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Abstract

Recent decoder-based pre-trained language
models (PLMs) generally use subword to-
kenizers. However, adding character-level
perturbations drastically changes the delimi-
tation of texts by the tokenizers, leading to
the vulnerability of PLMs. This study pro-
poses a method of continual pre-training to
convert decoder-based PLMs with subword
tokenizers into perturbation-robust few-shot
in-context learners. Our method continually
trains decoder-based PLMs to predict the
next tokens conditioning on artificially created
character-level noisy texts. Since decoder-
based language models are auto-regressive,
we skip noised words from the target optimiza-
tion. In addition, to maintain the same word
prediction performance under noisy text as
clean text, our method employs word distribu-
tion matching between the original PLMs and
training models. We conducted experiments
on various subword-based PLMs, including
GPT2, Pythia, Mistral, Gemma?2, and Llama3,
ranging from 1B to 8B parameters. The results
demonstrate that our method consistently im-
proves the performance of few-shot in-context
learning on downstream tasks which contain
actual typos or misspellings as well as artifi-
cial noise.!

Introduction

Recent decoder-based pre-trained language mod-
els (PLMs) have demonstrated remarkable gen-
eralization performance in natural language
processing (NLP) (Achiam et al., 2023; Dubey
et al., 2024; Gemma Team et al., 2024). These
general-purpose PLMs exhibit high performance
on versatile tasks with zero-shot or few-shot
in-context learning settings after pre-training
(Brown et al., 2020).

'Our code is available at https://github.com
/kojima-takeshil88/charnoise.
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Subword-based tokenization is a mainstream
approach for most of the recent PLMs to tok-
enize texts for the model inputs, such as Byte Pair
Encoding (BPE) (Sennrich, 2015) or Sentence-
Piece (Kudo, 2018). Subword-based tokenization
is a compromise approach between word-level
and character-level tokenization to achieve effi-
cient data compression and fast inference while
maintaining the performance of the models.

However, it is found that adding character-level
perturbations drastically changes the delimitation
of texts by subword-based tokenizers, leading to
the vulnerability of PLMs. For example, Cao et al.
(2023) have demonstrated that when we scramble
characters except for the first and last ones within
each word in a text, the reconstruction perfor-
mance, as well as downstream task performance
of most large language models (LLMs), signif-
icantly drops although humans can recognize it
(a.k.a typoglycemia).

Some prior work has improved the robustness
of decoder-based PLMs by pre-training the mod-
els that do not utilize subword tokenizer from
scratch (Tay et al., 2021; Xue et al.,, 2022).
These methods generally delimitate words into
character-level or byte-level pieces before the in-
put to neural network architecture. In addition,
its structure is specially designed for efficient
calculations specific to the tokenization method.
Therefore, this method requires a considerable
computational burden because we must pre-train
the model from scratch.

This study proposes a method to convert
off-the-shelf decoder-based PLMs with sub-
word tokenizers into perturbation-robust few-shot
in-context learners by continually pre-training the
models. Inspired by the previous work (Aepli
and Sennrich, 2022) that makes encoder-based
PLMs more robust by continually pre-training
on character-level noisy texts, we propose
a method to turn decoder-based PLMs into
perturbation-robust few-shot in-context learners
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Method Archi- Tokenizer  Training Need pre-training Need fine-tuning for
tecture Data from scratch? each specific task?

Clark et al. (2022) Encoder Character Clean [Yes [Yes

(Byte)
Aepli and Sennrich ~ Encoder Subword Artificial [No (Use PLMs [Yes
(2022); Srivastava Noise or Continually
and Chiang (2023) pre-train PLMs)
Tay et al. (2021); Decoder Character Clean [Yes [Yes
Xue et al. (2022) (*1) (Byte)
Huang et al. (2023)  Decoder Subword Atrtificial [No (Use PLMs) [ Yes (*2)

*1) Noise
Ours Decoder Subword Artificial [ No ( Continually [ No (few-shot ICL)
Noise pre-train PLMs)

Table 1: Method comparison of robustifying PLMs against character-level perturbations. Methods
that did not assume PLMs (i.e., models that are not pre-trained) are excluded from this table. See
the details in Section 2. (*1) Encoder-Decoder Models, e.g., T5-based model. (*2) This method is a
supervised learning approach only for tasks of character-level manipulation of words, thus limiting the

generalizability to many NLP tasks.

by continually pre-training the models on character-
level noisy texts. Specifically, our method trains
decoder-based PLMs to predict the next token
conditioning on artificially curated character-level
noisy texts. Since decoder-based language models
are auto-regressive, we skip noised words from
the target optimization. In addition, to avoid de-
grading the performance of the original model,
our method introduces the minimization of KL
distance for the predicted word distributions.

We conducted experiments on six decoder-
based PLMs with subword tokenizers ranging
from 1B to 8B parameters. The experimental re-
sults demonstrate that our method consistently
improves the performance on artificially noised
downstream tasks, including classification, sum-
marization, and reconstruction with few-shot
in-context learning settings. Interestingly, our
method generalizes not only to in-distribution
noises but also to out-of-distribution noise types.
Our method has also been shown to improve the
performance of real-world noisy tasks such as typo
correction within texts and classification of texts
containing real-world spelling errors, while main-
taining the performance of general downstream
tasks which does not contain noises.

