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Abstract  Machine Reading Comprehension (MRC) is one of the core tasks in Natural Language
Processing (NLP), which aims at equipping machines with human-level text comprehension and
question-answering abilities. This paper provides a comprehensive review of MRC research since
2015 and systematically traces its rapid evolution. In terms of model architecture, attention-based
neural models have formed a universal framework: the word embedding layer maps text into
dense vectors, the encoding layer models contextual dependencies, the interaction layer calculates
question-text semantic matching, and the output layer generates predicted answers. This para-
digm significantly enhances model performance, propelling MRC into the era dominated by deep
learning. Traditional MRC models are primarily distinguished by the different attention mecha-
nisms employed in their interaction layers, we introduce MRC models based on attention mecha-

nisms, including interactive attention, self matching attention, and sparse attention. The emer-
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gence and widespread adoption of Pre-trained Language Models (PLMs) have revolutionized the
MRC field. By designing and optimizing pre-training tasks on large-scale unlabeled text data,
PLMs have gained rich linguistic knowledge and semantic representations. Building on this foun-
dation, Large Language Models (LLLMs) have further advanced in expanded parameter scales and
enhanced few-shot/zero-shot learning capabilities, enabling them to achieve state-of-the-art per-
formance in MRC tasks. Additionally, we provide a detailed elaboration on models integrated
with reasoning structures. These models aim to enhance the logical reasoning and deductive capa-
bilities of MRC systems, enabling them to tackle complex questions that require deep semantic a-
nalysis and multi-step inference beyond simple information extraction. The current research
mainly focuses on the following types of reasoning: multi-hop reasoning, logical reasoning, nu-
merical reasoning, and commonsense reasoning.

Furthermore, we discuss the key task challenges currently facing the MRC field, along with
the corresponding state-of-the-art solutions. These challenges cover six parallel types: Unan-
swerable MRC, where the model must identify and flag the absence of valid answers when the
text lacks sufficient information; Multi-answer MRC, where the model is required to accurately
extract all relevant answer fragments for a single question with multiple correct answers; Dia-
logue-based MRC, where dynamic interactions between the model and users demand contextual
coherence across multiple Q& A rounds and continuous understanding updates based on prior in-
teractions; Multi-round Interactive MRC, where a single question is broken down into multiple
sub-questions, with the model leveraging multi-task learning to deeply mine semantic informa-
tion; Cross-lingual/Cross-modal MRC, where the model needs to achieve semantic understanding
and alignment across different languages or multiple modalities (e. g. , text, image); and Zero-
shot/Few-shot MRC, where the model is required to complete comprehension tasks with ex-
tremely limited or no labeled training data. Our contributions are as follows: (1) We systemati-
cally organize the diverse question formats in the Machine Reading Comprehension domain and
their corresponding datasets. (2) We conduct an in-depth analysis of the technological evolution
within the MRC field. (3) We identify the prevailing hotspots and persistent challenges in MRC,
and further present a comprehensive review of the existing solutions to these issues.

In summary, our work provides a systematic reference for MRC research, facilitating the de-
sign and development of models with stronger comprehension and generalization capabilities and
further promoting in-depth exploration in related fields.

Keywords machine reading comprehension; natural language processing; pre-trained language

models; attention mechanism; reasoning structure
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R XT B 5 5% B Vi 1 & 7748 55, one-hop 3R 5
Bkgk 4, multi-hop {CFR L BhZh 4,

x2 ETESANHBRBILL

i) Al 1] i # R TE 3 BBk TS HEHAR
Attentive Reader* B 4 R SRR GRU- Att Q2C one-hop
Impatient Reader™ Hia + B SRR GRU+ Att Q2C multi-hop
Stanford Reader™"’ i) 4 R SRR GRU+Att Q2C one-hop

AS Reader"™" Mg+ B SRR GRU+ Att Q2C one-hop
Match-LSTMM® g 4 R SCRR LSTM+ Att c2Q multi-hop
GA Reader™™’ g+ B R CHRR GRU+ Att c2Q multi-hop

BiDAF! HgE -+ B SRR GRU+ Att Bidirectional one-hop

DCNF? L8 B o o LSTM+ Att Bidirectional one-hop
IA Reader®!” M4 E TR R R GRU+ Att Bidirectional multi-hop
R-Nett™ BT+ BT CER GRU+ Att C2Q+Self-Att multi-hop
DIM Reader!®? R+ A+ R SRR LSTM-+ Att Bidirectional multi-hop
RMR g+ TR+ R S0 R R R LSTM+ Att Q2C+Self-Att multi-hop

