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Abstract

Prompt tuning (PT) is a promising parameter-
efficient method to utilize extremely large
pre-trained language models (PLMs), which
can achieve comparable performance to full-
parameter fine-tuning by only tuning a few
soft prompts. However, PT requires much
more training time than fine-tuning. Intu-
itively, knowledge transfer can help to improve
the efficiency. To explore whether we can im-
prove PT via prompt transfer, we empirically
investigate the transferability of soft prompts
across different downstream tasks and PLMs
in this work. We find that (1) in zero-shot
setting, trained soft prompts can effectively
transfer to similar tasks on the same PLM
and also to other PLMs with a cross-model
projector trained on similar tasks; (2) when
used as initialization, trained soft prompts
of similar tasks and projected prompts of
other PLMs can significantly accelerate train-
ing and also improve the performance of PT.
Moreover, to explore what decides prompt
transferability, we investigate various trans-
ferability indicators and find that the over-
lapping rate of activated neurons strongly
reflects the transferability, which suggests
how the prompts stimulate PLMs is essen-
tial. Our findings show that prompt trans-
fer is promising for improving PT, and fur-
ther research shall focus more on prompts’
stimulation to PLMs. The source code can
be obtained from https://github.com/
thunlp/Prompt-Transferability.

1 Introduction

Pre-trained language models (PLMs), such as
BERT (Devlin et al., 2019) and GPT (Radford et al.,
2018) have achieved great performance on vari-
ous natural language processing (NLP) tasks (Han
et al., 2021). Recently, people have found that

* The first two authors contributed equally.
' Corresponding author: Z.Liu and M.Sun.
% Partly done while P.Li was working at Tencent.

Cross-Task Transfer

Prompt |l am glad to...
y Reuse / Initialize :'—>
S===<tee=x
| Prompt | This place is...

S

Source
Task

PLM

Cross-Model Transfer

Source

I am glad to... [ PLM

Prompt
1

Projector

yReuse / Initialize

o v | Target
i Prompt | lamgladto... PLM

S

Figure 1: We explore prompt transferring across dif-
ferent tasks (cross-task) and PLMs (cross-model) with
directly reusing prompts and initializing prompt tuning.

extremely large PLMs can achieve remarkable im-
provements, and various large PLMs are continu-
ally developed (Brown et al., 2020; Raffel et al.,
2020; Zhang et al., 2021; Zeng et al., 2021; Wei
et al., 2021; Sun et al., 2021), which contain up to
hundreds of billions of parameters.

Considering the extremely large scale of these
state-of-the-art PLMs, conventional full-parameter
fine-tuning methods become extremely expensive.
Hence, various parameter-efficient tuning meth-
ods (Houlsby et al., 2019; Ben Zaken et al., 2021;
Lester et al., 2021; Li and Liang, 2021; Liu et al.,
2021) are explored, among which prompt tuning
(PT) has attracted broad research attention. PT
prepends some soft prompts, which are essentially
learnable virtual tokens, into the input sequences
and only trains them while keeping all the PLM’s
parameters fixed. The training objective is to gen-
erate desired outputs in the same way as the pre-
training tasks. PT can match the downstream task
performance of fine-tuning with only thousands of
tunable parameters (Lester et al., 2021) when the
PLM has billions of parameters.

Although PT is an effective approach to utiliz-
ing extremely large PLMs, it requires much more
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Figure 2: Validation accuracies against training time of
fine-tuning and PT for RoBERTay sz on MNLI. PT
takes much more training time.

training time than fine-tuning to reach the conver-
gence as shown in Figure 2; hence, it is worth-
while to explore how to improve the efficiency of
PT. In this work, we attempt to improve PT via
prompt transfer across different tasks and models.
Knowledge transfer across tasks (Vu et al., 2020)
and models (Qin et al., 2021) have been widely
used to improve the efficiency and effectiveness of
NLP systems. Intuitively, soft prompts are the only
tuned parameters in PT and thus shall concentrate
the knowledge required to solve tasks conditioned
on PLMs. Thus transferring the trained prompts is
promising to accelerate PT.

As shown in Figure 1, we empirically ana-
lyze the transferability of prompts across different
tasks (cross-task transfer setting) and PLMs (cross-
model transfer setting) in this paper. The empirical
analysis is conducted on 17 NLP tasks of 6 types
and two representative PLM series: RoBERTa (Liu
et al., 2019b) and T5 (Raffel et al., 2020). In cross-
task transfer, the prompt transfer can be done by
directly reusing the trained prompts of the source
task on the target task. However, in cross-model
transfer, directly reusing prompts is intractable
since the semantic spaces of different PLMs are
inconsistent; hence, we develop various prompt
projectors to project the soft prompts trained on
the source PLM to the semantic space of the tar-
get PLM. We conduct two lines of experiments:
(1) We investigate the zero-shot transfer perfor-
mance and find that the transferability of prompts
is influenced by task types. In cross-task trans-
fer, the soft prompts can directly transfer to same-
type tasks and achieve non-trivial performance,
but poorly transfer to different-type tasks requir-
ing different language skills. In cross-model trans-
fer, we can successfully train a prompt projector
with PT on a task, but the trained projector also
only well generalizes to the same-type tasks of
the projector-training task. (2) To accelerate PT,

we propose to transfer prompts with initializa-
tion. In cross-task transfer, we start PT with the
trained soft prompts of similar tasks as initializa-
tion. While in cross-model transfer, the initial-
ization is the projected prompts of the same task
trained on the source PLM. The two methods are
dubbed as TPT 1,5k and TPTy,opgL, Which are short
for transferable prompt tuning. Experiments show
that they can both accelerate PT to some extent and
also achieve a certain performance improvement.

Furthermore, we explore why can the prompts
transfer and what decides their transferability. To
this end, we design various prompt similarity met-
rics from different perspectives and examine how
well they can serve as transferability indicators,
i.e., how well they correlate with prompt trans-
fer performance. Experiments find that our novel
method of measuring prompt similarity via model
activations in feed-forward layers is better corre-
lated with prompt transferability than prompt em-
bedding distance-based metrics. This suggests the
prompts are essentially stimulating PLM’s inner
ability distributing among neurons to do specific
NLP tasks, and future prompt transfer works should
focus more on how the PLMs respond to different
prompts’ stimulation rather than the prompts’ em-
bedding properties.

To summarize, our contributions are three-fold:
(1) We thoroughly analyze the transferability of
prompts across different tasks and models, and
show that improving PT with prompt transfer is
possible and promising. (2) We propose to trans-
fer prompts with initialization, which enhances
both PT’s efficiency and effectiveness. (3) We
explore the effectiveness of various prompt sim-
ilarity metrics serving as transferability indicators
and demonstrate how the prompts stimulate PLMs
to decide the transferability, which may facilitate
further transferrable PT research.

