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Abstract

Discriminative pre-trained language models (PLMs) learn to
predict original texts from intentionally corrupted ones. Tak-
ing the former text as positive and the latter as negative sam-
ples, the PLM can be trained effectively for contextualized
representation. However, the training of such a type of PLMs
highly relies on the quality of the automatically constructed
samples. Existing PLMs simply treat all corrupted texts as
equal negative without any examination, which actually lets
the resulting model inevitably suffer from the false negative
issue where training is carried out on pseudo-negative data
and leads to less efficiency and less robustness in the resulting
PLMs. In this work, on the basis of defining the false nega-
tive issue in discriminative PLMs that has been ignored for a
long time, we design enhanced pre-training methods to coun-
teract false negative predictions and encourage pre-training
language models on true negatives by correcting the harmful
gradient updates subject to false negative predictions. Exper-
imental results on GLUE and SQuAD benchmarks show that
our counter-false-negative pre-training methods indeed bring
about better performance together with stronger robustness.

1 Introduction

Large-scale pre-trained language (PLM) models are playing
an important role in a wide variety of NLP tasks with their
impressive empirical performance (Radford et al. 2018; Pe-
ters et al. 2018; Devlin et al. 2019; Yang et al. 2019; Lan
et al. 2020; Clark et al. 2020). So far, there comes two ma-
jor categories of PLMs with regards to the output style, the
generative like GPT (Radford et al. 2018), which employ
a decoder for learning to predict a full sequence, and the
discriminative like BERT style of PLMs which learn to re-
construct the original uncorrupted text from the intentionally
corrupted ones (Raffel et al. 2020; Lewis et al. 2020). In this
work, we focus on the latter category of PLMs, typically
with denoising objectives (also known as masked language
modeling, MLM) (Liu et al. 2019; Joshi et al. 2020; Sun
et al. 2019). In a denoising objective, a certain percentage of
tokens in the input sentence are masked out, and the model
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should predict those corrupted tokens during the pre-training
(Peters et al. 2018; Sun et al. 2019; Levine et al. 2021; Li and
Zhao 2021).!

Although existing studies have made progress in design-
ing effective masking strategies (Sun et al. 2019; Joshi et al.
2020; Levine et al. 2021) and auxiliary objectives (Lan et al.
2020; Wang et al. 2020) for language model pre-training,
there is still a lack of attention on the quality of training
data. Discriminative PLM can be regarded as a kind of auto
denoising encoder on automatically corrupted texts. Thus, it
is critical to ensure the auto-constructed data is true enough.
Intuitively, a discriminative PLM learns to distinguish two
types of samples, positive (already existing original ones)
and negative (the corrupted ones from the auto construct-
ing). Taking MLM as an example, a proportion of tokens in
sentences are corrupted, e.g., replaced with mask symbols,
which would affect the sentence structures, leading to the
loss of semantics and increasing the uncertainty of predic-
tions. In extreme cases, such corrupted texts may be linguis-
tically correct. However, the current PLMs simply consider
all corrupted texts as negative samples, so that the resulting
PLM has to be trained on such pseudo-negative data with
less efficiency and less robustness — suffers from the wasted
training time on meaningless data and the trained PLM may
be vulnerable to adversarial attacks like diversity distraction
and synonym substitution (Wang et al. 2021).

For each training instance, MLM only calculates label-
wise matching between the prediction and the gold tokens
in the training process, thus inevitably suffering from the
issue of false negatives where the prediction is meaningful
but regarded as wrong cases, as examples shown in Table
1. We obverse that such cases appear in more than 7% of
the training examples (more details in Section 2). The is-
sue is also observed in sequence generation tasks, which is
tied to the standard training criterion of maximum likelihood
estimation (MLE) that treats all incorrect predictions as be-
ing equally incorrect (Wieting et al. 2019; Li et al. 2020).

!There are different classification standards for PLMs, i.e., out-
put style and model architecture. For simplicity, our taxonomy fol-
lows Wang, Liu, and Zhang (2021), which is based on the out-
put style. Note that PLMs can also be classified into three types
based on the model architecture: encoder-only, decoder-only and
encoder-decoder.



