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Soft Prompt Tuning via Differential Privacy: Balancing
Accuracy and Privacy in Language Models
Junhong Shen

Carnegie Mellon University; junhongs@andrew.cmu.edu

Abstract: Despite its effectiveness, soft prompt tuning approach raises concerns about privacy—we
might risk disclosing sensitive information about individuals represented in the data if attackers
carefully inspect the learned prompts. To address privacy issues in general, differential privacy (DP)
studies optimization algorithms that have strong theoretical privacy guarantees. In this work, we
explore how DP can be integrated into soft prompt tuning to develop privacy-preserving language
models. Our goal is to strike a balance between parameter efficiency, downstream accuracy, and
data privacy.

Keywords: differential privacy; prompt tuning

1. Introduction
Natural language processing (NLP) has become an essential component of modern machine

learning, with applications ranging from chatbots to machine translation, sentiment analysis, and
information retrieval. The success of these applications depends on the ability of language models
to process the text accurately. In the past few years, large-scale pretrained models such as BERT [1],
RoBERTa [2], and GPT-3 [3] have demonstrated impressive performance on a wide range of NLP tasks.
Nonetheless, these models are insufficient on their own to achieve optimal performance. We often
need to fine-tune them on a smaller set of task-specific examples for better downstream results. This
process requires full forward and backward propagation through the model and is computationally
expensive. Thus, prompt tuning is proposed to remove the need for updating all model parameters by
constructing natural language prompts to elicit specific behavior from the pretrained model [3–9].

Specifically, prompts are input texts or questions that are given to the language model to generate
corresponding outputs or answers. In prompt tuning, the goal is to find the most effective prompts that
will produce the desired outputs of the target task. Manually designing prompts requires extensive
domain knowledge and can have high variance. Previous work has shown that changing only one
word in a prompt can result in drastically different downstream performance [3]. As a result, soft
prompt tuning is proposed to learn the prompts in an end-to-end fashion [4], which is both more
parameter-efficient than standard fine-tuning and more effective than existing prompt tuning methods.

While soft prompt tuning has proven to be effective for many applications, it raises concerns about
privacy. Indeed, if the data used to learn the prompts contain sensitive information about individuals
or organizations represented in the data, the prompt tuning process risks revealing this information to
attackers who carefully inspect the learned prompts. Several lines of research have been proposed to
address the privacy issue. In particular, differential privacy (DP) has gained significant attention as it
provides strong theoretical privacy guarantees [10]. However, none of the previous work have studied
DP in the context of prompt tuning for large-scale pretrained language models.

In this work, we explore how DP can be integrated into the soft prompt tuning framework to
develop privacy-preserving language models. Our goal is to strike a balance between parameter
efficiency, downstream accuracy, and data privacy. We begin by learning the prompts via DP optimiza-
tion [11] and compare it with vanilla fine-tuning and soft prompting on the SuperGLUE benchmark
[12]. Then, we propose techniques to improve the performance of DP prompt tuning. The rest of this
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paper is organized as follows. In Section 2 and 3, we provide background information about prompt
tuning and differential privacy and survey the related work. Next, we describe our proposed approach
of adding DP to soft prompt tuning. In Section 5, we present our experiment results. We end the paper
with a discussion on the limitations and future work of DP prompt tuning.

2. Background
As discussed earlier, fine-tuning or soft prompting the pretrained language models with task-

specific datasets is vulnerable to adversarial attacks. One way to mitigate this is to apply differential
privacy techniques such as DG-SGD [11]. However, to the best of our knowledge, there is no work
exploring the integration of DP learning and prompting for language modeling, which motivates our
work.

In the midway report, we have implemented vanilla fine tuning and vanilla soft prompt tuning
for the T5-small model on the RTE task of the SuperGLUE benchmark. These two methods provide
baseline performance for our proposed approach. Our initial experiments reveal the following:

1. In the setup of the T5-small model tuning, prompt tuning is less effective compared with fine-
tuning. The latter updates all parameters but sacrifices learning efficiency.

2. There is still room to further improve prompt tuning if we can tweak the hyperparameter
configurations of the optimizer or allow sample-wise prompts.

