PTP: Boosting Stability and Performance of Prompt Tuning with

Perturbation-Based Regularizer

by
Lichang Chen

Bachelor of Engineering, Zhejiang University, 2020

Submitted to the Graduate Faculty of
the Swanson School of Engineering in partial fulfillment
of the requirements for the degree of

Master of Science

University of Pittsburgh

2023



UNIVERSITY OF PITTSBURGH

SWANSON SCHOOL OF ENGINEERING

This thesis was presented

by

Lichang Chen

It was defended on
April 12, 2023

and approved by

Wei Gao, PhD, Professor, DEPARTMENT OF ELECTRIC AND COMPUTER
ENGINEERING
Liang Zhan, PhD, Professor, DEPARTMENT OF ELECTRIC AND COMPUTER
ENGINEERING
Thesis Advisor: Heng Huang, PhD, Professor, DEPARTMENT OF ELECTRIC AND

COMPUTER ENGINEERING

1



Copyright (C) by Lichang Chen
2023

1l



PTP: Boosting Stability and Performance of Prompt Tuning with

Perturbation-Based Regularizer
Lichang Chen, M.S.

University of Pittsburgh, 2023

Recent studies show that prompt tuning can better leverage the power of large language
models than fine-tuning on downstream natural language understanding tasks. However,
the existing prompt tuning methods have training instability issues, as the variance of
scores under different random seeds is quite large. To address this critical problem, we first
investigate and find that the loss landscape of vanilla prompt tuning is precipitous when
it is visualized, where a slight change of input data can cause a big fluctuation in the loss
landscape. This is an essential factor that leads to the instability of prompt tuning. Based
on this observation, we introduce perturbation-based regularizers, which can smooth the
loss landscape, into prompt tuning. We propose a new algorithm, called Prompt Tuning
with Perturbation-based regularizer (PTP), which can not only alleviate training instability
dramatically but also boost the performance of prompt tuning. We design two kinds of
perturbation-based regularizers, including random-noise-based and adversarial-based. In
particular, our proposed perturbations are flexible on both text space and embedding space.
Extensive experiments show the effectiveness of our proposed methods in stabilizing the
training. Our new algorithms improve the state-of-the-art prompt tuning methods by 1.94%

and 2.34% on SuperGLUE and FewGLUE benchmarks, respectively.
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1.0 Introduction

Releasing the burden of training models from scratch while keeping the outstanding
performance on downstream tasks, pretrained Language Models (LMs) brought NLP to a
new era [32, 15, 37|. Since BERT [39], fine-tuning all the parameters of pretrained LMs
becomes a common practice. However, it is memory-consuming to store a copy of the entire
LM for each downstream task due to the number of parameters in LM can be 10B or even
100B [37, 2|.

Recently, inspired by the success of GPT-3 [2] on few-shot and zero-shot learning with
manually created prompts, there has been a surging interest in prompting that freezes pre-
trained LM and wraps up the input sequence with natural language templates. However,
natural language prompts are handcrafted by experts and the performance is not comparable
with fine-tuning methods. To tackle it, [21, 24| proposed prompt tuning, which prepends the
input sequence with continuous embeddings and only tunes these embeddings during training.
[27, 26| verified the effectiveness of prompt tuning on natural language understanding (NLU)
tasks under both few-shot learning and supervised learning settings, which is comparable to
the fine-tuning methods but with much fewer (1000x less) task-specific tunable parameters.
However, under different random seeds, we observe that the current prompt tuning methods
suffer from a high variance of scores, which indicates they suffer from training instability
issues.

To investigate the factor that causes the instability of prompt tuning, we visualize the
loss landscape of the vanilla prompt tuning and observe that there exist many sharp crests,
as shown in Figure 2(a), which harms the training stability. Motivated by the recent study |[3]
which shows that perturbation-based regularizers are powerful tools to smooth the loss
landscape and stabilize the training of machine learning systems, we introduce them into
prompt tuning to address the lack of stability and generalization issues. To be specific, we
propose Prompt Tuning with Perturbation-based regularizer (PTP) algorithm to make the
training stable and boost the performance of prompt tuning.

Specifically, we consider two kinds of perturbations in PTP, Random-Noise-based (PTP-
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Figure 1: A simple pipeline of our Propmt Tuning with Perturbation-based regularizor (PTP)

algorithm.

