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Abstract

Despite the state-of-the-art performance of
Large Language Models (LLMs) achieved on
many tasks, their massive scale often leads to
high computational and environmental costs,
limiting their accessibility. Parameter-Efficient
Fine-Tuning (PEFT) methods address this chal-
lenge by reducing the number of trainable pa-
rameters while maintaining strong downstream
performance. Despite the advances in PEFT
methods, current evaluations remain limited (in
terms of evaluated models and datasets) and
difficult to reproduce. To bridge this gap, we
introduce PEFT-Bench, a unified end-to-end
benchmark for evaluating diverse PEFT meth-
ods on autoregressive LLMs. We demonstrate
its usage across 27 NLP datasets and 7 PEFT
methods. To account for different PEFT train-
ing and inference factors, we also introduce the
PEFT Soft Cost Penalties (PSCP) metric, which
takes trainable parameters, inference speed, and
training memory usage into account.

1 Introduction

Large Language Models (LLMs) (Radford et al.,
2019; Achiam et al., 2023; Dubey et al., 2024; Jiang
et al., 2023; Team et al., 2024) achieve remarkable
results in many Natural Language Understanding
(NLU) and Natural Language Generation (NLG)
tasks. This significant increase in performance was
possible due to the introduction of the attention
mechanism forming the transformer architecture
(Vaswani, 2017). To achieve such performance,
many currently best-performing models contain
a vast number of attention blocks, increasing the
number of trainable parameters to millions (Devlin
et al., 2019), billions (Radford et al., 2019), or even
trillions (Fedus et al., 2022). With the increase
in parameters, the computational and data require-
ments for training also increased, making the devel-
opment of LLMs unavailable for many academic
institutions or practitioners, as well as producing

a bigger carbon footprint. To address this issue,
a new paradigm was introduced, denoted as “pre-
train, fine-tune”, in which the language model is
at first pre-trained on large amounts of raw data
and then, in a fully supervised way, adapted to the
downstream task (Liu et al., 2023a). This standard
fine-tuning still requires substantial amounts of re-
sources as well as significant quantities of data and
storage to store fine-tuned weights for each task.

Parameter-Efficient Fine-Tuning (PEFT) meth-
ods aim to tackle these problems by reducing the
number of trainable parameters while maintaining
the performance on a set of downstream tasks. Over
the last years, we have witnessed a steady increase
in new PEFT methods being introduced in research
works (Prottasha et al., 2025). However, in practice,
due to their efficiency and popularity, predominant
LoRA-based methods are commonly employed
with autoregressive LLMs, and other PEFT meth-
ods are rarely chosen. Moreover, a unified and fully
open-sourced evaluation of PEFT methods of dif-
ferent types is still missing. We can summarize the
cause within the following points: 1) When using
the existing PEFT methods as baselines, the lack of
fully functional open-source implementations and
essential details on the experimental setup (Asai
et al., 2022; Shi and Lipani, 2024; Tang et al., 2025)
often prevents fellow researchers from replicating
their results. 2) Evaluating only non-autoregressive
models often restricts the generalizability of the
experiments and makes the method look obsolete
in the current era of autoregressive LLMs. 3) Fi-
nally, the existing PEFT methods are often eval-
uated primarily on NLU tasks (especially GLUE
and SuperGLUE tasks).

To ultimately improve and unify the evaluation
of PEFT methods, we propose a new benchmark
PEFT-Bench!, which bridges the gap in the com-

'To promote the replicability and usage of our benchmark,
we provide a dedicated GitHub repository: https://github.
com/kinit-sk/PEFT-Bench.

3035

Proceedings of the 19th Conference of the European Chapter of the Association for Computational Linguistics
Volume 1: Long Papers, pages 3035-3054
March 24-29, 2026 ©2026 Association for Computational Linguistics


https://github.com/kinit-sk/PEFT-Bench
https://github.com/kinit-sk/PEFT-Bench

parison of PEFT methods. We simultaneously in-
troduce the PEFT-Factory framework’> (Belanec
et al., 2025b), which provides a necessary under-
lying technological support for execution of the
PEFT-Bench benchmark.

Our main contributions are as follows:

¢ We introduce the PEFT-Bench, an end-to-end
benchmark that defines the datasets, metrics,
and methodology for evaluating PEFT meth-
ods in NLP in a fair and consistent environ-
ment. To the best of our knowledge, we are
the first to provide such a benchmark in NLU
and NLG tasks for PEFT methods with autore-
gressive LLMs. To demonstrate its use, we
evaluate 7 different PEFT methods in terms of
efficiency and stability with limited data on
27 NLP datasets.

* To unify and automate the evaluation, we
simultaneously introduce the PEFT-Factory
framework.  The framework allows re-
searchers to extend PEFT-Bench with new
PEFT methods, maintaining the same eval-
uation and comparison setup.

* Finally, we propose the PEFT Soft Cost Penal-
ties (PSCP) metric, which introduces a num-
ber of trainable parameters, memory usage,
and inference speed in the final score calcula-
tion. PSCP reflects the practical feasibility of
deploying PEFT methods in real-world scenar-
ios, where efficiency and resource constraints
are often as critical as task performance.

2 Related Work

Many new PEFT methods are primarily evaluated
on GLUE and SuperGLUE benchmarks and often
include the main results only on non-autoregressive
models (Tang et al., 2025; Zhang et al., 2025b,a)
(e.g., T5 (Raffel et al., 2020), RoBERTa (Liu et al.,
2019)) or include only limited evaluation on autore-
gressive models (Lan et al., 2025; Shi and Lipani,
2024; Belanec et al., 2025a). Although some of the
new parametrization-based methods (e.g., SVFT
(Lingam et al., 2024), SVF (Sun et al., 2025)) are
already evaluated on autoregressive models and on
natural language generation tasks, a more unified
and overarching evaluation is still missing.

While several survey papers on PEFT methods
include performance evaluations (Ding et al., 2023;

’PEFT-Factory source code is available at: https://
github.com/kinit-sk/PEFT-Factory.

Lialin et al., 2023; Xu et al., 2023), these are largely
limited to encoder-based or encoder—decoder-based
models and do not consider autoregressive models
(similarly to the evaluation of individual new PEFT
methods mentioned in the previous paragraph). A
notable exception is the most recent survey (Prot-
tasha et al., 2025), which does include autoregres-
sive models, but only for a small set of NLG tasks.

Prior benchmarks have primarily focused on
evaluating PEFT methods in the computer vision
domain (Zhang et al., 2023; Xin et al., 2024),
leaving benchmarking on textual datasets under-
explored. Moreover, such benchmarks often keep
their implementation either fully or partially closed-
sourced and do not provide a usable interface to
rerun them with newly created PEFT methods.

Additionally, due to low baseline replicability,
we have been witnessing a trend in new soft prompt-
based methods to draw numerical results directly
from the related works (without actually rerunning
the experiments) (Zhang et al., 2025b; Tang et al.,
2025). This practice is often not only method-
ologically incorrect (if the authors do not perfectly
match the original environment), but also weakens
the results of the proposed method.