In the final report, we make additional contributions on top of the above-mentioned findings:

1. We extend previous experiments on the RTE task to all tasks in the SuperGLUE benchmark to
make a more comprehensive comparison.

2. We implement DP optimization, which preserves privacy during modeling learning, and combine
it with soft prompt tuning. We evaluate this new approach on various tasks and perform thorough
ablation studies to understand the privacy-accuracy trade-off.

3. We propose several improvements for DP prompt tuning and verify their efficacy.

3. Related Work
3.1. Language Modeling and Prompt Tuning

Although recent advancements in pretrained language models have gain great success, heavy
computation in the fine-tuning process has impeded their potential for wider applications. To reduce
the computational cost, prompting becomes a widely used technique for conditioning frozen models.
Recent work has shown the potential of prompt design. For instance, careful design of input text
prompts is effective at modulating a frozen GPT-3’s behaviors [3,13–16]. However, the text prompts
are normally task descriptions or canonical examples, which require human efforts to design and tend
to be erroneous. The performance is also less satisfying compared with fine-tuned models—it has been
shown that a frozen GPT-3 with 175 billion parameters performs 5 points worse than a fine-tuned T5
model with 800 times fewer parameters on the SuperGLUE Benchmark [9].

One way to reduce the human involvement is to automate the prompt design process. Previous
work has proposed to search over the discrete word space using downstream task data [6,17–19].
However, while the performance of the automated approach is better than hard-coded prompts, it still
somewhat falls behind full fine-tuning of all model parameters.

As a result, prompt tuning is proposed to condition frozen models using learnable soft prompts
(Figure 1) [4,5,8,20–22]. Unlike hand-designed prompts that are selected from existing vocabulary
items, the “tokens” of the soft prompt can be optimized end-to-end over a training dataset to condense
information from large datasets. These tokens are then concatenated to the input text to generate the
desired outputs. Recent work has studied how soft prompt tuning can be improved. For instance,
prefix tuning [8] learns continuous task-specific vectors prepended to the inputs of the frozen model
via back-propagation and demonstrates good results on generative tasks. However, this continuous
prefix-based learning paradigm is very sensitive to the learning rate and initialization. Another line of
work focuses on exploring different initialization schemes, e.g., via discovered discrete vocabularies
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[5], to improve task accuracy. In this work, we build on top of the soft prompt tuning algorithm [4]
and inject privacy guarantees into it.
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Figure 1. Figure 2 in [4]. Prompt tuning only requires storing a small task-specific prompt for each task, and
enables mixed-task inference using the original pre-trained model.

3.2. Differential Privacy

The concept of differential privacy was proposed to achieve privacy preservation of individuals in
a database with a mathematical guarantee [10]. To make a model differentially private, a randomization
mechanism should be designed so that the randomized model guarantees (ϵ, δ)-Differential Privacy
(DP) for any possible outputs. A model is considered (ϵ, δ)-DP if it satisfies:

P(M(D) ∈ S) ≤ exp(ϵ) · P(M(D′) ∈ S) + δ (1)

where D and D′ denotes two datasets differing in only one record, and ϵ and δ are two non-negative
values parameterizing the mathematical guarantee. ϵ is also known as the privacy budget—the
probability ratio of outputting the same results with the neighboring datasets D and D′ is bounded by
exp(ϵ). δ indicates the tolerance probability that the output ratio goes beyond the bound. The smaller
ϵ and δ are, the stronger the private protection is against adversarial attacks. As (ϵ, δ)-DP is achieved
by adding noise to the model, selecting (ϵ, δ) faces a trade-off between privacy preservation and the
utility. That is, a tight bound with too much noise can make the model useless, while a loose bound
with too little noise may weaken the privacy protection.

Plentiful research has been conducted to explore methods preserving differential privacy in ML.
These approaches can be categorized as following. Some methods add noise on top of clean models to
release noisy model with DP guarantees [23–27]. Some output the model at the minimum/maximum
of a noisy target function [28–31]. Some leverage the idea of aggregating sampled models with noise to
generate a DP model [32–35]. Among these different types of approaches, a common and easy-to-use
one is DP-SGD [11]. With a pre-defined set of (ϵ, δ), DP-SGD clips the gradients gradients by l2 norm
and adds noise to the gradients in each iteration.

