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Abstract

Tokenization, the process where an input
string is segmented into a token sequence,
is the initial step to many language model-
ing architectures. It has the power to define
the space in which the entire model will op-
erate. Despite its importance, its effects on
the internal representations within large lan-
guage models is not fully understood. This
work builds towards understanding such ef-
fects. We first study the similarity of hidden
layer representations in models with different
tokenizers but otherwise identically trained.
In addition we study the effects of seman-
tic preserving perturbations on output dis-
tribution and surprisal. We show that al-
though meaning is preserved, changes in to-
kenization can lead to shifts in hidden layer
representation, output distribution, and sur-
prisal. We identify tokenization as an early,
discrete choice that can systematically shape
how interventions on surface form translate
into changes in internal representations and
next-token predictions.

1 Introduction

Language modeling, particularly transformer Vaswani
et al. (2017) based approaches, have produced excel-
lent results on a variety of language modeling tasks,
including machine translation Gumma et al. (2025),
software engineering Yang et al. (2024), and medical
reasoning Jeong et al. (2024). Due to their rapid adop-
tion and near ubiquity in language modeling applica-
tions, these models have been the subject of extensive
research. Substantial work has improved many aspects
of this architecture, one of which is developing tok-
enizers such as Byte Pair Encoding (BPE) Sennrich
et al. (2016), WordPiece Devlin et al. (2019), and Sen-
tencePiece Kudo and Richardson (2018) for different
settings and constraints. The reason for this is clear,

while large language models (LLMs) produce output
strings, they operate on discrete token sequences, and
changing the way the text segmented changes the rep-
resentational basis in which the model operates. In or-
der to obtain a complete understanding of these mod-
els, we need to understand the causal effect that the
differences in tokenization can have on the models,
particularly the effect of interventions on hidden rep-
resentations and next token prediction.

It is insufficient to simply design tokenizers and study
the outcomes on benchmark datasets. To understand
the true effects that tokenization has we need a frame-
work for understanding its effects that are internal to
the model. Recent work has moved in this direction.
Particularly, Altintag et al. (2025) has recognized the
importance of isolating tokenizers for study, but eval-
uated their models using performance based metrics,
not metrics concerning the internal representations to
the model. Another approach, Rauba et al. (2024),
introduced distribution based perturbation analysis,
which analyzes the distribution of generated answers
as a result of perturbations in input sequence. Other
approaches move from output based metrics to internal
distributions, as in Lesci et al. (2025), which defined
tokenization bias as the effect of tokenization choice on
model behavior, and studied whether a token’s inclu-
sion in a vocabulary affected the probability of its cor-
responding character string. While the others studied
one type of tokenization bias, a more comprehensive
understanding is essential.

Much of the recent work in this area is focused on
output distributions rather than internal mechanisms.
While these studies have merit, analyzing the outputs
can only provide limited information on the model’s
inner workings. Recently, work has been done indicat-
ing that LLMs lack robustness to word level perturba-
tions Alahmari et al. (2025); Wang et al. (2025). This
is an area of concern, since in many real-world appli-
cations data can be noisy, including typos and other
categories of word perturbation. In order to predict
and improve robustness in real-world situations, the
effects of changes in input sequence, whether through
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string perturbations or tokenization differences, fur-
ther investigation is required. This paper aims to do
so. We will study both the internal representations of
two models trained identically except for their tokeniz-
ers, as well as analyze distributional shifts and changes
in surprisal due to perturbations in input. We build
towards a goal of characterizing the effects input to-
ken sequence on model behavior. Our contributions
are summarized here:

1. We isolate tokenizer choice by training matched
models and measuring representational diver-
gence via centered kernel alignment.

2. We apply an intervention based evaluation where
semantics preserving edits change tokenization,
and we quantify output distribution shifts and
surprisal gaps.

3. We interpret tokenization as a mediator that
maps surface interventions to internal changes,
motivating a framework to study model stability

The paper is organized as follows: The methods used
in our analysis are outlined in section 2. The details
of our implementation are outlined in section 3. Our
results are presented in section 4 along with a discus-
sion of our findings. Finally, we conclude in section 5
and look towards future improvements.

2 Methods

We conducted two experiments in this paper. Both are
ordered towards isolating the input token sequence,
and analyzing the effects any differences might have
on a model. Our first experiment trains two identical
models with identical training data, except that they
use different tokenizers. Here, this experiment is la-
beled ”CKA Similarity”, in reference to the analysis we
do. The other experiment is designed for larger mod-
els, where training would be infeasible due to hardware
and cost limitations. Instead, we compare within the
same model, but perturb the input sequence so that
semantics are preserved but tokenization is changed.
We refer to this experiment as ” Token Perturbations”.

