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Abstract

Current language models (LMs) use a fixed,
static subword tokenizer. This default choice
typically results in degraded efficiency and
language capabilities, especially in languages
other than English. To address this issue,
we challenge the static design and propose
retrofitting LMs with dynamic tokenization: a
way to dynamically decide on token bound-
aries based on the input text via a subword-
merging algorithm inspired by byte-pair encod-
ing. We merge frequent subword sequences in
a batch, then apply a pre-trained embedding-
prediction hypernetwork to compute the token
embeddings on-the-fly. For encoder-style mod-
els (e.g., XLM-R), this on average reduces to-
ken sequence lengths by >20% across 14 lan-
guages while degrading performance by less
than 2%. The same method applied to prefill-
ing and scoring in decoder-style models (e.g.,
Mistral-7B) results in minimal performance
degradation at up to 17% reduction in sequence
length. Overall, we find that dynamic tokeniza-
tion can mitigate the limitations of static tok-
enization by substantially improving inference
speed and promoting fairness across languages,
enabling more equitable and adaptable LMs.

1 Introduction

(Large) Language Models (LMs) are the backbone
of modern NLP applications, enabling advanced
language understanding and generation. However,
their effectiveness heavily relies on their tokenizers,
which are responsible for fokenizing the input (Rust
et al., 2021; Fujii et al., 2023; Toraman et al., 2023;
Ali et al., 2024; Minaee et al., 2024; Minixhofer
et al., 2024). This fundamental step involves break-
ing raw text into smaller units called fokens, which
are part of the tokenizer’s vocabulary. Since ma-
chines can only work with numerical data, tokens
are converted into numerical IDs, which are then

“Now at Google.

used to obtain embeddings — fixed-size vectors
that serve as the model’s representation of a token.

Language Original Subword Tokenization #tokens
English A sub/stantial im/prove/ment fosters further 12
im/prove/ment/s
Swahili ~ U/bor/esh/aj/i mk/ub/wa una/ku/za u/bor/esh/aj/i 18
zalidi
#merges Dynamic Tokenization #tokens
1 A sub/stantial improve/ment fosters further im- 10 (83%)
prove/ment/s
1 Ulboreshlaj/i mk/ub/wa una/ku/za u/boresh/ajli 16 (89%)
za/idi
2 A sub/stantial improvement fosters further improve- 8 (67%)
mentls
2 U/boreshajli mk/ub/wa una/ku/za u/boreshajli zalidi 14 (78%)
4 A substantial improvement fosters further improve- 6 (50%)
ments
11 Uboreshaji mkubwa unakuza uboreshaji zaidi 5 (28%)

Table 1: Comparison of static subword vs dynamic tok-
enization for the same sentences in English and Swahili.
Embeddings for tokens in blue are obtained using a hy-
pernetwork (HN) which composes the subword-level
embeddings, as highlighted by /. The last row shows
the number of merges required to achieve word-level
tokenization, serving as a ‘compression upper bound’ of
the proposed approach. The percentages show the frac-
tion of the original token count remaining after merging.

The majority of contemporary LMs rely on sub-
word tokenizers (e.g., Devlin et al., 2019; Touvron
et al., 2023) that are inherently static, as their vo-
cabularies remain fixed post-training. This rigidity
limits the model’s adaptability, requiring expensive
retraining to update both the vocabulary and embed-
dings (Dagan et al., 2024). Moreover, subword tok-
enizers struggle with handling sequences of num-
bers (Golkar et al., 2023), are sensitive to spelling
errors (Sun et al., 2020; Xue et al., 2022) and often
suffer from over-segmentation in languages other
than English (Wang et al., 2021). This leads to in-
equitable performance across languages, increasing
inference costs, latency, and reducing overall model
effectiveness (Ahia et al., 2023). While character-
or byte-level tokenization provides a potential solu-
tion, it produces long token sequences which brings
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additional challenges, such as the need for dynamic
compute allocation or token pooling to stay compet-
itive to models using subword tokenization in terms
of efficiency (Nawrot et al., 2023). These issues
underscore the need for a more flexible or dynamic
tokenization that adapts token boundaries based on
the input text. This is the focus of our work. Specif-
ically, we introduce a way of retrofitting existing
(subword-based) LMs with dynamic tokenization.

Our proposed dynamic tokenization approach
focuses on improving efficiency and cross-lingual
fairness by repurposing a hypernetwork (HN) in-
troduced by Minixhofer et al. (2024) — originally
intended for zero-shot transfer across tokenizers —
to support dynamic tokenization; see Table 1 for
an illustrative example, and later Figure 1. This
adaptation uses the HN to dynamically generate to-
ken embeddings on-the-fly, substantially reducing
token sequence lengths at minimal performance
degradation, and also effectively enabling an un-
bounded vocabulary for encoding text.

This approach, as our extensive experiments
demonstrate, is highly beneficial for prefilling
(computing the key-value states of a prompt) and
scoring (computing the likelihood of a text) with
generative models. However, applying it to autore-
gressive next-token generation is more challenging
since softmax normalization over an unbounded
vocabulary is intractable. We thus aim to achieve
the benefits of dynamic tokenization for autoregres-
sive generation by expanding to a large, but still
bounded vocabulary (in practice, 1M tokens); we
introduce a highly efficient method to deal with the
large vocabulary. It is based on an approximate
nearest neighbor index to overcome the parameter
overhead and the softmax bottleneck (Yang et al.,
2018) by dynamically retrieving tokens.

Contributions. 1) We propose an approach of
retrofitting LMs with dynamic tokenization, achiev-
ing a 22.5% reduction in token sequence length
on XNLI and a 26.4% reduction on UNER, with
minimal performance degradation. This improves
inference speed and leads to fairer compute allo-
cation across languages (see Section 5). 2) We
adapt the same method to prefilling and scoring
in decoder-style LLMs, achieving minimal perfor-
mance degradation at up to 17% sequence length
reduction. 3) Since naively applying our method to
autoregressive generation is intractable, we further
investigate generation with a large but bounded vo-
cabulary of 1M tokens, achieving additional gains

in efficiency. Our code is publicly available at
) github.com/DariusFeher/dynamic-tokenization.

2 Background and Related Work

Tokenizers: Preliminaries. We follow the tok-
enizer definition used by Uzan et al. (2024) and
Minixhofer et al. (2024). Let V denote a vocabu-
lary, and T a tokenization function. A tokenizer is
then a tuple consisting of these two components,
(V,T). The vocabulary V contains the set of to-
kens, while the tokenization function 7" is used to
segment the input text into smaller units, which
are part of V. Importantly, for a given V, there
are multiple ways to encode the same input text
into a sequence of tokens (Hofmann et al., 2022),
with T" determining the specific encoding method.
After tokenizing the input text into a sequence of
tokens, each token is then mapped to a continuous
vector representation using the embedding func-
tion By : V — Rmosel parameterized by a matrix
¢. This matrix serves as a lookup table, assigning
each token a unique djode1-dimensional vector.

