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Abstract +Ai2

We introduce Bolmo, the first family of competitive fully open byte-level language models (LMs)
at the 1B and 7B parameter scales. In contrast to prior research on byte-level LMs, which focuses
predominantly on training from scratch, we train Bolmo by byteifying existing subword-level LMs.
Byteification enables overcoming the limitations of subword tokenization — such as insufficient
character understanding and efficiency constraints due to the fixed subword vocabulary — while
performing at the level of leading subword-level LMs. Bolmo is specifically designed for byteification:
our architecture resolves a mismatch between the expressivity of prior byte-level architectures and
subword-level LMs, which makes it possible to employ an effective exact distillation objective between
Bolmo and the source subword model. This allows for converting a subword-level LM to a byte-level
LM by investing less than 1% of a typical pretraining token budget. Bolmo substantially outperforms
all prior byte-level LMs, and outperforms the source subword-level LMs on character understanding
and, in some cases, coding, while coming close to matching the original LMs’ performance on other
tasks. Furthermore, we show that Bolmo can achieve inference speeds competitive with subword-level
LMs by training with higher token compression ratios, and can be cheaply and effectively post-trained
by leveraging the existing ecosystem around the source subword-level LM. Our results finally make
byte-level LMs a practical choice competitive with subword-level LMs across a wide set of use cases.
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1 Introduction

Contemporary language models (LMs) predominantly rely on subword tokenization (Sennrich et al., 2016;
Kudo, 2018) to segment text into a fixed vocabulary of tokens. This leads to many problems: they suffer
from insufficient character understanding (Edman et al., 2024; Cosma et al., 2025; Uzan and Pinter, 2025),
tokenization bias (Phan et al., 2024; Hayase et al., 2025; Vieira et al., 2025),1 inability to incorporate
sufficiently many words (e.g., across languages) in their fixed vocabulary (the vocabulary bottleneck; Liang
et al., 2023), and potentially suboptimal compute allocation (Hwang et al., 2025; Pagnoni et al., 2025). These
problems have motivated extensive research into alternatives to subword tokenization, most commonly by
switching to UTF-8 bytes.2 Many prior byte-level LMs claim to outperform subword-level LMs on some
efficiency—performance Pareto frontier (Nawrot et al., 2023; Slagle, 2024; Wang et al., 2024; Hwang et al.,
2025; Pagnoni et al., 2025; Zheng et al., 2025). However, in practice, byte-level LMs have not seen widespread
adoption so far, with all leading LMs still exclusively relying on subword tokenization.

We hypothesize that the key reason for this mismatch between theory and practice is the fact that existing
approaches to byte-level language modeling focus predominantly on training a new byte-level model from
scratch, and compare against a compute-matched subword-level LM trained from scratch. In contrast, training
of state-of-the-art subword-level LMs is rapidly evolving, combining innovations in training data curation,
model architecture, and post-training strategies. Keeping this pace is unfeasible for byte-level LM development
without extensive investments.

To resolve this mismatch, we introduce Bolmo, the first family of fully open byte-level LMs achieving
performance on the level of state-of-the-art subword-level LMs across various tasks. In contrast to prior
byte-level LMs which focus predominantly on training from scratch, Bolmo is trained by byteifying an existing
subword-level LM using less than 1% of a typical pretraining budget (39.3B tokens). We train Bolmo 7B and
Bolmo 1B by byteifying Olmo 3 7B (Olmo Team, 2025) and OLMo 2 1B (OLMo et al., 2024), respectively.

Bolmo follows the same overall architecture as the recent DTP (Nawrot et al., 2023), BLT (Pagnoni et al.,
2025) and H-Net (Hwang et al., 2025) models, which we refer to collectively as Latent Tokenizer Language
Models (LTLMs). However, we specifically adapt the Bolmo architecture to be well-suited to byteification
(see Section 3.1). In particular, we resolve a mismatch between the expressivity of subword tokenization and
the tokenization in LTLMs by allowing Bolmo’s latent tokenization to use future context (Section 3.1.1).
Alongside an efficient two-stage training procedure starting with exact distillation of the source subword-level
LM (Section 3.2), this allows for quickly recovering and in some cases surpassing the performance of the
source subword-level LM. We believe that byteifying provides a key missing direction for research on byte-level
LMs by enabling the creation of state-of-the-art byte-level LMs without extensive investments. Byteifying is
complementary to training from scratch: making it cheap to byteify any subword model can quickly unveil
high-performing architectures which are promising candidates for training from scratch as byte-level LMs.

Our Bolmo models on average outperform all prior public byte-level LMs; for example, Bolmo 7B achieves
+16.5% absolute improvement in STEM tasks over BLT 7B, which was trained from scratch. Bolmo 7B also
greatly outperforms the source Olmo 3 on character understanding, and achieves improvements on coding in
some settings. In addition, Bolmo can be arbitrarily further sped up by training with higher compression ratios
of bytes per patch, which is only possible to a limited extent in subword-level LMs (Section 5.1). Furthermore,
we show that existing post-trained checkpoints can be utilized to post-train a byteified model without any
additional training cost (Section 5.2); this allows for further speeding up research on byte-level LMs by
re-using components in the source LM ecosystem. Finally, we provide extensive ablations on our design
choices, analyzing the remaining gaps to subword-level LMs, as well as the gaps that Bolmo closed (Section 6).

Overall, byteifying lets us finally make byte-level LMs a practical choice competitive with subword-level LMs
across a wide set of use cases. We hope the public Bolmo data, models, and code will help further advance
research on byte-level language modeling.

'Tokenization bias is the phenomenon that 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 _Wor, otherwise the text would have been tokenized as {_Hello, _World} instead. This can lead to unintuitive
behavior in practice (see Minixhofer et al., 2025b; Vieira et al., 2025).

2Graves (2013) may have been the first to model language over UTF-8 bytes; see Mielke et al. (2021) for an overview.



2 Related Work

Tokenization. LMs process information represented as a discrete sequence of symbols called tokens or
patches. The process of segmenting the input into this discrete sequence is called tokenization, with different
ways to tokenize being used across modalities such as text (Kudo, 2018), audio (Borsos et al., 2023) and
images (Dosovitskiy, 2020). The predominant approach to tokenize text since the inception of LMs has been
subword tokenization (Sennrich et al., 2016; Kudo, 2018): tokenizing text into a discrete sequence of units from
a finite vocabulary of subword tokens (usually of size 30k-300k), typically represented as integer IDs. Subword
tokenization causes a number of problems. (i) Information about the characters within each token is lost.
While LMs have been shown to implicitly learn their tokens’ constituent characters (Kaushal and Mahowald,
2022; Edman et al., 2024) and it is possible to explicitly re-introduce character information (Cosma et al.,
2025), they still fall short in tasks requiring character knowledge (Edman et al., 2024; Uzan and Pinter, 2025).
(ii) The implicit reliance of subword tokenization on the future contents of the text (called tokenization bias)
causes unexpected behavior at inference if the prompt ends in the middle of a word or with whitespace (Phan
et al., 2024; Hayase et al., 2025; Vieira et al., 2025). (iii) The need for a fixed, finite subword vocabulary
causes restrictive rigidity: for example, while encoding English efficiently is crucial for pretraining since
the vast majority of current pretraining documents are in English, various downstream tasks have different
efficiency requirements across different languages. (iv) Tokenization in contemporary LMs is tied to compute
allocation: in a standard LM, the same amount of compute is spent on processing every token in the prefill,
every token contributes equally to the KV cache size, and a fixed amount of compute is spent on sequentially
generating any new token. Although there are ways to mitigate this problem post-hoc — such as KV cache
sparsification (Lancucki et al., 2025) and multi-token prediction (Gloeckle et al., 2024) — directly adapting
the tokenization and thus the compute allocation based on the input instead might be more effective (Nawrot
et al., 2023; Pagnoni et al., 2025).

Byte-level LMs. The shortcomings of subword tokenization have motivated extensive work on a wide range
of alternatives, which even include tokenizing text by rendering it into pixels and segmenting these into
patches (Lotz et al., 2023; Rust et al., 2023; Wei et al., 2025). The most common alternative has been
tokenizing into a smaller set of finer-grained atomic units, such as UTF-8 bytes,3 instead. One strand of
work directly replaces subword tokens with UTF-8 bytes, keeping other aspects of the architecture mostly
the same (Xue et al., 2022; Wang et al., 2024; Minixhofer et al., 2025b; Zheng et al., 2025). This potentially
solves problems (i) - (iii)4 of subword tokenization, but compute allocation remains a problem, exacerbated by
having to process on average at least four times longer sequences of bytes. To mitigate this problem, some
architectures pool a fixed amount of tokens into a single representation with a lightweight local encoder (e.g.,
another Transformer network), pass the pooled representations through a deep global model operating over the
shortened sequence, then depool the representations back to the original granularity via a local decoder. This
approach has been pioneered for autoregressive models by the Hourglass Transformer (Nawrot et al., 2022)
and later adopted more broadly (Yu et al., 2023; Ho et al., 2024). Recent subsequent work has shown that
replacing static pooling with dynamic tokenization improves the performance—efficiency Pareto front (Nawrot
et al., 2023; Slagle, 2024). In this case, the token boundaries may be learned end-to-end, rely on entropy spikes,
or be externally supervised (Nawrot et al., 2023; Hwang et al., 2025). We refer to these architectures as Latent
Tokenizer Language Models (LTLMs) collectively, since — although operating over bytes — they perform a
tokenization step inside the model which aggregates the byte representations into representations over latent
patches. Byte-level LTLMs finally have the ability to address issues (i) - (iv) of subword tokenization. The
most recent LTLMs have shown promise by performing on par with subword tokenization when spending the
same total amount of FLOPs on training (Hwang et al., 2025; Pagnoni et al., 2025).

