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Abstract

Fine-tuning is the de facto way of leveraging
large pretrained language models for down-
stream tasks. However, it modifies all the lan-
guage model parameters and therefore necessi-
tates storing all of them for each task. In this
paper, we propose prefix-tuning, a lightweight
alternative to fine-tuning for natural language
generation tasks, which keeps LM parame-
ters frozen, but optimizes a small continuous
task-specific prompt. We apply prefix-tuning
to GPT-2 for table-to-text generation and to
BART for summarization. We find that with
only 0.1% of the parameters, prefix-tuning ob-
tains comparable performance in the full data
setting, outperforms fine-tuning in low-data
settings, and extrapolates better to topics un-
seen during training.

1 Introduction

Fine-tuning is the prevalent paradigm for using
large pretrained language models (Radford et al.,
2019; Devlin et al., 2019) in downstream tasks (e.g.,
summarization), but it requires updating and stor-
ing all the parameters. Consequently, to build and
deploy NLP systems that rely on large pretrained
language models, one currently needs to store a
modified copy of the language model parameters
for each task. This can be prohibitively expensive,
given the size of current language models, for ex-
ample, GPT-2 has 774M parameters and GPT-3
has 175B parameters (Brown et al., 2020; Radford
et al., 2019). Also, fine-tuning is prone to over-
fitting and suffers instability in low-data settings
(Kornblith et al., 2019; Dodge et al., 2020).

In this paper, we propose prefix-tuning, which is
a lightweight yet effective alternative to fine-tuning.
We focus on the task of natural language genera-
tion (NLG), but our method can be easily extended
to other NLP tasks. Consider a task of generat-
ing textual description of a data table, as shown in
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Figure 1: Our instantiation of the prefix-tuning (lower
box), compared with fine-tuning (upper box) for table-
to-text generation. The prefix is prepended before the
task input (in blue) and output (in green). Trainable
modules are colored by red. Fine-tuning optimizes the
full transformer parameters (the red transformer box),
whereas prefix-tuning freeze them and only optimize
the soft prefix (the red blocks). Note that each vertical
block is a stack of activation layers at one time step.

Figure 1, where the task input is a linearized table
(e.g. “name Clown type Britain”) and the output is
a textual description (e.g. “Clowns serves British
food”). Prefix-tuning prepends a task-specific, con-
tinuous prompt before reading any task input. The
continuous prompt, also denoted as the prefix (i.e.
the red activation blocks), is the stacks of activation
layers on top of the ficticious tokens [prefix].
Instead of using the transformer’s parameters to
compute the prefix activations bottom up, they are
directly trainable. The prefix affects the activations
of all tokens to its right, including the task input and
the task output, and therefore capable of steering
the language model distribution to specialize for
a particular task. In contrast to finetuning, which
updates all transformer parameters and therefore
necessitates storing a tuned copy of the model for
each task (e.g. 774M parameters), prefix-tuning
only optimizes the prefix activations and the same
learned prefix is used for all instances of a given
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task. Threfore we only need one copy of the large
language model and for each task we need to store
the learned prefix, yielding a very small overhead
for each additional task (e.g. 250K parameters
for the table-to-text task). When these pretrained
models are deployed on edge devices with limited
storage, prefix-tuning is more advantageous as the
number of tasks increases1.

We discover that despite only storing 1000x
fewer parameters than fine-tuning, prefix-tuning
can maintain a comparable performance in the full
data setting and outperforms fine-tuning in both
low-data and extrapolation (i.e. generalization to
topics that are unseen during training) settings.

Prefix-tuning is a form of continuous prompting.
Natural language prompts are particularly effective
in GPT-3 and its in-context learning framework.
Pompting in GPT-3 refers to discrete natural lan-
guage instructions (e.g. TL;DR for summarization)
followed by a few examples prepended before gen-
eration. The learned prefix in prefix-tuning can be
viewed as the continuous version of GPT-3 instruc-
tions. Despite GPT-3’s outstanding performance in
few-shot settings, transformers can only condition
on a bounded-length context (e.g., 2048 tokens for
GPT-3). Therefore, in-context learning is unable
to exploit large training sets that don’t fit into the
context window.

Discrete prompt design has been explored in
prior works for models like BERT and RoBERTa
(Jiang et al., 2020; Schick and Schütze, 2020).
Researchers engineered natural language prompts
either manually or using models that were con-
strained to be fluent. However, fluent prompts
may be suboptimal in terms of performance. Auto-
Prompt (Shin et al., 2020) searches for a sequence
of trigger words (without fluency constraints) and
concatenates them with the input to steer BERT
to improve classification accuracy. The past work
only focuses on classification or knowledge extrac-
tion tasks. We focus on generation tasks, which are
harder to steer with just a few words (§ 7.2) and
discrete optimization is computationally difficult.
In contrast, we optimize the continuous activation
space of the prefix, which is sufficiently expressive
to steer the generation for a targeted task (§6) and
we can use gradient-based optimization to tune the
prefix.

1Let N be the number of LM parameter and n be the
number of prefix parameters, with N � n. Fine-tuning k
tasks stores k · N parameters, whereas prefix-tuning stores
only N + k · n

Our approach can be viewed from the perspec-
tive of lightweight fine-tuning, whose goal is to
freeze most of the pretrained parameters and train
as few additional parameters as possible. Adapter
modules (Houlsby et al., 2019; Lin et al., 2020) in-
sert additional multilayer perceptrons between lay-
ers of pretrained language models. Prefix-tuning
stores much fewer parameters (e.g. 250K for table-
to-text) than the adaptor module (around 10M). Ad-
ditionally, prefix-tuning has a more modular archi-
tecture, leading to engineering benefits in batching
across tasks (§8).

We evaluate prefix-tuning on table-to-text gener-
ation using GPT-2 and abstractive summarization
using BART. On the full datasets, prefix-tuning
and fine-tuning are comparable for table-to-text,
while suffers small degradation for summarization.
In low-data settings, prefix-tuning on average out-
performs fine-tuning in both tasks (§ 6.3). Prefix-
tuning also extrapolates better to table contents and
summarization documents of unseen topics (§ 6.4).

