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Abstract

Distillation has shown remarkable success in transferring knowledge from a Large
Language Model (LLM) teacher to a student LLM. However, current distillation
methods require similar tokenizers between the teacher and the student, restricting
their applicability to only a small subset of teacher—student pairs. In this work, we
develop a principled cross-tokenizer distillation method to solve this crucial defi-
ciency. Our method is the first to enable effective distillation across fundamentally
different tokenizers, while also substantially outperforming prior methods in all
other cases. We verify the efficacy of our method on three distinct use cases. First,
we show that viewing tokenizer transfer as self-distillation enables unprecedentedly
effective transfer across tokenizers, including rapid transfer of subword models to
the byte-level. Transferring different models to the same tokenizer also enables
ensembling to boost performance. Secondly, we distil a large maths-specialised
LLM into a small general-purpose model with a different tokenizer, achieving
competitive maths problem-solving performance. Thirdly, we use our method to
train state-of-the-art embedding prediction hypernetworks for training-free tok-
enizer transfer. Our results unlock an expanded range of teacher—student pairs for
distillation, enabling new ways to adapt and enhance interaction between LLMs.

1 Introduction

Even the latest, most powerful Large Language Models (LLMs) still operate on fokens, and therefore
require a tokenizer — a manually designed component which turns text into a sequence of tokens.
Most currently available language models use subword tokenization (Sennrich et al.,[2016; |Kudo &
Richardson, [2018)), where each token is a word, or part of a word. Even though subword tokenizers
are currently dominant, they are heterogeneously implemented: when a model is released, it often
comes with its own tokenizer which has distinct properties such as the actual tokens it comprises (its
vocabulary) and which method is used to segment text into these tokens (its tokenization function).
Furthermore, there has been a recent trend away from subwords toward models using vocabularies
consisting of characters (Tay et al., 2022; Nawrot et al., 2023) or bytes (e.g. Xue et al.| [2022; |Yu
et al.| 2023; |Pagnoni et al.,|2024). This exemplifies the wildly diverse landscape of tokenization.

On the other hand, distillation (Bucilua et al.,[2006; [Hinton et al., [2015)) has emerged as a powerful
paradigm for creating effective language models by training them based on the signal from another
model. However, existing distillation methods require similar tokenizers between the teacher and the
student. In particular, most prior methods require the teacher and student to represent their input in the
same way, i.e., that their tokenizer is equivalent (e.g., |Gu et al.| | 2024; |[Ko et al., [2024)). Some recent
methods relax this requirement by developing heuristics to incorporate information from the teacher
alongside a main objective (e.g., next-token prediction), making progress toward enabling distillation
across similar (but not equivalent) tokenizers (Zhang et al.l|2024b; Wan et al., 2024} |Boizard et al.}
2025). Nonetheless, this requirement still limits their applicability to a rather small subset of the
possible teacher—student pairs. In this work, we develop a cross-tokenizer distillation method to solve
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Figure 1: We propose a cross-tokenizer distillation method which identifies comparable chunks of
tokens, then minimizes the differences between their likelihoods (c.f. Section [3).

this problem. Our principled objective enables distillation across highly dissimilar tokenizers for the
first time (e.g., distilling from a subword tokenizer to a byte-level tokenizer), while also unlocking
pure distillation — training to purely match the teachers’ behaviour, instead of matching the teachers’
behaviour as an auxiliary objective, which can lead to further empirical improvements.

In a nutshell, given some text, we first tokenize it with the teacher and the student tokenizers and
compute the next-token likelihoods of all tokens under both models. We then find aligned chunks
of tokens (the chunks encoding the same portions of text) between the two sequences. Now, to
compare the chunk likelihoods of the aligned chunks (e.g., via their KL-divergence), we would need
to know the likelihoods of all possible outcomes. This is not an issue in the same-tokenizer distillation
case since we can compute the likelihoods of all tokens in the vocabulary in a single forward pass.
However, in our case, we would have to compute the likelihoods of all multi-token chunks, which is
impossible since their number is infinite. We thus approximate the chunk likelihood difference via a
binarised f-divergence (Section [3). Together with optional debiasing (Section [3.T) and distillation
of the hidden states (Section [3.2)), this leads to an effective and universal cross-tokenizer distillation
method, which we refer to as Approximate Likelihood Matching (ALM), sketched in Figure[T]

We test ALM on three use cases. First, we propose a novel viewpoint of tokenizer transfer as
cross-tokenizer self-distillation (Use Case T). This enables transferring subword-based LLMs to a
different subword tokenizer while largely retaining performance, and achieves rapid and effective
Subword — Byte transfer for the first time. This allows us to create a competitive byte-level model at
a fraction of the cost of training it from scratch. We further show that transferring different models to
the same subword tokenizer enables ensembling their predictions (e.g., via averaging their token-level
probabilities) which substantially boosts performance over the individual parts. Secondly, we show
that ALM outperforms prior methods at distillation of a large math-specialised model into a much
smaller general-purpose model with a different tokenizer (Use Case 2)). Thirdly, we plug-in ALM as
objective to train embedding predictions hypernetworks as introduced by [Minixhofer et al.|(2024),
achieving a new state-of-the-art in tokenizer transfer without ever training on the target tokenizer (i.e.,
Zero-Shot Tokenizer Transfer,[Use Case 3). In summary, our work greatly expands the number of
possible teacher—student pairs for distillation, improving reusability, composability and transferability
of language models. Our code and models are available at |github.com/bminixhofer/tokenkitl

2 Preliminaries and Background

2.1 Tokenizers

Definition. Tokenizers map the input text to a sequence of tokens. Formally, they operate on
finite sequences X* over the alphabet 3. For simplicity and since it is not vital to our method, we
presume X to be the set of bytes {0, ...,255} and X* a string represented as bytes via the UTF-8
standard (Yergeau, |2003). This does not lose generality, since although some tokenizers operate on
units built on top of UTF-8 bytes (e.g., Unicode characters; Kudo & Richardson, 2018)), they can be
transformed to operate on bytes instead (Minixhofer et al.||2024). Following prior work (Uzan et al.|
2024; [Feher et al., 2024), we denote the tokenizer as the tuple (V, T) comprising (i) the vocabulary V
which determines the set of all possible tokens and (ii) the tokenization function 7" : ¥* — V* which
determines the sequence of tokens any given text is mapped to.


https://github.com/bminixhofer/tokenkit

Tokenization functions fuse bytes into larger (e.g., subword) tokens without loss of informationE]
Consider the tokens {ti,ts,...,t,} = T(x). Thent; ©®ty ® ... ® t, = x (where @ is the
concatenation operator). This has multiple useful implications. All elements in the vocabulary V
are sequences of bytes E*E] Furthermore, T is injective so there exists a left inverse D such that
x = D(T(x)) Va. We call D the detokenization function. Importantly, D is only a left inverse, i.e.,
there may exist a token sequence ¢ such that t # T'(D(t)) since T is not necessarily bijective.

Tokenization Bias. Subword tokenizers suffer from what has been termed tokenization bias (Phan
et al.| 2024): sequences of tokens can implicitly leak information about the future content of the
text they tokenize. For example, assuming a vocabulary of English words, the token sequence
{_Hello, _Wor} leaks that there is no ‘1d’ after ‘_Worl’, otherwise the text would have been
tokenized as {_Hello, _World} instead (see also|Vieira et al.,2024).

2.2 Generative Language Models

Generative language models are auto-regressive next-token predictors. Given a sequence of tokens,
a generative language model 6 defines a probability distribution py(; |t:i over the next token. To
compute the probability of a multi-token sequence conditioned on ¢;, we can compute pg (t;.;|t.;) =
po(tilti) - ... po(tj—i|t.;—1). To auto-regressively sample from the model, we continuously sample
u ~ pg(ult.;) and append the sampled  to the sequence. However, the token level is not an intuitive
interface to language models. To obtain a fext level interface, we need to wrap the language model
with tokenization and detokenization. We can compute the probability of a text y conditioned on the
text « via pg(T'(y)|T'(x)). We can auto-regressively generate a text y conditioned on by sampling
u; ~ po(u;|T(x) © uy) for i € {0,...,n}, then detokenizing to obtain y = D(ug,...,un).
However, for tokenization and detokenization not to introduce any bias, T'(z) © T(y) = T'(x ® y)
must hold. This is not always the case due to tokenization bias (see above).

2.3 Distillation

Pure Distillation vs. Hybrid Distillation. The general idea behind distillation is to transfer
knowledge from a teacher model ¢ to a student model 8, where the student model has some desirable
properties (e.g., being more efficient; |[Bucilud et al., 2006; |[Hinton et al., 2015)E] We denote the
teacher likelihoods pr = py and the student likelihoods ps = pg. A key distinction can be drawn
between pure distillation, where the primary objective is for the student predictions pgs(y|z) to
match the teachers’ predictions pr(y|x) and hybrid distillation, where the main task is to model
some ground-truth p(y|x), and a distillation objective is used in addition to the main objective (e.g.,
next-token prediction) to increase performance on the main task. Hybrid distillation can be useful to
avoid potential issues arising from the pure setup, e.g. teacher hacking (Tiapkin et al.||2025) and a
detrimental student—teacher capacity gap (Busbridge et al.l [2025)). On the other hand, pure distillation
can be highly effective at preserving the student’s knowledge when it has the same backbone as the
teacher (self-distillation); a setting where hybrid distillation can be destructive (c.f. Section ).