2 Related Work

Subword Tokenizers Subword tokenizers split
texts into words and word pieces, usually longer
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chunks than character-level tokenization. The rep-
resentative subword tokenization methods include
BPE (Sennrich, 2015) and unigram language mod-
els (also known as SentencePiece) (Kudo, 2018).
Due to the computational efficiency via text data
compression with limited vocabulary size, sub-
word tokenization has become a de facto standard
method for recent PLMs (Dubey et al., 2024;
Gemma Team et al., 2024).

Vulnerability to Character-level Noise Some
studies report that even high-performance lan-
guage models suffer from input perturbations,
including word-level ones (Sinha et al., 2021;
Abdou et al.,, 2022) and character-level ones
(Moradi and Samwald, 2021; Cao et al., 2023;
Shin and Kaneko, 2024). Character-level pertur-
bations are seemingly trivial noise for human
readers. However, they make a big difference
from the perspective of subword tokenizers. For
example, when we put noise in ‘‘apple’” to
make it ‘‘applle’’, the tokenization result changes
from [‘apple’] (one token) to [‘app’, ‘I, ‘le’]
(three tokens). This drastic input change is ex-
pected to cause subword-based language model
performance degradation.

Methods of Robustifying PLMs to Character-
level Noise We mainly summarize prior work
on improving robustness to character-level per-
turbation for PLMs. Table 1 summarizes method



comparison results. Some studies (Tay et al., 2021;
Libovicky et al., 2022) recognize text as a se-
quence of bytes expressed in UTF-8 and use the
value of each byte (0-255) as token IDs. Then,
they propose character-aware encoder-decoder
models based on T5 (Roberts et al., 2019) by
changing network architecture and training the
models from scratch. Clark et al. (2022) have
also proposed tokenization-free character-level
encoder models based on BERT (Devlin, 2018).
However, these methods require a substantial
computational burden during the pre-training
phase.

Other studies have proposed more lightweight
approaches: fine-tuning off-the-shelf PLMs for
specific tasks. Aepli and Sennrich (2022) and
Srivastava and Chiang (2023) updated parameters
of encoder models, i.e., BERT by contin-
ual pre-training and/or finetuning on artificially
noised texts to make the models robust against
input perturbation and cross-lingual tasks. How-
ever, research on continual pre-training of decoder
models with noisy texts has not been conducted
so far.

Huang et al. (2023) have proposed injecting
character-level information into assigned dimen-
sions in hidden states at the fine-tuning phase
by interchange intervention training (Geiger et al.,
2022). However, this method is a supervised learn-
ing approach only for tasks of character-level
manipulation of words, e.g., character reversal
or unscrambling. Therefore, we cannot use this
method for learning most NLP tasks such as text
classification or continuation of writing a sen-
tence. In addition, we cannot apply this method
to continual pre-training for decoder-based lan-
guage models because it generally adopts a
self-supervised learning approach, i.e., next to-
ken prediction (Achiam et al., 2023; Dubey et al.,
2024).

Other Robust Methods before PLMs Even be-
fore the advent of PLMs, many studies conducted
research on the character-level robustness of lan-
guage models. Some studies (Kim et al., 2016;
Wieting et al., 2016; Akbik et al., 2019) input
character-level information into language mod-
els, validating the effectiveness and robustness on
various tasks.

Other studies improved robustness against the
character-level perturbations by using subword to-
kenizers. Stochastic tokenization (Hiraoka et al.,
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2019) tokenized a training text stochastically by
using a language model specialized for sub-
word tokenization to verify the performance
improvement on sentiment classification tasks.
Similarly, BPE dropout (Provilkov et al., 2020)
tokenized a training text with a BPE tokenizer
by sampling segmentation of text stochastically
to make the model robust against infrequent
tokens, demonstrating the performance gain in
machine translation tasks. However, the effective-
ness of these methods has not been validated
in the learning paradigm of PLMs, i.e., un-
supervised pre-training followed by fine-tuning
or zero-shot/few-shot in-context learning in
downstream tasks.

3 Our Method

Inspired by the previous work (Aepli and
Sennrich, 2022) which makes encoder-based
PLMs more robust by continually pre-training
on character-level noisy texts, we propose
a method to turn decoder-based PLMs into
perturbation-robust few-shot in-context learn-
ers by continually pre-training the models on
character-level noisy texts. However, we cannot
directly apply the method of encoder-based PLMs
to decoder-based ones because of the difference
in learning mechanisms: encoder-based PLMs
are trained by masked token prediction, while
decoder-based PLMs are trained by autoregression
or next token prediction. Therefore, we propose a
new learning approach for decoder-based PLMs.
See Figure 1 to grasp the differences in learn-
ing methods between encoder and decoder PLMs
for noisy text. In this section, first, we de-
fine character-level artificial noise used for our
continual pre-training. Second, we define an ob-
jective function specific to decoder-based PLMs
for continual pre-training on the defined noisy
text.

3.1 Artificially Noised Corpus

We put character-level noises into the pre-training
corpus. Table 2 lists synthetic noise types for
making noisy texts. Specifically, we define four
noise types {Insert, Delete, Replace, Swap} as
in-distribution (ID) noises because they are used
for both training and evaluation. These four noise
types are based on prior work (Srivastava and
Chiang, 2023). We also define the three addi-
tional noise types {Split, Uppercase, Mask} as
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Figure 1: Overview of continual pre-training methods on noisy texts. Left: A method for encoder-based PLMs
(Aepli and Sennrich, 2022). Right: A method for decoder-based PLMs (ours).