2 Related Work

Fine-Tuning for Natural Language Generation.
State-of-the-art performance on many NLG bench-
marks are obtained by fine-tuning. For table-to-
text generation, Kale (2020) fine-tune pretrained a
sequence-to-sequence model (Raffel et al., 2020)
to achieve SOTA performance on multiple bench-
marks. Competitive extractive and abstractive sum-
marization systems are obtained by fine-tuning
masked language models (e.g. BERT) or encode-
decoder models (e.g. BART) respectively (Zhong
et al., 2020; Liu and Lapata, 2019; Raffel et al.,
2020; Lewis et al., 2020) For other conditional
NLG tasks such as machine translation or dialogue
generation, pretraining and fine-tuning are also the
prevalent paradigm (Zhang et al., 2020; Stickland
et al., 2020; Zhu et al., 2020; Liu et al., 2020). In
this paper, we focus on summarization and table-to-
text, but prefix-tuning can be easily generalizable
to other generation tasks and model architectures.

Lightweight fine-tuning. Prefix-tuning is a form
of lightweight fine-tuning, the core of which is
to explore the right architectures. One line of re-
search freezes the pretrained parameters and at-
taches small trainable networks to the large pre-
trained model. For example, Zhang et al. (2020)
trains a “side” network that is fused with the pre-
trained network via summation, and Houlsby et al.
(2019) inserts trainable adapters between each layer



of the pretrained transformer models. Another
line of research ablates away some model weights
by training a binary mask over model parameters
to decide which ones to keep (Zhao et al., 2020).
Prefix-tuning differs from previous methods in that
it makes no modification to the model architecture.
This modularity is not only conceptually favorable
but also provides additioal engineering benefits
when batching across tasks (§8).

Prompting. Prefix-tuning is a form of continu-
ous prompting. In addition to previously mentioned
work on discrete prompting to improve classifica-
tion or knowledge extraction accuracy, researchers
also use manually designed keywords as prompts to
control for sentiment or topic of the generated sen-
tence (Sun and Lai, 2020). Continuous prompts are
more expressive and easier to train than its discrete
counterparts. Although GPT-3 can be effectively
prompted by natural language task instructions and
a few examples, our method could ideally be ex-
tended to GPT-3 (assume access to gradient infor-
mation) and the learned continuous prompt is likely
to outperform the human written discrete prompt.
One earlier attempt to condition a language model
by a continuous sentence vector is the work of Sub-
ramani et al. (2020), who showed empirically that
the LSTM language model can recover arbitrary
sentences by selecting a good conditioning vector.
For each sentence input, they optimize a vector
to reconstruct this particular sentence, and there-
fore, a different sentence corresponds to a different
vector. Prefix-tuning differs in that it learns a task-
specific prefix and all the instances of the task share
the same prefix, enabling prefix-tuning to do NLG
tasks and have fast inference.

Controllable Generation. Controllable genera-
tion aims to steer a pretrained language model to
match a sentence level attribute (e.g. positive senti-
ment or topic on sports). Such control can happen
at training time: Keskar et al. (2019) pretrains the
language model (CTRL) to condition on meta data
like keywords or URLs. Additionally, the control
can happen at decoding time, by weighted deocod-
ing (Krause et al., 2020) or iteratively updating
the past activations (Dathathri et al., 2020). De-
spite the success of controlling sentence attributes,
these controllable generation techniques are not
sufficient for fine-grained control over contents, as
demanded by some NLG tasks like table-to-text
and summarization.

3 Problem Statement

Consider a conditional generation setting where
the input consists of an arbitrary context x and the
output y is a sequence of target tokens. The goal is
to generate y conditioned on x by learning a model
of p(y | x). Concretely, we focus on two tasks: (1)
In a table-to-text problem, x corresponds to a lin-
earized table of data and y is a textual description;
(2) In a summarization problem, x is an article and
y is a short summary.

3.1 Notation

Assume we have an auto-regressive language
model based on a transformer architecture (e.g.
GPT-2). Since this model does not have an explicit
encoder to encode x, we put x in the left context
of y and obtain this concatenation z = [x; y]. We
assign indices to different chunks in z: Xidx de-
notes the the sequence of indices that corresponds
to x, and Yidx denotes the same for y, as shown in
the upper part of Figure 2. The activation at time
step t is ht ∈ Rd, where ht = [h

(1)
t ; · · · ;h(n)t ] is

a concatenation of all activation layers at this time
step2. Due to the autoregressive property of this
language model, ht is computed deterministically
given the tth token and all the tokens to its left.

We can also approach this conditional genera-
tion task by a transformer-based encoder-decoder
architecture (e.g. BART) where x is encoded by
the encoder, and the decoder predicts y autoregres-
sively (conditioned on the encoded x and its left
context). We use the same indexing and activation
notation, as shown in the bottom part of Figure 2.

3.2 Method: Fine-Tuning

The recurrence relation of an autoregressive trans-
former model computes hi as a function of zi and
the past activations in its left context.

oi+1, hi = LMφ(zi, h<i) (1)

where oi+1 is used to compute the distribution for
the next token: pφ(zi+1 | z≤i) = softmax(Wφ ·
oi+1) and Wφ is some pretrained parameters that
maps oi to logits over vocabularies. In the fine-
tuning framework, pφ is a trainable language model
distribution parametrized by φ and the objective is

2h
(i)
t denotes the activation of the ith layer at time step t,

composed of a key-value pair. In GPT-2, the dimension of
each key and value is 1024.



Figure 2: An annotated example of prefix-tuning using autoregressive LM (top) and encoder-decoder (bottom).
The prefix activations hi ∀i ∈ Pidx are drawn from a trainable LOOKUPθ table. The remaining activations are
computed by the transformer.

to maximize the following log-likelihood.

max
φ

log pφ(y | x) =
∑
i∈Yidx

log pφ(zi | h<i) (2)

4 Prefix-Tuning

Prefix-tuning prepends a prefix of length |Pidx| to
obtain z = [PREFIX;x; y], as shown in Figure 2.
Here, Pidx denotes the sequence of prefix indices.
We follow the recurrence relation in equation (1),
except that prefix activations are directly intervened.
Prefix-tuning initializes a trainable lookup table
(parametrized by θ) to store the parameters for the
prefix activations.

hi =

{
LOOKUPθ(i), if i ∈ Pidx

LM(zi, h<i), otherwise
(3)

The training objective is the same as equation (2),
but the set of trainable parameters changes. LM
parameters are fixed and hi (for all i) is a function
of the trainable LOOKUPθ. If i ∈ Pidx, this is
obvious because hi copies from the lookup table.
For i 6∈ Pidx, hi still depends on the lookup table,
because the prefix activations are always in the left
context and therefore will affect any activations to
its right.

