Making Pretrained Language Models Good Long-tailed Learners
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Abstract

Prompt-tuning has shown appealing perfor-
mance in few-shot classification by virtue of its
capability in effectively exploiting pre-trained
knowledge. This motivates us to check the hy-
pothesis that prompt-tuning is also a promising
choice for long-tailed classification, since the
tail classes are intuitively few-shot ones. To
achieve this aim, we conduct empirical studies
to examine the hypothesis. The results demon-
strate that prompt-tuning makes pretrained lan-
guage models at least good long-tailed learn-
ers. For intuitions on why prompt-tuning can
achieve good performance in long-tailed clas-
sification, we carry out in-depth analyses by
progressively bridging the gap between prompt-
tuning and commonly used finetuning. The
summary is that the classifier structure and pa-
rameterization form the key to making good
long-tailed learners, in comparison with the
less important input structure. Finally, we ver-
ify the applicability of our finding to few-shot
classification.!

1 Introduction

Pretrained language models (PLMs) with CLS-
tuning (i.e., finetuning a PLM by applying a clas-
sifier head over the [CLS] representation) have
achieved strong performance in a wide range of
downstream classification tasks (Devlin et al., 2019;
Liu et al., 2019a; Raffel et al., 2020; Wang et al.,
2019b). However, they have been less promising
in the long-tailed scenario (Li et al., 2020). The
long-tailed scenario is different from common sce-
narios due to the long tail phenomenon exhibited
in the class distribution, as illustrated in Figure 1.
The long-tailed class distribution prevents PLMs
from achieving good performance, especially in

Jingang Wang and Dawei Song are the corresponding
authors.
'Good long-tailed learners are abbreviated as & GLEE.
Code and data are available at https://github.com/
GeneZC/Glee.
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Figure 1: An example long-tailed class distribution from
IFLYTEK dataset (Xu et al., 2020), where we can distin-
guish tail classes from head classes.

tail classes that only allow learning with very few
examples (dubbed tail bottleneck).

Recent advances on Prompt-tuning® have wit-
nessed a surge of making PLMs better few-shot
learners (Schick and Schiitze, 2021; Gao et al.,
2021; Scao and Rush, 2021). Prompt-tuning re-
quires PLMs to perform classification in a cloze
style, thus is superior to CLS-tuning in two as-
pects: 1) it aligns the input structure with that of
masked language modeling (MLM); and 2) it re-
uses the classifier structure and parameterization
from the pretrained MLM head. These two merits
of Prompt-tuning equip PLMs to better exploit pre-
trained knowledge and hence gain a better few-shot
performance than that with CLS-tuning.

The success of Prompt-tuning in few-shot sce-
narios motivates us to hypothesize that Prompt-
tuning can relieve the tail bottleneck and thus make
PLMs good long-tailed learners. The reason why
we make such a hypothesis is that the tail classes
are intuitively few-shot ones. However, long-tailed

*Prompt-tuning can be an ambiguous term regarding the
parameter-efficient prompt tuning (Lester et al., 2021). How-
ever, we insist on the use of it to accord with CLS-tuning.
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classification is different from few-shot classifica-
tion to a certain extent, as it allows the possibility to
transfer knowledge from head classes to tail ones.

We empirically examine the hypothesis by con-
ducting empirical evaluations on three long-tailed
classification datasets. The comparison results
show that PLMs can be good long-tailed learn-
ers with Prompt-tuning, which outperforms PLMs
with CLS-tuning by large margins. Besides, Prompt-
tuning even exhibits a better performance than that
of CLS-tuning with appropriate calibrations (e.g.,
focal loss Lin et al. 2017). The widely accepted
decoupling property (Kang et al., 2020) claims that
a good long-tailed learner should enjoy a nearly
uniform distribution in terms of weight norms, oth-
erwise the norms of head classes can be way much
larger than the tail ones’. It is therefore expected
that the weights tuned with Prompt-tuning own a
flat distribution. We validate the property of Prompt-
tuning by visualizing the norms of trained classifi-
cation weights across classes. With the compelling
results, we put that our hypothesis is valid.

We also provide further intuitions by asking why
Prompt-tuning could be so promising, as shown in
the above empirical investigations. Through in-
depth analyses, we uncover that re-using the classi-
fier structure and parameterization from the MLM
head is a key for attaining the good long-tailed
performance, largely outweighing the importance
of aligning the input structure with that of MLM.
CLS-tuning, with classifier structure derived and
parameters partly initialized from the MLM head,
approximates the performance of Prompt-tuning.
We believe that this observation would as well shed
light on related work that aims to improve Prompt-
tuning itself. As such, we finally present the com-
parison results of the improved CLS-tuning and
Prompt-tuning in the few-shot scenario, suggest-
ing the applicability of the improved CLS-tuning to
few-shot classification.

2 Background

2.1 Long-tailed Classification

Long-tailed classification basically follows a classi-
fication setting. Given a dataset D = {(x;, y;)}i in
which (z,y) ~ P(X,)), a model M is required
to learn to approximate P() | X') as accurate as
possible so that it can correctly predict the label
from the input. However, the long-tailed classifica-
tion differs from the common classification setting
in that P()) is a long-tailed one, prohibiting M

from achieving a good optimization, especially on
tail classes.

2.2 Finetuning

CLS-tuning Pretrained with the special token
[CLS] for overall semantics, PLMs can be fine-
tuned with classifiers over the [CLS] representa-
tions for classification (Figure 2(a) left).

The optimization objective can be depicted as:

LoLs = —log P(y; | 43 M), (1)

which is exactly a cross entropy loss. Here, M can
be disassembled to a backbone £ and a classifier
C. While € is a PLM producing [CLS] represen-
tation, C is a Tanh-activated MLP. Here, the MLP
typically consists of two feed-forward linear lay-
ers. To be more specific, we name the classifier for
CLS-tuning as CLS head (Figure 2(a) right), and
generally the last layer of the classifier as predictor.
We also name the input as CLS input for brevity.