In our work, we aim to mitigate these problems.
Our PEFT-Bench is a fully open-source benchmark-
ing approach for PEFT methods with state-of-the-
art autoregressive NLP models, and with an easy-
to-use interface for fellow researchers to add new
methods. In addition, our work is the first sys-
tematic end-to-end approach (defining the datasets,
metrics, and methodology) to provide a unified
evaluation of PEFT methods for NLP.

3 PEFT-Bench

Our PEFT-Bench is constructed in multiple steps,
which are visualised in the diagram in Figure 1. At
a high level, it consists of three main components:
1) a diverse collection of datasets and tasks; 2) rep-
resentative language models together with a set of
PEFT methods; and 3) a set of evaluation metrics.

3.1 Tasks and Datasets

The PEFT-Bench includes 27 datasets representing
12 unique tasks in NLU and NLG. These datasets
are categorized into 3 main groups: 1) NLU and
Reasoning (further subcategorized into GLUE, Su-
perGLUE, and Others); 2) Math; and 3) Code Gen-
eration. An overview of the datasets contained
in PEFT-Bench can be seen in Figure 2 (detailed
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Figure 1: Diagram describing the methodology of PEFT-Bench. Blue components represent our contributions.
We design PEFT-Factory, a framework based on LLaMA-Factory (Zheng et al., 2024) backbone to implement
off-the-shelf methods from the HuggingFace PEFT library and an easy-to-use interface for new PEFT methods.
Using these methods, we train LLaMa on selected datasets, which we have also included in the backbone. After
training, we evaluate and compute the metrics for each model, method, and dataset combination.

{ NLU and Reasoning }
{ GLUE } { SuperGLUE } { Others }
MNLI QQP MultiRC | ReCoRD MMLU PIQA
QNLI | sst2 BoolQ WiC SIQA HS
STS-B QNLI WSC CB WG OBQA

MRPC RTE COPA
CoLA
Math Code Generation
(MathQA | GsMSK | [ Conala | cAPy |

SVAMP APPS

Figure 2: A diagram showing the overview and cate-
gorizations of datasets used in PEFT-Bench, totaling
27 datasets categorized into 3 main groups — NLU and
Reasoning, Math, and Code Generation.

information about datasets can be found in the Ap-
pendix A, Table 4). We chose these datasets based
on the following criteria: 1) The datasets represent
standard tasks, commonly used for fine-tuning in
the NLP domain. 2) The datasets provide high task
and domain diversity. 3) The size and sequence
lengths of a dataset are not overly large (training
requires reasonable computational resources).

Current works on new PEFT methods (Asai et al.,
2022; Shi and Lipani, 2024; Tang et al., 2025) of-
ten evaluate their performance on GLUE (Wang
et al., 2018) and SuperGLUE (Wang et al., 2019)
benchmarks. However, since GLUE and Super-
GLUE became standard for the evaluation of NLU,
they are often used in LLM pre-training and align-
ing many state-of-the-art models. Due to this, we
are also including tasks that are newer and gener-
ally harder for LLMs, like code generation or math
problem solving. Since we are using supervised

fine-tuning to fine-tune an instruction-fine-tuned
model, we also include an instruction in each sam-
ple (our defined templates of these instructions for
each dataset can be found in Appendix A.2).

3.1.1 Natural Language Understanding and
Reasoning Tasks

Natural language understanding (NLU) is an area
of tasks that aim to measure how language mod-
els perform in common linguistic problems (e.g.,
sentiment classification or coreference resolution).
Evaluating such tasks became standard when de-
signing a new method or training a new model.
This area of tasks is represented by popular bench-
marks GLUE and SuperGLUE, which we decided
to include in PEFT-Bench.

Reasoning tasks can be either formed as reason-
ing understanding or as reasoning generation. In
our task selection, we include both such forms of
reasoning (i.e., reasoning classification and mathe-
matical reasoning generation).

GLUE Benchmark. PEFT-Bench includes 8
datasets from GLUE, split into 5 tasks, namely nat-
ural language inference (NLI) — MNLI (Williams
et al.,, 2018), ONLI (Rajpurkar et al., 2016),
RTE (Dagan et al., 2005; Bar Haim et al., 2006;
Giampiccolo et al., 2007; Bentivogli et al., 2009);
paraphrase classification — QQP 3, MRPC (Dolan
and Brockett, 2005); sentiment classification —
SST-2 (Socher et al., 2013); sentence similarity
— STS-B (Cer et al., 2017) and acceptability classi-
fication — CoLL A (Warstadt et al., 2019).

SuperGLUE Benchmark. Additionally, PEFT-
Bench also includes 7 datasets from SuperGLUE,

3https://quoradata.quora.com/First-Quora-Dataset-
Release-Question-Pairs
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split into 4 tasks, namely natural language in-
ference (NLI) — CB (De Marneffe et al., 2019);
question answering — MultiRC (Khashabi et al.,
2018), ReCoRD (Zhang et al., 2018), BoolQ (Clark
et al.,, 2019), COPA (Roemmele et al., 2011);
word sense disambiguation — WiC (Pilehvar and
Camacho-Collados, 2019) and coreference resolu-
tion — WSC (Levesque et al., 2011);

All of the GLUE and SuperGLUE datasets are
designed as classification problems with the excep-
tion of STS-B (which is a regression problem) and
ReCoRD (which includes only open questions).
To be able to train an autoregressive model that
generates text on such classification tasks, we re-
place numerical class representations with textual
labels (e.g., in the QQP dataset, we replace 0 with
not_duplicate and 1 with duplicate).

Other datasets. PEFT-Bench also includes
datasets that are, to the best of our knowledge,
not part of any well-known benchmarks or are
benchmarks on its own, but are still popular and
commonly used to evaluate NLU and reasoning
in LLMs, totaling 6 datasets split into 3 tasks,
namely question answering — MMLU (Hendrycks
etal., 2021), PIQA (Bisk et al., 2020), SIQA (Sap
et al., 2019), OBQA (Khot et al., 2019); natural
language inference (NLI) — HellaSwag (Zellers
et al., 2019); commonsense reasoning — Wino-
Grande (Sakaguchi et al., 2021);

3.1.2 Math Tasks

Another popular task that is used for LLM evalu-
ation is mathematical problem-solving. The dif-
ficulty of datasets for such evaluation can range
from simple question answering to full mathemati-
cal reasoning and problem-solving. PEFT-Bench
includes 3 datasets for mathematical problem solv-
ing split into 3 tasks, namely question answering
— MathQA (Amini et al., 2019); math word prob-
lems — GSMS8K (Cobbe et al., 2021) and simple
math problems — SVAMP (Patel et al., 2021).