Static Tokenizers. Existing tokenizers implement
character-, byte-, subword- and word-level tok-
enization. Character- (El Boukkouri et al., 2020;
Tay et al., 2022; Clark et al., 2022) and byte-
level (Xue et al., 2022; Yu et al., 2023) methods
offer advantages such as small vocabularies and
increased robustness to noise, helping in handling
rare words and low-resource languages. However,
they suffer from reduced processing speed due to
longer token sequences or required sequence pool-
ing, impacting training and inference efficiency
(Clark et al., 2022; Nawrot et al., 2023). Further-
more, byte-level tokenizers are biased against non-
Latin scripts (Limisiewicz et al., 2024).

Word tokenization methods provide faster pro-
cessing with shorter token sequences, but strug-
gle with out-of-vocabulary (OOV) words and re-
quire large vocabularies. A commonly used ‘mid-
dle ground’ is thus subword tokenization, which
breaks down the text into smaller, more manage-
able units, such as pieces of words or entire words.
Techniques like Byte-Pair Encoding (BPE; Sen-
nrich et al., 2016), WordPiece (Schuster and Naka-
jima, 2012) and UnigramLM (Kudo, 2018), handle
OOV words by breaking them into known subword
units, while also maintaining manageable vocabu-
lary sizes and sequence lengths. Crucially, all these
methods are static, relying on a predefined vocabu-
lary V that does not adapt to new data post-training,
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limiting adaptability to new words or evolving lan-
guage. This is problematic especially in multi-
lingual contexts, leading to over-segmentation, re-
duced performance, and increased inference costs
in languages other than English (Ahia et al., 2023).
Moreover, BPE has been shown to be suboptimal
for LM pretraining, limiting downstream perfor-
mance (Bostrom and Durrett, 2020). These issues
highlight the need for dynamic tokenization to po-
tentially achieve higher efficiency and more equi-
table performance across languages.

Vocabulary Expansion. Previous work on adap-
tive tokenization focused on expanding vocabu-
laries with domain- or language-specific tokens.
However, this greatly increases the size of the em-
bedding matrix — sometimes accounting for up
to 93% of model parameters (Liang et al., 2023)
— which limits how many new tokens can be ef-
fectively added and results in inefficient parameter
allocation. New token embeddings are typically
initialized with heuristics (Minixhofer et al., 2022;
Gee et al., 2022; Liu et al., 2024; Gee et al., 2022)
and require additional training for optimal perfor-
mance, restricting real-time adaptation. We use
Fast Vocabulary Transfer (FVT; Gee et al., 2022)
as a baseline heuristic. FVT generates embeddings
for a new token by tokenizing it with the original
tokenizer and averaging the embeddings of its sub-
word tokens. Alternative multi-token generation
techniques like Copy-Generator (Lan et al., 2023)
and Nearest Neighbor Speculative Decoding (Li
et al., 2024) use token databases and nearest neigh-
bor retrieval, but face challenges with factual ac-
curacy and computational efficiency. In contrast,
our pre-trained HN efficiently generates individ-
ual token embeddings removing the need for fine-
tuning across domains, addressing both the parame-
ter overhead of vocabulary expansion and the com-
putational requirements of multi-token generation.

Token Embedding Prediction. Instead of relying
on heuristics to initialize the embeddings of new
tokens, more advanced methods predict them us-
ing neural networks. This includes using neural
networks to predict the embeddings of rare (Schick
and Schiitze, 2019) or OOV (Pinter et al., 2017)
words in traditional word models, an approach
later adapted by Schick and Schiitze (2020) for
BERT (Devlin et al., 2019). However, these meth-
ods are limited to expanding the existing tokenizers
rather than enabling transfer to an entirely differ-
ent tokenizer. In contrast, Zero-Shot Tokenizer

Transfer (ZeTT; Minixhofer et al., 2024) enables
transferring LMs to any arbitrary, but fixed/static
tokenizer. This extends beyond only enabling vo-
cabulary extension to full transfer to a completely
new tokenizer while preserving the LM’s perfor-
mance to a large extent in most cases by using
a hypernetwork to predict the token embeddings.
Our key insight is that these hypernetworks can be
repurposed to enable dynamic tokenization.'

3 Methodology

Problem Formulation. Dynamic tokenization
changes the traditional static encoding process by
adaptively adjusting token boundaries based on the
input text, continuously updating the vocabulary
V and the tokenization function 7. This contrasts
with the static tokenization, where V and 7" remain
fixed post-training. More formally, let the initial
tokenizer be (Vinit, Tinit)- As the LM operates with
new text data D, the tokenization function T}y is
updated to Tpey. The update process can be repre-
sented by the function /:

Tnew (D) = u(Tinit(D)) (1)

To retrofit an LM pre-trained with subword tok-
enization to dynamic tokenization, two steps are
required: (/) deciding on a tokenization Tjey; and
(2) obtaining the token embeddings. This approach
can be applied to any case where the (subword-
level) token sequence is known in advance.

3.1 Dynamic Tokenization via BPE-Style
Compression

Deciding on a Dynamic Tokenization. Let D
represent the input data to be tokenized. The
first step in dynamic tokenization involves updat-
ing the initial tokenization Tj,; to a new func-
tion Tjew, using the update function ¢/. Since our
focus is on efficiency, this update aims to mini-
mize over-segmentation in the input data D, result-
ing in a more compact representation for D (i.e.,
|Tnew (D) ‘ < |Tinit (D) |)

Importantly, given that LMs operate at batch-
level, U is specifically applied at this level on Dyagch.
This allows U to dynamically adapt the tokeniza-
tion to the unique linguistic features in each batch.

To define U (Tinit(Dpatch)), We take inspiration
from BPE (Sennrich et al., 2016). Specifically,

'On the other side, this makes our approach depend on the

availability of pretrained hypernetworks for the target model.
We discuss this constraint in Appendix F.
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Figure 1: Dynamic tokenization applied to encoders and
decoders LMs.

for each batch Dyp,cn tokenized under the initial
scheme Tini;, we begin with a batch-specific vo-
cabulary Vypew comprised of all unique subword
tokens present in Tipit (Dpaten). We then perform
a fixed number of merge operations, m, combin-
ing the most frequent adjacent tokens within the
batch, continuously refining the tokenization to bet-
ter compress Dpaech-
We formally define the update function I/ as:

U : (Tinit (D) ,m) = Thew (D)

2
with  |Thew (D) | < |Tinit (D) |, @

where m represents the number of merge opera-
tions to perform. Since the BPE-style merging pro-
cess is applied to Tipit (Dpatch) — the data we wish
to tokenize — we implicitly tokenize this batch
under the new tokenization scheme Thew (Dbatch)
by sequentially applying merge operations. This
allows us to simplify the training and tokenization
processes of traditional BPE into a single, unified
algorithm, outlined in Appendix A.?