4.1 Parametrization Trick
Empirically, directly optimizing the lookup table
parameters leads to suboptimal performances. So

we reparametrize the lookup table LOOKUPθ(i) =
MLPθ(LOOKUP′θ(i)) by a smaller lookup table
(LOOKUP′θ) composed with a feedforward neural
network (MLPθ). The LOOKUPθ and LOOKUP′θ
have the same number of entries (i.e. the prefix
length) but LOOKUP′θ has a much smaller dimen-
sion3. Reparametrizing the lookup table makes
training easier by introducing more trainable pa-
rameters (e.g. 25M for table-to-text) and an MLP
architecture that’s easier to optimize. Once train-
ing is complete, these reparametrization parame-
ters can be dropped, and only the prefix (stored in
LOOKUPθ) needs to be saved.

5 Experimental Setup

5.1 Datasets and Metrics

We consider three standard neural generation
benchmarks for the table-to-text tasks: E2E
(Novikova et al., 2017), WebNLG (Gardent et al.,
2017), and DART (Radev et al., 2020), with ex-
amples shown in ??. The E2E dataset contains
approximately 50K examples with 8 distinct fields;
it contains multiple test references for one source
table. We evaluate in terms of BLEU (Papineni
et al., 2002), NIST (Belz and Reiter, 2006), ME-
TEOR (Lavie and Agarwal, 2007), ROUGE-L (Lin,

3LOOKUPθ has a dimension of dim(hi) while the dimen-
sion of LOOKUP′

θ is a hyper-parameter. MLPθ maps a vector
with the same dimension as LOOKUP′

θ to a vector of dim(hi)



E2E
BLEU NIST MET ROUGE CIDEr

GPT2-medium
Fine-tune 68.21 8.62 46.2 71.0 2.47
FT (top 1) 67.54 8.59 44.2 70.0 2.26
SOTA 68.60 8.73 45.3 70.8 2.37
Adapter 66.56 8.51 44.2 69.3 2.34
Prefix 69.65 8.76 45.7 71.3 2.43

GPT2-large
Fine-tune 68.52 8.78 46.0 69.9 2.45
Prefix 70.31 8.85 46.2 71.7 2.47

WebNLG
BLEU ↑ METEOR ↑ TER ↓

SEEN UNSEEN ALL SEEN UNSEEN ALL SEEN UNSEEN ALL

GPT2-medium
Fine-tune 64.24 27.71 46.52 0.45 0.30 0.38 0.33 0.76 0.53
FT(top 2) 53.56 18.92 36.00 0.38 0.23 0.31 0.49 0.99 0.72
Adapter 56.01 46.25 51.58 0.40 0.36 0.39 0.38 0.46 0.42
Prefix 63.37 44.88 55.01 0.44 0.38 0.41 0.34 0.49 0.41
SOTA 63.90 52.80 57.10 0.46 0.41 0.44 - - -

GPT2-large
Fine-tune 65.30 43.12 55.50 0.46 0.38 0.42 0.33 0.53 0.42
Prefix 63.36 47.67 56.25 0.45 0.39 0.42 0.34 0.48 0.40

Figure 3: Automatic metrics for text generation on E2E (left) and WebNLG (right).

2004), CIDEr (Vedantam et al., 2015), using the
official evaluation scripts.

The WebNLG (Gardent et al., 2017) dataset con-
sists of 22K examples, and the input x is a sequence
of (subject, property, object) triples. In the training
and validation splits, the input describes entities
from 9 distinct DBpedia categories. The test split
consists of two parts: the first half contains DB
categories seen in training data, and the second
half contains 5 unseen categories. These unseen
categories are used to evaluate extrapolation per-
formance. We use the official evaluation scripts,
which reports BLEU, METEOR and TER (Snover
et al., 2006).

DART (Radev et al., 2020) is an open do-
main table-to-text dataset, with similar input for-
mat (entity-relation triples) as WebNLG. It con-
sists of 82K examples from WikiSQL, WikiTable-
Questions, E2E, and WebNLG with some manual
or automated conversion. We evaluate in terms
of BLEU, METEOR, TER, MoverScore (Zhao
et al., 2019), BERTScore (Zhang* et al., 2020)
and BELURT (Sellam et al., 2020).

For the summarization task, we focus on the
XSUM (Narayan et al., 2018) dataset, which is an
abstractive summarization dataset on news articles.
There are 225K examples. The average length of
the articles is 431 words and the average length
of the summaries is 23.3. We evaluate based on
ROUGE-1, ROUGE-2 and ROUGE-L.

5.2 Baselines
For table-to-text generation, we compare exter-
nally against three other methods: fine-tuning, fine-
tuning only the top 2 layers, and adapter mod-
ules. We also report state-of-the-art results on
these datasets respectively: on E2E, Shen et al.
(2019) uses a pragmatically informed model. On
WebNLG, Kale (2020) fine-tunes T5-large. On
DART, a comparable benchmark model is not avail-

able4. For summarization, we compare against fine-
tuning BART (Lewis et al., 2020).

For intrinsic evaluation, we compare different
variants of prefix-tuning. § 7.1 studies prefix-tuning
with different prefix length. § 7.2 ablates the prefix
to optimize only in the embedding level. § 7.3 com-
pares prefixing and infixing, which inserts trainable
activations between x and y. § 7.4 studies initial-
ization techniques of the prefix.

5.3 Architecture and Hyperparameters
For table-to-text generation, we use (medium and
large) GPT-2 as our base model and the source
tables are linearlized (details in Appendix A). For
summarization, we use BART-large as our base
model5, and the source documents are truncated to
512 BPE tokens.