In light of works that combine DP with NLP, Lyu et al. propose to provide a DP guarantee by
perturbing binary vector text representations [36]. Weggenmann et al. create synthetic term frequency
vectors for the input documents that can be used in lieu of the original text vectors to achieve text
anonymization [37]. Beigi et al. introduce a discriminator in a two-auto-encoder setting to approach
the privacy-accuracy trade-off [38]. Yu et al. use a customized DP-SGD method to train deep language
models [39]. Nonetheless, none of the previous approaches have explored integrating DP learning into
prompting for language modeling.

4. Methods
In this project, we aim to combine DP with prompt tuning to achieve privacy-preserving language

modeling. Following previous work [4], we build our method on top of the pretrained T5-small model
(we leave experimenting with larger models as future work due to computational constraints). We
leverage the public T5.1.1 checkpoints, as it is shown to have less variance and yield higher performing
models. For the baselines, we evaluate (1) vanilla fine-tuning and (2) vanilla soft prompt tuning. Then,
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we implement soft prompt tuning with differentially private optimizers and propose improvements
on top of it to complete the project. Now, we illustrate each method in detail.

4.1. Vanilla Fine-Tuning

To establish the baseline performance, we fetch a pretrained T5-small model and update all
parameters by further training it on each dataset. This vanilla fine-tuning approach provides an initial
assessment of the model’s capability on the downstream task and serve as a baseline for our proposed
method.

4.2. Vanilla Soft Prompt Tuning

To approach prompt tuning from a differential privacy perspective, we start by reproducing the
soft prompt tuning algorithm on the T5 model. Formally, given a series of tokens {x1, ..., xn}, T5 first
embeds the tokens into sequence features Xe ∈ Rn×e, where e is the embedding dimension, i.e., 512 in
our case. To soft-prompt the pretrained model, we prepend Xe with a learned parameter Pe ∈ Rp×e,
where p is a tunable hyperparameter and denotes the length of the prompt. Hence, the embedded
input used to query the transformer is [Pe; Xe] ∈ R(p+n)×e. Note that Pe is learned on a per-task basis,
so it is fixed for different training samples.

Denote the sequence of tokens representing the class label as Y. Then, Pe is learned to optimize
P(Y|[P; X]) using the cross entropy loss. Note that the gradient updates are only applied to to the
learnable prompt, and the core model is kept frozen. At test time, we generate the prediction Ŷ with
the maximum probability using greedy search or beam search.

4.3. Our Approach: DP Prompt Tuning

As discussed in the introduction, we propose to combine the differential privacy optimization
with the soft prompt tuning algorithm and then study whether we can make improvements to achieve
a better accuracy-privacy trade-off. Transformers are typically trained using AdamW [40] or Adafac-
tor [41]. Thus, we start by augmenting these optimizers with privacy-preserving components. Though
the original DP paper focuses on DP-SGD, the techniques used are optimizer-agnostic. Specifically,
there is an inner loop (mini-batch) and an outer loop (micro-batch) for optimization.

• In the inner loop, instead of actually performing gradient descent, we accumulate the gradients
of the mini-batch samples. Based on the gradient norms, we scale the gradients and perform
gradient clipping to limit the impact of any single example on the gradients.

• In the outer loop, we add Gaussian noise to the accumulated gradients, average them across all
mini-batches, and then perform gradient descent. The Gaussian noise provides additional privacy
by making it more difficult to recover the true gradients in each optimization step.

Based on the above techniques, we implement a DP wrapper in PyTorch that can take any optimizer
class as input and output the DP version of it. Specifically, the constructor specifies several hyperpa-
rameters such as the norm-clipping threshold c, the noise multiplier σ, and the mini/micro-batch sizes.
We rewrite the step and the zero_grad functions to account for gradient normalization, clipping, and
the added noise. In the next section, we will perform ablation studies on different hyperparameters of
DP optimization.