3.1.3 Code Generation Tasks

Finally, code generation is another popular task that
also contributes to the domain diversity of PEFT-
Bench, since it contains mostly code generation
questions, which are out-of-domain for the previ-
ously mentioned tasks. We mostly focus our selec-
tion on the Python language. PEFT-Bench includes
3 datasets for code generation, namely Conala (Yin
et al., 2018), CodeAlpacaPy (Chaudhary, 2023),
and APPS (Hendrycks et al., 2021).

! 1A3 ]
—)[ Prompt Tuning ]
[ Additive J—
—)[ P-Tuning ]
—)[ Prefix Tuning ]
Reparametrized —)[ LoRA l
—)[ LNTunning ]
[ Selective ]—
—{ BitFit ]
Figure 3: We evaluate methods from additive,

reparametrized, and selective PEFT categories. The
diagram shows the categorization of each method.

3.2 PEFT Methods and Pretrained Models

With the popularization of PEFT, many new meth-
ods are being introduced within a short period
of time (Xu et al., 2023; Prottasha et al., 2025).
Therefore, it is computationally expensive to eval-
uate them all. We design our PEFT method se-
lection in PEFT-Bench to cover additive PEFT,
reparametrized PEFT, and selective PEFT cat-
egories (the categorization of methods that we
have selected can be found in Figure 3). To ac-
count for each category, we select IA3 (Liu et al.,
2022a), Prompt Tuning (Lester et al., 2021), P-
Tuning (Liu et al., 2022b), and Prefix Tuning (Li
and Liang, 2021) from additive PEFT methods,
where IA? is an adapter-based method, and the rest
are soft prompt-based methods. Consequently, we
select LoRA (Hu et al., 2022) from reparametrized
PEFT methods and LNTuning (Zhao et al., 2024)
and BitFit (Ben Zaken et al., 2022) from selective
PEFT methods. These methods are widely adopted,
frequently used as baselines, and together represent
one of the most influential and diverse approaches
within each PEFT category. We provide a more
detailed description of each selected PEFT method
in Appendix C.

Since the efficiency of PEFT strongly depends
on the base model architecture, we select a popular
and open-source representative foundation model,
LLaMa-3-8B-Instruct (Dubey et al., 2024), to
evaluate all the mentioned PEFT methods. This
model also represents a compromise in terms of
the number of parameters and performance (we
want to train a large enough model to fit within our
computational resources).
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3.3 Evaluation metrics

To measure task performance in PEFT-Bench, for
each dataset, we use standard metrics, namely, F1
for classification tasks and multi-choice QA, ac-
curacy for open answer QA and math problem-
solving, and CodeBLEU (Ren et al., 2020) for code
generation problems. CodeBLEU is an alternative
to the standard BLEU metric that also evaluates
syntax for different programming languages.

Current works on PEFT methods often measure
solely the accuracy performance or the number
of trainable parameters, which makes it harder
to compare. Moreover, related works only rarely
report the memory and inference efficiency in
their results. These are the key factors that may
affect the preference for using a specific method
over another within a certain computational bud-
get. At the same time, for efficient comparison of
benchmarked methods, we need to aggregate per-
formance and such additional PEFT training and
inference factors into a single metric. To this end,
we propose a new PEFT-bencharking metric called
PEFT Soft Cost Penalties (PSCP).

We propose to penalize the performance when
the costs behind a certain factor are too high. There-
fore, we need to scale the performance on the spe-
cific task P; with a penalty for that factor, similarly
to the Cobb-Douglass production function (Cobb
and Douglas, 1928) for n costs:

n
y=D XHcostfi, (1
=1

where (3; is the importance of cost;, and cost? s
the final penalty.

In our case, we consider the following factors:
1) the number of trainable parameters M, €
N; 2) inference speed M; € R (i.e., floating
point operations); and 3) average memory usage
during training M,, € RT. Since, these factors
are not normalized and cannot be used as penalties
on their own, we normalize M,, My, M,, using
reference constants J\g—s, Jé—{f, ]‘g—;", where C, € N,
Cy € R* and C,, € RT. The constants can be
set either to a large value that we would not like
to achieve (e.g., number of parameters close to
full model training, double the inference floating
point operations, or maximum memory available
for training), or alternatively, they can also be set
to the median or geometric mean of all available
M values from a specific factor. If we plug this

normalization into Equation 1, we would end up
with the intermediate equation 2.

M, M M,
y =P x (J)ﬂp x (J)Bf x (=2

B m 2

This, however, would rescale the performance
P, to infinity if M >> C, therefore we need to
bound it to the interval [0, 1) with the reciprocal
function (i.e., z~!). For this reason, we also need
to add 1, so that the result of the reciprocal does
not go to infinity when M << C. The final form
of our PSCP metric is given by Equation 3.

PSCP = Py x (14 42) P x (14 FL) 71 x (1 + ) ~6m
3)

The proposed metric is easily extensible if ad-
ditional factors are of interest. In our case, we
consider factors that we want to minimize (i.e.,
the number of parameters, inference speed, and
training memory). If we want to include different
factors that we want to maximize (i.e., higher is
better), we need to switch the numerator and de-
nominator of the fraction for that cost calculation.

As the PSCP allows setting the importance of
each cost by setting the (5 value, it makes the PSCP
metric further configurable and adaptable for dif-
ferent use cases. If we set the importance of the
cost 3 to 0, the resulting penalty will be 1, leaving
the final PSCP metric unaffected by that factor. If
we set the importance of the cost 5 to a number
greater than 0, the resulting penalty for that factor
will increase (i.e., costf “ will get closer to 0).

Subsequently, if the importance of all factors is
set equally, only the magnitude of the PSCP score
changes, not the order of methods. However, this
occurs only when the performance differences be-
tween the compared methods are high. This can
be seen in Appendix B in Table 9. If we want to
put more emphasis on a particular cost, we need
to set its 8 value greater than that of other costs.
This specific behaviour can be seen in Appendix B
and Table 10a, where we decrease the importance
of the number of trainable parameters and, there-
fore, decrease the penalty, which makes LoRA the
method with the highest PSCP score.

3.4 PEFT-Factory

To increase the replicability, modularity, and us-
ability of the PEFT-Bench, we simultaneously in-
troduce PEFT-Factory (Belanec et al., 2025b),
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a framework for efficient training of autoregres-
sive LL.Ms, based on one of the popular LLaMA-
Factory LLM training tools (Zheng et al., 2024).
PEFT-Factory includes new off-the-shelf PEFT
methods from the HuggingFace PEFT library
(Mangrulkar et al., 2022) and also provides an easy-
to-use interface to add newly created PEFT meth-
ods to our framework. PEFT-Factory also includes
all PEFT-Bench datasets, from which some are
specifically adapted for autoregressive generation
and classification (e.g., GLUE and SuperGLUE).
In addition, PEFT-Factory implements the PSCP
metric together with standard metrics and provides
automated evaluation and results comparison.
Consequently, PEFT-Factory can be viewed as
an instrument of PEFT-Bench that automates the
training of different methods in a simple and con-
figurable way. In this manner, PEFT-Factory takes
just two configuration files (one for training and
one for evaluation) as input, and returns fine-tuned
adapter weights alongside the performance metrics.
This specific property of PEFT-Factory allows an
identical experimental environment during multiple
runs (when equivalent hardware configurations are
utilized). For this reason, we create a specific train-
ing and evaluation configuration for each model
and method during the PEFT-Bench execution.