Tokenizer Transfer and Retrofitting. Techniques to alter a model’s architecture with extra training are
typically referred to as retrofitting, which often relies on self-distillation (Bick et al., 2024; Lancucki et al.,
2025). The principal difficulty when this involves a change of tokenizer is finding embeddings for the new

3Although byte-level LMs are sometimes called ‘tokenizer-free’, it is more correct to say that UTF-8 is the tokenizer, and the
vocabulary is the set of 256 distinct bytes.

“Since UTF-8 is designed primarily for the Latin script, problem (ii) of inefficiency in languages besides English might persist.
However, alternative fine-grained units provide a promising alternative (Limisiewicz et al., 2024; Land and Arnett, 2025).
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Figure1 The Bolmo architecture. Tokenization & Embedding 7 transforms the input text into one representation
per byte. The representations are contextualized with the local encoder € consisting of mLSTM blocks. The
boundary predictor B decides where to place patch boundaries using one byte of future context. The representations
are then Pooled, passed through the global model M consisting of Transformer layers, and Depooled. Finally, the
local decoder D consisting of another mLSTM stack contextualizes the depooled byte representations and the LMHead
transforms them into next-byte predictions, alongside deciding where to place the next patch boundary.

tokens; this is usually done using heuristics (Tran, 2020; Minixhofer et al., 2022; Dobler and de Melo, 2023)
or training-based methods (Minixhofer et al., 2025a). Recently, effective tokenizer transfer methods based
on cross-tokenizer distillation have been introduced (Dobler et al., 2025; Haltiuk and Smywinski-Pohl, 2025;
Minixhofer et al., 2025b). Here, the original model is seen as the teacher, the tokenizer-transferred model is
seen as the student, and the objective is to match the behavior of the student to the teacher. Byteification is a
special case of tokenizer transfer. Byteification was first done by Pagnoni et al. (2025) by initializing the LTLM
parameters from an existing subword model where possible and training as if from scratch. Hwang et al. (2025)
later byteified by supervising the boundary prediction to match the subword boundaries and introducing an
auxiliary embedding-matching loss. Our key contribution is creating an LTLM which is specifically suited
to byteifying. We do so by introducing a novel architecture (Section 3.1), as well as a dedicated two-stage
procedure to byteify efficiently by first learning to exactly recover the behavior of the source subword model
(Section 3.2). Together, these innovations first allow closely matching the performance of state-of-the-art
subword-level LMs with a byteified model.

3 Byteified Olmo

3.1 Architecture

Following the same overall structure as prior LTLMs, Bolmo can be formalized as shown in Figure 1.



Tokenization & Embedding. 7 assigns every input UTF-8 byte in 2’ a corresponding embedding in R? from
an embedding table containing an entry for every byte. The embedding table over bytes is negligible in size
compared to embedding tables over subwords. However, scaling the size and sparsity of the embedding table
has been shown to improve performance while having no negative effect on inference speed (Huang et al.,
2025). Inspired by BLT’s hash embeddings (Tito Svenstrup et al., 2017; Pagnoni et al., 2025), we thus increase
the size of the embedding table. Specifically, we residually add the longest subword embedding (of the original
subword-level LM’s embedding table) which ends at the current byte position to every byte embedding:

€; = Eyte(xi) + TsubwordSuffix (Z::)

where TgubwordSufix @ssigns an embedding to every byte based on the index of the subword token in the
vocabulary Vs, ,wora With the longest common suffix to the byte sequence up to the current position i. Retaining
the subword embeddings is not strictly necessary, and we can generally achieve the same performance by
increasing the size of the local encoder instead. However, subword embedding retention allows us to achieve a
better performance—efficiency tradeoff by increasing the amount of cheap sparsely activated pauraumeters.6

LocalEncoder. The local encoder £ contextualizes the byte-level embeddings through an mLSTM layer (Beck
et al., 2025a), resulting in the contextualized representations é. We find that mLSTM improves inference
speed compared to other linear RNN variants (see Section 6.3) while attaining competitive performance.
We found a single mLSTM layer to be sufficient since the expressivity of the local encoder is substantially
enhanced by the retained subword embeddings.

Boundary Predictor. The boundary predictor B predicts a score p € [0,1] for every byte based on the
contextualized representations é. If p is greater than some threshold, a patch boundary is placed after the
current byte. In contrast to prior LTLMs, Bolmo’s boundary predictor is non-causal:’ it has access to one
byte of future context, and it is only employed for the prefill, where future information can be used while
retaining the ability to generate text. We describe non-causal boundary prediction in detail in Section 3.1.1,
where we also discuss how boundary prediction is handled during decoding.

Pooling. We pool byte-level representations into patch representations by selecting the representation of the
last byte in every patch as the patch-level representation h. This is equivalent to the pooling done by Hwang
et al. (2025),8 and does not introduce any extra parameters. Contrary to Hwang et al. (2025), the local models
and the global model use the same representation dimensionality, obviating the need for an upprojection.9

Clobal Model. The majority of compute is spent in the deep global model M contextualizing the patch
representations h into h. We retain the global model of the original subword-level LM, i.e. the Olmo 3
decoder-only transformer backbone.

Depooling. The global model is invoked at every patch boundary, providing a contextualized representations
for every patch. It remains to depool these representations back to representations of bytes. We do so
by adding the latest available patch representation in h at any byte position to a linear projection of the
byte representations é, resulting in z. This is similar to Hwang et al. (2025)’s depooling, again forgoing the
projection due to equal global and local dimensionality.

5We treat z as a sequence over bytes, i.e. x € {0,..,255}".

5An alternative to increasing the size and sparsity of the local encoder is using a mixture of experts in the feed-forward layer,
although we do not investigate this here.

"For consistency with prior work, we use the term ‘non-causal’ to contrast with ‘causal’ as in causal language models, i.e.,
causal in the sense of using only unidirectional context, although this is arguably a misnomer.

SHwang et al. (2025) refer to the process of creating a single representation for every patch as routing, whereas we refer to
this more generally as pooling, which also encompasses the cross-attention pooling done by Pagnoni et al. (2025).

We originally experimented with smaller local dimensions but found the upprojection mechanism to bottleneck performance
by restricting the rank of the representations (see Appendix E).
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Figure 2 Subword-level LMs non-causally set boundaries over the prefill using the external subword tokenizer, then
implicitly predict boundaries alongside the text content during decoding (left). Prior byte-level LTLMs causally
set boundaries with a light-weight boundary predictor during both prefill and decoding (middle). We restore the
expressivity of subword-level LM boundaries by non-causally predicting boundaries for the prefill, then predicting
whether a boundary occurs alongside the next byte during decoding (right).

Local Decoder. The local decoder D contextualizes the depooled byte representations z into Z via another
stack of mLSTM layers. Here, we use a larger number of mLSTM layers (in practice, four) to increase capacity
since unlike in the encoder, we find it infeasible to meaningfully re-incorporate the output subword embedding
matrix, which could have potentially allowed reducing the number of layers in the decoder in a similar way as
for the encoder.

Language ModelingHead. The language modeling head LMHead converts the final byte representations 2
into scores interpretable as next-byte probabilities via a projection to the vocabulary space and softmax.

Overall, our modifications keep the total parameter count similar to the parameter count of the source
subword-level LM by removing the output embedding matrix but adding new parameters from the local

encoder layers and local decoder layers. In practice, Bolmo 1B contains ~10M fewer parameters than OLMo 2
B (-0.7%), and Bolmo 7B contains ~330M more parameters than Olmo 3 7B (+4.5%).

3.1.1 Non-Causal Patch Boundary Prediction

Prior LTLMs employ a causality constraint on the boundary predictions: the boundary predictor only uses
past context to decide on whether to place a boundary " At a glance, this seems necessary: we are aiming
to predict the next byte, so we must not leak any information about it. However, although subword-level
LMs employ a causality constraint over the subword tokens, the subword tokens themselves do not depend
exclusively on past context: subword tokenizers use information about future bytes to place token boundaries.
To see this, let us interpret our subword tokenizer as a function which decides whether to place a token
boundary after any byte, i.e. B(z) :{0,1,..,255}" — {0,1}". Let us assume a vocabulary of English words
and subwords, the example text _Hello_Wor!, which would typically be tokenized as {_Hello, _Wor, !}, and
the position i = |_Hello_Wor| — 1 =9. B(_Hello_Wor!); = 1 since there is a boundary after r. However, in

107pe causality constraint on boundaries is referred to as incrementality by Pagnoni et al. (2025).



the text _Hello_World!, which would be tokenized as {_Hello, World, !}, we have B(_Hello_World); = 0,
despite _Hello_Wor![:i] = _Hello_World![:i]| = _Hello_Wor. In other words, although the subword-level
LM only uses past subword tokens to predict the next subword token, the subword tokens themselves are
created by taking future context into account. In this case, this means deciding that _Wor should be a token
in one case but not in the other, although the text up until that point is equivalent. Current LTLMs, in
contrast, can not take future context into account. This creates a mismatch between the expressivity of LTLM
boundary predictors and subword tokenizers. We modify the boundary predictor to resolve this mismatch. In
particular, while prior boundary predictors are implemented as

we implement our boundary predictor as

Bgolmo(€): = f(€o, €1, .., 61, €1 ).

That is, we use up to one byte of future context. Concretely, we parametrize our boundary predictor as

5 @ 1 (Wq €1 )T(Wkét)
mol€é): == 5 - ~ ~
oo (E)e = 3| 1= o e I

e [0,1],

i.e., we compute the cosine distance between a projection of the representation of the current byte and the
byte one position in the future. An equivalent parametrization, although using the current byte and one byte
before, is used by Hwang et al. (2025). Taking one future byte into account largely resolves the mismatch
between subword tokenizers and LTLM tokenization."' As shown in Figure 2, taking future context into
account can also make patches more semantically coherent: for example, in the case of texts containing
compounds such as the flowerbed, a boundary predictor has three intuitive options: (i) make the entire
compound a single patch flowerbed, (ii) place a patch boundary after r to create the patch flower, or (iii)
place a patch boundary after b (once it is evident this is a compound word) to create flowerb. Option
(ii) is arguably the semantically most coherent one,12 however, for a causal boundary predictor, this would
mean having to place a patch boundary after r for every text starting with the flower, including e.g. the
flowers, while a non-causal one can adjust based on future context. The byteification strategy of Hwang
et al. (2025) supervises based on option (iii), i.e. predicting the start of the next subword token instead of the
end of the previous one, which would create a patch flowerb as shown in Figure 2.