3.3 ETFTRlZ4ESKREN MRC &2

UTAER  NLP GUSZ ) T 2 61, LA Trans-
former BRH Sy JE A7 1 TN 25450 20 KR 42 T T 38 X
PRARAE 1. iF— A HEE MRC & &, B 2505 32 8
BB 5~ WA & . 1 e 7E HAW AR DG AR 55 1wl 2%
FERY AR A R 2 o] 3] — Su /R AR5 78 HARTE 55 |
et — A, S BURER r 2 R A SR R L T
NLP 45380k Y, $50I 25 52 7l A2 78 R 19 SCAR U8
b ) B S R . B X HIL g B B AR AT 55
) AR AR ), AN 5 152 T3 T AR A AT 55 1 s B, O
1 5 I R A5 B R AT P 12 5 AR S B PR AR B4 55 1
RE. f£48 MRC 454 5 5 T Bl B 8 (1) MRC %5
FXFHEAn i 1 () iz . DAASE Y 45 44 ) ff 5, il
YINZR A5 R 25 T8 1% G0 15 A0 3 ] 245 48 1Y) 2 3% )23 1
AEH R Rl G TR — R TE 9 85 1Y [F) i AT B g 5 )
BN H
3.3.1

YT HAT LT BT A 00 1 Y1 25458 B ER R A Trans-
former " 45 b o HLAE VR VR A A Y (1 R F B BB
KA T B e N4 Transformer 4514, Transformer
M Vaswani 5 A2 B 00 —Fh H T AL 800 7
FI B 7 (seq2seq) 45 H) . Encoder ¥ H 75> AH 6]
EHEZM N B ZAMNDN TR B TRERHZ
3k (multi-head) B & S AUH L 55 = A+ )2 % H A0
T 22 B 4% (Feed-Forward Network, FFN) #4 A%, ,
Z I LV A T R LR B e BE AT DL 25 5
B AR A b R A B 1 4 R RO OC AR AN
Z R B, A DL AT IR . R A6, A E
BENHLET Q=K =V, Transformer #% H #9357
JrXnE

Transformer

, OK"'
Artention(Q ,K,V) =softmax (7) v (12)

Jd,
Hrbd, AERKELEE . A Transformer R H £
L AEZRHIIE K QK. V =45k i 2t e g R
Z Ay, By Z IR0 5 1Y is B B S P .
head, = Attention (QW2 , KWK ,VWV)
Multi-head (Q ,K,V) =
concat Chead , yhead , s+ shead , )W’ (13)

Horpon RELEH . 2—DEBSHE W WE W,
WO H 4280, * A multi-head 19 H 195 iEAR
RUIR A JCVE 7 91 v AS [R5 5 BRL 3] () AN ) 7R - 25 1]
AR 2 AT LR L T 45 BRI 2% of F1) T 21 4 )
R ABCR IE SR IBC, H A0 TR A 2 {15 A ) 9 45 AU G
AFEFE . A — > F 2 EF T JE H— 1k (Layer
Normalization"*) #l 5% 2% #% # (Residual Connec-
tion " AL .
3.3.2 FUNZRiE SR

T Transformer " 22 44 1) 7 Il 25 35 = # #Y
(Pre-trained Language Models, PLMs) £ i T i &
IR AR R R . S i 25 ik i 2 JR K o, 4 5D 4 4 o
N SCA G 5 Ay v (8] R 7 o A A 2 s LA 6% o H A
SCAR ECHA B L A0 TS AR B A AT 5 R
PROC S . 2l i 10 A% R A0 A 45 PRR f 5 6% Can GPT
FANESTON) T8 A A R Al R A A A
Chat-GLM'™) . 2 43 5l 7 3CA A A b 42 4F 55 1
RIEM .