RN) perturbation and ADVersarial-based (PTP-ADV) perturbation. PTP-RN is motivated
by randomized smoothing [6], which applies the neighborhood averaging and makes the neural
network smoother while PTP-ADV is motivated by adversarial training, a method proposed
to make the predictor capable of resisting the adversarial examples [12] as well as boosting
the clean accuracy of the predictors [41, 44|. Moreover, in order to bring more flexibility and
make our exploration more comprehensive, we apply perturbations to both text (discrete)
and embedding (continuous) space, as depicted in Figure 1.

In the experiments, we conduct extensive experiments to evaluate our proposed algorithms,
PTP-RN and PTP-ADV, on SuperGLUE [40] and FewGLUE [36] benchmark. By applying
the PTP algorithm on text or embedding space to the existing prompt tuning methods, we
can boost the performance of prompt tuning on SuperGLUE and FewGLUE benchmarks by
1.94% and 2.34% as well as make prompt tuning more stable. We also present a comprehensive
ablation study and analysis of our algorithms with different perturbations.

Our contributions can be summarized as:

e We propose a new PTP algorithm to tackle the training instability problem in prompt
tuning, which can also boost the performance. Together with PTP algorithm, we design

two types of perturbations as our implicit regularizers, which are Random-Noise-based



(a) Original (a) PTP-RN (b) PTP-ADV

Figure 2: The loss landscapes on different continuous prompt tuning procedures. The X-axis
and Y-axis denote the magnitude of perturbations (gradient direction) and another random

orthogonal direction. Z-axis represents the cross-entropy loss of the different training methods.

perturbation (PTP-RN) and ADVersarial-based perturbation (PTP-ADV).
e Moreover, as depicted in Figure 1, our proposed PTP-ADV and PTP-RN can be applied
to both text space and embedding space, which makes our perturbations more flexible.
e We conduct extensive experiments to evaluate the effectiveness of our algorithms on
SuperGLUE and FewGLUE benchmarks. The experimental results demonstrate our
proposed PTP algorithm can boost the standard performance of prompt tuning on
FewGLUE and SuperGLUE by 2.34% and 1.94%, respectively. It also shows the great

power of our algorithm in improving training stability.



2.0 Preliminaries

2.1 Prompt Tuning

2.1.1 Discrete Prompt.

Discrete prompt, also known as hard prompt [25, 8, 16, 14], is typically a template
composed of task descriptions and original input texts. [2] created templates for GPT-3 based
on their introspection and make it suitable for various downstream tasks, such as machine
translation, QA, etc. Utilizing discrete prompts, they can achieve stunning results on NLU
tasks under few-shot learning settings. By employing the predefined templates and converting
the tasks into cloze questions, [35, 36| showed that even with ‘greener’ backbone [20], which
has 100x fewer parameters than GPT-3, they can also reach prevailing results on the few-shot
version of SuperGLUE benchmark [40] (also known as FewGLUE). 27| utilized the existing
discrete templates and tuned embeddings of the selected tokens, which achieves SOTA results
on FewGLUE. As the few-shot scenario is common and useful, in this paper, we also test the

few-shot learning ability of our PTP in our experiments.

2.1.2 Continuous Prompt Tuning.

As prompts aim to boost LM’s performance, it is not necessary to make tokens of prompts
interpretable. Without the limit of tokens being natural words, Li et al. [24] proposed to
prepend a series of tunable embeddings Fr to the input embedding sequence as prompt
and optimize them with training data, which provides in-context information for LMs to
condition on. [21]| prepended a sequence of special tokens T' to the input sequence, and
similarly, they tune the embeddings E7 (embeddings of special tokens) on the downstream
tasks. Moreover, to further leverage the power of prompt embeddings, [26] presented PT2,
a method that adds the trainable prompt embeddings to every layer of pretrained LMs as
prefix embeddings. To keep the consistency of the notation, we also apply the same prompt

embedding representation Ep to represent trainable prompts in every layer of LMs.



2.2 Adversarial Training

Over the past few years, Adversarial Training (AT) has demonstrated impressive results

in improving model robustness [12, 38, 1]. AT can be formulated as a min-max optimization

problem:
minEq, yo~p | max L£(0,2+6,y)|, (2.1)
o 16llp<e
where £ is the loss function, || - ||, represents ¢,-norm distance and e denotes the perturbation

budget. Madry et al. [29] proposed PGD algorithm to compute an adversarial example (inner

maximization problem) iteratively as:
0" =T (0" + asign (V5L(0, 6", y))) , (2:2)

where t is the iteration step; 115 <. projects perturbation ¢ into e-ball.

