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Few-shot Multi-label Aspect Category Detection Based on Prompt-Enhanced
Prototypical Network
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Abstract: Few-shot multi-label aspect category detection is a prominent area of research within fine-grained sentiment analysis. In
methods based on prototypical networks, the lack of training data and the presence of irrelevant noise words severely impact the
quality of prototype vector generation using attention mechanisms. Addressing this challenge, our study introduces the ProtPrompt
model, an innovative prototype network enhanced through prompt learning. Firstly, we align pre-trained tasks with downstream tasks
using prompt learning, guiding the model in precise sentence representation to learn more discriminative vectors. This effectively en-
hances category distinguishability. Meanwhile, we utilize cosine similarity to calculate the loss function instead of the commonly
used Euclidean distance in prototypical networks, mitigating the influence of high-dimensional vector spaces. Secondly, we design
an optimized framework to attenuate noise interference on sentence vector representation, thereby fostering the aggregation of sen-
tences sharing the same aspect category within the embedding space. Experimental results validate the effectiveness of our proposed
ProtPrompt model on three publicly available datasets. The experimental results show that the model improves the F'1 score over the
state-of-the-art (SOTA) model by 4.35%, 8.62%, and 8.39% for the three publicly available datasets, respectively. This substantiates
its ability to efficiently detect aspect categories.
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The aspects of “Their fish is really delicious, but a bit expensive.” are | [MASK].
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Fig. 1 The overall architecture of the proposed method

The left part describes the support and query samples, which are actually colored to indicate the target aspect and gray to indicate the

noise caused by irrelevant aspects; The right part shows the network structure for vector optimization and the training details.

R AT 55, 5 ik 2 il R M ok AR e AR
Zpomp. = "The aspects of [ x Jare[ MASK |", H
(2] RRA]FH M. M TFIKERm. ¥
Zorompe 1A B I 25 455 AU GR A A AE K B F Y
] o

Peon 2 2w W ) ROR IR A PR,
— PR R [ MASK ] & 1Y B J2 R 38 ) 12 1R
AR A ) ) i B ROl A O R A
1E [ MASK 1 5i & B0 topk A~ 8], AR P 18] 700 f1)
WE, FEAT AR M3 7 % m) o DA i) T3 A9
HE R B W 2 8 TR0 & 5SS N B 2
ANV B, AT ME DA AT O o Rt A —
Fh o R oR )+

h=E(Z o )o (1)

5 B AT 55 R 3R 5 B, $E 8 F ST e g
& P BLRL ) AT R B RN R CAR TR
PERE A NAEGEE .
24 mREFRTMHRL

TE 158 A) 19 ) o O IF AR SCER X B
JEARZS Dy ypasicr B 0] F 25 A O AR BB Sy —
A et T AR . R TR
W SR OC ZR Y A ) i B B 2 A 4R
M2 % 1 DX 43 AN ] 5 5 8B A5 S AH X A R
B ) B SR FH 3 0 ML A ARG AN A O 4

(EDSSiE-A IR S R NI il N 1 TR S SRNE RN
Fik XM AK 2 PR,
vy =tanh( W-h! + b ), (2)

AP n FOREN BB, £ RoR A
AR, V={v, -, v} "R BDAFH
mEES, W B ESE, O & &, il
XA - 1 Bk IR S AT 2 2 AL A fg 8 A5 B
A FAEAS R 2SR 38 RN, DA I A AN
W) 28 1) 2 (] B AT B4 1 DX a3 o 3 i IR 25
(1) 27 > o Bl A% ) 178 22500 B (R B A5 DA
Sy A B TR A A Y X 5 e
IR .