Prompt-tuning For PLMs that are pretrained
with an MLM objective, it is natural to finetune
the PLMs in an MLM-like cloze style for better
exploitation of the pretrained knowledge.

To reach the goal, a template 7 and a verbalizer
Y are introduced (Schick and Schiitze, 2021). The
template converts the original input to an input
with one [MASK] token that should be recovered,
in other words MLM input. The verbalizer maps
all labels to their corresponding tokens, and the
model should predict the token corresponding to
the correct label. In particular, for a label that
is mapped to multiple tokens, one [MASK] should
be faced with the issue of inability of multi-token
completion. We are inspired by the average strategy
in Chen et al. (2021); Hu et al. (2021), and treat the
average of logit values for multiple tokens as the
logit value for the label.

For example (Figure 2(b) left), the template for
sentiment classification can be:

T (x) = x. It was [MASK]., (2)
Accordingly, the verbalizer can be:

y is label:positive

great
V(y) = : : RN )
terrible  y is label:negative

Thereby, the optimization objective is described
as:

Lprompt = — log P(V(yi) | T(z:); M), (4
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( [CLS] ) The movie tonight is fascinating ! [SEP] ) Linear
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(a) CLS-tuning

(b) Prompt-tuning

Figure 2: Ilustration of two finetuning schemes.

where £ in M generates the [MASK] representa-
tion, and C is the pretrained MLM head. The
MLM head (Figure 2(b) right) is activated with
a GELU (Hendrycks and Gimpel, 2016) and nor-
malized with a layer normalization (Ba et al., 2016;
Vaswani et al., 2017; Devlin et al., 2019). Note
that £ and C share a part of parameters (i.e., the
word embeddings in £ and the predictor over the
vocabulary in C).

2.3 Research Hypothesis

As discussed in the leading Section 1, we observe
that, in a long-tailed class distribution, each of the
tail classes is provided with very few examples,
typically fewer than one tenth of the number of
a common class. This brings challenges in long-
tailed classification. Meanwhile, Prompt-tuning has
been demonstrated to make PLMs better few-shot
learners by exploiting pretrained knowledge.

Therefore, we are inspired to hypothesize that
Prompt-tuning can make PLMs good long-tailed
learners, as pretrained knowledge is intuitively
learned from a long-tailed vocabulary. In the fol-
lowing, we present a series of empirical examina-
tions to test whether our hypothesis is valid or not
in Section 3, and why it is so in Section 4.

3 Empirical Examination

3.1 Setup

Datasets We conduct examinations on five long-
tailed classification datasets, ranging from Chinese
to English ones. The first one is a medical in-
tent question detection dataset (CMID) (Chen et al.,
2020). The second one is an application category
classification dataset (IFLYTEK) maintained by
CLUE (Xu et al., 2020). The third one is a clinical
trial criterion categorization dataset (CTC) (Zong
et al., 2021). The fourth one is an entity typing
dataset (MSRA) originally released as a named en-
tity recognition dataset (Levow, 2006). The last
one is a document topic classification dataset (R52)

essentially derived from Reuters 21578 dataset (De-
bole and Sebastiani, 2004).

For datasets that originally do not include a test
set (e.g., IFLYTEK), we use the development set as
test set and randomly take 10% of the training set
as development set. The statistics of these datasets
are listed in Table 1.

Templates and Verbalizers For Prompt-tuning,
example templates for the three datasets separately
are shown as below:
e CMID: z? The intent of the question is
[MASK].

* IFLYTEK: x. The mentioned application be-
longs to [MASK].

e C1C: =.
[MASK].

The category of the criterion is

e MSRA: x. The e in the sentence is [MASK].

* R52: z. This is [MASK].
where = denotes the input, and e denotes the men-
tioned entity in the sentence offered in MSRA.
Here, necessary English translations of Chinese
templates are used, and the according Chinese tem-
plates are listed in Appendix A.

Since there are many classes for each dataset,
we leave the details on verbalizers to Appendix A.
Basically, the verbalizers are deduced from class
descriptions after removal of some less meaningful
tokens (e.g., punctuations).

Implementation Experiments are carried out on
an Nvidia Tesla V100. All models are imple-
mented with PyTorch? and Transformers* libraries.
We initialize models with the Google-released
bert-base-chinese and bert-base-uncased
checkpoints®. For parameter settings, the batch
size is 32, the learning rate is 1le-5, the weight de-
cay is 0, and lastly the gradient norm is constrained

Shttps://github.com/pytorch/pytorch
*https://github.com/huggingface/transformers
5https: //github.com/google-research/bert
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Table 1: Statistics of the long-tailed datasets.

Dataset  #Train exam. #Dev exam. #Testexam. #Avg. tokens #Classes
CMID 8,678 1,226 2,450 320 36
IFLYTEK 10,920 1,213 2,599 289.2 119
CtC 20,666 2,296 7,682 27.2 44
MSRA 106,301 11,811 8,419 82.9 26
R52 5,943 617 2,570 114.8 52

to 1. We train the models for 10 epochs with pa-
tience of 2 epochs. In order to stabilize the training
procedure, we add a linear warm-up for 1 epoch.
The maximum sequence length is set according
to the dataset, specifically, 64 for CMID, 512 for
IFLYTEK, 64 for CTC, 128 for MSRA, and 256 for
R52.