2 Related Work

Prompt Tuning GPT-3 (Brown et al., 2020)
demonstrates remarkable few-shot performance by
prepending textual prompts before the inputs and
thus helps the PLM to generate desired outputs
of NLP tasks directly. Motivated by this, many
works have tried to improve various NLP tasks
by creating manually-crafted (Schick and Schiitze,
2021a,b; Mishra et al., 2021) or automatically-
searched (Jiang et al., 2020; Shin et al., 2020; Gao
et al., 2021) hard prompts, which are discrete to-
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kens but not necessarily human-readable. Further-
more, soft prompts (Hambardzumyan et al., 2021;
Qin and Eisner, 2021; Zhong et al., 2021; Liu et al.,
2021) are proposed, which are tuneable embed-
dings rather than tokens in the vocabularies and
can be directly trained with task-specific supervi-
sion. Lester et al. (2021) demonstrate that prompt
tuning (PT) method can match the performance
of full-parameter fine-tuning when the PLM has
billions of parameters. This suggests that PT is
promising to utilize extremely large PLMs. How-
ever, the much more training time needed to reach
the convergence makes PT inefficient. In this work,
we show that prompt transfer can improve the ef-
fectiveness to some extent with knowledge trans-
fer, and empirically analyze the transferability of
prompts across tasks and PLMs.

Knowledge Transfer Cross-task knowledge
transfer (Ruder, 2017) has been a long-standing
way to improve the effectiveness and efficiency of
NLP systems. In the PLM era, some works pro-
pose to tune the PLMs on intermediate tasks (Phang
et al., 2018; Pruksachatkun et al., 2020; Gururan-
gan et al., 2020; Wang et al., 2019a; Vu et al., 2020;
Poth et al., 2021) before fine-tuning on specific
target tasks to achieve certain benefits. Vu et al.
(2020) empirically analyze the transferability be-
tween tasks in this setting.

These explorations are all for fine-tuning. Con-
sidering the potential of PT, we believe the trans-
ferability and knowledge transfer methods for PT
are worth exploring. As a prior attempt, Lester
et al. (2021) demonstrate that PT’s cross-domain
transferability is stronger than fine-tuning.

Similar to our work, recent work (Vu et al., 2021)
also explores the cross-task transfer with prompt
initialization and prompt similarity metrics based
on cosine similarity. However, Vu et al. (2021)
focus on improving the effectiveness of PT but we
attempt to improve the efficiency. Additionally, we
explore more transferability indicators, especially
the overlapping rate of activated neurons, and also
investigate cross-model transfer, which is inspired
by previous cross-model knowledge transfer works
such as Net2Net (Chen et al., 2016), knowledge
distillation (Hinton et al., 2015) and knowledge
inheritance (Qin et al., 2021).

3 Preliminary

Here we introduce the basic knowledge about PT
(§ 3.1) as well as the downstream tasks (§ 3.2) and

models (§ 3.3) investigated in experiments.

3.1 Prompt Tuning

In this work, we study the PT method that is capa-
ble of tuning large PLMs (Lester et al., 2021; Liu
et al., 2021), i.e., we only explore the PT method
freezing PLM parameters. PT prepends some vir-
tual tokens, i.e., the soft prompts, into the inputs of
the PLM to provide knowledge about downstream
tasks. The soft prompts are essentially tunable em-
bedding vectors, which are trained with the objec-
tive enforcing the PLM to generate desired outputs
of the downstream task in the same way of the
pre-training objective.

Formally, given an input sequence with n to-
kens X = {x1,x9,...,2,}, we first prepend
[ randomly initialized soft prompts P =
{p1,P2,...,pi} before them, where p; € R? is
an embedding vector, and d is the input dimension
of the PLM. The training objective is to maximize
the likelihood of decoding the desired output y:

L=pylP ... x,), (D
where only P is learnable. For the language under-
standing tasks, y is the label token corresponding
to the label of X. For the conditional generation
tasks, y is a sequence. Especially, for the models
pre-trained with the masked language modeling
objective like ROBERTa, we additionally prepend
a special [MASK] token before the prompts and
train the prompts to let the PLM fill y into it.

3.2 Investigated NLP Tasks

To comprehensively study the prompt transferabil-
ity across various NLP tasks, we involve 17 di-
verse tasks, which can be divided into 6 types:
(1) Sentiment Analysis (SA), including IMDB
(Maas et al., 2011), SST-2 (Socher et al., 2013),
laptop (Pontiki et al., 2014), restaurant
(Pontiki et al., 2014), Movie Rationales (Movie)
(Zaidan et al., 2008) and TweetEval (Tweet) (Bar-
bieri et al., 2020); (2) Natural Language In-
ference (NLI), including MNLI (Williams et al.,
2018), ONLI (Wang et al., 2019b) and SNLT (Bow-
man et al., 2015); (3) Ethical Judgment (EJ), in-
cluding deontology (Hendrycks et al., 2021)
and justice (Hendrycks et al., 2021); (4)
Paraphrase Identification (PI), including QQP
(Sharma et al., 2019) and MRPC (Dolan and Brock-
ett, 2005); (5) Question Answering (QA), includ-
ing SQuAD (Rajpurkar et al., 2016) and NQ-Open
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(Lee et al., 2019); (6) Summarization (SUM), in-
cluding Multi-News (Fabbri et al., 2019) and
SAMSum (Gliwa et al., 2019). Details for these
tasks, evaluation metrics, label tokens, implemen-
tations are in appendix A.

3.3 Investigated Models

We investigate prompt transferability for two se-
ries of PLMs: RoBERTa (Liu et al., 2019b) and
T5 (Raffel et al., 2020), which represent two main-
stream pre-training types: masked language mod-
eling and sequence-to-sequence pre-training. Con-
sidering RoOBERTa can only predict a single token
(or a fixed length of tokens) under prompt tuning
paradigm, for the conditional generation tasks (QA
and SUM) that output multiple tokens, we only
investigate T5. We mainly report results for the
two largest versions of PLMs, i.e., ROBERTay sgce
and T5xx1.. The more detailed results for the other
sizes are attached in appendix.

4 Cross-Task Transfer

We empirically study the cross-task transferability
of soft prompts (§ 4.1) and try to improve the effec-
tiveness and efficiency of PT with transfer (§ 4.2).

4.1 Zero-shot Transfer Performance

To study the cross-task transferability, we first ex-
amine PT’s zero-shot transfer performance, i.e., we
conduct PT on a source task, then directly reuse
the trained prompts on other target tasks and eval-
uate their performance. The results are shown in
Figure 3!, from which we can observe that: (1) For
the tasks within the same type, transferring soft
prompts between them can generally perform well
and may even outperform vanilla PT on the target
task, especially when the source task has more data
(the case of transferring from IMDB to Movie in
Figure 3 (a) and transferring from restaurant
to laptop in Figure 3 (b)), which demonstrates
that it is promising to improve PT’s effectiveness
and efficiency with knowledge transfer from sim-
ilar tasks. (2) For the tasks of different types, the
transferability of soft prompts among them is gen-
erally poor, and transferring soft prompts often
achieve similar performance to randomly initial-
ized prompts.

(3) However, some tasks can transfer to different-
type tasks to some extent, such as the QA and SUM
tasks to SA tasks in Figure 3 (b). To understand

"More results on other PLMs are left in appendix B.1.

this, it is worthwhile to explore what controls the
transferability between prompts, and we do some
preliminary study in § 6.

