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( C: Alright what is this ?
T: Alright INTJ what PRON is AUX this PRON ? PUNCT

C: I love this color .

T: 1 PRON love VERB this DET color NOUN . PUNCT
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C: It took a while .
T: It PRON took VERB a_
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2 Structured Prompting of Pretrained
Language Models

We propose a sequential method for performing se-
quence tagging with PLMs via in-context learning,
which we refer to as structured prompting (Figure
1). The model is given k (context, tagged sequence)
pairs as the task demonstration and the example
sentence to be labeled. The model then iteratively
tags the words in the example with constrained
decoding over a fixed set of labels.

More specifically, given a set of labels L and an
input sequence ¢ containing k£ demonstration pairs
as well as the full text of the example sentence
S = sg,..., Sp, at each time step ¢ the language
model M encodes [c; s¢] and labels s; with b, =
argmax Py (¢|c, s¢). We then update the input se-

el

quence by appending the current word s; and the
predicted label /; to the end of c. Multi-token labels
are scored with the average log-likelihood over all
tokens Pas (£c) = 1 S Pur(wile, vo, - wio1)
where y; is the jth subword token in £.

This approach to in-context learning tags an en-
tire sequence with a single pass over the context.
It also allows the model to condition on past pre-
dictions while labeling the current word. As we
demonstrate in Section 4, these features allow us
to apply large autoregressive language models to a
broad class of core NLP tasks in a few-shot manner.
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Label | Freq. Task Stats | Example Contexts

POS Tagging UD Format
The 10 most frequent relations where parent and child node agree in ‘Polarity ‘:

ACAELY ol — <tt>NOUN —-> ADJ</tt> (2; 100%) (GitHub)

CCONJ | 22k 23.48% | 13 \tund \t und \t CCONJ \t KON \t _\t 14\t cc (GitHub)

DET 1.53M 0.72%  DET: determiner, e.g. a, an, the \n INTJ: interjection, e.g. psst... (StackExchange)

NER Relevant?

B-PER 5.655 26/100 Bacterial pellets were lysed in 10 ml B-PER Bacterial Protein Extraction
Reagent... (PubMed)

I-.LOC | 2,197 43/100 | y =np.asarray("B-PER O O B-LOC I-LOC O B-ORG".split()) (StackExchange)
*[-PER* label usually follows *B-PER* and *I-PER*, but it cannot follow

B-ORG 2603 807100 *B-ORG* or *I-ORG*. (Arxiv)

[-MISC | 907 76/100 ] My(O) favorite(O) book(O) is(O) harry(B-MISC) potter(I-MISC)... (StackExchange)
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