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Introduction

(Dataset limitations & Methodologlcal limitations)
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(a) Confusion matrix (b) True entity confusion matrix (c) Token class distribution

(a) Confusion matrix of true labels and distant labels on the whole CoNLLO03 dataset.

(b) The confusion matrix displays noise among true entity-type labels.

(c) The real token class distribution on the CoONLLO3 dataset and tokens selected by a basic self-training framework
with a single-head/double-head pathway. It can be shown that double-head selects more tokens than single-head on the
minority entity classes such as MISC and LOC.

Self-training exists an inherent confirmation bias to assign erroneous pseudo-labels. Due to the existence of label noise,
the DSNER task can face an amplified self-training bias, which, however, has never been touched on in prior studies.
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I Method (Notation and Preliminary)

Named Entity Recognition.

D= {(mm"ym) ngl 1 n
T = 1,22, ..., Tn] Lee(y,f(x:0)) == Zlog softmax(fi . (:0))  f(z;0) = ho ¢(x)

=
U= [ylay2_~.-"3ynl Yi € T = {01. K} \l/

_ predicted probability of x; belonging to class y; in sentence x
1 ~ K denote entity types and 0 denotes non-entity

Distantly-Supervised NER.

separates the tokens in each sentence x into a set of potential clean tokens x! and noisy tokens xv

ECL‘S — E’L(gf:' f(ml 9» e [':U(?)uv f(xu; 9))

where L; and L, are classification losses on the two sets. ¥ is a pseudo-label generated via previous models.



=, Wi
R Y 3
i%’.fﬁﬁ@ ﬁfxﬁ%z
Se -
Z 71952
% i m\.\s“\

I Method

[ ] Entity token [[] Non-entity token [ ] [ ] Fine-grained entity types [ | Test token

[ Clean Token Selection ] E:si?: Lf;s“{l-'g: : [ Joint Prediction 1
Teacher ; ; * ‘ Student I # | < Student =
W | [ he | [ he by | [ he
| | | | | I |
Backbone Backbone ' Backbone
D, C N1 S COEIES D, ! : e o o o e WA
(a) Train (b) Test

(a): Illustration of decoupled learning paradigm and debiased self-training. -
(b): Two classification heads are trained independently but make joint predictions when testing. ~ Pi = 1 —p7,pi *pi]
# denotes unselected noisy or invalid tokens.
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I Method

initial dataset

D , :
first level split
l {: decoupled learning ) l
binary dataset entity type dataset
Db De second level split
l—(clean token selection )~l l—( clean token selection)—l
clean token set noisy token set clean token set noisy token set

l u u

Db Db ‘Dé De

( standard classification ) ( debiased self-training ) (standard classification ) ( debiased self-training )
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I Method

Clean Token Selection

In most of our experiments, we fix it to 0.95 without further tuning

A
Dh={(zi, 1) |19 =7) A (max(p?, 1— p?)>7)} fau

—h

A
Debiased Self-Tralmng

:] Entlty token G Non-entity token (] (] Fine-grained entity types D Test token
Iz C IIHIi#l ) —

Sy Ty T BCE | WCE | | KL || WCE |
[ Clean Token Selectlon ] ‘E:sEs _______ \Il.:cs:ﬂ ﬁ—‘ﬁigl
"""""""""" o SEEFE " M

) [ o w

[ | | | I I

Backbone | | Backbone
,,,,,,,,,,,, Il ‘ R
D, (I 18 (ORI D, I

hw — arg maxh,[,U (Qu, fh, (:Eu)) — EL (gl, fh’/ (a’;l)) encoder ¢ is frozen at this step

[ﬂwce (¢) — £U (Qu, fhw (mu)) — ﬁL (gl . fh'w (.’Bl )) h,, 1s frozen and only update the encoder
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I Method

Dual Co-guessing Mechanism

fl@:00) fle:0)  {@n M@Y= ) A (max(e") > ) A (max(p®) > 1)}

Training loss

L= Cb_cls g i ﬁe_cls + W * ‘Ce_wce

Post-hoc Entity Pathway Finetuning

D! = {(z4, 9)|1(9; = 1) AL(GE = §5)}
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I Result