Subword-level tokenization represents the start-
ing point or the lower-bound for the new tokeniza-
tion, T}ew, obtained when m = 0, and equivalent
with Tipi.. On the other hand, we consider word-
level, or, more precisely, pre-token-level,® as the
upper-bound for T,ey,. In other words, we constrain
the merging process to never merge adjacent tokens
which are part of different words.

2 Additionally, since the new tokenization is only applied
to the specific batch data Dyacn and not reused for other text,
there is no need to store or compute new merge rules M ew Or
maintain an expanded vocabulary Vyew.

3Pre-tokens are preliminary units often equivalent to
words (Mielke et al., 2021). For simplicity of terminology,

we use pre-tokens and words interchangeably, but note that
‘pre-token’ is the more precise term.

Obtaining Token Embeddings. After map-
ping the tokens from the initial tokenization to
a more compact tokenization, Tinit (Doach) —
Thew (Doateh ), we need to obtain the embeddings
for all tokens ¢ € Thew (Doateh). To achieve this,
we repurpose the HN trained by Minixhofer et al.
(2024). While the HN was originally intended to
transfer an LM to a fixed, static tokenizer, we ob-
serve that it can also be used to achieve dynamic
tokenization: since the HN amortizes over the tok-
enization function (i.e., embedding predictions for
every token are independent of each other), it does
not require a static (or even bounded) vocabulary.
Therefore, for each ¢ € Tyew (Dpatch), We apply the
hypernetwork Hy to obtain its embedding:

E(bnew (t) = Hy (t) y o V€ Thew (Dbatch) 3)

where Ey ., (t) is the embedding for token ¢ and
¢new 18 the matrix corresponding to the batch-
specific vocabulary, Vpew. This process can alter-
natively also be viewed as transferring the LM to
a new tokenizer (Vpew, Inew) for each batch, dy-
namically adjusting token boundaries based on the
specific data within that batch. Recall that it is ap-
plicable to any case where the token sequence is
known in advance, i.e., any use-case of encoder-
style LMs, as well as prefilling and scoring of gen-
erative (decoder-style) LMs, as shown in Figure 1.

4 Experimental Setup

Models. We use XLM-R (Conneau et al., 2020)
as the representative multilingual encoder-style
LM. To test our method on a decoder-style model
LM, we use both the base and instruct versions
of Mistral-7B (Jiang et al., 2023). This choice is
partially due to the fact that the two established
models come with pre-trained HNs.

Datasets. For our XLM-R experiments, we use
two datasets: Cross-lingual Natural Language In-
ference (XNLI; Conneau et al., 2018), and Univer-
sal Named Entity Recognition (UNER; Mayhew
et al., 2024). These datasets quantify the effect of
dynamic tokenization across a total of 14 languages,
with XNLI focusing on sentence-level and UNER
on token-level understanding.* For Mistral-7B ex-
periments, we use the following evaluation bench-

“For XNLI, we evaluate on 13 different languages: Arabic,
Bulgarian, German, Greek, English, Spanish, French, Hindi,
Russian, Swahili, Turkish, Urdu, Vietnamese. Similarly, for
UNER, we train our adapters on English, “en_ewt” training
split, and evaluate on 4 languages: English, German, Por-
tuguese, and Russian.
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marks: the “lite” version of Global-MMLU (Singh
et al., 2024) in English, French, German, Span-
ish and Portuguese, and the English Multi-Turn
Benchmark (MT-Bench; Chiang and Lee, 2023).

Embeddings. We compare the performance of
the model using (i) the original embeddings, (ii)
FVT embeddings5 (see Section 2) and (iii) HN-
generated embeddings.

Hyperparameters. Appendix B details the hyper-
parameter settings used in our experiments.

4.1 Experiments with Encoder Models

We train a LoRA adapter (Hu et al., 2022) for both
task — natural language inference for XNLI and
named entity recognition for UNER — and dy-
namic tokenization adaptation. The adapter jointly
learns to adapt to the task and operate with coarser
token granularities. We perform two experiments:
(1) training an adapter with a fixed number of
merges m and (2) training an adapter with m sam-
pled from a Uniform distribution.®

More precisely, for each batch, we first apply the
static BPE tokenizer to obtain an initial subword-
level token sequence. Next, we choose a merge
count m (either fixed or sampled), and perform
dynamic tokenization to merge frequenct adjacent
tokens. These merged tokens are embedded on-the-
fly using the HN and passed to the frozen encoder
augmented with LoRA. We then compute the loss
and update only the LoRA weights.

(1) Predetermined Number of Merges. Here, we
train an adapter with dynamic tokenization that re-
duces sequence length by a fixed percentage of the
maximum possible reduction. We set this percent-
age to 50% for XNLI and 75% for UNER. Note
that 100% reduction corresponds to the difference
between the initial sequence length — obtained
when tokenizing with Tj,;; — and the sequence
length obtained with word-level tokenization (i.e.,
the number of words in the sequence). We ap-
ply the function U (Tinit(Dbatch), m) for each batch
to meet the specific reduction percentage in se-
quence length. This is necessary since the cor-

SWe use FVT since it achieves comparable performance to
FOCUS (Dobler and de Melo, 2023) while being substantially
faster than FOCUS (Minixhofer et al., 2024), which is crucial
for our dynamic setup.

®Qur preliminary experiments included selecting m from
a Gaussian distribution. However, this yielded suboptimal
results. Additionally, we investigated disentangling task adap-
tation from tokenization adaptation, but this also led to subop-
timal results; future work could re-investigate whether disen-
tangling the task and the tokenization is possible.

relation between the number of merges m and
the sequence length reduction varies across lan-
guages and datasets; for instance, 140 merges
achieve 100% relative sequence reduction on En-
glish XNLI, whereas 250 merges are required for
the same reduction on Turkish XNLI.