Metrics Since we are more concerned with
model performance across different classes, we
use the macro F1 scores as main performance met-
ric. We also offer the macro F1 scores of head
(Head scores) and tail classes (Tail scores) sepa-
rately to gain a fine-grained understanding of the
model performance. To separate head classes from
the tail classes, we sort all classes in descending
order according to the number of examples within
each class. According to the power law, we should
get head classes that take up 80% of all examples.
However, we find some tail classes with very lim-
ited examples can be included in this manner. So
we manually determine the percentage for each
dataset, specifically, 55% for MSRA and R52, 65%
for CMID and IFLYTEK, and 80% for CTC. In
addition, we also gather the accuracy scores (Acc
scores) for reference. We take average scores over
5 runs as the results, attached with variances.

3.2 Comparison Results

In order to examine whether our hypothesis that
Prompt-tuning can make PLMs good long-tailed
learners is valid or not, we first conduct an evalu-
ation on the long-tailed datasets. The results are
given in Table 2.

A key finding from the comparison results is
that Prompt-tuning outperforms CLS-tuning by large
margins across datasets in terms of F1 scores.
And Prompt-tuning in fact owns performance with
lower variances compared with CLS-tuning. Prompt-
tuning even exhibits better F1 scores than calibrated
CLS-tuning (e.g., focal loss in our case). Besides,
focal loss does not bring further improvement over
Prompt-tuning, implying Prompt-tuning is a suffi-
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Figure 3: Weight norm visualization. Classification
weight norms of the model trained on IFLYTEK.

ciently good long-tailed learner. Contrarily, cali-
bration methods can unexpectedly degrade perfor-
mance of CLS-tuning (on MSRA) due to inadequate
hyperparameter search. Further, the comparison of
Head and Tail scores hints that Prompt-tuning im-
proves long-tailed performance by keeping a better
trade-off between the head and tail, where Prompt-
tuning achieves much better results on the tail. Yet,
Prompt-tuning could slightly give a negative impact
to Head scores.

Overall speaking, we can put that our hypothe-
sis is valid, indicating a positive effect of Prompt-
tuning.

3.3 Weight Norm Visualization

For sake of a deeper investigation of the hypothe-
sis, we visualize the weight norms customized to
different classes. The weights are essentially de-
rived from the predictor of the classifier C. The
motivation behind the visualization is rooted on the
widely accepted decoupling property (Kang et al.,
2020), which claims that the learning of the back-
bone and classifier is in fact decoupled from each
other. In other words, the long-tailed class distribu-
tion affects the classifier a lot, but might have little
impact on the backbone. To this end, it is largely
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Table 2: Comparison results. AVG denotes average results over all datasets. The best AVG scores are boldfaced. The
variances are attached as subscripts.

Dataset CMID IFLYTEK CTtC MSRA R52 AVG
Metric Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc Fl
CLS-tuning 51. 1()‘4 37.32‘3 58.70_4 33.7 1.6 84.60(3 77.22(9 99.0(11 97.51() 95.3()‘2 67.313 77.7 62.6
w/ 7-norm 51.10'5 37.42'0 59.10.3 35~7146 84.7042 77.3341 99.0041 97.4049 95.40'3 68.9]'9 719 63.3
w/ focal loss 51 .00,7 42.1 13 58.80.3 36.01‘6 84.30‘4 78.524 99.0()‘1 96.812 95.7()‘2 72.82.3 77.8 65.2
Prompt-tuning 49.30,7 43.40_7 61.20_5 44.41_0 84.20_1 80.90_1 99.10_0 97.80,3 95-70,1 85.30,6 779 70.4
w/ focal loss  48.606 42.506 59.706 43.907 83506 80.207 99.001 97207 95503 82.604 773 693
Metric Head Tail Head Tail Head Tail Head Tail Head Tail Head Tail
CLS-tuning 50310 34.139 61.80¢ 27419 87792 74137 99207 97417 99.00;, 66613 79.6 599
w/ 7-norm 50.30,9 34.32,7 62.10.4 29.72‘0 87.80‘2 74,340 99.2()‘1 97.310 99.0()‘1 68.31.9 79.7 60.8
w/ focal loss 49.80_8 40.21_5 62.00_4 30.21_9 87.50_3 75.93_1 99.30_0 96.71_3 99.00_0 72.32_4 79.5 63.1
Prompt—tuning 48.41'0 42.20'7 63.60.4 40.1 1.2 87.40‘2 79.002 99.2()‘1 97.703 98.6()‘1 85.0()‘6 79.4 68.8
w/ focal loss 47-10.8 41-40.8 62.30.6 39.80.8 86.7()‘5 78.3()‘7 99.30(1 97.107 98.8()‘1 82.324 78.8 67.8

acknowledged in previous studies (Lin et al., 2017;
Kang et al., 2020) that a good long-tailed learner
should make weight norms roughly in the same
scale, while a bad one sees a weight norm decay
from the head to tail. The visualization is shown in
Figure 3.

From the plot, we discover that CLS-
tuning makes PLMs bad long-tailed learners, as it
possesses large weight norms for the head while
small ones for the tail. Applied to CLS-tuning, the
focal loss slightly flattens the weight norm slope.
As expected, Prompt-tuning makes PLMs own a
way more flat distribution. This may be the reason
why focal loss does not bring improvement over
Prompt-tuning. While one may wonder whether
weight norm regularization could boost long-tailed
performance, n-norm is actually a calibration
method to adjust weight norms so that they can be
in similar scales, showcasing minor improvement
of weight norm regularization.

The contrast indicates that Prompt-tuning makes
PLMs good long-tailed learners.

4 Analyses

Although we have verified that our hypothesis is
valid, we are more of thirst to see why Prompt-
tuning can be so promising and provide further
intuitions. To this demand, we consider three re-
search questions here and carry out in-depth analy-
ses to answer them. We also hope the analyses can
shed light on the design of Prompt-tuning itself in
related areas.

* RQ1: Does the shared embedding contribute
to Prompt-tuning?

* RQ2: Does the input structure (i.e., MLM
input) contribute to Prompt-tuning?