2.1 CKA Similarity

Here we pretrain two RoBERTa models of identical
structure with identical training data. The only dif-
ference between the two is that we use two different
tokenizers, BPE and WordPiece. Let Mg and My,
be the two models which use the BPE and WordPiece
tokenizers, respectively. We wish to compare the sen-
tence representations of Mp and My, at each hidden
layer. To do so, we extract the hidden states of a batch

of n input sentences, and we apply mean pooling to
obtain a representation of fixed length d for each sen-
tence. We can then obtain a sentence representation
matrix for model M at hidden layer i

SMi = [81,82,...7Sn]—r (1)

where S € R™ %, Then we may apply our similar-
ity metric, linear Centered Kernel Alignment (CKA)
Kornblith et al. (2019). We chose this due to its in-
variance to orthogonal transformations and isotropic
scaling, allowing for a focus on structure rather than
exact feature alignment. Let Sp; be the sentence rep-
resentation matrix from Mp at hidden layer i, and
Sw,; be the sentence representation matrix from My,
at hidden layer j. The linear CKA of Sg; and Sw; is
given by

ST .Sg .2
CKA(SB,“SW’J) = || W.j B, ||F

where ||-||p denotes the Frobenius norm. We do this
for all combinations of hidden layers h; € Mpg and
hj € Mw.

2.2 Token Perturbations

In this part, we start with a standard English sen-
tence x and a model M. We obtain z’ by applying
perturbations that are approximately semantics pre-
serving. These perturbations include compound words
(e.g. health care becomes healthcare), expanding con-
tractions (e.g. don’t becomes do not) and punctuation
removals (e.g. U.S.A. becomes USA). We ensure that
these changes result in changes in tokenization, and
compute two metrics to understand the effects that
the perturbations have on output distribution. First,
we measure surprisal using either negative log likeli-
hood (NLL) for causal models Smith and Levy (2013)
or negative pseudo log likelihood (NPLL) as presented
in Salazar et al. (2020) for masked models. We obtain
a token representation T = {t1, ta, ..., t,, } of sentence x
and compute NLL with the following

[l

— Y tontr
Similarly, we compute NPLL according to
- St

We do this individually for sentences x and z’, and
then compute the perturbation induced surprisal gap

NLL(r (ti|7<s)) (3)

NPLL(r (t:n4)) (4)
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with the following

ANLL = NLL(7") — NLL(7) 5

ANPLL = NPLL(t") = NPLL(7) (5)
This surprisal gap can be used to quantify each model’s
sensitivity to the applied perturbations. In addition
to surprisal, we also study the effects each perturba-
tion had on the model’s output probability distribu-
tion. To do so, we calculate top-k Jensen-Shannon
Divergence (JSk) between the two output distribu-
tions of the original and perturbed sentences, where
top-k refers to the k most probable tokens from the
two distributions. Choosing the top k& tokens rather
than the entire vocabulary allowed for increased com-
putational efficiency while still capturing the majority
of the probability mass Holtzman et al. (2019). This
approach will become increasingly necessary as this
project is scaled to larger models.

Let P; be an output probability distribution over vo-
cabulary V for model M and input token ¢ evaluated
on sentence x. Let Q; be an output probability dis-
tribution over vocabulary V for model M and input
token t evaluated on sentence ' The top-k truncated
probability distributions are given by

bt = [P(l)m(z), ”wp(k)aprem] (6)

at = [9(1),92)> -+ A(k)> Grem]
where each p(;), q(;) is the it" largest probability values
in their respective distributions, and p;em, grem is the
cumulative probability of the remaining |V|—k tokens,
ensuring probability sums to one. Then, for each token
t compute JSi for py, g,

TSu(pilla) = 3K Ldm)+5 KL(adlm), m = 5 (o)

(7)
Where KL represents Kullback-Leibler divergence. We
compute the mean JSy for all the tokens in the sen-
tence, allowing us to understand distributional shifts
between the two different input sentences.

3 Implementation Details

The implementation details of the two experiments are
presented in the following.

3.1 CKA Similarity

To fairly compare the hidden layer representations of
two models differing only in tokenizer, we needed to
train the models from scratch. To do so, we trained
two small RoBERTa models, each containing 4 hidden

layers, each with dimension 256, and 4 attention heads
per layer. The intermediate size was set to 1024 and
we used a max sequence length of 128. The models
were trained with a masked language model objective
on the wikidata Vrandec¢i¢ and Krotzsch (2014) and
bookcorpus Zhu et al. (2015) datasets with vocabulary
size 30,000. We used a global batch size of 512 and
peak learning rate of 5 x 107%. The only difference
between the two was the tokenizer, one using BPE
and the other WordPiece.