Noise Type Example Tokenization result (by GPT-2)
Insert View — Viiew [‘View’] — [‘V1’, ‘ilew’]
Delete Musicians — Musicins [‘Mus’, ‘icians’] — [‘Music’, ‘ins’]
ID
Replace usually — usuylly [‘usually’] — [‘us’, ‘uy’, ‘lly’]
Swap recorded — cerorded [‘recorded’] — [‘cer’, ‘ord’, ‘ed’]
Split know — kn-ow [‘(know’] — [‘kn’, -’, ‘OW’]
OOD Uppercase unbiased — unbiAsed [‘un’, ‘biased’] — [‘un’, ‘bi’, ‘As’, ‘ed’]
Mask have — hav_ [‘have’] — [‘D’, ‘av’, <’

PR

Table 2: List of synthetic noise type. ID: In-distribution noises which are used for both training and test.

OOD: Out-of-distribution noises which are used only

out-of-distribution (OOD) noises because they are
used only for evaluation.

e Insert one randomly chosen alphabet into a
random position in a word.

e Delete one character at a randomly chosen
position from a word.

¢ Replace one character at a randomly chosen
position in a word with a randomly sampled
alphabet letter.

e Swap two characters at randomly chosen
positions in a word.
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for test.

XERE]

e Split a word into two pieces by inserting
(hyphen) within a word.

o Uppercase one character at a randomly
chosen position in a word.

e Mask one character at a randomly chosen
position in a word.

Table 2 describes an example for each noise type
and its tokenization results by GPT-2 tokenizer.
We define noise severity s as the probability
of applying noise to each word in a document.
Suppose that each mini-batch consists of a total
of B documents {zi,...,z;,...,zp}. For i-th



Original Text:

Also time limits can be adapted. Timing will be con-
tinued if possible. Due to security reasons the OC
has the right to cancel, stop or end the competition if
necessary.

Syntheiszed Noisy Text:
Also [tiem limits [car| be ladpted . ' Timgni  wiill

be continued if | pssible . 'Duge| to security [Téasonso

yhe | OC [zas' the ‘righht| to cancel, [stopg or ed
the competition if [necessarcy .

Table 3: Example of artificial noise to continually
pre-train models. The original text is extracted
from FineWeb.

document z; = {z; 1, ..,z ;, .., x; 7, } wWhich con-
sists of T; words, we set the noise severity s; by
randomly sampling a value from the following
distribution.

.

where v and us are independently sampled values
from a uniform distribution. The intuition behind
the above conditional formula is that in order
to retain the performance on clean text corpus,
we mix both clean text corpus and noisy text
corpus. We set the mixing ratio as 1:1 for a
hyperparameter setting. A synthesized noisy text
xp = {a} ;.. T j, .., T} 1 } is created by applying
the following conditional formula for each word.

|

where wu;; denotes randomly selected value
from uniform distribution, and noise(-) denotes
character-level noising function randomly chosen
among {Insert, Delete, Replace, Swap}. In this
experiment, we apply noise to only ASCII words
to avoid unexpected errors during tokenization.
Table 3 describes an example of synthesized noisy
text following this algorithm.

1
(’LL1 > 05), 1)

noise(z;;) (uij < s;)

2
(uij > si), @

irj
’ Tij

3.2 Objective Function

We continually pre-train decoder-based PLMs
with the aforementioned synthesized noisy cor-
pus by following the concept of next-token
prediction with several modifications specific to
decoder-based models. This section defines the
objective function for the training.
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As a pre-processing, we convert clean text x;
and corresponding synthesized noisy text z; into a
sequence of tokens by using subword tokenizers:
Zi =A{Zi1, . Zijs s ZZTZ} as a sequence of clean
tokens and z; = {z},.., Z;,jﬂ . Z£7Ti/} as a se-
quence of noisy tokens. Note that sequence length
Ti and Tl’ are different after tokenization.

Let Py and Py be language models with origi-
nal parameter * and training parameter 6. At the
beginning of the continual pre-training, § = 6*.
For simplicity, we denote a probability of out-
putting a vocabulary v at position j conditioning
on previous tokens in the noisy text as below.

). B3

Since decoder-based language models are auto-
regressive, our method skips noisy words from
the target optimization to prevent models from
learning to output noisy texts. Recall that there are
still some clean words in noisy texts depending
on the value of s; (See Equation 2). We define a
subset of token indices belonging to clean words
in a noisy text as J;. Each index 7 € J; in noisy
text has a corresponding index in clean text. We
define the index mapping function as k(j). Here,
we denote a probability of outputting a vocabulary
v at position k() conditioning on previous tokens
in a clean text as below.

/

Py(vig) = Po(vijl2in, - 251

S Zik()-1) )

To avoid the model from predicting noise, our
method employs word distribution matching only
for clean tokens between the original PLMs and
training models. Specifically, Our objective func-
tion £ minimizes soft label cross-entropy between
Py (v r(j)) and Py(v; ;) as below.

1 B B
L= L N=) |Ji
i=1 i=1

3N Po(wing) log Pyvig).  (6)

jeJ;veV

Po- (Vi k() = Po- (Vi )| Zi 15 - -

&)

Li

For each mini-batch, we minimize the above
objective function with regard to trainable param-
eters ¢ using gradient descent approaches. The
overview of our method is described at Figure 1.