7B G A% 5 vk A A5 e X L g A (A X (14))
MUK 7 B i 5 (A X (15)) e #% 7 & g
(RoPE, 24 R (16)), # Llama2/3""™ % A, L K&
ALiBi L B g 57 (2 (17)) 38 5 2R 1 Ml 2 300 5%



986 it & E 4 2026 4F
A IR N
L(@): (10 P(t [ SR TR TEEEY 758 ""7t1v))
x, =x;+tp, (14) ; & el et koL B N
Ay =Wxx W, +r., (15) (23)
A, =W, xR, x W/ (16) Fr T MLM 4E: 55 4k, i K T — A) Bl ( Next
N T M M /E] He ™. Ay
A, =W, xx Wl —mG —j) an Sentence Prediction, NSP) {T: 55 i 15 45 %Y 78 i# 40 3¢

Horb,poh i AT B R A B i R, R BEFS f R 10
V18 i 5 I

BT PR B ReLU, GeLUY™ (2 2 (18)) Al
SwiGLUY™ (2420 (19)) 1 T 14 5 A8 B R 28 M 6 3k ik
J1 o SwiGLU 3 74 AL il 2 25 98 5 15 Bt
TR 22 I 45 71 AT e 2 I 4

GeLU(x) =0.5 {1 Jrerf(é)} )

er f(x) :iﬁe C e (18)
Jx

s
Swish (x) =x &) sigmoid(x) ,
SwiGLU(x; ,x,) =Swish (x;) @ x, (19
Hrp QR RBEITEIE,

IH— 4k 77 %4045 LayerNorm ™ (A= (20)) 38
TR 4 0 —fb R e I R0 A2  RMSNorm ™ (24
XD EBRBETTH L LayerNorm [ 20 %031
BIFES LV T LLaMA R F1757 7 i 2L R Deep-
Norm™™ (A3 (22)) , I T4 1E T )2 BRIl 2
ENE LR T GLM-130B™Y 10— 4k )7 i e % 25 3%
e Z BT 2 SR AT AT

x —

LayerNorm(x) = Py +8.

o

1 d
#:ngi’

d
o= |23 (e, — ) (20)
d =

x
RMSNorm (x) “RMS ()

d
RMS (x) = /ézxf 2D
i=1

DeepNorm (x) = Layer Norm (ax + SublLayer(x))

(22)

W ZR3E 5 1 . BERTS $2 H 78 W 45 7 X B

K HIAY B0 B i b =, Bl AL o o — S B3], 70

HH 2 AR A 75 0 B A M 3 0 A L LE AR A R i 4 5 AL

Y R SO X A ] 3R L Y A O

1% (Masked Language Model, MLM) 8¢ X 1] 1& &
BERL, MLM # H b5 ek 80CH

AR 2 B | In) 2 3K 2 T A T P A ) F 56 R R R T
S RME L, BERT M MY ZR i F2 8 T 24T 55
> it MLM F1 NSP P AN 55 AN TR] £ B2 4 e 1
YIAR R ) 38 LR A RE J7, Hoh MLM T 45 o 2%
2] ) i) 5 e 2 8] B SO, T NSP AT 45 F ok
S WA T Z A 2 36 R . BERT 78 SQuAD™
B 4 RO T N RK L 2 Al A NLP
145 L dBEa 27t

BERT JFJi T NLP S5 7 1| ZhAs A (1 i X, it
Jii A1 22 T M0 58 K B4 I A TR R R R 1, 3k S A AR
KA #R 2 3 T BERT B9 e i A5 A0, 32 22 02 41 %t
BERT Ftilll 2k B B (19 95 A4~ 4% 55 MLM F1 NSP i
#F . 40 RoBERTa ™ 5171, i F )y 45 #5455 e BERT
(0 A5 HERD , [R5 228 NSP AT %5 .78 160GB ¥4t 5
S00K M4 KR, KB — MLM 1T 55 1 fE 8 i
BERT W& A1 55 . R WIHTE 45 & 2% B I JE B 2i0%
AR B2 25 5 T MLM AT 45 AR Ji 2 0 Ji) 1 75 A5 1
T TR AR B R SC U A A token , 3 A% T 7 H
fR AT 55 gy 25 | In) 2 vh R B S (E 78 AR LR AT
55 v, BRI iz I 2 B A 1 B ) 3B A ) 8
BERT {14 X0 i) 455 TG 2 L 22 305 i 3 B 40l )
I, UNILM™ 4" & 7 BERT #l 2k 94F 55 . W) A5 3
R ) WL B Seq2Seq 1 T BB L IE A5 B
B EE 4 07 Xt 45 208 B R 2 Bk s AL-
BERT™ #5#4 ) F1] 7] 4] F I ¥ 59 ( Sentence Or-
der Prediction, SOP){T: 45 kit T BERT AY NSP 1%
55 s AHE T AT 55 B0 AR 40 2 (S0 7R Xof /) = 1] 400 L
(115 58 e R it 47 B U B ELECTRA™Y 5] A B
A BRI AT 45 (RTD) , 5% FH 2B Bl 2 -+ 40 50 28 (4 05
2 A RS S UHT Y token , ) B B8 HE — A X 4y
A Y token FIJR IR token, X Fh I 45 7 AR A
TR AT A O R ABRIE S AU B
T A —/NER 4y . B T E B0 2k B B et I 2R AT
%41 s MT-DNN" R ZE S8 B Be 5 LA T 24T 55 2%
2JHLH L 22 AT 55 IR AR A S R A A A L
Tz Ak
3.3.3  RAEAIH A