Output Boundary Prediction. While using future context is fine for prefilling, we need to know whether to
place a boundary without observing the next byte for decoding. We thus add a special symbol <b> to the
vocabulary and let the local decoder learn to emit <b> at the end of every patch (the local encoder, in contrast,
never sees <b>).]3 In effect, we end up with two boundary predictors: the boundary predictor B ingesting the
shallowly contextualized representations from the local encoder with future context (used during prefill), and
a boundary predictor as part of the language modeling head ingesting deeply contextualized representations
from the local decoder without future context (used during decoding). Notably, this is precisely equivalent to
what happens in subword-level LMs: the prefill is tokenized using the external subword tokenizer (analogous
to the boundary predictor B), and output boundaries <b> are implicitly predicted alongside the text contents
of every subword token upon decoding (analogous to our output boundary predictor) as illustrated in Figure 2.

Subword tokenizers in principle have unrestricted access to the future, while we use a single byte. In practice, we find one
byte of lookahead largely sufficient to match the behavior of subword tokenization. However, we believe future work on larger (or
unrestricted) lookaheads could be fruitful.

21t is not clear whether human notions such as semantic coherence or faithfulness to linguistics should play a role in designing
language models, see e.g. Beinborn and Pinter (2023); Minixhofer et al. (2023).

1314 is worth noting that predicting the boundary symbol <b> is analogous to the output boundary prediction in Fleshman and
Durme (2023), although the motivation differs.



Boundary Symbol Fusion. Since we are aiming to predict the symbol <b> after every patch, our local decoder
is turned from an isotropic model to a transducer from R™? R(Mk)Xd, i.e., the local decoder needs to
process k more positions. Although this overhead is not prohibitive in principle, it makes it difficult to
compare models which use output boundary prediction and models which do not. We thus make it effectively
zero-cost by doubling our byte vocabulary size from 256 to 512, for every byte adding a version of the same
byte followed by a boundary. The goal of the local decoder, then, is to predict the current byte and whether
it is followed by a boundary at every step. Fusing the boundary symbol turns the local decoder back into an
isotropic model. The only remaining overhead is that the softmax has to be applied over a set of 512 instead

of 256 output tokens, which is negligible.

On end-to-end learning of non-causal boundaries. Hwang et al. (2025) train the boundary predictor end-
to-end by incorporating it in the computation graph through (i) smoothing of the contextualized global
representations h using the boundary scores and (ii) a straight-through estimator of the boundary scores
applied to the depooled representations z. Training the boundary predictor end-to-end in this style is not
immediately possible using our non-causal formulation. This is the case since (i) our output boundary predictor
would need to estimate the precise boundary score assigned by the boundary predictor for decoding, instead
of only predicting whether a boundary occurs or not and (ii) relatedly, instead of the single bit of information
leaked by discrete boundary predictions, the model can learn to leak 16 bits of information (assuming we
use bfloat16) about the next byte, which is enough to uniquely identify it. This could cause the model to
learn degenerate solutions by exploiting the boundary scores to pass information about the future to the local
decoder. In this work, we thus focus exclusively on strategies to train the boundary predictor with external
supervision instead, which we believe have been underutilized in prior work.

3.2 Byteifying Procedure

We byteify by initializing the parameters of the global model from the subword-level LM checkpoint, while
parameters of the local models and the LM head are initialized randomly. Our byteifying procedure consists
of two stages. In the first stage, we aim to quickly learn weights for the local encoder, local decoder, boundary
predictor and LM head which exactly recover the behavior of the subword-level LM. The parameters of the
global model stay frozen in this stage. In the second stage, we train the entire model to let it learn to utilize
byte-level information, while also optionally increasing the target compression ratio of bytes per patch.

3.2.1 Stage 1: Subword-to-Byte Distillation

The aim of the first stage is quickly learning weights for the local encoder, local decoder, boundary predictor
and LM head which recover the behavior of the subword model. Efficiency is crucial; the cost of this
stage should be minimal to permit fast experimentation and allow increasing the investment into Stage 2.
To achieve these goals, we design a Stage 1 procedure which allows learning the desired weights without
fully backpropagating through the global model. This substantially reduces the time per training step (see
Appendix F). The Stage 1 loss is minimal if and only if the byte-level model exactly mimics the source
subword-level LM. It is composed of three parts.

Quickly Learning a Boundary Predictor Bgoimo. We train the boundary predictor to emulate the boundaries
placed by subword tokenization via a binary cross-entropy loss, i.e.,

‘CB = Z (Bsubword(x)t log BBolmo(é)t + (1 - Bsubword(x)t) 1Og(1 - BBolmo(é)t)) 3

t

where Bgupwora () is 1 for every byte at the last position of a subword patch, otherwise 0. The boundary
predictor Bggime utilizing future context to tokenize the prefill text quickly achieves >99% accuracy.

QuicklyLearningalocalEncoderf.  Assuming our boundary predictor perfectly emulates subword tokenization,
our local encoder and pooling mechanism will be a perfect substitute for the subword embedding matrix if
they yield the same input to the global model as the subword embedding matrix for every patch. This is



the case if all pooled representations Pool(é, Bpoimo(€)) are equal to the corresponding subword embeddings
Tsubword (7). Hwang et al. (2025) optimize toward this goal by directly minimizing the L2 distance of every
pooled representation to the corresponding subword embedding. We take an alternative approach inspired by
research on model stitching which shows that similar representations do not necessarily propagate through
subsequent layers in a similar way (Athanasiadis et al., 2025). We propagate the pooled representations
through n layers of the global model and minimize L2 distance to the subword representations which result
from propagating the subword embeddings through the same n layers,

£5 = ||M1n(P001(5(é7Bsubword(ir))) - Mtn(,];ubword(‘r))”'

Notably, we pool the local encoder representations using the true subword boundaries Bg,pwora instead of
lS’BOlmo.l/1 M.,, indicates the global model up to and including the n-th layer. The weights of M are kept
frozen. If n = 0, this reduces to the setting of Hwang et al. (2025). Although choosing n > 0 necessitates
backpropagating through some parts of the global model, we can minimize the resulting cost by choosing a small
n. We find n = 4 to strike a good balance between performance and efficiency, substantially outperforming
n = 0 while remaining cheap to compute.

Quickly Learning a Local Decoder D. Our local decoder and LM head are optimal if our byte-level LM assigns
the same likelihood as the subword model to every text x. Assuming equal patch boundaries, it is optimal if
the likelihood of every patch is equal. Since subword-level LMs implicitly predict output patch boundaries, we
cannot easily compute comparable patch likelihoods in byte-level models without output boundary prediction.
In this case, we would have to resort to approximations as in Minixhofer et al. (2025b). However, since Bolmo
does predict output patch boundaries, simply comparing the likelihoods of every patch results in an exact
objective (i.e., a loss which is minimal if and only if both models are the same),

ED,Distill = Z f 1_[ LMHead(ésubword ) []7 neXt_byte(X7 J)]v LMHeadsubword (Zsubword ) [Za next_tok(x7 1)] )
i JET(2,3)

where j € T(xz,1) indicates all byte indices j which are part of the i-th subword patch; this includes the indices
of the special <b> symbol if treated as separate, or the indices of the 256 special symbols consisting of a byte
plus <b> if fused. next tok(..) and next byte(..) map to the index in the vocabulary of the symbol occurring
after the current symbol (token or byte), including special symbols.15 Zeubword = M(Teubword (7)) are the
representations of the subword model at the final layer, 2. pwora = P(Depool(é, Zsubwords P)) is the result of
passing these representations through the depooling layer and the local decoder, and LMHeadg,pworq is the LM
head of the source subword-level LM. As the comparison function f, we choose the temperature-modulated
binary cross-entropy,

. 1 1 1 1

f@lly) = —(y log '™ + (1= 4" log(1- 5 /T))7

with 7 = 5 as recommended by Minixhofer et al. (2025b). In practice, we conduct the operations involved
in the computation of Lp in log-space to ensure stable numerics. We optionally combine the distillation
loss Lp pistin With a cross-entropy loss to encourage modeling the training data well and to already start
exploiting byte-level information,

Lpcr = Z —log LMHead( Zsubword ) [ J, next _byte(x, j)].

J

14Using; the true subword boundaries instead of the boundaries predicted by Bgoimo is necessary to preserve the alignment of
the pooled representations to the representations in Tgubword (%) along the sequence dimension.

5 For example, —log LMHeadgubword (.-(z))[4, next _tok(x, i)] is the cross-entropy of the subword model.
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Putting It Together. In principle, the boundary predictor and local encoder on the one hand, and the local
decoder and LM head on the other, could be trained separately (assuming we stop the gradient to the encoder
through Z,,bword)- Although there may be scenarios where this is beneficial, we choose to train them together
for simplicity. The complete Stage 1 loss is given by

Lstager = AL + AeLe + Ap pistin £p,Distil + Ap,ceLD,CE,

where A, A¢, Ap pistil, Ap,ce € R are the loss weights which we set Ag =4, A\¢ = 1, Ap pistin = 1, Ap.cg = 1.
Stage 1 needs in total one forward pass through all layers and one backward pass through the first n layers of
the global model, plus forward and backward passes through local encoder, local decoder, boundary predictor
and LM head. This makes Stage 1 substantially more efficient than training the entire model. It could also be
further optimized by quantizing or applying inference-specific optimizations to the global model layers starting
from the (n+1)-th layer (which we do not need to backpropagate through). We analyze the difference between
inserting Stage 1 and directly training the entire model end-to-end with randomly initialized parameters
(besides the global model) later in Section 6.2. Besides performance improvements, Stage 1 provides a vehicle
for rapid experimentation: We can conduct Stage 1 training to rapidly check whether a particular architecture
for the local encoder and decoder has sufficient capacity to emulate the input and output embedding matrices,
respectively. We use this to guide the architecture search for Bolmo under the hypothesis that byte-level
architectures which can not emulate the subword model after Stage 1 will remain inadequate with further
Stage 2 training.

