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Abstract

Prompt transfer is a transfer learning method
based on prompt tuning, which enhances the
parameter performance of prompts in target
tasks by transferring source prompt embed-
dings. Among existing methods, weighted
aggregation is effective and possesses the ad-
vantages of being lightweight and modular.
However, these methods may transfer redun-
dant or irrelevant information from the source
prompts to the target prompt, leading to neg-
ative impacts. To alleviate this problem, we
propose Prompt Contrastive Transformation
(PCT), which achieves efficient prompt trans-
fer through prompt contrastive transformation
and attentional fusion. PCT transforms the
source prompt into task-agnostic embedding
and task-specific embeddings through singular
value decomposition and contrastive learn-
ing, reducing information redundancy among
source prompts. The attention module in
PCT selects more effective task-specific em-
beddings and fuses them with task-agnostic
embedding into the target prompt. Exper-
imental results show that, despite tuning
only 0.035% of task-specific parameters, PCT
achieves improvements in prompt transfer for
single target task adaptation across various
NLP tasks.

1 Introduction

Fine-tuning pretrained language models (PLMs)
has led to significant improvements across various
downstream Natural Language Processing (NLP)
tasks (Raffel et al., 2020). Moreover, a new tuning
paradigm, named prompt tuning, has emerged
(Lester et al., 2021; Li and Liang, 2021). It guides
the model to output the desired results by inserting
a small number of tunable prompt embeddings into
the input (or into the hidden states [Li and Liang,
2021]), but this tuning method is susceptible to the
influence of prompt initialization. Recent work has

introduced prompt transfer (Vu et al., 2022; Jung
et al., 2024; Wu et al., 2024; Belanec et al., 2024;
Lan et al., 2024), which is a transfer learning
method based on prompt tuning that enhances
the parameter performance of prompts through
transferring source prompt embeddings (Figure 1).
It offers an efficient solution for parameter tuning
in large language models.

To effectively transfer the source prompts to
the target prompt, a common approach is direct
weighted aggregation of prompts. This method
determines the weight of each source prompt
by calculating the relevance between the target
task and each source prompt. Popular methods
for weight calculation include cosine similarity
(SPoT; Vu et al., 2022) and attention scores (AT-
TEMPT; Asai et al., 2022). Another approach is
based on knowledge distillation, which regards
source prompts as teachers and target prompts
as students. This includes single-task knowledge
distillation (Zhong et al., 2024) and multi-task
knowledge distillation (Wang et al., 2023). They
enrich the information of the target prompt
through prompt transfer, thereby enhancing the
performance of the parameters.

Among the existing methods, the weighted ag-
gregation approach not only effectively finishes
prompt transfer but also maintains the benefits of
being lightweight and modular. This is because
it doesn’t require reasoning time and space for
each source prompt, unlike knowledge distillation.
However, redundant and irrelevant information in
the source prompts may impact the effectiveness
of weighted aggregation. On one hand, in or-
der to facilitate prompt tuning, language models
cast each task, such as SST-2 (sentiment clas-
sification), MNLI (natural language inference),
and ReCoRD (reading comprehension question
answering), as a text-to-text generation task. This
results in the presence of mutually overlapping
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Figure 1: The source task prompts from different tasks
transfer valid information to the target task through
prompt transfer.

Figure 2: We extracted and visualized the principal
components from four source prompts, (a) showing the
distribution of the source prompt, and (b) depicting
the distribution of source task-specific embeddings
extracted from the source prompts by PCT.

redundant information among source prompts
(Figure 2a), which in turn affects the weight dis-
tribution during the aggregation process. On the
other hand, the presence of irrelevant information
directly impacts the adaptation of the target task.
This is primarily due to the over-sensitivity be-
tween source and target (Zhong et al., 2024), and
this issue can only be avoided if every member
in the source tasks is highly matched with the
target task.

To alleviate the negative impact of redundant
and irrelevant information from source prompts
on the weighted aggregation of prompt transfer,
we propose a method named Prompt Contrastive
Transformation (PCT), which achieves effective
prompt transfer through prompt transformation
and fusion. Firstly, (1) PCT employs singular
value decomposition to extract task-agnostic em-
bedding from the multiple source prompts and
proposes a contrastive learning approach to sepa-
rate task-specific embeddings from the remaining
information in each source prompt, enhancing
their distinctiveness to reduce information re-
dundancy. As shown in Figure 2b, after prompt

contrastive transformation, the distribution of each
task-specific embedding is more distinguishable
from each other. Then, (2) PCT introduces an
attention-based weighted aggregation method for
selecting task-specific embeddings more rele-
vant to the target task and assigning weights,
thereby reducing the impact of irrelevant infor-
mation. Finally, (3) PCT integrates the weighted
task-specific embeddings with the task-agnostic
embedding into the target prompt, ensuring the in-
tegrity of effective information within the prompt
and achieving prompt transfer.