Distillation Objectives. To encourage the student predictions to match the teachers’, we need some
measure of distance between pg(y|x) and pr(y|x). The typical choice is the Kullback-Leibler diver-

gence Dxi(pr || ps) = >,y pr(tilt.i) log % (Kullback & Leibler,|1951). However, other

objectives have been argued to be more suitable for distillation (Gu et al.|[2024; Ko et al.|[2024); many
of them are instances of f-divergences of the form Di(pr || ps) = >, ¢y f(pr(tilt.)|Ips(tilt.i)

where f(pr(z)|[ps(x)) = ps()g(L)

) and g is convex and non-negative (Rényi, 1961)

IThis is not the case for tokenizers which can emit <unk> due to out-of-vocabulary characters (such as the
original BERT tokenizer; Devlin et al.||2019). However, a tokenizer with this property can again be converted to
byte-level and the vocabulary minimally extended to cover all bytes to restore the byte fusion property.

2For ease of notation, we do not treat special tokens (such as an <eos> token marking the end of the text)
separately. Special tokens can be considered a part of the encoding %, e.g., a range from {256, . .., 256 + k}.

>We use Python-style indexing where ¢;.; indicates the elements in ¢ starting from ¢ up to but excluding 7,
and t.; indicates the elements from the beginning (index 0) up to but excluding j.

“We refer to|Xu et al. (2024) for an overview on distillation in the context of LLMs.

*Note that while the divergence induced by f is typically defined as D (p|lq) = 3, q(2)f (t%) we

define it as Dy (pllq) = >, f(p(x)|lq(x)) to retain clarity in absence of the f-divergence viewpoint.



Cross-Tokenizer Distillation. Recent work has begun investigating ways to distill across different
tokenizers, proposing ULD (Boizard et al., 2025), MinED (Wan et al., [2024) and DSKD (Zhang
et al.,[2024b). We provide a detailed overview of these prior cross-tokenizer distillation methods in
Appendix [G| They have in common that they heuristically incorporate some information from the
teacher. These heuristics are imperfect; prior methods thus strictly operate in the hybrid distillation
setup, lacking the properties necessary to form a pure distillation objective (e.g., the loss being
minimised iff ps(y|x) = pr(y|ex) Vo, y). Our key contribution is introducing a principled cross-
tokenizer distillation objective which enables distillation across fundamentally different tokenizers
(e.g., Subword — Byte) for the first time, while also unlocking pure-cross tokenizer distillation.

3 Methodology

Our key goal is for the student likelihood ps(Ts(2)|Ts(y)) to be equal to the teacher likelihood
pr(Tr(2)|Tr(y)) for every comparable’®|prefix y € * and continuation z € ¥*. To this end, we
start by computing the next-token probabilities pr (T (x);|Tr(x).;) and ps(Ts(x);|Ts(x).;). This
can be done in a single forward pass over both language models. We can now enumerate the starting
and ending positions of the aligned token chunks between the teacher and the student sequences

D(Tr(x).;) = D(Ts(x)x) = v,
Ac(x) = (i,5,k,1) € Z* | D(Tr(x)i.j) = D(Ts(T)r1) = 2, (Alignment Indices)
c(i, 4, k,1) holds

Here, ¢(i, j, k, 1) can optionally constrain the alignment to chunks which are amenable to comparison
(more on this later in Section . For now, we define the chunk-level probabilities p(x,:j) as

p(x,i:j) = p(T(x)i;|T(x).s). (Chunk-Level Probability)

This lets us define our final objective minimising a divergence between the chunk-level probabilities:

LfM@) = > flor(aig)T I ps(m,k:)7) + F(1—pr(z,i)7 || 1—ps(z,k:l)7)
4,7,k 1€EA: ()
(ALM Objective)

where 7 is a temperature scaling hyperparameter and f is a function inducing an f-divergence (Rényi,
1961)). Typically, with identical tokenizers, the sum of the f-divergence would range over all tokens
in the vocabulary; however, when comparing chunk-level probabilities there is an infinite amount of
possible outcomes since there is an infinite amount of possible byte sequences, whose probability
cannot be estimated in a finite time. We thus resort to computing the f-divergence over the binarised
possibilities {p(x,7 : j),1 — p(x,i : j)} given a sample & ~ D. This constitutes an upper bound
to the true f-divergence and preserves its crucial properties (e.g., being minimal iff pg = pp; see
Appendix [E] for further analysis).

3.1 Outcome Chunk Debiasing

Our formulation for the [Chunk-Level Probability|is only approximate since the conditions 7'(x).; and
the outcomes T'();.; could exhibit different tokenization biases across the teacher and the student.
We can avoid the bias stemming from the outcome chunk by modifying the chunk probability to

debiased (0 i §) == p(T () ;4| T (2 Z{p e|T(x).;) | e € V, e starts with any b € B}
(Outcome Debiased Chunk-Level Probability)

p

8Chunks of tokens are strictly only comparable if the difference between their tokenization biases is zero
since ps(Ts(2)|Ts(y)) = pr(Tr(z)|Tr(y)) Yy, z € X* does not imply that the two language models are
equivalent: if T's(z) exhibits different tokenization bias from 7’1 (z), the two models implicitly condition on
different evidence. We formalize this notion in Appendix[F] where we also experiment with explicitly choosing
chunks which have sufficiently low differences in tokenization bias.

"We compute greedy alignments, i.e., we do not consider partially overlapping alignments.
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Figure 2: Outcome chunk debiasing removes tokenization bias. For example, the low probability
of the subword token _Wor would be matched to the high-probability byte sequence {_,W,0,r}
in naive subword — byte transfer. We can debias by multiplying by the marginal probability of a
pretoken-boundary byte occurring after the chunk. In this example, {\n, !} C Bands ¢ B,1 ¢ B
where B is the set of shared pretoken-boundary bytes across the teacher and the student.

Here, B is the set of pretoken-boundary bytes; these are bytes which never occur within a token. In
practice, this can be e.g. whitespace such as the bytes corresponding to the \n, \t and the space
character. Going back to our example from Section lett = {_Hello, _Wor}. By computing

() - (p({_}t) + (p({\n}[t) + ...), we explicitly exclude the possibility that ¢ is followed by
the letters ‘1d’, which, assuming every chosen ending token e starts with a byte in B, removes
tokenization bias (otherwise, the sequence would still be biased since there could exist a single token
encoding D(t ® {e})). This debiasing has been first introduced by Pimentel & Meister (2024) in the
context of correctly computing the conditional probability of a word under an autoregressive language
model. See Figure2|for an illustration of this example. Debiasing is only feasibly applicable to the
outcome chunks since the required probabilities are computable ‘for free’ within a single forward
pass. There is, however, one remaining complication: if the debiasing probability is very low, the
multiplication with p(T'(x);.;|T(x).;) will ‘erase’ the chunk probability to an extremely low value,
making meaningful comparison between chunk probabilities difficult. To address this issue, we set
the alignment constraint (c.f. Equation|Alignment Indices)):

(i, j, k1) Z{pT e|Tr(x).;) | e € Vr, e starts with any b € B}> v

We ablate the impact of outcome chunk debiasing in Appendix [A3] finding that it substantially
improves performance, with a slight further improvement by choosing a nonzero threshold .

3.2 Distilling Hidden States across Tokenizers

A limitation of our method is that, since we match 32-bit floating point chunk probabilities, the
teacher signal has |A.| x 32 bit per text, while it typically has O(|V'|) more at |T'(x)| x |V| x 32 bit
when the teacher and the student have the same tokenizer (i.e., KL divergence between the teacher
and the student next-token distributions). To make up for this sparsity of the signal, we optionally
add an auxiliary loss maximizing the similarity of aligned hidden states between the two modelsﬂ

Ehldden( ) = Z Z ||HT(TT<$))§-T — proj(Hs(Ts(w))ﬁs)H
Ir,ls€Lr,s 1i,5,kleA(x)
(Hidden State Alignment Objective)

where H,(...)! are the language models’ hidden states at layer [ and index i in the sequence and
Lt s € 77 are layer-wise alignments between the teacher and the student (e.g., indicating that the last

8This is inspired by same-tokenizer distillation methods which align hidden states as in|Sanh et al.| (2020).



Table 1: Results of transferring the Gemma?2 2B IT and Llama3.2 3B IT LLMs to the Qwen?2 tokenizer
and to byte-level tokenization. original denotes the original model without transfer. ARC-C refers to
Arc-Challenge. AGI-EN and AGI-ZH refer to the English and Chinese splits of AGIEval.

