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* Limitations of Prompt Learning:

Book] Memorization vs. Generalization

different Prompt learning with PLMs usually generalizes unstably in an extremely low-
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; “‘°“‘"""°“‘H_§; kNN Guided Training 1 ~ + Decoupling knowledge from memorization : |
E e : == y : i - with the motivation of decoupling knowledge from memorization to help the model strike a
Decoupling Knowledge ~ [~——" . : EIE ' balance between generalization and memorization, we constructs an open-book knowledge- :
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il ' . . . store from training instances and implements a retrieval mechanism during the process of

s 2 kNN Incorporated Prediction ;| input, training and inference, thus equipping the model with the ability to retrieve related

. contexts from the training corpus as cues for enhancement. i

Retrieval-augmented Prompt Learning
» Open-book Knowledge-store

Given the i-th example (c;, y;) in the training data C, we obtain the key-value
pair (h¢, v;), in which & = T (c;), he, € R? is the embedding of the [MASK]

token in the last layer of the PLM, and v; = f(y;) denotes the label word of the i- We intuitively aggregate the m neighbor vectors for each class according to their
th example.

> Retrieval of Neural Demonstration

base PLM's MLM prediction P,; using parameter A to produce the final probability

Figure 2: Overview of RETROPROMPT. Note that e(-) denotes word embedding function in the PLM  of the label:
M, while “M”,“t” and “g” in e(-) specifically refers to “[MASK]”, “terrible” and “great”.
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Experiments Analysis of Memorization

Few-shot/Zero-shot Results
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g (acc) (acc) (acc) (acc) (acc) (F1) (acc) (acc) (F1) we define memorization measures as to how the classification varies when a ;
: FT 81438 76939 75832 | 45864 60265 60.7@3 | FT 52722 66.102 25.8 23 60.6 . s . . . . . :
; LM-BFF (man) 01.602) 87000 903as | 64325 64.6¢4) 6543 | KnPr 653an 809es 3320 | 714 training instance z is deleted from the trainset. We define and derive the |
g 16 | LM-BFF (D-demo) | 91.812) 86.6as 90204 | 64823 69264 68232 | KnPr(D-demo) i £ — 72.2* o L . g
5 KPT + 90306 868asm 888¢n | 614en 6l5es 7Ti6en | KPT1 65905 788y 328an | 709 memorization score for a training instance z as follows : !
i Ours 93904 88008 91907 | 71108 71608 74.0 200 | Ours 67309 81503 40.7 o7 75.6 .
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E LOTClass* 71.8 81.7 50.1 50.4 36.5 55.9 LOTClass* 11.5 9.8 2.5 41.1 E
; FT 49.1 50.0 49.8 34.4 49.5 31.6 FT 10.0 6.2 0.5 31.2 ;
| LM-BFF (man) 83.5 80.3 78.4 49.7 50.5 49.7 KnPr 15.9 10.3 2.3 46.7 |
| 0 | LM-BFF (D-demo) | 82.9 80.7 81.4 52.2 53.5 44.0 KnPr (D-demo) | — = . 47.0* _ : : - : |
! KPT 1 784 sl 714 |31 353 415 | KPTi s 116 03 | 457 » Top-memorized Instances: Typical or Atypical? !
Ours 86.8 83.5 79.7 53.7 56.2 56.7 Ours 41.3 12.2 2.8 52.5 we adopt SST-2 to analyze the memorization by judging the atypical of an
! instance by checking the percentage of positive phrases. :
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: Model Source Target Domain o < M Giviip Negative Postive :
i -Q pd " . I'T C I
; 16-shot MR | SST2  CR LM-BFF(man) & Or FT LM-BFF OURS | FT LM-BFF OURS ;
| FT 76.9 714  64.7 96.0 LM-BFF(demo) |
! LM-BFF (man) 870 28 9 26.9 :\; Ko Top-10% 34.29 32.78 30.23 68.75 69.71 75.67 |
| LM-BFF (D-demo) 86.6 893 875 5 94.5 ALL 23.40 86.39 |
i KPT 26 8 %68 867 g Bottom-10% | 17.63 1625 1442 | 9592 9508  94.53 i
é RETROPROMPT 88.0 914 88.8 E 91.5 FT LM-BFF OURS :
; 5 © RTE - Tl ;
; 10-shot QQF | MRPC XIE i MEM SCORE 4.597 0.121 0.032 ;
| FT 60.7 437  48.0 i |
| LM-BFF (man) 65.4 209 655 38 5 |
! LM-BFF (D-demo) 68.2 388  66.2 : !
i KPT 71.6 423 658 87.0 g
g RETROPROMPT 74.0 49.4 67.3 SST-2 ONLI SEMEVAL !

* mmm n mmm o n s ow mmm s s w mmm A s R mEm s Em R M 8 s R M W MEm 8 s R Mmm N s R M N MEm R M N s R M N MEm R M N Mm% MmN Mmm R Mmm 8 Mm% MmN M N s R M N Mmm R M N Mmm R M N MmN Mmm A Mmm R Mmm W Mmm N Mmm R Mmm N s R M N MmN M N s R M N MEm R M N MEm R M N Mmm R M 8 MEm N MmN Mmm N Mmm R M N Mmm R M N Mmm R M N Mmm R MmN Mmm R Mmm 8 Mmm 8 Mmm R MmN s 8 M N Mmm R M N Mmm R M N Mmm R M N MEm R Mmm 8 MmN Mmm 8 MEm 8 MmN Mmm N Mmm R Mmm N Mmm R M N Mmm R M N Mmm R M N MEm R M N MmN Mmm R Mmm N s R M N MmN M N mm R M N Mmm R M N Mmm 8 MmN MmN M 8 MEm 8 MmN M N s R M N mm R M N MEm R M N MmN M A M R M N mmm § mmm h mmm o mem