* RQ3: Does the classifier structure and param-
eterization (e.g., layer normalization used in
MLM head) contribute to Prompt-tuning?

4.1 Impact of Shared Embedding

The first question comes into our mind is that
whether it is the parameter sharing between the clas-
sifier and backbone that helps Prompt-tuning sur-
vive from collapsing. Hence, we decouple the
parameters shared by the classifier and backbone
(i.e., without shared embedding during optimiza-
tion) and compare the results in Table 3 before and
after the parameter decoupling.

We observe that the decoupling somehow has
little impact on the performance (Prompt-tuning v.s.
Prompt-tuning w/ ed.). Reversely, ed. even de-
grades the performance of Prompt-tuning. The
phenomenon gives a possibly negative response
to RQ1.

4.2 TImpact of Input Structure

We explore whether the input structure is a signifi-
cant factor regarding long-tailed performance. To
this end, we arm CLS-tuning with MLM input so
that CLS-tuning may share the input structure and
representation for classification as Prompt-tuning.
The results in Table 3 demonstrate that the MLM
input somewhat affects the performance of CLS-
tuning, in terms of both Acc and F1 scores (CLS-
tuning v.s. CLS-tuning w/ prompt). We attribute
the performance detriment to mismatch of the CLS
head and MLM input. That is, PLMs are not pre-
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Table 3: Analysis results. AVG denotes average results over all datasets. The best AVG scores are boldfaced. The
content after CLS-tuning indicates the activation that is being used, where T is Tanh and R is ReLU. LN stands
for layer normalization. pt. is short for pretrained and ed. is short for embedding decoupling. The variances are

attached as subscripts.

Dataset CMID IFLYTEK CtC MSRA R52 AVG
Metric Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1
CLS-tuningo T 51.1g4 37.323 58704 33.716 84.6035 77229 99.001 97510 95302 67313 77.7 626
w/ 7)-norm 51. 10,5 37.42‘0 59. 1(),3 35.71,(, 84—.70‘2 77.33,1 99.00,1 97.4()‘9 95.4—0,3 68.91,9 77.9 63.3
w/ focal loss 51 .00.7 42.1 13 58.8()‘3 36.01,6 84.30‘4 78.524 99.00,1 96.812 95.7()‘2 72.82,3 77.8 65.2
CLS-tuningo R 50904 34.514 58703 33311 84404 77110 99.001 97705 94204 562,5 774 598
w/ n-norm 50905 34813 58.4p3 33310 84.604 78.015 99.100 97.805 94303 56.3;9 77.5 60.0
w/ focal loss 51 .00,5 40.1 1.5 58.80,4 34.60,1 84.603 76.90_6 99,00,1 97.015 95.103 66,02,7 77.7 62.9
CLS-tuning o R
w/ prompt 49.70s5 33.104 58403 32810 84.601 77230 99.001 96993 94.103 5453, 772 589
w/ LN 51306 42.014 59706 39.10s 84.605 79422 99.1p;7 97.1p3 96.1po 77735 782 67.1
w/ pt. LN 50.806 42.512 59404 41499 84405 79715 99.101 97705 9629, 82.0,3 780 68.7
Prompt-tuning 49.30_7 43.40_7 61.2()_6 44.41_0 84.20_1 80.9()_] 99.10_0 97.80_3 95.7()_[ 85.30_5 77.9 70.4
w/ ed. 49407 43.607 61.007 44410 84204 80509 99.002 96914 95702 8499 779 70.1
Metric Head Tail Head Tail Head Tail Head Tail Head Tail Head Tail
CLS-tuningo T 503109 34.139 61.80¢ 27.419 87702 74137 99201 97411 99.00;1 66613 79.6 599
w/ n-norm 50300 34327 62104 29720 87.802 74340 99201 97310 99.001 68319 79.7 60.8
w/ focal loss 4—9.80,3 40.215 62.0(),4 30.21,9 87.503 75.93,1 99.30,0 96.713 99.0(),0 72.32,4 79.5 63.1
CLS—tuning oR 50.70.4 30.61] 61.7(){, 26.81,3 87.5()‘2 74.113 99.20,1 97.60(5 99.()0‘1 55~42.6 79.6 56.9
w/ m-norm 50497 31.000 61.7907 26814 87703 75.119 99201 97705 99.00» 555,90 79.6 572
w/ focal loss 50.30.5 374617 61.90'3 28.41'6 87.6()‘3 73-70.8 99.20'1 96.916 99.0(),2 65.32,3 79.6 60.4
CLS-tuning o R
w/ prompt 49.70‘9 29.1()‘5 61.509 26.31‘3 87.5()‘1 74.239 99.20‘1 96.8()‘3 99.0(“ 53.63‘2 79.4 56.0
w/ LN 50.007 40.016 63.106 33.709 87.604 77.007 993¢2 97.008 99.001 77336 79.8 65.0
w/ pt. LN 49.505 40.814 62703 36.611 87504 77419 99201 97.606 99.001 81.619 79.6 66.8
Prompt-tuning  48.4;0 42207 63.604 40.115 87402 79.002 99201 97.703 98.691 85006 794 68.8
w/ ed. 48210 42507 63.604 40.1;2 87403 78511 99301 96815 98.702 84.619 79.4 685

trained in the way that CLS head should decode
the MLM input. And the results naturally suggest
a possibly negative response to RQ2.

4.3 Impact of Classifier Structure and
Parameterization

We also investigate the impact of the classifier struc-
ture and parameterization, given structural and pa-
rameter differences between classifier heads used
by CLS-tuning and Prompt-tuning. We aim to check
whether it is the discrepancy between classifiers
that biases the learning. To study the impact, we
replace the Tanh in CLS-tuning with ReLU. We use
ReLU here as an alternative of GELU owing to the
fact that ReLU is more prevalent in the finetuning
stage. Then, by adding a layer normalization af-
ter the ReLLU activation, we fill the structural gap
between two classifiers. We also perform a natu-
ral follow-on action, re-using the statistics of the
layer normalization from the MLM head to further

enhance the classifier. The results are presented in
Table 3.