Besides enhancing the robustness against adversarial examples, adversarial training has
been shown great power in boosting the standard performance of image classifier [41], visual
language representation learning [11], and GNN [19]. In this paper, we also apply a similar
idea to prompt tuning and focus on boosting its performance rather than its adversarial
robustness.

Different from adversarial attacks on images, in NLP attack, due to the discrete nature
of text space, it is typically formulated as a combinatorial optimization problem to create
adversarial input sequence s, which is classically solved by heuristic search while maintaining
the semantic similarity of the original input sequence s [23, 33, 30|. However, the searching
algorithms of adversarial attacks, such as beam search [10], greedy search based on word
importance [33], and deletion-based searching [17], are usually slow because of the high
computation cost on sentence encoding and large search space [42|. [43] proposed A2T
algorithm to accelerate the heuristic search process, which replaces the slow USE encoder [23]
with DistilIBERT [34] to calculate the cosine similarity between original input text and
perturbed text, and they obtain significant speedup comparing to the textfooler [17]. Thus,

in this paper, we adapt the attacking algorithm in [43| to generate noises in text space.



Table 1: Re-implementation results of PT2 [26] with RoBERTa-large backbone on SuperGLUE
benchmark. Acc.: mean accuracy. Var.: variance score computed by 5 runs with different

random seeds.

RTE BoolQ WiC

Acc. | 87.7+1.81 8394092 72.04+1.38
Var. 1.45 0.74 1.16

2.2.1 Preliminary

Before introducing the proposed algorithms, we first briefly describe the word to embedding
process of LMs as well as the final embedding input of the continuous prompt tuning. Given
the n word input sequence s = [sy,...,s,] and word to embedding function fy,, where
V denotes embedding matrix, the input embedding E, = [e(s1),...,e(s,)] € R™? can
be obtained by Es; = fy(s), where d denotes the dimension of the word embedding. Let
continuous prompts be Er = [e}, ..., el"] € R™*4 the update of Er can be either directly, or
through a reparameterization encoder P like MLP/LSTM, P(Er) = [ho, . . ., hy) € R™*4. For
simplicity, we still use Er to represent the output of P(Er), and the final input embedding
m+n)xd

sequence is written as [Er; E,] € R(

The training objective of continuous prompt tuning can be formulated as:
Iﬂein ]E(s,y)ND [‘C’ (M (97 S, y))] ’ (23)
where M denotes LM; 6 represents the trainable parameters of E7 and prompt encoder P
while D is the underlying data distribution.
2.2.2 Proposed Formulation

Although continuous prompt tuning [26] could achieve comparable performance with the

fine-tuning method by only using 0.1% to 3% trainable parameters, it suffers from unstable



Algorithm 1: PGD on prompt tuning

1 Require: Perturbation iteration n and size a. The bound of perturbation € ;
2 for epoch = 1,...,n do

3 | FEsrequires grad < True;

4 | y; < argmax, (Pr[y|M (I')]);

5 | L(y,y).backward();

6 | F. <« FE;+ ax Es.grad.sign() ;

7| 0= Mygjee (B = Bs) 5

8 | FL+ FE;+6;

9 | M.zero_grad();

10 return £

training issues: as shown in Table 1, even only changing the random seed in different runs,
the final performance is very unstable. To investigate the issue, we plot the loss landscape of
the vanilla prompt tuning as Figure 2 and observe sharp crests in a small local region with a
small noise, which means a small perturbation on embedding space would cause a significant
reduction in the final accuracy. It is also known as the training instability problem [3]. To
address this challenge in prompt tuning, we propose perturbation-based regularizers to force
the loss landscape to be smooth. Specifically, we introduce two versions of perturbation-based

regularizers that can be formulated as follows:

ming E(s,y)ND [£ (M ((9, s+ 0, y))] ,s.t.
PTP-RN: § ~ N/ (2.4)
PTP-ADV: 0 = maxs<c £ (0,5 +6,y),

where N denotes Gaussian distribution. For PTP-RN, we minimize 6 under small random
perturbation, aiming to force the model to focus on perturbed pair (s + d,y) and have a
robust prediction within the neighborhood of s. It is related to the idea of randomized
smoothing [6], which obtains a smoother predictor via randomly averaging the neighborhood

of the given function. For PTP-ADV, the perturbation ¢ is generated by adversarial attack



algorithms such as PGD [29], A2T [43|, and the worst-case training loss is minimized under
small perturbation bounded by e. The idea is motivated by adversarial training, which is
usually applied as a form of adversarial defense. [12, 4]

Since we are the first to investigate the training stability issue of the prompt tuning and
it is still unknown which space to inject perturbation d is better, we apply it on both text
and embedding space to bring more flexibility and make our exploration more comprehensive.