4 Experiment

4.1 Model and Dataset

To validate the effectiveness of our method,
we conduct experiments with a wide variety



of PLMs with subword tokenizers. Specifically,
we use five models including GPT2-XL (1.5B)
(Radford et al., 2019), Pythia-2.8B (Biderman
etal., 2023), Mistral-7B(-v0.1) (Jiang et al., 2023),
Gemma?2-2B (Gemma Team et al., 2024), and
Llama3-8B (Dubey et al., 2024). All the model
parameters are downloaded from HuggingFace
(Wolf et al., 2019). Although each model used
different corpora at the pre-training stage, they
all share the same point: They included website
crawl data on the Internet. In light of this common
point in this experiment, we use FineWeb corpus
(Penedo et al., 2024) for continual pre-training
for all the models. FineWeb comprises over 15T
tokens of cleaned and deduplicated English web
data from CommonCrawl. Our experiment uses
random samples from the ‘‘sample-10BT’’ subset
from HuggingFace.

4.2 Training and Inference Settings

To continually pre-train models, we employ LoORA
tuning (Hu et al., 2021) instead of full-parameter
tuning for the following reasons. When calculat-
ing distribution matching loss between the base
model and training model in Equation 6, we must
run forward pass twice while retaining parame-
ters for each of the two models, which causes
memory increase for the training. LoRA tuning
can drastically reduce training cost and memory
usage for our method because LoRA tuning not
only reduces trainable parameters but also re-
tains original parameters unchanged and it can use
them by just optionally disabling additional LoRA
weights. In addition, we assume that LoRA tuning
tends to prevent catastrophic forgetting (degrada-
tion) because LoRA is hypothesized to constrain
the trained model from diverging significantly
from the base model by training fewer parameters
(Biderman et al., 2024). We set LoRA weight to
all the linear layers, including MLP blocks, At-
tention blocks, Projection, and Embedding layers.
We set r = 16, alpha = 8, and dropout = 0.0 for
LoRA.

We train each model for 1000 global steps.
For training, we set the context length to 1024
for GPT2-XL, 2048 for Pythia-2.8B (the same
as the default settings), and 8192 for the other
models. In order to mimic the pre-training stage
and efficiently use computational resources, we
concatenate each document with a BOS token (or
EOS token if it is not defined) and expand the
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input sequence up to the context length limitation.
We set the mini-batch size to 64 for GPT2-XL,
32 for Pythia-2.8B, and 8 for the other models
to equalize the total number of tokens (= context
length * mini-batch size * global steps) used for
continual pre-training across models. The total
number of tokens is approximately 64M tokens.

We use AdamW with weight decay = 0.01
as optimizer. Learning rate is set as le-4
constant (without scheduler setup). To avoid
out-of-memory error and achieve faster training
and inference, parameter dtype is set as BFloat16,
and flash attention v2 (Dao, 2023) is enabled for
all the models. All the experiments are run on
parallel H200 (141GB) GPU servers, and each
experiment is conducted on a single H200 GPU
server.

5 Result

To validate that our method of continual pre-
training effectively converts subword-based PLMs
into perturbation-robust few-shot in-context learn-
ers, we conducted the following evaluations after
continual pre-training of PLMs: synthesized noisy
tasks (classification, reconstruction, and summa-
rization), real-world noisy tasks (typo correction,
noisy text classification), and baseline study.

5.1 Synthesized Noisy Tasks
5.1.1 Text Classification

To evaluate if models can predict correct labels
given character-level noisy text, we applied noise
to SST-2 (Socher et al., 2013) and AG News
(Zhang et al., 2015) texts for text classifica-
tion benchmarks. Both are standard benchmarks
with moderate difficulties for the character-level
perturbation experiments. SST-2 is a binary classi-
fication task that requires classifying review texts
as positive or negative. AG News is a four-valued
classification task that requires classifying news
text into world, sports, technology, and business.
We make noise into the text with a severity
level of 0.5. We evaluate the performance under
each individual noise type, including four types of
ID noise (Insert, Delete, Replace, Swap) and three
types of OOD noise (Swap, Split, Uppercase). Ad-
ditionally, we evaluated ‘‘multi’’ noise, in which
we made multiple varieties of ID or OOD noises by
randomly changing the noise type for each word.
Because of the large number of experiments, we



Task Model Method | w/o noise noise (in-distribution) ' noise (out-of—distr%bution) '
insert  swap del. rep. multi | mask u.c. split  multi

GPT2 Base 62.4 53.2 51.1 51.6 52.2 50.7 51.7 53.7 52.8 51.5

(XL) Ours +2.1 +3.2 +4.1 +2.4 +3.7 +4.4 +0.8 +3.8 +2.2 +1.6
Gemma2 Base 93.0 88.9 85.3 88.6 87.8 88.9 90.8 91.6 91.6 90.5

(2B) Ours +0.0 +1.7 +2.6 +1.8 +1.1 +1.9 +0.6 +1.4 +0.3 +0.0

SST-2  Pythia Base 88.1 81.3 74.3 76.7 77.2 77.1 71.3 79.7 81.4 79.6
(2.8B) Ours +1.9 +3.9 +5.4 +3.9 +4.6 +4.6 +2.3 +1.8 +2.6 +1.9
Mistral Base 95.2 92.7 88.2 92.7 90.6 90.8 90.0 93.6 94.4 92.3