It is revealed that the ReL.U variant sometimes
yields surprisingly deteriorated results when com-
pared to CLS-tuning with Tanh. However, when
the ReLLU variant is additionally armed with a suc-
ceeding layer normalization (CLS-tuning w/ LN),
it can surpass the original CLS-tuning by certain
margins. Notably, CLS-tuning w/ LN has better
Acc scores than Prompt-tuning does, potentially
suggesting the balanced use of CLS-tuning w/ LN
in real-world applications. Besides, by re-using
the MLM layer normalization (CLS-tuning w/ pt.
LN), CLS-tuning approximates Prompt-tuning at
once. The results imply an absolutely positive re-
sponse to RQ3. We conjecture the observation is
underpinned by an information perspective towards
regulated features.

For the ReLU variant, negative features will be
zero out, leading to a cut-down of information. The
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Figure 4: An illustration of sampled feature distribu-
tions, for both the head and tail.

information cut-down can be referred to as “dying
ReLU” problem (Lu et al., 2019; Kayser, 2017)
when negative features take a large portion. The
information loss may be problematic to the head,
and even more unfriendly to the tail that is under-
represented (i.e., with much fewer examples). As
a consequence, under-represented classes can be
represented with high bias (and potentially high
variance). In contrast, Tanh manipulates features
without any tailoring, but restricts values to a con-
stant range (i.e., from -1 to 1). Despite the reduced
learning burden, Tanh suffers from large saturation
area (Xu et al., 2016). Thereby, the information of
some tail classes can be compressed with detriment.
Existing literature (Girshick et al., 2014; He et al.,
2015; Xu et al., 2015) calibrates the situation by
relaxing negative features. On the other hand, the
layer normalization can compensate the informa-
tion loss caused by ReLU. With learned affinities
(a.k.a., element-wise weights and biases), the layer
normalization shall properly re-locate and re-scale
the ReLU-activated features so that knowledge at-
tained from the head can be transferred to the tail
and the debuff of ReLLU can be alleviated.

We add an illustration via Figure 4 for a more
intuitive understanding of the above explanation.
Taking examples of a sampled head class (com-
merce) and a sampled tail class (delivery) from
IFLYTEK, we plot the distributions of the first 10
features in feature vectors (i.e., final hidden state
vectors correspond to [CLS] tokens) derived from
these examples. From the plot, we can see that
ReLU certainly drops information of quite a few
features of the tail (6 out of 10) and Tanh com-
pulsively has features descend into the pre-defined
range to involve themselves in optimization, both

Table 4: Statistics of few-shot datasets.

Dataset  #Test exam. #Avg. tokens
Ecom 610 47.7
RTE 277 523
BooLQ 3,270 105.3

limiting the expressiveness of features. The ran-
domly initialized layer normalization re-activates
the dead features from the ReLLU by re-locating
them, but largely leaving them in fixed scales (6 out
of 10). Furthermore, the pretrained layer normal-
ization from the MLM head transfers knowledge
from the head to tail and makes the features of the
tail diversely distributed by re-scaling them.

5 Applicability to Few-shot Classification

From the analyses above, we come up with an al-
ternative to CLS-tuning that owns a comparable
effectiveness with Prompt-tuning for long-tailed
classification, by equipping CLS-tuning with the
structure and the layer normalization affinities of
the pretrained MLM head. With this much simpler
surrogate classifier, we prefer to retrospectively
explore how the classifier would perform in the
few-shot scenario, especially when compared with
Prompt-tuning. The intuition is that, while the layer
normalization can not transfer knowledge from the
head to tail any longer in few-shot classification,
its innate friendliness to the tail can probably be
applied to few-shot classes for generalization.

Therefore, we conduct experiments on three
few-shot datasets, ECOM from FewCLUE (Xu
et al., 2021), and RTE, BooLQ from Super-
GLUE (Wang et al., 2019a; Schick and Schiitze,
2021). EcoM is a review sentiment classification
dataset, RTE (Wang et al., 2019b) is a two-way en-
tailment dataset, and BooLQ (Clark et al., 2019)
is a yes-or-no question answering dataset.

While ECOM has already been designed for few-
shot learning, the others are not originally. For
the latter two, we treat the original development
set as the test set following Gao et al. (2021),
and randomly sample 32 examples uniformly from
the original training set as the training set follow-
ing Schick and Schiitze (2021). To strictly fol-
lowing a true few-shot setting (Perez et al., 2021),
32 examples that do not overlap with those in our
training set are used to form the development set.
The implementation is akin to the one we used for
the long-tailed experiments. The batch size is re-
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Table 5: Applicability to few-shot classification results.
AVG denotes average results over all datasets. The best
AVG scores are boldfaced. The variances are attached
as subscripts.

Dataset EcoMm RTE BOOLQ AVG
Metric Acc Acc Acc Acc
CLS-tuningo T  63.6195 48.639 60.113 57.4
CLS-tuningo R 64.7,7 48.736 55275 56.2

w/ prompt 60.055 49.7,3 59.943 56.5

w/ pt. LN 68.750 55.008 59.117 609
Prompt-tuning 77395 51813 60.7,9 63.3

duced to 2 due to the small scale of training data.
bert-base-uncased is leveraged as the backbone
for English datasets. The maximum length is set to
64, 128, and 256 respectively for ECOM, RTE, and
BooLQ. The statistics of these datasets are listed
in Table 4.

The example templates and verbalizers are listed
in Appendix B.

Moreover, since few-shot experiments are sen-
sitive to the choice of hyperparameters, we again
take average accuracy scores over 5 runs as the
results, attached with variances.