FEE KA ® LLMs (Large Language Models)
HAR B AW K, Hov ) 218 5 K SCAR 2 H A%
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R B R BB LGB PRI 1R SCat
B HERRRCR 2 50l Fe Pk b A9 R BR 2 i L ol
FEARWr R AR 1 22 T 4 B 0 0 R DL T AR A
FE 538 T L A /N 5 A B KRS A & i D)oK i H R
ek

— S TR 22 R 7E T ) PL b A 3 P
Mk 2 F A A K F AR LLaMA2/ FE LLa-
MA"Y SR oK T SCKEY R E 4096, 951
AT AR EE ST GQAM (Grouped Query At-
tention) AL, A 88 BEAR T HE B AR v B A OK
T TR . LLaMAST"Y N — 26 GQA B
FH T /AU RS, 5 5% F B 5 209 43 1] 2% TikToken,
PR T iRNC R 0B R R R ScR R B L R
BRI TN SRR R, A DRI 2o ],
GPT-4 Turbo ™ #§ [ F 3CH# 1 Ky J& % 128k to-
kens, SEHL T AT 51 9 50 B L

e T ASE Y i 1 9B 0 1 5 T s 401 2 > O ik e
P B AR S5 . B R SCs S ICLYY
PoRIA) I B R Dy ={f x5y, f(x,s
yo) s Sy ) PRUESS IR T 51 5450 i iy L
o Ge sy Je He A RO 2H R A B B R TR
BB ES BRE, Z R O TG b R S AR BRAT: 55
Liu 2 AW B2 11 32 45 10 4k 65 45 4 380 7 I (Logical
Chain-of-Thought Instruction Tuning , LogiCoT) , & %}
AN [F] 2 B A AT 55 BT 2 R R AL 4R 4, B ARl
ok 4 A B Bl 1) B 1 SR Ty ik 4 i R AL 7R 2 o
145 ERYPERED™ . ZEBLIERE BN T A st kB
AL BT H A8 9F 5 KM 8 Vx5, 5T AR
F2 Bk 1 58 4k 2% >) RLHF ' (Reinforcement Learning
from Human Feedback) i#f — 205 A it F2 2 #52 A
TR A A B i A8 SR ST A TR AN A B A
I3 st 8 2R 5 K 2 ) (i GRPOMS 5136 il i i %
Al A5 RS A PR v i) S 2 D TR IE AT RS AR Ak
AR T TR TR PR AR AR A AT 55
R,

SR ASE AUATS A7 AE [ A1 0 PRy BR A B2 i B
(18 2% ARBUAS 45 Jmy BIR o Ay ik e 3 — () L, 4Gy 2% 48 8 2
H AR RAG™ (Retrieval-Augmented Generation) 5|
A [] A A R ML o G0 A A 90 R L S A R Y
FEAES BT S, (A5 A AR 2l 25 3R R N TR Y
OB B B A 2R SR B0 Y DA BR A ER R AR
RAG BRI HAN S, Function Call”™™ N R A T
BRE NP A 5 | A SN ER Y ok K S T BE S R A
YA (function call) $ KR8 138 A 2R 155 45 4 5

NEAE APT 3K, A ] DLAR 95 1T P 2 &, B
F2 o R AR T B CAn a5 4% L APTEOHE ) ok M
A7 HARAT 55, 52 B 1 MCIA R0 B A 1) B 05 52 . 1Y) O
5

() S, A B b R 58 B IR 9%, S BB v AL
MR FE VR A F MoE" (Mixture-of-Experts) £
TR 1] 42 19 28 2f e 5 41> B 40 10 32 4 WA L 1)1
Y, TR AN () S BUAE AR 22 U] 9 T4 L sk #1745 48
RBER 4 B A BT IRR 2 . AR B L X184
Tl (9 A Mistral 8x7B™* 5k H MoE 4444 , 3 i
I R TS B S a W T ELH L, 3h
WS A ) e AP AL B 2 FE AL 4R 4 BE U8 4 2K
I8 Ve M o3 BE 45 4 A HELC A BRRR E AT 55 1 & )
KA
3.3.4 TR MRC L5