The main contributions of this work are
summarized as follows in three points:

1. We propose PCT, which transforms source
prompts into task-agnostic embedding and
task-specific embeddings through singular
value decomposition and contrastive learn-
ing, effectively reducing the information
redundancy among source prompts.

2. PCT introduces an effective method to select
and integrate task-specific embeddings that
are more relevant to the target task, reducing
the impact of irrelevant information on the
target task, and achieving efficient prompt
transfer.

3. Experiments show that, despite tuning only
0.035% of task-specific parameters, PCT
achieves improvements in prompt transfer
for single target task adaptation across 21
NLP tasks, and it is highly competitive when
compared to full fine-tuning.1

2 Related Work

2.1 Prompt Tuning
Since the parameter scale of language models
(LMs), such as T5 (Raffel et al., 2020), has
reached the billion level, parameter-efficient tun-
ing has gained increasing attention (Ding et al.,
2023). Among these methods, prompt tuning has
particularly interested researchers, as it effectively
reduces the parameter scale of model tuning when
LMs are adapted to downstream tasks. It involves
inserting a small, trainable prompt vector into the
input of the language model (or into each layer of
the model), which guides the model towards gen-
erating the intended outputs (Lester et al., 2021; Li
and Liang, 2021). Moreover, research has shown

1Our code is available athttps://github.com/AHU
-YangSJ/PCT.
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Figure 3: Our proposed PCT consists of two steps: Prompt Transformation, and Target Task Adaptation. In
the Prompt Transformation step, PCT transforms the source prompt into task-agnostic embedding (T.A.E) and
task-specific embeddings (T.S.E) through singular value decomposition and contrastive learning(Section 3.2).
During the Target Task Adaptation step, attention scores are calculated between each task-specific embeddings
and the input instances X of the target task to determine their respective weights, where ⊗ denotes the hadamard
product, used to integrate task-agnostic embedding and task-specific embeddings.

that an appropriate initialization significantly en-
hances the parameter performance of prompts. A
straightforward initialization approach is to use
existing discrete prompt search methods to cre-
ate or discover discrete prompts for initializing
continuous prompts (Qin and Eisner, 2021), but
designing discrete prompts requires considerable
manual effort. Recent research has shown that
continuous prompts can be reused or initialized
across different tasks, a process referred to as
prompt transfer.

2.2 Prompt Transfer

Prompt transfer is a transfer learning method based
on prompt tuning, which enhances the parameter
performance of the prompt on the target task by
transferring source prompts (Su et al., 2022).

A common approach is to directly retrieve and
aggregate multiple source prompts and transfer
them to the target prompt (Vu et al., 2022; Li et al.,
2022). In these methods, SPoT (Vu et al., 2022)
calculates the weight of each source prompt based
on the cosine similarity between source and target,
PTG (Li et al., 2022) performs spectral clustering
on multiple source prompts and adapts to the target
task through attention queries, while ATTEMPT
(Asai et al., 2022) uses an attention mechanism to
fuse multiple source prompts for adaptation to the
target task. Another method involves using knowl-
edge distillation (Zhong et al., 2024; Wang et al.,
2023), which includes single-task and multi-task
knowledge distillation. These methods regard
source prompts as teachers and target prompts
as students, achieving prompt transfer through
distillation. Additionally, there are methods that

train meta-learners to capture cross-task knowl-
edge from source tasks (Wang et al., 2021), and
methods that have achieved cross-model prompt
transfer (Su et al., 2022).

Among the above prompt transfer methods, the
weighted aggregation methods also have the ad-
vantages of being lightweight and modular (Asai
et al., 2022), while multi-task knowledge distilla-
tion (Wang et al., 2023) has achieved the better
comprehensive performance.

2.3 Contrastive Learning

In the field of NLP, contrastive learning is com-
monly employed to learn text representations.
By comparing the similarities and differences
between pairs of texts, better sentence repre-
sentations can be acquired (Jiang et al., 2022).
These representations can be utilized to enhance
model performance across various NLP tasks,
such as sentiment analysis, text classification,
and question-answering systems. Moreover, con-
trastive learning is also frequently used for feature
separation. In the work on adaptive contrastive
knowledge distillation (Guo et al., 2023), con-
trastive learning was employed to achieve feature
separation and yielded promising results. In our
proposed PCT, contrastive learning, in conjunc-
tion with singular value decomposition, is used
to achieve prompt contrastive transformation, re-
ducing the impact of redundant and irrelevant
information in source prompts on prompt transfer.