4 Experimental Setup

In all datasets, we utilize 10% randomly selected
from the training set as a validation set and the
original validation set as a test set for evaluation.
During the validation phase, we measure validation
loss and save the weights of the best validation loss
for every 5% of the training steps. We train for
10 epochs with a batch size of 4. We utilize the
AdamW (Loshchilov and Hutter, 2019) optimizer
with a 0.1 warmup ratio, a weight decay of 1.0e-5,
a learning rate of 5.0e-5, and a cosine learning rate
scheduler. If not specified, we keep the training hy-
perparameters equal for all of the experiments and
change only the PEFT method hyperparameters.
For IA3, we apply adapters for key, value, and
downsample feedforward modules of the trans-
former architecture. For Prompt Tuning, we fine-
tune the soft prompt with a length of 100 tokens
and initialize it randomly from the vocabulary of
the trained model. For P-Tuning, we also fine-tune
the soft prompt with a length of 100 tokens, but
we reparametrize the soft prompts with an LSTM
model with a hidden size of 768. For Prefix Tun-

ing, we fine-tune the soft prompt with a length of
32 tokens, and we project the soft prompt with a
small MLP with a hidden size of 512. For LoRA
hyperparameters, we set the rank to 16, alpha to
16, and dropout to 0.05. Similarly to IA3, we also
reparametrize the key, value, and downsample ma-
trices of the transformer architecture. For LNTun-
ing, we leave all of the settings to their default val-
ues (the modules are selected based on the model
architecture). For BitFit, we add the bias terms to
the query and value matrices. For the stability ex-
periments, we rerun training for 5 different random
seeds, and we train each method for 20 epochs on
each dataset.

As the base model for all PEFT methods, we
adopt LLaMa3-8B-Instruct (containing exactly
8,030,261,248 trainable parameters) since this
model is widely adopted, open-source, and sup-
ported by a strong community ecosystem. In ad-
dition, LLaMa3-8B-Instruct is a representative of
modern instruction-tuned LLMs and provides a fair
basis for benchmarking.

To calculate the PSCP metric, we calculate P; as
an average of the performance metric (depending
on the particular dataset) across all 5 runs. Since
all performance metrics for each dataset are in the
range < 0,1 >, we can average the individual per-
formance scores into a single value P, in a fair
manner (as is already done in established bench-
marks such as GLUE and SuperGLUE). We set 3
for all factors to 1. For the efficiency factors, we
set M, as the number of trainable parameters of
the PEFT model (counting the parameters that are
enabled in gradient descent). Consequently, My is
set as the difference between base model FLOPs
and PEFT model FLOPs. Lastly, M,, is set as an
average maximum memory across all runs.

We set all reference constants C' to maximum
values that would still be meaningful for training
PEFT methods. More specifically, we set the num-
ber of trainable parameters C, = 5 x 10%, as some
of the smallest LLMs (e.g., Qwen2.5-0.5B (Yang
et al., 2024)) contain 0.5 billion parameters, and
if PEFT methods were to train such a number of
parameters, it may be more beneficial to perform
a full fine-tuning instead. We set the number of
floating-point operations during inference C'y = 10
TFLOPs, approximately twice the number of the
base model floating-point operations, as going be-
yond such a number will make inference with PEFT
methods unacceptable. Finally, we set the training
memory C,, = 94 GB, as it is typically the max-
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GLUE (F1/Pearson) SuperGLUE (F1)

# Trainable ‘

Method Parameters ‘ MNLI QQP QNLI SST-2 STS-B MRPC RTE CoLA | ReC MRC BQ WiC WSC CB COPA

‘ llama-3-8b-instruct
Base N/A | 59.2 0.5 80.4 92.2 67.4 788 697 783 |494 68.0 808 666 43.6 47.0 73.8
IA® 196,608 | 91.1 863 944 96.4 88.3 86.7 845 839 |86.0 87.0 89.7 721 420 689 96.6

409,600 | 59.9 07 786 913 59.3 814 687 768 |389 750 770 651 56 413 79.5
34,177,536 | 480 127  92.1 91.6 82.8 388 725 455 | 269 455 722 60.1 0.0 498 75

Prompt Tuning
Prefix Tuning

P-Tuning 53,130,752 | 857 782 816 947 31 894 00 858 | 804 853 864 708 00 60 923
LoRA 14,680,064 | 91.1 882 961 959 907 910 857 89.7 | 903 888 910 752 53.6 839 978
LNTuning 266240 | 912 871 951 961 898 868 844 893 |882 873 897 742 484 676 977
BitFit 163,840 | 910 860 954 964 898 886 87.0 886 |881 872 90.5 665 361 677 96.6

Table 1: Results of PEFT-Bench with different PEFT methods on NLU tasks from GLUE and SuperGLUE
benchmarks. We measure Pearson correlation for STS-B and F1 for others. The best scores are in bold, and the

second-best scores are underlined.

imum memory available on high-end GPU cards
(e.g., Nvidia H100 NVL GPU). More details about
the implementation and individual PEFT methods
are provided in Appendix A.

5 PEFT-Bench Results

In PEFT-Bench, we first evaluate the PEFT meth-
ods on popular NLU datasets from GLUE and Su-
perGLUE, which can be found in Table 1. Con-
sequently, we evaluate the PEFT methods on the
other, math, and code generation tasks, with the
results being shown in Table 2.

To properly account for different efficiency as-
pects of PEFT methods, we also evaluate them with
the PSCP metric (introduced in Section 3.3). We
gather costs for the number of parameters, infer-
ence FLOPs, and training memory, and apply the
function from Equation 3. We report the PSCP
results in Table 3 together with the cost values.

LoRA achieves better performance, but BitFit
and LNTuning are more efficient. From the
performance evaluation results in Tables 1 and 2,
we can see that LoRA achieves the highest perfor-
mance on many tasks. However, we can also see
that a more parameter-efficient methods, BitFit and
LNTuning, that train a smaller number of parame-
ters and spend less GPU memory during training,
were able to achieve better or on par performance
in MNLI, SST-2, RTE and MMLU datasets. This
efficiency difference was captured by our PSCP
metric in Table 3, as it balanced the final result and
offset the BitFit and LNTuning methods due to the
lower number of parameters and lower memory
consumption during training (compared to LoRA).