After obtaining the DP optimizers, we can then train the prompts with it, so that we adapt to
the downstream task without revealing much information about the training data. However, as we
will show later, naively applying DP learning to prompt tuning noticeably degrades the performance.
Therefore, we propose improvements to strike a balance between model effectiveness and privacy.

5. Results
In the following, we detail the experiments we have performed and discuss the results. For the

evaluation tasks, we use the SuperGLUE benchmark [12], a collection of eight challenging language
understanding datasets designed to be summarized into a single metric. Due to memory issues, we
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did not evaluate the ReCoRD task, so there are seven tasks in total for our experiments. To fit the
classification tasks in the SuperGLUE benchmark into T5’s text-to-text framework, we formulate
these classification problems as text-to-text problems (see Appendix A.1 for an example). For each
dataset, we use the metric specified in the benchmark (classification accuracy or F1 score). We reuse
the evaluation code from the publicly available T5 release 1 to compute these metrics. Our code can be
found at https://github.com/sjunhongshen/DP-SoftPromptTuning.

5.1. Fine-Tuning

We first run the fine-tuning baseline on T5-small, using the hyperparameters listed in Ap-
pendix A.3. The test losses and accuracies are shown in Table 1 and Figure 2, respectively. In principle,
the performance of vanilla fine-tuning should serves as an upper bound for the other prompt tuning
methods, since we have more degree of freedom for learning a task-specific model. We observe that
the accuracy metrics for some of the binary classification tasks are less than 50%. This is normal, as
T5-small is a seq2seq model but not a standard classification model. It is likely that the seq2seq output
does not correspond to either the true or the false label.

Table 1. Test loss for 7 tasks in the SuperGLUE benchmark. In general, fine-tuning is more effective than prompt
tuning, and DP prompt tuning has the worst performance.

Dataset BoolQ CB COPA MultiRC RTE WiC WSC
Fine-Tuning 0.1086 0.2981 0.1365 0.0859 0.4101 0.3257 0.9430
Prompt Tuning 0.3707 19.9799 21.0226 0.1237 2.5437 0.2320 21.5199
DP Prompt Tuning 0.3866 19.8822 29.0872 0.1374 11.8503 2.9677 19.8082

Figure 2. Learning curves and test accuracies on the SuperGLUE tasks for vanilla fine-tuning. The exact numbers
can be found in Appendix A.3.3.

5.2. Soft Prompt Tuning

Next, we evaluate the vanilla prompt tuning algorithm. Following [4], we train the prompts for
100 epochs using a batch size of 32. We use the Adafactor optimizer [41] and the linear warm-up
scheduler with a warm-up step of 500. Since the official implementation of soft prompt-tuning is in
JAX but we use the PyTorch framework, we implement the code by ourselves, referring to several
unofficial resources. Other experiment details can be found in Appendix A.3.

As shown in Table 1, prompt tuning in general performs worse than fine-tuning, because the
number of tunable parameters is much smaller (see Appendix A.2 for details). However, on the
Word-in-Context (WiC) dataset, prompt tuning performs better than fine-tuning, possibly because
the training set size is small and fine-tuning does not obtain enough signals to update the weights
properly. Next, to conduct a more in-depth analysis on the prompt tuning paradigm, we study how

1 https://github.com/google-research/text-to-text-transfer-transformer/blob/master/t5/evaluation/metrics.py
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the prompt length and initialization affect downstream performance. For presentation clarity, the
following experiments are done on the RTE task only.

Efficiency-Effectiveness Trade-off for Different Prompt Lengths.

Given that the prompt length p is tunable, we first experiment with p ∈ {5, 20, 50, 100} while
holding the other configurations fixed. The loss curves for training and evaluation are shown in
Figure 3 (left). We can observe that increasing prompt length generally leads to a smaller final loss,
but the improvement is much smaller when p goes from 20 to 100 than when p goes from 5 to 20. In
the meantime, using longer prompts means that we have a larger computational and storage cost.
Therefore, there is a sweet spot for choosing the optimal prompt length to balance accuracy and
efficiency. In our case, we choose p = 20 and use this in the subsequent DP experiments.

Figure 3. Training and test loss on the RTE task for the soft prompt tuning algorithm using different prompt
lengths (left) and different initialization schemes (right).