Model Tokenizer Method ) Benchmark Avg.
PiQA ARC-C  BoolQ MMLU AGI-EN AGI-ZH IFEval

original 796 504 838 569 42.1 30.7 625 58.0

SFT 75.8 435 7777 498 314 287 542 516

DSKD 740 414 797 504 33.0 289 536 516

—Qwen2 MinED 767 443 796 51.8 330 288 57.1 53.0

ALM +SFT 77.0 480 825 534 364 314 557 549

Gemma?2 2B IT ALM 76.8 490 827 536 389 316 532 551

SFT 70.7 347 679 431 27.6 300 51.5 465

DSKD 705 356 702 423 275 304 550 474

—Byle MinED__ 694 358 728 429 287 299 502 411

ALM +SFT 715 382 805 510 356 304 519 513

ALM 720 406 811 51.0 36.0 293 443 50.6

original 769 439 788 624 36.6 402 766 593

SFT 764 440 80.0 60.7 339 296 656 557

DSKD 720 372 783 459 325 309 60.7 51.1

—Qwen2 MinED ~ 77.1 442 824 609 358 294 710 573

ALM+SFT 770 444 799 61.8 371 320 74.1 58.0

Llama3.2 3B IT ALM 773 456 790 o616 371 333 763 58.6

SFT 75.2 39.8 76.8 51.5 31.5 326 60.8 52.6

DSKD 71.1 36.0 658 48.0 320 303 579 48.7

—Byle MinED__ 732 387 786 SLI_ 331 323 596 524

ALM+SFT 736 398 766 57.0 357 333 588 535

ALM 737 401 760 559 357 332 492 520

layer hidden states of the two models should be aligned). proj(x) : R4 — R97 is a learnt projection
function mapping the student hidden states to the teachers’ dimensionality. We use greedy alignments
(without any constraint ¢) as the hidden state alignments A (). The auxiliary loss enriches the signal
from the teacher by |A| x dp x 32 bit. We find it to be particularly useful in some cases when the
teacher and the student have the same underlying architecture (c.f. Section ).

3.3 Combining Loss Components

As per above, we have two distillation loss components LngM(a:) and E}gdq‘ien(cc) We can also
combine the distillation loss with a next-token prediction objective (making it hybrid distillation;
c.f. Section . The question, then, is how to combine these losses into one? Prior work (Zhang
et al.| [2024b; [Wan et al.| 2024, among others) aggregates losses via their arithmetic sum, where
the contribution of each loss is optionally modulated by factors (31, 32, .., 5,. Although this allows
choosing 3 such that the losses have approximately equal magnitudes, this does not mean that they
contribute equally: they only contribute equally if their gradients have equal magnitudes. These two
quantities are not necessarily related: for example, forward KL-divergence and cross-entropy have
different values but equivalent gradients w.r.t. the predicted probabilities. To solve this problem,
GradNorm (Chen et al.| |2018)) introduces an auxiliary loss to learn task weights such that the per-task
gradients Gy, of the last layer weights W have similar magnitudes across tasks (enumerated by 7). We
take a simpler approach: We compute per-task gradients for the last layer, then set the weight for the
task i to 1/]|GY || (normalised to sum to one). Instead of optimizing a loss toward similar last-layer
gradient magnitudes, we thus directly solve for equal last-layer gradient magnitudes, choosing only
the last layer gradients to maintain minimal overhead. This method (which we refer to as GradMag)
performs on par or better than GradNorm while being easier to implement (see Appendix [A.4).



4 Experiments

We experimentally verify our method on three distinct use cases. First, we observe that self-distillation
across tokenizers enables unprecedentedly effective transfer of a pre-trained language model to a
different tokenizer, which we explore in[Use Case 1| Secondly, we find that ALM improves over prior
cross-tokenizer distillation objectives at distilling a large maths-specialised model into a much smaller
model (Use Case 2). Thirdly, we plug in ALM as a replacement for the next-token prediction objective
of [Minixhofer et al.| (2024)’s hypernetwork training procedure, achieving a new state-of-the-art in
Zero-Shot Tokenizer Transfer across a range of tasks (Use Case 3).

Use Case 1: Tokenizer Transfer via Self-Distillation

Tokenizer transfer is the problem of transferring a pretrained language model to a different tokenizer
which typically has some desirable properties (c.f. Rust et al., 2021). We observe that tokenizer
transfer can be treated as cross-tokenizer self-distillation: the teacher is the language model with the
original tokenizer, and the student is the same language model with the new tokenizer. We investigate
two particular applications of tokenizer transfer via self-distillation. First, we transfer multiple
language models to the same (subword) tokenizer; this enables token-level ensembling, improving
their performance. Second, we transfer subword-based language models to byte-level tokenization,
fundamentally changing their token granularity. This may be an attractive way of creating byte-level
models instead of expensively training from scratch.

Models. We use the instruction-tuned Gemma2 2B IT (Gemma Team et al.,[2024) and the instruction-
tuned Llama 3.2 3B IT (Grattafiori et al., 2024)) as the models for self-distillation. We transfer these
models to the Qwen2 tokenizer; this enables ensembling the models with models of the Qwen series,
for which we choose Qwen2.5 1.5B IT (Qwen et al.,[2025). We examine the choice of the pivot and
the related subtle decision whether to keep or to transfer the special tokens in Appendix [H]

Baseline Methods. We compare against initialising the new token embeddings using a heuristic (e.g.
Tran, 2020; Minixhofer et al., 2022; |Gee et al., 2022; Dobler & de Melol [2023)), then training on
next-token prediction — the current standard methodology for tokenizer transfer. We refer to this
baseline as SFT. We use FVT (Gee et al.| |2022)) as the initialisation heuristic following Minixhofer
et al.|(2024). We choose DSKD Zhang et al.| (2024b) and MinED (Wan et al., 2024) as cross-tokenizer
distillation baselinesr_;] DSKD and MinED add cross-tokenizer distillation to the next-token prediction
objective, so they need to train jointly on SFT and distillation; this is not the case for ALM. We thus
also experiment with our objective plus next-token prediction (ALM + SFT).

Training. We train on the Tulu3 instruction-tuning dataset (Lambert et al., [2025)) with LoRA (Hu
et al.| [2022), sweeping over the learning rate per method (see Appendix and using GradMag to
combine loss components (c.f. Section[3.3); see Appendix [B|for training details. For transfer to bytes,
we make additional adjustments to account for this fundamental change discussed in Appendix [C]

Evaluation & Transfer Results. We evaluate on a standard set of natural language benchmarks
consisting of PiQA (Bisk et al.| [2020), ARC-Challenge (Clark et al., 2018)), BoolQ (Clark et al.|
2019), MMLU (Hendrycks et al., 2021)), AGIEval (Zhong et al., 2023 and IFEval (Zhou et al.,
2023)). We use 1m-eval (Gao et al. 2024) for all evaluations. Table E] shows tokenizer transfer
results. On transfer to the subword-level Qwen2 tokenizer, MinED leads to consistent improvements
over SFT, and ALM and ALM+SFT consistently improve over MinED. Here, pure ALM (without
SFT) performs better than ALM+SFT, which may be the case due to better preserving the original
model’s behaviour. The byte-transfer case is substantially harder: in general, we expect the difficulty
of cross-tokenizer distillation to correlate with the difference in vocabulary size between the teacher
and the student. The vocabulary size difference is extreme for transfer to bytes. In this case, prior
cross-tokenizer distillation methods do not achieve consistent improvements over SFT. In constrast,
ALM and ALM+SFT achieve substantial and consistent improvements. We hypothesize ALM+SFT
outperforms ALM here since naive transfer to bytes is necessarily strongly destructive since the
model has to adapt to a vastly different granularity, so preserving the original model’s behaviour

“We forgo comparison against ULD (Boizard et al.l[2025) since DSKD and MinED have been shown to
perform consistently better by [Wan et al.[(2024) and|Zhang et al.|(2024b).

For AGIEval, we report the macro-average over the English and Chinese subsets excluding GaoKao Math
Cloze and AGIEval Math since they are not designed for instruction-tuned models in their published form.



Table 2: Results of ensembling (transferred) Gemma?2 and Llama3 with a Qwen2.5 model. p and logp
denote taking the arithmetic mean of the probabilities and the log probabilities, respectively. MinED
denotes the ensembling baseline based on heuristically aligning token probabilities.

Size ID Model A Benchmark Avg.