(7B) Ours —-0.3 +1.9 +4.2 +0.2 +2.6 +2.8 +1.6 +1.0 +0.3 +1.4
Llama3 Base 94.6 92.1 88.9 91.2 89.6 90.9 91.7 93.8 93.9 92.0

(8B) Ours +0.0 +1.5 +2.4 +1.6 +1.8 +2.1 +0.3 +0.8 +0.7 +0.7

GPT2 Base 66.4 48.4 42.7 50.6 42.3 47.5 28.3 43.2 51.5 394

(XL) Ours +0.8 +7.5 +8.1 +3.6 +10.7 +5.8 +2.7 +3.7 +0.0 +2.5
Gemma2 Base 71.1 65.8 63.5 64.2 65.2 64.4 60.1 65.3 59.7 59.6

(2B) Ours -0.5 +3.4 +3.4 +1.8 +1.6 +2.5 +0.0 +1.9 +0.1 +0.5

AG Pythia Base 72.2 73.6 70.1 73.3 72.1 73.4 70.3 73.6 76.4 74.4
NEWS (2.8B) Ours +0.8 +2.1 +2.9 +2.6 +3.1 +2.5 -06 +18 —-1.0 +1.0
Mistral Base 86.2 82.7 82.6 84.6 83.0 84.3 83.3 83.8 84.3 83.7

(7B) Ours +0.5 +3.5 +2.7 +2.6 +3.1 +2.3 +2.5 +1.7 +0.6 +1.4
Llama3 Base 83.3 78.9 79.3 78.1 79.6 78.5 80.0 80.8 80.6 78.2

(8B) Ours +0.5 +3.1 +2.9 +4.5 +3.3 +3.6 +1.9 +1.8 +2.0 +3.1

Table 4: Performance of text classification. Metric is accuracy. del.: delete, rep.: replace, u.c.: uppercase.

limited the total number of evaluation samples
to 1000 from the test set for AG News with a
strict balance of the number of labels. We used all
the validation samples (872) for the evaluation of
SST-2. We set the number of in-context exemplars
as four for both benchmarks across all the models.
Regarding the in-context template, SST-2 used
““Choose a sentiment from ‘‘positive’” or ‘‘nega-
tive.”” review: {text} label: {label} . . . (repeat)’’.
AG News used ‘‘Choose a topic from ‘‘world’’,
“‘sports’’, ‘‘business’’, or ‘‘technology’’. input:
{text} type: {label} . .. (repeat)’’. We limit each
text length to 100 tokens.

Table 4 describes the result of the experi-
ment. The result demonstrates that our method
(Ours) does not drop the text classification perfor-
mance from the original PLMs (Base: Baseline).
In addition, our method consistently outperforms
the baseline in various types of ID noise set-
tings across models. Interestingly, our method
also tends to outperform baselines in OOD noise
settings. This tendency implies that our method
generalizes to unseen noise types.

We conducted extensive experiments in which
the noise severity was changed from 0.0 to 1.0
in 0.25 increments. For simplicity, this exper-
iment only focuses on ID multi-noise and OOD
multi-noise. Figure 2 shows the results of SST-2 on
Pythia-2.8B and ones of AG News on Mistral-7B.

The result clearly shows that when the noise
severity is higher, the baselines’ performance
significantly drops, while our method keeps the
performance comparatively good. Eventually, the
discrepancy between our method and baseline has
become more significant. This result indicates that
our method exhibits a more outstanding robustness
superior to the original PLMs.

In addition, to confirm the trend of performance
change throughout model training, we measured
the accuracy of multi-ID noise, multi-OOD noise,
and without noise on AG NEWS every 250 steps
until 1000 steps. The results in Figure 3 demon-
strate that while the performance without noise
stays almost the same, the performance of ID
noise and OOD noise increases drastically at the
beginning stage and keeps rising moderately with
some fluctuations until the end of the training.

5.1.2 Text Summarization

To analyze the performance of models in more
complex and challenging tasks, we conducted
experiments of summarization in character-level
noisy input settings. Specifically, we use XSUM
(Narayan et al., 2018) benchmark and apply noise
to source documents. We made ID-multi noise
into source documents with a severity level = 0.5.
because of the large number of experiments, we
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Figure 2: Noise severity and prediction performance.

limited the total number of evaluation samples
to 200 from the test set. We set the number of
in-context exemplars as one across all the mod-
els. We used the following in-context template:
‘Summarize the following documents. document:
{document} summary: {summary} . . . (repeat)’’.
We limit source document length to 400 tokens
and limit predicted summary text length to 100.
Results on Table 5 demonstrate that our
method consistently outperforms the baseline in a
noisy source document setting for Gemma2-2B,
Pythia-2.8B, Mistral-7B, and Llama3-8B. The
only exception was GPT2-XL. It is assumed that
the text generation ability of GPT2-XL was not
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Figure 3: Effect of training data size on performance.

originally high due to the small parameter size,
and continual pre-training on noisy text collapsed
the ability.