TEA T3, SR P 12 Ak R R g X AN 26
Bl b gy ) ) & AT, M ={m, - m E
R Y200 B R0 G Ak e B Ll A X R 7 SRE 98
A BT R A AE ] — 2800 N i 4E B R ]
DL 20 B AR L O 8 3 T 00 46 Ak 25 12 )
1 7] 3 o

m' =g (vi, -+, v})s (3)

TR B B AR R 08 4R R ) 1) AN R E
FZR IR it i, AT B 4 SRR 22 R B B ) 3R
7R A H o

BT R AT A 2 T B RS A EORE
SRS N Rl N I S A 718 e g 1]



498 PR AE2A4R (FARBEARR)

47(3) 2024

&

=

A4S BN T HLH A
[7 24 531 #) 0 F J BEASCER , LA 4 3t X0 AN [
RHHIME B

AR

2 =m"v}, (4)
_exp(z))
S (5)
>exp(z))
=1

75 26 38 o XF W] — 2 5 v ) e ) - i AT
A ¥, 15 B9 2K W R R & C=
{c!'yoee Yo [RVRE, XT T A MAEAR A 738 0t
BAH 55 R A 28 ) i A ) Y R AR, O

AR, 15 B A iy 1) B Co={ct', -+, ct"}o
'=>" alvl, (6)
ct"=>" chet!s (7)

XA 7 vk e 0 TR A Ml AR R TR — 2 A
] By S PERRAE , JF O IR R R A AR A TR
HF RN

AR 2 4t B i S5 5 0 AL
2, BE R ) 1 v i i A AR B0 E R AT
b, I TG R A iR T R . B A
T2 A0 AR R BRI A RUE B Ok
Az BR) F R R 4 SRR DT = T AR ) B Y
TFERCRE . W5 AFEZE HLEH BB 20
BN E S W AE N E R L ARt ik
)RR W BT A, T 4R R A AR B R 55
FNECEN
2.5 BENHE

TEZ AR 2 o0 AT 55, A 2 0T Al M e 4
G P N E [ 1/ A L e s e K R
[f] e ) (E XE A 3 2 AN (] B 28 9 R AT T 20 2 1)
B TR A0 50 40 A 1 s 28 0 A1 RS 25 g ) 4%
71 R ) O 1 [ SO I o B I A NI s s S Bl
P& 1 o3 A R 1 (B A B K RN B/l
B2 18], AR i 2 3% Hiu 3l o AS [R5 O o B 2
ﬁﬁﬂ_F:

T(y)=0max(y)+(1—0)min(y).  (8)

T L B A R AR, 5 AU BE % HEORS A M o
JE BRI ARSI o S A B G b A 2 ) 2 Tl
1 S I A5 5, DT A 50 b 12 o o3 20 465 2 1) o ff
P FZ Ak he
2.6 HMEKEH

FE DL Y 5 80 ) 2% BiF 55 b Rl BRCIG

PR HILORTE, BERT 0 8l 25 4T 55 A ff
JHVBR F B B T2 A T G B 2~ B9 H AR
2 2] SCAS v B BRI RN SR AR AR R A Y
[ B R0 o AR TR X 4 i R Ax %A
L2 45 B2 A 7 AOR BEAT LA 50, P O AR R
FH DA JEE BE 8% B Gy 3t A7l i SCAS 3 SO AR L L
HAem de = (o) p oy R fe . N, 5 — A A
1] or 5 R IR ] A A AL IR
H—1 1 Ry e A 25 2R 5

o

j/zsoftmax(m(c”d)_#), (9)
p B A 5% AR L BE I E , o 2 A 5% AH RUEE W T
2,0,jEN. iR mEES C={ -}
M)A F o€ Q, il ad X o FlEE A J5 A [m] 5
FTEENBAE S Ce={ct', - o MER LW
JaA T Rm . ¥ Ce 5 C Z a0 L 15 45
HATAL  E AU SR B s o XF TxX A H bk, [\
— &I T A ) ) F e AN R AR ] i et 22 () A A
OLBE A5 43 I 2% 5 T e 1 H Al I 1) R ) i 2
(i) F) A AL 75 53 o