Initialization Affects Downstream Performance.

Naively, the parameters of the soft prompt Pe are initialized randomly from Uniform([−0.5, 0.5]).
However, to make better use of the pretrained model, we can also initialize the prompts using T5’s
learned vocabularies. Specifically, the weights can be sampled from the most common tokens in
T5’s tokenizer. To compare these two approaches, we plot the losses in Figure 3 (right) and find that
vocabulary initialization leads to better performance. We thus use it in the subsequent experiments.

The soft prompt tuning paper also studies the performance with increasing model size. As model
size increases, prompt tuning catches up to the performance level of fine-tuning, which shows the
method’s potential. We are thus motivated to study its application to privacy-constrained scenarios.

5.3. DP Prompt Tuning

After implementing the vanilla soft prompt tuning, we proceed with implementing the differential
privacy optimizers. As discussed earlier, we implement an optimizer wrapper that takes in an arbitrary
optimizer class, such as SGD, AdamW, or Adafactor, and outputs the DP version of it. Therefore,
compared to the vanilla prompt tuning workflow, the DP workflow only requires an addition step
to wrap the optimizer. In the default setting, we optimize the cross-entropy loss using the Adafactor
optimizer with a learning rate of 1e-3. The prompts are trained for 100 epochs. The mini-batch size is
32 (inner loop) and the micro-batch size is 320 (outer loop). Note that these hyperparameters are not
perfect, i.e., we do not do extensive hyperparameter tuning due to compute limitations. However, we
believe that we can already make a lot of interesting observations in this controlled setting.

Before studying the effect of each DP component, we first present the overall results of DP prompt
tuning on the SuperGLUE tasks (Table 1, bottom row). We see that the final losses are higher than
vanilla prompt tuning except for the CB and WSC tasks. This performance loss is due to the improved
privacy during learning. In the following, we first analyze the privacy gain in theory and then perform
ablation studies on each DP component to get a better sense of the privacy-accuracy trade-off.

5.3.1. Theoretical Perspective: Is Privacy Preserved After Using the DP Optimizer?

Similar to the DP-SGD paper, we use the (ϵ, δ)-differential privacy framework (Equation 1) to
analyze whether our optimizers achieve the desired properties. In our experiments, we set δ = 1e-5.
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We calculate ϵ for gradient descent based on δ, noise scale, number of examples, batch size, and number
of epochs. We report ϵ for different noise scales:

noise scale σ ϵ achieved
0.01 3.8e9
0.1 2.1e5
1 18

Just as we have expected, the larger the noise added to the gradients, the more privacy we obtain.
Based on the theoretical work in [11], we conclude that the DP optimizers can indeed lead to better
privacy for the training data. Next, we study three factors that affect the learning outcome under the
DP framework—noise perturbation, gradient clipping, and gradient accumulation.

5.3.2. Empirical Perspective: Privacy-Accuracy Trade-off
Noise Scale

First, we specifically study the effect of different noise scales on the model performance. As
motivated earlier, the larger the noise scale, the more privacy we preserve for the training data, but the
more difficult the optimization process becomes.

Statistically, a Gaussian noise distribution with higher variance will have more spread, making it
less likely that a gradient update value comes from its immediate vicinity, thereby making it harder
to model the unnoised gradient. In the most extreme cases, if the noise is arbitrarily close to a point
mass, then an adversary will be able to obtain a very good estimate of the true gradient. On the
other hand, if the variance of the noise goes to infinity, then no useful information is conveyed in the
gradient and no learning happens. The above analysis is supported by Figure 4, where we fix the other
hyperparameters but tune the noise scale so that σ ∈ {1, 0.1, 0.01}. Indeed, as σ becomes smaller, the
performance for DP prompt tuning becomes better, but the privacy guarantee becomes weaker.

Figure 4. Loss curves for DP prompt tuning with different noise scales on the RTE task.

Gradient Clipping

The second factor we investigate is the clipping threshold c, which regularizes the gradients and
prevents a single training example from contributing too much to learning the parameters. For ablation
study, we fix the noise scale and vary c ∈ {1, 0.1}. The results on the RTE task are shown in Figure 5.
Evidently, using a small clipping threshold will slow down the convergence rate but make the learning
curve more stable.