Example Ground-truth Prediction MLM Correction
i am trying to copy [MASK] onto my ipod good you happy X -
an adaptive immune system whose [MASK] function ... primary main X v

Table 1: Examples of true negative (the first line) and false negative (the second line). The standard MLM will treat all the
predictions as incorrect ones. However, the last false negative predictions can be corrected to ensure more accurate pre-training.

More examples are in Figure 3.
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Figure 1: Overview of our study. Existing PLMs were
trained by distinguishing positive from pseudo-negative
data. In contrast, our work aims to encourage pre-training
language models on true negatives by detecting and coun-
teracting false negative predictions.

Instead of measuring negative diversity via diversity scores
between the different incorrect model outputs, our method is
dedicated to mediating the training process by detecting the
alternative predictions as opposed to the gold one, to steer
model training on true negatives, which benefits the result-
ing language modeling in general. The comparison with ex-
isting work is illustrated in Figure 1.

Though the false negatives may potentially hurt the pre-
training in both efficiency and robustness to a great extent,
it is surprising that this problem is kept out of the research
scope of PLMs until this work to our best knowledge. To
address the issue of misconceived false negative predictions
and encourage pre-training language models on true nega-
tives or more true negatives, we present an enhanced pre-
training approach to counteract misconceived negatives. In
detail, we investigate two enhanced pre-training objectives:
1) hard correction to shield the gradient propagation of the
false negative samples to avoid training with false nega-
tive predictions; 2) soft regularization by minimizing the
semantic distances between the prediction and the original
one to smooth the rough cross-entropy. Experimental results
on widely-used down-streaming benchmark tasks, includ-
ing GLUE (Wang et al. 2019) and SQuAD (Rajpurkar et al.
2016), show that our approach boosts the baseline perfor-
mance by a large margin, which verifies the effectiveness of
our proposed methods and the importance of training on true
negatives. Case studies show that our method keeps simplic-
ity and also improves robustness.
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Base Model Large Model
Check. Iter. Pred. Check. Iter. Pred.
6.25 6.90 1.31 6.25 7.46 1.50
12.5 6.96 1.34 12.5 7.58 1.55
25.0 6.97 1.36 25.0 7.31 1.49
50.0 7.05 1.36 50.0 7.46 1.56
80.0 7.06 1.40 80.0 7.38 1.57
100.0 7.07 1.41 100.0 7.44 1.60

Table 2: Statistics (%) of the hard corrections under base
and large settings on the wikitext-2-raw-v1 corpus. Check-
point means the checkpoint saved at the specific training
steps (%).

2 Preliminaries: The False Negative Issue

Definition Our concerned false negatives in MLM are the
reasonable predictions but discriminated as wrong predic-
tions because such predictions do not match the single gold
token for each training case. For example, many tokens are
reasonable but written in different forms or are synonyms of
the expected gold token.

Severity For simplicity, we focus on the subset of false
negatives from WordNet (Miller 1992) — the predictions
which are the synonyms of the ground-truth tokens. To
have an intuition about the severity of false negative pre-
dictions during pre-training, we collect the statistics from
two perspectives: 1) prediction-level: the proportion of cor-
rected predictions when they mismatch the gold labels; 2)
iteration-level: the proportion of iterations (sequences) when
the correction happens.? We use the wikitext-2-raw-v1 cor-
pus (Merity et al. 2017) for validation. We use the pre-
trained checkpoints of the BERT-base and BERT-large mod-
els described in Section 4.1 for the analysis.

According to Table 2, we observe that the ratio of de-
tected false negatives is around 6.0%-7.0% in iteration-level
and 1.0%-2.0% in token-level.* As training goes on, the cor-
rection ratio increases, indicating that our method gradually

’The rationale is that training on false negatives tends to learn
incorrect semantics of the whole sequence.

3The MLM process is the same as our experiments on BERT
models in the subsequent sections.

“It is hard to collect the statistics of false negatives automati-
cally. For simplicity, we only calculate the subset related to syn-
onyms. Therefore, the issue is expected to occur more frequently
than counted.



plays a more important role as the training proceeds, which
supports our hypothesis.