4.2 Transfer with Initialization

To improve the effectiveness and efficiency of
PT with cross-task transfer, we explore a cross-
task transferable prompt tuning (TPTr,sx) method,
which initializes soft prompts with well-trained
prompts of the most similar task and then starts PT.
For a target task, we start TPTp,sx with trained
prompts of the source task achieving the best zero-
shot transfer performance in Figure 3. From the
results of the performance and training time com-
parisons2 in Table 1, we can see TPT,sx can
mostly achieve better or comparable performance
to vanilla PT starting from random initialization,
and TPTp,sx generally takes less training time.

5 Cross-Model Transfer

We further study the cross-model transferability
of soft prompts. Intuitively, cross-model trans-
fer allows us to train prompts on a small and
computationally efficient PLM and use them on
a massive and computationally expensive PLM,
which will be much more efficient and environment-
friendly. We investigate the feasibility of cross-
model transfer on transferring from a source PLM
(RoBERTay srge) to a larger and heterogeneous tar-
get PLM (T5xx1.), which shall be the most difficult
setting. Appendix C shows the experimental re-
sults of other settings. Directly reusing trained
soft prompts between different PLMs is infeasible
since their embedding spaces are different. Hence,
we investigate how to do cross-model prompt pro-
jection (§ 5.1) and see the transfer performance
(§ 5.2). Furthermore, we explore to improve PT
with cross-model transfer initialization (§ 5.3).

5.1 Cross-Model Prompt Projection

To project the trained soft prompts of a PLM to the
semantic space of a different PLM, we train pro-
jectors with various objectives and examine their
effectiveness. A good way to train the cross-model
projectors may need some task-specific supervi-
sions, but the trained projector shall generalize to
different tasks so that the efficiency for learning the
new tasks on the target model could be improved.
Formally, given the prompt of the source PLM
P = {pf,...,pj}, we concatenate the [ virtual

Training time comparisons are left in appendix B.3.
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Figure 3: Relative zero-shot transfer performance (zero-shot transfer performance / original PT performance) (%)
on the target tasks (columns) of the soft prompts trained on the source tasks (rows) for ROBERTay srge and TSxxp .
Colors of the task names indicate task types. Blue: SA. Green: NLI. Brown: EJ. : PL. Purple: QA. Gray:
SUM. Random Prompt of the last row means the soft prompts are randomly generated without any training.

Task Type | SA | NLI | EJ | pL | Q| SUM

Task |IMDB SST-2 laptop restaurant Movie Tweet| MNLI QNLI SNLI |deontology justice| QQP MRPC|SQuADNQ-Open|Multi-News SAMSum
Metric | Acc. Acc. Ace. Acc. Acc. Acc. | Ace. Acc. Acc. | Acc.  Acc. | Ace. Acc. | Fl Fl |ROUGE-L ROUGE-L

ROBERTaL Arce
Performance (PT) (%) 922 96.1 76.4 83.7 84.9 76.1 | 87.3 924 919 85.6 81.0 | 889 81.2 | N/A N/A N/A N/A
Performance (TPT k) (%)| 924 963 79.1 85.8 851 76.1 | 879 931 919 85.6 782 | 86.1 79.2 | N/A N/A N/A N/A
Convergence Speedup 1.7 1.1 1.0 1.9 1.2 0.9 1.2 1.2 1.3 0.9 0.7 0.8 0.9 | N/A N/A N/A N/A
Comparable-result Speedup| 2.5 2.4 1.0 3.8 1.5 13| 1.1 23 1.0 0.9 N/A | NJA N/A | N/A N/A N/A N/A
TSxxL

Performance (PT) (%) 96.5 97.4 76.6 90.1 979 76.2]90.5 952 934 87.0 92,5 | 90.0 86.3 | 86.3 20.8 29.2 45.8
Performance (TPTsx) (%)| 96.6 97.8 84.2 88.6 975 77.0 | 920 962 94.0 95.3 90.7 | 90.9 89.0 | 85.9 21.3 29.3 46.8
Convergence Speedup 1.2 49.7 22 1.1 39 141|125 249 499 29.8 1.5 1.0 33 1.1 1.0 2.0 2.0
Comparable-result Speedup| 1.2 48.9 219.8 N/A N/A 1.5 125 29.9 499 29.9 N/A 1.0 5.0 | N/A 1.0 2.0 2.5

Table 1: Performance on 17 NLP tasks of vanilla prompt tuning (P'T) and prompt tuning with transferring initial-
ization (TPTrssx), which initialize PT with the one performing best in zero-shot transfer, as well as the conver-
gence speedup (the quotient of the training steps of PT by the training time of TPT;,sx reaching convergence)
and comparable-result speedup (the quotient of the training time of PT by the training time of TPT ,sx achieving
comparable performance to PT). N/A represents the tasks that ROBERTay ,xgr cannot conduct, or we fail to speed
up training with TPT,sk.

tokens into a unified vector P* € R!4s. The pro-  two learning objectives to train the projector?:
jector Proj(-) is to project it to P* € R/ in the
semantic space of the target PLM, where d; and d,
are the input embedding dimensions of the source
and target PLM, respectively. We parameterize the
projector with a two-layer perceptron as follows:

Distance Minimizing We firstly try to learn
cross-model projections by minimizing the dis-
tance between the projected prompt and the paral-
lel prompt P? originally trained on the target PLM

with the same task, i.e., the training objective is to

Ps :PPOJ(PS) :WQ(U(PSW1+b1))+b2, ) minimize their Lo-distance HPI‘OJ(PS) - PtHQ.

Task Tuning We then try to train the cross-model

where W, € R%*xlds W, ¢ Rl>dn gre train- . . . .. .
projector with task-specific supervision signals on

able matrices, by € R% by € R/ are biases, o
is a non-linear activation function. We investigate *More projector-training details are left in appendix C.1.
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Method \ SA NLI | EJ | PI
|IMDB SST-2 laptop restaurant Movie Tweet | MNLI QNLI SNLI |deontology justice| QQP MRPC
PT on TSxxL | 965 974 766 881 979 725 | 905 952 934 | 87.0 925 | 900 86.3
Random Prompt | 4997 490 198 170 516 155 | 31.8 493 319 | 513 500 | 364 67.0
(a) Zero-shot Transfer Performance (%)
Laot op| Pistance Minimizing 49.6  49.0 766 175 515 144 | 31.8 481 328 53.3 49.9 | 36.8 66.6
#PEOP Task Tuning 829 893 803 857 78.6 584 | 324 507 336 | 549 516 | 339 63.7
wypp | Pistance Minimizing 49.6 50.1 19.8 183 512 150 | 90.5 49.0 329 50.3 49.0 | 36.8 65.6
Task Tuning 497 488 198 170 51.6 16.0 | 89.8 827 882 49.7 50.0 | 36.8 67.7
(b) Transfer with Initialization (TPTyopgL)
Performance (%) 96.5 974 829 903 974 744 | 91.0 954 934 92.5 92.5 | 90.0 87.9
laptop|Convergence Speedup 1.1 1.7 1.9 1.3 0.6 1.3 0.9 0.9 1.0 1.0 0.7 1.1 1.1
Comparable-result Speedup| 1.0 19.0 16.0 6.0 N/A 2.2 3.6 1.1 6.0 6.0 0.9 1.8 3.4
Performance (%) 96.5 97.4 827 885 958 747 | 91.2 959 935 94.6 92.5 | 90.0 87.7
MNLI |Convergence Speedup 1.0 1.6 1.8 0.9 0.4 1.3 1.0 1.1 1.4 2.0 1.7 0.9 0.9
Comparable-result Speedup| 1.0 18.0 15.0 1.6 N/A 1.5 | 180 20.0 30.0 7.5 5.0 1.5 1.9