(2) Sampling from a Uniform Distribution. In
the second approach, instead of using a fixed
number of merges m and applying the function
U (Tinit(Doaten), m) with the same m across the
training batch, we introduce stochasticity into the
tokenization process. Specifically, we explore the
impact of sampling different numbers of merges
from a Uniform distribution. By training the
adapter with tokenizations sampled from this distri-
bution, we hypothesize that the model will learn to
be more robust to the type of dynamic tokenization
used (i.e., the value of m). We sample a tokenizer
per batch (i.e., a fixed m) rather than a tokenizer
for each sample in the batch due to the high compu-
tational requirements of the latter. The tokenization
function applied during training is then:
U(Tinit(Dbatch), m), m~ U(Oa mmax) (4)
where mpax is determined by D and represents the
merge level yielding word-level tokenization.

4.2 Experiments with Decoder Models

Unlike XLM-R, we do not train the Mistral-7B de-
coder model as we evaluate our method out-of-the-
box on a pretrained checkpoint. We apply dynamic
tokenization with a fixed number of merges m to
the input batch Dyyen. We evaluate performance
trends across all sequence reduction percentages,
0% to 100%, where again 100% corresponds to the
reduction achieved with word-level tokenization.
For prefilling, we compute the key-value states of
the dynamically tokenized input sequence. For
scoring, our goal is to compute the conditional
probability p(suffix|prefix). Our key insight en-
abling dynamic tokenization is that we do not need
to compute p(prefix) to compute the normalized
conditional probability of some suffix relative to
other suffixes. This means we can dynamically
tokenize the prefix, then use the original tokeniza-
tion to tokenize (and evaluate the probability of)
the suffix. In practice, e.g., for MMLU this means
processing each input prompt using dynamic tok-
enization only keeping the last hidden state h, and
compute a probability distribution over the four an-
swer choices using h with the embeddings of the
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Tokenization &

Accuracy per Language (%)

. Adapter
Embeddings ar bg de e en e fr hi ru sw tr ur vi Avg.
(1) original task 71.6 76.5 76.9 75.1 84.8 78.0 78.5 68.7 749 63.2 72.4 654 73.9 73.9
(2) original, HN task 71.8 76.5 76.7 75.7 84.1 79.0 78.2 69.6 75.7 61.7 72.1 659 73.7 74.0
(3) word, HN  task 67.1 72.8 749 71.5 825 77.1 75.6 66.2 72.0 59.2 674 649 734 71.1
(4) word, FVT  task 64.5 689 70.8 68.3 79.7 742 71.0 652 68.6 54.8 63.3 63.8 73.6 68.2
(5) word, HN  task + mso 67.8 742 743 724 832 783 757 66.6 72.9 61.3 67.5 66.4 75.0 72.0
(6) word, HN  task + Mgampled 66.5 74.1 745 71.6 843 77.0 759 649 7277 58.8 66.5 65.1 73.7 71.2
Aace. @) (1), (5) 38 23 26 -27 -16 03 -28 -2.1 20 -19 -49 10 1.1 -1.9
ALength (%) original (1, 2), word (3-6) -31.4 -25.1 -22.8 -33.2 -14.7 -17.3 -17.3 -21.8 -28.2 -28.4 -29.4 -17.5 -5.9 -22.5

Table 2: Accuracy on XNLI validation with different adapters, tokenizations and embeddings. Aacc (%) is the
absolute accuracy change between word-level tokenization with the optimal adapter and HN embeddings (5) and
the baseline (1) which uses original tokenization and embeddings. Apcngm. (%) represents the average decrease in
token sequence length of word-level tokenization over the original. Boldface indicates the best result for a language
when using original subword-level tokenization or word-level tokenization.

Tokenization &

Language F1-score (%)

. Adapter

Embeddings en_ewt de_pud pt_bosque pt_pud ru_pud Avg.
(1) original task 81.6 78.0 82.3 82.9 69.0 78.8
(2) original, HN task 80.9 78.3 80.8 82.3 68.4 78.1
(3) word, HN task 77.0 75.8 77.6 77.3 65.5 74.6
(4) word, FVT task 67.2 57.0 58.0 584 40.7 56.3
(5) word, HN task + m7s9, 80.5 75.0 80.5 81.3 67.9 77.0
(6) word, HN task + Msampled 81.3 76.3 78.5 80.2 67.1 76.7
AFi-score %) (1), (5) -1.1 -3.0 -1.8 -1.6 -1.1 -1.7
ALength (%) original (1, 2), word (3-6)  -17.6 -30.5 -24.1 -24.2 -35.8 -26.4

Table 3: Fl-score on UNER with different adapters, tokenizations and embeddings. The results reported are on the
validation split for ewt and bosque datasets, and test split for pud due to the availability.

answer choices A, B, C and D. This setup also allows
evaluating the quality of the HN output embeddings
by comparing the performance when the suffix se-
quence is embedded with the original embeddings
versus the HN-generated embeddings.

5 Results and Discussion

5.1 Encoder Models

Evaluation results for XLM-R with task adapters
and joint task and tokenization adapters, using dif-
ferent tokenization and embedding strategies are
summarized in Table 2 for XNLI and Table 3 for
UNER. Figure 2a illustrates the average perfor-
mance across languages in XNLI with different
sequence length reductions and adapters, while
Figure 2b focuses on English-only results. Corre-
sponding results for UNER are shown in Figure 3.
Dynamic tokenization substantially reduces se-
quence lengths. Applying dynamic tokenization
with an adapter jointly trained for the task and a
specified number of merges reduces token sequence
length by an average of 22.5% on the XNLI dataset
(Table 2), with an average accuracy decrease of
1.9% compared to the original tokenization and

embeddings. On the UNER dataset (Table 3), this
approach achieves a 26.4% reduction in sequence
length, with only a 1.7% decrease in F1-score.

Sampling the tokenization granularity improves
in-domain performance. Comparing our two
types of adapters, we find that, for both datasets, the
adapter trained with m sampled from U(0, mmax)
on average outperforms the fixed-merge adapter
on English (i.e., in-domain). This adapter yields
better results across all sequence length reductions
and nearly closes the gap with the baseline perfor-
mance with the original tokenization and embed-
dings. For XNLI, with word-level tokenization, it
obtains an accuracy of 84.3%, compared to 83.2%
with the fixed-merge adapter and 84.8% with the
baseline (Figure 2b). These results align with the
UNER results where the adapter trained with sam-
pled merges achieves an Fl-score of 81.3% on
word-level tokenization, compared with the fixed-
merge adapter at 80.5% and close to the baseline
of 81.6% (Figure 3b), confirming that the model
benefits from a balanced exposure to different tok-
enization granularities on in-domain tasks.

Cross-lingual performance. Unlike our in-
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Figure 2: Accuracies on XNLI with different adapters as a function of sequence length reduction (%). Adapter
names follow the format: Adapter type, Embeddings used. In this and subsequent figures, a 0% reduction refers
to sequence length obtained with the original subword-level tokenization, while 100% indicates ‘upper bound’
word-level tokenization. Intermediate percentages show proportional reductions between these two extremes.
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(b) F1-scores for different UNER adapters on English.