PiQA ARC-C BoolQ MMLU AGI-EN AGI-ZH IFEval
Original  20B G Gemma2 2BTT 796 504 838 569 421 307 625 580
Mogale' 32B £ Llama3.2 3B IT 769 439 788 624 366 402 766 593
1.5B Q Qwen2.5 1.5B IT 763 432 779 60.1 450 542 463 576
Transfors 24B 9/ G—Q Tok. 768 490 827 536 389 316 532 55.1
33B £/ £ Q Tok. 773 456 790 61.6 37.1 333 763 586

7.3B Q+G+L (MinED-logp) 75.7 468 84.6 626 420 345 672 59.1

Ensembles ,;-,Zg _ _Q+G+L (MinED-p) 769 462 832 641 406 394 659 595

Q+G' +L' (logp) 777 484 839 622 442 468 61.1 606

7.2B O+G' +L (p) 775 48.0 834 63.0 43.6 457 643 608

Larger 7.6B Llama3.1 8B IT 81.6 539 854 684 473 471 817 665
Models  8.0B Qwen2.5 7B IT 804 543 864 717 576 726 76.6 714

is less crucial. For transfer to bytes, a gap with respect to the original model remains in all cases.
There are multiple avenues toward closing this gap: it may be beneficial to add a distillation phase on
pretraining data, to add more layers to close the gap in effective parameter count, to retrofit the model
into an hourglass architecture with token merging as in DTP (Nawrot et al.,|2023) or BLT (Pagnoni
et al.,[2024]), and/or to add multi-byte prediction (Gloeckle et al., 2024).

Ensembling Results. Table[2]shows the results of ensembling Qwen with the transferred Gemma
and Llama models (@ + G’ + L£'). Following [Huang et al.| (2024)), we compare against a MinED
ensemble: this applies the same heuristic as the corresponding distillation method to map tokens in
the respective vocabularies to the pivot vocabulary (in this case, Qwen)Er] The ensemble exhibits two
notable characteristics: (i) on tasks where all constituents perform at a similar level, the ensemble
improves over the performance of each individual model (e.g., PiQA, BoolQ, MMLU) and (ii) on
tasks were either one of the constituents performs exceptionally well, the ensemble moves the needle
toward this level of performance, although it doesn’t reach it (e.g., ARC-C, AGIEval, IFEval). These
improvements stem from naively averaging the models’ predictions. We believe they open the door
toward more sophisticated inter-model combination via improved ensembling (e.g.,/Ormazabal et al.|
2023)), routing (e.g.,|Shen et al.,[2024) and/or merging (e.g., Sharma et al., [2024)).

Cost of Distillation. We report the FLOPS and memory requirements as well as the task performance
across methods in Figure[8] DSKD requires substantially more TFLOPs than the other methods since
there is an extra cross-attention step between the teacher and the student sequences which can incur
substantial costs. This is further exacerbated with longer contexts (e.g., when transferring to bytes).
MinED needs substantially more memory since the |T'(x)| x |V'| matrix of logits needs to be aligned
with the student along the sequence and vocabulary dimensions. ALM suffers from neither of these
constraints and reduces the gap to the teacher by an additional 34% over the best prior method.

Use Case 2: Large-to-Small Distillation Across Tokenizers

To investigate the efficacy of our method in a large-to-small distillation setting, we scale up from the
evaluation setups used in prior work on cross-tokenizer distillation to a realistic larger-scale setup:
distilling the maths-specialised OpenMath2-Llama3.1-8B (Toshniwal et al.,[2024)) into Gemma2 2B.
As in[Use Case | we compare our method against training with SFT, DSKD, and MinED.

Training. We use the OpenMathInstruct-2 dataset (which the teacher has been trained on; [Toshniwal
et all [2024) and follow the training setup from [Use Case I} apart from increasing the sequence length
to 1024 to allow for longer chain-of-thought traces, doubling the batch size to 64, and accordingly
reducing the training steps to 5k to train for an equivalent total amount of tokens. We also found it
beneficial to train the full model and reduce the learning rate to 5e-6 in preliminary experiments.

Tt is worth noting additional methods to ensemble models with different tokenizers: (i) DeePEn (Huang et al.,
2024) and (ii) Pack of LLMs (Mavromatis et al.| 2024). The required memory of (i) scales quadratically with the
vocabulary size, making it infeasible to apply to models with >100k tokens and (ii) is based on combining the
sequence-level likelihoods, which makes generation impossible; we thus compare against MinED.



Required FLOPs Required Memory Task Performance
2x SFT 2x SFT 58.0 (Teacher)
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Figure 3: Efficiency and task performance metrics of cross-tokenizer distillation methods, measured
via worst-case performance across transfer of Gemma2 to Qwen2 and byte-level tokenizers. SFT
denotes the required FLOPs and memory as well as the task performance of the SFT baseline.

Table 3: Results of cross-tokenizer distilling the large math-specialized OpenMath2-Llama3.1-8B
into the small Gemma2 2B language model. All results are zero-shot CoT.

Model Method GSMSK MATH Avg.
OpenMach—Llama3.l—8B 88.9 10.86 60.2 0.69 74.6 +0.55
Gemma?2 2B IT 6.1 o6 11.3 1045 8.7 +o040
SFT 67.2 1129 36.2 1068 51.7 +o73
DSKD 65.7 +131 34.9 o467 50.3 1074
Gemma?2 2B ~MinED 649 115 346 1067 498 107
ALM + SFT 70.2 +1.26 36.4 0.68 53.3 10.72
ALM 68.5 +18 36.7 008 52.6 ~070

Evaluation & Results. We report zero-shot accuracy on GSM8K (Cobbe et al.,2021) and the MATH
benchmark (Hendrycks et al.,[2021)) in Table 3] Notably, the SFT baseline is competitive, surpassing
both MinED and DSKD. However, ALM and ALM + SFT do consistently outperform SFT, leading
to an improvement of up to 3% points while greatly surpassing the general-purpose Gemma?2 2B IT
and achieving 53.3 / 74.6 of the teachers’ average performance at 4x fewer parameters.

Use Case 3: Improving Zero-Shot Tokenizer Transfer Hypernetworks via Self-Distillation

As a final use case, we apply ALM to Zero-Shot Tokenizer Transfer (ZeTT) hypernetworks (Minix-
hofer et al., [2024)). In a nutshell, the idea is training a hypernetwork on a distribution of randomly
sampled tokenizers such that, after training, the hypernetwork can predict embeddings for any
arbitrary tokenizer. The tokenizer transfer effort is thus shifted to a hypernetwork training stage,
making subsequent tokenizer transfer easier (or even possible in zero-shot). Minixhofer et al.| (2024)
train the hypernetworks via a next-token prediction objective, i.e., to predict embeddings which
minimize the cross-entropy of the next-token prediction. We instead plug in the ALM loss, training
the hypernetwork to produce embeddings which mimick the behaviour of the original model, instead
of merely predicting embeddings which perform well at next-token predictionE] Results are shown in
Table ] ALM outperforms SFT for hypernetwork training (e.g. 67.5 — 74.0 on BoolQ for zero-shot
transfer to the Mistral v2 tokenizer). In general, we expect direct tokenizer transfer self-distillation
via ALM as in[Use Case I|to be the most efficient if the goal is transferring to a single target tokenizer.
However, if the goal is to potentially transfer to up to IV different tokenizers, there is some threshold
of NV where we expect it would become more efficient to train a ZeTT hypernetwork once, then have
a brief additional training phase per tokenizer, instead of separately transferring to the /N tokenizers
individually. ZeTT hypernetwork training also demonstrates another advantage of our method: while
MinED needs an expensive pre-computation step to compute the Levenshtein distance between every
pair of tokens, ALM does not require any pre-computation: it can operate in online settings such as
hypernetwork training where a new tokenizer is sampled at every training step.

12We also streamline the hypernetwork architecture to train in a single stage for both methods (Appendix @)
“Here, we substitute IFEval for ARC-E (Clark et al.,[2018)) and HellaSwag (Zellers et al.,2019) to report
performance on a superset of the benchmarks used by [Minixhofer et al.|(2024).



Table 4: Performance of a Gemma2 2B hypernetwork trained with SFT vs. ALM on zero-shot
transfer to the GPT2 (Radford et al., 2019), Mistral v2 (Mistral Al 2025) and Llama3 tokenizersEr]

Benchmark

Tokenizer Method ) Avg.
PiQA ARC-E ARC-C BoolQ MMLU AGI-EN AGI-ZH HS

original 796 782 504 838 569 421 307 726 618
ost ooy SFT 746 631 401 732 408 267 278 689 519
- ALM 761 672 414 716 450 261 272 697 53.0
Oshgt pre e o SFL 736 616 377 675 377 252 293 645 496
o MIstralvat M 752" 663 405 740 385 263 286 660 519
Oshory ooy SFT 742 609 384 680 376 249 292 643 497
—oLamas s M 755 660 403 743 386 256 288 659 519

Table 5: Results of transferring Gemma3 12B IT to the Qwen?2 tokenizer (c.f. Table|I]).

Benchmark
Model Method ) Avg.
PiQA ARC-C  BoolQ MMLU AGI-EN AGI-ZH IFEval

original 782 60.1 875 715 600 574 833 712

Gemma3 12B IT — Qwen?2 Tok. SFT 814 567 837 672 462 435 734 64.6
ALM 788 599 869 707 57.6 536 767 69.2

4.1 Scaling ALM to Larger Models

We ran additional experiments on tokenizer transfer of Gemma3 12B (Gemma Team et al.| [2025)) to
the Qwen2 tokenizer (also used by Qwen3) via ALM self-distillation to verify that our method scales
to larger models. Results are shown in Table[5] Crucially, the transfer-original gap reduction due to
ALM scales favourably with model size both in terms of absolute numbers and relative improvements
over SFT (3.5/6.4 = 55% reduction for Gemma2 2B — Qwen2 Tok. vs. 4.6/6.6 ~ 70% reduction
for Gemma3 12B — Qwen2 Tok.) in this experiment. We leave scaling to truly large models to
future work, but note that we expect no fundamental obstacles in doing so (c.f. also Appendix [[ on an
efficient implementation of ALM).