Table 2: Cross-model prompt transfer (ROBERTay srge to TSxx1) results, including non-transfer baselines (vanilla
PT and randomly generated prompts), zero-shot transfer performance of various projectors, and TPTyopg. results
(performance, convergence speedup, and comparable-result speedup similar to Table 1). TPTyoper adopts the Task

Tuning projectors to project the soft prompts.

the target PLM. Specifically, we directly tune the
projected prompts on some tasks and back propa-
gate the supervision signals to train the projector
weights, so that the projector can learn how to stim-
ulate the target PLM and thus may generalize to
transfer the prompts of other tasks.

These methods rely on some tasks (parallel
trained soft prompts or training data) to train the
projector. The projector learning methods are ag-
nostic to the specific training tasks used, and we
choose laptop and MNLT in experiments.

5.2 Zero-shot Transfer Performance

The zero-shot transfer performance of various
projector-learning methods are shown in Table 2*
(a). We can observe that: (1) Distance Minimizing
works well to transfer the prompts of the projector-
training task, but falls back to random performance
on the other unseen tasks, which is not practically
usable. This is consistent with our findings in § 6
that the embedding distances do not strongly corre-
late to prompt transferability. (2) Task Tuning
performs better and successfully generalizes to
same-type unseen tasks of the projector-training
tasks (e.g. NLI tasks for the projectors trained
with MNLT), which proves the feasibility of prac-
tical cross-model prompt transfer. (3) The projec-
tors trained with Task Tuning still cannot work
for different-type tasks, which may be limited by
the cross-task prompt transferability investigated

“More results on other PLMs are left in appendix C.2.

in § 4.1. This urges further attention to developing
universal cross-model projections.

5.3 Transfer with Initialization

Similar to § 4.2, we further study whether the pro-
jected soft prompts can initialize PT on the target
PLM and accelerate training as well as improve
performance. We propose cross-model transfer-
able prompt tuning, TPTyoprL, Which adopts the
Task Tuning projectors to project the soft prompts
trained on the source PLM into the target PLM and
initialize PT with the projected prompts.

The performance and speedup are shown in Ta-
ble 2 (b). We can see that, for the tasks within
the same type of the projector-training task, com-
pared to vanilla PT, TPTyopg. can mostly achieve
comparable or better performance with much less
training time, which demonstrates that practical
cross-model prompt transfer is promising for im-
proving the efficiency and effectiveness of PT.

6 Exploring Transferability Indicator

Based on the positive results in cross-task and cross-
model transfer, we explore why the soft prompts
can transfer across tasks and what decides the trans-
ferability between them, which may shed light on
the mechanisms behind PT and help to design trans-
ferable PT methods. We explore various prompt
similarity metrics and examine how well do they
align with the zero-shot transfer performance. If
a similarity metric can well indicate transferabil-
ity, it suggests the factors considered in designing
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this metric decide the prompt transferability. More-
over, the prompt similarity metrics can qualify task
similarities using the trained soft prompts as task
embeddings and may help in developing cross-task
transfer methods. As a straightforward example, if
we build a prompt warehouse containing prompts
of diverse tasks, we can retrieve prompts of similar
tasks for a new task with a certain similarity metric
and better improve PT with TPTy,sk.

6.1 Prompt Similarity Metric

We explore the following two kinds of metrics:

Embedding Similarity We firstly regard the
trained soft prompts as only embeddings in the
vector space and calculate their Euclidean simi-
larity and cosine similarity, among which cosine
similarity is also explored by Vu et al. (2021).
Given two groups of trained prompts contain-
ing [ virtual tokens: P! = {pﬁl7 . ,pfl} and
P2 = {pf2 ..., p}*}, which correspond to tasks
t1 and to. Firstly, we concatenate the [ virtual to-
kens for each group and get two concatenation em-
beddings P!1, P*2 ¢ R, then we compute Eu-
clidean similarity and cosine similarity of them:

1
Beoncat(P",P?) = ————
t( ) ) 1 + ||Pt1 _Pt2H7
N i @
Cconcat(P 17P2) = T o
[[Pra[|[[Pe=]]

We further explore a simple way to make the
metrics invariant to token positions. We compute
Euclidean distances and cosine similarities for ev-
ery virtual token pairs in the two groups and use
the averaged results in the final similarity metrics:

1
Eaverage(Pt17Pt2) = 1 1 3
1
tEpX Ipi* — Pyl
== @
1 l l p ptg
Caverage(Pt1 Pt2 - j g g . 2

7 s e 1l

Model Stimulation Similarity In the second
way, we depict their similarities based on how they
stimulate the PLMs, i.e., we examine the similar-
ities between the responses of PLMs to the two
soft prompts. Motivated by Geva et al. (2021) and
Dai et al. (2021), which both find that the activa-
tion of the neurons in the feed-forward layers of
Transformers (Vaswani et al., 2017) corresponds
to specific model behaviors, we propose to use the
overlapping rate of activated neurons as a simi-
larity metric of prompts. Specifically, the feed-
forward network FFN(-) in a Transformer layer is:

. Same Different
Model Metric Task Tasks
Econcat 94 68
Eaverage | 41.6 37.6
RoBERTay srce concat 47.6 31.7
Caverage 1-7 1.1
ON 39.4 21.4
Econcat 05 03
Eaverage 4.0 3.4
TSXXL Cconcat 294 34
Caverage 4.0 2.1
ON 62.0 46.1

Table 3: The average values (%) of the 5 similarity met-
rics for prompt pairs of the same task (trained with 3
different random seeds) and different tasks.

FFN(x) = max(xW] + by, 0)W3 + bs, (5)
where x € R? is the input embedding, W1, W €
R%m >4 are trainable matrices, and by, bs are bias
vectors. The max(xW{ + by, 0) can be regarded
as the non-negative activation values for d,,, hidden
neurons (Geva et al., 2021). We then change all the
positive elements of max(xW, + by, 0) to 1 and
get the one-hot activation state vector s.

We feed an input sequence {P,<s>} into the
PLMs, where <s> is the special token indicating
the start of a sentence. For ROBERTa, a [MASK]
is additional prepended. This sequence is in the
format of PT inputs but without specific input sen-
tences.