The perturbed sequence s" or the perturbed embedding E’ can be obtained as

s’ =5+,
E.=FE;+ 90,

(2.5)

where s, F; denote the input sequence and the input embedding, respectively. It is worth
noticing that if the perturbation is on s (text space), through fy, the perturbed s" will be
converted into input embedding, which is also denoted as E..

The main idea of our proposed formulation is that we force our algorithm to not only
learn from the clean data pair (s,y) but also perturbed data pair (s + d,y) to make the

training more smooth.

2.2.3 PTP-RN
2.2.3.1 Embedding Space (RG Perturbation)

In embedding space, how to create perturbed examples is still an unsolved problem. But
since the ultimate effects of PTP-RN are the only thing we care about, not the interpretability,
it is feasible for us to add random-noise-based perturbation on word embeddings. Given the
embeddings of the input sequence E, = [e(so), e(s1), - .., e(s,)], where e(s;) € RY, PTP-RN in
embedding space samples 0 from Gaussian distribution and randomly selects some embeddings

to perturb, which make sure. The perturbation ¢ can be formulated as:

El = E; +0,s.t.
d =1{61,0,...,9;,0},

(2.6)

where § € R™*? has the same length as the input embeddings; i denotes the number of

embeddings being perturbed and 6,-1__; ~ N (0, 0l,), with d denoting the dimension of the



word embedding and o controlling the magnitude of perturbation. We represent PTP-RN on
embedding space as PTP+RG.

2.2.3.2 Text Space (RM Perturbation)

In text space, similarly, our goal is to create label-preserving and perturbed input data to
augment the training data and make the training stable. Given an input sequence s, PTP-RN
randomly selects some tokens and converts them into [MASK]. The perturbed sequence s’ can
be formulated as:

s" = {so, [MASK],...,[MASK], s,}, (2.7)

where we perturb ¢ tokens. It should be noticed that unlike BERT pretraining process 39|,
where the model predicts the label of [MASK]|, our model will not predict anything on the
tokens we mask and we just use [MASK] token as a perturbation on discrete space. PTP+RM
is used to denote PTP-RN on text embedding space.

2.2.4 PTP-ADV
2.2.4.1 Embedding Space (PGD Perturbation)

Different from previous PGD training methods which focus on improving the models’
robustness, we aim to smooth the loss landscapes and boost the performance of prompt tuning
by adding adversarial-based regularization. Given the embedding sequence F,, PTP-ADV
adopts multi-step PGD to generate perturbations on embedding space. The perturbation §

is computed iteratively as:
El = E,+ 4", s.t.
(2.8)
ot = H||5HOO§€ ((5t_1 + ()éV§L>
where 6! denotes the t-th iterations of PGD perturbation and it will be added to the
input embedding sequence E after all the iterations are finished. Algorithm 1 shows the

implementation details of our PGD attack on prompt tuning. PTP+PGD is applied to denote
our PTP-ADV algorithm with perturbation on embedding space.



2.2.4.2 Text Space (A2T Perturbation)

Furthermore, to enhance the flexibility of PTP-ADV and boost model generalization
ability, we apply it to the text space: PTP-ADV adopts the attack algorithm in A2T [43] to
generate its perturbation ¢, which is an algorithm composed of NLP attack and adversarial
training. Given the input sequence s, the perturbed sequence s’, with A2T perturbation, can

be represented as:
s"={s0,81, ..., 8, 1,5}, (2.9)

where s, denotes the perturbed word. For simplicity, we also call it PTP+A2T.

Algorithm ?? provides the details about the whole training process of PTP algorithm.
In the standard prompt tuning, the input of LM is composed of prompt embedding Er and
input embedding E;, which is denoted as I = [Er; Es]. After LM gives a prediction of I,
we backpropagate the loss to update Er. In training with perturbed data part (Line 10-16,
Algorithm ?7?), the discrete or continuous space perturbations of input data are generated by
PTP-RN or PTP-ADV firstly. Then the perturbed input is employed to conduct training
with original label y, which also plays a data-augmentation role to boost the performance of
the prompt tuning.