3.2.2 Stage 2: End-to-End Training

In the second stage, we train the entire model end-to-end, retaining only the boundary loss Lz and the
cross-entropy loss Lp cg. For Lp cg, we substitute the depooled representations Zqupwora of the subword
model representations with the true depooled representations Z, referring to this loss as Lcg,

Lstage2 = AL + AcgLcE-

We now optimize all parameters, including those of the global model M. This stage is intended for the model
to adjust to the end-to-end setting, since in Stage 1 we assumed a local encoder and boundary predictor
perfectly emulating the subword model, which, although close, is not true in practice. The global model can
learn to exploit the new byte-level information in Stage 2, and optionally be trained with higher compression
ratios of bytes per patch (see Section 5.1).

4 Experiment Setup

Data The Bolmo data mix consists of ~172B tokens'® from the Dolma 3 pretraining data mix (Olmo Team,
2025), augmented with 75M tokens of CUTE-style data (Edman et al., 2024), sampled so as not to overlap
with the CUTE test set, to encourage character understanding (see Appendix C for details). Training runs for
less than one epoch on this mix.

Model. We use the pretrained Olmo 3 7B checkpoint after mid-training and long-context extension (Olmo
Team, 2025) as our starting point for byteifying into Bolmo. For the local models, we use stacks of alternating
mLSTM (Beck et al., 2025a) and feedforward layers of size 1 and 4 for the encoder and decoder, respectively.
See Appendix F for details on the architecture.

Training. For Stage 1, we train on a total of 9.8B tokens (= 43B bytes). In this stage, we train the local
encoder, decoder, boundary predictor and LM head, keeping the global model frozen. For Stage 2, we train the
entire model on a total of 39.3B tokens (= 173B bytes). See Appendix F for detailed training hyperparameters.

'0\We count tokens as tokenized by the Dolma2 Tokenizer.
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Baseline. We compare against the Olmo 3 7B checkpoint with continued training on the Bolmo training
data such that the amount of total gradient updates to the global model parameters is the same (i.e., on
39.3B tokens) to disentangle the effects of continued training with the same architecture and byteification.

Ablations and Development. We developed Bolmo primarily through experiments on OLMo 2 (OLMo et al.,
2025). We optimized decisions around the architecture through quick Stage 1 training runs on OLMo 2 1B or
7B. Our byteifying procedure was then applied without adjustments to Olmo 3 7B. Since there is currently
no 1B version of Olmo 3, we conduct experiments requiring larger sweeps across training configurations on
OLMo 2 1B.

Evaluation. We create the Bolmo 7B evaluation suite based on Olmo Team (2025)’s OLMOBASEEVAL,
skipping GSM Symbolic and BigCodeBench due to their size, and adding CUTE (Edman et al., 2024) and
EXECUTE (Edman et al., 2025) to measure character understanding in English and across other languages,
respectively. We create the Bolmo 1B evaluation suite based on Olmo Team (2025)’s Base Easy Suite, again
adding CUTE (Edman et al., 2024) to measure character understanding. For the Bolmo 1B suite, we define a
set of core tasks consisting of ARC (Clark et al., 2018), MMLU (Hendrycks et al., 2021), CSQA (Talmor
et al., 2019), HellaSwag (Zellers et al., 2019), WinoGrande (Sakaguchi et al., 2020), SociallQA (Sap et al.,
2019), PIQA (Bisk et al., 2020), the Basic Skills benchmark (Olmo Team, 2025) and CUTE (Edman et al.,
2024) for use in ablations and sweeps (see Appendix B for details).

5 Main Results

Bolmo 7BResults. Table 1 compares Bolmo 7B with existing byte-level LMs of comparable size: EvaByte
6.5B (Zheng et al., 2025), TFree-Hat 7B (Neitemeier et al., 2025) and BLT 7B (Pagnoni et al., 2025), as well
as the source Olmo 3 model (Olmo Team, 2025). Bolmo 7B performs best among all publicly known byte-level
models in every category, including code, math, multiple-choice QA, and character understanding. As the
only exception, Bolmo 7B slightly trails TFree-Hat 7B in the GenQA category (70.9 vs. 71.3). Bolmo 7B also
comes close to matching the performance of the source Olmo 3 model (which is itself competitive with other
subword-level LMs of comparable size; see Olmo Team, 2025). The remaining gap to Olmo 3 is largely not
specific to byteifying; it can be attributed to continued training in general, see Appendix A.

On code, Bolmo 7B outperforms Olmo 3 due to higher pass@16 rates at generally slightly lower pass@1.
This indicates that Bolmo 7B generates more diverse continuations than Olmo 3 under the given sampling
settings, which are equivalent for both models (temperature = 0.6,top_p=0.6, see Appendix B). However,
although promising, at this point we cannot conclude that byte-level models are fundamentally better suited
to generating more diverse continuations, since we have not comprehensively explored the quality—diversity
tradeoff at different points defined by different sampling strategies.

The character understanding results are surprising, as Bolmo’s accuracy vastly surpasses its subword-level
counterpart. In fact, prior byte-level models do not outperform the subword Olmo 3 model. This could be
explained by the hypothesis that character understanding is primarily acquired through scale (in terms of
parameters and training tokens; Cosma et al., 2025), so although byte-level models should require less scale to
acquire character understanding, the increased scale of Olmo 3—Ilikely trained on substantially more tokens
than the other models—might compensate for this.'” In contrast, Bolmo 7B is trained with synthetic data
encouraging character understanding (Appendix C), which speeds up the acquisition of this skill. Bolmo 7B
still outperforms Olmo 3 in a comparison where Olmo 3 had continued training on the Bolmo data mix for the
same total amount of tokens (Appendix A), further suggesting that while character understanding is driven
by scale, it emerges sooner in byte-level models.

Bolmo 1BResults. Table 2 compares Bolmo 1B (trained off of OLMo2 1B; OLMo et al., 2024) with existing
byte-level models, including H-Net (for which no 7B checkpoint is available; Hwang et al., 2025) and BLT 1B.
Although trained on the previous Olmo generation, Bolmo 1B is competitive with prior byte-level models of
similar size, outperforming H-Net and slightly trailing behind BLT 1B, although BLT 1B has substantially

Not all training token/byte counts of prior byte-level models are public.
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Fully-Open

Byte-Level LMs Open-Weight Byte-Level LMs Subword LMs
Bolmo EvaByte TFree-Hat BLT Olmo 3
7B 6.5B 7B 7B 7B
# Parameters (incl. Embed) 7.63B 6.49B 7.19B 10.55B 7.30B
Char 75.1 47.3 47.9 49.3 56.0
CUTE 78.6 50.8 54.2 52.3 56.9
EXECUTE 71.6 43.8 41.6 46.3 55.1
Code 40.7 31.2 36.9 31.6 39.5
HumanEval pass@Q1/Q16 40.6 / 74.7 34.7 / 49.1 41.1 / 61.4 31.5 / 44.7 49.0 / 71.1
DeepSeek LeetCode pass@Ql1/Q16 2.3/7.6 1.6 / 3.3 0.9 /46 1.2 /438 16 /6.2
DS 1000 pass@1 14.9 7.1 18.2 17.0 20.1
MBPP pass@1/@16 42.8 / 68.0 42.9 / 59.2 44.6 / 59.2 37.2 / 53.2 44.3 / 54.9
MultiPL HumanEval pass@1/@16 26.8 / 62.5 16.8 / 31.8 26.9 / 49.7 24.1 / 43.7 33.6 / 56.3
MultiPL MBPP pass@1/@16 38.0 / 69.2 36.5 / 60.5 38.8 / 60.3 36.0 / 54.6 37.8 / 59.9
Math 48.9 27.0 35.8 15.7 55.3
GSM8K 68.0 36.7 60.7 24.2 73.1
MATH 29.8 17.3 10.9 7.3 37.5
MC stem 65.5 54.0 62.1 49.0 66.3
ARC MC 88.5 74.2 90.0 65.5 89.2
MMLU STEM 57.0 44.3 55.2 41.6 59.5
MedMCQA MC 47.8 37.9 51.5 37.6 48.2
MedQA MC 42.4 27.2 20.5 22.5 42.0
SciQ MC 91.9 86.6 93.3 77.8 92.8
MC non-STEM 75.8 63.8 66.5 56.6 LR
MMLU Humanities 67.2 52.7 57.4 52.2 69.2
MMLU Social Sci. 74.0 57.4 72.0 54.0 75.2
MMLU Other 65.1 50.9 65.0 49.3 66.9
CSQA MC 73.6 91.4 75.4 52.2 75.2
PiQA MC 79.4 65.3 79.8 62.9 80.3
SociallQA MC 79.1 79.6 79.3 50.6 80.4
CoQA Gen2MC MC 90.0 63.2 91.2 71.4 92.9
DROP Gen2MC MC 59.1 41.1 24.9 31.0 62.5
Jeopardy Gen2MC MC 84.8 67.8 90.5 77.5 85.5
NaturalQs Gen2MC MC 65.9 43.8 70.7 50.1 69.6
SQuAD Gen2MC MC 95.8 88.8 25.8 71.0 96.8
GenQA 70.9 41.4 71.3 68.4 72.4
HellaSwag RC 78.8 70.1 82.8 81.1 77.8
Winogrande RC 85.5 78.2 88.2 88.2 85.7
Lambada 711 62.9 70.5 72.8 68.0
Basic Skills 89.6 82.7 89.6 84.5 90.0
DROP 65.2 7.8 48.6 38.8 71.5
Jeopardy 56.8 13.1 68.3 67.3 60.3
NaturalQs 28.6 5.4 34.3 29.2 32.6
SQuAD 91.6 35.9 88.6 85.2 93.5
CoQA 70.5 16.7 71.1 68.6 72.7