We use the activation states of the positions
used to decode outputs, which shall be more task-
specific. Specifically, for TS5, we use the decoder
module’s activation states at the first position. For
RoBERTa, we use the activation states of [MASK].
Finally, we concatenate the activation states of
PLM’s L layers to get the overall activation states:

AS(P) = ;s (6)

We can only retrieve the activation states of a
part of layers in the similarity computation. In
experiments, we find that the higher layers tend
to be more task-specific, which is consistent with
the probing results (Liu et al., 2019a). Hence we
use the activation states of the top 3 layers’ in ex-
periments below. We calculate the overlapping
rate of activated neurons ON(P*1, P'2) between

[Sl;SQ;...

>More results about the different layers’s performance are
left in appendix D.4.
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Metric ‘ RoBERTay ek T5xxL
Eeoncat 22.6 12.9
Eaverage 2.8 —2.5
Ceoncat 24.8 31.6
average 44.7 33.5
ON 49.7 36.9

Table 4: The Spearman’s rank correlation scores (%)
between various similarity metrics and cross-task zero-
shot transfer performance of soft prompts.

55
—_ Caverage
S == ON
§45
©
D 40
S
=
30
T5(Small) T5 (Base) T5 (Large) T5 (XXL)
Model Size

Figure 4: Spearman’s correlation scores of ON and
Caverage With cross-task zero-shot transfer perfor-
mance change along with the parameter size of T5.

the trained soft prompts of task ¢; and ¢o with the
cosine similarity:

AS(P%) . AS(P'2)
[AS(PH)[[[[AS(P)°

ON(P", P2) = @)

6.2 Experimental Results

To evaluate the effectiveness of the above similarity
metrics of soft prompts, we (i) test whether the sim-
ilarity metrics can distinguish the trained prompts
of the same tasks and different tasks, and (ii) exam-
ine whether these metrics align with the zero-shot
transfer performance.

Regarding (i), we compare the similarities of the
investigated metrics for two trained prompts within
the same task (trained with different random seeds)
and between different tasks in Table 3. From the
results, we can observe that all the metrics work
well to distinguish the prompts of the same task
and different tasks. This suggests that the trained
soft prompts of different tasks form distinguishable
clusters in the embedding space and also stimulate
different abilities within the PLM.

Moreover, to evaluate (ii), how well the sim-
ilarity metrics align with the cross-task transfer
performance, we quantify the correlations between
the similarities and zero-shot transfer performance
in Figure 3. Specifically, for each target task’s
prompt, we rank various source tasks’ prompts

Projector |Task |Caverage ON

. |laptop 3.8 524

"l;alsk T;lmn)g Same-Type Tasks 41 510
aptop Different-Type Tasks| 3.4 46.0

. |MNLI 2.7 70.7
Tafblzgﬁ?;ng Same-Type Tasks 2.7 567
Different-Type Tasks| 4.1 53.4

Table 5: Similarities (%) between the prompts pro-
jected with Task Tuning projector and the original
prompts trained on T5xxr. .

with similarity scores and zero-shot transfer perfor-
mance and then compute the Spearman’s rank cor-
relation (Spearman, 1987) between the two ranks
generated by these two ways. The overall results
are shown in Table 4°. We can see that: (1) The
overlapping rate of activated neurons (ON) metric
works better than all the embedding similarities,
which suggests that model stimulation is more im-
portant for prompt transferability than embedding
distances. (2) ON works much worse on T5xxr,
(11B parameters) than on RoBERTay srgr (330M
parameters). We guess this is because larger PLMs
have higher redundancy (Aghajanyan et al., 2021),
which means prompts can activate different redun-
dant neurons to do similar jobs and thus influence
the sensitivity of ON metric. This is supported by
the experiments showing that the Spearman’s corre-
lation scores of ON drop with the increase of PLM
scales (Figure 4), from which we can see Cayerage
also exhibits a similar trend. We encourage future
work to explore how to overcome the PLM redun-
dancy for better transferrable PT. As a preliminary
trial, we find that by taking the intersection of ac-
tivation states of 3 prompts trained with different
random seeds, ON’s correlation score on TS5xxr.,
raises from 36.9% to 46.3%.

We further explore whether the prompt simi-
larity metrics also work in the cross-model trans-
fer setting by testing whether they work between
the projected prompts and original prompts of the
same task. In Table 5, we show the similarities of
prompts projected with Task Tuning projectors by
the two best metrics Cayerage and ON. We can see:
(1) ON metric shows that the projected prompts
are highly similar to the original prompts within
the same type of projector-training tasks but are
not so similar to different-type tasks, which is quite
consistent with the cross-model zero-shot transfer

®The detailed results by task types are left in appendix D.2.
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performance in Table 2. (2) However, Cayerage can-
not reflect this phenomenon, which shows that the
perspective of model stimulation is more promising
for understanding transferability again.

7 Conclusion

We empirically investigate the transferability of
prompts in this paper. In the cross-task setting,
we find that soft prompts can transfer to similar
tasks without training. In the cross-model setting,
we successfully project prompts into the space of
other PLMs. Further, we utilize trained prompts of
other tasks or other PLMs as initialization to signif-
icantly accelerate training and improve effective-
ness. Moreover, we explore various prompt trans-
ferability indicators and show that how the prompts
stimulate PLMs is important to transferability. We
hope the empirical analyses and the model stimula-
tion idea can facilitate further research on transfer-
able and efficient PT.
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A Basic Setup for Various Tasks

A.1 Dataset and Task

Sentiment Analysis (SA) SA is the task of clas-
sifying sentiment polarities for a given sentence.
We select IMDB (Maas et al., 2011), SST-2
(Socher et al., 2013), SemEval/laptop (Pon-
tiki et al., 2014), SemEval/restaurant (Pontiki
et al., 2014), Movie Rationales (Movie) (Zaidan
et al., 2008), and TweetEval (Tweet) (Barbieri
et al., 2020) for our experiments.

Natural Language Inference (NLI) NLI is the
task of determining whether a hypothesis is entailed
or contradicted by a given sentences (premise, hy-
pothesis). We select MNLI (Williams et al., 2018),
QONLI (Wang et al., 2019b), and SNLI (Bowman
et al., 2015) for our experiments.

Ethical Judgment (EJ) EJ is the task of de-
ciding whether a sentence is ethically acceptable.
We select Ethics/deont ology (Hendrycks et al.,
2021) and Ethics/justice (Hendrycks et al.,
2021) for our experiments.

Paraphrase Identification (PI) PI is the task of
classifying whether a pair of sentences are seman-
tically identical. We select QQP (Sharma et al.,
2019) and MRPC (Dolan and Brockett, 2005) for
our experiments.

Question Answering (QA) QA is the task of an-
swering a question. We choose SQuAD (Rajpurkar
et al., 2016) and NQ—-Open (Lee et al., 2019) to
analyze. For SQuAD, a PLM captures the answer
from the content. As for NO—Open, a PLM directly
generates the answer without the content.

Summarization (SUM) SUM is the task of sum-
marizing a given article and generating the abstract.
We select Mult i—News (Fabbri et al., 2019), and
SAMSum (Gliwa et al., 2019) for our experiments.