Lz—%z[ylny+(1—y)1n(1—y)}o (10)

X — H bRl A3 B e ) H BT R 2800 Y R
B o) i SR T o SRR R R BT B R A AR ) i
5 G R A 2 ) D R ) 2 T A A 5% AE LB
FFAdt FH softmax PR K 33X 26 A L BE 7% 46 4 1 232
O3 AT o AR RE I 2R B AR BB SE U
& R D Y 22 [ 9 4% 5% FEARLBE B B, DL B AT
A [R) B 28 14 4] —F 7 e A 28 (8] B K b SRR A
—if

3 FHHIHT

7R X ProtPrompt #5 & #1711 52 56 7 #r
J& R T S AN, FAR 48 bR VAL TR B Y 1
AE , JF HLXT 4 R AT 40 #r
3.1 SEIHEIEE

AT 5 iE ProtPrompt #2452 P, 48 3C
KT =A AT 0BG 4R HEAT S g3
gl A FewAsp (single) , FewAsp (multi) Fll Few-
Asp s X =BG M Yelp Fim A E# T =4
ANBEZAR T T 28 SR I s 4 L 4% B 3 A A R Y
100 A4~ J5 w28 ), Horp 64 A J7 i 28 5 T 25



IR BT RIS R Y RO 25 1) /N AR 22548 T T 2K 1 ARG 499

16 A~ 7 w2 5 H F 50, 20 A 7 w2 G H F
At

H A FewAsp (single) , FewAsp (multi) #l
FewAsp =/ 8dls 5 73 i 2 A — D5 1l 28 51 L 2
ASTr S R A (—AEUE 24 ) 2 SR Y
TR B BAR A E l R 1. i
Bl FERE B N 2 e, b #els. 27 2800 2
I, Fsent. KR A T HE
& 1 FewAsp(single), FewAsp(multi) #= FewAsp = A4 ¥

Sy,
Table 1 Composition of FewAsp(single), FewAsp(multi) and
FewAsp datasets

Dataset Zcls. Zsent./cls. Zsent.
FewAsp(single) 100 200 20 000
FewAsp(multi) 100 400 40 000
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Table 2 3-way2-shot Example: there may be intersections between different categories (A—C)

EERES

FEA

(A) room_cleanliness

(B) service front desk

)
)
1)
2) desk and wheeling desk chair.
)
)

(
(
(
(
(
(

(C) staff_owner

1) had to move because the first room was dirty.
2) people have mentioned, bed bugs on yelp !!

breakfast is very unpleasant and no one provides any service.

1) it was my first time tanning today and the owner completely took care of me!

2) I am a business owner and know customer service. this was not okay.

AL

(A), (B) and (C)

(1) the carpet is dirty, the guest desk chairs are so filthy, T didn't even call the waiter and nobody paid attention to me.

(2) the owners are extremely smart and worldly.
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Table 3 FewAsp (single) mean AUC (%) and F'1 (%) of 5/10-way 5/10-shot results from multiple experiments

Models S5—way 5—shot S5—way 5—shot S5—way 5—shot 5-way 5—shot

AUC Il AUC Il AUC F1 AUC F1
Matching Network 97.05 81.89 97.49 84.62 96.30 70.95 96.72 73.28
Prototypical Network 96.49 83.30 97.53 86.29 95.97 74.23 96.71 76.83
Relation Network 93.31 75.79 90.86 72.02 91.81 63.78 90.54 61.15
Graph Network 96.54 81.45 97.46 85.04 95.45 70.75 96.97 77.84
IMP 96.65 83.69 97.47 86.14 96.00 73.80 96.91 77.09
Proto-HATT 96.45 83.33 97.62 86.71 95.71 73.42 97.00 77.65
Proto-AWATT 97.56 86.71 97.96 88.54 97.01 80.28 97.55 82.97
LDF 98.29 88.16 98.38 89.32 97.51 81.73 97.96 84.20
ProtPrompt (Ours) 98.80 93.23 99.03 94.15 98.70 88.95 99.03 90.58