I 2555 AU GE A FE0R K SCAR RAEBE 7 E AL
i B DL IRARAT 55 R B T s M R A S
HARAT: 55 45 sBc T EE X 1 Y G0 ) 2 25 A BT, i
R PN AL 11 75 2 He B R0 o T LIRS 3331 25 B A
LR TEAL e AL IE 4540 Hh B 1 28 S 10000 2 A1 i AT
B2 0030 1.4 1 I A A RN A 2 R T LA
EDHEAE B A |, 3R 3 TEAEXT L T A XA
M)A TN 2R A0, Horp SBO 48 85 B2 34 5t 10 AT 55
(Span-Boundary Objective) , EMD 48§ 3% 5t #5 2 fi# 75
#% (Enhanced Mask Decoder) ,
3.4 ETHELHN MRC #HE

WPl AREF 2 A TEEN KA
b A2 BRI 5 IR 2 X ik R g, R
FEAI B #E CNN&.Daily Mail, SQuAD, RACE % %
PR B TR R 2D R SR AL Y 5 2k A
FRE MR FE HAR TR AR R W R BEWT 5 7 1] . AR A
BUAT W 5T 10 e FERE ) RT LK By Sk £ kA
32 B A A
3.4.1 Z ki

Ml Bt 7 5 1)@ 22 (8] 19 22 5., BRIk 45 44 o2 48 B
% 5 ) 2 6] 09 38 HEAUOH R — IR . —Fh 7 024
[ R AR T 4 O — A ) S B s T — R
Il Attentive Reader™ | AS Reader™" %5, 5% —Fh J5
R )5 B T 0 R iR R R SR IR AT AL i i
2, 4 DONP* BIDAFSY 45 fHL 8 Bk 45 #) S B 55 21
Z BRI RO . 22 Bk A 2 SR TR BR A S 2 A
)T BB BB TR AR R 124 ] A, 3 R 4
PRI RUBAL T NS AE ) 132 52 A% SCAR I Y JE 4 5 e
TR B R BB S MZEiEGE .