A.2 Evaluation Metrics

For classification tasks (SA, NLI, EJ, and PI), we
use accuracy (Acc.) as their evaluation metric. As
for generation tasks (QA and SUM), we utilize F1
and ROUGE-L (Lin, 2004), respectively.

A.3 Prompt Tuning Setting

In the experiments, for all the investigated tasks,
we use AdamW (Loshchilov and Hutter, 2019) as
the optimizer and set the learning rate as 0.001. We
set the length of soft prompts [ as 100. All the soft

prompts are randomly initialized and optimized
with Equation 1. In the inference stage, RoOBERTa
predicts the label tokens at the [MASK] position and
TS5 directly uses its decoder to do generation. For
the classification tasks (SA, NLI, EJ and PI), we
obtaining answers in a ranking manner, i.e., we
rank the label tokens by their likelihoods and regard
the PLMs as predict the label of the label token with
highest likelihood. For the conditional generation
tasks (QA and SUM), we directly take the outputs
of PLMs as their answers.

A.4 Label Tokens

The used label tokens for the classification tasks
(SA, NLI, EJ, PI) are shown in Table 6. For gener-
ation tasks (QA, SUM), the desired output is just
the annotated answers.

Task ‘ Label Tokens
Sentiment Analysis (SA)
IMDB positive, negative
SST-2 positive, negative
laptop positive, moderate, negative
restaurant positive, moderate, negative
Movie positive, negative
Tweet positive, moderate, negative
Natural Language Inference (NLI)
MNLI yes, neutral, no
ONLT yes, no
SNLI yes, neutral, no
Ethical Judgment (EJ)
deontology acceptable, un
justice acceptable, un
Paraphrase Identification (PI)
QQP true, false
MRPC true, false

Table 6: Label tokens of classification tasks.

B Cross-Task Transfer

B.1 More Zero-shot transfer performance

In § 4.1, we report the zero-shot transfer perfor-
mance (relative performance) on ROBERTay srce
and TS5xxr. Here, we investigate the zero-shot
transfer performance on other sizes of ROBERTa
and T5, which are shown in Figure 5. According
to these results, we can find that the transferabil-
ity of soft prompts between the tasks of different
types is generally poor, which is consistent with
the conclusion in § 4.1.
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Figure 5: Relative performance (transferring zero-shot performance / original PT performance) (%) on the target
tasks (columns) of the soft prompts trained on the source tasks (rows), both of which demonstrate the relative
performance for zero-shot transfer of prompts of ROBERTa and T5. Colors of the tasks names indicate the task
types. Blue: sentiment analysis (SA). Green: natural language inference (NLI). Brown: ethical judgment (EJ).

: paraphrase identification (PI). Purple: question answering (QA). Gray: summarization (SUM). Random
Prompt of the last row means the soft prompts are randomly generated without any training.
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(b) Unifying the label tokens (RoBERTag,s)

Figure 6: To exclude the poor transferability, which may result from the fact that different-type tasks use different
label tokens, we unify the label tokens of different tasks into the same set of numbers (1, 2, ...) and choose
RoBERTag,¢; for the experiments. From Figure (a) and (b), we observe that the transferability between different-
type tasks are still generally not improved in this way. This indicates that different-type tasks surely require distinct

abilities.

B.2 Unifying Label Tokens

We hypothesize that the poor transferability be-
tween different task types may result from the fact
that different-type tasks usually use different label
tokens, e.g., yes and no are for NLI tasks while
positive and negative are for SA tasks. To
verify whether this factor influences the transfer-
ability, we unify the label tokens of different tasks
into the same set of numbers (1, 2, ...) and choose
RoBERTag,s: for the experiments. In Figure 6,
we can observe that the transferability between
different-type tasks are generally not improved in
this way. This indicates that different-type tasks
surely require distinct abilities, which prohibits
reusing prompts between them.

B.3 Speedup Calculation

In this paper, we compute convergence speedup
and comparable-result speedup as follows:

PT convergence time
Convergence Speedup(x) = TPT convergence time’

8
Comparable-result Speedup(x) = ®)

PT convergence time

time of TPT achieving comparable result to PT"

We calculate the training loss and the evalua-
tion score per 100 steps during the training. When

the training loss stops dropping and the evaluation
score stops increasing for 300 steps, we set the
point as the convergence point. For the conver-
gence speedup in Equation 8, the PT convergence
time is divided by the TPT convergence time. As
for the comparable-result speedup in Equation 8,
the PT convergence time are divided by the time of
TPT achieving comparable performance to PT.

C Cross-Model Transfer

C.1 Implementation Details of Projector

As mentioned in § 5.1, we give the prompt of the
source PLM, P° = {p7,...,p;]}, and concatenate
its [ virtual tokens into a unified vector PS € R/
where dg is the hidden size of the source PLM.
To transfer P? to the target PLM whose hidden
size is dy, we design a projection function Proj(-)
parameterized by a two-layer perceptron as follows:

P*=Proj(P*)=W3(c(P*W1+b1))+bs, (9)

where W € Rnxlds W, ¢ Rexdn gre train-
able matrices, by € ]Rdh,bg € R are biases,
o is a non-linear activation function. For train-
ing configurations of projector, the optimizer is
AdamW (Loshchilov and Hutter, 2019), the train-
ing batch size is 16, the learning rate is 0.005,
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Method \ SA

\ NLI \ EJ \ PI

‘IMDB SST-2 laptop restaurant Movie Tweet ‘ MNLI

QNLI SNLI |deontology justice| QQP MRPC

From BERTg s to ROBERTag g

PT on RoBERTag s | 899 938 773 80.7 792 745 | 806 905 885 | 729 700 | 869 83.9
Random Prompt | 50.6 50.8 2.3 12 505 405 | 328 505 333 | 504 502 | 368 68.0
IMDB. lantop | Distance Minimizing| 89.7 531 756 183 542 240 | 312 50.0 333 50.6 50.0 | 36.8 67.2
» PP 1y ok Tuning 882 822 763 779 734 436 | 320 479 328 | 498 494 | 50.2 477
MNLI Distance Minimizing| 55.6 51.0 2.5 1.4 531 41.1 | 80.0 50.6 33.3 50.6 50.0 | 48.3 68.0
Task Tuning 509 52.0 11.9 131 458 18.2 | 80.0 749 80.0 50.4 49.9 | 36.8 68.1
From RoBERTag s to ROBERTA[ sre
PT on RoBERTay sper | 918 960 78.1 81.7 817 766 | 885 934 907 | 856 81.1 | 89.0 827
Random Prompt | 501 50.2 20 20 495 405 | 327 510 333 | 503  49.9 | 406 61.2
IMDB. lantop | Distance Minimizing| 92.1 50.1  77.0 14 510 376|331 502 328 50.4 50.0 | 62.3 383
» PP Ty ok Tuning 904 762 642 695 797 450 | 333 505 33.1 50.3 50.0 | 38.5 79.7
MNLI Distance Minimizing| 50.3 51.2 5.2 59 510 406 | 885 491 332 50.3 50.0 | 45.1 66.4
Task Tuning 67.7 761 289  43.7 604 49.1 | 871 794 845 49.7 50.0 | 36.8 68.5
From T5gsg to TSxxL