Influence Pre-training on false negatives would possibly
bring harm in terms of training efficiency, model effective-
ness, and robustness against adversarial attacks (detailed dis-
cussions in Section 5). As the saying goes, “the rotten apple
injures its neighbors”, training on random examples would
bring training bias from meaningless data, so it needs to be
corrected with more data and results in more cost of re-
sources and time. In addition, the inaccurate pre-training
may affect the model robustness, as the PLM may fail to
capture the similarity of tokens or sentences in different ex-
pressions.

3 Methodology
3.1 Masked LM

Masked LM (MLM) is a denoising language model tech-
nique used by BERT (Devlin et al. 2019) to take ad-
vantage of both the left and right contexts. Given a sen-
tence s {wy,ws,...,w,}, where a certain proportion
of tokens are randomly replaced with a special mask sym-
bol. The input is fed into the multi-head attention layer
to obtain the contextual representations, which is defined
as H = FFN(MultiHead(K,Q,V)), where K,Q,V are
packed from the input sequence representation s. Then, the
model is trained to predict the masked token based on the
context.

Denote Y as the set of masked positions using the mask
symbol, and the masked tokens are represented as wy, k €
Y. The objective of MLM is to maximize the following ob-

jective:
) . @)

A natural solution to encourage the language model pre-
training on true negatives is to identify and counteract the
false negative issue in language model pre-training. To this
end, it is possible to correct or prune the harmful gradient
update after detecting the false negative predictions. In de-
tail, we investigate two enhanced pre-training objectives, in-
cluding 1) hard correction (HC), which shields the gradient
propagation of the false negative samples to avoid training
with false negative predictions; 2) soft regularization (SR),
which measures the distribution similarity between the pre-
dicted token and the original one, to smooth the tough cross-
entropy by minimizing the semantic distances. Figure 2 il-
lustrates our pre-training scheme.

lem(wkv S) =E <_ Z logPQ(wk | S)
key

3.2 Pre-training on True Negatives

Hard Correction The criteria of hard correction is to
prune the gradient when the model suffers from confusion
about whether the prediction is correct or not. For each pre-
diction, we check if the predicted token ry, is highly related
to the ground-truth token wy, based on a short lookup table
V in which each wy, is mapped to a list of synonyms V[wg].
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The training objective is:

['hc = ]E<_

In our implementation, the lookup table is built by retriev-
ing the synonym alternatives for each word in the model
vocabulary, e.g., from WordNet (Miller 1992) or Word2Vec
embedding (Mikolov et al. 2013). Therefore, there will be no
extra computation overhead for the construction of lookup
table during training and the cost of retrieving synonyms
is imperceptible. For the synonym source, we use WordNet
synonyms by default (Section 5 will compare retrieving syn-
onyms from WordNet and Word2Vec embedding). For each
training iteration, if the predicted token is found in the syn-
onym list for the gold token, then the correction is activated
and the loss calculation for the k-th token will be neglected.’
Such a prediction will be judged as correct by HC in cross-
entropy — the correction can be applied by simply ignor-
ing this prediction before feeding to the cross-entropy loss
function. As a post-processing technique, the hard correc-
tion technique will not bring any false positives.

D

k€Y, mi gV [wi]

log pg(wy, | S)) : 2

Soft Regularization The hard correction method above
relies on external tools, which may affect the coverage of
corrections due to the restricted size of the lookup table. In
pursuit of more general usage, we are interested in finding a
softer way to minimize the harm of false negatives. A natu-
ral way is to leverage semantic distance between the original
and predicted tokens as regularization.

For wy, and r, we fetch their token representations from
the model’s embedding layer, denoted as e, and e},, respec-
tively. We leverage cosine similarity as the regularization
based on the intuition that the semantic distance between
the prediction and gold tokens should be minimized:

Nim

1
Lo = N—Zu -

M k=1

ek - €},
llexll - lle

); 3)

where N, is the number of masked tokens to predict.