988 it (= N 2 i 2026 4F
£33 WMNGEBEFEARMAFTITEE
I 4 FR o7 2 i B B L T PR AL IH—1L )2 TN Zr =X e
I HE 5 1 7 A 8 (MLMD
BERTM 2 %ot A 2 R EP e S=w| GelLU LayerNorm MLM-+ NSP MR — 41 i 3 (NSP) 3t 7]
Ve R BN G AT: 55
RoBERTa 4 X431 2 % R B S=w] GeLU LayerNorm MLM *,fﬁ AL 5 bR
NSP 1% %
[ 1] )11 £ 22 ol i 75 B R, SR
UNLM®Y 2 {57 R eSS GeLLU LayerNorm — ZALSBA G FIHEAD HLHI fig o R [ E =
A58 R By 249 B[] f5E
; , . . FH )7 5 15100 4T: 45 (SOP)
[85] 2 ol a7 = 40 i b S yel. Laye . 3
ALBERT £t X 7 5 2 PRIEZ ki 1 GelLU LayerNorm MLM+SOP WA F B ONSD)
ELECTRADSY 4 %) {37 & 4 i R DI H-wi Rel.U LayerNorm RTD A AR - R BT I
. ) . N Wl 2R 5 BERT — 3,
- Ls7] 2 %6 o7 Gt b fE 22 3k T el . SBAIg . = .
MT-DNN s of 57 B 2t A L L IER S GelLU LayerNorm AT 55 WAl 4 0 B B SR ) 44T %522 5
. R e e e o i FH 4 SRy e sk I 2k
36 o 3L 25 ey sel. La FRgE T e .
Longformer HH X A7 Gt LN RS =W GelU ayerNorm FRFH R T R R ST PR B0 2 4 L
. . AN SR At A R B 7 AL A e
Ao X iy 4 R T sel . MLM-+EM
DeBERTa g 6F 57 2 1 ik ¥ 1 GelLU LayerNorm LM+EMD AT B8 2 P
ST 5 T 8 O O i I
SpanBERTY™ M%) 37 & 2 (DS - GeLU LayerNorm MLM+ SBO ST O R W B R T 1Y
783
- . - . SCAR | S A L4 W HAELR, T AT 51
5067 FEL 6 A7 5 i ) i i 22 3% 1 Rel. La ]
T5 FH XA G T EL Sk FE N elLU ayerNorm G 3 B A 1 S A
. . © e e . . , o DeepMind % T Ak 2 1A 1)
Gopher ™1 FXI {7 B 4 RS GeLU RMSNorm 4 o] U3 &5 %4 ZSL(jB zi%;m;?ﬂ
e I , N L GVIES S=1 SV d
GLM-130B RoPE RAETFET Y GelLU DeepNorm EREEEE:E= B 5 T
EHERE T A A, g £
LLaMAL™ RoPE R EP eS| SwiGLU RMSNorm  ZAEEBESII%  FSHME,. ST £ /M
NLP 1% %
SRR R, 0B S8
LLaMA2L™ RoPE S AR SwiGLU  RMSNorm  £{F 5B 44 ge;apj,l"ﬂf*f 708 S8
9. 0
LLaMA3L™ RoPE I A5 i) SwiGLU RMSNorm  ZHABAIISG  SLHEEESHER
= 57 WK ST 42 A A
GPT-4%) RoPE RAHFHA MoE GelLU LayerNorm ZRERIR A % ;’g;ﬁi{/kﬁjj\ LR
B
. o . . . AR 10015 Y38
[99] SV B < ~ ron v
PalLM-" RoPE iR ED I -] SwiGLU LayerNorm  ZAT 5 BA I % e B %
38 3 5 Ak 2= 2T U 2 7 T
. e . LayerNorm/  COT-+RLHF-+  AjuEf7aE 208 e 4 2y, H %
[100] l YE 5% K ) N S
OpenAl ol RoPE EE CRBMME  GeLU/GLU L\ oNorm T A A 5 2 2 0 0
AR RE T
| Norrm/ KOs B O RSN SFT L AL
DeepSeek-R11" RoPE AL ZHE MoE SwiGLU IZKZQN " (Long-COT SFT) + 3 AL 5 (RL) # - 5
Sorm RLHF P RE 1Y 1 BB
. " . LayerNorm/ £ k4 .
PO [102] YE A ] ~ L Al 22 3
Kim-K1. 5 RoPE RA T FRER MoE SwiGLU RMSNorm  SFT-LCOT-L Rk 128 KB & L F 3ess b2 >
. . e . LayerN THE 4 e N
Gemini 1. 510%] RoPE WBIR G LKA MoE  SwiGLU IQKZ;NZE/ SF?LHRLHF LB LT SR

3 g —A> 2 WA B A A 7R B AT B R U T Hot
pot QA" HH4E .

SEHLZ 0 e B A LA LA 5 54— Rl o2
TR AR Tk . AT RUF ] RNNs i Ff 2
T b o 220 B BB 25 TR — i 220 B BER 28 1 77
FEVE R G5 5 2 5 HEFE, W Match-LSTM-™, 25 B

BIAI N R-Net®™ [ IA Reader™ 48, ®A[DIIEF =
Y IR 8] 25 B 0] R 1 B v R, T HBT — I (8] 2 1Y
Bk AN e A2 1, DL 8 50y SO T Y X Rk
J5 BT AAE (] 132 520 2 v S W b, 7 [ R0 S 3 22
] ABOCTE . B0H Il e 2 T S i 2GR
B ZA A H B, U Gated Attention Reader(GA
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[eIRE:
iR@EEl (Big Stone Gap) HSHEHEEE?

BiE:
* {Big Stone Gap) & 2014 FEEN—SERIBEERIF

— B HEE fh Adriana Trigiar 7%, Donna Gigliotti
Media Society i TF45] Altar Identity Studios #{E. "

EE2:

R HER Nl B—IEATIEXEGHBER, &5

+AFBE, AREERIRR. BRSRNEYR, 0

s

SRR +
BesymhiaH e

ST
'\hﬁﬁz ﬂmﬁﬁmuti Y,
EEREZ SIS PSSl

Reader) " LR, 75 4 — 45 () i 3 53 2 v 45 31 1] B0
M B Ig FRom AT — )2, X R b R T
A R) R A2 Ml ) 152 SC R g — AR R X SC R Y
SR