We conducted empirical studies on two popular natural language understanding (NLU)
benchmarks: SuperGLUE benchmark [40] and FewGLUE benchmark [36]. We tested the
proposed framework in both fully-supervised and few-shot settings to verify the effectiveness
of our proposed PTP-RN and PTP-ADV algorithm with perturbations on both text and

embedding space.

10



Algorithm 2: PTP

1 Require: Prompt embeddings E7; input embeddings F; trainable parameter 6 for

prompt encoder P and E7p; Training data D; Pre-trained LM M; Loss function L ;

2 Initialize parameters 0;

3 for epoch = 1,..., K do

4 | /* standard prompt tuning */

5 | Sample a minibatch data (s,y) from D;
6 | O.requires grad < True;

7 | I+ [Er;Ey;

8 | U <« argmax, (Pr[y|M (I)]);

9 | L(y,y).backward() and update Er ;

10 | /* training with perturbed data */

11 | O.requires grad < False;

12 | Apply PTP-RN or PTP-ADV to s or Ej;
138 | '« [Er; El];

14 | O.requires_grad < True;

15 | U; < argmax, (Pry|M (I')]);

16 | L(y,y).backward() and update Er;

11



Table 2: Results of our proposed PTP algorithm in fully-supervised learning settings. We
employ the large-size version of BERT and RoBERTa models (BERT-Large size: 335M

and RoBERTa-large size: 355M, respectively). We use bold font to mark the best and red

subscript to mark the improvement compared to the PT2.

Method BoolQ CB WiC RTE
BERT RoBERTa | BERT RoBERTa | BERT RoBERTa | BERT RoBERTa
FT 7.7 86.9 94.6 98.2 74.9 75.6 70.4 86.6
PT2 75.8 84.8 94.6 100 75.1 73.4 78.3 89.5
PTP+A2T | 76.4 85.7 94.5 99.6 75.8 72.9 78.6 89.7
PTP+RG 77.3 86.2 95.8 99.8 76.7 75.5 79.9 90.6
PTP+RM 77.4 85.9 95.7 100 76.4 75.2 79.6 91.6
PTP+PGD | 78.3 86.7 96.1 100 76.6 75.7 80.3 92.0
Method COPA MultiRC(F1a) ReCoRD WSC
BERT RoBERTa | BERT RoBERTa | BERT RoBERTa | BERT RoBERTa
FT 69.0 94.0 70.5 85.7 70.6 89.0 68.3 63.5
PT2 73.0 93.0 70.6 82.5 72.8 89.3 68.3 63.5
PTP+A2T | 73.3 93.2 71.4 82.6 73.6 89.7 68.5 63.8
PTP+RG 75.1 93.9 72.6 84.9 74.9 90.5 69.4 65.0
PTP+RM 74.6 93.8 72.9 84.4 74.8 90.6 69.2 64.8
PTP+PGD 74.7 924.1 73.4 84.6 75.1 91.9 69.7 65.0

12



Table 3: Results of our PTP algorithm in Few-shot learning(32 training examples) settings.
PT: P-tuning [27] and the backbone LM is alberta-xxl-v2. We use bold font to mark the
best. The red subscript denotes the increase of our method compared with the baseline
method PT. Dev 32: development set contains 32 unused examples from the training set,

same as [27]. Full Dev: original development set.

(Dev 32) BoolQ | CB | WiC | RTE MultiRC WSC | COPA

Method (Acc.) | (F1) | (Acc.) | (Acc.) | (EM) | (Fla) | (Acc.) | (Acc.)
PET Best 75.1 | 83.5 | 52.6 65.7 | 35.2 | 75.0 80.4 83.3
PT 778 | 923 | 563 | 76.5 | 36.1 | 75.0 | 84.6 87.0
PTP+RM 79.9 | 93.2 | 58.1 78.6 | 36.2 | 78.3 85.9 88.6
PTP+RG 79.5 |1 93.7| 58.0 7.7 | 36.6 | 78.1 85.4 88.3

PTP+A2T 78.6 | 92.6 | 56.6 774 | 36.5 | 76.0 84.7 87.7

PTP+PGD 80.2 | 93.5 | 58.5 785 | 37.4 | 789 | 86.0 | 88.9
PET(Full Dev) | 794 | 59.4 | 52.4 69.8 | 379 773 80.1 95.0
iPET(Full Dev) | 80.6 | 92.4 | 52.2 74.0 | 33.0 | 74.0 - -

13



3.0 Experiment

3.0.1 Experimental Setup

SuperGLUE benchmark [40] contains 8 challenging natural language understanding (NLU)
tasks. We also include the few-shot version of SuperGLUE, FewGLUE benchmark [36] to
test the ability of our algorithm, which consists of 32 training samples in each dataset on
SuperGLUE. Following [36, 27|, we report results on 7 of 8 NLU tasks in few-shot settings.