Table 1 Results comparing Bolmo 7B to existing byte-level models of comparable size and the source subword model
(Olmo 3 7B) on the Bolmo 7B evaluation suite. All models except Bolmo were trained from scratch. Boldface
indicates the best result per task, underline the second best.

more than one billion parameters since Pagnoni et al. (2025) do not count the hash embedding parameters.
Like Bolmo 7B, Bolmo 1B exhibits performance degradation compared to the source subword model on some
tasks, e.g. —3.2% on MMLU. However, on other tasks, Bolmo 1B outperforms OLMo2 1B, e.g. +5.1% on
Lambada, +3.3% on CoQA and +32.5% on CUTE.
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Fully-Open

Byte-Level LMs Open-Weight Byte-Level LMs Subword LMs
Bolmo H-Net XL H-Net XL BLT OLMo 2
1B (1-stage) (2-stage) 1B 1B
# Parameters (incl. Embed) 1.47B 1.27B 1.60B 4.53B 1.48B
Bolmo 1B Suite 58.2 5215 53.2 58.5 58.3
ARC 59.0 61.8 62.3 59.9 61.4
MMLU 37.2 37.5 38.7 40.6 40.4
CSQA 64.2 61.4 62.4 69.2 66.0
HellaSwag 67.0 60.2 63.6 71.0 68.9
WinoGrande 65.7 58.9 60.9 67.0 65.2
SociallQA 54.7 50.1 52.9 54.6 55.1
PiQA 74.9 73.6 74.0 77.3 76.4
CoQA 81.7 73.7 72.8 81.7 774
DROP 43.1 33.4 33.6 37.7 52.7
Jeopardy 69.6 72.3 70.8 79.5 76.4
NaturalQs 40.9 34.5 35.9 46.6 46.8
SQuAD 83.4 76.7 77.1 76.4 87.4
SciQ 85.0 85.8 88.3 87.0 87.5
QASPER 63.0 63.0 51.1 59.6 64.0
Basic Skills 73.3 55.9 58.5 78.0 72.9
DBQA 26.5 27.7 275 275 25.2
ProtocolQA 27.8 28.7 25.9 28.7 27.8
Lambada 65.2 48.1 49.4 65.9 60.1
MedMCQA 30.5 30.9 32.1 33.1 31.1
MedQA 26.1 29.3 28.2 26.2 28.0
SciRIFF 82.5 73.8 80.5 81.1 85.0
CUTE 60.0 17.4 24.2 37.6 27.5

Table 2 Results comparing Bolmo 1B to existing byte-level models of comparable size and the source subword model
(OLMo2 1B) on the Bolmo 1B evaluation suite. All models except Bolmo were trained from scratch. Boldface
indicates the best result per task, underline the second best.

5.1 Training at Higher Compression Factors

Takeaway. Byteified models can be sped up by adapting the external boundary supervision to encourage
a higher number of bytes per patch during training. This creates a way to smoothly trade off efficiency
and performance which does not exist for subword-level LMs due to the softmax bottleneck.

A substantial advantage of LTLMs is — unlike subword-level LMs — not to be restricted to a fixed, finite set
of patches. So far, we have not exploited this advantage since our primary goal was mimicking the tokenization
of the source subword model. We now investigate whether we can leverage the increased freedom in our
choice of the patching strategy to train a faster model by encouraging a higher average number of bytes per
patch. In particular, we experiment with ways to change the external boundary supervision from the original
subword tokenization boundaries Bg,pwora t0 a subset of those boundaries. We fix a compression ratio ¢ of
target average bytes-per-patch. We then remove subword boundaries (i.e., merge subword tokens) of Bsubword
until the desired compression ratio is achieved. We experiment with three merging strategies.

e BPE. We iteratively merge the most common pair of tokens as in Byte Pair Encoding (Sennrich et al., 2016).
In contrast to conventional BPE, we apply BPE per-example instead of over the entire corpus.]zs This is

inspired by the work of Feher et al. (2025), which has shown that it is possible to retrofit language models
to operate over BPE merges of the tokens in their vocabulary.

e Entropy. We use a small auxiliary 370M parameter subword-level LM" to compute next-token entropies for

18Although applying BPE per minibatch would also be possible we choose to apply it per-example to avoid nontrivial
dependencies on the batch size.

19T he auxiliary 370M parameter subword-level LM was trained on 74.3B tokens following a downscaled version of the OLMo 2
training and architecture (OLMo et al., 2024).
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Figure 3 The task performance vs. efficiency Pareto frontier of (i) the source subword-level LM with tokenizer transfer
to SuperBPE to achieve higher compression in bytes per patch and (ii) Bolmo models with adapted boundary prediction
to achieve higher compression (see Section 5.1). The subword-level LM breaks off the frontier as the cost of the softmax
starts to dominate for larger vocabulary sizes; byte-level LMs take over the frontier at that point, as seen in the optimal
region around the top-left corner.

every token. We then iteratively merge the pair of patches which, when summing their individual entropies,
results in the lowest entropy among all entropy sums of pairs of patches in the example.

e Cross-Entropy. We use the same small auxiliary LM as for entropy-based merging, but instead of merging
the pair of tokens with the lowest total entropy, we iteratively merge the pair of tokens with the lowest
total cross-entropy w.r.t. the next token in the data.

In the case of entropy- and cross-entropy-based merging, the auxiliary LM is only required at training time to
supervise the boundary predictor (as in DTP; Nawrot et al., 2023). Unlike BLT (Pagnoni et al., 2025), we do
not need to retain the auxiliary LM for inference.

Even though the loss is discontinuous w.r.t. the parameters of the boundary predictor and we do not employ
any technique to backpropagate through the discrete boundary predictions, we observe stable training without
loss spikes with all of the above merging methods. An important nuance is that the supervision target
compression ratio t is not attained by the model. Despite the boundaries not being learned end-to-end, the
model learns to trade off boundary prediction accuracy with the main next-byte prediction loss, like other
multitask models which learn to balance performance on the constituent tasks (see e.g. Zhang and Yang, 2021).
An important hyperparameter is thus the factor A\g controlling the importance of the boundary prediction
task; we keep A\g = 4 from Stage 1 training and report the attained compression ratio ¢ in addition to the
target compression ratio .

As the baseline, we increase the bytes per patch of the subword-level LM via tokenizer transfer to SuperBPE
tokenizers (Liu et al., 2025). Here, we train SuperBPE tokenizers on top of the OLMo 2 tokenizer to reach
vocabulary sizes of {200k, 400k} using the same 10GB text sample as Liu et al. (2025) for tokenizer training.
We use FOCUS (Dobler and de Melo, 2023) to initialize the embeddings of the new superword tokens.

Results are shown in Figure 3. Through transfer to SuperBPE, we can speed up the subword-level LM while
retaining performance to a large extent. However, at some vocabulary size threshold, the subword-level LM
breaks off the frontier as the softmax begins to dominate the FLOPs (for OLMo 2 1B, this is somewhere
between a vocabulary size of 200k and 400k tokens). Byte-level LMs do not suffer from the softmax bottleneck.
This enables unboundedly increasing efficiency at a smooth dropoff in performance. Interestingly, BPE
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Figure 4 Byteified models can be post-trained by leveraging an existing (subword-level) post-trained Olmo 3 checkpoint;
shown is the performance on IFEval of the base Olmo 3 model (6pr), the base Bolmo (05yime), & post-trained Olmo 3
checkpoint (f11), and the result of merging the post-trained checkpoint into Bolmo.

merges outperform entropy and cross-entropy merges, in contrast with prior work using entropy-based patch
boundaries (Nawrot et al., 2023; Pagnoni et al., 2025). We believe this may be a pattern specific to the
byteifying setting, since the BPE merging strategy is the one with the least amount of distinct merges to
achieve any target compression (and thus, in this sense, the one closest to the pretrained model). Additional
investigation with training from scratch would be necessary to validate this hypothesis.

5.2 Post-Training Byteified Models via Task Arithmetic

Takeaway. An existing subword-level post-trained checkpoint can be merged into a byteified model via
Task Arithmetic (Ilharco et al., 2023) to post-train the byteified model with zero extra training cost.

Byteification adds a new component (a byteified model) to the ecosystem around the source LM. A natural
question is: How does this new component interact with the other components of the source LM ecosystem?
To answer this question, we investigate whether we can merge existing post-trained versions of Olmo 3 to
post-train Bolmo without any extra training cost. We use the Olmo 3 checkpoint directly post-trained on
instruction following via RL (RL-Zero; Olmo Team, 2025) in Deepseek-R1 style (DeepSeek-Al et al., 2025)
as a case study. We find that we can infuse the instruction following capabilities from this checkpoint into
Bolmo via Task Arithmetic (IlTharco et al., 2023) by adding the weight difference between the Transformer
layers of the post-trained checkpoint and the base Olmo 3 to the corresponding Bolmo layers (see Figure 4).

While the Bolmo base model originally performs worse than Olmo 3 on IFEval (31.1% vs. 35.4%), merging
via Task Arithmetic lifts performance to on par with the original post-trained checkpoint (67.4% vs. 66.9%).
We conclude that it is possible to utilize components of the subword-level LM ecosystem to improve the
corresponding byteified model. This removes the prerequisite for byte-level LM support in the infrastructure
that subword-level LM post-training has benefitted immensely from (e.g., Lambert et al., 2024; Piché et al.,
2025) and substantially speeds up iteration times.