SR is based on the hypothesis that the predicted tokens
should have a semantic relationship with the gold ones in the
same embedding space to some extent, which is supported
by various existing studies (Bordes et al. 2013; Zhang and
Zhao 2021; Chen et al. 2021; Li et al. 2020).6 We choose
to apply SR to the embedding layer because the embedding

SWords might be tokenized into several pieces before feeding
PLMs, in which cases the correction will not be applied because
those cases do not violate our criteria. We found that there are
62.51% tokens in the model vocabulary that have synonyms found
in WordNet after removing all the stopwords.

®A possible concern of SR is that it may encourage the model
to minimize the cosine similarity between unrelated tokens in early
stages when the model is not well-trained. However, since MLM
dominates the training, especially in the early stages (e.g., the loss
from around 30 to 10 until convergence in ELECTRA-small). In
contrast, the value of SR is usually 0-1. As such, SR would not
harm the training in the early stages. As a regularization method,
it further enhances the model performance beyond MLM when the
training proceeds.



antibodies are protein components of
an adaptive immune system whose
[MASK] function is to bind antigen ##s ,
or other substances in the body ...
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Figure 2: Illustration of our pre-training scheme.

layer is the most fundamental and stable layer as it is far
from the output layer to reflect on the returned gradients dur-
ing training. Optimizing the embedding layer would possi-
bly lead to a more severe influence on the model training
and help the model learn semantics between words better, as
indicated by (Jiang et al. 2020). Just calculating token-wise
distance neglects the context of the whole sequence. In Sec-
tion 5, we will discuss the pros and cons of token-level and
sentence-level SR variants.

4 Experiments
4.1 Setup

Pre-training In this part, we will introduce the model
architecture, hyper-parameter setting, and corpus for pre-
training our models. Our methods are applicable to general
MLM-style language models. Considering the training effi-
ciency, we employ ELECTRA small and base as our default
backbone models and implement our pre-training objectives
on top of them. We follow the model configurations in (Clark
et al. 2020) for fair comparisons. For hyper-parameters, the
batch size is 128 for the base models in our work instead of
256 as in the original setting due to limited resources. The
mask ratio is 15%. We set a maximum number of tokens as
128 for small models and 512 for base models.” The small
models are pre-trained from scratch for 1000k steps. To save
computation, like previous studies (Dong et al. 2019), we
continue training base models for 200k steps using the pre-
trained weights as initialization. The learning rates for small
and base models are 5e-4, and Se-5, respectively. We use
OpenWebText (Radford et al. 2019) to train small models,
and Wikipedia and BooksCorpus (Zhu et al. 2015) for train-
ing base models following (Clark et al. 2020). The baselines
and our models are trained to the same steps for a fair com-
parison.

To verify the generality of our methods on other PLMs,
we also implemented them on BERT}ase and BERTage
backbones (Devlin et al. 2019) according to the same imple-
mentation for ELECTRAy,,5.. Specifically, we pre-train our
methods based on BERT},55c and BERT 5,6 checkpoints for
200k steps on the Wikipedia and BooksCorpus. For a fair
comparison, we also train the baseline models to the same
steps. Please note that it is inadequate to pursue absolute

"For evaluation of the reading comprehension tasks, we also
pre-train the variants with the length of sentences in each batch as
up to 512 tokens.
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gains for large models by using single-machine NVIDIA
V100 GPUs (e.g., slower convergence speed with much
smaller batch sizes), compared with TPUs for training large
models in public releases (Devlin et al. 2019). Therefore,
we focus on the relevant improvements between our meth-
ods and the baselines under the same training steps.

Fine-tuning For evaluation, we fine-tune the pre-trained
models on GLUE (General Language Understanding Evalu-
ation) (Wang et al. 2019) and SQuAD v1.1 (Rajpurkar et al.
2016) to evaluate the performance of the pre-trained models.
GLUE include two single-sentence tasks (CoLA (Warstadt,
Singh, and Bowman 2019), SST-2 (Socher et al. 2013)),
three similarity and paraphrase tasks (MRPC (Dolan and
Brockett 2005), STS-B (Cer et al. 2017), QQP (Chen et al.
2018) ), three inference tasks (MNLI (Nangia et al. 2017),
QNLI (Rajpurkar et al. 2016), RTE (Bentivogli et al. 2009).
We follow ELECTRA hyper-parameters for single-task fine-
tuning. We did not use any training strategies like starting
from MNLI, to avoid extra distractors and focus on the fair
comparison in the single-model and single-task settings.