3 Methodology

In the following sections, we will demonstrate how
PCT achieves efficient prompt transfer (Figure 3).
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3.1 Prompt Tuning
Prompt tuning can achieve model adaptation
through a small segment of embedding pa-
rameters. Formally, the input sequence X is
concatenated with a soft prompt embedding
Pi ∈ R

m×d to form [Pi;X], where m denotes
the length of the prompt, and d denotes the dimen-
sion of the language model, which is then input
into the frozen parameter language model θ for
output (Lester et al., 2021). Finally, prompt tun-
ing is achieved by optimizing the following loss
function and updating the prompt parameters Pi.

LPLM = −
∑
i

logP (yi|xi; θ, Pi) (1)

Additionally, prompt can be acquired directly
from the open-source market without the need for
training, hence this is not a necessary step for
PCT.

3.2 Prompt Transformation
Through prompt tuning in Section 3.1 or the
open-source market, we can obtain n source
prompts. In this section, we will perform
prompt transformation, decomposing them into
task-agnostic embeddings and task-specific em-
beddings. It is important to note that this is
a pre-training process that requires minimal
computational resources.

3.2.1 Task-agnostic Embedding Extraction
Before prompt transfer, it is necessary to extract
the task-agnostic embedding P ∗ ∈ R

m×d from
each source prompt and save it. This embedding
contains most of the key information from multi-
ple source prompts, ensuring the integrity of the
information during the embedding fusion process.

Formally, we first stack these n source prompts
into a full matrix P =

[
P�
1 , P�

2 , . . . , P�
n

]� ∈
R

(n×m)×d. After decomposing P� through
Equation 2, we can obtain the left singular vectors
u, right singular vectors v, and singular values s,
then extract u[0∼k] ∈ R

d×k, s[0∼k] ∈ R
1×k, and

v[0∼k] ∈ R
k×(n×m), and obtain the task-agnostic

embedding P ∗ through Equation 3.

u, s, v = SV D
([
P�
1 , P�

2 , . . . , P�
n

])
(2)

P ∗ =
(
u[0∼k] · diag(s[0∼k]) · v[0∼k]

)�
[0∼m]

(3)

where SVD(·) denotes singular value decomposi-
tion, and diag(·) is a diagonalization function that

converts a vector into a diagonal matrix. (·)�[0∼m]

represents selecting the first m column vectors
from the embedding matrix and then transpos-
ing it to align with the source prompt. The final
extracted task-agnostic embedding is P ∗ ∈ R

m×d.

3.2.2 Task-specific Embeddings Separation

Next, we separate the task-specific embeddings
from the remaining information of each source
prompt, which will be used for attention-weighted
aggregation. Specifically, we initialize a train-
able parameter matrix of the same shape
as P for the task-specific embedding M =[
M�

1 ,M
�
2 , . . . ,M

�
n

]� ∈ R
(n×m)×d, where each

Mi ∈ R
m×d can be used to reconstruct the source

prompt by combining it with the task-agnostic
embedding P ∗ through Qi = Mi ⊗ P ∗, and by
stacking them we obtain restored prompt matrix
Q = [Q�

1 , Q
�
2 , . . . , Q

�
n ]

� ∈ R
(n×m)×d. To facili-

tate the formalization of separating task-specific
embeddings from source prompts, we define the
cosine similarity between the two matrices as
sim(·, ·), as shown in the following equation.

sim(U, V ) =
1

m

m∑
i=1

cos(Ui, Vi) (4)

In this equation, cos(·, ·) denotes the function
for calculating the cosine similarity between row
vectors, Ui and Vi are row vectors in matrix U and
V , respectively.

We propose a contrastive learning method to
train the task-specific embeddings (Figure 4).
Specifically:

1. The positive sample pairs consist of the
submatrix Pi of the source prompt P and
the submatrix Qi of the restored prompt
Q, to ensure that the separated task-specific
embedding Mi can fully incorporate the re-
maining information in the source prompt
Pi.

2. Negative sample pairs are formed by pairing
the n submatrices of the trainable parame-
ter matrix for task-specific embedding M ,
namely {M1,M2, . . . ,Mn}, with each other.
This approach increases the distinctiveness
between them, which is beneficial for the al-
location of attention weights in the weighted
aggregation process.

851



Figure 4: We derive task-agnostic embedding (T.A.E)
from source prompts, combined with task-specific em-
beddings (T.S.E) to construct the restored prompt.
Source and restored prompts are positive pairs to ensure
embedding integrity, while n task-specific embeddings
pair with each other to form negative pairs to minimize
information redundancy.

The loss function for the separation of task-
specific embeddings is designed as follows:

POS = exp(sim(Pi, Qi)/τ) (5)

NEG =

n∑
k=1

exp[1k �=isim(Mi,Mk)/τ ] (6)

Lc = −
n∑
i=1

log
POS

POS +NEG
(7)

L = Lc +MSE (P,Q) (8)

where τ is the temperature, which is used
to control the strength of task-specific embed-
ding separation, Qi = Mi ⊗ P ∗, and M =[
M�

1 ,M
�
2 , . . . ,M

�
n

]� is the only optimizable pa-
rameter in this stage. This step does not require
access to any training data.