5.1.3 Text Reconstruction

In order to analyze the performance of mod-
els by not only classification tasks but also text
generation tasks, we conducted experiments on
reconstructing original clean text from artificially
cheracter-level noised ones. Specifically, we mea-
sure the performance on text reconstruction from
typoglycemia (Cao et al., 2023), i.e., scramble
characters except for the first and last ones within
each word in a text. This noise type is regarded
as OOD. We randomly chose 1000 clean English
texts from flores200 (Costa-jussa et al., 2022)
(devtest subset) and applied typoglycemia noise
with severity level = 0.5. We set the number of
in-context exemplars as four for few-shot ICL
across all the models. We used the following
in-context template: ‘Fix typos in the following



Model Method without noise with noise
ROUGE-1 ROUGE-2 ROUGE-L | ROUGE-1 ROUGE-2 ROUGE-L
GPT2-XL Base 18.3 3.8 14.5 17.6 2.9 13.1
Ours +0.2 +0.2 +0.3 —-1.7 -04 —-0.9
Gemma2-2B  Base 27.8 8.8 21.6 28.0 9.0 22.3
Ours —-0.8 —-0.7 —-1.0 +0.6 +0.6 +0.5
Pythia-2.8B Base 24.7 6.0 19.3 23.0 5.2 17.5
Ours —0.5 —-0.2 —-0.7 +1.6 +0.4 +0.8
Mistral-7B Base 35.8 14.5 28.5 30.8 11.0 24.5
Ours +0.1 —0.1 -0.3 +4.3 +2.9 +3.7
Llama3-8B Base 344 13.2 26.8 29.6 104 23.5
Ours —-0.2 +0.1 —-0.3 +1.8 +0.8 +0.6

Table 5: Perfomance on summarization task from noisy source documents. We use XSUM dataset and
applied ID-multi noise with serverity level = 0.5 to source documents.

Model Method  Accuracy(f) Distance(])
GPT2-XL Base 0.6 38.43
Ours +0.2 +25.72
Gemma2-2B Base 27.7 9.59
Ours +3.2 —0.53
Pythia-2.8B Base 1.8 40.70
Ours +2.0 —6.10
Mistral-7B Base 34.6 8.19
Ours +5.9 —1.91
Llama3-8B Base 45.7 4.78
Ours +2.8 —0.40

Table 6: Performance on text reconstruction from
typoglycemia, i.e., we scramble characters except
for the first and last ones within each word in a text.

texts. Source Text: {Source Text} Target Text:
{Target Text} ... (repeat)’”’. We limit source
document length to 50 tokens. We measure the
recovery rate by the accuracy of exact matching
and the edit distance between the reconstructed
text and the original text.

Results in Table 6 demonstrate that our method
consistently outperforms the baseline across all
the models.

5.2 Real-World Tasks
5.2.1 Spelling Error Correction

To validate the effectiveness of our method on
real-world noisy tasks, we conducted experiments
of measuring typo and misspelling correction per-
formance on GitHub Typo Corpus and (Hagiwara
and Mita, 2020) and BEA-60K (Jayanthi et al.,
2020). GitHub Typo Corpus is a large-scale
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dataset of texts containing misspellings, grammat-
ical errors, and their corrections harvested from
GitHub. BEA-60K is a collection of text datasets
containing spelling mistakes (6.8% of all tokens)
and the corresponding corrections.

We filter out samples whose source document
length exceeds 50 tokens. In addition, we limited
the total number of evaluation samples to 1000.
We set the number of in-context exemplars as four
across all the models for few-shot ICL. We used
the same in-context template as the typoglycemia
task (See Section 5.1.3). To enhance the quality
of GitHub Typo Corpus, we used samples whose
“‘prob_typo’’ is larger than 0.95. To enhance the
readability of samples in BEA-60K, we conducted
proper data pre-processing for the samples before
evaluation, e.g., erasing blank spaces before peri-
ods, punctuation, and questions. We measure the
recovery rate with the accuracy of exact match-
ing and edit distance between reconstructed and
original text. Results in Table 7 demonstrate that
our method consistently outperforms the baseline
across all the models. Especially our method has
gained a 18.8-point improvement in accuracy on
the GitHub Typo Corpus for Pythia-2.8B.

5.2.2 Typo-Contained Text Classification

We measure the performance of classification
tasks for texts containing spelling errors. We in-
serted a collection of typing errors committed
by humans in the real world into the following
four benchmarks: SST-2 (2-way classification),
AG News (4-way), SST-5 (5-way) (Socher et al.,
2013), and Amazon Review in English from



Model Method Github Typo BEA-60K
Acc. Dist. Acc. Dist.
GPT2 Base 5.2 4.57 19.0 2.30
(XL) Ours +10.3 —031 +15.3 +0.59
Gemma2 Base 69.5 0.81 63.7 1.11
(2B) Ours +11.8 —0.10 +6.9 —0.19
Pythia Base 41.7 1.04 56.6 1.50
(2.8B) Ours +18.8 —0.08 +5.5 —0.09
Mistral Base 80.2 0.38 67.3 1.15
(7B) Ours +31 —-0.09 +3.8 —0.21
Llama3 Base 82.9 0.31 71.1 0.96
(8B) Ours +1.1  —0.02 +1.8 —0.14

Table 7: Typo and misspelling correction per-
formance. Evaluation metrics are accuracy and
Levenshtein distance (edit distance).