In fully-supervised setting, the full training set of each task in SuperGLUE [40] is employed
during the prompt tuning process. Besides, in the model selection part, we adopt the whole
validation set. As few-shot learning ability of prompt tuning can reduce the cost of annotations
in real-world applications, following [36, 27|, we also test our algorithm under few-shot settings.
To be specific, we use the training set provided by FewGLUE [36], the few-shot version of
SuperGLUE, containing 32 training pairs in each task. Besides, we use the same version of
the development set as [27] to select models, which are created by randomly choosing 32
unused training pairs.

We include 2 prompt tuning methods P-tuning [27] (PT) and P-tuning-v2 [26] (PT2)
as baselines. PT is the state-of-the-art method in FewGLUE benchmark while PT2 also
achieves excellent performance in SuperGLUE benchmark. We defer the hyperparameters
such as learning rate and prompt length in Appendix A.1. We also leave some figures and
tables in Appendix.

Following the settings in 26, 27|, we include BERT-large [9] and RoBERTa-large [28] for
fully-supervised settings and ALBERTA-xxlarge-v2 [20] for few-shot settings. To have a fair
comparison with the baseline methods, for fully-supervised settings, all backbone LMs are
frozen, except in fine-tuning, same as [26|. For few-shot learning settings, backbone LMs are

tuned with trainable prompt embeddings, same as [27].

14



3.0.2 Results on Fully-supervised Setting

In fully-supervised settings, Table 2 demonstrates the results of our proposed PTP
algorithm with 4 different perturbations on all 8 tasks of SuperGLUE benchmark. It
is worth noticing that PTP+PGD achieves the best performance in almost all datasets
except WiC (BERT), COPA(BERT), and MultiRC (RoBERTa). Overall, the best method
PTP+PGD outperforms the baseline method PT2 by 1.94% (with BERT-large backbone)
and 1.63% (with RoBERTa-large backbone) on average.

PTP with PGD and RG perturbation on continuous space (embedding space) are perform
better than PTP with RM and A2T, which indicates perturbing on continuous space is more
effective than perturbing on discrete space in fully-supervised settings. As for pretrained
LMs (BERT-large and RoBERTa-large), results show the superb learning ability of our PTP

algorithm regardless of which backbone.

3.0.3 Results on Few-shot Setting

In few-shot learning settings, we employ FewGLUE, also known as few-shot version of
SuperGLUE. PET [36] and iPET [35] are the methods using discrete prompts. We test the
previous SOTA method on FewGLUE, PT [27] , as our baseline method and validate on
the same development set (Dev 32). As illustrated in [27], for a fair comparison, the results
of PET Besst (Dev 32) are reported as removing all the additional tricks like ensemble,
distillation, etc. PET (Full Dev) and iPET (Full Dev) denote the methods with the original
validation set.

Our main results are shown in Table 3. PTP achieves better results than the previous
state-of-the-art method PT in all 7 tasks, which verifies the effectiveness of our algorithms
in few-shot NLU tasks. Especially, PTP+PGD outperforms the previous PT by 2.34% on
average. Comparing the PTP+PGD (Dev 32) to the methods with the original dev set, it still
has an advantage on most of the tasks (5 of 7) while the results are similar in BoolQ (better
than PET with full dev set but worse than iPET). The PTP with RM and RG perturbation
method also achieve remarkable improvement when compared to the baseline method PT.

Moreover, PTP with A2T perturbation can also boost the performance of the baseline by a
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Figure 3: The variance of the scores on the dev sets from SuperGLUE Benchmark. We
compute it on 5 runs with different random seeds to report. The reported experiments are

all using BERT-large models as backbones.

small margin.

3.0.4 Results on Improving Training Stability

In addition to improved generalization performance, the proposed method could stable
the training process. Figure 2 provides strong evidence that our proposed PTP-RN and
PTP-ADV training methods have a much smoother loss landscape compared to the vanilla
prompt tuning. For the few-shot learning setting, we demonstrate the results in Table 6. It
could be seen that all our PTP methods have smaller variances than the baseline method.
Specifically, PTP+PGD has the smallest variance in 5 runs, which indicates its training
and generalization stability. Compared with the PTP-RN methods (RG, RM), PTP-ADV
methods (A2T, PGD) achieve smaller variance. We also conduct the experiments under
fully-supervised learning settings in Figure 3. It shows that in all 8 tasks from SuperGLUE
benchmark, our proposed method can still reduce the training variance of different runs with

the same hyperparameter except the seeds.
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4.0 Ablation Study

In this section, we conduct comprehensive ablation studies of our perturbation methods

under both fully-supervised and few-shot learning settings.