4.2 Main Results

We evaluate the performance of our pre-training enhance-
ment compared with the baselines in small and base sizes
on GLUE and SQuAD benchmarks in Tables 3-4. From the
results, we have the following observations:

1) The models with our enhanced pre-training objec-
tives outperform the BERT and ELECTRA baselines in all
the subtasks. In particular, with the same configuration and
pre-training data, for both the small-size and the base-size,
our methods outperform the strong ELECTRA baselines by
+1.5(dev)/+1.4(test) and +0.7(dev)/+1.3(test) on average, re-
spectively. The results demonstrate that our proposed meth-
ods improve the pre-training of ELECTRA substantially and
disclose that mediating the training with true negatives is
quite beneficial for improving language model pre-training.

2) Our methods outperform the baselines on both the base
and large models,® which indicates that the false negative
issue may be independent of the model size, and the training
remains insufficient in training language models on different
scales.

8Since larger models obtain better baseline results, we also cal-
culate error-reduction ratio (ERR) for comparison, e.g., the ERR
of BERTHS, and BERTHfge is 3.6% and 2.3%, respectively. The
statistics also indicate consistent strength in varied model sizes.



Model CoLA SST MRPC STS QQP MNLI QNLI RTE Average A
BERT}cc 61.1 930 868 871 908 847 914 679 82.9 -
BERTHC 629 932 875 874 909 849 915  69.3 83.5 0.7
BERT;E 612 935 890 875 909 848 91.6  68.6 834 106
BERTY .50 617 937 885 901 913 867 924 729 84.7 -
BERTIC | 623 934 890 905 915 870 930 737 85.1 0.4
BERT}R | 623 942 892  90.1 914 870 928 740 85.1 10.4
ELECTRA.n.i 568 883 874 868 883 789 87.9  68.5 80.4 -
ELECTRAHC =~ 620 898 870 867 890 804 88.0  67.9 814 110
ELECTRASK |~ 611 901 895  87.0 894  80.8 88.8  68.6 81.9 115
ELECTRAp.e 683 953 909 913 917 885 93.0 823 87.7 -
ELECTRANC 709 956 912 913 920 887 93.6 838 884 107
ELECTRAJE, 704 954 904 912 919  89.1 934 848 88.3 10.6

Table 3: Comparisons between our proposed methods and the baseline pre-trained models on the dev set of GLUE tasks. STS
is reported by Spearman correlation, CoLA is reported by Matthew’s correlation, and other tasks are reported by accuracy.

Model EM AEM F1 AF1
ELECTRAgnan 758 - 839 -

ELECTRAYC 777 119 856 117
ELECTRAZE | 760 102 842 103
ELECTRAp.se 851 - 91.6 -

ELECTRAIIC, 857 106 92.1 105
ELECTRAJE 856 105 920 104

Table 4: Results on the SQuAD dev set. EM and F1 are short
for the exact match and F1 scores (Rajpurkar et al. 2016).

3) Both SR and HC pre-training strategies help the re-
sulting model surpass the baselines. Note that our proposed
method is model-agnostic so that the convenient usability
of its backbone precursor can be kept without architecture
modifications. In comparison, SR is more generalizable as it
does not require extra resources, while HC has the advantage
of interpretation via explicit correction.

4) Our enhanced pre-training objectives show consider-
able performance improvements on linguistics-related tasks
such as CoLA and MRPC. These tasks are about linguis-
tic acceptability and paraphrase/semantic equivalence rela-
tionship. Besides, our methods also achieve obvious gains
in tasks requiring complex semantic understanding and rea-
soning, such as MNLI and SQuAD, showing that they may
help capture semantics to some extent.