A subtle requirement to post-training byteified models via Task Arithmetic is embedding resettability: since
we only have a one-to-one correspondence between the parameters of the source subword-level LM and the
parameters of the global model M, we can only easily adapt M via Task Arithmetic. The local encoder &
and decoder D remain in the base model space. Whether the post-training transfer is successful thus depends
on whether the base input embedding space (occupied by the local encoder £ and the input embedding matrix
of the base model) and the base output embedding space (occupied by the local decoder D and the output
embedding matrix of the base model) remains compatible with post-trained inner Transformer layers; in other
words, whether resetting the embeddings of the post-trained model to the base model embeddings preserves
performance. We find this to be generally the case — and more so for larger models — although not always
(see Appendix D). Designing post-training methods to preserve compatibility among components of the LM
ecosystem is a promising area of research, with some encouraging early findings (e.g., Shenfeld et al., 2025).
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Figure 5 Boundary supervision by predicting the subword patch start or patch end using a causal or non-causal
boundary predictor. Shown are the avg. task performance (left), cos. dist. of the local encoder representations to
the target subword representations (middle), and the percentage of bytes where the predicted boundary differs from

the true subword boundary (right) after Stage 1 training. Causal boundary predictors can achieve either accurate
boundaries and accurate representations; non-causal boundaries enable both.
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6 Ablations

6.1 Impact of Non-Causal Patch Boundaries

Takeaway. Causal boundary predictors have to choose between either matching the subword tokenizer
boundaries or matching the subword patch content; non-causal boundary predictors can do both,
substantially improving downstream performance.

Our largest deviation from prior byte-level architectures is non-causal boundary prediction. As per Section 3.1.1,
causal boundary prediction suffers from a conundrum: we either predict the start of every subword patch,
which is easy but creates an offset of one byte w.r.t. the patches passed to the original subword model while
also making the patches less semantically coherent, or we predict the end of every subword patch, which is
hard, especially since this task has to be performed by the shallow local encoder. In contrast, non-causal
boundary prediction allows vastly simplifying the task by using future context (in our case, one future
byte). This way, the shallow local encoder has enough capacity to perform well. Figure 5 quantifies this
phenomenon: by predicting the patch end with future context, the patch end prediction task becomes easy,
while retaining patches which are coherent and compatible with the global model. The remaining gap to the
source subword-level LM is primarily caused by the non-causal boundary predictor still attaining less than
100% accuracy (see Appendix A for details); future work on designing the boundary predictor, potentially
using more future context than a single byte, could close this gap. It would even be possible to retain the
subword tokenizer for boundary prediction of the prefill. However, this would re-introduce reliance on an
external tokenizer, add tokenization bias (see Section 2), and make training at higher compression factors (see
Section 5.1) harder.

6.2 IsStage1Training Necessary?

Takeaway. Stage 1 training improves performance, but is not strictly necessary to obtain a good final
run. The key benefit of Stage 1 training is speeding up iteration times.

Training in two stages adds implementation complexity. Can we not just train everything end-to-end in a single
stage instead and let the optimization process do the work? To address this question, we run experiments
where we immediately train all parameters, initializing the local encoder, local decoder, boundary predictor
and LM head randomly, and the parameters of the global model from the subword-level LM, i.e., starting
directly from Stage 2. A fair comparison of Stage 2 only training with Stage 1 + Stage 2 training is difficult:
Stage 1 training requires fewer FLOPs since we only backpropagate through a fraction of the global model (c.f.
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Figure 6 Ratio of bits-per-byte throughout training of runs without Stage 1 to runs with Stage 1. For runs with
Stage 1, we exclude the Stage 1 loss trajectory. For runs without Stage 1, we exclude the first 9.8 B X 2/3 = 6.5B tokens,
resulting in a comparable trajectory over the remaining 39.3B tokens; a ratio >1 implies that Stage 1 is beneficial.

Section 3.2.1), and is more memory efficient since we only need to store a small fraction of the optimizer states
by omitting training of the global model. We account for this difference by approximately FLOP-matching
and disregarding the memory mismatch: Stage 1 needs approximately 2 X FLOPs , whereas Stage 2 needs
approximately 3 X FLOPs, (1x for the forward and 2x for the backward pass through the global model). We
thus add 9.8B X 2/3 = 6.5B tokens to Stage 2 training when omitting Stage 1 (increasing the length of Stage
2 by 17%). In practice, we believe the factor of 2/3 may slightly favor the Stage 2-only run since the memory
requirements for Stage 1 are lower (permitting a larger batch size) and inference-specific optimizations could
be used to speed up the forward pass of the subword-level LM used in Stage 1.

Figure 6 compares the training trajectory of runs with vs. without Stage 1 training. There are two main
takeaways: (i) the 1B model benefits more from Stage 1 training than 7B, indicating that larger models
may be more robust to catastrophic forgetting through large gradients at the start of training when starting
directly with Stage 2, and (ii) the bits-per-byte gap narrows throughout the training trajectory but remains
in favor of adding Stage 1; it is not clear how this behavior is influenced by the learning rate scheduling so we
cannot easily extrapolate to higher token budgets. Since the absence of Stage 1 does not cause catastrophic
degradation, we believe it is a reasonable hypothesis that Stage 1 training becomes less important with larger
token budgets; however, this might be influenced in nontrivial ways by factors such as the choice of data mix.

Summarily, Stage 1 is beneficial in terms of improving performance compared to matched Stage 2-only training,
but not strictly necessary. A key benefit of Stage 1 is streamlining experimentation: quickly obtaining a
checkpoint which should come close to the subword-level LMs performance creates a substantially shorter
feedback loop than repeatedly running full training experiments.

6.3 Selecting the Right Local Model Architecture for Fast Inference

Takeaway. FLOP-derivative measurements (total training/inference FLOPs or FLOPs/byte) are
a suboptimal proxy for model efficiency. We recommend primarily using wallclock inference time
measurements to guide byte-level LM architecture choices.

Previous work on byte-level LMs largely compares against subword-level LMs by matching the total amount of
training or inference (i.e., prefill) FLOPs (e.g. Pagnoni et al., 2025) or FLOPs/byte (Hwang et al., 2025). This
provides an incomplete picture. As observed by prior work (e.g. Ma et al., 2018), FLOPs do not necessarily
correlate with inference speed; some sources of FLOPs are inherently more amenable to being computed
efficiently on today’s hardware than others, and decoding in Transformers is typically memory bound. We
thus largely used inference speed measurements to guide our choice of local model architecture. Figure 7
shows prefilling latency (time to first byte) and decoding throughput (bytes/s) measurements of our chosen
architecture, as well as various candidate local model architectures we explored.

The chosen Bolmo architecture using mLSTM (Beck et al., 2025a) achieves competitive speeds at decoding
~125 bytes/s vs. ~150 bytes/s for the subword model at the same compression, and ~1s to prefill 72K bytes
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Figure7 (left): decoding throughput (bytes/s) and prefilling latency (time to first byte) for Bolmo 7B and the source
subword model across compression factors and prefill lengths; Bolmo 7B overtakes Olmo 3 7B at a compression of
~6.6 bytes per patch. (right): decoding throughput and prefilling latency for 18.0K prefill bytes across candidate local
model architectures and of the final chosen Bolmo architecture. Recorded with batchsize=1 on H100 GPUs.

vs. ~0.8s to prefill the tokens corresponding to the same number of bytes for the subword model. In addition,
Bolmo can be made faster by training at arbitrarily higher compression factors (in contrast to subword-level
LMs, see Section 5.1), and starts surpassing the subword model in inference efficiency at ~6.6 bytes per
patch. As shown in Figure 7 (right), we find mLSTM as implemented in Tiled Flash Linear Attention (TFLA;
Beck et al., 2025b) to achieve substantially higher wallclock decoding throughput than Mamba2 and Gated
DeltaNet at the same amount of FLOPs/byte. Relying purely on FLOPs to guide architecture choices would
have thus potentially resulted in suboptimal inference speed due to the inconsistent correlation between the
two (R> = 0.63 to 0.66 in our experiments).

FLOP-matching is further complicated by having to make decisions as to how to count FLOPs, which is not
trivial in practice. For example, the popular FLOP formulas from Hoffmann et al. (2022) assume a matrix
multiplication of the input embeddings with the one-hot encoded input tokens. This is arguably not in line
with hardware realities since the input embeddings can be computed via an extremely fast lookup operation,
so counting the associated FLOPs can cause systematic biases. >’ Additionally, the chunk size used to partially
parallelize linear RNN training inherently provides a way to use more FLOPs to achieve faster training (via
higher parallelization; as in Dao and Gu, 2024; Yang et al., 2025), which further muddies the relationship
between FLOPs and wallclock times.

7 Conclusion

We have introduced byteification as a missing additional direction to training from scratch for developing
byte-level LMs. Byteification let us create Bolmo, the first fully open family of byte-level LMs on par
with or surpassing state-of-the-art subword-level LMs at the 1B and 7B parameter scales. Bolmo benefits
from architectural and training decisions specifically designed for byteifying, and comes close to matching
subword-level LMs in inference speed. We have further explored byte-level models’ increased flexibility, such as
arbitrarily decreasing token granularity for faster inference. Byteifying also lets us leverage other components
of the ecosystem around the source subword model by byteifying post-trained models in zero-shot once the
corresponding base model is byteified. Overall, byteifying finally makes byte-level LMs a practical choice
competitive with subword-level LMs, and enables future research directions on byte-level LMs for both the
byteification setting and training from scratch.

20 Counting the input embedding FLOPs has limited effect if the models being compared have similar vocabulary sizes. However,
for example in the case of Hwang et al. (2025), it overestimates the FLOPs required by the subword-level baseline LM by up to
~25%: The GPT3-Large matched Transformer baseline with d = 1536, |V| = 128256 and an average number of 4.6 bytes per
patch is considered to require 0.42 GFLOPs/byte, of which 2 X 1536 X 128256/4.6 ~ 0.085 GFLOPs/byte are due to the input
embeddings, while a negligible amount of the GFLOPs/byte of the byte-level models are due to the input embeddings.
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8 Future Directions

We believe Bolmo enables a number of future research directions, bits of which are sketched below.

Bit 0. Investigating how architectures optimized for byteification perform when training from scratch. We
have restricted ourselves purely to the byteification setting. For example, we have not assessed how non-causal
patch boundaries perform when training from scratch. We expect that the increased expressivity of the
boundary predictor might be generally useful, but we do not yet know.