Our implementation is based on the Huggingface
transformer models (Wolf et al., 2020). At training
time, we use the AdamW optimizer (Loshchilov
and Hutter, 2019) and a linear learning rate sched-
uler, as suggested by the HuggingFace default
setup. The hyperparameters we tune include the
learning rate, prefix length, number of epochs,
batch size, and dimension of the small look up
table. Hyperparameter details are in the appendix.

At decoding time for the three table-to-text
datasets, we use beam search with a beam size
of 5. For summarization, we use a beam size of 6
with length normalization as a hyperparameter.

6 Main Results

6.1 Table-to-text Generation
On E2E (Figure 3, left), prefix-tuning achieves re-
sults comparable or better than fine-tuning for both

4The official benchmark model is trained on v.1.0.0 while
the release dataset is v1.1.1.

5We didn’t include GPT-2 results for summarization be-
cause in our preliminary experiment, fine-tuning GPT-2 sig-
nificantly underperforms fine-tuning BART.



BLEU MET TER↓ Mover BERT BLEURT
GPT2-medium

Fine-tune 46.22 0.39 0.46 0.50 0.94 0.39
FT (top 2) 40.98 0.34 0.56 0.43 0.93 0.21
Adapter 43.89 0.37 0.47 0.49 0.94 0.37
Prefix 46.34 0.38 0.46 0.51 0.94 0.39

GPT2-large
Fine-tune 46.96 0.39 0.46 0.51 0.94 0.40
Prefix 46.65 0.39 0.45 0.51 0.94 0.40
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Figure 4: Automatic metrics for text generation on DART (left). Initialization trick in low-data settings (right).

GPT-2 medium and large. It also has significantly
better performance than the adapter modules and
fine-tuning only the top two layers. This demon-
strates that prefix-tuning is sufficiently expressive
to steer a pretrained LM to specialize in a simple
table-to-text setting.

On WebNLG (Figure 3, right), prefix-tuning out-
performs fine-tuning and all the other baselines
on the “ALL” column, which is a combination
of “SEEN” and “UNSEEN” categories. For the
“SEEN” column, prefix-tuning is slightly worse
than fine-tuning across all three metrics, but out-
performs other lightweight baselines including fine-
tuning the top 2 layers and the adapter module. For
the “UNSEEN” column, prefix-tuning achieves sig-
nificantly better results than fine-tuning acrosss all
metrics. Having a slightly better performance than
adapter on one metric and slightly worse on the
other two. We will discuss the “UNSEEN” per-
formance in details in § 6.4. The performance
in WebNLG dataset indicates that prefix-tuning
achieves a good tradeoff between the “SEEN” and
“UNSEEN” categories.

On DART (Figure 4 left), prefix-tuning outper-
forms fine-tuning on two metrics and remain com-
parable on the rest. It also achieves better per-
formance than the adapter module and finetuning
(top2) across all metrics. Good performance here
suggests that prefix-tuning works well with open
domain tables and a large pool of diverse relations.

Overall, the results show that prefix-tuning can
effectively steer a pretrained GPT-2 model for table-
to-text generation, with a comparable performance
to fine-tuning and better performance than other
lightweight baselines.

6.2 Summarization

R-1 ↑ R-2 ↑ R-L ↑
Fine-tune (Lewis et al., 2020) 45.14 22.27 37.25
Prefix 43.57 20.60 35.70

The table above shows the main result for
summarization on the XSUM dataset, where
prefix-tuning underperforms the fine-tuning
baseline. This summarization dataset has more
than twice the number of training examples
than previously mentioned table-to-text datasets.
Therefore, under such a high resource setting,
prefix-tuning is not favorable if the ultimate goal
is to saturate the model to fit the data, however, it
could still be favorable from the perspective of a
light storage.

6.3 Low-data Setting

To construct low-data settings, we randomly sam-
ple data from the full dataset (E2E for table-to-
text and XSUM for summarization) to obtain small
datasets of size {50, 100, 200, 500}. For each size,
we sample 5 different datasets and average over 2
training random seeds. Thus, we average over 10
models to get a reliable estimate for each low-data
setting6. In Figure 5 (right), we compare prefix-
tuning and fine-tuning for different data sizes. As
the number of training examples increases, both
prefix-tuning and fine-tuning show a trend of in-
creasing performance, as expected. Notably, prefix-
tuning consistently outperforms fine-tuning for
both summarization and table-to-text.

For qualitative comparison, Figure 5 (left) shows
8 examples generated by table-to-text models
trained on different data levels. When training on
a small amount of data, the generated sentences
tend to have a low coverage and ignore some table

6We also sample a dev split for each training set, containing
30% of examples as the training size. We use the dev split to
choose hyper-parameters and do early stopping.



Source name : The Eagle | type : coffee shop | food : Chinese | price : cheap | customer
rating : average | area : riverside | family friendly : no | near : Burger King

Prefix (50) The Eagle is a cheap Chinese coffee shop located near Burger King.
Prefix (100) The Eagle is a cheap coffee shop located in the riverside near Burger King. It

has average customer ratings.
Prefix (200) The Eagle is a cheap Chinese coffee shop located in the riverside area near

Burger King. It has average customer ratings.
Prefix (500) The Eagle is a coffee shop that serves Chinese food. It is located in the riverside

area near Burger King. It has an average customer rating and is not family
friendly.

FT (50) The Eagle coffee shop is located in the riverside area near Burger King.
FT (100) The Eagle is a cheap coffee shop near Burger King in the riverside area. It has

a low customer rating and is not family friendly.
FT (200) The Eagle is a cheap Chinese coffee shop with a low customer rating. It is

located near Burger King in the riverside area.
FT (500) The Eagle is a cheap Chinese coffee shop with average customer ratings. It is

located in the riverside area near Burger King.
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Figure 5: Qualitative examples in lowdata settings (left). Low-data performance (right) of prefix-tuning (PT in
orange) and fine-tuning (FT in blue). The top two plots correspond to summarization, measured by ROUGE-1
and ROUGE-2, respectively. The bottom two plots correspond to table-to-text generation, measured by BLEU and
ROUGE-L. The x-axis is the training size and the y-axis is the evaluation metric (higher is better).

contents. This happens for both prefix-tuning and
fine-tuning. Models also hallucinate and generate
contents that are not faithful to the table, especially
in the case of fine-tuning (e.g. Fine-tuning (100,
200) in Figure 5 falsely claim a low customer rating
while the true rating is average). As the number
of training examples increases, the generated sen-
tences tend to have a higher coverage and be more
truthful.