Model Method SST-2 AG SST-5 Amazon
GPT2 Base 532 483 194 29.0
(XL) Ours +3.6 +41 0.8 -0.6
Gemma2 Base 83.4 63.8 394 493
(2B) Ours +1.0 +14 +1.1 —-0.3
Pythia Base 69.8 69.2 302 35.7
(2.8B) Ours +1.9 +43 +4.0 +2.7
Mistral Base 84.3 82.6 43.1 52.6
(7B) Ours +3.3 +14 +14 +0.1
Llama3  Base 85.1 77.6 404 50.8
(8B) Ours +3.2 431 +1.7 +2.9

Table 8: Performance of text -classification
containing real-world spelling errors. Evalation
metric: accuracy.

Multilingual Amazon Reviews Corpus (5-way)
(Keung et al., 2020). Specifically, following Bast
et al. (2021), we use a collection of spelling er-
rors from Peter Norvig? as a dictionary which
consists of 7841 words and their corresponding
typos. We replace each word with a misspelled
one by a higher probability of 50% in order to
clearly show the impact of typos on performance.
We limited the total number of evaluation sam-
ples by randomly sampling 1000 from test sets
for each benchmark. The result in Table 8 shows
that our proposed method achieves consistent im-
provement over base PLMs across benchmarks
and models, indicating that our method makes
PLMs more robust against real-world typos for
downstream tasks.

’https://norvig.com/ngrams/spell
—errors.txt.
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5.2.3 Other NLP Tasks

To confirm that our method does not degrease
NLP performance, we conduct further evaluations
on other NLP tasks: a perplexity (PPL) check
on the representative pre-training corpus, stan-
dard downstream English tasks, and cross-lingual
task performance. Specifically, we check the per-
plexity on hold-out 1000 documents for FineWeb
and RedPajama-V2 (Computer, 2023). Regard-
ing downstream English tasks, we use ARC-Easy,
ARC-Challenge (Clark et al., 2018), HellaSwag
(Zellers et al., 2019), OpenbookQA (Mihaylov
et al.,, 2018), PIQA (Bisk et al., 2020), and
Winogrande (Sakaguchi et al., 2020) for the
evaluation. In addition, we conducted evalua-
tions on cross-lingual tasks, including PAWS-X
(Yang et al., 2019) and XNLI (Conneau et al.,
2018). The target languages are English, Spanish,
French, and German. We use Language Model
Evaluation Harness (Gao et al., 2024) to evalu-
ate English downstream and cross-lingual tasks.
We limited the total number of evaluation sam-
ples to 1000 and set the number of few-shot
in-context exemplars as four across all the tasks
and models. Evaluation metric is accuracy for all
the downstream tasks. The results of the exper-
iments are described in Table 9 and Table 10.
It was found that perplexity is almost the same
before and after continual pre-training. Regarding
English and cross-lingual downstream tasks, there
is no drastic performance change or strong ten-
dencies across models and tasks, indicating that
our method retains general-purpose NLP skills.

5.3 Baseline Comparison

To confirm the advantage of our proposed method,
we compare its performance with the following
baseline approaches.

e Next Token Prediction (NTP) on
Clean Text: Following the conventional
self-supervised pre-training of decoder-based
language models, this method continually
pre-trains base models by optimizing joint
probabilities over tokens in clean texts as
the product of conditional probabilities
(Radford et al., 2019; Brown et al., 2020). It
employs cross-entropy loss for probability
optimization. For simplicity, we define
this optimization approach as next token
prediction (NTP). Based on the mathematical
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PPL(])

Downstream Tasks

Model Method
FW RP | ARC-C ARC-E HS OBQA PIQA WG
GPT2-XL Base 25.60 2697 26.1 60.5 40.7 22.8 71.6 55.8
Ours —0.01 +0.86 | -0.5 —0.1 —0.1 —0.6 +0.0 +0.4
Gemma2-2B  Base 16.94 16.04 50.4 81.5 49.9 33.8 79.7 70.1
Ours —0.01 +0.08 +0.2 +0.1 +0.0 —04 —-0.7 +1.0
Pythia-2.8B Base 18.51 10.68 30.6 66.1 434 25.6 74.3 59.0
Ours +0.02 +0.15 +0.9 —-0.1 +0.2 +0.2 +0.1 +1.1
Mistral-7B Base 9.49 6.84 57.6 82.9 53.5 37.2 80.4 76.1
Ours +0.08 +0.21 —-0.8 +0.3 —-0.2 —-04 -0.2 0.0
Llama3-8B Base 12.60 8.16 54.4 82.6 52.7 38.0 79.6 77.1
Ours +0.12  +0.08 —-0.4 +0.0 +0.2 —0.6 —-0.2 —0.3

Table 9: Performance of downstream English tasks and perplexity on major pre-training corpus.

Model Method PAWS-X XNLI
de en es fr de en €es fr
GPT2-XL Base 51.9 56.7 56.6 54.0 34.8 46.6 32.3 34.1
Ours +0.2 —-04 +1.1 +0.8 +0.1 +0.5 +1.2 -1.0

Gemma2-2B Base 63.8 67.9 62.2

60.2 43.9 48.2 447 46.7
—-0.7 +1.4 +0.3 —0.8 +0.2

54.7 42.8 474 39.7 43.0
+1.0 +1.6 —0.1 —-0.3 —-1.0

68.6 45.1 50.2 448 45.5
—0.1 +0.0 —0.5 —-04 +0.5

Ours —-0.2 —1.3 —2.1
Pythia-2.8B Base 58.2 60.8 55.3
Ours —1.2 -0.5 +0.9
Mistral-7B Base 71.6 69.9 69.2
Ours —-0.8 +0.4 —1.9
Llama3-8B Base 67.3 67.2 64.5
Ours +1.8 —1.0 —-1.7