5 Conclusion

We have introduced ALM, a principled cross-tokenizer distillation method which outperforms prior
heuristic methods across a diverse set of use cases while also enabling distillation across fundamentally
different tokenizers for the first time, as evidenced by effective distillation of subword-based models to
the byte-level (Use Case I). We have also shown that ALM is effective at conventional large-to-small
distillation and enables state-of-the-art zero-shot tokenizer transfer (Use Case 3)). Overall,
our work vastly expands the number of possible teacher—student pairs for distillation. In addition to
enabling a range of new applications, this provides a basis for further enhancements such as more
sophisticated combinations of tokenizer-transferred models via enhanced ensembling/routing/merging
and using ALM to retrofit subword-based models into dedicated byte-level architectures.

6 Limitations

Due to computational constraints, we have trained on comparably few tokens (= 0.6B). It is not yet
clear how ALM compares to SFT and other distillation methods in regimes with larger amounts
of training tokens. Furthermore, we only explore one instantiation of cross-tokenizer transfer via
minimising a chunk-level f-divergence, leaving other instantiations (e.g., a categorical instead of
binary divergence) to subsequent explorations. Along the same lines, it is not clear whether our
chunk selection strategy is optimal and the space of possible chunk selection strategies is large,
including overlapping or non-consecutive chunks. Finally, we have restricted ourselves to the seminal
Supervised KD setup (Hinton et al., 2015)), leaving applications of ALM to more intricate distillation
using e.g. Rejection Sampling (as in Touvron et al.| 2023)) or On-Policy Distillation (as in|Gu et al.|
2024; | Agarwal et al., 2024) to future work.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]
Justification: The claims made in the abstract and Section [[l match the results in Section 4]
Guidelines:

e The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: We discuss limitations in Section [0l
Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate "Limitations" section in their paper.

The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [Yes]
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Justification: We provide proofs around the binarised f-divergence in Appendix [E]
Guidelines:

* The answer NA means that the paper does not include theoretical results.

 All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: Appendix [B]states our common experiment setup, and various sections through-
out the paper state how we adjust this setup for any particular experiment. Together, this
provides the full details to reproduce our experiments.

Guidelines:

* The answer NA means that the paper does not include experiments.

* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
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Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer:

Justification: Code is not submitted alongside this paper but will be provided upon publica-
tion.

Guidelines:

* The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized

versions (if applicable).

Providing as much information as possible in supplemental material (appended to the

paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: We provide training details in Appendix [B|and details on hyperparameters and
how they were chosen in Appendix [A]

Guidelines:

* The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

¢ The full details can be provided either with the code, in appendix, or as supplemental
material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]

Justification: We report the standard error of the mean in the experiments on[Use Case 2]
For|[Use Case I]and[Use Case 3| we perceive quantifying statistical significance not to be
necessary due to the magnitude and consistency of improvements over prior methods.

Guidelines:

» The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.
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8.

10.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

« It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

o If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.
Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]
Justification: Compute resources and execution times are specified in Appendix [B]
Guidelines:

* The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]
Justification: We adhere to all applicable points of the Code of Ethics.
Guidelines:

¢ The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]

Justification: We discuss our methods’ positive impact on enhancing reusability and compos-
ability of LLMs in Section[I] We do not believe our method leads to any particular negative
societal impact beyond the potential negative impact of increased LLM adoption.

Guidelines:

* The answer NA means that there is no societal impact of the work performed.
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* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]

Justification: We do not release any standalone models; released fine-tuned models are
bound to the model checkpoints there were fine-tuned from, including being bound to the
safeguards put on the fine-tuning starting point.

Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]
Justification: Asset creators are credited, were applicable, throughout the paper.
Guidelines:

* The answer NA means that the paper does not use existing assets.
 The authors should cite the original paper that produced the code package or dataset.

* The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.
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14.

15.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

o If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer:

Justification: We will release fine-tuned model checkpoints created via training with our
method upon publication alongside our code. These assets are not vital to our method itself,
and we thus do not make them part of this submission.

Guidelines:

» The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justification: There are no human subjects involved in the experiments.
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with

human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justification: There are no human subjects involved in the experiments.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.
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* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage
Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used

only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [NA]
Justification: Our work does not involve applying LLMs in any way.
Guidelines:

* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

¢ Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.

A Ablations & Sensitivity Analyses

A.1 Sensitivity to the Learning Rate

We analyse the impact of different choices for the learning rate across all methods in Table[6] The
different methods are generally robust to settings for the learning rate within the range of 2e—6 to
5e—>5, although we occasionally observed loss spikes when choosing high learning rates within this
range in preliminary experiments. Accordingly, we set the learning rate to 1le—5 for all methods in
our main experiments.

Table 6: Sensitivity of different methods to the learning rate on transfer of Gemma 2 2B IT to the
Qwen?2 Tokenizer by training for 5k steps (and otherwise matching the experiments in[Use Case .

Benchmark

Method Learning Rate Avg.
PiQA  ARC-C BoolQ  MMLU  AGIEN  AGI-ZH IFEval

2e—6 76.1 41.8 81.1 50.4 34.5 29.9 46.8 51.5

SFT le—5 76.3 422 80.3 50.2 334 29.8 51.8 52.0

5e—5 76.1 4.7 78.5 50.5 31.5 28.5 54.9 51.8
2e—6 75.8 41.7 75.6 49.5 334 30.5 42.7 49.9
DSKD le—5 74.6 40.9 80.0 49.0 33.1 29.8 522 514
5e—5 74.0 41.4 80.3 51.6 323 29.4 54.8 52.0
2e—6 76.0 41.1 78.1 52.0 359 30.0 52.6 522
MinED le—5 76.6 44.0 81.9 52.2 36.3 29.7 57.5 54.0
5e—5 76.3 43.8 80.1 51.7 32.8 28.5 58.1 53.1
2e—6 75.7 46.0 83.4 53.7 40.1 32.9 574 55.6
ALM le—5 76.8 48.0 83.1 53.8 39.3 320 55.5 555
5e—5 76.8 49.1 81.9 53.8 38.9 30.9 54.8 55.2

A.2 TImpact of the Choice for the Distance Function f and the Temperature 7

The distance function f and the temperature 7 are two crucial hyperparameters of our method. We
1/
ya
qt/
distance frvp(p/7||g"/T) = |p"/T — ¢*/7| across a range of temperatures. Figures 4 and [3| show
the gradients with respect to log ¢ over the binarised outcomes of fx; and frvp, respectively. For

analyse two choices of f, the KL-Divergence fi (p/™[|¢*/7) = p*/™ log 2~ and the total variation

22


https://neurips.cc/Conferences/2025/LLM

0.0

~
I
N
~
I
v

log g (predictions)
longer chunks
longer chunks
longer chunks
longer chunks

To

]
-20.0 longer chunks 0.0 longer chunks longer chunks longer chunks
logp (target)

Figure 4: The KL-Divergence gradients S )40k 0—p T 1 =g T

over 7.

dlog q
T=1 T=2 =5

0.0 -
n
c u v v )
s < 9 2 2
g5 5 5 5
35 S S S
o o e =
a @ GJ GJ o
= 2 2 2 2
e 5 5 s
o
-20.0 1

—— —— —— ———
-20.0 longer chunks 0.0 longer chunks longer chunks longer chunks

logp (target)

Sfvo (@ T gt )+ frvp(1—p* TH[1—¢"/7)

Figure 5: The Total Variation Distance gradients 3oz q

over 7.

small temperatures (e.g., 7 = 1), the gradient vanishes as log p or log ¢ decreases. In general, this
expected behaviour: mismatches in higher p or ¢ should generally result in a higher contribution to
the loss gradients than mismatches when p and ¢ are both low. However, importantly, our method
operates on chunks of tokens and the likelihood of a chunk multiplicatively decreases as the length
of the chunk increases (since the likelihood of any token is always less than 1); this means that the
contribution of longer chunks to the loss vanishes if the temperature 7 is low. The value of 7 thus
defines a trade-off: low 7 leads to focusing on high-likelihood chunks. Increasing 7 leads to increased
focus on lower-likelihood/longer chunks)>| We also observe notable behaviour of the KL-Divergence
and Total Variation Distance as 7 — oo, and that the gradients as 7 — oo can be computed in closed

form. Specifically, fxr(p'/7|lq"/™) + fyL(1—p*/7||1—¢*/7) ~ C((log p—log q) +log(p) log(1224)

logp
and frvp(p'/7¢* ™) + frvp(1 — pY/7||1 — ¢*/7) ~ C|logp — logq| as 7 — oco. To show this,
we will use the fact that exp(z) ~ 1 +  for small enough 2 and let a = log p'/™ = log(p) /7 and
b =logq'/™ = log(q) /7, both of which are close to zero since 7 — co. We have
1/7
fe 0717 = /7 log
q
= exp(a) (log exp(a) — log exp(b))
= exp(a)(a — b)
~(1+a)(a—Db) since 7 — oo
=a+a’>—b—ab
= log(p)/7 +log(p)*/7* — log(q) /7 — log(p) log(q) /7
~ (log(p) — log(q))/T since 1/7 >> 1/72
= C(logp —logq) where the constant C' = 1/7
and