6.4 Extrapolation

We study the extrapolation performance to unseen
topics for both table-to-text and summarization. In
the table-to-text setting, we use the “SEEN” and
“UNSEEN” categories in WebNLG as the standard
dataset split. The training and validation split only
contains the “SEEN” categories (e.g. Comics), and
those unseen categories (e.g. Athelete) appear only
at test time. As shown in the “UNSEEN” column of
Figure 3, prefix-tuning has significantly better ex-
trapolation than fine-tuning under all metrics. Ad-
ditionally, scaling up from GPT-2 medium to large
boosts the extrapolation performance for both fine-
tuning and prefix-tuning. Although prefix-tuning
still performs much better than fine-tuning using
GPT-2 large, the performance gap shrinks com-
pared with GPT-2 medium.

News-to-Sport Within News
R-1 ↑ R-2 ↑ R-L ↑ R-1 ↑ R-2 ↑ R-L ↑

Fine-tune 38.15 15.51 30.26 39.20 16.35 31.15
Prefix 39.23 16.74 31.51 39.41 16.87 31.47

For summarization, we construct two data splits
to evaluate extrapolation. In the first split (news-to-
sports), the training and validation sets only include
news articles, but we use sports articles to test. In
the second split (within-news), the training and
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Figure 6: Generation performance vs. prefix length on
summerization (left) and table-to-text (right). Each plot
has two vertial axis, representing different metrics. We
report ROUGE-2 (red) and ROUGE-L (blue) for sum-
marization; BLEU (red) and TER (blue) for table-to-
text. Additional plots for all datasets and metrics are in
Appendix.

validation sets only include {world, uk, business}
news, and we use the remaining news categories
to test (e.g. health and technology). We believe
the news-to-sport extrapolation to be harder since
news and sports have more differences in terms
of keywords and writing styles. As shown in the
table above, prefix-tuning outperforms fine-tuning
in both data splits. Interestingly, the performance
gap is larger for the news-to-sports split, suggesting
that prefix-tuning has more advantages when the
extrapolation becomes harder.

7 Intrinsic Evaluation

7.1 Prefix Length

Figure 6 plots the relations between prefix length
and generation performance. For summarization
task, as prefix length increases, we can see a perfor-
mance gain. For table-to-text (DART) generation,
when prefix length < 10, increasing it helps the
performance (note that TER is the lower the bet-
ter). There are diminishing returns for prefix length



Source (Genoa, location, Costa Crociere), (AIDA Cruises, operator, AIDAstella),
(Costa Crociere, owner, AIDAstella)

Prefix AID Astella is operated by Aida Cruises and is owned by the Costa Rican
tourist resort of Genoa.

Fine-tuning AID Astella, operated by AIDA-Cruises, is located in Genoa and is
owned by the Costa Rican government.

Reference Costa Crociere is the owner of the AIDAstella and are based in Genoa.
The operator of AIDAstella is AIDA Cruises.

Source (Americans, nationality, Ducan Rouleau), (Ducan Rouleau, creator, Bay-
max),(Alan Tudyk, starring, Big Hero 6 (film)), (Steven T Segle, creator,
Baymax), (Big Hero 6 (film), serires, Baymax)

Prefix Baymax is a character in Big Hero 6 which stars Alan Tudyk. He was
created by Steven T. Seagle and the American, Duncan Rouleau.

Fine-tuning Alan Tudyk stars in the film Big Hero 6 in which Baymax is a character
created by Steven T. Seagle and the American, Duncan Rouleau.

Reference Baymax is a character who appeared in Big Hero 6 starring Alan Tudyk.
It was created by Steven T Seagle and the American, Duncan Rouleau.

E2E
BLEU NIST MET ROUGE CIDEr

PT (Full) 69.65 8.76 45.7 71.3 2.43

Embedding Ablation Studies
Emb-1 48.05 3.33 32.1 60.2 1.10
Emb-5 57.08 5.22 36.3 64.3 1.49
Emb-10 62.16 6.70 38.6 66.4 1.75
Emb-20 61.90 7.11 39.3 65.6 1.85

Infix Ablation Studies
Infix-1 67.89 8.63 45.8 69.4 2.42
Infix-10 67.21 8.48 45.8 69.9 2.40
Infix-20 66.70 8.47 45.8 70.0 2.42

Table 1: WebNLG qualitative examples. The source table is a sequence of (object, property, subject) triples.
Ablation studies results(right)

> 10, suggesting that 10 is expressive enough for
this table-to-text task, and having longer prefixes is
prone to overfitting the training data 7.

7.2 Full vs Embedding-only

In this ablation study, we only optimize the word
embedding space of the prefix, (i.e. the 0th layer
of the full activation space) and use the pretrained
LM parameters to deterministically compute the re-
maining activation layers bottom up. Because this
optimization is restricted only to the 0th layer of
activation, the performance dropped significantly,
as shown in the top part of Table 1, suggesting that
embedding-only prefix is not sufficiently expres-
sive. Also, we discover that a longer prefix here
leads to performance gain, (contrast with the di-
minishing return in full prefix-tuning) because the
embedding-only version lacks expressiveness and
longer prefix alleviates this problem.

7.3 Prefixing vs Infixing

Due to the autoregressive nature of language mod-
els, placing the trainable activations at the very be-
ginning [PREFIX;x; y] means that the activations
of both input x and output y will be affected. Infix-
ing inserts the trainable activation layer between x
and y, [x; INFIX; y]. As a result, only y’s activation
will be affected, leading to slightly weaker perfor-
mance than prefix-tuning, as shown in the bottom
part of Table 1.

7The average negative log likelihood (training loss) is
21.78 for prefix length of 20, and 22.78 for prefix length
of 10, suggesting the longer prefix overfits the training split.