Bit 1. Learning non-causal boundaries end-to-end. We have purely trained our boundary predictor through
direct external supervision — either to match subword tokens, or to match merges over subword tokens.
We believe a highly promising area is learning non-causal boundary predictors end-to-end. For example,
boundaries could be learnt end-to-end during post-training of a byteified model via RL, or by adapting
methods like Hwang et al. (2025)’s method of enabling gradient flow through the boundary predictor to the
non-causal setting.

Bit 2. Scaling patch size and local model capacity. We have designed the local models of Bolmo to minimize
inference speed degradation when keeping the same patch size as the original subword model, since we have
focused mainly on byteifying while keeping the patching constant. However, jointly using larger local models
and a larger patch size might yield a better performance vs. efficiency tradeoff, as suggested by Pagnoni et al.
(2025) and Huang et al. (2025).

Bit 3. Multi-byte prediction. While multi-token/byte prediction has been used to great effect to speed up
language models (Gloeckle et al., 2024; Cai et al., 2024; Grivas et al., 2025, among others), Bolmo only
predicts the direct next byte. It is not clear how many sequential invocations of the global model multi-byte
prediction could save; however, even saving sequential local model computations could lead to substantial
speedups and permit larger local models, synergizing with Bit 2.

Bit 4. Non-destructive byteification. As per Appendix A, the remaining gap between the performance of Bolmo
and the original model can to a large extent be attributed to the continued training setup generally hurting
performance. Investigating ways to make continued training less destructive, such as PEFT methods (e.g. HTu
et al., 2022; Pfeiffer et al., 2023), could be promising.

Bit 5. Specialized LTLM sampling methods. Subword-level language models have benefitted from a range of
sampling methods which have been to various extents designed for, or at the least empirically validated on,
predominantly subword-level LMs (e.g. Holtzman et al., 2020; Meister et al., 2023; Minh et al., 2025). We
have not investigated how these methods transfer to LTLMs. Developing specialized sampling methods for
LTLMs, for instance by adjusting the sampling strategy based on the position of the current byte within the
patch, is also an intriguing topic.

Bit 6. More equitable input units. Bolmo operates over UTF-8 bytes, which is a highly Latin-centric atomic
unit (Limisiewicz et al., 2024). We believe that the dynamic latent tokenization can to some extent ‘amortize
over the choice of the atomic unit, but it is not clear to what extent this is possible, and in how far LTLMs
inherit the biases from their underlying encoding. Future work could investigate this, alongside alternative
choices for the atomic unit such as MYTE (Limisiewicz et al., 2024) or SCRIPT (Land and Arnett, 2025).

)

Bit 7. Batched inference optimizations. We have shown that Bolmo can achieve throughputs competitive with
subword-level LMs in the batchsize =1 setting, which is sufficient for edge applications. However, achieving fast
batched inference of LTLMs by applying e.g. PagedAttention (Kwon et al., 2023) and continuous batching (Yu
et al., 2022) will be necessary to unlock a wider range of applications. Here, there are some additional
challenges for LTLMs caused by their dynamicity (a fixed amount of tokens across examples causes a variable
number of bytes and vice versa) which require additional work.
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£ Sim. B Acc. L|G ARC  MMLU CSQA HS WinoG SocialIQAPIQA  B.Skills CUTE  Avg.

OLMo2 1B - - - 61.4 40.4 66.0 68.9 65.2 55.1 76.4 72.9 27.5 59.3
Oracle Boundaries (B = Bsybword)
Start, C 97.5 100 8.8 57.4 35.4 64.4 65.0 65.1 54.0 74.5 66.2 19.6 55.7
Bid, C 997 100 88 590 367 641 674 651 532 746 TL3 308 580
End, NC(S) 99.8 100 9.8 58.5 36.8 63.4 68.0 66.1 53.6 74.6 71.6 31.2 58.2
End, NC(F) 99.8 100 8.8 58.2 36.8 62.6 67.7 66.9 52.4 75.0 70.7 30.7 57.9
Learned Boundary Prediction (B € {By.Not, BBOLMo})
Start, C 97.5 99.2 8.8 54.1 33.4 63.6 57.9 64.1 52.9 70.4 64.7 19.6 53.4
Bid, C 997 960 88 459 293 434 ALS 575 440624508 T8 425
End, NC(S) 99.8 99.2 9.8 56.2 34.7 61.3 61.4 64.2 52.4 71.6 69.3 29.8 55.7
End, NC(F) 99.8 99.2 8.8 56.2 34.6 61.9 61.4 65.0 51.7 71.9 69.0 28.8 55.6

Table 3 Comparison of various boundary prediction settings after Stage 1 training across oracle (subword) boundaries
and the boundaries as predicted, predicting the patch start causally (Start, C), patch end causally (End, C), patch
end non-causally using a separate boundary symbol (End, NC(S)) and patch end non-causally with fused boundaries
(End, NC(F)), our chosen setting. £ Sim. = the cosine similarity of the pooled local encoder representations to the
corresponding subword embeddings, B Acc.= accuracy of the boundary predictor. L/G = average number of local
model invocations per global model invocation. Boldface indicates the best result per column.

A Additional Ablations

Analyzing the choice of boundary predictor. Table 3 compares various choices for the boundary predictor,
confirming that fused non-causal boundary prediction of the patch end is best for bytefying. Additionally,
analyzing the performance under the original subword (‘oracle’) boundaries shows that the remainder of the
gap to the source model after Stage 1 can be mostly explained by the remaining small percentage of errors of
the boundary predictor.

Comparing byteification to standard continued training. Table 4 compares Bolmo to an Olmo 3 model with
continued training on the same data under the same training settings (same batch size, optimizer, etc., see
Table 8). Continued training without byteification generally degrades performance, potentially forgetting due
to a narrower data mix and suboptimal training procedure. A notable exception is character understanding,
where the model improves due to the training data targeting this skill (Appendix C), but remains worse than
Bolmo. While some gap between the byteified model and the model with continued training persists, we
believe a promising direction to improve bytefying is thus to apply techniques which generally make training
less prone to forgetting, such as applying PEFT methods (e.g. Hu et al., 2022; Pfeiffer et al., 2023).

B BenchmarkDetails

We utilize OLMES (OLMo et al., 2024) for all evaluations. See Table 5 for details on our 7B evaluation suite,
and Table 6 for details on our 1B evaluation suite.

C CUTE-Style Training Data

To encourage models trained on our data mix to learn information about the characters within a word, we
generate ~75M tokens (~0.04% of the training data) of tasks requiring character-level understanding using
the CUTE repository. Tasks include spelling out words, reversing words as well as swapping, deleting, and
substituting characters within a word given words in a source wordlist. We use a list of n = 150000 words,
ensuring zero overlap with the CUTE test words to avoid contamination. This data is purely in English.
We do not use any multilingual character understanding data, but still observe large improvements on the
multilingual EXECUTE benchmark (see Section 5), suggesting that some texts requiring character-level
understanding can help acquire generalizable knowledge about the characters within words. We observed
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Bolmo OImo 3CT Olmo 3

7B 7B 7B
Char 75.1 71.0 56.0
CUTE 78.6 72.9 56.9
EXECUTE 71.6 69.2 55.1
Code 40.7 37.8 39.5
HumanEval pass@Q1/@16 40.6 / 74.7 42.4 / 64.9 49.0 / 71.1
DeepSeek LeetCode pass@1/@16 2.3 /7.6 0.7/29 1.6 /6.2
DS 1000 14.9 19.4 20.1
MBPP pass@1/@16 42.8 / 68.0 45.7 / 57.2 44.3 / 54.9
MultiPL HumanEval pass@Q1/@16 26.8 / 62.5 30.1 / 534 33.6 / 56.3
MultiPL MBPP pass@1/@16 38.0 / 69.2 38.4 / 60.5 37.8 / 59.9
Math 48.9 49.8 55.3
GSMS8K 68.0 67.6 73.1
MATH 29.8 32.0 37.5
MC stem 65.5 66.1 66.3
ARC MC 88.5 88.7 89.2
MMLU STEM 57.0 57.7 59.5
MedMCQA MC 47.8 48.9 48.2
MedQA MC 42.4 42.9 42.0
SciQ MC 91.9 92.5 92.8
MC non-sTEM 75.8 76.6 7.7
MMLU Humanities 67.2 68.2 69.2
MMLU Social Sci. 74.0 75.2 75.2
MMLU Other 65.1 66.2 66.9
CSQA MC 73.6 74.6 75.2
PiQA MC 79.4 79.1 80.3
SociallQA MC 79.1 79.2 80.4
CoQA Gen2MC MC 90.0 90.2 92.9
DROP Gen2MC MC 59.1 61.1 62.5
Jeopardy Gen2MC MC 84.8 86.3 85.5
NaturalQs Gen2MC MC 65.9 66.6 69.6
SQuAD Gen2MC MC 95.8 95.7 96.8
GenQA 70.9 71.7 72.4
HellaSwag RC 78.8 78.6 77.8
Winogrande RC 85.5 85.8 85.7
Lambada 71.1 69.9 68.0
Basic Skills 89.6 89.8 90.0
DROP 65.2 65.0 71.5
Jeopardy 56.8 63.1 60.3
NaturalQs 28.6 31.1 32.6
SQuAD 91.6 92.0 93.5
CoQA 70.5 70.0 72.7

Table 4 Results comparing Bolmo to the source Olmo 3 model with continued training for the same amount of tokens
on the Bolmo data mix and the original Olmo 3; the degradation from byteifying is not specifically caused by the
conversion to bytes; it can to a substantial extent be attributed to continued training of the source model. Boldface
indicates the best result per task, underline the second best.

that byte-level models otherwise do not acquire this knowledge through our short training schedule. However,
training for longer, on more diverse data, or with larger local models could act as alternative routes to acquire
character-level knowledge.

D Does Post-Training Byteified Models via Task Arithmetic Always
Work?