SDisentangling the loss contribution by longer chunks compared to shorter lower-likelihood chunks could be
an avenue for future work.
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1—p'/7)
1— 1/7 1— 1/7 —(1— 1/7 1 (7
fKL( p H q ) ( p ) 0g (1_q1/7')

= (1 — exp(a)) (log(1 — exp(a)) —log(1 — exp(b)))
~ —a(log(—a) — log(—b)) since 7 — 00

— log(p) (log(— log q) — log(—log p)) /7

1
=C (log(p) log <12§Z>> where the constant C' = 1/7

Analogously, for the Total Variation Distance we have

Frvo (@ 7N1gY7) = frop (L= p T = ¢7) = |pHT — ¢/
= |exp(a) — exp(b)|
~|(14+a)—(1+0)] since 7 — 00
=la—10|
= |log(p)/7 —log(q)/7|
= C|log(p) — log(q)| where the constant C' = 1/7

Empirically, both KL-divergence and Total Variation Distance perform well, and 7 > 1 is beneficial
(Table . We opt for the KL-divergence for our main experiments and set the temperature 7 = IOOE]

Table 7: Sensitivity to the distance function f and temperature 7 on transfer of Gemma 2 2B IT to the
Qwen?2 Tokenizer by training for 5k steps (and otherwise matching the experiments in[Use Case .

Distance function f Temperature 7 Benchmark Avg.
PiQA ARC-C BoolQ MMLU AGI-EN AGI-ZH IFEval

=1 764 472 830 536 400 314 611 561

Py r=5 765 476 833 537 397 323 607 563
- =100 768 480 831 538 393 320 555 555
T = o0 763 477 832 536 390 324 544 552

=1 758 468 835 539 415 320 589  56.1

Iy r=5 756 479 832 537 400 321 610 562
P =100 763 489 829 536 392 322 556 555
T = 00 76.1 484 829 537 386 329 529 551

A.3 Ablating Outcome Chunk Debiasing, the threshold v and Hidden States Distillation

We ablate the impact of Outcome Chunk Debiasing (Section [3.T) as well as the associated threshold
and the Hidden State Distillation Loss (Section in Table [§] Notably, the hidden state loss is
slightly detrimental to Subword — Subword transfer, but highly beneficial to Subword — Byte
transfer. Outcome Chunk Debiasing is consistently highly beneficial, and can be marginally further
improved via a threshold v > 0.

A.4 Comparing Loss Combination Strategies: Fixed 3 vs. GradNorm vs. GradMag

We compare the different loss combination strategies discussed in Section in Table[9] GradMag
performs on par or slightly better than GradNorm across methods, and both perform vastly better than
different fixed combination coefficients 3, while exhibiting only a small overhead from the additional
per-task back-propagation through the last layer. Notably, GradNorm requires an extra optimizer
(and tuning the associated hyperparameters), which our method does not.

187 = 5 performs better and might be a better choice for future experiments. We chose 7 = 100 for our main

experiments by optimizing for our initial method (see Appendix [F); higher temperatures might have been more
important for the initial version of our method since it exhibited a longer tail of low-probability chunks.
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Table 8: Effect of varying the bias threshold ~ on transfer of Gemma 2 2B IT to the Qwen2 Tokenizer
and Llama 3 3B IT to byte-level tokenization, training for 5k steps and otherwise matching the
experiments in D denotes the addition of Outcome Chunk Debiasing (Section[3.1)) and H
denotes the addition of the Hidden State Loss (Section [3.1).

Model — Tokenizer ALM Setting Benchmark Avg.

PiQA ARC-C BoolQ MMLU AGI-EN AGI-ZH IFEval
v = 0.10, D (default) 76.8 483 83.1 536 389 322 56.0 55.6

v =0.99,D 771 48.0 830 537 393 326 537 554
Gemma2 — Qwen?2 v =0.50,D 76.6 479 834 535 398 332 496 549
v = 0.00, D 764 472 831 53.6 390 314 580 555
~v=0.00,D,H 76.6 480 828 540 36.6 315 558 550
v = 0.00 76.2 48.0 830 53.6 390 324 467 54.1
v =0.10, D, H (default) 732 389 77.6 558 340 327 18.0 472
v=0.99,D,H 73.1 398 782 56.1 353 318 173 474
~v=0.50,D,H 73.1 388 763 559 334 316 177 46.7
Llama3 — Byte
v =0.00,D,H 73,5 388 77.1 565 344 309 177 470
~ = 0.00,D 732 403 751 525 30.0 293 169 453
v = 0.00 734 412 740 525 300 31.0 02 432

Table 9: Analysis of the efficacy of (i) different fixed coefficients 3 (ii) GradNorm (Chen et al.,|2018))
and (iii) GradMag (Section [3.3) at transfer of Gemma 2 2B IT to the Qwen2 Tokenizer by training

for 5k steps and otherwise matching the experiments in

Method  Distill. Coef. 5 Benchmark Avg,
PiQA ARC-C BoolQ MMLU AGI-EN AGI-ZH IFEval

SFT 763 422 803 502 334 298 518 520

B—1/3 755 422 799 491 327 316 528 520

B=1 752 398 807 477 323 303 493 508

DSKD B=3 725 355 813 466 316 309 479 495

GradNorm 75.3 41.6 79.7 49.0 32.8 30.3 51.3 514

GradMag (ours) 74.6 40.9 80.0 49.0 33.1 29.8 522 514

B=1/3 76.5 42.5 80.4 49.8 334 29.4 51.8 52.0

g=1 76.3 42.7 80.3 50.0 334 28.4 50.9 51.7

MinED B=3 76.3 43.1 80.5 50.4 33.6 29.0 51.2 52.0
GradNorm 76.3 44.5 81.2 50.9 36.0 29.6 53.8 532

GradMag (ours) 76.6 44.0 81.9 52.2 36.3 29.7 57.5 54.0

B=1/3 76.3 423 79.9 49.8 34.0 29.3 52.0 52.0

g=1 76.4 42.6 79.5 50.1 344 294 522 52.1

ALM + SFT B=3 76.3 422 80.0 50.4 34.7 30.0 52.6 523
GradNorm 77.1 46.0 83.2 53.7 38.7 32.2 61.6 56.1

GradMag (ours) 76.7 46.0 82.8 534 37.9 32.1 58.8 554

B Training Details

Across experiments, unless specified otherwise, we use a batch size of 64 texts and a sequence length
of 512 tokens for both student and teacher. We use Adam (Kingma & Bal [2015)) without weight decay
following the adaptations settings of (Groeneveld et al.| (2024). We choose a default peak learning
rate of 1e — 5 based on the findings in Appendix [A.]} training for 20k steps with linear warmup over
2k steps, then linear decay to zero. We use GradMag (c.f. Section to balance loss components.
We use LoRA (Hu et al.} 2022) with o = r = 64. For ALM, we use a threshold v = 0.1, the
temperature 7 = 100, and set f to fxr(pr||ps) = prlog f)—g to recover the KL-divergence, analysing
the impact of these choices in Appendix We conduct all experiments on a cluster of 40 v3 TPU
chips and 64 v4 TPU chips. The largest individual experiments run on a pod of 32 v4 TPU chips
and take ~ 24 hours for transfer of Llama3 to byte-level tokenization, ~ 12 hours for transfer of
Gemma?2 to byte-level tokenization, ~ 2 days for Gemma2 hypernetwork training and ~ 5 to 10
hours individually per remaining experiment.
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C Adjustments for Transfer to Bytes in Use Case 1

For the transfer to bytes, we start from the hyperparameters described in with the

following modifications. We quadruple the student sequence length to 2048/ ’[halve the batch size
to 32 texts, increase the learning rate to 3e-5 and train the full model. Adding the hidden state
distillation loss leads to consistent improvements (while results are mixed in the subword case, c.f.
Appendix[A.3), so we add it here and do not add it for subword-to-subword transfer. We also untie the
embedding matrices since sharing the input and output embedding parameters has negligible impact
on the parameter count when the vocabulary just consists of the 255 possible bytes. Transfer to bytes
substantially decreases the parameter count due to shrinking the embedding matrix (which can make
up a considerable portion of the total parameters). Thus, to make it less destructive, we devise a
strategy to re-incorporate the subword embedding parameters: for every byte position, we backtrack
to find the longest matching subword token ending at this position. We then add the embedding of this
token to the byte embedding. This is akin to BLT’s strategy of adding n-gram embeddings Pagnoni
et al.| (2024), where in our case the vocabulary is given by the subword-based model. This strategy
only accounts for the parameter mismatch at the input layer, not at the output layer, so we might still
expect decreased performance.