5 Analysis

Robustness Evaluation Intuitively, our method would be
helpful for improving the robustness of PLMs because the
approaches may indicate lexical semantics and representa-
tion diversity during the correction or regularization opera-
tions. To verify the hypothesis, we use a robustness evalua-
tion platform TextFlint (Wang et al. 2021) on SQuAD, from
which two standard transformation methods are adapted: 1)
AddSentenceDiverse generates distractors with altered ques-
tions and fake answers; 2) SwapSynWordNet transforms an
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input by replacing its words with synonyms provided by
WordNet.

Table 5 shows the robustness evaluation results. We ob-
serve that both kinds of attacks induce a significant perfor-
mance drop of the baseline system, by 54.95% and 6.0% on
the EM metrics, respectively, indicating that the system is
sensitive to distractors with similar meanings. In contrast,
both of our models can effectively resist those attacks with
less performance degradation. Specifically, the HC method
works stably in the SwapSynWordNet attack. We speculate
the reason is that the hard correction strategy captures the
synonym information during pre-training, which would take
advantage of lexical semantics. The other variant, the soft
regularization objective, achieves much better performance
in the AddSentenceDiverse. The most plausible reason might
be the advantage of acquiring semantic diversity by regular-
izing the semantic distance in the SR objective.

Lookup Table from WordNet vs. Word2Vec For the
hard correction approach, the candidate synonyms for de-
tecting false negative predictions can be derived from Word-
Net (Miller 1992) or Word2Vec embedding space (Mikolov
etal. 2013) as described in Section 3.2.7 To verify the impact
of different sources, we compare the results as shown in the
second block of Table 6. We see that ELECTRALC = = out-
performs ELECTRAEI%Ded ding DY @ large margin. The most
plausible reason would be that the retrieved list of synonyms
from ELECTRAYC | . would have higher quality than that
from ELECTRALS) i ding- Although the embedding-based
method may benefit from semantic matching, but would
also bring noise as it is hard to set the threshold to en-
sure the top-ranked words are accurate synonyms. There-
fore, ELECTRAC ' turns out to be better suitable for

"We use the public GloVe. 6B.50d vectors for embedding
retrieval. Since the embedding method returns a ranked list by cal-
culating the similarity score with the whole vocabulary, we only
take the top 10 most similar words for each retrieval.



Model

AddSentenceDiverse (Ori.—Trans.)

SwapSynWordNet (Ori.—Trans.)

Exact Match AEM F1 Score AF1 Exact Match AEM F1 Score AF1
ELECTRA¢ .1 80.55—25.60 [54.95 85.10—26.43 [58.67 80.67—74.67 [6.00 85.38—80.43 [4.95
ELECTRAEH%H 82.59—34.13 4846 86.78—36.60 |50.18 82.33—79.67 [2.66 86.68—83.65 |3.03
ELECTRAE};;all 78.84—37.20 |41.64 80.84—38.29 |42.55 78.67—75.67 [3.00 80.88—78.51 [2.37

Table 5: Robustness evaluation on the SQuAD dataset. Ori. represents the results of original dataset for robustness evaluation
derived from the SQuAD 1.1 dev set by TextFlint (Wang et al. 2021) while Trans. indicates the transformed one. The assessed

models are the small models from Table 4.

Model CoLA SST MRPC STS QQP MNLI QNLI RTE Average A
ELECTRA 568 883 874 8.8 83 789 879 685 80.4 -
ELECTRAHC 620 898 870 867 8.0 804 8.0 679 814 110
ELECTRAHES, i4me 590 885 870 864 888 796 879  67.1 80.6  10.2
ELECTRASE | 61.1 901 895 8.0 894 808 888 686 819 115
ELECTRASE 595 896 900 867 8.1 804  90.0 682 8l.6 112

Table 6: Comparative studies of variants on GLUE dev sets on small models. The first block shows our baseline. The second
block presents the results of HC methods based on WordNet and Word2Vec embedding. The third block compares the word-

level regularization and sentence-level regularization.

antibodies are protein components of an adaptive immune system whose A4} function is to bind antigen ##s , or other sub-

stances in the body ...