As outlined in Section 5.2, embedding resettability is a crucial prerequisite of post-training byteified models
via Task Arithmetic. This is the case since we can transfer the global model M to the post-trained space via
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task ICL format metric temp top-p max toks p@k (n) # sub
Bolmo 7B Suite

E CUTE (2024) 4 Greedy Cont.  Acc - - - - -
O  EXECUTE (2025) 4 Greedy Cont.  Acc - - - - -
HumanEval (2021) 3 Code Exec. pass@k 0.6 0.6 512 1,16 (32) -
MBPP (2021) 3 Code Exec. pass@Qk 0.6 0.6 512 1,16 (32) -
»  BigCodeBench (2024) 3 Code Exec. pass@k 0.6 0.6 1280 1 (5) -
§ DS 1000 (2022) 3 Code Exec. pass@k 0.6 0.6 1024 1 (5)
Deepseek LeetCode (2024) 0 Code Exec. pass@Qk 0.6 0.6 512 1,16 (32) -
MultiPL-E HumanEval (2022) 0 Code Exec. pass@k 0.6 0.6 1024 1,16 (32) 6
MultiPL-E MBPP (2022) 0 Code Exec. pass@k 0.6 0.6 1024 1,16 (32) 6
£ GSMSK (2021) 8 CoT EM pass@k 0.6 0.6 512 1,4 (8) B,
= Minerva MATH (2022) 4 CoT EM pass@Qk 0.6 0.6 1024 1,4 (4) 7
< ARC (2018) 5 MC Acc - - - - 2
@  MMLU STEM (2021) 5 MC Acc - - - - 19
E MedMCQA (2022) 5 MC Acc - - - - -
5} MedQA (2021) 5 MC Acc - - - - -
SciQ (2017) 5 MC Acc - - - - -
MMLU Humanities (2021) 5 MC Acc - - - - 13
MMLU Social Sci. (2021) 5) MC Acc - - - - 12
MMLU Other (2021) 5 MC Acc - - - - 14
< CSQA (2019) 5 MC Acc - - - - -
& PiQA (2020) 5 MC Acc - - - - -
E SociallQA (2019) 5 MC Acc - - - - -
5} DROP Gen2MC (Olmo Team (2025); 2019) 5 MC Acc - - - - -
é Jeopardy Gen2MC (Olmo Team (2025); 2024) 5) MC Acc - - - - -
= NaturalQs Gen2MC (Olmo Team (2025); 2019) 5 MC Acc - - - - -
SQuAD Gen2MC (Olmo Team (2025); 2016) 5 MC Acc - - - - -
CoQA Gen2MC (Olmo Team (2025); 2019) of MC Acc - - - - -
Basic Skills (Olmo Team (2025)) 5 MC Acc - - - - 6
HellaSwag (2019) 5 RCper-char Acc - - - - -
WinoGrande (2020) 5 RChone Acc - - - - -
Lambada (2016) 0 Greedy Cont.  Acc - - - - -
é) Basic Skills (Olmo Team (2025)) 5 RCper-token Acc - - - - 6
S DROP (2019) 5 GenQA F1 0 1 100 - -
O Jeopardy (2024) 5 GenQA F1 0 1 50 = =
NaturalQs (2019) 5 GenQA F1 0 1 50 - -
SQuAD (2016) 5 GenQA F1 0 1 50 . .
CoQA (2019) of GenQA F1 0 1 50 . c

Table 5 Details of the Bolmo 7B evaluation suite, adapted from Olmo Team (2025)’s OLMOBASEEVAL. Tasks were
formatted as multiple-choice (MC), rank choice (RC, following the setup in Gu et al. (2024)), short-form generative
(GenQA), chain-of-thought with exact-match scoring (CoT EM) or Code Execution (Code Exec.). | = few-shot
examples are built-in the task; * = human-written few-shot examples; # sub = number of subtasks.

Task Arithmetic, but we can not transfer the local models since they do not have corresponding parameters
in the post-trained checkpoint.

In Figure 8, we analyze embedding resettability across a number of models. Resetting the embeddings is
possible without substantial performance degradation for a substantial fraction of the analyzed models, with a
weak trend toward larger models being more amenable to it. Additionally, in line with the findings of Shenfeld
et al. (2025), we find models post-trained via RL (the Olmo 3 RL-Zero family; Olmo Team, 2025) to be closer
to the original model; here, embedding resetting almost perfectly preserves the original models’ performance.

Future work could investigate in more detail when post-training via Task Arithmetic is possible, and whether
it is possible to restore the ability to byteify without additional training for post-trained models where this is
not the case as-is.

E Embedding Rank Analysis

Figure 9 shows the explained variance ratio of the singular values of the input and output embedding matrices
across a number of models. Besides one exception (Qwen3-4B-Base input embeddings), there is a substantial
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task capability ICL metric # sub
Bolmo 1B Suite

ARC* Science QA 5 Acc 2
MMLU* General QA 5 Acc 57
CSQA* Commonsense QA 5 Acc -
HellaSwag™* Language Modeling 5 Acc -
WinoGrande*  Language Modeling 5 Acc -
SociallQA* Social QA 5 Acc -
PiQA* Physical QA 5 Acc -
CoQA Conversation QA of Acc -
DROP Passage QA 5 Acc -
Jeopardy Trivia QA 5 Acc -
NaturalQs General QA 5 Acc -
SQuAD General QA 5 Acc -
SciQ Science QA 5 Acc -
QASPER Science QA 5 Acc -
Basic Skills* Basic QA 5 Acc 6
DBQA Science QA 5 Acc -
ProtocolQA Science QA 5 Acc -
Lambada Language Modeling 0 Acc -
MedMCQA Medical QA 5 Acc -
MedQA Medical QA 5 Acc -
SciRIFF Science QA 5 Acc -
CUTE* Character Understanding 4 Acc -

Table 6 Details of the Bolmo 1B evaluation suite, adapted from Olmo Team (2025)’s Base Easy Suite. Tasks were
formatted as rank choice (RC, following the setup in Gu et al. (2024)) T = few-shot examples are built-in the task; * =
human-written few-shot examples; # sub = number of subtasks, * = selected core tasks.

amount of high-rank structure. This makes the embeddings difficult to approximate using lower-dimensional
local models. In particular, in the case of the local encoder, the embedding rank has a hard limit given by the
dimensionality of the local model if a linear upprojection or padding is used to upproject (as done, e.g., by
Hwang et al., 2025). Concatenation of the local representations, as done by Pagnoni et al. (2025), does not
lead to a hard limit on the rank but may still limit expressivity.

F Full Hyperparameters

Full architecture hyperparameters are shown in Table 7, and full training in Table 8.
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Figure 8 (left): Cross-Entropy loss for post-trained models, and the same post-trained models with the embeddings
reset to the corresponding base model embeddings; loss is computed on examples from the Tulu 3 dataset (Lambert
et al., 2024). (right): Number of model parameters vs. the loss ratio of the model with reset embeddings to the original
post-trained model. The number of parameters explains some variance (with larger models being more amenable to
reset embeddings), with the remaining variance presumably being due to different post-training choices.
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Figure 9 The explained variance ratio of the singular values of the input and output embedding matrices (normalized
by the number of dimensions). The explained variance ratio smoothly decays along the number of components, up until
a steep dropoff toward the highest-rank components. This indicates that it is difficult to approximate the embedding
matrices using lower-rank structure. A notable exception is Qwen3-4B-Base, which may be more amenable to a
lower-dimensional local encoder; we are not so bold as to dare a guess why.
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Bolmo 7B

Bolmo 1B

Global Model

Same as Olmo Team (2025)

Same as OLMo et al. (2024)

Local Encoder

Dimension 4096 2048
Layer Type mLSTM + FFN mLSTM + FFN
Num. Layers 1 1
mLSTM
Num. Heads 16 16
Nonlinearity Exponential Exponential
QK Dim. 128 128
V Dim. 256 256
Gate Soft Cap 15 15
Input Gate Bias Init. -10 -10
FFN
Expansion Dim. 5504 2816
Nonlinearity SwiGLU SwiGLU
Layer norm RMSNorm RMSNorm
Local Decoder
Dimension 4096 2048
Layer Type mLSTM + FFN mLSTM + FFN
Num. Layers 4 4
mLSTM
Num. Heads 16 16
Nonlinearity Exponential Exponential
QK Dim. 128 128
V Dim. 256 256
Gate Soft Cap 15 15
Input Gate Bias Init. -10 -10
FFN
Expansion Dim. 5504 2816
Nonlinearity SwiGLU SwiGLU
Layer norm RMSNorm RMSNorm

Table 7 Bolmo architecture details.

34



Bolmo 7B Bolmo 1B
Stage 1
Total Training Tokens 9.8B 9.8B
Total Training Bytes ~43.1B ~43.1B
Training Steps 75K 75K
Batch Size 32 32
Max. Length. (Tokens) 4096 4096
Max. Length. (Bytes) 24576 24576
LR Schedule Warmup + Linear Warmup + Linear
Peak LR 5e-4 Te-4
Warmup Steps 7.5K 7.5K
Optimizer AdamW AdamW
Weight Decay 0.1 0.1
B, B2 0.9, 0.95 0.9, 0.95
Max. Grad. Norm 0.5 0.5
Throughput (TPS) 9.9K 34.5K
Throughput (BPS) 59.4K 207K
Stage 2
Total Training Tokens 39.3B 39.3B
Total Training Bytes ~172.9B ~172.9B
Training Steps 150K 150K
Batch Size 64 64
Max. Length. (Tokens) 4096 4096
Max. Length. (Bytes) 24576 24576
LR Schedule Warmup + Linear ~Warmup + Linear
Peak LR (Global Model) 1.8e-5 2.6e-5
Peak LR (Local Models) 3.7e-5 5.2e-5
Warmup Steps 15K 15K
Optimizer AdamW AdamW
Weight Decay 0.1 0.1
B, B2 0.9, 0.95 0.9, 0.95
Max. Grad. Norm 0.5 0.5
Throughput (TPS) 6.3K 27.7K
Throughput (BPS) 37.8K 166.2K

Table 8 Bolmo training details. Throughput estimates are in tokens per second (TPS) and bytes per second (BPS)

per accelerator, as achieved by the final training runs on H100 GPUs.
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