Figure 5. Loss curves for DP prompt tuning with different clipping thresholds on the RTE task.
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Micro-Batch Size

Lastly, we study the effect of the micro-batch size, which determines whether we accumulate
individual gradients or averaged gradients in the inner loop optimization. While differentially private
optimization of convex objective functions is best achieved using batch sizes as small as 1, non-convex
learning, which is inherently less stable, benefits from aggregation into larger batches. Also, Theorem 1
in [11] suggests that making batches too large increases the privacy cost, and a reasonable trade-off is
to take the number of batches per epoch to be of the same order as the desired number of epochs.

In Figure 6, we plot the learning curves for different micro-batch sizes, while the mini-batch size
is fixed to 32. We see that for DP-Adafactor, the best micro-batch size is 64. Note that increasing
micro-batch size in spirit hurts privacy: clipping the gradient limits the impact of each example on the
gradient update, and aggregating more samples before clipping lessens this effect.

Figure 6. Loss curves for DP prompt tuning with different micro-batch sizes on the RTE task.

Summary

To sum up, when we use larger noise scale, smaller gradient clipping threshold, and larger
micro-batch size, we obtain a more privacy-preserving model, but the cost is that we may sacrifice
learning accuracy and computational efficiency.

5.3.3. Proposed Improvements: Mitigating Privacy-Accuracy Trade-off

In this section, we introduce several remedies for the privacy-accuracy trade-off based on previous
observations. Specifically, we notice that the test loss decreases more rapidly at the beginning, which
means that the size of the gradient update steps is larger in the earlier epochs. This makes sense
intuitively—starting from a randomly initialized point in the parameter space, we would first expect
gradient descent to lead us to a region where the local optimum roughly resides. Then, via more
precise optimization, we can arrive at the exact optimal point. Such a hierarchical optimization process
makes us wonder whether we can also do privacy enhancement in a hierarchical way as well.

Hierarchical Privacy Learning

We propose to decrease the privacy requirements in the (ϵ, δ)-differential privacy framework at
different stages of training. The intuition is that gradient updates at the beginning of training will
have a larger effect on the final learned parameters, so we want to make sure that enough privacy
constraints, such as the random noise, are added at each step. However, at the later stage of training,
the gradient scales are already small, and adding the same amount of noise as the beginning stage
might distort the learned weights, leading to slower convergence or worse performance. Therefore, we
might want to loosen the privacy constraints to achieve better accuracy. To test this idea, we follow the
previous experiments to initialize the noise scale σ and gradient clipping threshold c. Then, we add
linear decay for both σ and c−1 so that they approach 0 at the end of training. Th results are shown in
Figure 7. Compared to the original DP setting, the linear decay setting achieves better results.
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Figure 7. Vanilla DP vs. DP prompt tuning with the proposed decay scheme on the RTE task.

Strategic Initialization

To generally improve prompt tuning, we also propose to use a more informative initialization
scheme than the random or vocabulary initialization. In particular, the latter methods do not give any
information about the task of interest, and we indeed observe that it takes a long time for the model to
output relevant class labels, regardless of whether the labels are correct or not. Thus, given the class
labels {v1, · · · , vk} in words, we propose to initialize the prompts in the following format “v1 or v2 · · ·
or vk.” In Figure 8, we show the learning curves of this new strategy for both the DP and non-DP
settings. Compared with Figure 3 (right), we see that the performance improve for both settings.

Figure 8. Non-DP (left) vs. DP prompt tuning with the proposed initialization (right) on the RTE task.

6. Discussion and Analysis
6.1. Limitations

In the previous section, we showed the performance of fine-tuning and soft prompt tuning on the
SuperGLUE tasks. We make the following observations. First, compared with fine-tuning, where all
model parameters are allowed to be updated, prompt tuning is less effective. In particular, the loss
scale of prompt tuning is an order of magnitude larger than the loss achieved by fine-tuning. This
shows that, at least for the T5-small model, adapting as many parameters as possible is preferred for
getting better performance, though this sacrifices learning efficiency. However, it is unknown whether
larger models will close the gap between fine-tuning and prompt tuning.