Figure 3: Fl-scores on UNER with different adapters as a function of sequence length reduction (%).

domain results, the fixed-merges adapter consis-
tently shows stronger cross-lingual transferability
than its counterpart trained with sampled merges.
On XNLLI, it obtains an average accuracy of 72.0%
compared to 71.2% (Table 2). Similarly, for UNER,
it achieves 77.0% compared to 76.7% (Table 3).

Heuristic embeddings << HN-generated embed-
dings < original embeddings. Using original to-
kenization with HN embeddings (Setting 2 in Ta-
ble 2) shows comparable results to original embed-
dings (Setting 1), in both English and cross-lingual
contexts, highlighting the quality of HN embed-
dings. However, there is a noticeable gap between
subword- and word-level HN embeddings in Set-
tings 1 and 3, as the model was not previously
exposed to HN embeddings. FVT embeddings,
by contrast, show a prominent performance drop:
for instance, FVT achieves an average accuracy
of 68.2% on XNLI, compared to 71.1% (Table 2)

with word-level HN embeddings, and scores 56.3%
F1 on UNER, substantially lower than the 74.6%
achieved with HN embeddings (Table 3). This sug-
gests that HN embeddings more effectively capture
the semantic nuances required for tasks like NER,
where accurate token representation is important.

5.2 Decoder Models

Figure 4 presents performance trends for different
granularities obtained using dynamic tokenization
for scoring and prefilling (see Section 4.2).

Dynamic tokenization improves prefilling and
scoring efficiency. In zero-shot evaluation of dy-
namic tokenization across different granularities,
we observe that using the original output embed-
dings consistently outperform the HN-generated
output embeddings, highlighting that the degrada-
tion in performance is primarily due to the type
of output embeddings used rather than the input
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Figure 4: Performance of dynamic tokenization applied to decoders for scoring and prefilling, evaluated across
various vocabularies and embeddings in a zero-shot setting. For MMLU, the baseline is the accuracy with the
original tokenization and embeddings, while for MT-Bench, it is the first-turn score with the original setup. Labels
follow the format: a) MMLU: Embeddings used for the dynamic tokenized input and output embeddings used for
scoring; b) MT-Bench: Vocabulary Ve, and embeddings used for generation. Vi expands Vipi to 1M tokens.

embeddings (Figure 4). For both MMLU and MT-
Bench, reducing the sequence length by 40-50%
(relative to the word-level) — corresponding to a
17% average reduction for MMLU and =~ 6% for
MT-Bench (in absolute terms) — and using the
original output embeddings (from Viy;) yields the
smallest gap to the baseline, unlike FVT, whose per-
formance quickly degrades above 30% reduction.
Overall, we can use this insight to compress the key-
value cache with minimal performance degradation
by exclusively changing the input embeddings i.e.,
without any changes to the pre-trained model.

Expanding the vocabulary allows achieving
some of the benefits of dynamic tokenization
for autoregressive generation. Our dynamic to-
kenization approach works for LM scoring (i.e.,
computing the conditional probability of a text)
and prefilling, as we know the sequence in advance.
However, this is not the case for autoregressive gen-
eration. To address this, we propose a method that
expands the initial vocabulary, Viyi, from ~32k
tokens to 1M tokens, Vi, moving token gran-
ularity closer to word-level while maintaining a
large bounded vocabulary. In a nutshell, our ap-
proach involves three steps: (/) expanding Viyj; to
Vim by applying BPE on a large corpus; (2) using
longest-prefix (LP) tokenization — instead of the
previous dynamic tokenization — to overcome the
challenges involved in merging two tokenizers (i.e.,
the initial tokenizer and the one obtained for Vinm);
and (3) constructing an approximate nearest neigh-
bor index to efficiently retrieve token embeddings
using an HN. This approach is described in full

technical detail in Appendix C and Tables 9 and 10
summarize the results with different settings.

Using this expanded vocabulary we achieve
shorter token sequences — similar to word-level
tokenization — at the expense of degrading the per-
formance by 5.9% for MMLU (English) and 0.9
points on MT-Bench (Table 9 and Table 10). Ad-
ditionally, retrieving the embeddings for tokens in
Vim on-the-fly using an HN allows us to maintain
the original model’s parameter count. The current
performance gap could potentially be minimized
through n-shot tokenizer transfer, as demonstrated
by Minixhofer et al. (2024), but we leave this explo-
ration beyond zero-shot setups to future research.

Sequence Reduction

Lng FLOPs
0% 50% 100%
n Model 10.1T 9.4T 8.5T
¢ Hypernet 169.3B (1.7%) 191.0B (2.0%) 199.8B (2.2%)
fr Model 14.4T 12.2T 9.7T
Hypernet 91.8B (0.6%) 163.5B (1.3%) 238.5B (2.4%)

Table 4: FLOPs per sample with dynamic tokenization
on multilingual MMLU. Percentages in parentheses de-
note the fraction of hypernetwork FLOPs out of total.

Throughput analysis. Table 4 shows that dynamic
tokenization reduces the main model’s FLOPs (e.g.,
14.4T to 9.7T in French, 67.4% of the baseline)
while the hypernetwork’s FLOPs remain below 3%
of the total. The gains align with sequence reduc-
tion, yielding near-linear throughput improvements
with negligible overhead from the hypernetwork.
Appendix E shows the complete set of results.
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6 Conclusion

We proposed a novel dynamic tokenization method
for (large) language models, using a hypernetwork
to dynamically adapt token boundaries based on the
input data, which efficiently generates token em-
beddings on-the-fly. We then demonstrated its use-
fulness both on encoder- and decoder-style models.
As some main findings, we highlight that for en-
coder models (e.g., XLM-R), our approach substan-
tially reduces token sequence lengths by > 20%
on average over 14 languages, with less than 2%
loss in accuracy. When applied to decoder-style
models (e.g., Mistral-7B) for prefilling and scoring,
our method yields minimal performance degrada-
tion with up to 6% reduction in (absolute) sequence
length on English. Overall, these results demon-
strate that dynamic tokenization can mitigate some
of the limitations of static tokenizers, particularly
in multilingual settings, improving inference effi-
ciency and promoting fairness across languages.

