of words and sentences
2. TR, Ak
MB ChatGPT HiE
S8 BAR 4.12 4.24 3.86
GRS/ 1135 817 1146
)T 17.87 17.86 14.76
Table 3. The number of letters in a word
3 RiEFEY
2-letter  3-letter  4-letter  5-letter  6-letter  7-letter  8-letter  O-letter  10-letter
words words words words words words words  words words
ChatGPT 676 2383 3017 3036 1806 1466 1127 575 253 136
MB 1053 3781 4458 3992 2319 1722 1448 740 375 232
Hib 1135 3174 4024 3489 1902 1391 1001 448 202 81

42. WLBE

T AN BEVRAR IR B, A CLAWST (i dbnii e, #4441
(ND1JNN|NN1NN2|NNAJNNBJNNLLNNL2INNO|NNO2INNT1INNT2|NNUJNNU1|NNU2|NP|NP1INP2|NPD|
NPD2|NPM1NPM2). Zhidl(VVOVVDIVVGVVGK|VVIVVNVVNKIVVZ). Flid

(RRIRRQ|RRQV|RRR|RRTIRT). &2 1 (JINIRIITPK)Fidke Aysicinl, MiiH AR, 455 0% 4,

Table 4. Lexical density

=4 ELEE

MB ChatGPT Hib
4,37 3949 2905 3422

TE 251 915 645 704

1l 1] 1032 881 694

S X B i 3380 2520 2675

SR A 9276 6951 7495

R A M 11,012 7642 9417
TRV 45.72% 47.63% 44.31%
STl R b 84.23% 90.95% 79.59%

DOI: 10.12677/ml.2023.1111695 5172

PR F 22


https://doi.org/10.12677/ml.2023.1111695

Zi, E2%E

SRR fR R A RS ] SRR, A4 B TR AR AR 2R [16], TRl AT DL 3L
AEEE, WILEEBA, SCRamle, 7 PRERIEERE . W& 4 ATLIGH, ChatGPT A
WCEEEROR, AT IREE R RS, HIGE MB B4,

4.3. Word List %fEE

AHFFAE ] AntCone ZE 37 =ANFEIEA) Word List #4706 b . SR AT lemma list #4158 1438, stop list
PEH AR ARMMERFTE, I ERERRHAS = AR, W& 5.

Table 5. Top 20 words in frequency
2 5. {ERASIUXRAET 20 IR

e MB ChatGPT HiE
1 say 129 father 89 say 212
2 Jiazhen 113 say 80 father 125
3 see 94 mother 64 not 115
4 get 92 see 64 go 100
5 go 90 walk 59 see 90
6 old 81 go 57 mother 87
7 just 79 Jiazhen 57 come 80
8 hand 77 old 54 Jiazhen 72
9 come 75 back 50 hand 66
10 father 75 look 50 look 64
11 Long Er 74 ask 49 old 64
12 dad 73 there 49 man 62
13 there 70 time 49 time 59
14 back 68 hand 47 back 57
15 then 68 leave 45 walk 57
16 take 64 saying 43 Fengxia 54
17 time 60 then 43 ask 53
18 didn’t 59 day 42 day 51
19 man 59 man 40 get 49
20 walk 59 come 39 know 49

MIEENR FORFE, =AM BEAE AR foe e (I 20 AN B3R R 22 M RV, B B S R b T ahial A L
PR H 3 ZERA = AN A B 3R] (s I DLEAT B B (5% 6).-

Table 6. Top 3 verbs in frequency
6. =MEARERANER 3 BIRNIA

1
MB say, said, says (129)
ChatGPT say, said (80)
Hig say, said, says (212)

2
see, saw, seeing, seen (94)
see, saw, seeing, seen (64)
go, goes, going, gone, went (100)

3

get, gets, got, getting, gotten (92)

walk, walked, walking (59)

see, saw, seeing, seen (90)

DOI: 10.12677/ml.2023.1111695

5173

PR F 22


https://doi.org/10.12677/ml.2023.1111695

ZHf, %

RN GEE) PEEERERNE, W U7 . “UE” b, PRI RRA I8
“say” IR R RS, o, FIEBESCTEE “say” B HRGE = AR iR e K, XA [F)
AEREMER LA K. £ R SOEET, U7 JFRREEEX RN “say” , TR LIRS —FRRE
LY

KITRATRABILT , sHABLATH RIE AT,
It seemed as if everyone they asked about was either dead or someone had just seen them within the last few days. (MB)

From what | overheard, they either talked about those who had died or mentioned having seen them just a couple of
days ago. (ChatGPT)

I heard them not say dead, that is to say two days ago also met. (4 i&)

AIERNEE SO 0 Ul BN “say” , BARIFEA AN BESCE IR & TR SO E s R R
JE ST DAERAR N “HWTAATHA ZIE T, BRI oRE AT 7, X ER UL A2 Ui MEE, T
“say” TEAGE T ANAR IR IEAE BB R, Ak, BRGNS, AELSTHNTRERE, JEA
TEf