Fe M LA B i — 2R 2 Bk B RMR (Re-
inforced Mnemonic Reader)™™ & H} — Ff #5 5 7 4l
il (reattention mechanism) ., il i3 & F F Z 5i 2
T A A5 B R ORI S /T2 1 4 A iyt
B BE T e i R AL AR R A 2 Bkl e b SR
O 2 100 Gt B R SO 4 B LA A B SR | Bk 2K ) 1)
R 3] 2 (6] 1 4fE B R L i MHPGM™" 1 DIM
Reader™™ , #iHI S2GH 5] AT A FIRHA A HE S
(SaSA, Sentence-aware Self-Attention) Ll , 1
TE /8] T TFUA T AR SR AR IC o (5 150 2 5] % B o) 3t 2R
R R R N0 S i B N i 5 7 S N T % 1 S G
= 1 (EGA, Evidence Guided Attention) HLi#, 36 {#
FERY B 22 My OC 142 DA 56 i 2D 3R v 5 RO IE 4% . DE-
COMPRC " 4 1 5 T 1) 1 43 i 14 07 15, 4 22 B 1)
B3 i Ry 22> Bk 1 ) 3 o 25 SR PR R N L 2
DT ERESER, R RAESR. SHim
e 2 5 A v el 1 ek AR ml ik Ay O iR R T
ReasonNets™ " | GAT™M 5] AT £ 1] R 25 3 Tl X
I B 0 BR A

B RO T IR P 2 I 1Y O kL A BT Bk 2
W0 2% 388 55 1 2 A% 3B AL A% 46 2 Bk AR B W R RIR S
SRR AR JE 5 A A5 B R AT 8 AP SR AL R L N
M HE A [ e Z M 2B R . A siil Z BT
% S [RDRL B {5 810 SC 86 55 4 AR ), HDE'™' 1y
HET AL SR AR IR A R TR =R A R
M) SC#4 5Z 4K HDE ( Heterogeneous Document-

Entity) & i FH & % B/ 45 (GCND X% HDE & gt 17
gty 38 3o Y B AL S IR A PG RR S B DAUE BT
RN . MHQA-GRN A58 D] 5 £ 5744 56 BE 1)
5 4 Ak AL XSRS W) 2R A3 o 3 i it
T8 T 3 45 Lo Ry S0, Hy o A 2 T I R4
F L FTHE T A e AU 3L 8 15 B R R R . B 83 X
Bl AMR-SG'" 3 aof # 2 il 42 38 LR 7% AMR (Ab-
stract Meaning Representation) &, ¥ ] B, 2 & Fl
FHOC =R S IR SIS B Ak K45 . SR )5 R IE
HBREML (GCN)XF AMR 547 G 5% A4 B, 38 o
HBAEB LKA R G 15 B, S 2 k5 B
A AHER . (H GCN i 1 48 — () 40 Fe s S A B pr
1, e DL 25 S AR A S0 0 1 18 AR R BT X — )R
B, GAT A 454 v 7 ML S AR 8] 408 8 43 B S [l A
T, B8ORS o 0 T s ) S, £ Bk A A S
2% MulQGH"™ i F &1 36 AU £ (GCND i 552 A 8
OB G o i i A 1Y) B0 2 SR BT R AT G R ek X )
TERMLUH B 2 B RS, Zheng %51 F] FH &
TE 7 7 W0 45 568 SCRY AT R [ 2 U Gl AL B L SR
MFTR2E 2 U SCR I 2 IR G512 Btk AR
RULRAL IR 4 PR .

x4 SHEERBLLE

MR A

B Bt - 2 B i 5
S2GH Ttk Att ﬁzigs ¥, i A
ReasonNets! " N Att :;;\i[;};ﬁg;fﬁm Xt
MHPGM®7  #HS005E Au ﬁiiiﬁﬁ&%ﬁﬁﬁﬁﬂ
HDEL?) Sk Pl 0 E@E#@Yﬁ&’ﬁi(ﬂm‘,)
MHQA-GRNM' - gefk R izigﬁﬁﬂzﬁ#%
MulQG ! Stk R Efé%%%ﬁﬁi%
DECOMPRCM" R #IC  IBIR ﬁﬁ%'nﬂf}??g zr
GATH - ;jjmmmzﬂw@m
AMR-SGM'™ ST I 5?/\%/1 ;EJN;E?%EI;XW

3.4.2 WM

2R A SR R R R R 8 AR 4l 45 E 132 R 0 A
FEL AT 2E I A0 B0 DA A B, DA T A 0 45
W X R R A HL A ™ Y 3 4R g



990 it A Bl 2 it 2026 4
RE % PR A SCA P B R SR 6 3R AR O R 4 A R s AR A, Logiformer™) M SCAS rp 2 i 3% 4 B

£ LogiQA™ 1 ReClor™™ , & 4 &—MET %
56 F 2 e P R 0 R B A B PE Ok TR T
LogiQA"* i 4 .

e} :

LA —EERA?