7.4 Initialization

We discover that initializing the prefix is instrumen-
tal to prefix-tuning in low-data settings. Random
initialization8 leads to low performances with a
high variance. Initializing the prefix with activa-
tions of real words significantly improves gener-
ation, as shown in Figure 4 (right). What word
then should we use to initialize the prefix? We
experiment with task related words, such as “sum-
marization” and “table-to-text” as well as irrelevant
words, such as “elephant”, “divide” and “active”.
We find that task relevant words obtain a slightly
better performance than task-irrelevant words, but
both are significantly better than random initializa-
tion.

8 Discussion

Prefix-tuning is helpful for research developing,
when experimenting and checkpointing different
model variants and hyperparameters. In this sec-
tion, we will focus on the modularity of prefix-
tuning and how it can benefit deployment.

8.1 Modularity of Prefix-Tuning

Adding or Deleting Tasks As we note in §1,
prefix-tuning only stores a small prefix for each
additional task, obtaining not only storage bene-
fits, but also favorable modularity across tasks. To
compare with fine-tuning LM with a multi-task
objective, which has the same storage benefits by
storing a single LM for k tasks, we consider two
cases: adding new tasks and deleting old tasks.

8from a uniform(0,1) distribution



Both are challenging for multi-task LM but trivial
for prefix-tuning, thanks to its modularity.

Imagine adding a new task to a trained multi-
task LM, fine-tuning only on the new task might
weaken the performance for the old tasks whereas
fine-tuning on k+1 tasks jointly involves retriving
data for the old tasks. For prefix-tuning, adding
a new task only involves learning a new prefix.
Additionally, if we need to delete a task (e.g. for
ethical concerns), the multi-task LM needs to be
retrained on the k − 1 tasks in order to “forget”
about this one task. For prefix-tuning, deleting the
task simply corresponds to deleting that prefix.

Note that this modular property across task is
not unique to prefix-tuning; it also applies to other
lightweight fine-tuning approaches that freezes the
pretrained model and attaches additional trainable
modules.

User Privacy. Prefix-tuning is a efficient way
to preserve user privacy, thanks to its modularity
across users9. Suppose we want to train a person-
alized text completion system for each user using
their private data. A multi-task approach would
mix data for different users to jointly train a model;
however, this might disclose private user informa-
tion. Fine-tuning a personalized model for each
user perserves user privacy, but is prohibitively ex-
pensive in storage (either the edge device has to
store a large model, or the cloud device has to store
millions of big models, depending on the number
of users). Prefix-tuning (and other lightweight fine-
tuning approaches) perserves privacy in a storage
efficient way, and thus might be deployable in set-
tings where personalization and privacy matter.

Batching Benefits. Prefix-tuning has a very mod-
ular architecture by not touching the LM archi-
tecture or its parameters, unlike other lightweight
fine-tuning approaches which mask out some LM
weights (Zhao et al., 2020) or inserts modules be-
tween transformer layers (Houlsby et al., 2019).
Prefix-tuning obtains some engineering benefits
in batching across tasks. Imagine translating a
English sentence to 10 other languages, instead
of querying 10 times, batching these 10 queries
could speed up translation. Translation models
with adapters have shared transformer layers but
different adapter modules, therefore, batching re-
quires engineering efforts to assign examples to

9This is a subcase of modularity across tasks, where we
treat each user as a separate task whose personal data and
model are not mixed together.

different adapters. Prefix-tuning can batch across
tasks with little additional effort: we just need to
prepend different prefixes to each example in the
data processing stage.

8.2 Prefix-Tuning as Probing
1. Does prefix-tuning (or lightweight fine-tuning)
count as probing? based on the current probing
definition.

2. The shallow v.s. deep contrast with previous
probing method...

9 Conclusion and Future works

In this paper, we have proposed prefix-tuning, a
lightweight alternative to fine-tuning that prepends
a trainable continuous prompt for NLG tasks. We
discover that despite only storing 1000x fewer pa-
rameters than fine-tuning, prefix-tuning can main-
tain a comparable performance in a full data setting
and outperforms fine-tuning in both low-data and
extrapolation settings.

One could apply the same prefix-tuning method
for other classification or generation tasks. All that
is required is the main model has a transformer
backbone, which applies to all large pretrained
models in NLP. For example, in this case of senti-
ment analysis using BERT, the prefix can be con-
catenated with the input sentence and optimized
for classification accuracy. Additionally, perfor-
mance gains in extrapolation setting is interesting
but underexplored. We hypothesize that freezing
the LM parameters leads to a favorable implicit reg-
ularization and leave more exploration for future
work.
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ric Cistac, Tim Rault, Rémi Louf, Morgan Funtow-
icz, Joe Davison, Sam Shleifer, Patrick von Platen,
Clara Ma, Yacine Jernite, Julien Plu, Canwen Xu,
Teven Le Scao, Sylvain Gugger, Mariama Drame,
Quentin Lhoest, and Alexander M. Rush. 2020.
Transformers: State-of-the-art natural language pro-
cessing. In Proceedings of the 2020 Conference on
Empirical Methods in Natural Language Processing:
System Demonstrations, pages 38–45, Online. Asso-
ciation for Computational Linguistics.

Jeffrey O Zhang, Alexander Sax, Amir Zamir,
Leonidas Guibas, and Jitendra Malik. 2020. Side-
tuning: A baseline for network adaptation via addi-
tive side networks.

Tianyi Zhang*, Varsha Kishore*, Felix Wu*, Kilian Q.
Weinberger, and Yoav Artzi. 2020. Bertscore: Eval-
uating text generation with bert. In International
Conference on Learning Representations.

Yizhe Zhang, Siqi Sun, Michel Galley, Yen-Chun Chen,
Chris Brockett, Xiang Gao, Jianfeng Gao, Jingjing
Liu, and Bill Dolan. 2020. DIALOGPT : Large-
scale generative pre-training for conversational re-
sponse generation. In Proceedings of the 58th An-
nual Meeting of the Association for Computational
Linguistics: System Demonstrations, pages 270–
278, Online. Association for Computational Linguis-
tics.

Mengjie Zhao, Tao Lin, Fei Mi, Martin Jaggi, and Hin-
rich Schütze. 2020. Masking as an efficient alterna-
tive to finetuning for pretrained language models.