PEFT learn the task structure but damages the
correctness in math problem solving and code
generation. The results in Table 2 show a com-

mon pattern that PEFTs achieve better performance
than the base model in classification or QA tasks.
However, for problems that require more genera-
tion and reasoning, like GSM8K, Conala, CodeAl-
pacaPy, or APPS, we are witnessing that the PEFT
actually harms the performance. This problem is,
however, not affected by the math domain, since the
performance on the MathQA and SVAMP datasets
is generally increased after parameter-efficient fine-
tuning. This may imply that other methods of align-
ment, like instruction tuning or reinforcement learn-
ing, are better suited for problems with longer se-
quences that require reasoning or chain-of-thought.
Additionally, the trainable parameters may still be
relatively low, for the model to enhance their rea-
soning capabilities during supervised fine-tuning.

Soft prompt-based methods are harder to train.
The results in Tables 1 and 2 show that the soft
prompt-based methods (i.e., Prompt Tuning, Pre-
fix Tuning, and P-Tuning) perform generally worse
compared to other methods, and in some cases, they
achieve an F1 score of 0, mostly because they col-
lapse into predicting only a single class. To achieve
better results, more fine-grained per-dataset hyper-
parameter fine-tuning would probably be required.
This suggests that out-of-the-box usability and ver-
satility across different datasets are also important
factors in designing an efficient method.

Additionally, we have observed memory spikes
during training of the Prompt Tuning method.
These spikes typically occurred during the first
1,000 steps of training, and they were significantly
less noticeable when training on smaller amounts
of data. After that, the memory usage was stable
for the rest of the training. We believe this may be
caused by the direct addition of a soft prompt into
the input of an autoregressive model.
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# Trai ‘ Others ‘ Math ‘ Code Generation
Method rainable

Parameters ‘ MMLU PIQA SIQA HS WG OBQA ‘ MQA GSM8K SVAMP ‘ Conala CAPy APPS

‘ Ilama-3-8b-instruct

Base N/A 57.1 46.0 703 622 9.6 78.3 26.8 79.2 56.7 31.2 32.7 21.6
1A3 196,608 64.6 86.0 792 91.7 814 83.7 44.3 68.3 85.3 23.9 32.0 18.6
Prompt Tuning 409,600 49.0 574 432 236 0.0 65.8 4.7 73.6 55.7 30.1 32.1 20.9
Prefix Tuning 34,177,536 15.4 453 320 249 275 50.1 15.5 37.8 85.7 27.5 9.1 15.2
P-Tuning 53,130,752 60.5 80.3 693 659 0.0 79.7 21.4 49.2 30.7 29.9 32.3 18.6
LoRA 14,680,064 63.1 889 815 948 882 87.7 49.4 69.1 88.0 28.9 35.0 20.7
LNTuning 266,240 65.8 864 81.0 921 819 853 44.6 68.3 85.7 26.4 32.6 18.6
BitFit 163,840 64.7 884 814 93.6 79.1 84.1 43.8 68.3 86.7 25.9 33.0 17.9

Table 2: Results of PEFT-Bench with different PEFT methods on QA, mathematical problem solving, and code
generation tasks. We use accuracy for math problems, CodeBLEU (Ren et al., 2020) for code generation problems,

and F1 for the others.
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Figure 4: Bar chart showing the stability of different PEFT methods on 7 low-resource datasets. 1A% achieves
the lowest standard deviation on average across all datasets, and LoRA is less stable than other methods with CB
datasets, while also achieving a better average score. Additionally, P-Tuning generally achieves the worst results in
terms of performance and stability. For numerical results, see Table 11 in Appendix D.

PEFT Method | Py costy 1 cost;1 cost;} PSCP
IA3 747 1.0 0.97 0.77 55.62
Prompt Tuning | 50.0 1.0 0.86 0.69 29.49
Prefix Tuning | 459 0.94 1.0 0.77 33.18
P-Tuning 51.7 0.9 0.86 0.73 29.26
LoRA 80.1 0.97 1.0 0.77 60.08
LNTuning 77.8 1.0 1.0 0.77 60.19
BitFit 753 1.0 1.0 0.80 60.10

Table 3: Results of the PEFT-Bench across different
PEFT methods. LNTuning achieves a slightly better
PSCP score than LoRA as it receives a lower penalty
for the number of parameters.

Stability experiments. Finally, we also evaluate
the stability of different PEFT methods. Since sta-
bility is not directly associated with the efficiency
of PEFT methods, we decided to evaluate it sepa-
rately from the previously-described performance
and efficiency results. The results of the stability
experiments can be seen in Figure 4. We evalu-
ated the stability of individual PEFT methods on

both, low (CB, COPA, SVAMP, CoLA, SST-2, Hel-
laSwag, and WSC) as well as high resource (SST-
2) datasets. Based on the results, the method that
achieved the lowest standard deviations on average
was IA3. Moreover, we can see that most of the
evaluated PEFT methods achieve relatively stable
results on small data, except for LoORA on the CB
and WSC dataset, where the standard deviations
are larger compared to other methods.

A separate problem can be seen with P-Tuning,
which is highly unstable within our experiment
setup. This stability problem makes P-Tuning un-
usable with this setup and would probably require
further hyperparameter tuning.

6 Conclusion

In our work, we introduce PEFT-Bench, the
first unified and comprehensive benchmark for
parameter-efficient fine-tuning methods for NLP,
and PEFT-Factory, as an underlying technological
framework supporting PEFT-Bench. PEFT-Bench
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includes 27 datasets from various NLP problems
and domains, implements support for off-the-shelf
PEFT methods, simplifies the evaluation of new
custom PEFT methods, and finally, introduces 7
PEFT methods as ready-to-use state-of-the-art base-
lines. We also propose the PSCP metric to properly
incorporate efficiency factors like parameters, infer-
ence time, and memory usage into the evaluation.

In our comparison, we show that performance
on downstream tasks should not be the only con-
dition when evaluating PEFT methods, and some-
times, more efficient PEFT methods, like BitFit and
LNTuning, can compensate for the performance
with their efficiency. Additionally, we found that
soft prompt-based methods are generally harder to
train and require extensive hyperparameter tuning.

We view PEFT-Bench as a long-term, evolving
initiative that will be continuously updated with
new features and the addition of evaluations for
different PEFT methods. The current state of PEFT-
Bench, together with up-to-date results, is available
at its GitHub repository*. In the future, we plan to
use this benchmark to evaluate factors that affect
the performance of multi-task PEFT methods.
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The evaluation of PEFT methods is primarily done
on English datasets, which can potentially limit the
PEFT-Bench to the English language. However, we
believe that there is no specific benefit of evaluating
PEFT methods for multilingual settings, as they are

*https://github.com/kinit-sk/PEFT-Bench

independent of the language of the fine-tuning data
(unlike pre-trained LLMs, which were pre-trained
on data of a specific language).

We also run PEFT-Bench on a single model —
LLaMa3-8B-Instruct. This may limit the general-
izability of PEFT-Bench, but, as with language,
PEFT methods are not really dependent on the
model architecture, and their performance would
generally correlate with the model’s performance.