Second, soft prompt tuning can be improved in several ways. For instance, we have observed
that the optimizer and scheduler configuration can have a great impact on the learning curve, so it
might be beneficial to apply hyperparameter search algorithms such as ASHA [42–44] before tuning
the prompts. Besides, in the current approach, the learned soft prompts are the same for all samples in
the target dataset. One solution is to learn sample-dependent prompts by learning a prompt generator
network.

Lastly, as we have expected, adding DP further decreases the downstream performance due to
the added noise and the gradient clipping scheme. Even though we have proposed several solutions,
we have not verified how they affect the (ϵ, δ)-framework theoretically. Therefore, it remains an open
question how we can further improve the current DP learning framework for prompt tuning and
justify the method in theory.

6.2. Future Work

In this study, we propose the idea of a privacy-preserving soft prompt tuning that upholds data
privacy without compromising much downstream accuracy. The motivation behind this framework is
to identify an optimal equilibrium point among downstream accuracy, fine-tuning parameter efficiency,
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and privacy considerations in language models. In the current report, we have evaluated the proposed
method thoroughly. However, there are still improvements we can make based on the existing work.
First, we can try more optimizer classes, such as Adam or AdamW, to determine the most effective
one for our framework. Besides, we can investigate the effect of using different sizes of T5 models on
the performance of our method. More importantly, we can combine more recent work that applies
DP learning to non-language settings with prompt tuning. Hopefully, there is a way to balance the
privacy and accuracy of the learned model for language modeling tasks.

Appendix A
Appendix A.1. Formulating Classification Problems in SuperGLUE to Text-to-Text Problems

The following is an example for the RTE task:
input: hypothesis: Bacteria is winning the war against antibiotics. premise: Yet,

we now are discovering that antibiotics are losing their effectiveness against illness.
Disease-causing bacteria are mutating faster than we can come up with new antibiotics
to fight the new variations.

output: entailment

Appendix A.2. Parameter Counts for Prompting T5-Small

Table A1. Number of parameters used for various prompt lengths on the T5-small model. Trainable parameters is
the number of parameters in the prompt itself, while total parameters includes the prompt plus the original T5
parameters. The rightmost column is the percentage of total parameters that are trainable.

T5 Size Prompt Length Trainable Parameters Total Parameters Percent Trainable
Small 5 2,560 76,963,712 0.00333%

20 10,420 76,971,572 0.01330%
50 25,600 76,986,752 0.03325%

100 51,200 77,012,352 0.06648%

Appendix A.3. Experiment Details

Appendix A.3.1. Hyperparameters for Fine-Tuning

For every dataset, we use the google/t5-v1_1-small checkpoints and train the model using a
batch size of 8. In general, we make sure that each dataset is trained for at least 3000 steps at a batch
size of 8 to ensure reasonable convergence. We use the AdamW optimizer with weight decay 1e − 2
and learning rate 1e − 4. Please refer to Table A2 for epochs and steps trained for each task.

Table A2. Number of epochs and steps trained for each task.

Dataset Epochs Steps

BoolQ 5 5895
CB 100 3200
COPA 60 3000
MultiRC 1 3406
RTE 15 4695
WiC 5 3000
WSC 50 3500

Appendix A.3.2. Hyperparameters for Prompt Tuning and DP Prompt Tuning

Following [4], we train the prompts for 100 epochs using a batch size of 32. We use the Adafactor
optimizer with the default hyperparameter configuration and the linear warm-up scheduler with a
warm-up step of 500.
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For the DP setting, we set the gradient clipping threshold c to 1 and the noise scale σ to 0.1. The
mini-batch size is 32 and the micro-batch size is 320.

Appendix A.3.3. SuperGLUE Fine-Tuning Accuracy

Table A3. Fine-tuning accuracy for 7 tasks in the SuperGLUE benchmark.

Dataset BoolQ CB COPA MultiRC RTE WiC WSC
Fine-Tuning 0.6217 0.7321 0.4500 0.5720 0.5957 0.5329 0.1442
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