3.3 Target Task Adaptation

In this section, we will re-integrate the
task-agnostic embedding and task-specific
embeddings transformed from the source prompts
into the target prompt and adapt it to the target
task.

3.3.1 Task-specific Embeddings Attention
PCT stacks a small trainable target task-specific
embedding Mtarget = Mn+1 ∈ R

m×d be-
hind the source task-specific embeddings M =
[M�

1 ,M
�
2 , . . . ,M

�
n ;M

�
n+1]

�, with each embed-
ding Mi determining its contribution to the target

prompt by calculating attention scores with the tar-
get task input instances. This is achieved through
a simple attention module that computes atten-
tion weights α1, α2, . . . , αn+1, which represent
the relevance between the input instances and
each task-specific embedding.

Since the input embedding X ∈ R
l×d and

task-specific embedding Mi ∈ R
m×d have dif-

ferent sequence lengths, we first perform max
pooling operations on them, obtaining X̂ ∈ R

d

and M̂i ∈ R
d. Finally, we represent the atten-

tion score αi by calculating the inner product
between X̂ and M̂i, using the softmax function
and temperature T for post-processing to avoid
over-confidence (this calculation method follow-
ing ATTEMPT (Asai et al., 2022). This is shown
as follows:

αi =
exp

(
M̂iX̂

)
/T

∑n+1
k=1 exp

(
M̂kX̂

)
/T

(9)

3.3.2 Determine the Target Prompt
Finally, we need to weight the task-specific em-
beddings and aggregate it with the task-agnostic
embedding into the target prompt. PCT uses
α1, α2, . . . , αn+1 to perform weighted aggregation
on the task-specific embeddings, and updates the
target task-specific embedding Mtarget through
Equation 10.

Minstance = Mtarget +

n+1∑
i=1

αiMi (10)

Subsequently, we fuse the target task-specific
embedding Mtarget of this instance with the
task-agnostic embedding P ∗ of the source
prompts, to obtain the final prompt Pinstance =
Minstance ⊗ P ∗ for this instance.

We achieve prompt tuning by optimizing the
loss in Equation 1, thereby completing the target
task adaptation, and Mtarget is the only parameter
that is updated during the target task adaptation.

3.4 Parameter Efficiency
For each task, PCT introduces a new trainable
target task-specific embedding Mtarget ∈ R

m×d,
where m and d are the two dimensions of the ma-
trix. Since the prompt contrastive transformation
of the source prompts is a pre-training process
that is completed independently and requires only
minimal computational resources, the amount of
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parameters trained for each target task is m × d.
The parameter amount of Adapter (Houlsby et al.,
2019) and fine tuning increases rapidly with the
scale of the backbone model, but the parameter
amount of PCT is only related to the prompt length
and the dimension of the language model (LM).
For example, with a prompt length of 100, when
t5-base (220 Million) is the base model, only
0.035% of the parameters are tuned, and when
t5-xxl (11 billion) is the base model, only 0.0037%
of the parameters are tuned, which is consistent
with vanilla prompt tuning (Lester et al., 2021).

4 Experiment

4.1 Datasets and Tasks

We utilize six large-scale datasets as source tasks
and evaluate on 21 different target tasks, including
entailment, paraphrase detection, sentiment anal-
ysis, question answering (QA), and commonsense
reasoning.

4.1.1 Source Task
We use the following datasets with more than 100k
annotations in total from GLUE (Wang et al.,
2019b), SuperGLUE (Wang et al., 2019b), and
MRQA (Fisch et al., 2019) for source prompts:
MNLI, QNLI, QQP, SST2, ReCoRD, and SQuAD.

4.1.2 GLUE and SuperGLUE
We use 8 GLUE tasks (Wang et al., 2019b) and 5
SuperGLUE (Wang et al., 2019a) tasks as target
datasets to test the model’s natural language un-
derstanding abilities: BoolQ, CB, MultiRC, WiC
and WSC for SuperGLUE benchmark tests; and
RTE, CoLA, STSB, MRPC, MNLI, QQP, QNLI,
and SST-2 for GLUE benchmark tests.

4.1.3 Question Answering
We use the MRQA 2019 (Fisch et al., 2019)
shared task data to test on four large-scale
QA datasets: Natural Questions (NQ), HotpotQA
(HP), NewsQA (News), and SearchQA (SQA).