Limitations

There is computational overhead associated with
(1) generating a new vocabulary for each batch
and (2) on-the-fly generation of token embeddings
using an HN (c.f., Minixhofer et al., 2024). To
amortize the latter, we implemented an HN embed-
dings cache, particularly motivated by the frequent
repetition of certain tokens (e.g., “the”; c.f., Ap-
pendix D). Furthermore, the success of on-the-fly
token embeddings relies on the accuracy and robust-
ness of the hypernetwork, and requires a pretrained
hypernetwork (c.f. Appendix F). Finally, our cur-
rent dynamic tokenization approach is primarily
designed for settings where the full sequence is
known in advance (e.g., scoring and prefilling in
decoder models). For autoregressive generation,
we offered a first solution which relies on a large
but static, bounded vocabulary to achieve some of
the benefits of dynamic tokenization (e.g., token
sequence length compression). Closing this gap by
integrating ‘true’ dynamic tokenization into autore-
gressive generation remains an open challenge for
future research.
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A Dynamic Tokenization Algorithm for
Encoder LMs

Algorithm 1 shows the simplified version of the
byte-pair encoding inspired merging process we
use to dynamic tokenize (i.e., compress) a sequence
of tokens.

B Reproducibility Details

A summary of the hyperparameters we used for
training and evaluation is shown in Table 5 and
Table 6. For decoders, specifically for MMLU, we
used the template shown in Figure 5 with a maxi-
mum sequence length of 8192. Additionally, both
MMLU and MT-Bench were run with bfloat16
precision and a batch size of 1 due to computational
constraints. For MT-Bench specifically, we set the
maximum number of tokens to be generated to
1024. Finally, all the experiments were conducted
using an NVIDIA GeForce RTX 4090 GPU with
24 GB of VRAM, powered by the NVIDIA driver
version 525.105.17 and CUDA version 12.0.

C Vocabulary Expansion for Dynamic
Autoregressive Generation

Dynamic tokenization can not be applied in the
same way described in Section 3.1 for autoregres-
sive generation since it results in an unbounded
vocabulary. However, to still achieve some of the
benefits of dynamic tokenization, we introduce a
method that expands Vi to a large (but bounded)
size for improved inference efficiency in token gen-
eration.

Our approach, similar to CoG (Lan et al., 2023)
and NEST (Li et al., 2024) in its training-free do-
main adaptation, uses a large token vocabulary
instead of a phrase table, reducing the need for
billions of phrases. We significantly expand the
initial vocabulary to Ve, aiming to include more
specialized terms and word variations in English.
This moves token granularity from subword-level
closer to word-level, improving efficiency of the
generation process. This vocabulary, while static,
integrates with the LM using HN-generated embed-
dings from Minixhofer et al. (2024), providing a
similar flexibility to a dynamic approach, without
the need for training the embeddings. Although
this approach does not currently include dynamic
updates of Viage, it sets the foundation for future
dynamic vocabulary adjustments.

Our proposed approach for decoder LMs re-
quires three steps: (/) expanding the vocabulary to

a large size; (2) deciding on a tokenization; (3) con-
structing an approximate nearest neighbor (ANN)
index and populating it with token embeddings.
Expanding the Vocabulary. In the first step, we
aim to expand the initial vocabulary of a decoder
LM, Vinit, to a significantly larger vocabulary, Viarge.
To achieve this, we can apply one of the widely
used subword tokenizers such as BPE, WordPiece
or UnigramLLM on a large corpus to obtain a vo-
cabulary of [Viarge| — |Vinit| tokens.” In our method,
we use BPE algorithm to find Ve and Mpew. We
then obtain Vigge = Vinit U View-

Deciding on a Tokenization Function. Although
we have obtained the new merge rules M.y spe-
cific to V,ew, integrating these with the source tok-
enizer’s existing rules, Mipi, is challenging. This
is because the original and new merge rules, even
if both derived from BPE, were learned indepen-
dently and are stored sequentially. An example
illustrating the challenges associated with merging
Mew and My is presented in Table 7.

These challenges highlight the complexity in-
volved in merging tokenizers and the need for a
tokenization function that facilitates merging. To
address this, we use a Longest-Prefix (LP) tokeniza-
tion function,® denoted 7j p, similar to the default
method used by WordPiece when the continuation
prefix is set to blank (i.e., no character).
Obtaining Token Embeddings and Index Con-
struction. Similar to the previous experiments, we
use an HN pre-trained on the decoder LM from
Minixhofer et al. (2024) to obtain token embed-
dings for all the tokens ¢ € Vjarge, using Equation 3
with the expanded vocabulary. The next token is
generated as follows:

Step 1: Input Tokenization. Tokenize the textual
prompt x: Ty p(x);

Step 2: Input Embeddings. Obtain the input em-
beddings for each token in 77 p(x) using the
hypernetwork: Ey, (Tip(x));

Step 3: LM Processing. Forward the tokenized
input to the LM;

Step 4: Output Embeddings. Obtain the output
embeddings for each token in the vocabulary

"In practice, the SentencePiece package (Kudo and
Richardson, 2018) is often used, particularly for low-resource
languages, because it works without the need for pre-tokenized
input

8Uzan et al. (2024) show that LP greedy tokenization per-
forms on par or better than other tokenization functions.
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Algorithm 1 Dynamic Tokenization for Encoders

1: Input: Tokenized batch data tokenizedBatch under initial tokenization, Tinit (Dpawch); number of merges m
2: Output: Tokenized batch data under a new, dynamically learned tokenization, Thew (Dpatch)

3: procedure APPLYDYNAMICTOKENIZATION(fokenizedBatch, m)

4 for i < 1tom do

5 pairFregs <— ComputePairFreqs(tokenizedBatch)

6: bestPair < GetMostFrequentPair(pairFregs)

7: Apply bestPair merge rule to tokenizedBatch

8 end for

9 return fokenizedBatch > Dyaich a8 Thew (Dbaich)
10: end procedure

Experiment Python’s torch numpy
random random random

Encoder experiments 42 42 42

Decoder experiments 0 1234 1234

on MMLU

Decoder experiments 1234 1234 1234

on MT-Bench

Table 5: Summary of random seeds used across different experiments.

Hyperparameter XNLI: Task XNLI: Joint Task UNER: Task Adapter
Adapter with and Dynamic with Original Subword
Original Subword Tokenization Tokenization & Joint
Tokenization Adapter Task and Dynamic

Tokenization Adapter

Matrix Rank r 32 128 256

Scaling Factor o 64 256 512

Dropout 0.3

Epochs 10 {10, 15} 15

Learning Rate 3x107* 1x107* 3x107*

Batch Size 32

Optimiser AdamW

Optimiser e=10"8, e=10"8, e=10"%,8 =0.9,

Parameters B1=0.9, B1=0.9, B2 = 0.999
B2 = 0.999 B2 = 0.999

Scheduler Linear, no warmup steps

Max Sequence 128

Length

Weight Decay 0

Precision bfloat16

Table 6: Summary of hyperparameters used for LoRA training.