PT on TS5xxL | 965 974 766 881 979 725]905 952 934 | 870 925|900 863
Random Prompt | 497 49.0 198 170 516 155 | 31.8 493 319 | 513 500 | 364 67.0
Jabto Distance Minimizing| 49.0 49.7 76.6  17.0 523 16.3 | 31.8 487 33.3 54.1 49.0 | 36.7 67.7
ptop Task Tuning 772 862 803 835 646 552 | 31.9 499 329 48.7 52.8 | 50.7 53.1
MNLI Distance Minimizing| 49.7 49.0 19.8 17.1  51.6 155 | 90.5 49.3 348 52.3 50.0 | 36.8 67.7
Task Tuning 54.9 70.0 60.8  74.1 3.6 414 | 89.7 848 908 49.7 50.0 | 37.2 66.4

Table 7: We conduct experiments between various PLMs in different scales and heterogeneous frameworks: from
BERTgAse to RoOBERTag g, from RoOBERTag,s: to ROBERTay srgr, and from T5gase to TS5xxi,. Besides, we
highlight the non-trivial zero-shot performance (%) of the cross-model setting with bold.

and the inner hidden size dj, is 768. In this pa-
per, we investigate cross-model transfer among var-
ious PLMs including BERTg s, ROBERTag g,
ROBERTay srges TSsmarr, TSpase, and TSxxi,
whose hidden sizes are 768, 768, 1024, 512, 768,
and 1024, respectively. Besides, for non-linear
activation functions, we have tried tanh and
LeakyReLU (Xu et al., 2015), and find their per-
formance on various PLMs are similar. The re-
ported results are based on LeakyReLU.

C.2 More Zero-shot Transfer Performance

In § 5.2, we showed the zero-shot transfer perfor-
mance of various projector-learning methods in
the setting of transferring from ROBERTay pzgi to
TS5xx1. We explore more cross-model transfer set-
tings here, which are transferring between various
PLMs in different scales and heterogeneous frame-
works, including from BERTg 555 to ROBERTag s,
from RoOBERTagss: to ROBERTA] srgE, and from
T5gase to TS5xx1.. We can find that the results in
Table 7 are all consistent with § 5.2.

C.3 Technical Details of TPT,opg1,

In § 5.3, we demonstrate cross-model transferrable
prompt tuning (TPTyopgr) can well improve per-

formance and reduce training time.

However, when we apply TPTyopg. to more
PLMs, we find that the projected prompts may
have quite different Ly norm values with the origi-
nal prompts, especially for the small-scale PLMs
(e.g., from BERTg sz to ROBERTag,s:). Specif-
ically, we obtain the projected prompts with the
trained Task Tuning projector, and find that the pro-
jected prompts are hard to optimize in some tasks
as shown in Figure 7 [Without LayerNorm].
Thus, we attempt to add the layer normalization
operation (Ba et al., 2016) LayerNorm into the
projectors to regularize the norm of the projected
prompt as follows:

P® = LayerNorm(Proj(P?)).  (10)
By the LayerNorm, the projected prompts can
work well on TPTyope. and achieve better per-
formance and speedup as shown in Figure 7
[With LayerNorm]. Interestingly, although
prompts projected by the projectors [Without
LayerNorm] are hard to be trained in TPTyopgr,
they can achieve similar zero-shot transfer perfor-
mance with the prompts projected by the projectors
[With LayerNorm] in Table 8.
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Figure 7: The (—) represents vanilla PT on RoBERTag,sz. As for (—), it utilizes projected prompts from
BERTg,s; as initializations to conduct PT on RoBERTag 5. The projected prompts respectively come from two
different Task Tuning projectors: [Without LayerNorm] and [With LayerNorm].

Method SA NLI EJ PI

|IMDB SST-2 laptop restaurant Movie Tweet| MNLI QNLI SNLI|deontology justice[QQP MRPC

PTonRoBERTag,s: | 899 938 773 807 792 745|806 905 85| 729 700 [869 839
[Without LayerNorm]

Task Tuning (IMDB, laptop) | 86.5 849 734 753 766 47.7 | 31.8 520 329| 503 500 376 675
Task Tuning (MNLI) 66.6 704 530 438 578 479 | 824 749 781 | 504 499 |453 70.1
[With LayerNorm]

Task Tuning (IMDB, laptop) | 88.2 82.2 763 779 734 43.6 | 320 479 328| 498 494 [502 477
Task Tuning (MNLI) 509 520 119 131 458 182 | 80.0 749 80.0| 504 499 |36.8 68.1

Table 8: We find that the zero-shot performances of prompts projected by two Task Tuning projectors ([With
LayerNorm] and [Without LayerNorm]) are close. Bold represents non-trivial performance.

D Transferability Indicator

D.1 Effectiveness of Similarity Metrics

We categorize all prompts into three groups: same
tasks (prompts trained with different seeds on the
same dataset), same-type tasks, and different-type
tasks. Table 9 shows that all the similarity metrics

successfully distinguish task types.

D.2 Correlation Between Prompt
Transferability and Prompt Similarity

In § 6, we provide the overall averaged Spearman’s
rank correlation scores (%) between various simi-
larity metrics and zero-shot transfer performance
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. Same | Same-type | Different-type

Metric Tasks Tasks Tasks
ROBERTa srce
Econcat 94 94 68
Eaverage 41.6 414 37.6
Ceoncat 47.6 45.3 31.7
Caverage 1.7 1.3 1.1
ON (Bottom 3) | 42.8 43.3 39.1
ON (Top 3) 394 28.2 21.4
ON (All 24) 40.0 35.8 29.6
T5xx1 (Decoder Module)

Econcat 05 05 03
Eaverage 4.0 5.1 34
Ceconcat 29.4 2.8 2.4
Caverage 4.0 2.6 2.1
ON (Bottom 3) | 80.3 75.4 76.3
ON (Top 3) 62.0 52.7 46.1
ON (All 24) 60.8 54.0 49.2

Table 9: The average values (%) of the 5 similarity
metrics for prompt pairs within the same task (trained
with 3 different random seeds) and between differ-
ent tasks (of the same type and different types) on
ROBERTaLARGE and TSXXL~

Metric ‘SA NLI EJ PI QA SUM| Al
TS5smart (Decoder Module)

Econcat 10.1 19.6 313 53 273 38.0|21.9

Eaverage -6.8 -28.0 187 -2.6 29.1 429| 89

Ceoncat 346 63.6 266 193 -2.1 125|257

Caverage 64.3 65.1 30.7 157 27.7 19.2]37.1

ON (Bottom 3) |32.9 72.6 41.8 142 455 528|433
ON (Top 3) 506 748 514 26 60.3 78.8|525
ON (All 24) 448 79.7 445 63 59.7 67.9]50.5

T5gase (Decoder Module)

Econcat 552 -17.0 102 21.5 59 -1.1{20.8
Eaverage 534 -423 -10.7 7.5 -27.7 -10.8] 9.0
Ceoncat 57.2 252 35.1 37.0 30.2 -20.5|28.4
Caverage 476 70.0 304 48.0 349 16.8|42.4
ON (Bottom 3) |34.7 29.8 40.8 169 242 72.2|36.0
ON (Top 3) 53.8 243 50.6 46.1 54.7 79.1(49.1