4.1.4 Others
We include other experiments on four different da-
tasets, whose tasks are related to the source tasks
but domains differ. SciTail (Khot et al., 2018)
is a scientific entailment dataset. Yelp-2 (Zhang
et al., 2015) is a sentiment analysis dataset on Yelp
reviews. WinoGrande (Sakaguchi et al., 2021) is
commonsense reasoning task in multiple choice

format. PAWS-Wiki (Zhang et al., 2019) is a
Wikipedia-based paraphrase detection dataset.

4.2 Baselines

We compare PCT with the following baselines:
(1) Full finetuning (FT) and Vanilla prompt tun-
ing (PT) (Lester et al., 2021). (2) Existing prompt
transfer methods include retrieval and aggregation
approaches such as SPoT (Vu et al., 2022) and
ATTEMPT (Asai et al., 2022), as well as knowl-
edge distillation methods like PANDA (Zhong
et al., 2024) and MPT (Wang et al., 2023). (3)
Popular parameter-efficient tuning methods, in-
cluding Adapters (Houlsby et al., 2019), BitFit
(Zaken et al., 2022), LoRA (Hu et al., 2022), and
QLoRA (Dettmers et al., 2023).

Among these methods, FT, PT, single prompt
transfer (SPoT and PANDA), multi-prompt trans-
fer (ATTEMPT, MPT, and PCT), and popular
parameter-efficient tuning methods can only
access target task data during model adaptation.

4.3 Metrics

For the 21 target task datasets involved in the ex-
periments, we use pearson correlation for STS-B,
matthews correlation for CoLA, F1 for MultiRC
(Multi) and MRQA, and accuracy for other tasks
as the evaluation metric.

4.4 Models and Implementation Details

We directly cite the data reported in published
papers, such as ATTEMPT (Asai et al., 2022) and
MPT (Wang et al., 2023), and when adapting to
the target task, we follow the publicly available
code to set the same experimental environment
for each baseline method to ensure fairness.

4.4.1 Models
Following the standard method of prompting ad-
justment (Lester et al., 2021; Asai et al., 2022),
we primarily use the publicly pre-trained T5-Base
model with 220M parameters for our experiments.
In addition to analytical experiments, we introduce
a larger-scale model (11B) to test the performance
of PCT on models with different parameter sizes.

4.4.2 Prompt Tuning
Source Prompt is obtained through prompt tuning
(Lester et al., 2021) and we set the prompt length
to 100. We tune the source prompts for six datasets
from five epochs. We use the checkpoint with the
best development score as our source prompt, and
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Datasets GLUE SuperGLUE

Method
param MNLI QQP QNLI SST-2 RTE CoLA STS-B MRPC

Avg.
Multi BoolQ WiC WSC CB

Avg.
/ task (363K) (364K) (105K) (67K) (2.5K) (8.5K) (7K) (3.7K) (5.1K) (9.4K) (6K) (554) (250)

Fine Tuning 220M 86.8 91.6 93.0 94.6 71.9 61.8 89.7 90.2 84.9 72.8 81.1 70.2 59.6 85.7 73.9
Adapter 1.9M 86.5 90.2 93.2 93.8 71.9 64.0 90.7 85.3 84.5 75.9 82.5 67.1 67.3 85.7 75.7
BitFit 280K 85.3 90.1 93.0 94.2 67.6 58.2 90.9 86.8 83.3 74.5 79.6 70.0 59.6 78.6 72.5
LoRA 880K 83.7 86.9 92.0 94.0 79.1 61.3 90.5 87.3 84.4 75.7 80.0 68.7 55.8 94.6 75.0
QLoRA 880K 85.8 89.7 93.5 94.3 81.6 61.3 90.6 87.2 85.5 75.6 81.8 67.1 63.5 94.6 76.5
Prompt Tuning 77K 81.3 89.7 92.8 90.9 54.7 10.6 89.5 68.1 72.2 58.7 61.7 48.9 51.9 67.9 57.8
SPoT 77K 85.4 90.1 93.0 93.4 69.8 57.1 90.0 79.7 82.3 74.0 77.2 67.0 50.0 46.4 62.9
ATTEMPT 232K 84.3 90.3 93.0 93.2 73.4 57.4 89.7 85.7 83.4 74.4 78.8 66.8 53.8 78.6 70.5
MPT 78K 85.9 90.3 93.1 93.8 79.4 62.4 90.4 89.1 85.6 74.8 79.6 69.0 67.3 79.8 74.1
PANDA 77K 82.2 90.1 93.3 94.2 79.8 45.8 89.8 87.9 82.9 73.4 77.8 64.6 63.5 82.4 72.3
Ours 77K 86.1 90.6 93.8 94.6 82.3 63.4 90.5 88.3 86.2 76.0 82.1 70.2 64.5 94.6 77.5

Table 1: Results on GLUE and SuperGLUE. param/task represents the number of parameters trained for
each target task. The bold text represents the best results on this task, while the underlined text denotes
the best results among the prompt transfer methods. Most of the experimental results are derived from
ATTEMPT (Asai et al., 2022) and MPT (Wang et al., 2023), and the same experimental setup was
followed as theirs.

each source prompt is initialized by randomly
sampled tokens.