D Hypernetwork Architecture Modifications for Use Case 3

We simplify the hypernetwork training procedure introduced by Minixhofer et al.| (2024) to only
require a single stage instead of the original two-stage training procedure and remove the necessity of
the auxiliary embedding similarity loss. While Minixhofer et al.|(2024) predict the target embeddings
as B = Hy(E™), we switch to a residual formulation E°" = E™[0] + Hy(E™) where Hy is the
hypernetwork and £™ is the input embedding sequence. This way, the hypernetwork (i) does not need
to initially learn to mimic the input embeddings for sequences of length 1 (the purpose of the original
stage one) and (ii) is less prone to catastrophically drifting in embedding space throughout training
(enabling removing the auxiliary loss). We first reproduce [Minixhofer et al.|(2024))’s results on the
TinyLlama model (Zhang et al.,2024a)), then test the impact of switching to our residual formulation
in Table[T0] Based on these findings, we use a residual hypernetwork without auxiliary loss for our
main experiments.

Table 10: Performance of a TinyLlama hypernetwork trained with |Minixhofer et al.| (2024) setting, vs.
our residual setting. While removing the auxiliary loss is catastrophic in Minixhofer et al.[(2024)’s
setting, our residual setting allows removing it at only a minor performance degradation. We exclude
BoolQ and MMLU from this comparison since TinyLlama performance is not better than random.

Benchmark

Method Tokenizer Avg.
PiQA ARC.EE  ARC-C  AGLEN AGIZH HS

o 731 552 307 233 278 9.0 449

099 GPT2 709 488 283 229 275 559 424

Minixhofer et al|(2024) ™ Mistral v2 706 503 288 219 279 540 422

(reproduced) — 0shoty 1. a3 705 497 282 219 270 538 419

Average 70.6 49.6 28.4 22.2 27.5 54.5 422

099 GPT2 714 501 304 215 266 564 427

SET (Residual + Lex) ZH:E Mistral v2 703 503 297 212 271 547 422

01 | Jama3 710 498 296 208 265 542 420

Average 709 501 299 212 267 551 423

0 GPT2 704 492 289 218 262 559 421

SET (Residual) Z—E Mistral v2 694 496  29.1 215 268 538 417

009 | Jama3 700 495 285 221 265 535 417

Average 699 494 288 218 265 544 418

""The increase in sequence length is necessary since one token consists of ~ 4 bytes on average.
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E Relation of the Binarised f-divergence to the Categorical f-divergence

Recall that we define the divergence induced by f as Dy (pllq) = >, p f(p(z)|q(x)). Here, f must
be writable as f(p(x)]|q(z)) = q(x)g (p E:g) where ¢ is convex and non-negative by the definition of

f-divergence (Rényi, 1961). The binarised f-divergence is D¥™™¢(p|lq) = f(p(x)|q(x)) + f(1 —
()11 — g(z)) for some x ~ D. We will show that the binarised f-divergence is a lower bound to
the categorical f-divergence. We have

Ds(plg) =Y _ f(p(x)|q(x

x~D

= f(p(2)|q(x)) + Z f(p(2)|lq(z")) splitting the divergence into two parts
&/~ D\ ()

Since the first term of the split Dy and D'}i“msed is the same, it remains to show that

FA-p@)l-q@)< Y flpa)]a"))

a/~D\{x}

We expand 1 — p(x) and 1 — g() and insert ¢(x)g (%) = f(p(x)]lq(x))

g(Zx/ND\{x}p(xl)) PR COE DY g(%i) q(x")

Lo\ 4@ ) By w'~D\{x}

which is true by Jensen’s inequality since g is convex. O

Alternatively, it follows from the data processing inequality that the binarised f-divergence is a lower
bound to the categorical f-divergence since post-processing (by merging all but two options) can
only decrease the divergence. Since D'}mamed (pllq) is an f-divergence, the important properties that

Dhmised(p|lq) = 0iff p = g and DY™4(pl|g) > 0 otherwise also hold.

F A Variant of ALM Which Explicitly Takes Tokenization Bias into Account

We initially experimented with a version of ALM which explicitly selects chunks with low approxi-
mate differences in tokenization bias. This was intented to make the likelihood comparison more
accurate by minimizing spurious differences caused by differing tokenization biases between the
teacher and the student sequences. We did not end up choosing this formulation since it requires
a pre-computation step like MinED, which results in additional complexity and prevents online
applications such as while performing roughly equally well. Nonetheless, we believe this
previous formation and the associated formalisms may be useful to the community, and thus provide
a description in the following, starting with some additional preliminaries.

Measuring Tokenization Bias. We can measure tokenization bias via the notion of cover encod-
ings (Phan et al.| [2024). The cover encodings of a sequence of tokens ¢ = T'(x) are all sequences
of tokens w such that (i) decoding and re-encoding the sequence leads to the same token sequence
T(D(u)) = wu (this has been referred to as validity), (ii) « is a prefix of D(w) and (iii) « is not
a prefix of D(uO;M,l) (i.e., the last token in w covers a part of :c){:gl We denote the set of all
cover encodings as cover(t). Note that ¢ € cover(t). We further define the set of implied exclu-
sions X(t) = {D(u) | u € cover(t),u # t}. |X(t)] is a concrete measure of the tokenization
bias of any particular token sequence t. If we observe the token sequence t = T'(x).;, we know
that & ¢ X(t). Otherwise,  would have been tokenized differently. In our previous example,
_Hello_World € X'({_Hello, _Wor}).

'8See Phan et al|(2024) for a more detailed exposition of cover encodings.
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Choosing Chunks with Low Approximate Tokenization Bias Difference. We would now like
to constrain chunk alignment such that the prefix and continuation are biased in the same way,
ie., X(Ts(y)) = X(Tr(y)) and X(Ts(z)) = X(Tr(z)). Unfortunately, this requirement is
prohibitively stringent in practice: for example, if the student tokenizer is unbiased while the teacher
tokenizer is not, it might rarely (if ever) be fulfilled. We thus define a relaxation which lets us
define the alignment constraint c(i, j, k, [) (c.f. Equation|Alignment Indices)) such that the chunk bias
differences are small enough, but not necessarily zero. To this end, we introduce a precomputable
scalar approximation of the difference in tokenization bias between two sequences. Let us consider
arbitrary language models A and B (not necessarily a teacher and a student). We first define
(X4 \ XB)(x) to be the set difference of implied exclusions X on some text « between the token
sequences of the two i.e. (X4 \ X)(x) = X (Ta(x)) \ X(Ts(x)). We can then quantify a scalar
difference b p(x) in tokenization bias between the two sequences.

bBHA(:c) = Z pA(TA(d))

de(Xa\XB)(x)

If (X4 \ Xp)(x) = 0, Ta(x) is biased to a lesser or equal extent as Tp(x) and bg|ja(z) = 0.
If not, b a(x) will be high if any text d which T4 is biased against but T’ is not is assigned
a high probability by the language model A. Instead, if a text d € (X4 \ Xp)(x) is assigned
a low likelihood, it affects the bias difference to a lesser extent. We can use the symmetrised
bias ba p(x) = max(bpa(x),bap(x)) as a measure of the ‘biasedness’ of any text. However,
computing b 4 () is prohibitively expensive since we need to compute the cover encodings of every
text  under both tokenization functions, as well as the likelihood assigned by the language model
to every text d in the difference between implied exclusions (X4 \ Xg)(x). Therefore, we make
two key approximations to estimate ZA)BHA(CC) ~ bp| a(x) (and analogously Z;B||A(ac) ~ bp|a(x)) at
nearly zero computational overhead.

Approximating X' (T'(x)) via X (T'(x),,). We approximate the implied exclusions of T'(x) via the
implied exclusions of the last token 7T'(x),, in T'().

X(T(x)) = {D(T(x)<pn) Ou | u € X(T(x),)} (Bias Approx. 1)
This makes it possible to precompute the implied exclusions X (¢) for all t € V.

Approximating p(T'(x)) via punigram(7'()r). We approximate the language model likelihood
p(T(x)) via the unigram likelihood punigram (7'(2),) computed via the token counts of a text corpus.

ﬁ(T((I))) = punigram(T<m)n) (BiaS AppI'OX. 2)

This approximation is crude by necessity since it is distinctly intractable to run every token se-
quence d € (X4 \ Xp)(x) through a large language model. However, we show later in Section 4]
that it performs well in practice. [Bias Approx. 1|and Bias Approx. 2| together make the bias
only depend on the last token in the sequence. Going back to our distillation setup, the above
approximations allow precomputing the bias difference lA)S,T(a:) for any text by enumerating all
possible last token pairs (tg,t7) € Vs x Vr and storing the result in a sparse matrix in RIVs!xVrl,
This achieves our goal of defining an efficiently computable scalar metric to measure the differ-
ence in tokenization bias between two token sequences, and lets us set the alignment constraint to
c(i, j, k, 1) := max(bs 7 (D(Tr().4)), bs.r(D(Tr(x)i;))) < where v is a manually defined bias
difference threshold. Together, these approximations give a result in a viable alternative formulation
of ALM, although one which requires pre-computation. See Table [IT]for a minimal comparison of
this variant with our main method.