ON (All 24) 46.1 25.0 42.6 39.7 56.7 723|434
T5xx1. (Decoder Module)

40.8 -134 193 114 -43 -195|129
322 42,6 9.7 -2.0 -27.7 -34.0| -2.5

concat

E
Eavcragc
C

concat 214 409 42.6 24.6 30.2 45.6|31.6
Caverage 233 44.8 333 293 349 499335
ON (Bottom 3) 9.1 20.7 148 183 242 -99|12.4
ON (Top 3) 42,7 33.6 39.1 303 547 11.1]/36.9
ON (All 24) 31.0 23.6 37.7 342 56.7 154|32.0
ONy (Bottom 3) | --  -- -- - - - -- 253
ONf (Top 3) R -- 1463
ONfp (All 24) B -- |40.0

Table 10: Spearman’s rank correlation scores (%) be-
tween various similarity metrics and zero-shot transfer
performance of soft prompts for various scales of TS
and ONf as introduced in appendix D.3.

Metric SA NLI EJ P1 All
RoBERTagse
Econcat 31.1 -5.9  30.5 16.2 | 20.2
Eaverage 172 -524 121 -135 | -44
Ceoncat 51.6 8.8 38,5 29.7 | 363
Caverage 658 559 26.1 289 | 51.7
ON (Bottom 3) | 56.2 643 17.9 21.2 | 46.8
ON (Top 3) 779 742 434 327 | 64.8
ON (All 24) 712 705 336 250 | 58.1
ROBERTay orge
Econcat 425 -16.3 214 228 | 22.6
Eaverage 345 551 -58 36| 28
Ceoncat 445 -11.7 236 220 | 248
Caverage 382 77.1 124 478 | 447
ON (Bottom 3) | 32.0 34.8 44.5 30.3 | 343
ON (Top 3) 709 45.6 135 289 | 49.7
ON (All 24) 627 40.6 160 31.1 | 456

Table 11: Spearman’s rank correlation scores (%) be-
tween various similarity metrics and zero-shot trans-
fer performance of soft prompts for various scales of
RoBERTa.

of soft prompts for ROBERTay srce and TSxxr .

Here, we further show Spearman’s rank corre-
lation scores grouped by the task types on more
PLMs. The results are shown in Table 10 and Ta-
ble 11.

D.3 PLMs’ Redundancy Influence Indicators

From Table 10, we find that the correlation between
prompt transferability and prompt similarity will
drop with the increase of PLM size. We guess
that this phenomena may result from PLMs’ high
redundancy (Aghajanyan et al., 2021).

To try to overcome this, we simultaneously uti-
lize the prompts trained with three random seeds
on the same dataset and take their intersection of
activation states as the activated neurons into the
similarity (ON) computation. This similarity is
called ONj. By using it, the correlation score of
ON can significantly raise as shown in Table 10.

D.4 Overlapping Rate of Activated Neurons
in Different Layers

To further understand model stimulation in PLMs,
we investigate ON in different layers of PLMs.
Specifically, on RoOBERTag sz, we measure the
similarity between different prompts with activa-
tion states of from 1 to 3 layers (Figure 8), from
4 to 6 layers (Figure 9), from 7 to 9 layers (Fig-
ure 10), from 10 to 12 layers (Figure 11), and all
12 layers (Figure 12), respectively.
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We find that the activated neurons are common in
the bottom layers but tend to be more task-specific
in top layers, which is consistent with the findings
of previous works (Liu et al., 2019a).
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Figure 10: ON in 7 - 9 layers of ROBERTap,.

3968

0.44
0.53
0.48
0.49
0.48

0.54

0.51
0.48

0.56

0.42

Q
(pg'L7

0.37
0.42
0.32
0.43
0.41
0.45
0.45

Q
(pﬁp

0.34
0.40
0.28
0.44
0.37
0.41
0.35
0.43

Q
(pf‘))"'7

0.41
0.51
0.55
0.54
0.50
0.52
0.55
0.55
0.50
0.47

Pc
/)

Mg,
123

0.34
0.39
0.38
0.51
0.43
0.38
0.45

MRp,
(P c

0.23
0.25
0.27
0.27
0.25
0.25
0.34
0.35

MRp,
(P C

High

-Low

-High

-Low

High

-Low



Prompt

Prompt

IMDB(SA)
SST-2(SA) -
laptop(SA) -
restaurant(SA) -
Movie(SA)
Tweet(SA) -

MNLI(NLI) -
QNLI(NLI) -
SNLI(NLI) -
deontology(E)) -
justice(E)) -
QQP(PI) -
MRPC(PI) -

IMDB(SA)
SST-2(SA) -
laptop(SA) -

restaurant(SA) -

Movie(SA) 11U 0.53
Tweet(SA)- 0.49 0.65

MNLI(NLI) -
QNLI(NLI) -
SNLI(NLI) -
deontology(E)) -
justice(E)) -
QQP(PI) -
MRPC(PI) -

0.38

0.41
023
0.22
0.26
0.14
0.14
0.23
0.16

g,
(Sq )B

0.50
0.39
0.46

0.37
0.34
0.34
0.24
0.23
0.34
0.28

)
Q
N

(S,q)

0.46
0.59

0.46
0.45
0.49
0.27
0.28
0.42
0.33

SSy
(Sq )2 y

Overlapping Percentage of Activated Parameters 10 - 12 Layers

0.23 022 0.26 0.14 0.14 0.23
031 031 039 014 015 0.34
0.21 0.20 0.23 0.15 0.16 0.20
0.22 025 034 014 0.15 0.31
026 029 0.26 0.15 0.16 0.31
0.15 0.18 0.32

0.15 .
: ‘

Q 4 @ 5 = o I~ S v Q
S < T 75N 33 33 3 S O o
< g < oI ~ N S S oA g
8§ 53 S8 #£F § o8 98 F, F@ ©°t
K 3 25 3

59 §@

g &

& o

Prompt

Figure 11: ON in 10 - 12 layers of ROBERTag ;.

Overlapping Percentage of Activated Parameters (All 12 Layers)
0.39 046 [ e 049 037 034 034 024 023 0.34
0.46 0.53 BONEEN 046 045 049 0.27 0.28 042
Mool 0.47 044 046 039 035 036 0.28 0.27 0.33
0.52 045 046 051 0.29 0.29 0.42
045 043 0.40 0.28 0.27 0.39
047 044 049 0.26 0.27 0.43
048 050 031 032 0.41
0.53  0.32 0.32 0.41
0.29 0.29

28
BN I S =S
L a3 < S SS9 S S S~ OF
N < <3 3 Qo Ex oL

& s f¢ £¢ S O 9% 55 49 =

59 S§¥

4

< g

Prompt

Figure 12: ON in all 12 layers of ROBERTap .-

3969

0.16
0.16
0.14
0.15
0.16
0.17

Mrp,
(ry C

High

-Low

High

-Low