4.4.3 Prompt Transformation
PCT performs singular value decomposition on
the large matrix composed of 6 (4 in GLUE ex-
periments) source prompts and selects the top 100
singular values and singular vectors to form the
task-agnostic embedding through matrix multipli-
cation. Additionally, when executing task-specific
embeddings extraction and separation, we set
the temperature τ in the contrastive learning
(Equations 5 and 6) to 0.2, the learning rate to
0.3, and update for 24,000 steps, with a total time
of about 30 minutes. In the submodule analysis
section (Figure 6), we will set different numbers
of singular values and singular vectors, as well
as the temperature τ for contrastive learning, to
analyze their impact on PCT. This is an inde-
pendent pre-training phase that requires minimal
computational resources and time.

4.4.4 Target Task Adaptation
This work focuses on model adaptation in single-
task scenarios; therefore, all of our experiments
were conducted on a single target task. In terms
of the target task dataset parameters, we follow
ATTEMPT (Asai et al., 2022) and set the maxi-
mum token length of the MRQA dataset to 512, the
maximum token length of MultiRC to 348, and
the maximum token length of all other datasets
to 256. We set T = d × exp (1), where d is the

dimension of the language model (LM), to con-
trol the soft maximum temperature in Equation 9.
The prompt length m is 100. All of our experi-
ments were conducted on a single target task.

For training, we use Adam (Kingma and Ba,
2015) to optimize the objective function, using
a learning rate of 0.1 for the SuperGLUE, Yelp,
Winogrande, SciTail, and PAWS, and a learning
rate of 0.3 for other experiments. Weight decay is
set to 1×10−5. All our experiments are conducted
on a single GPU with 24GB memory, except for
T5-XL (3B) which runs on a single 40GB A100
GPU. The batch size per GPU is 32; for MRQA,
we set the batch size per GPU to 16 and the
gradient accumulation steps to 2. In addition, for
T5-XXL (11B), due to the model’s large size,
we choose to quantize it to 8-bit and collect the
corresponding experimental results on some of the
datasets. For the T5-XL and T5-XXL models, we
set the batch size per GPU to 4 and the gradient
accumulation steps to 4, with the learning rate set
to 0.1.

5 Main Results

5.1 Full-dataset Adaptation

Tables 1 and 2 present the experimental results of
various baseline methods across the four bench-
marks. On GLUE and SuperGLUE, PCT achieves
new state-of-the-art performance (Figure 5). Com-
pared to the basic Prompt Tuning (Lester et al.,
2021), PCT offers a relative improvement of
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Datasets MRQA Others
Method param NQ HP SQA News Avg. WG Yelp SciTail PAWS Avg.

/ task (100K) (72K) (117K) (74K) (40K) (100K) (27K) (49K)
Fine Tuning 220M 75.1 77.5 81.1 65.2 74.7 61.9 96.7 95.8 94.1 87.1
Adapter 1.9M 74.2 77.6 81.4 65.6 74.7 59.2 96.9 94.5 94.3 86.2
BitFit 280K 70.7 75.5 77.7 64.1 72.0 57.2 94.7 94.7 92.0 84.7
LoRA 880K 73.8 76.1 80.2 65.2 73.8 59.2 97.0 93.8 93.4 85.9
QLoRA 880K 73.9 77.8 79.6 64.5 73.9 58.5 97.0 94.7 93.7 85.9
Prompt Tuning 77K 67.9 72.9 75.7 61.1 69.4 49.6 95.1 95.1 55.8 73.9
SPoT 77K 68.2 74.8 75.3 58.2 69.1 50.4 95.4 91.2 91.1 82.0
ATTEMPT 232K 70.4 75.2 77.3 62.8 71.4 57.6 96.7 93.1 92.1 84.9
MPT 78K 72.0 75.8 77.2 63.7 72.2 56.5 96.4 95.5 93.5 85.5
PANDA 77K 70.7 74.3 75.2 62.6 70.7 55.2 96.3 91.7 93.2 84.1
Ours 77K 72.5 76.8 78.7 63.8 73.0 58.5 97.0 95.5 94.1 86.3

Table 2: Results on MRQA datasets, WinoGrande (WG), Yelp, Scitail, and PAWS. The bold text
represents the best results on this task, while the underlined text denotes the best results among the
prompt transfer methods.

Figure 5: This figure illustrates the parameter scale and
performance of existing prompt transfer methods and
other parameter-efficient tuning methods.

14% on GLUE and 19.7% on SuperGLUE, us-
ing the same number of task-specific parameters.
This emphasizes the advantages of multi-prompt
transfer.