Viarge! Epou Wiarge): Step 6: Sample Next Token. Sample the next to-

ken from the probability distribution p.
Step 5: Compute Probability Distribution.

Compute the probability distribution over the The computational bottleneck of this approach
vocabulary Viyrge using the output embeddings  lies in Step 5, involving a costly dot product calcu-
and the last hidden state h: lation between the last hidden state h and the out-
put embeddings transposed matrix Eg (Vlarge)T,

p = softmax (h : E(ﬁuu[(vlarge)—r) . due to the large vocabulary size. To mitigate this,
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Prompt Template: 5-shot from the same domain as the current question

(QUESTION_1)
(ANSWERS_1)
Answer: (ANSWER_1)

(QUESTION_5)
(ANSWERS_5)
Answer: (ANSWER_5)

This question refers to the following information.

(QUESTION)

(ANSWERS)

Answer:”

\_ J/
Figure 5: 5-shot prompt template used for MMLU evaluation
Tokenizer 1 Tokenizer 2 Merged tokenizer
Initial Vocabulary a,b,c,d, e a,b,c,d, e a,b,c,d, e
Merge Tables
Rule 1 ‘a’, ‘b’ — ‘ab’ ‘@, ‘d — ‘ad’ ‘a’, ‘b’” — ‘ab’
Rule 2 ‘ab’, ‘¢’ — ‘abc’ ‘ad’, ‘e’ — ‘ade’ ‘ab’, ‘¢’ — ‘abc’
Rule 3 ‘&, ‘e’ — ‘de’ D’, ‘¢’ = ‘be’ ‘d’, ‘e’ — ‘de’
Rule 4 - - ‘a’, ‘d” — ‘ad’
Rule 5 - - ‘ad’, ‘e’ — ‘ade’
Rule 6 - - ‘b, ‘¢’ — ‘be’
New Vocabulary a, b, c,d, e, ab, abc, de a, b, c,d, e, ad, ade, bc a, b, c,d,e, ab, abc, de, ad,
ade, bc
Example tokenize: ‘ade’

Step 1 [a’, ‘d’, ‘e’] [a”, ‘d’, ‘e’] [‘a’, *d’, ‘e’]
Step 2 - [‘ad’, ‘€’] [‘a’, ‘de’]
Step 3 - [‘ade’] -

Table 7: Example illustrating how combining merge rules from two BPE tokenizers results in conflicts when

tokenizing “ade”.

we implement an ANN index, Z, allowing us to
use h to efficiently retrieve the k closest tokens,
denoted as Z(h). This significantly reduces com-
putational overhead by focusing on the “closest”
tokens during generation, therefore maintaining
the LM’s parameter count and avoiding excessive
scaling of the embedding matrix — usually seen in
multilingual models. This facilitates using large vo-
cabularies without retraining the embedding layer.
Figure 6 illustrates the flow for applying dynamic
tokenization to decoders with the ANN.

Experimental Setup. In our experiments, we de-
cide to set Viarge to one million entries which we de-
note Viu. To obtain this vocabulary Vi, we train
a BPE tokenizer on the clean English subset of the
MADLAD-400 corpus (Kudugunta et al., 2023).

Being around twice as large as the Oxford English
Dictionary,” we expect this vocabulary to contain
most English words along other common fragments
of text, allowing us to decrease the granularity of
the tokens close to word-level on average. This
vocabulary is significantly larger than those used
in previous works on vocabulary expansion and
~ 32 times larger than V}y;;. Following the expan-
sion of the vocabulary, we construct a ScaNN (Guo
et al., 2020) index to enable approximate nearest
neighbour (ANN) search over HN embeddings. We
chose ScaNN due to its good performance on ann-
benchmarks.'? We use this index to retrieve the top
10 closest token embeddings, following the process

oed.com
1%3nn-benchmarks.com
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Predict next token ¢ using p

|

p = softmax (h -Eg,., (Ik(h))T)

|

B (Z1(h))

h M
Language Model

!

By, (Tre (x))

Legend

Model operation, unmodified

Tokenization-related

Hypernetwork process or computation
T Output
Tip (x) Indexing-related process or
T computation

. --»  Optional
Tokenize prompt x

!

Prompt x

Figure 6: Dynamic tokenization with expanded vocabu-
lary Viarge and ANN index Z applied to decoder LMs.

illustrated in Figure 6.
Table 8 includes the hyperparameters used for
ScaNN index training and inference.

Attribute Value
Num. neighbours 200

Num. leaves 2000

Num. leaves to search 250
Training Sample Size 1,000,000
Dim. per block 3
Anisotropic quantization 0.2
Reorder 200

Metric Dot product

Table 8: Configuration details for the ScaNN index.

Importantly, when evaluating our approach on
MT-Bench, we use both conversation turns rather
than just the first turn, as was done in prefilling
(see Section 5.2). This adjustment is made be-
cause the current approach with Vjy focuses on
achieving only (closer to) word-level tokenization,
without varying the percentage of sequence length
reductions. As a result, determining the number of
merges is unnecessary and is in fact difficult to ap-
proximate when using two turns, since the second
turn contains the model’s response to the first turn
within its prompt.

Further findings. When MISTRAL-7B is evalu-

ated using LP tokenization and HN embeddings
with Vi on MT-Bench, we note a decrease in
scores of 0.24 — compared with the same setting
but with Vig.

Similar to the previous experimental results, the
coarser granularity decreases performance, likely
due to the quality of the generated HN embeddings.
However, the gap between HN and original embed-
dings is more significant here than in encoders or
when applying dynamic tokenization for scoring
or prefilling, which could potentially be minimized
through n-shot tokenizer transfer, as demonstrated
by Minixhofer et al. (2024). Additionally, we ob-
serve a general trend where performance declines
with the use of HN embeddings, worsens further
with LP tokenization, and decreases even more
with Viaree, although with the benefit of reduced
token sequence length.

Token repetition penalty improves generations
quality. Qualitatively inspecting the MT-Bench
generated answers, we observed a token repetition
issue in settings with HN embeddings, particularly
for prompts from domains requiring creativity (e.g.,
writing). To address this, we introduced a repeti-
tion penalty and top-k sampling with minimum
probability threshold. This significantly improved
model performance, across all settings using HN
embeddings. The token repetition issue may also
stem from the MISTRAL-7B model itself, as multi-
ple reports highlighted similar problems occurring
during generation.'!

ANN vs Exhaustive Search. Contrary to our ex-
pectations, the results indicate that using an ANN
index outperforms exhaustive search (setting 9 and
10). This result aligns with findings from other
studies, such as those by Xu et al. (2023), who
suggest that the slight “inaccuracies” introduced by
the ANN index search adds a level of noise or vari-
ability, which acts like a regularization technique.

