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Contrastive Learning-based Prompt Generation Method for Large-scale Language Model Reverse
Dictionary Task

TIAN Sicheng' , HUANG Shaobin' , WANG Rui' , LT Rongsheng' and DU Zhijuan®**

1 College of Computer Science and Technology, Harbin Engineering University, Harbin 150001, China

2 Engineering Research Center of Ecological Big Data, Ministry of Education,Inner Mongolia,010021,China
3 College of Computer,Inner Mongolia University, Inner Mongolia,010021,China

Abstract Reverse dictionary task is an emerging task that aims to find the corresponding word based on a given definition.
Large-scale language models offer new possibilities for this task,but the quality of the prompt sentences affects the performance
of the large models. To this end,this paper proposes a contrastive learning-based prompt generation method. This method extracts
definition semantics from multiple semantic levels. It also enhances the model’s generalization ability by incorporating negative
examples through contrastive learning. With this method,we can narrow down the target word to a small range,and use a large
model to select the most semantically consistent word from this range. Experimental results show that the proposed method can
effectively improve the performance of large-scale language models on the reverse dictionary task. The prompt generation model
has a 94. 7% probability of generating a range that contains the target word. The large-scale language model has a 58. 03% pro-
bability of directly selecting the target word,and a 74. 55 % probability of including the target word when five candidate words are
given,

Keywords Reverse dictionary.Large-scale language model.Contrastive learning, Multiple semantic scales,Contrastive loss
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FHE R AR, B L TR, A SCX R BB I R R T
GPT3 fEA R 3/ i A T A R B AT 7K. 598 © conces-
sion(iL:#) " B9 %€ X J& “action of conceding or granting some-
thing (i ik 22 A T W AT )7 R T want to
points to which word (F& 8 1 & -+ ¥8 (1 /2 WF 4~
W) AE AR A L A B B 45 SR 2 © The word that points to
the ==+ is ‘concede’ or ‘grant’. (FLia $5 |a] ‘il 4 8 < 4
57y, {H % The meaning of that word in the following

know -

words is = CFFHga] gL A ) E N R
15 ), 153 A 25 R 2 ¢ concession”
G I

I ' want to know ‘the action of
conceding or granting something’ R
points to which word ?

e The word that points to the action
of conceding or granting
something is "concede" or "grant".
The meaning of that word in the
following words is ‘the action of R
conceding or granting something’,
salaam, concession, cryobiology.
goof-off, conditional, chippy, now,
macho, smite and squeegee ?

e Concession

BT S X I R 1
Fig.1 Example of large model dialogue
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following words is represents 'to
receive something as suitable or good

enough.’
receive, accept, gain, get, ..., adoptp

!
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N J
:

The most likely word arrangement that
represents 'to receive something as
suitable or good enough.” is:

2

/

J Rank 1: receive Rank 2: accept

TN

\ FrRiE
A

Rank 3:  gain Rank 4: get

[CLS] To receive something as suitable or good enough. [SEP]

[Positive word]: accept ~ [Negative word]: get
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Fig. 2 RDMCL structure diagram
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Table 1  Statistics of datasets
EXS % & Bk % pURE v 3
Oxford 97855 12232 12232
Revise Oxford 85455 10784 10666
New Reverse Dictionary 170910 6000 6000
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Table 2 Network hyperparameters
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Table 3 Performance of different methods

Classification metrics

Regression metrics
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FCNNCI7] 65.6 75.4 70. 2 24.8 10.5 14.2 10.8 22.2
CNNLI7] 65.0 62.1 63.5 21.0 10.3 10. 4 7.7 16.0
LSTME17] 83.3 28.9 42.9 39.3 16.7 22.7 19.9 36.7
CNN-LSTME7] 74.3 68.3 71.1 24.9 8.9 15.9 16. 4 30. 6
TransExplaint16 74.3 70.2 72.2 36.8 15.7 21.1 20. 3 37.3
Ours
RDMCL(GLOVE) 80. 3 77.8 79.0  41.5 14.9  26.6 25.6 45.4
RDMCL 84.3 80.1 82.1 56.5  37.3 19.2 40.3 64.2
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Table 4 Case studies on the performance of large-scale language models

N E s

(In fantasy literature and
games) a member of an
imaginary race of human-
likecreatures, character-
ized as ugly, warlike, and

malevolent.

B AT

orc

% ] 1(ChatGLM-6B)

[7] : Please only give me five English words closest
to the meaning of ‘(In fantasy literature and
games) a member of an imaginary race of human-
like creatures, characterized as ugly, warlike, and
malevolent” among the following words { orc.

hedgehog,agouti, walrus, peccary,dachshund, =+ }

4 ;agoutiorc gobshite dachshundpet
|5 : The gobshite” in the result you provided is not
in the candidate word list 1 provided. Please focus

on my candidate word list and provide a new an-

Z ) 2(GPT3)

[] : Please only give me five English words clo-

HONE X : . .
. sest to the meaning of “a compartment on a ship
A compartment on a ship X , .
between decks;often used as a hospitalamong” in
between decks; often

. the following words: { bay, jetty, berth, bay,
used as a hospital. .
mouth, run, stateroom, lighter, outdoors, *++ }

% . berth stateroomplatform sanctum davit

swer,

% ;orc dachshund spaniel cowhide savannah

[5] : The ranking probability of this candidate vo-
cabulary represents the degree to which it con-
VNS forms to the defined semantics, which means that
B A #97 ) . .
the first word is the most likely to express the
defined semantics. After considering this factor,
please provide the five most suitable ones

% :berth stateroom bay cabin ward
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