The parameter performance of the PCT method
also surpasses other prompt transfer methods.
Compared to weighted aggregation methods (like
ATTEMPT), our method achieved relative im-
provements of 2.8%, 7%, 1.6%, and 1.4% on the
GLUE, SuperGLUE, MRQA, and Other datasets,
respectively. Compared to knowledge distilla-
tion methods (like MPT), PCT also demonstrated
better parameter performance. Although it was
slightly lower than MPT on the MRPC and WSC
datasets, PCT still enhanced the parameter perfor-
mance of weighted aggregation methods on such
tasks. This series of experiments shows that PCT’s
prompt contrastive transformation and fusion can
effectively alleviate the negative impact of redun-
dant and irrelevant information on prompt transfer
methods based on weighted aggregation. (Further
validation is provided in Section 6.2.)

Moreover, compared to parameter-efficient
adapters, our PCT still exhibits the best overall per-
formance in GLUE and SuperGLUE. In MRQA
and other datasets, since the Q&A task-related
information in the source prompts is derived only
from SQuAD, prompt tuning and prompt transfer
generally perform worse on Q&A tasks com-
pared to full fine-tuning and parameter-efficient
adapters. However, our PCT still outperforms
other prompt transfer methods comprehensively,
further reducing this performance gap, and its
parameter efficiency is more than ten times that
of parameter-efficient tuning adapters. This indi-
cates that prompt tuning still has research value
and opportunities for work in the context of large
language models.

5.2 Few-shot Adaptation

In most cases, there is always a significant
gap between the parameter performance of
prompt-tuning and full fine-tuning, especially
in few-shot scenarios. Following previous work
(Asai et al., 2022), we conducted multiple
few-shot experiments on the RTE, BoolQ, CB,
and SciTail tasks to measure the performance of
PCT with k training samples (k = 4, 16, 32).
Table 3 shows the results of PCT and other
baseline methods, including full fine-tuning (FT),
prompt tuning (PT), SPoT (ST), ATTEMPT
(ATP), and MPT.

From Table 3, it can be observed that the PT
has difficulty adapting in few-shot settings, with a
large gap between it and full fine-tuning. Weighted
aggregation methods (such as ATP) effectively
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k-shot FT PT ST ATP MPT PCT
4 52.3 56.3 56.6 62.3 62.6 63.3

RTE 16 61.2 54.7 59.6 68.6 64.8 68.9
32 63.5 54.7 62.1 65.7 59.7 68.2
4 50.5 61.6 50.5 61.8 62.2 69.8

BoolQ 16 56.5 61.9 50.6 60.0 63.3 70.9
32 58.4 61.7 61.2 65.3 68.9 72.4
4 57.7 53.5 71.4 82.1 73.6 82.1

CB 16 77.0 63.5 64.3 78.5 78.6 79.2
32 80.0 67.8 64.3 85.7 82.1 87.9
4 79.6 57.7 69.6 80.2 80.2 80.2

SciTail 16 80.0 60.8 71.9 79.5 87.3 80.3
32 81.9 60.2 71.9 80.2 86.3 84.2

Table 3: Few-shot learning results with k = {4, 16,
32} on BoolQ, CB, and SciTail. FT: Fine tuning,
PT: Prompt tuning, ST: SPoT, ATP: ATTEMPT.

Figure 6: The impact of different contrastive learning
temperatures (τ ) and numbers of singular values (k) on
the performance of PCT.

alleviate this issue, and PCT brings a compre-
hensive improvement to the weighted aggregation
approaches Furthermore, we can also observe that
PCT comprehensively surpasses full fine-tuning
and outperforms other prompt transfer methods.
Although it is lower than MPT on some cases
of SciTail, PCT still brings stable improvement
to weighted aggregation methods, such as ATP,
which further demonstrates the effectiveness of
prompt contrastive transformation and fusion.

5.3 Model Parameter Scale
We followed the work of Asai et al. (2022) and
conducted extended experiments to analyze the
performance changes of PCT when the scale
of pretrained model parameters increases across
three SuperGLUE tasks. As shown in Figure 7,
FT and PT may see a decline in performance in
certain scenarios. However, as the scale of param-
eters increases, the performance of PT gradually
approaches that of FT, which aligns with the per-
spective of Lester et al. (2021). Our proposed PCT
exhibits moderate performance on small-scale
models, which is related to the original perfor-

Figure 7: Performance of different baseline methods
(FT, PT, and multi-source prompts transfer) on models
of various parameter scales.

mance limitations of source prompts. However, as
the scale of parameters increases (from 220M
to 11B), the PCT method consistently brings
improvements to the parameter performance of
prompt tuning (PT) and the prompt weighted ag-
gregation method (ATP), and outperforms other
prompt transfer methods.