4.1 RG Perturbation.

We investigate the strength of gaussian noise 0 and number of perturbed embeddings 7 af-
fects the performance (see Eq. (2.6)). Specifically, we run experiments with o , which is
the variance of the added Gaussian noise, from {1074, 1073, 1072} and the number of word
embeddings perturbed, which is denoted as ¢ in Eq. (2.6), from {1, 5, 10, 20}. Under the
fully-supervised learning setting, we report the results on COPA, RTE, WiC tasks in Figure 4.
The results show the appropriate o is supposed to be 1072 and the number of perturbed
embeddings to be 5. With large o and large i, PTP+RG is more likely to fail in comparison
to the baseline method. Under few-shot learning settings, we select results in MultiRC task
to report, as shown in Table 7. The encouraging result also demonstrates that the best choice

of o and number of embeddings perturbed is 1073 and 5, respectively.

4.2 PGD Perturbation.

We investigate how different o (See Eq. (2.8)) and PGD iterations affect the performance.
We run experiments with o from {107*, 1073, 1072} and PGD iterations from 1 to 5. Under
fully-supervised learning settings, we present the the results of COPA dataset in Table 8. It
shows that large o in PGD will be detrimental to the performance. Under few-shot learning
settings, Figure 5 demonstrates the results of different o and different iterations of PTP+PGD
on few-shot settings. In all 3 datasets, when « is 1073, not too small nor too large, and PGD

iters is 4, PTP+PGD can achieve outstanding performance.
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4.3 RM Perturbation.

We investigate how different numbers of random [MASK] inserted affects the PTP.
Formally, the number of [MASK] inserted is defined as i in Eq. (2.7). We conduct experiments
with ¢ from 1 to 10. Under few-shot learning settings, Figure 6 presents the results of PTP
with RM perturbation on FewGLUE (MultiRC and RTE dataset). We observe that RM
perturbation can boost the performance substantially in few-shot settings and the best choice
of 7 is 8. Under fully-supervised settings, Table 9 presents the ablation of RM perturbation.
It also shows that a large number of [MASK] inserted harms the performance, especially

when the backbone is RoBERTa.

4.4 A2T Perturbation.

We investigate how the minimum cosine similarity between normal input s and perturbed
input s of A2T perturbation affects the results. We run experiments with minimum cosine
similarity from {0.2, 0.4, 0.6, 0.8} and show results in Table 10. It indicates small similarity
may cause damage to the standard performance because the perturbation can be too large in

this case.
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5.0 Conclusions

In this paper, we first investigated the training instability issues on prompt tuning, which
has a precipitous loss landscape in its visualization. To tackle the problem, we proposed
PTP-RN and PTP-ADV algorithms, which include four different perturbations (RG, RM,
ADV, A2T) on both discrete and continuous spaces, to smooth the loss landscape and make
the training stable. Furthermore, our algorithms are also capable of boosting the performance
of prompt tuning. The extensive experiments validate the effectiveness of our proposed

algorithms on NLU tasks under both fully-supervised and few-shot settings.
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APPENDIX

A.1 Detalils of learning rate and prompt length
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Figure 4: Performance of PTP+RG on SuperGLUE (WiC, RTE, COPA datasets) with o
from {107*, 1073, 1072} and perturbed embeddings from {1, 5, 10, 20}. The dashed red line
represents the performance of baseline method PT2 with BERT-large as backbone LM.
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Figure 5: Performance of PTP+PGD on FewGLUE (WiC, BoolQ, WSC datasets) with
different ov and PGD iterations. The dashed red line represents the performance of the baseline

method PT [27]. Tt shows the best a and PGD iterations are 10~ and 4, respectively.

Under fully-supervised settings, the prompt length and learning rate details are presented
as Table 4. Under few-shot learning settings, we report it as Table 5. The prompt length is
exactly the same as the PT [27], thus we ignore it here.
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Table 4: Prompt Length and Learning Rate details for 8 tasks on SuperGLUE. LR1, PL1:
learning rate and prompt length for continuous prompts with BERT-large backbone. LR2
and PL2: learning rate and prompt length for prompts with RoBERTa-large backbone.