Finally, we evaluate 7 different PEFT methods,
with the majority being from the additive PEFT
and soft prompt-based category. To keep exper-
iments computationally feasible, we rely on the
evaluated PEFT methods with limited hyperparam-
eter tuning. Thanks to PEFT-Factory, the whole
benchmark is easily extendable and can add their
own PEFT method(s).
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publicly available datasets MNLI, QQP, QNLI,
SST2, STS-B, MRPC, RTE, CoLA, MultiRC,
ReCoRD, BoolQ, WiC, WSC, CB, COPA, MMLU,
PIQA, SIQA, HellaSwag, WinoGrande, Open-
BookQA, MathQA, GSM8K, SVAMP, Conala,
CodeAlpacaPy, and APPS, citing the original au-
thors. As we were unable to determine the licenses
for all used datasets, we have opted to use them
in the limited form possible, adhering to the terms
of use of the GLUE and SuperGLUE benchmarks.
As the datasets are commonly used in other related
works and have been published in scientific works
that underwent an established review process, we
do not check for the presence of any offensive con-
tent, as it was already removed by the authors of
these publicly available datasets. In addition, we do
not utilize any personally identifiable information
or offensive content, and we do not perform crowd-
sourcing in any form for data annotation. To our
knowledge, we are not aware of any potential ethi-
cal harms or negative societal impacts of our work,
apart from the ones related to the field of Machine
Learning (i.e., the use of computational resources
that are consuming energy and producing heat with
indirect CO2 emission production). We follow the
license terms for the LLaMa-3-8B-Instruct model
we use — all models and datasets allow their use as
part of the research. As we transform conditional
generation into the classification problem (gener-
ating only labels), in most cases, we minimize the
problem of generating offensive or biased content.
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Impact Statement: CO2 Emissions Related to
Experiments. The experiments in this paper re-
quire a significant amount of GPU computing re-
sources as we train and evaluate 1 model over multi-
ple random initializations (5) for different methods
(6) and datasets (27). Overall, the experiments, in-
cluding evaluations (which did not require training,
but still used GPU resources for inference) and pre-
liminary experiments (which are not reported in
the scope of our work), were conducted using a pri-
vate infrastructure, which has a carbon efficiency of
0.432 kgCO2eq/kWh. Approximately 3000 hours
of computation were performed on hardware of
type A100 PCIe 40GB (TDP of 250W). Total emis-
sions are estimated to be 9.24 kgCO2eq, of which
0 percent were directly offset. Whenever possible,
we tried to reduce the computational costs.
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A Experiment Setup: Further Details

This appendix contains extended details about our
experiment setup and training of PEFT methods
for PEFT-Bench.

A.1 Detailed Dataset Information

Table 4 shows a detailed comparison of information
about datasets used in PEFT-Bench. In some cases,
the dataset does not contain classes, which means
that it either contains open questions (in case of
question answering) or it is a generation task.

A.2 Templates used for datasets

In this section, we provide instruction prompt tem-
plates that we have used while training for all of the
datasets from GLUE (in Table 5), SuperGLUE (in
Table 6), Others (in Table 7), and Math and Code
Generation (in Table 8).
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B PSCP Importance Configurations

In this section, we provide an extended example of
different configurations for the importance of each
cost 3. To evaluate the changes in the magnitude of
the importance of each cost 3, we provide results
with different magnitudes in Table 9. The order of
the methods can change if the performance differ-
ences between two methods are similar but differ
only in a particular cost.

Based on the results from Table 10, we can see
that with the change of importance for each cost,
the order of the results can change (e.g., in Table
10a, the LoRA method achieves the best PSCP
score, since we do not penalize the parameters cost
as much as the other efficiency factors). Each sub-
table represents a different use case, where we em-
phasize different efficiency factors.

C Descriptions of PEFT Methods

In this section, we provide a description of each
PEFT method that we evaluate in this paper.

IA? (Infused Adapter by Inhibiting and Amplify-
ing Inner Activation) (Liu et al., 2022a) introduces
trainable scaling vectors that scale the activations
of specific components within the transformer ar-
chitecture. Instead of updating all model parame-
ters, IA® inserts learnable vectors into the attention
(I, and [,) and feed-forward modules (/¢). The
task is framed as learning the conditional probabil-
ity Pr(Y|X), parameterized by the frozen model
weights 6. IA% augments this with additional pa-
rameters 6 43, corresponding to the scaling vectors.
During fine-tuning, only 0; 43 is updated, while
f remains fixed, making the approach parameter-
efficient.

Prompt Tuning (Lester et al., 2021) optimizes
a soft prompt that is prepended to the input em-
beddings. The task is modeled as learning the con-
ditional probability Pr(Y|X), where X denotes
a sequence of input tokens and Y represents the
output tokens corresponding to the class label. In
standard classification, this probability Pry(Y|X)
is parameterized by the model weights 6. Prompt-
ing extends this by inserting an additional sequence
of tokens (the prompt) P before X, so the model
instead maximizes Pry(Y|[P; X]), while keeping
0 fixed. Prompt tuning further introduces parame-
ters 0 p that define the prompt itself, and only 6p is
updated during training.

Simultaneous work Prefix-Tunning (Li and
Liang, 2021) introduces similar trainable soft

prompts that are prepended before key and value
matrices of all attention layers. The soft prompts
are not directly parametrized but rather generated
by a multi-layer perceptron module.

P-Tuning (Liu et al., 2023b) considers insert-
ing soft prompts before the inputs, using templates,
which are essentially concatenated soft prompts
with pre-trained embedding layers. P-Tuning also
employs bi-directional LSTM to initialize the em-
beddings of the soft prompts.

Reparametrization is the process of trans-
forming the original model parameters to other
(reparametrized) parameters. In the context of
PEFT, the transformation often lowers the num-
ber of trainable parameters. These reparametrized
parameters can be transformed back to the orig-
inal model parameter space, removing any over-
head during inference. Building on the Intrinsic
SAID citepaghajanyan-etal-2021-intrinsic method,
LoRA (Hu et al., 2022) introduced two separate
matrices A € R™* and B € R?*" that form the
resulting AW € R?** matrix, given the initial
(pre-trained) weight matrix W, € RZ¥,

LNTuning (LayerNorm Tuning) (Zhao et al.,
2024) adapts models by updating only the parame-
ters of the layer normalization layers, while keep-
ing all other weights frozen. As in standard classi-
fication, the task is modeled as learning the condi-
tional probability Pr(Y'|X), parameterized by the
model weights 6. This enables efficient adaptation
with minimal trainable parameters. Additionally,
LNTuning does not create any overhead during
inference, since it does not add any additional pa-
rameters to the model.

BitFit (Bias Fine-tuning) (Ben Zaken et al.,
2022) fine-tunes only the bias terms of weights
in selected modules of transformer architecture.
However, in modern LLMs, the bias term is often
skipped while designing the model. In our imple-
mentation, instead of reusing the pre-trained bias
term (as in the original implementation), we replace
the linear layer with a new one that also contains
the bias term and copy the pre-trained weights.