FERT 20 A iin R rf, = AEArh 7 —Z R ECRII I 2 “get” . MB A G 1 92 /X, ChatGPT
BEAHEH T 38 Ik, AEFEARTEM T 49 R, fEHEIEF, “get” B—NAEWHE WLMBhE, Rl EdE
IEXHEMEER 05 W[17]. RE “get” FHilRS — MREH SRR, HERLEMHENAEE &%,
ATDARIE AR AT =15 B A R A b S T R A e A, Bl e DU
EJEH[18]. MB EAHT, “get” IFAHCH “gettov.” . “getadv. (get up. getout)” . “getadj.” %%,

“BRFTFmLROF, RZALARE ek, 2F EOFERAOE ST, 7

Our family used to have over two hundred mu of land, but once my father got his hands on it he managed to lose over
half. (MB)

My family used to have over 200 acres of land, but he managed to reduce it to just over 100 acres. (ChatGPT)

My family had more than 200 mu of land in my ancestors, which would be left over 100 mu after he had done some-
thing about it. (4 i8)

e “EMLTF E—ATE 7 RIEIEE, AR SAME. 46 BRI B E-dE T el
TR EHEAYELFHTIUR), KB T —2 . MB 3% H %515 get one’s hands on”.
“manage” F1“lose ” R K14 J7 3= 8. 5515 “ get one’s hands on” 5 “ F 71X — MRS 01 1 H Sk, F1“manage”
HAEHM R, T “lose” WM 7 2 LA HEZ W s 17 5. A2 T, ChatGPT FIA i Rk
B CF7 BEHcR, R0 UTiE” BHE Ttk BAE A R3A N R E A MB EB1E .
4.4, X5 EIA

B —5r, RSCrEdE, NSRRI SR G AE1E & A3 DA EL[19]. BEEE A —
Pl SCAGAS TGN, ¥ R B —FhiE S HEf R L ) — FE S B I . T AR P8 7 BRI S 22 7 45
SCAR AR B R R R T AN . A SRR AT TR EE A AN D 56T S A AR R

F T R A S RT W RV FRT EREAZAT.

The next time he saw my father, my teacher, who was really getting on in years, told him, “I guarantee you that when
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that son of yours grows up, he’ll be nothing but trouble.” (MB)

The elderly private school teacher said to my father, “Your young master will probably end up as a mediocre person.”
(ChatGPT)

The elderly private school teacher said to my father, “Your young master will probably end up as a mediocre person.”

(Fr i)

CTRTFT BRLITEHE, BAEREIEMAN, 1M ChatGPT M IERIET Y “a mediocre person”
FEAG TR . A R ECE AR, BRI MB AT I HE .

BABFBH G —ARAEK, REART, RERFHFLIS.
I’m the only flame the Xu family still has burning. If I’m extinguished, the Xu family will be finished.
I was the only hope of the Xu family. If | failed, the Xu family would be finished.

I am the only incense in the Xu family. If I go out, the Xu family will have no children.

MB % SCRE B SR RIS IR 1ok, AIERESCHEMIA T H ik, 1 ChatGPT [ i I A BEHER Hh
RIEFLEXL,  “HK7 BEPRNRZ A €A, MNFK BN, T “Wrrgaa”
HIEREEINE A%,

45 NBEF

HE A4 WA SR SRIE A TR KIS B KRR, WP a2 gt & e, hEAA . RS
— BRSNS, 0 RS AN R, AR T S 0 [ SE i [20] . B R E PR AL . 285 SR
o ESCEIAREHET, HEAN . B4 P BRI N T .

MR GEE) MRT=F LI T RS AL, w85, GK. 52, JE. KR, B, Z4.
FAEE . MB BEAN BT N 4Pt BB AR B, 4R B¢ (Fugui)~ &2 (Jiazhen). KAR(Changgen). % —(Long
Er4%, 1 ChatGPT FIAT X FHIF A A BRSPS B sk E RIS, S8E F X448 #
i1, KA (Long root). 4% —(Long two, Dragon two). F4:(Spring-born)%s, X w4 #RTF i HERE .

N EEBAT — EbriE, FFARE R Rt . AME AT B RGEAE, AT RG-S 08 hn by it
MEFE . AR, —S N4 B PR AR T AP AL TA 24 AR S (5 S, WARAEREN “ Spring-born” TT LLLYL
FHPE R & S AL IR S
5. £578

AL GEED) AT =5 B SRR SERE, i B R ER R TH AntConc F1 Wordsmith X
BEATSTECE TS, BERAILE SHHEMZER . BFRRM: 1) ANTEFERIERK, (5 ChatGPT BRI &
RS BIK, REEER, A THURBEERE, GEBERER—; 2) N TEIEH & 9E
L X SCAR SR R R AE R 3) N TR ANALHT G — 2, RAAPIE R, MAEMN ChatGPT KA
HEIREE AR, TSRS

JUE NI R H AT oA TR SE , FLPUsUR & Ak AT AR B AN TR T Re Pk
SR, B2 5 ChatGPT IXFEM) THATHIL, PLESBEBASAE N TS, KOstk TxA
BB, BibE R IEMMARKESICAERROEE. Fit, BATROZIE BRI E, MR,
MM AR BEE Z R, “ N TR + PLESBIR(N T RAE)” AR RBR R BT 17, AR T4Ti
BERER, R ELE R O S SO AR S T
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