Wei Zhao, Maxime Peyrard, Fei Liu, Yang Gao, Chris-
tian M. Meyer, and Steffen Eger. 2019. MoverScore:
Text generation evaluating with contextualized em-
beddings and earth mover distance. In Proceedings
of the 2019 Conference on Empirical Methods in
Natural Language Processing and the 9th Interna-
tional Joint Conference on Natural Language Pro-
cessing (EMNLP-IJCNLP), pages 563–578, Hong
Kong, China. Association for Computational Lin-
guistics.

Ming Zhong, Pengfei Liu, Yiran Chen, Danqing Wang,
Xipeng Qiu, and Xuanjing Huang. 2020. Extrac-
tive summarization as text matching. In Proceedings
of the 58th Annual Meeting of the Association for
Computational Linguistics, pages 6197–6208, On-
line. Association for Computational Linguistics.

Jinhua Zhu, Yingce Xia, Lijun Wu, Di He, Tao Qin,
Wengang Zhou, Houqiang Li, and Tieyan Liu. 2020.
Incorporating bert into neural machine translation.
In International Conference on Learning Represen-
tations.

http://arxiv.org/abs/2007.02871
http://arxiv.org/abs/2007.02871
http://jmlr.org/papers/v21/20-074.html
http://jmlr.org/papers/v21/20-074.html
http://jmlr.org/papers/v21/20-074.html
http://arxiv.org/abs/2001.07676
http://arxiv.org/abs/2001.07676
http://arxiv.org/abs/2001.07676
https://doi.org/10.18653/v1/2020.acl-main.704
https://doi.org/10.18653/v1/2020.acl-main.704
https://doi.org/10.18653/v1/N19-1410
https://doi.org/10.18653/v1/N19-1410
http://arxiv.org/abs/2010.15980
http://arxiv.org/abs/2010.15980
http://arxiv.org/abs/2010.15980
http://arxiv.org/abs/2004.14911
http://arxiv.org/abs/2004.14911
http://arxiv.org/abs/2004.14911
http://arxiv.org/abs/1907.04944
http://arxiv.org/abs/1907.04944
http://arxiv.org/abs/2011.07347
http://arxiv.org/abs/2011.07347
http://arxiv.org/abs/2011.07347
http://dblp.uni-trier.de/db/conf/cvpr/cvpr2015.html#VedantamZP15
http://dblp.uni-trier.de/db/conf/cvpr/cvpr2015.html#VedantamZP15
https://www.aclweb.org/anthology/2020.emnlp-demos.6
https://www.aclweb.org/anthology/2020.emnlp-demos.6
http://arxiv.org/abs/1912.13503
http://arxiv.org/abs/1912.13503
http://arxiv.org/abs/1912.13503
https://openreview.net/forum?id=SkeHuCVFDr
https://openreview.net/forum?id=SkeHuCVFDr
https://doi.org/10.18653/v1/2020.acl-demos.30
https://doi.org/10.18653/v1/2020.acl-demos.30
https://doi.org/10.18653/v1/2020.acl-demos.30
http://arxiv.org/abs/2004.12406
http://arxiv.org/abs/2004.12406
https://doi.org/10.18653/v1/D19-1053
https://doi.org/10.18653/v1/D19-1053
https://doi.org/10.18653/v1/D19-1053
https://doi.org/10.18653/v1/2020.acl-main.552
https://doi.org/10.18653/v1/2020.acl-main.552
https://openreview.net/forum?id=Hyl7ygStwB


A Appendices

A.1 Additional Results for the Low-data
Setting

A.2 Additional Results for the Initialization
Experiment



E2E
BLEU NIST MET ROUGE CIDEr

50 (Finetune) 0.5192 ± 0.0576 4.2259 ± 1.4664 0.3308 ± 0.0214 0.6034 ± 0.0242 1.3197 ± 0.2136
50 (Prefixtune) 0.5334 ± 0.0349 5.3897 ± 1.1057 0.3421 ± 0.0171 0.5995 ± 0.0235 1.3989 ± 0.2294
100 (Finetune) 0.5312 ± 0.0558 3.8025 ± 1.6402 0.337 ± 0.0213 0.6191 ± 0.02 1.3252 ± 0.2399
100 (Prefixtune) 0.5794 ± 0.0182 5.6218 ± 1.0506 0.3588 ± 0.0129 0.6341 ± 0.0133 1.5737 ± 0.1558
200 (Finetune) 0.556 ± 0.0691 4.8462 ± 1.8381 0.3604 ± 0.0302 0.6324 ± 0.0314 1.5226 ± 0.3297
200 (Prefixtune) 0.5807 ± 0.0433 5.6735 ± 1.3577 0.365 ± 0.0156 0.6428 ± 0.0168 1.622 ± 0.2238
500 (Finetune) 0.5918 ± 0.0488 5.4211 ± 1.514 0.369 ± 0.0201 0.6502 ± 0.0162 1.6132 ± 0.2646
500 (Prefixtune) 0.6289 ± 0.0296 6.3938 ± 1.0749 0.3815 ± 0.0161 0.666 ± 0.0098 1.8002 ± 0.1988

Table 2: low data setting.

R-1 ↑ R-2 ↑ R-L ↑
50 (Finetune) 32.78 ± 1.01 11.02 ± 1.2 24.78 ± 1.13
50 (Prefixtune) 33.11 ± 1.23 11.57 ± 0.79 25.32 ± 1.07
100 (Finetune) 34.6 ± 0.89 12.04 ± 0.9 26.05 ± 0.94
100 (Prefixtune) 35.27 ± 0.77 13.31 ± 0.55 27.33 ± 0.69
200 (Finetune) 36.05 ± 0.41 13.38 ± 0.39 27.68 ± 0.3
200 (Prefixtune) 36.12 ± 0.5 14.0 ± 0.47 28.2 ± 0.57
500 (Finetune) 36.12 ± 0.54 13.82 ± 0.41 28.29 ± 0.38
500 (Prefixtune) 37.05 ± 0.8 14.78 ± 0.6 29.15 ± 0.63

Table 3: XSUM results in a low data setting.