3.2 Token Perturbations

We began with a set of 100k standard English sen-
tences coming from the High Quality English Sen-
tences Dataset Tseng (2024). For each sentence we
applied up to 5 perturbations. Of the 100k sentences,
66,573 sentences received a single perturbation, while
25,016, 13,804, 4,818, and 2,650 sentences were per-
turbed two, three, four, and five times, respectively.
Note that the same original sentence, if it can be per-
turbed more than once, was included in multiple cat-
egories. When computing JSi, we set k = 100. The
models used were the two RoBERTa models already
presented, GPT2 Radford et al. (2019), LLaMa 3.2-
3B Grattafiori et al. (2024), and Mistral-7B-v0 Jiang
et al. (2023).

4 Results and Discussion

First, we analyze our two small RoBERTa models,
trained identically with the exception of the tokenizer,
one of which was trained with a WordPiece tokenizer
and another a BPE tokenizer. As shown in Fig. 1,
the cross layer linear CKA indicates that, while early
layers have high similarity, later layers are more dis-
similar. This suggests that the tokenizer may act as a
bias that can steer the representation learning.

Training models that are identical in all aspects be-
sides their tokenizer gives us an isolated environment
to study their tokenizer’s effects. However, for large
models such a study is infeasible. To better under-
stand the importance of tokenization in larger mod-
els, a different approach is required. We instead com-
pare an input sentence with a sentence that is ap-
proximately equivalent semantically, but perturbed
n € {1,2,3,4,5} times. We measured mean change
in surprisal and JS divergence in the top 100 tokens,
the results of which are displayed in Fig. 2. Note that
in Fig. 2, the only original sentences that were consid-
ered were those that appeared in all n = {1,2,3,4,5}
perturbation datasets. This was done to remove any
bias that could come with differences in sentence struc-
ture and content.
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Figure 1: CKA similarity between the layers of
RoBERTa models trained on BPE and WordPiece to-
kenizers, layer 0 being the input layer

Overlap Only: A mean surprisal

——

10 15 20 2.5 3.0 3.5 4.0 4.5 5.0
n perturbations

6x 107!

4x107!

3x 107!

change in surprisal

2x107!

Overlap Only: Top-100 JS divergence

-8 Lama-3.2-38
—8— Mistral-78-v0.1
102 ~—@— bpe

—&~ wordpiece
© - o2
g
9
2
o
E
o
0,
(=]
(=]
8
& 107
1.0 15 2.0 25 3.0 35 4.0 45 5.0

n perturbations

Figure 2: JS divergence and change in mean surprisal
for n € {1,2,3,4,5} perturbations

These results show that both change in surprisal and
top-100 JS divergence generally increase with the num-
ber of perturbations across models. These results in-
dicate that even if an intervention does not alter the
meaning of an input sentence, the model’s output dis-
tribution still changes. Therefore, the models have a
sensitivity to non-semantic factors.

Both experiments aimed to isolate tokenizer, either

through training identical models on different tokeniz-
ers, or by providing the same inputs that semantically
were approximately equal yet resulted in different in-
put token sequences. In both cases, the model was
not fully invariant to tokenization, despite the mean-
ing of the inputs being stable. These results indicate
a sensitivity to tokenization, where discrete segmenta-
tion differences can propagate to measurable shifts in
downstream tasks, which can shape how well a model
maintains stability.

5 Conclusions

This work presented two complementary studies of
tokenizer importance. First, we trained two small
RoBERTa models under identical conditions, differ-
ing only in the tokenizer. We analyzed the hidden
layers using CKA similarity and showed that internal
representations diverged, indicating that the tokenizer
can act as an inductive bias shaping learned represen-
tations. Second, using semantic preserving perturba-
tions of an input sentence, we observed a relationship
between number of perturbations and next token dis-
tribution as well as increasing shifts in surprisal, indi-
cating that edits can preserve meaning yet still induce
systematic changes in model predictions.

Future work is twofold. First, scale up the empirical
perturbation study to involve larger models, additional
families of tokenizers, and analysis over more datasets
and perturbation types to ensure that the observed
trends are consistent. Additionally, we must extend
the hidden representation similarity study not only
through larger models but also relating tokenizer sim-
ilarity to hidden representation similarity. The second
direction we will take is to formalize the results into a
framework that can characterize a model’s input sen-
sitivity, which is highly influential in applications such
as knowledge extraction and explainability. We must
be able to more clearly represent how strong an inter-
vention is to the resulting change in the model’s rep-
resentations and next token distributions. Ultimately,
we aim to measure tokenizer effects so that we can
predict and improve model stability. The reported ex-
periments showed that further study towards this goal
is warranted.
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