G Overview of Existing Cross-Tokenizer Distillation Methods

ULD (Boizard et al., 2025) trains the student via next-token prediction plus a Wasserstein distance
loss (Kantorovich, |1960) between the teacher logits and the student logits at every step. This ensures
that the absolute difference between the sorted teacher logits and sorted student logits at every position
is small.
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Table 11: Comparing a variant of ALM which explicitly aims to take tokenization bias into account
(Appendix [F) with the main ALM version on transfer of Gemma2 2B IT to the Qwen tokenizer as in

[Use Case 1] but training for 5k steps instead.

ALM Setting Benchmark Avg.
PiQA ARC-C BoolQ MMLU AGI-EN AGI-ZH IFEval
ALM 768 483 831  53.6 389 322 560  55.6

ALM - AppendixVariant 76.9 46.8 83.1 53.6 394 31.5 529 54.9

Table 12: Ensembling results across Qwen and Llama pivots and across keeping/transferring the
special tokens. We adjust our notation as follows: A,y  now denotes transferring to tokenizer ),
while preserving the special tokens of X’ (the default in Table[2). X,y denotes transferring regular
and special tokens to tokenizer ). We also explicitly denote the pivot used by the MinED baseline.

Benchmark

SizeID  Model Avg.
PiQA ARC-C BoolQ MMLU AGI-EN AGI-ZH IFEval
aal 2.6BG Gemma?2 2B IT 79.6 504 83.8 569 42.1 30.7 62.5 58.0
Models 32BL Llama3.2 3B IT 76.9 439 788 624 36.6 402 76.6 593
1.5BQ Qwen2.5 1.5B IT 763 432 779 60.1 450 542 463 57.6
24BG_, o/ G— Q Tok. 76.8 49.0 827 53.6 389 316 532 551
24BG_.0 G— Q Tok. + Special Tok. 68.0 320 713 39.6 31.7 288 53.1 464
33BL_, o L— Q Tok. 773 456 79.0 616 37.1 333 763 58.6
Transfers 33BL_,o L— Q Tok. + Special Tok. 755 46.0 784 60.1 36.8 323 740 57.6
24BG_, . G— L Tok. 77.1 484 83.0 53.7 392 320 53.8 553
24BG_.; G— L Tok. + Special Tok. 77.1 48.0 829 537 38.9 31.8 485 544
1.5BQ_, »» Q— L Tok. 76.3 459 784 59.6 447 419 459 56.1
1.5BO_, Q— L Tok. + Special Tok. 76.1 449 7777 593 442 457 447 56.1
7.3B Q+G+L (MinED-p, Q pivot) 769 462 832 64.1 406 394 659 595
7.3B L+G+Q (MinED-p, £ pivot) 769 472 83.1 64.2 385 377 549 575
Ensemblesfzﬁ Q9+ Gio+Louo(p 75.6 456 773 621 42.0 449 491 56.6
7.2B L+Gc+9c (p) 77.5 487 83.7 629 433 425 648 60.5
72B Q+4+G.,o+L_o (p) 775 480 834 630 43.6 457 643 60.8
7.2B LAG 0+ Qs (p) 77.6 48.0 84.1 632 43.6 433 623 603
Larger 7.6B Llama3.1 8B IT 81.6 539 854 684 473 47.1 81.7 66.5
Models  8.0B Qwen2.5 7B IT 80.4 543 864 717 576 726 76.6 714

MinED (Wan et al.,|2024) aligns the student and teacher logits by greedily aligning every token in the
students’ vocabulary with the teacher token which has the minimal Levenshtein distance (Levenshtein,
1966)) to the student token. The main objective is again minimizing cross-entropy of the next-token
prediction. The KL-divergence between the student logits and aligned teacher logits is added at every
position where there is a one-to-one alignment between the elements of the two sequences.

DSKD (Zhang et al., 2024b) projects the student representations to the teacher sequence and the
teacher representations to the student sequence via a cross-attention mechanism, then adds the KL-
divergence between the teacher predictions and the student-to-teacher projected predictions (and vice
versa) to the next-token prediction loss.

H Analysing the Choice of Ensemble Pivot & Special Tokens

For our main ensembling results (Table [2), we have chosen to transfer to the Qwen tokenizer, i.e., to
use Qwen as the ‘pivot’. The question arises, then, of how the choice of pivot impacts performance.
We additionally transfer Gemma2 2B and Qwen2.5 1.5B to the Llama3 tokenizer and ensemble with
the (non-transferred) Llama3 3B to answer this question. Results are shown in Table@ ‘We find that,
at an average score of 60.8 with Qwen as the pivot and 60.3 with Llama as the pivot, the ensemble of
transferred models is robust to the choice of pivot. This is, however, not true for the MinED baseline:
here, using Llama as the pivot catastrophically degrades the ensemble to perform on average worse
than the individual ensemble constituents.

We use this opportunity to additionally study a related subtle choice: whether to keep the special
tokens (such as <bos>, <eos>, etc.) of the original tokenizer, or to use the special tokens of the new
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tokenizer upon transfer. Different special tokens do not pose a problem for sequence alignment since
they can be easily detected and manually aligned. The same holds true for autoregressive generation,
where it is fairly trivial to maintain separate running token sequences for the different models, which
each insert their own special tokens as needed when one is generated. Nonetheless, this does result
in implementation overhead, and for some use cases it may be convenient to achieve 100% parity
with the target tokenizer by transferring the special tokens as well. Alongside the aforementioned
ensembling results, Table[T2]also shows the performance of models which had their special tokens
transferred and ensembles of these models. For the Llama pivot, transferring the special tokens
completely preserves performance. However, for the Qwen pivot, transferring the special tokens
catastrophically degrades performance (especially the performance of the Gemma2 2B constituent).
This is the case since Qwen2 does not use a beginning-of-sequence <bos> token. In models which do
use a <bos> token, this token is often heavily attended to, behaving as an ‘attention sink’ (Barbero
et al.,|2025). The models transferred to the Qwen?2 special tokens thus have to relearn to distribute
attention from the (now absent) <bos> to different tokens in the sequence. Evidently, Llama3 is able
to cope with this situation better than Gemma2; more training of Gemma2 may fix this problem.
Based on these findings, we preserve the special tokens in our main experiments since it is in general
the safer choice, and the only downside for our purpose is additional implementation complexity.

I Implementing ALM

ALM is simple to implement efficiently by making changes to the data preparation and the loss
computation.

Data preparation. Alongside tokenizing all example texts in the current batch, data preparation
must include computing aligned chunks of tokens between the teacher and the student. To implement
the chunk alignment algorithm, we can take advantage of the fact that both token sequences encode
the same bytes. It is thus possible to compute alignments in a single pass via indices (4, k), where
1 is increased as long as the token at position ¢ in one sequence ends earlier than the token at
position j in the other sequence, and vice versa, and indices are stored if both tokens end at the same
byte position. This is in contrast to more complex approaches used in prior work (Fu et al.,|2023;
'Wan et al.,[2024): they minimize edit distance between alignments via variants of the Needleman-
Wunsch algorithm (Needleman & Wunschl (1970). This is not necessary if the tokenizers have
first been converted to the byte level. We can represent the computed chunks via binary matrices
M € {0,1}0*mxk and N € {0,1}*"** where b, m, n are the batch size, the student sequence
length and the teacher sequence length, respectively and k& = min(m, n) is the maximum amount of
chunks (i.e. the minimum of the student and teacher sequence lengths). M and N have entries one
if the i-th token is part of the j-th chunk and zero otherwise. The above can be done in a separate
data-loading thread to avoid blocking the main process.

Loss computation. Loss computation involves computing the student and teacher next-token log
probabilities over input tokens log ps(y|x) € R**™ and log pr(y|z) € R?*™ where y are the input
tokens shifted by one as in the causal language modelling objective. We can then compute chunk log-
probabilities Cg := (log ps(y|x))M and Cr = (logpr(y|x))IN. We then apply the chunk-level
f-divergence element-wise to C's and C'p and take the mean to compute the loss. In the simplest case
where f = fryp and 7 — oo, this reduces to L§M(x) = 7 Y2, [(Cs)ij — (Cr)ijl. All of the
above results in negligible overhead compared to the forward and backward pass over the Transformer
backbone (two gathers, two matrix multiplications, and some element-wise comparisons). Alignment
constraints ¢(4, j, k, ) (c.f. Equation[Alignment Indices)) and chunk debiasing (c.f. Equation[Outcome]
[Debiased Chunk-Level Probability) add some implementation complexity to the above but are cheap
to compute and, in principle, optional.
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