We can observe from Table 5 that CLS-
tuning with ReLLU and pretrained layer normaliza-
tion can perform better than other CLS-tuning base-
lines, but may not necessarily hold across datasets.
The filled gap between CLS-tuning and Prompt-
tuning shows the scalability of our finding to few-
shot classification. However, we encourage future
work to explore the regime for a more comprehen-
sive understanding.

6 Related Work

PLMs have brought classification tasks to a brand-
new stage where the solutions to these tasks are
way much simpler than ever (Devlin et al., 2019;
Wang et al., 2019b). However, PLMs are still sub-
optimal for some corner cases, such as few-shot
classification (Zhang et al., 2021) and long-tailed
classification (Li et al., 2020).

For few-shot classification, Prompt-tuning, which
finetunes models in a language modeling fashion, is
increasingly taking a central role in the mainstream
methods (Liu et al., 2021). Since PLMs are mostly
trained with language modeling objectives, Prompt-
tuning becomes, as water is to fish, the key to un-
earthing the few-shot or even zero-shot learning
capabilities of PLMs (Brown et al., 2020; Schick

and Schiitze, 2021; Scao and Rush, 2021). Instantly
after the success, the engineering of prompts drives
related research on prompt search/generation (Jiang
et al., 2020; Shin et al., 2020; Gao et al., 2021)
and various downstream applications such as text
generation (Li and Liang, 2021), relation extrac-
tion (Chen et al., 2020), and entity typing (Ding
et al., 2021). Recently, Prompt-tuning also serves
as an alternative way for parameter-efficient fine-
tuning by only finetuning parameters of the in-
serted continuous prompts (Lester et al., 2021; Ma
et al., 2022), in place of previously adopted adapter-
tuning (Houlsby et al., 2019). The parameter effi-
ciency brought by Prompt-tuning has blazed a trail
for increasingly large language models.

In contrast, little work has been investigated to
make PLMs good long-tailed learners. Intuitively,
the tail classes are essentially few-shot ones. Thus,
we speculate that Prompt-tuning is also a promising
choice to make PLMs good long-tailed learners via
transferring knowledge of head classes. As long-
tailed classification is a long-standing problem in
the general area of machine learning (Lin et al.,
2017; Liu et al., 2019b; Zhou et al., 2020; Kang
et al., 2020; Tang et al., 2020) and the long-tailed
phenomenon also exists in the domain of natural
language processing, we believe that a systematic
exploration on whether and why Prompt-tuning can
make PLMs good long-tailed learners will facilitate
further advances in the related areas.

7 Conclusions

Inspired by the success of Prompt-tuning in few-
shot learning, we empirically examine whether
Prompt-tuning can make PLMs good long-tailed
learners in this work. The results validate the hy-
pothesis. We also conduct in-depth analyses on
why Prompt-tuning benefits PLMs for long-tailed
classification, from the perspectives of coupling,
classifier, and input respectively, to offer further
intuitions. Based on the analyses, we summarize
that the classifier structure and parameterization
are crucial for enhancing long-tailed performance
of PLMs, in contrast to other factors. Extended em-
pirical evaluation results on few-shot classification
show that our finding would shed light on related
work that seeks to boost Prompt-tuning.

Limitations

Since prompt-tuning is shown sensitive to small
variations of templates, it should be performed with
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reasonable templates. However, we do not study
the impact of different templates since our work
is not concerned with finding a good template for
long-tailed classification.
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A Templates and Verbalizers for
Long-tailed Datasets

The templates and verbalizers for three long-tailed
datasets are separately listed in Table 6, Table 7,
Table 8, Table 9, and Table 10.

B Templates and Verbalizers for Few-shot
Datasets

The templates are:
« Ecom: z. iXIFIR B i [IMASKIYT.
(. The product mentioned in the review is
[MASK] good.)

e RTE & BOOLQ: p. Question: ¢? The answer:
[MASK].
where p denotes the passage or premise, and ¢
denotes the question or hypothesis. Accordingly,
the verbalizers are:
» EcoM: {label:positive—1R(very),
label:negative— /~(not)}

* RTE: {label:entailment—yes,
label:not_entailment—no}

* BooLQ: {label:true—yes,label:false—no}
Here, English translations are additionally used for
Ecowm.
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Dataset CMID

Template w3 [ R P 2 [MASK .

labelJFAETRTT 7 15— IRIETRTT 77 1% (disease treatment),
label:JFFE RE X —JpiE FE Y (disease definition),
label:JpFE I PR & BRCFIE R IN) — R AE I PR R BT AE R Pl (disease symptom),
label: %38 I fE — Z%)7& A iE (medicine applicability),
label: H At TE1E#H & — HADTEIEEH % (others undefined),
label: R AEZE 2 — fRAiE 22 B (disease contradiction),
label: 7 AEAH F IR AE — R AEFE IR iE (disease related diseases),
label: E AN E— EABKT . (others contrast),
label: 24 BI1E FH — 2941 Bl E FH (medicine side-effect),
label: Zj¥2E 5 — 254122 S (medicine contradiction),
label: E-Ath £ [7] — HAth £ [A] (others multiple questions),
label: 7R E N7 Kl — P iE7 BBl (disease cause),
label: YRYT 77 AT AR TT B — 18T 77 RALIR KK J7 ZE (treatment exmination),
label:VAIT 71 2 E —1RIT 77 K E (treatment recovery),
label:Jp3IE /™ B 7 — R iE /™ 22 P (disease severity),
label JFRETA AL — 55 E VA 1 & (disease cure rate),
label: Z9) FH 1 — 2% FH ¥ (medicine usage),
. label: 21 E F — 23 1/E H (medicine effect),
Verbalizer
label: Eo AW P — FoAth B3 14 (others sex),
label:YR7T 77 R1E W 18R — 1677 77 R 1IE ¥ F5 ¥R (treatment normal indication),
label: HoAh 3742 — H A 57 4E (others health),
label:VAIT 71 £ 77 1% —1RIT /1 %77 i (treatment method),
labelJFFIE (% Jet — I fiE 1% YetE (disease infectivity),
label: Z3#) A 53— 259 Al 53 (medicine component),
label:J73fiE T 5 — Jp AE FiBH (disease prevention),
label:V&YT 77 VK E I 8] —VRYT 77 2 VK 2 I [A] (treatment recovery duration),
label: 355 JiE 1 75 B [ — i iE #8757 = B (disease recommende hospital),
label:VATT 71 Z 3% Fi — 1R YT 77 22 7% H (treatment cost),
label: 1677 77 RIG IR R X =187 7 RIRPRE X (treatment significance),
label: HoAth % A F 12— HAh 1% % FH ¥ (others device usage),
label:YATT 71 ZIT 30— 1RIT 77 Z2I7 R (treatment efficacy),
label: Z5¥) 115 — 2541 . (medicine price),
label:VRTT 77 R R (8] = 1677 77 2276 54 [l (treatment effective duration),
label: H A HE Y — HABHEZS (others cosmetic),
label S T8 AL = — 3 IE T )& B = (disease department),
label: YR YT 75 ZVRITIN Al =BT 77 22187 I [A] (treatment duration)