Table 1: Main results on five benchmark datasets measured by Precision (P), Recall (R), and F1
scores. We highlight the best overall performance for distant supervision in bold.

edoto | CoNLL03 | OntoNotes5.0 | Webpage | Wikigold | Twitter

/P R FL | P R F| P R FL/|P R FlL| P R FI

Fully-supervised methods

BiLSTM-CC | 91.35 91.06 91.21 | 85.99 86.36 86.17 | 50.07 54.76 52.34 | 55.40 54.30 5490 | 60.01 46.16 52.18
RoBERTa-base | 89.14 91.10 90.11 | 84.59 87.88 86.20 | 66.29 79.73 72.39 | 85.33 87.56 86.43 | 51.76 52.63 52.19

Distantly-supervised methods

AutoNER 75.21 60.40 67.00 | 64.63 6995 67.18 | 48.82 54.23 51.39 | 43.54 5235 47.54 | 43.26 18.69 26.10
LRNT 7991 61.87 69.74 | 67.36 68.02 67.69 | 46.70 48.83 47.74 | 45.60 46.84 46.21 | 46.94 1598 23.84
Co-teaching+ | 86.04 68.74 76.42 | 66.63 69.32 6795 | 61.65 5541 5836 | 55.23 49.26 52.08 | 51.67 42.66 46.73
JoCoR 83.65 69.69 76.04 | 66.74 68.74 67.73 | 62.14 58.78 60.42 | 51.48 51.23 51.35 |49.40 45.59 4742
NegSampling | 80.17 77.72 7893 | 64.59 7239 68.26 | 70.16 58.78 63.97 | 49.49 55.35 52.26 | 50.25 44.95 47.45
BOND 82.05 80.92 81.48 | 67.14 69.61 68.35 | 67.37 64.19 65.74 | 53.44 68.58 60.07 | 53.16 43.76 48.01
SCDL 87.96 79.82 83.69 | 6749 69.77 68.61 | 68.71 6824 6847|6225 66.12 64.13 | 59.87 4457 51.09
Ours* 86.23 87.28 86.75 | 66.38 72.08 69.11 | 71.52 7297 7224 | 60.77 68.10 64.23 | 56.44 48.38 52.10
Ours*(finetune) | 86.41 87.49 86.95 | 66.63 71.92 69.17 | 7248 7297 7273 | 62.87 69.42 65.99 | 57.65 47.80 52.26




8 Ablation Study
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Figure 4: (a) The F1 curves of DesERT with/without WCE loss. (b) The distribution of the true
labels and selected labels with/without co-guessing. (c) The parameter study of different confidence
thresholds 7 on the CoNLLO3 dataset.
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Further Analysis

Efficacy of decoupled learning
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Figure 3: The Fl-scores of DesERT with/without double-head pathway on four entity types, which

have 11.1k/8.3k/10.0k/4.6k tokens respectively (from left to right).
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I Distant Supervision from Large Language Models

Large language models (LLMs), including GPT-3 , ChatGPT, and GPT-43, have largely revolutionized the NLP
landscape. Thanks to their emerging abilities like in-context learning (ICL) and chain-of-thought, LLMs
demonstrate remarkable zero-shot learning performance in a wide range of downstream NLP tasks.

However, LLMs are still legs behind the fine-tuned small language models in many NLP applications including NER.

To deal with this problem, we extend the DSNER formulation and design a novel in-context learning algorithm that
exploits self-generated text-tag pairs to generate distant labels. Moreover, we modify our original algorithms to fully
use hybrid labels including ChatGPT-generated labels and original knowledge-base generated labels (KB labels).

Table 4: Performance of DesERT with different sources of distant labels on CoNLLO3.
Supervision Unsupervised ChatGPT Labels KB Labels Hybrid Labels
Model ChatGPT ChatGPT-A | SCDL DesiERT | SCDL DesERT | SCDL* DesERT*

Precision 68.95 79.11 68.39 81.91 87.96 86.23 83.87 87.24
Recall 64.16 63.13 7274  77.38 79.82 87.28 85.50 88.93
Fl 66.47 70.22 70.50  79.58 83.69  86.75 84.67 88.08
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I Conclusion
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