D Additional results

In this section, we provide additional results to
complement the main results in the body of the
paper. Table 11 shows the numerical results from
Figure 4 in Section 5.
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Area ‘ Dataset Task #Classes | #Train #Test
‘ GLUE Benchmark
MNLI Natural language inference 31392,702 | 9,815
QQP Paraphrase classificaiton 2 | 363,846 | 40,430
QNLI Natural language inference 2 | 104,743 | 5,463
SST-2 Sentiment classification 2| 67,349 872
STS-B Sentence similarity N/A 5,749 1,500
MRPC Paraphrase classificaiton 2 3,668 408
RTE Natural language inference 2 2,490 277
CoLA Acceptability classification 2 8,551 1,043
‘ SuperGLUE Benchmark
NLU and Reasoning MultiRC Question answering 2 27,243 4,848
ReCoRD Question answering N/A | 100,730 | 10,000
BoolQ Question answering 2 9,427 3,270
WiC Word sense disambiguation 2 5,428 638
WSC Coreference resolution 2 554 104
CB Natural language inference 3 250 56
COPA Question answering 2 400 100
‘ Others
MMLU Question answering 4 99,842 1,531
PIQA Question answering 2 16,113 1,838
SIQA Question answering 3 33,410 1,954
HellaSwag Natural language inference 4 | 39,905 | 10,042
WinoGrande Commonsense reasoning 2 | 40,398 1,267
OBQA Question answering 4 4,957 500
MathQA Question answering 5 29,837 | 4,475
Math GSMSK Math word problems N/A 7,473 1,319
SVAMP Simple math problems N/A 700 300
Conala Text-to-code N/A 2,379 500
Code generation CodeAlpacaPy | Text-to-code N/A 8,477 942
APPS Text-to-code N/A 5,000 | 5,000

Table 4: Comparison of datasets used in PEFT-Bench. Each dataset has its own task assigned, totaling 12 unique
tasks. The comparison contains the number of classes (if applicable), train sizes, and test sizes for each dataset.
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Dataset Template

Classify the following premise and hypothesis pair into entailment, neutral, and contradiction classes.
Respond only with the corresponding class.

MNLI {premise}
{hypothesis}

{label}

Classify the following question pair into duplicate and not_duplicate classes.
Respond only with the corresponding class.

QQP {questionl1 }
{question2}

{label }

Classify the following question and sentence pair into entailment and not_entailment classes.
Respond only with the corresponding class.

QNLI {question}

{sentence}

{label}

Classify the following sentence into negative and positive classes.
Respond only with the corresponding class.

SST2 {sentence}

{label}

Assign a similarity score from 0 to 5 to the following sentence pair.
Respond only with the corresponding score.

STS-B {sentencel }
{sentence2}

{label }

Classify the following sentence pair into not_equivalent and equivalent classes.
Respond only with the corresponding class.

MRPC {sentencel }
{sentence?2}

{label}

Classify the following sentence pair into entailment and not_entailment classes.
Respond only with the corresponding class.

RTE {sentencel }

{sentence?2}

{label}

Classify the following sentence into unacceptable and acceptable classes.
Respond only with the corresponding class.

CoLA {sentence}

{label}

Table 5: Instruction prompt templates for each dataset in the GLUE benchmark.
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Dataset Template

Based on the following paragraph, question, and answer, determine whether the answer answers the question.
Respond only with the corresponding true or false.

Paragraph: {paragraph}
MultiRC Question: {question}

Answer: {answer}

{label}

Based on the following query, entities, and passage, replace the @placeholder in the query.
Respond only with the correct replacement.

Query: {query}
ReCoRD  priities: {hypothesis)
Passage: {passage}

{label}

Based on the passage, respond to the following question with true or false.
Respond only with the corresponding true or false.

BoolQ {question}

{passage}
{label}

Based on the context from the following sentence pair, classify the word into true and false classes,
based on its meaning in both of the sentences. Respond only with the corresponding true or false.

Sentencel: {sentencel }
WiC Sentence2: {sentence2}

Word: {word}

{label}

Based on the following sentence, determine whether the pronoun marked with * * is referencing
the noun marked with # #. Respond only with the corresponding true and false.

WwsC {sentence}

{label}

Classify the following premise and hypothesis pair into entailment, contradiction, and neutral classes.
Respond only with the corresponding class.

CB {premise}
{hypothesis}

{label}

Based on the following premise and choice pair, select the plausible alternative from the choice pair.
Respond only with the corresponding choicel or choice?2.

Premise: {premise}
COPA Choicel: {choicel }
Choice2: {choice2}

{label}

Table 6: Instruction prompt templates for each dataset in the SuperGLUE benchmark.
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Dataset

Template

MMLU

Based on the question and provided choices, select the right answer.
Respond only with the corresponding choices A, B, C, and D.

Question: {question}

Choices:

A:{choice A}
B:{choice B}
C:{choice C}
D:{choice D}

{label}

PIQA

Based on the question and provided solutions, select the right solution.
Respond only with the corresponding solutionl or solution2.

Question: {question}
Solutionl: {solutionl }
Solution2: {solution2}

{label}

SIQA

Based on the context, question, and provided choices, select the right answer.
Respond only with the corresponding choices A, B, and C.

Context: {context}
Question: {question}
Choices:

A:{choice A}
B:{choice B}
C:{choice C}

{label}

HellaSwag

Based on the sentence and provided endings, select the correct ending that finishes the sentence correctly.
Respond only with the corresponding endingl, ending2, ending3, and ending4.

Sentence: {sentence}
Endingl: {endingl}
Ending2: {ending2}
Ending3: {ending3}
Ending4: {ending4}

{label }

WinoGrande

Based on the sentence and provided options, select the best option that replaces the ’_’ character
in the sentence. Respond only with the corresponding optionl or option2.

Sentence: {sentence}
Optionl: {optionl}
Option2: {option2}

{label}

OBQA

Based on the question and provided choices, select the right answer.
Respond only with the corresponding choices A, B, C, and D.

Question: {question}

Choices:

A:{choice A}
B:{choice B}
C:{choice C}
D:{choice D}

{label}

Table 7: Instruction prompt templates for each dataset in the Others category of datasets.
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Dataset

Template

MathQA

Based on the problem and provided options, select the right answer.
Respond only with the corresponding choices a, b, c, d, and e.

Problem: {problem}

Options: a ) {option A} ,b) {option B} , c ) {option C} , d ) {choice D}, e ) {option E}

{label}

GSMBK

Answer following math question. The answer is always numerical.
Mark your final answer with a newline starting with *####’.

{question}

{answer}

SVAMP

Answer following math question. The answer is always numerical.
Respond only with a single equation with parentheses (e.g., (1 + 1) = 2).

Question: {question}

{answer}

Conala

Based on the following instruction, generate a valid Python code that answers it.
{rewritten_intent}

{snippet}

CodeAlpacaPy

Based on the following instruction, generate a valid Python code that answers it.
{prompt}

{response}

APPS

Based on the following instruction, generate a valid Python code that answers it.
{prompt}

{response}

Table 8: Instruction prompt templates for each dataset in the Math and Code Generation category of datasets.