[ Erimary_winding', ‘principal’, 'master’, 'elementary’, 'chief', 'primary’, 'elemental’, 'basal’, ‘primary_quill',

they could not have been in good shape after fighting into the next day in intense moderate heat and having to JIASIN in posi-

Gold: primary :
Frea® main 'primary_election', 'primary_feather', ‘primary_coil']
tion overnight , far from helpless and harassed by the infantry ...
(b)
Gold: stay
B remain 'ride_out', 'last_out', ‘abide’, 'stoppage’, ..., ]

['continue’, 'halt', 'stoE', ‘check’, 'delay’, 'quell', 'arrest’, 'remain’, 'bide’, 'detain’, 'persist’, 'stick_around',

Figure 3: Interpretation of the hard correction process. The orange box contain the input sentence, the purple buttons indicate
the gold and predicted tokens, and the blue box shows the WordNet synonyms for the gold token.

our task.1?

From Word-level to Sentence-level Regularization The
soft regularization approach measures the semantic distance
between the predicted one and the ground truth, which
may neglect the sentence-level context. We are interested
in whether measuring the sentence-level similarity would
achieve better results. To verify the hypothesis, we fill the
masked sentence s with the predicted tokens 7 to have the
predicted sentence s,,. Then, s, and s are fed to the Trans-
former encoder to have the contextualized representation
H,, and H,, respectively. To guide the probability distribu-
tion of model predictions H,, to match the expected proba-
bility distribution H,, we adopt Kullback-Leibler (KL) di-

19Since the HC method relies on synonym retrieval from exter-
nal sources, it is possible to bring false positive corrections theo-
retically. However, we seldom detect such cases in our preliminary
experiments, so we leave the open question for interested readers
to avoid deviating from the focus of this paper.
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vergence: Ly = KL(H), || Hs), where Ly, is applied as
the degree of sentence-level semantic mismatch. In detail,
we first apply softmax on the two hidden representations
to obtain two distributions, and then the KL divergence is
calculated between those two distributions. The loss func-
tion is then written as: £ = Ly, + Ly. For clarity,
we denote the original ELECTRASE | method described in

Eq. 3 as ELECTRAJR , and the sentence-level variant as
ELECTRAZH

Sent*

The comparative results are reported in the third block
of Table 6, which indicates that using sentence-level reg-
ularization (ELECTRAgf”nt) also outperforms the baseline
and nearly reaches the performance of word-level one
(ELECTRASR ) on average, with slightly better results on
MRPC and MNLI. Although ELECTRA%SM still keeps the
same parameter size with baseline, it leads to more compu-
tation resources because it requires the extra calculation for
the predicted sequence H,,. Therefore, considering the bal-



ance between effectiveness and efficiency, ELECTRASE
can serve as the first preferred choice for practical applica-
tions, and ELECTRA%&lt can be employed when computa-
tion resources are sufficient.'!

Case Studies To interpret how our method works, we
randomly select some hard correction examples as shown
in Figure 3 by taking the ELECTRAy,,,; as the baseline
model. We find that the baseline model produces reasonable
predictions such as main and remain, as opposed to the golds
ones, primary and stay. Those predictions will be deter-
mined as wrong and possibly harm pre-training. Fortunately,
such cases can be easily solved by our proposed method.
Though the synonym list may contain irrelevant words, our
correction will not bring false positives because it only cares
about whether the predicted word is in the shortlist or not.
Being a detected synonym is a sufficient condition, though it
is not a necessary condition as those predictions make up the
subset of false negatives. Therefore, inappropriate options in
the list would not bring side effects.

6 Related Work

Self-supervised learning is one of the major topics in train-
ing pre-trained models (Peters et al. 2018; Radford et al.
2018; Devlin et al. 2019; Zhu et al. 2022), which decides
how the model captures knowledge from large-scale unla-
beled data. Recent studies have investigated denoising pat-
terns (Raffel et al. 2020; Lewis et al. 2020), MLM alter-
natives (Yang et al. 2019), and auxiliary objectives (Lan
et al. 2020; Joshi et al. 2020) to improve the power of pre-
training. However, studies show that the current models still
suffer from under-fitting issues, and it remains challenging
to find efficient training strategies (Rogers, Kovaleva, and
Rumshisky 2020).