D Hypernetwork Embeddings Caching

In all our experiments, we implemented a Least-
Recently-Used (LRU) cache for storing HN embed-
dings to enhance efficiency and reduce overhead.
This approach was particularly motivated by the
frequent repetition of certain tokens across batches
in encoder experiments. Common words like “the”
or “and” appear in nearly every utterance, making
it practical to cache their embeddings rather than

"huggingface.co/mistralai/Mistral-7B-
v0.1/discussions/29
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Vocab. Accuracy

Tokenization Embeddings Size ALength. (%) ‘ (%)
(1) original original 32k 0 61.8
(2) original HN 32k 0 58.8
3) LP HN 32k -1 57.8
“4) LP HN M -13.6 55.9

Table 9: Performance of MISTRAL-7B on the MMLU English task under different settings. ALenglh, (%) Tepresents
the average decrease in token sequence length for the prompt over the original tokenization. Evaluation was
performed under a 5-shot setting with each shot chosen from same domain as the question prompt.

o e . Vocab. Next token Repetition Min. Sample Avg
Tokenization  Embeddings Size search Penalty  Prob. from top 10? Score

(1)  Original Original 32k exhaustive = = X 7.54
(2)  Original Original 32k exhaustive 1.1 0.05 v ‘ 7.46
(3)  Original HN 32k exhaustive - - X 6.84
(4)  Original HN 32k exhaustive 1.1 0.1 v 7.10
(5) LP HN 32k exhaustive - - X 6.50
(6) LP HN 32k exhaustive 1.1 0.05 v 6.92
(7) LP HN 1M ScaNN index - - X 6.26
8 LP HN M ScaNN index 1.1 0.05 v 6.64
9 LP HN IM exhaustive - - X 5.24
(10) LP HN 1M exhaustive 1.1 0.05 v 6.53

Table 10: Performance of MISTRAL-7B-INSTRUCT on MT-Bench English under different settings.

Non-LRU
LRU
300

250

g

Tokens Processed

8

Batch Number

50 60 70 80

Figure 7: Tokens processed by the hypernetwork using an HN-specific LRU cache versus processing all unique
tokens without caching. Results obtained on the validation subset of XNLI English.

regenerate them for each batch.

E Throughput Analysis Results

Table 4 shows the FLOPs per sample for both
the main model and hypernetwork with different
sequence reduction percentages on multilingual
MMLU. We report results for English, French, Ger-
man, Spanish, and Portuguese. As shown, the
model’s FLOPs decrease almost linearly with se-
quence length, while the hypernetwork overhead

remains negligible — typically under 3.1% of total
FLOPs. Additionally, the overhead from the dy-
namic tokenization algorithm is minimal and can
be offloaded alongside other data loading logic.

F Hypernetwork Training

We use the pre-trained hypernetworks available
via €) github.com/bminixhofer/zett. Training a
hypernetwork for a new 7B scale model takes
~ 3 days on a TPUv4-32 pod per Minixhofer
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Sequence Reduction / FLOPs

Lng. FLOPs
0% 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%
Model 10.1T 10.0T 9.9T 9.7T 9.5T 9.4T 9.2T 9.1T 8.8T 8.7T 8.5T
en Hypernet 169.3B 171.3B 175.0B 180.2B 184.7B 191.0B 196.8B 198.7B  201.5B 198.0B 199.8B
HN FLOPs / total 1.7% 1.7% 1.7% 1.8% 1.9% 2.0% 2.0% 2.1% 2.2% 2.2% 2.2%
Seq. Length 682.2 672.8 667.6 655.5 640.6 631.7 619.4 614.4 598.1 586.7 578.4
Model 15.0T 14.3T 13.8T 13.2T 12.4T 11.8T 11.1T 10.6T 9.7T 9.0T 8.4T
de Hypernet 82.9B 94.6B 107.8B 128.9B 149.3B 171.1B 1947B  2122B  2355B  251.3B  261.4B
HN FLOPs / total 0.5% 0.7% 0.8% 1.0% 1.2% 1.4% 1.7% 1.9% 2.2% 2.3% 3.0%
Seq. Length 1015.0 963.3 937.7 882.0 825.9 782.9 748.2 711.7 668.1 608.2 571.0
Model 14.2T 13.6T 13.3T 12.8T 12.2T 11.7T 11.2T 10.7T 10.1T 9.5T 9.0T
es Hypernet 85.2B 92.0B 102.1B 120.4B 140.5B 157.7B 179.1B 200.5B  2229B  230.6B  238.1B
HN FLOPs / total 0.6% 0.7% 0.8% 1.0% 1.1% 1.3% 1.6% 1.8% 2.1% 2.4% 2.6%
Seq. Length 956.3 928.1 893.0 851.0 809.2 779.0 743.7 716.6 6717.1 641.1 6125
Model 14.4T 14.0T 13.7T 13.2T 12.6T 12.2T 11.7T 11.3T 10.7T 10.2T 9.7T
fr Hypernet 91.8B 99.4B 109.6B  1284B  146.6B  163.5B  183.1B  200.1B  2232B  230.3B  238.5B
HN FLOPs / total 0.6% 0.7% 0.8% 1.0% 1.2% 1.3% 1.5% 1.7% 2.0% 2.2% 2.4%
Seq. Length 956.7 927.9 915.3 870.7 830.9 804.6 772.6 745.9 709.1 677.8 651.9
Model 14.2T 13.6T 13.2T 12.7T 12.0T 11.5T 10.9T 10.5T 9.8T 9.1T 8.6T
" Hypernet 84.0B 89.2B 101.0B  118.5B  131.7B  1540B  175.7B 196.7B  218.6B  229.5B  237.9B
P HN FLOPs / total 0.6% 0.7% 0.8% 1.0% 1.1% 1.3% 1.6% 1.8% 2.1% 2.3% 2.7%
Seq. Length 952.3 929.7 888.2 850.4 814.5 766.0 728.9 698.3 655.0 615.3 584.8

Table 11: FLOPs per sample estimates for the model and hypernetwork when applying dynamic tokenization
with different sequence reductions on multilingual MMLU. The HN FLOPs / total row shows the fraction of
hypernetwork FLOPs out of total FLOPs. Seq. Length represents the average number of tokens per sample.

et al. (2024), which is a small amount of com-
pute compared to pretraining but still substantial.
New hypernetworks can be trained via the code
at ) github.com/bminixhofer/zett. By making it
easy for the community to train and share hyper-
networks, we hope that these libraries facilitate the

adoption of our dynamic tokenization method.
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