Tasks LR1 LR2 PL1 PL2
Bool@Q  1e-3 5e-3 40 16
COPA  5e-3 7e-3 16 16

RTE le-2 be-3 20 128

WSC  3e-3 T7e3 16 8

CB 7e-3 9e-3 16 16
MultiRC  1le-4 3e-3 40 20
ReCoRD 3e-4 5e-3 16 40
WiC le-4 b5e-3 20 16

A.2 Supplement for Experiment

This section includes the tables and figures as a supplement to our experiment and
ablations. Table 6 demonstrates the comparison of the variance of different training methods
on FewGLUE benchmark. Table 7 presents the ablation of our algorithm with RG perturbation
on MultiRC [18] task. We show the ablation of PGD perturbation in Table 8. The ablation
of RM perturbation is presented as Table 9. Table 10 shows the ablation of our proposed
PTP+A2T training algorithm.

Figure 4 shows the ablation of RG perturbations on WiC [31], RTE [7], and COPA [13]
datasets under fully-supervised learning setting while Figure 5 presents the ablation of our
PTP+PGD training method on WiC [31], BoolQ [5] and WSC |22] datasets under few-shot
learning settings. We show the ablation of our proposed PTP+RM algorithm as Figure 6 on
FewGLUE benchmark.

All experiments are conducted on servers with RTX A6000 GPUs, each having 48GB of

memory.
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Table 5: Prompts’ Learning Rate details for 7 tasks in FewGLUE.

Tasks

Learning Rate

BoolQ
RTE
WiC
WSC

COPA

MultiRC
CB

de-5
de-5
le-5
de-5
le-5
le-4
le-5

Table 6: The variance of the scores on the dev sets of RTE, COPA and BoolQ from the

FewGLUE benchmark. We compute it on 5 runs with different random seeds (other hyper-

parameter are the same). We employ bold font to denote the smallest deviation in each task

and blue font to denote the decrease when compared to PT.

Tasks | RTE WSC WiC BoolQ
PT 1.89 1.68 1.77 1.45
+RG | 0.81 0.78 091 0.56
+A2T | 045 043 0.39 0.59
+RM | 0.68 095 087 0.65
+PGD | 0.35 0.31 047 0.43
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Table 7: Results of different ¢ in RG perturbation (MultiRC task). The baseline method is
PT2 and its performance is 75.0. E denotes number of embeddings that are perturbed. We

mark the best and the worst.

MultiRC | E=1 E=5 E=10 E=20
o=le-2 | 75.2 743 758 747
o=le3 | 773 781 771  T76.6
o=le-4 | 769 772 T76.8 755

Table 8: Results of PTP+PGD on fully-supervised COPA dataset. The baseline method
is PT2 [26], whose accuracy is 73.0 . The backbone LM employed is BERT-large. « is the
perturbation size while ¢ is PGD iterations (see Eq. (2.8)).

COPA | t=1 2 3 4 5

a=le-2 | 70.3 72.1 72.0 71.0 69.0
le-3 | 734 708 729 735 732
le-4 | 731 734 74.7 738 725

Table 9: The results of different i in Eq. (2.7) (number of [MASK] randomly inserted into
input sequence as perturbation) . We select BoolQ with fully-supervised settings to report.

The reported increase or decrease is compared to the baseline method PT2.

Dataset | LM | 1 2 3 4 5 6 7 8 9 10

BoolQ BERT -0.12  +0.50 +1.57 +0.65 +1.35 +1.14 +1.12 +0.24 +0.25 -0.38
(Full) | RoBERTa | +0.31 +0.76 +1.10 +0.88 -+0.69 -0.36 +0.19 -0.43 -0.67 -0.36
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Figure 6: The results of different ¢ in Eq. (2.7) (number of [MASK] randomly inserted into
input sequence as perturbation). We select MultiRC and RTE tasks with Few-shot setting to

report.

Cosine Sim 0.2 0.4 0.6 0.8

BoolQ(Full) |-0.83 -0.46 +0.61 +0.52

BoolQ(Few) |-0.96 -0.13 +40.78 +40.84
MultiRC(Full) | -0.77 -0.35 +0.25 +40.71
MultiRC(Few) | -0.59 -0.54 +1.03 +0.68

Table 10: The results of different minimum cosine similarity in A2T perturbation. Full:

fully-supervised learning setting. Few: few-shot learning setting.
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