63.7 44.6 46.6 454 46.7
—0.6 +0.1 +1.1 +1.0 +1.0

Table 10: Cross-lingual task performance.

symbols defined in Section 3, the objective
function is defined as:

T

1 -

gz_BTE > log Py(ZilZi.<5), (7)
i=1 j=1

where z; . denotes {Z; 1,...,%Z;i_1".
,<J 3L ’ sJ

e NTP on Clean Text with Dropout BPE:
Instead of adding the artificial noises to orig-
inal texts, this method applies BPE dropout
to clean text (Provilkov et al., 2020). BPE
dropout is a simple and effective subword
regularization method by stochastically seg-
menting each word to produce multiple
segmentations. This method enhances the
language model to better learn word com-
positionality and to be more robust against
segmentation errors. Prior work Provilkov
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et al. (2020) has shown that models trained
with this method achieve better and more
robust performance, although it has not
been empirically proven to be effective for
continual training of decoder-based PLMs.

NTP on Noisy Text: This method contin-
ually pre-trains models with NTP on noisy
text data instead of clean data. The objective
function of this method is defined as follows.

B T
1

_BT' Z Zlogp9(zg,j’z;,<j)' (8)

i=1 j=1

L=

NTP on Noisy Text with Sparse Token
Optimization: To ablate the importance of
distribution matching in our method, this
method trains models with next token pre-
diction objective functions plus sparse token
optimization, i.e., skip noisy tokens from



Model Method Typo ID OOD  w/o noise

GPT2-XL Base 48.3 47.5 394 66.4
NTP on clean text 38.3 36.4 32.5 54.1
NTP on clean text + BPE Dropout 35.7 353 30.2 52.9
NTP on noisy text 36.7 37.1 29.6 52.5
NTP on noisy text + sparse token optimization ~ 41.0 39.0 33.3 55.6
Ours 52.4 53.3 41.9 67.2

Llama3-8B  Base 77.6 78.5 78.2 83.3
NTP on clean text 71.8 73.9 65.3 68.9
NTP on clean text + BPE Dropout 7.2 4.0 2.0 1.1
NTP on noisy text 8.6 0.8 2.9 4.3
NTP on noisy text + sparse token optimization ~ 48.5 41.1 494 63.3
Ours 80.7 82.1 81.3 83.8

Table 11: Baseline Study. Evaluation metric is accuracy on AG News classification.

the optimization target. This is realized just
by replacing distribution matching loss in
Equation 6 with cross-entropy loss:

L; = —Zlong(zg,j]ngj). 9)
jed

We continually pre-trained PLMs with each
of the above baselines in the same settings as
our method as described in Section 4. After
the training, we compared the classification per-
formance for AG News with ID-multi noise,
OOD-multi noise, and actual spelling errors or
typos. The evaluation follows the same set-
tings as Section 5.1.1 for OOD and ID noise
as well as Section 5.2.2 for typos. The results
are summarized in Table 11. It demonstrates that
our method consistently improved performance,
whereas the above-mentioned baseline methods
degrade performance across models. Regarding
the performance drop of continual pre-training
(NTP) on clean text, we assume that training in-
stability is caused by the small batch size during
the training (see Section 4) although the setting
is the same as our method. The result indicates
that our method achieves further training stability
compared to the conventional training objective
function or NTP. BPE dropout caused more train-
ing instability when applied to the pre-training of
decoder-based PLMs in our experiment setting.
The possible reason is that it caused training in-
stability by making the models predict a wide
variety of delimitations for each of the words in
an auto-regressive manner. Continual pre-training
(NTP) on noisy text caused more performance
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drop than clean text. While sparse token opti-
mization alleviates performance degradation to
some extent, there is still a gap from our method.
In contrast, our method, or distribution match-
ing on noisy text with sparse token optimization
in other words, achieves better and more robust
performance than the baseline methods.

6 Discussion

Our experiments have demonstrated that
decoder-based PLMs with subword tokenizers
can acquire higher robustness against artificial
character-level noise and real-world spelling
errors (typos) by our proposed method. However,
as shown in Table 4, the degree of improvement
in robustness tends to decrease as the parameter
size of models increases. This phenomenon is
attributed to the fact that as the model becomes
larger, the performance degradation itself tends
to diminish even when the noise is added to input
texts. The possible reason for this phenomenon
is that a large pre-training corpus created by
scraping through the Internet websites contains
noise such as typos with a certain probability,
and as the model grows, the relationship between
typo words and their correct words is learned in a
self-supervised way. However, even if it is true,
our method can further robustify PLMs against
more general noise including typos regardless
of model size as shown in our experiments. In
addition, our method tends to make PLMs more
robust against noise as the number of training
steps increases (see Figure 3). There is a possibil-
ity that more training steps make larger models
acquire more robustness.



7 Conclusion

This study has proposed a method of contin-
ual pre-training to convert decoder-based PLMs
with subword tokenizers into perturbation-robust
few-shot in-context learners. The results demon-
strate that our method consistently improves the
performance of artificial and real-world noisy
tasks while maintaining the performance of down-
stream NLP tasks without noise. We hope this
study will inspire further improvements in the ro-
bustness of LLMs, such as prompt attack defense
or perturbation-robust search systems.
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