Denoising Patterns MLM has been widely used for pre-
training (Devlin et al. 2019; Lan et al. 2020; Clark et al.
2020; Song et al. 2020), in which the fundamental part is
how to construct high-quality masked examples (Raffel et al.
2020). The current studies commonly define specific pat-
terns for mask corruption. For example, some are motivated
from the language modeling units, such as subword masking
(Devlin et al. 2019), span masking (Joshi et al. 2020), and n-
gram masking (Levine et al. 2021; Li and Zhao 2021). Some
employ edit operations like insertion, deletion, replacement,
and retrieval (Lewis et al. 2020; Guu et al. 2020). Others
seek for external knowledge annotations, such as named en-
tities (Sun et al. 2019), semantics (Zhou et al. 2020; Zhang
et al. 2020b), and syntax (Zhang et al. 2020c; Xu et al.
2021). To provide more diversity of mask tokens, ROBERTa
applied dynamic masks in different training iterations (Liu
et al. 2019). These prior studies either employ pre-defined
mask construction patterns or improve the diversity of mask
tokens to help capture knowledge from pre-training.

"Besides the methods we discussed in this work, there are al-
ternative ways to achieve the regularization effects, e.g., using a
softmax temperature with the standard loss.
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MLM Alternatives To alleviate the task mismatch be-
tween the pre-training and the fine-tuning tasks, XLNet
(Yang et al. 2019) proposed an autoregressive objective for
language modeling through token permutation, which fur-
ther adopts a more complex model architecture. Instead
of corrupting sentences with the mask symbol that never
appears in the fine-tuning stage, MacBERT (Cui et al.
2020) proposes to use similar words for the masking pur-
pose. Yamaguchi et al. (2021) also investigates simple pre-
training objectives based on token-level classification tasks
as replacements of MLM, which are often computationally
cheaper and result in comparable performance to MLM.
In addition, training sequence-to-sequence (Seq2Seq) lan-
guage models has also aroused continuous interests (Dong
et al. 2019; Lewis et al. 2020; Raffel et al. 2020).

Auxiliary Objectives Another research line is auxiliary
objectives in conjunction with MLM, such as next sen-
tence prediction (Devlin et al. 2019), span-boundary objec-
tive (Joshi et al. 2020), and sentence-order prediction (Lan
et al. 2020). Such line of research emerges as hot topics, es-
pecially in domain-specific pre-training, such as dialogue-
oriented language models (Zhang et al. 2020a; Wu et al.
2020; Zhang and Zhao 2021).

As the major difference from the existing studies, our
work devotes itself to mediating misconceived negatives as
the essential drawback of MLM during the MLE estimation
and aiming to guide language models to learn from true neg-
atives through our newly proposed regularization and cor-
rection methods. Besides the heuristic pre-trained patterns
like masking strategies during data construction, we stress
that there are potential post-processing strategies to guide
the MLM training: correction and pruning. Those strate-
gies are considered to deal with the false negative issue dur-
ing MLM training, where the model would yield reasonable
predictions but discriminated as wrong predictions because
such predictions do not match the single gold token for each
training case. For example, many tokens are reasonable but
written in different forms or are the synonyms of the ex-
pected gold token. We could directly drop the uncertain pre-
dictions or correct the training with soft regularization. Pro-
moting our view to sentence level, the similarity between
the predicted sentence and the original sentence can also be
taken into account to measure the sentence-level confidence
that indicates how hard the task is, which would be benefi-
cial to provide more fine-grained signals and thus improve
the training quality.

7 Conclusions

The work identifies the false negative issue in language
model pre-training and proposes methods to counteract it.
Though discriminative PLMs may quite straightforwardly
suffer from the false negative issue according to our explo-
ration in this work, it has been completely ignored for a long
time, and it is a bit surprising that maybe this work is the first
one that formally considers such a big pre-training leak. Our
work indicates that mediating false negatives is so important
that counter-false-negative pre-training can synchronously
improve the effectiveness and robustness of PLMs.
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