E2E
BLEU NIST MET ROUGE CIDEr

random 0.5073 ± 0.0534 3.8918 ± 1.684 0.3319 ± 0.0252 0.6118 ± 0.0193 1.2603 ± 0.2613
keep 0.563 ± 0.0358 5.2968 ± 1.1606 0.352 ± 0.0141 0.627 ± 0.0176 1.4938 ± 0.1494
divide 0.554 ± 0.0431 5.4018 ± 1.4366 0.3491 ± 0.0152 0.6216 ± 0.0078 1.4709 ± 0.1924
beautiful 0.551 ± 0.0407 5.2774 ± 1.5582 0.3539 ± 0.0198 0.6254 ± 0.0153 1.5055 ± 0.2371
banana 0.5568 ± 0.0346 5.4102 ± 1.212 0.3538 ± 0.0162 0.6283 ± 0.0148 1.5118 ± 0.1959
active 0.5687 ± 0.0323 5.8009 ± 1.2072 0.3582 ± 0.0171 0.6305 ± 0.0123 1.565 ± 0.2078
elephant 0.5716 ± 0.0169 5.8913 ± 0.8037 0.3582 ± 0.0102 0.631 ± 0.0105 1.5715 ± 0.1168
summarize 0.5727 ± 0.0432 5.933 ± 1.4168 0.3622 ± 0.0192 0.6317 ± 0.0195 1.6089 ± 0.2269
table-to-text: 0.5794 ± 0.0182 5.6218 ± 1.0506 0.3588 ± 0.0129 0.6341 ± 0.0133 1.5737 ± 0.1558

Table 4: E2E initialization in a low data setting.



Source [Unseen, Athelete] (Al Kharaitiyat SC, club, Alaa Abdul-Zahra), (Al Khor, ground, Al Kharaitiyat SC), (Shabab Al-Ordon Club,
club, Alaa Abdul-Zahra) (Amar Osim, manager, Al Kharaitiyat SC)

Prefix-tuning Al Kharaitiyat SC are managed by Amar Osim and play at their ground at Al Khor. Al Kharaitiyat SC are also
the club for which Alaa Abdul-Zahra is a player.

Fine-tuning Alaa Abdul-Zahra plays for Al-Kharaitiyat SC and Shabab Al-Ordon Club. He also plays for Al-Khor and
manages Al-Kharaitiyat SC.

Reference Alaa Abdul Zahra plays for Al Kharaitiyat SC which is located at Al Khor and managed by Amar Osim. The
Shabab Al-Ordon club is associated with Alaa Abdul-Zahra.

Source [Unseen, Transportation] (Genoa, location, Costa Crociere), (AIDA Cruises, operator, AIDAstella), (Costa Crociere, owner, AIDAstella)

Prefix-tuning AID Astella is operated by Aida Cruises and is owned by the Costa Rican tourist resort of Genoa.
Fine-tuning AID Astella, operated by AIDA-Cruises, is located in Genoa and is owned by the Costa Rican government.
Reference Costa Crociere is the owner of the AIDAstella and are based in Genoa. The operator of AIDAstella is AIDA

Cruises.

Source [Unseen, Politician] (Euro, currency, Netherlands), (Stellendam, birthPlace, Ab Klink ), (Netherlands, nationality, Ab Klink)

Prefix-tuning Ab Klink was born in Stellendam and is a national of the Netherlands where the currency is the Euro.
Fine-tuning Ab Klink is a national of the Netherlands where the currency is the Euro. He was born in Stellendam.
Reference Ab Klink was born in Stellendam in the Netherlands, where the national currency is the euro.

Source [Unseen, Politician] (Robert E, Lee, commander, Battle of Salem Church), (American Civil War, isPartOfMilitaryConflict, Battle of
Salem Church), (Battle of Salem Church, battles, Aaron S. Daggett)

Prefix-tuning Robert E. Lee was the commander of the Battle of Salem Church which was part of the military conflict in the
American Civil war.

Fine-tuning The Battle of Salem Church is part of the American Civil War and was commanded by Robert E. Lee.
Reference Robert E Lee was a commander in the Battle of Salem Church, which was one of the military conflicts in the

American Civil War. Aaron S Daggett fought in the same battle.

Source [Unseen, Artist] (Christian alternative rock, musicSubgenre, Alternative rock), (Alternative rock, genre, Andrew White (musi-
cian))

Prefix-tuning Andrew White is a Christian alternative rock musician.
Fine-tuning Andrew White, a Christian alternative rocker, performs.
Reference The musician Andrew White’s genre is alternative rock, the genre which has the sub genre Christian alternative

rock.

Source [Unseen, Artist] (Hip hop music, genre, Allen Forrest), (solo singer, background, Allen Forrest)

Prefix-tuning Allen Forrest is a solo singer.
Fine-tuning Born in
Reference Allen Forrest is a solo singer whose genre is Hip Hop music.

Source [Seen, ComicsCharacter] (Americans, nationality, Ducan Rouleau), (Ducan Rouleau, creator, Baymax),(Alan Tudyk, starring, Big Hero 6
(film)), (Steven T Segle, creator, Baymax), (Big Hero 6 (film), serires, Baymax)

Prefix-tuning Baymax is a character in Big Hero 6 which stars Alan Tudyk. He was created by Steven T. Seagle and the
American, Duncan Rouleau.

Fine-tuning Alan Tudyk stars in the film Big Hero 6 in which Baymax is a character created by Steven T. Seagle and the
American, Duncan Rouleau.

Reference Baymax is a character who appeared in Big Hero 6 starring Alan Tudyk. It was created by Steven T Seagle and
the American, Duncan Rouleau.

Source [Seen, City] (Washington, D.C., capital, United States), (White Americans, ethnicGroup, United States), (United States,
country, New Jersey), (New York City, largest City, United States), (New Jersy, isPartOf, Atlantic City)

Prefix-tuning Washington D.C. is the capital of the United States where the largest city is New York City and the White
Americans are an ethnic group. Atlantic City, New Jersey is also part of the United States.

Fine-tuning Atlantic City, New Jersey is part of New Jersey in the United States. The capital city is Washington D.C. and
one of the ethnic groups is White Americans.

Reference New York City (NYC) is the largest U.S. city. Atlantic City, New Jersey are also part of the United States with
its capital as Washington, DC and home to White Americans.

Table 5: WebNLG qualitative examples. The source table is a sequence of (object, property, subject) triples.