F 4 FewAsp(multi) % & 5525 R £ 5/10-way 5/10-shot B 49 -F 3 AUC(%) F= F1(%)
Table 4 FewAsp (multi) mean AUC (%) and F'1 (%) of 5/10-way 5/10-shot results from multiple experiments

S5—way 5—shot

S5—way 5—shot

S5—way 5—shot 5-way 5—shot

Models

AUC F1 AUC F1 AUC F1 AUC F1
Matching Network 89.54 65.70 91.38 69.02 88.28 50.86 89.94 54.42
Prototypical Network 89.67 67.88 91.60 72.32 88.01 52.72 90.68 58.92
Relation Network 84.91 58.38 86.21 61.37 84.22 43.71 84.72 44.85
Graph Network 87.97 59.25 90.45 64.63 86.05 45.42 88.44 48.49
IMP 90.12 68.86 92.29 73.51 88.71 53.96 91.10 59.86
Proto-HATT 91.10 69.15 93.03 73.91 90.44 55.34 92.38 60.21
Proto-AWATT 91.45 71.72 93.89 77.19 89.80 58.89 92.34 66.76
LDF 92.67 73.38 93.89 78.81 90.87 62.06 92.93 68.23
ProtPrompt (Ours) 95.73 82.49 96.81 85.49 94.80 72.43 95.94 76.53
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Table 5 FewAsp mean AUC (%) and F1 (%) of 5/10-way 5/10-shot results from multiple experiments

5-way 5-shot 5-way 5-shot 5-way 5-shot S5—way 5-shot
Models
AUC F1 AUC F1 AUC F1 AUC F1
Matching Network 90.76 67.14 92.39 70.09 88.44 51.27 89.90 54.61
Prototypical Network 88.88 66.96 91.77 73.27 87.35 52.06 90.13 59.03
Relation Network 85.56 59.52 86.98 62.78 84.94 45.62 83.77 44.70
Graph Network 89.48 61.49 92.35 69.89 87.35 47.91 90.19 56.06
IMP 89.95 68.96 92.30 74.13 88.50 54.14 90.81 59.84
Proto-HATT 91.54 70.26 93.43 75.24 90.63 57.26 92.86 61.51
Proto-AWATT 93.35 75.37 95.28 80.16 92.06 65.65 93.42 69.70
LDF 94.65 78.27 95.71 81.87 92.74 67.13 94.29 71.97
ProtPrompt (Ours) 97.00 86.47 97.53 88.54 96.15 77.10 96.93 80.68
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Table 6 Comparison of AUC and Macro-F1 for ablation

study on the 10-way 5-shot scenario from FewAsp(multi)

S5—way 5—shot
Models

AUC/% F1/%
ProtPrompt (Ours) 96.15 77.10
Prompt (w/Last avg.) 94.59 73.29
Prompt (w/hs) 94.48 72.12
Denoising Model (w/0) 95.91 76.18
CosSim (w/ED) 93.11 66.28
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Fig. 2 Visualization of prototype embeddings

(a) the prototype embedding visualization without learning with hints, (b) the prototype embedding visualization after learning with hints
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Table 7 Experimental comparison of AUC of multiple hard and

soft templates with Macro-F1 under 10-way 5-shot conditions

Template S5-way 5—shot
AUC/% F1/%
The aspects of [x] are [MASK]. 95.85 75.86
What are the aspects of [2] [MASK]. 95.88 76.19
[] are related to [MASK]. 96.01 76.28
[] can be described as [MASK]. 96.04 76.45
Category [MASK]: [z]. 96.15 77.10
This sentence [x] means [MASK]. 95.88 76.15
This [x] means [MASK]. 95.90 75.72
Soft Template 96.06 76.47
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