PEFT Method ‘ Pyug cost,, 1 cost}1 cost,‘n1 PSCP PEFT Method ‘ Pyug cost,, 2 cost}2 cost,‘n2 PSCP
IA® 747 1.0 0.97 0.77 55.62 IA® 747 1.0 0.94 0.59 41.41
Prompt Tuning | 50.0 1.0 0.86 0.69 29.49 Prompt Tuning | 50.0 1.0 0.73 0.47 17.39
Prefix Tuning | 459 0.94 1.0 0.77 33.18 Prefix Tuning | 459 0.88 1.0 0.6 23.98
P-Tuning 51.7 09 0.86 0.73 29.26 P-Tuning 51.7 0.82 0.73 0.53 16.56
LoRA 80.1 0.97 1.0 0.77 60.08 LoRA 80.1 0.94 1.0 0.6 45.06
LNTuning 77.8 1.0 1.0 0.77 60.19 LNTuning 77.8 1.0 1.0 0.6 46.57
BitFit 753 1.0 1.0 0.8 60.1 BitFit 753 1.0 1.0 0.64 47.97
(@) (b)

PEFT Method | Puug cost,, 3 cost‘]?3 costfn3 PSCP PEFT Method | Pyug cost,, 4 cos;t]?4 cost:n4 PSCP
IA3 747 1.0 0.91 0.45 30.83 IA3 7477 1.0 0.89 0.35 22.95
Prompt Tuning | 50.0 1.0 0.63 0.33 10.26 Prompt Tuning | 50.0 1.0 0.54 0.23 6.05

Prefix Tuning | 459 0.82 1.0 0.46 17.33 Prefix Tuning | 459 0.77 1.0 0.36 12.53
P-Tuning 517 0.74 0.63 0.39 9.37 P-Tuning 51.7 0.67 0.54 0.29 5.31

LoRA 80.1 0.92 1.0 0.46 33.8 LoRA 80.1 0.89 1.0 0.36 25.35
LNTuning 778 1.0 1.0 0.46 36.03 LNTuning 778 1.0 1.0 0.36 27.88
BitFit 753 1.0 1.0 0.51 38.29 BitFit 753 1.0 1.0 0.41 30.56

(©) (d)

Table 9: Results with PSCP metric under equal importance of each cost with different magnitudes. Because the
performance differences between BitFit and LNTuning are small, the relative importance of each cost changed the
ordering of the methods.
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PEFT Method | Pyyy cost,®  cost ;1 cost,! PSCP  PEFT Method | Poyy cost,! cost;"f’ cost;;!  PSCP
A3 747 1.0 097 077 5563 IA® 747 1.0 0.98 0.77  56.47
Prompt Tuning | 50.0 1.0 0.86 0.69 29.5 Prompt Tuning | 50.0 1.0 0.93 0.69 31.85
Prefix Tuning | 459 0.97 1.0 0.77 3429  Prefix Tuning | 459 0.94 1.0 0.77 33.19
P-Tuning 51.7 0.95 0.86 0.73 30.78 P-Tuning 51.7 0.9 0.93 0.73 31.63
LoRA 80.1 0.99 1.0 0.77 60.95 LoRA 80.1 0.97 1.0 0.77 60.08
LNTuning 77.8 1.0 1.0 0.77 60.21  LNTuning 77.8 1.0 1.0 0.77 60.19
BitFit 753 1.0 1.0 0.8 60.11 BitFit 753 1.0 1.0 0.8 60.1
(@ (b)
PEFT Method | Puq costy, 1 cost;1 cc)st;lo'5 PSCP PEFT Method | Pyug costy, 2 cost?1 cost;%l PSCP
IA3 747 1.0 0.97 0.88 63.47 IA3 747 1.0 0.97 0.77 55.59
Prompt Tuning | 50.0 1.0 0.86 0.83 35.53 Prompt Tuning | 50.0 1.0 0.86 0.69 29.46
Prefix Tuning | 459 0.94 1.0 0.88 37.73 Prefix Tuning | 459 0.88 1.0 0.77 31.05
P-Tuning 51.7 0.9 0.86 0.86 34.22 P-Tuning 51.7 0.82 0.86 0.73 26.45
LoRA 80.1 0.97 1.0 0.88 68.37 LoRA 80.1 0.94 1.0 0.77 58.37
LNTuning 77.8 1.0 1.0 0.88 68.41 LNTuning 77.8 1.0 1.0 0.77 60.16
BitFit 753 1.0 1.0 0.89 67.26 BitFit 753 1.0 1.0 0.8 60.08
(©) (d
PEFT Method | Py,  cost,’ (:0875]72 cost,! PSCP  PEFT Method | Poyy cost,! cost]:l cost,;2  PSCP
IA3 7477 1.0 0.94 0.77 53.94 1A3 7477 1.0 0.97 0.59 42.71
Prompt Tuning | 50.0 1.0 0.73 0.69 25.27 Prompt Tuning | 50.0 1.0 0.86 0.47 20.31
Prefix Tuning | 45.9 0.94 1.0 0.77 33.14 Prefix Tuning | 45.9 0.94 1.0 0.6 25.64
P-Tuning 51.7 09 0.73 0.73 25.05 P-Tuning 51.7 09 0.86 0.53 214
LoRA 80.1 0.97 1.0 0.77 60.08 LoRA 80.1 0.97 1.0 0.6 46.39
LNTuning 77.8 1.0 1.0 0.77 60.19 LNTuning 77.8 1.0 1.0 0.6 46.6
BitFit 753 1.0 1.0 0.8 60.1 BitFit 753 1.0 1.0 0.64 47.99
(e ®

Table 10: Results with PSCP metric with different importance of each cost 3. Notice how the order of the methods
changes in Table (a) when we decrease the importance of the cost for the number of trainable parameters /3,,.

CB COPA SVAMP CoLA SST-2 HellaSwag ~ WSC
IA® 64.7+33 950+£04 89.0£03 909+02 96.8+01 9424+03 37.1+£32
LoRA 84.6+13.0 973+£34 948+15 93.3+19 97.3+04 964+11 242+£258
LNTuning 472+£02 T7r7£08 53.6+£04 790+£0.1 87.1+£0.0 64.0+£0.1 58.6=£0.2
Prompt Tuning 43.4+09 749+45 548=+11 79.9+14 85.7+08 35257 5H87£1.0
Prefix Tuning  79.3+81 69.6+44 67.8+20.8 81.7£09 97.0+£04 291+15 18375
P-Tuning 96.6 3.5 499+£27.7 962+£18 88.6+52 93.3+19 334+342 285+£19.0
BitFit 65.0+46 954+18 86.2+£13 89.1+0.7 96.6+02 93.4+01 345+£10.2

Table 11: Results from stability experiments. These are numerical results from the graph in Figure 4.
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