A FRFFERCE

B. A S ARSI E
C. — AP T 2055
D.- FRBRRFEEE

B

50, BRE— AR RS, ©

fEig: « 58, G: KB

X R A58 3x(C(x) A=G(x))
A, =(¥x(6(x) = C(x))) B. ~(vx(C(x) = G(x)))
C.3x(G(x) A=C(x))  D. 3x(C(x) A G(x))

EHRE R =(Vx(C(x) = G(x))) - Ix(C(x) = ~G(x)), B —TEEHR

[ ER: B LABRNES \
N Bl

B4 R A

MR AR AR ZEAG (N [] , 250 S DA R P26 3 T
P P2 P25 11 7 1 T BT B 8 R 2% 110 5 ik T
T 1) 7 3 R 5 T KOS B0 B0 7y O 0k . R
FF5 A0 28 I 2% 14 D7 125 2% 2 U o 32 R R ) R 4 Je AR
D) P B o 28 1) 4 ACA T 4 38R O AR LA SR BT L 25 16
IR B L 2F LReasoner™ " {ff HI 2 %5 4k 3 ) 3C
AP FERELE i i $2 B2 Rk AL AR U L2
A0 0 ) AT AT 5 A 4 W O T SO L DL G 2%
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AL A D] 152 3L A 5 A0 T] U5 9 O K SOAR AL T B
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MARCO ##i 4 EAY2OR @ 3% 8 T R-Net™™ . Rea-
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PR AT R G R A S i R SR
R TR RRAS 7 5 SR U o R AT A i A SR D] 12 9 LA
RN /B E ., Chen A H A KR + D%
(Retrieve+ Read) ) #5 =X 4b ¥ open-domain [A] %,
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4.4 XTIEE LR
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FEAE Bl 2 O35 18 2 8 1 38 3t » B — WY [) 8 A
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R SR %) X375 750 ] 352 T A KB SR A CoQAT™
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SIFMZ (SG-NETHIBEE CRMA A EENIZ,
B SR A R OR  TE 2 50 ARy CIE FR 4 A o | B ) 1
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Chai 2" FI ] Longformer 5 % (%) 5 i 13 25 1 AL
A0 3 4 Tl SCAS Hh Y A SCAS RS TR A8, 3 S OC R
Z2 e A AR AR Dl /0 T A B AR T B A R R 4
[HEZ L e
4.6 EBESESEESERNER

5 1 ) T A SR AR AR AN ] B AR 1 (E] AT
FE R I [ 2 5C T SCAS 19 [ AT, T 325 A 2% I 152 34 fif
Wik — 2K i & Y R 2R GBS E 2GS,
S S A AR B ) — B0 RS R



998 it "

Hl

2 4R 2026 4F

Herp ) T A 1) AR v PR SR T X 1 K
6 HE A 5 S 1 S 3 R 1 W S, BiPaRY
VE R A v 3 B0 AT 1/ B AR MRC 04 46
ALFE 14668 A BUIE F- AT (B ik-In) -4 %) = o4l ,
HC IR R B B A 8 AT i 22 ) LA S R AR O
HC R il 218 51 5 =28 MRC {1 5%, CM-
INGREF R IE € E -3 LN QTR ST i
5 SQuAD 2.0 fRE [ X LE L ™ v SR 2
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o) B, SR FH 58 A 2 ST 1 k0 AR T SCSCAR AR Rl
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faced by MRC, such as unanswerable MRC, multi-answer
MRC. dialogue-based MRC, multi-turn interactive MRC,
cross-lingual/ cross-modal MRC, and zero-shot/few-shot MRC,
which we further explore.

This study presents a comprehensive review of MRC re-
search since 2015, dissecting task taxonomies, datasets, and
model architectures. By addressing key research gaps in rea-
soning capabilities and domain generalization, this work aims
to deepen the understanding of MRC and foster the develop-
ment of more robust, generalizable models, thereby laying
the foundation for next-generation intelligent MRC solutions.
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