6 Extended Analysis

6.1 Submodule
To clearly understand the impact of these two
sub-modules on PCT, we conducted two sets of
experiments. Under the condition that all other
factors remained unchanged, we adjusted the key
parameters in each sub-module, namely, the values
of k and τ , and observed the changes in Accuracy
(BoolQ) and F1 (MultiRC).

The experimental results show that (1) as the
contrastive learning temperature τ gradually in-
creases (Figure 6 left), the performance of PCT on
the two tasks generally first rises and then falls. We
analyze this to be due to τ representing the strength
of task-specific embeddings separation. The lower
the τ , the greater the separation strength. An ex-
cessively low τ value will cause the distribution
of the restored prompts matrix Qi to deviate from
the source prompt Pi (Equation 5), while an ex-
cessively high τ value will result in incomplete
separation of task-specific embeddings. (2) As
the number of singular values and vectors gradu-
ally increases from 1, the overall performance of
PCT shows fluctuations (Figure 6 right). This is
because an excessively high k value leads to the
transmission of some redundant or irrelevant infor-
mation to the target tasks through the task-agnostic
embedding, while an excessively low k value re-
sults in the task-agnostic embedding not being
fully capable of accommodating key information,
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Figure 8: In multi-source prompt transfer, the impact
of varying numbers of source prompts on runtime and
parameter performance. (a) represents the runtime for
approximately 20,000 steps of gradient descent.

ultimately causing a lack of information in
target prompt.

6.2 Lightweight and Modularization
Similar to weighted aggregation prompt transfer
methods like ATTEMPT, our PCT also maintains
the characteristics of being lightweight and mod-
ular. We estimated the runtime of several prompt
transfer methods, as shown in Figure 8(a). MPT,
on the other hand, requires longer runtime as it
infers multiple teacher prompts, and its runtime
increases with the number of source prompts. Our
PCT method is slightly higher than ATTEMPT
(ATP), and both only increase at a very slow rate.

Moreover, the modular nature of PCT and AT-
TEMPT (ATP) allows for the instant assembly
of various source prompts. Therefore, we ana-
lyzed the impact of different source tasks on PCT
and ATP in the RTE task of the GLUE dataset.
As shown in Figure 8(b), both methods’ perfor-
mance slowly increases up to SST2. However,
after adding SQuAD and ReCoRD, ATP experi-
ences a decline in performance, while our PCT
continues to improve. This is because its singular
value decomposition has already extracted most
of the key information, and the attention mech-
anism further reduces the impact of irrelevant
task-specific embeddings and selects more useful
parts.

7 Ablation Study

To verify the effectiveness of PCT, we con-
ducted ablation experiments on three tasks where
comprehensive data experiments showed per-
formance improvements, and we re-ran the
corresponding experiments. To test the effect
of attention-weighted aggregation, we replaced
the original attention module with average score

Transformation Attention BoolQ RTE HP
× × 73.7 71.3 74.8
× √

77.2 73.6 75.2√ × 80.5 79.1 75.6√ √
82.0 82.3 76.8

Table 4: Results of ablation studies. HP:
HotpotQA.

weighting. Compared to PCT (as shown in
Table 4, row 4), the performance decreased by
1.5%, 3.2%, and 1.2% respectively, which demon-
strates the contribution of attention-weighted
aggregation to the performance enhancement of
PCT.

In order to test the effectiveness of prompt con-
trastive transformation, we will remove the prompt
transformation module and replace the trans-
formed task-agnostic embedding and task-specific
embeddings with the source prompt. This ablation
version (Table 4, row 2) is similar to the AT-
TEMPT method. Compared with PCT (Table 4,
row 4), the performance drops by 4.8%, 8.7%,
and 1.6% respectively, which reflects the con-
tribution of prompt contrastive transformation to
PCT. In addition, we can also observe that this ab-
lation version loses more performance compared
to the previous ablation version (Table 4, row
3), which further demonstrates the necessity of
prompt contrastive transformation in PCT.

We removed the prompt contrastive transforma-
tion and attention modules, using simple average
scoring for prompt aggregation. This version
(Table 4, row 1) showed a significant performance
decline, indicating the significance of integrating
these modules in PCT.

8 Conclusion

In this paper, we propose an effective prompt con-
trastive transformation method that expands the
differentiation between source tasks, reducing the
information redundancy among source prompts.
Through a fusion module that integrates trans-
formed task-agnostic embedding and task-specific
embeddings, we achieve efficient prompt transfer.
Extensive experimental validation demonstrates
that this method further improves the prompt
parameter performance of the prompt transfer
method. Additionally, we analyze the two core
sub-modules of PCT: singular value decomposi-
tion and contrastive learning. Lastly, we also test
the performance of PCT under various scenarios.
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