Table 6: Template and verbalizer for CMID (with necessary translations).
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Dataset IFLYTEK

Template oI XA TERAREIY) 8 T IMASK].

label:¥T = — 4T % (taxi),label: 5/l — 5 (navigation),label: WIFI— wifi,
label: F %= — FH %= (car rent),label: [A] 3 — [F]3k(urban service),label: Hi — % (express),
label:ﬁ@ﬁ?%i@ﬁ?(wedding),label:%ﬂﬁ(%%ﬂﬁ((house service),
label: /A F: 2T i — 7 \#\Tﬁ(public transpon),label:Lﬂ(%%ﬁ%(government affair),
label: #t [X ARk 55— #t IZEE%(community service),label: J§F-E — §#FF(deal hunter),
label: & £]— B %] (magic game),label:fll1 £ — il f#(warrior game),
label: F f# — K B (card game),label: %5 — 23 fifi (flight game),
label: 57 i — & 5 (shooting game),label: Kk K] — f& [ (leisure game),
label: B{E—B{E(action game),label: & & — £ & (sports game),
label: #LFE — HL ¥ (board game),label: 37 i — 37 Al (simulation game),
label: % — TR H% (strategy game),label: MOBA—MOBA label: i B T B — B T B (aid tool),
label: 2\ & — 2\ 4x (date),label: 3 Il — 38 Il (communication),label: T{E— T{E(work),
label: 1835 — 12 15(BBS),label: 1E N — 1§ W (marriage),label: {518 — & 1B (lover),
label: f3¢ — 1132 (social),label: 4 i — A= 1% (life), label: T2 — % (blog),
label: 378 — 718 (news),label: 15 [H — 12 [ (cartoon), label:/Nit— Nk (novel),
label: F AR —# K (technology),label: U — 4 (teaching),label: [A] % — [A] ZF(QA),
label: #5 %€ — f5E (fun),label: 7% & — 7% & (magazine) label: [ Bt — F %k (wikipedia),
label: S — 3 A(TV),label: KA — K HA (job), label: 5t HA — A HA (part-time),
label: A5 — 47 (video),label: &5 M55 — FL AL ST (clips),label: & /R — & & (music),
label: HL % — Ei%(live),label: F, & — F, & (radio),label: K —kH(KTV),
label: i A\ — A\ (adult),label: /)52 — H /N2 (school), label: B % — BR 2% (exam),
label: A45 51 — /A 4% B (civil servant),label: TI3IZ & — MIAZE (video edu.),
label: HEHE - HE 2 E (advanced edu.),label: A E — B A ZE (adult edu.),
label: £ 7K — Z 7K (art),label: 18 & (FJE T HE) — 75 5 IE 18 (non-english),
label: BE1%E — T iE (english),label: ik i — Jik i (travel),label: Tl i€ — Tl '€ (preservation),
label: A — Fefifi(flight),label: % B — #% % (railway),label -1 /5 —J 5 (hotel),
label: {TFE—1T & (route),label: F 15 — F&fE (BnB),label: H [E| — H! [E (abroad),
label: T2 — T.E(general tool),label: 3 T — 3 F(kid),label: B} 32 — £} 22 (infant),
label: Z % — 25 4% (driver),label: 7% 2 — 7% F (violation),label: V5. 4= — VR 4= (vehicle),
label: X3 5 — 18538 5 (vehicle trade),label: 7 4 — 37 4 (vehicle maintainance),
label: 1T ZE—17 % (driving aid),label:FH 55 —FH.5 (house rent),
label: 3% 55— 3 55 (house purchase),label:%T@‘—)%ﬂ%(house decoration),
label:[A]1Z — [A]12 (inquiry),label: 374 — 374 (health preservation),
label: & JT —[EJT (medical),label: i AE — U AE (slim), label: 3214 — 3% (makeup),
label: 31 — 31 (menu),label: &K — & X (restaurant),
label: i & — 8 5 (fit),label: 3T — 3217 (payment),label: RIS — RES (insurance),
label: A% ZE — % Z (stock), label: & £7 —1& ¥ (loan),label: FRIF — ¥E U (finance management),
label: ¥ ZE—F i (lottery), label: i — il (acount keeping),label: R 1T — 8217 (bank),
label: B %% — B4 (film editing),label: & & —1& & (photo editing),
label:#H#1— FHHL(camera),label: 4 H — £ [ (painting),label: —F— —F(second-hand),
label: K, 7 — HA, T (e-commerce), label: |15 — [ 15 (group purchase),
label: 7} 32— 7P 3E (take-out),label: 2Bl — 32 Hi (beauty),label: - F — FE, F(electronics),
label: F, 52— FA. 5 (movies),label: 8 117 — #8717 (market), label: 547 — 144 (shopping),
label: 210 — 2 10 (notes),label: 73 A — 73 (office),label: H F2— H #(schedule),
label: 214 — 2 (female),label: 2 '& — %2 & (management),label: ISGEK — (3K (check),
label: /A & &I — & F & ifl(sports info.),label: HAth — EAfl (others)

Verbalizer

Table 7: Template and verbalizer for IFLYTEK (with necessary translations).
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Dataset CTC

Template 23X P PRUER) A1 2 [MASK].

label: V8T BT /R —18Y7 5 F /R (therapy or surgery),
label: /& fE —{41iF (body sign),label: &1 TN — BUBE1T M (addictive behavior),
label: 5 — T2 (age),label: I — 5 (disease),
label: 2% B AHAUIR A — 28 B 4HZUIR A (organ or tissue status),
label: 1 BT 57 — 13 BT 32 (allergy tolerance),
label: Ak 7714 — 1K f7 1% (compliance with protocol),
label: JXU& 71l — XIS P Al (risk assessment),
label: PAZ2HH & — MAZ2AH 5% (pregnancy-related activity),
label:1Z I — 12 (diagnostic),label: & & — & & (multiple criteria),
label: 5546 A0 7 — SIS KO £ (laboratory examination),
label: &% [F] & — &0 [F] & (consent), label :#k Ml — ik Ifl (blood donation),
label: 2 5 HEiR%—2% 5 H T 1% (enrollment in other studies),
label: %] — Zj#) (pharmaceutical substance or drug),
label: 8 71— BE 71 (capacity),label: iU & — X & (diet),
label: 7RI NARAE—FF7EI A AL (special patient characteristic),
label: 7557 93 B — 15975 73 (non-Neoplasm disease stage),
label:fiff 57 & 1 € — B 57 1 € (researcher decision),
label:Z4 3 7] S — £ T S 1% (data accessiblility),
label: T 77 iy — FiUHA % A (life expectancy),
label: I8 37 & — fiiE3 13F J& (neoplasm status),
label: 3£ 5 §E /] — 1% 5 BE /] (literacy),
label: 75 {51 )5 — 975 ] K i (patience source),
label: 815 — 8 (exercise), label: iR — SiEA (symptom),
label: 32 AR A — 52 IR A (receptor status),
label: [ & #H 5% — 1 B #H 5% (oral related),
label: F% — Fi1j& (ethnicity),
label: fil FEFE 45— {@ FR A {4 (the healthy),
label: 7% RE R — PR AT (4 (disabilities),
label:1% & — 1% 7 (device),label: 14 Al — £ 5 (gender),
label: B AR L — AR XER 1 (smoking status),
label: PEE A — B [F] (sex related),
label: ¥ — 372 (nursing),label: F K — FEFR (bedtime),
label: 45 {5 FH — VB ¥E 1 FH (alcohol consumption),
label: & 1B 0 — & 1 ¥ (living condition),
label: B E R —ZF K (education),
label: ¢ FH B £ — /£ B 75 (ethical audit)

Verbalizer

Table 8: Template and verbalizer for CTC (with necessary translations).
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Dataset MSRA

Template 2 IXA)TE A He /& [MASK].

label:integer— % (integer),label:ordinal — % (ordinal),
label:location— i &5 (location),label:date— H £ (date),
label:organization— /14 (organization),label:person— A% (person),
label:money—>"Efz?ﬁ(money),label:duration—>Hﬁ&}(duration),
label:time— 5[] (time),label:length— ¥ & (length),
label:age— 1% (age),label:frequency— #1% (frequency),
Verbalizer label:angle— ffi /& (angle),label:phone— . iif (phone),
label:percent— [ 73 %{(percent),label:fraction— 4 %{(fraction),
label:weight— B & (weight),label:area— [H FH (area),
label:capacity— ¥ F-(capacity),label:decimal —/N%{(decimal),
label:measure— = fifl & & (other measure),label:speed— 3% & (speed),
label:temperature—Jii. 5 (temperature),label:postal code—HFEL Zwf5 (postal code),
label:rate— H Z (rate),label: www— P11k (website)

Table 9: Template and verbalizer for MSRA.

Dataset R52

Template z. This is [MASK].

label:copper—copper,label:livestock—livestock,
label:gold—gold,label:money-fx—money fXx,
label:tea—tea,label:ipi—ipi,
label:trade—trade,label:cocoa—cocoa,
label:iron-steel—iron steel,label:reserves—reserves,
label:zinc—zinc,label:nickel—nickel,
label:ship—ship,label:cotton—cotton,
label:platinum—platinum,label:alum—alum,
label:strategic-metal — strategic metal,label:instal-debt—instal debt,
label:lead—lead,label:housing—housing,
label:gnp—gnp,label:sugar—sugar,
label:rubber—rubber,label:dlr—dlr,
label:tin—tin,label:interest—interest,
label:income—income,label:crude—crude,
label:coffee—coffee,label:jobs—jobs,
label:meal-feed—meal feed,label:lei—lei,
label:lumber—lumber,label:gas— gas,
label:nat-gas—nat gas,label:veg-oil—veg oil,
label:orange—orange,label:heat—heat,
label:wpi—wpi,label:cpi—cpi,
label:earn—earn,label:jet—jet,
label:potato—potato,label:bop—bop,
label:money-supply—money supply,label:carcass—carcass,
label:acq—acq,label:pet-chem—pet chem,
label:grain— grain,label:fuel —fuel,
label:retail —retail,label:cpu—cpu,

Verbalizer

Table 10: Template and verbalizer for R52.
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