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ABSTRACT

Modern language models typically rely on two design choices: subword tokeniza-
tion and autoregressive (AR) ordering. To achieve more universal modeling, the
field is advancing toward byte-level modeling to bypass domain-specific vocab-
ularies and masked diffusion models (MDM) to enable parallel non-sequential
generation. Intuitively, the intersection of these paradigms represents a generative
ideal: a modality-agnostic system capable of fine-grained any-order generation.
However, the computational interaction between these granular representations and
non-sequential objectives remains under-explored. In this work, we investigate
the viability of this combination through a compute-matched scaling study. We
observe a structural dichotomy: AR models on bytes effectively amortize the cost
of tokenization, naturally rediscovering sub-word segmentation at scale. In contrast,
byte-level MDMs suffer a non-convergent efficiency collapse. We attribute this
disparity to the masking objective, which shatters the local contiguity required
to resolve sub-word semantics from bytes, whereas AR’s stable causal history
preserves these essential local dependencies. Our findings inform the community
of a critical efficiency tradeoff, suggesting that future modality-agnostic designs
should address this context fragility to maintain efficient scaling.

1 INTRODUCTION

While rapid scaling has unlocked remarkable capabilities in large language models (LLMs) (An-
thropic, 2024; OpenAI et al., 2024; Comanici et al., 2025; xAI, 2025), the standard recipe remains
anchored to subword tokenization and autoregressive (AR) ordering. These priors impose funda-
mental constraints: fixed compression via Byte-Pair Encoding (BPE) (Sennrich et al., 2016) limits
generalization to non-lexical or out-of-distribution modalities (Xue et al., 2022), while the unidi-
rectional AR objective weakens parallel generation and look-ahead planning (Nie et al., 2025). To
overcome this, the field is exploring byte-level modeling for universality (YU et al., 2023; Wang
et al., 2024; Hwang et al., 2025; Pagnoni et al., 2024), and masked diffusion models (MDMs) for
order-agnostic inference (Shi et al., 2024; Sahoo et al., 2024).

In this work, we investigate the viability of combining these frontiers through a compute-controlled
study across the cross-product of modeling objectives (AR vs. MDM) and tokenization strategies
(Byte vs. BPE). We find that byte modeling introduces a overhead distinct from the transformers’
quadratic attention cost: the model must expend compute to rediscover the subword structures that
BPE provides for free. Our study reveals that this efficiency gap is objective-dependent. We observe
a stark disparity: while AR byte models approach performance parity with their BPE counterparts as
compute scales, byte-level MDMs exhibit a persistent and significantly steeper efficiency penalty.

We first quantify the efficiency gap and demonstrate that the computational overhead of byte-level
modeling is not uniform. AR models on raw bytes are data-efficient, effectively rediscovering BPE-
like segmentation through stable causal history. In contrast, MDMs suffer a collapse in efficiency
when applied to raw bytes.

Second, we provide a structural mechanism analysis to identify the root cause of the MDM failure:
the masking objective inherently destroys the local contiguity essential for resolving ambiguity in raw
byte streams. Our analysis shows that resolving sub-word semantics from raw bytes requires stable
local context. The MDM masking objective shatters local contiguity, depriving the model of the
structural cues necessary to form semantic chunks. Through permutation experiments, we confirm
that while byte models are uniquely fragile when deprived of the non-causal context typical of MDM
masking.
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Figure 1: Scaling Trends across Objectives and Tokenization. BPB performance for AR and MDM
from 180M to 1.2B non-embedding parameters. Curves represent training budgets (F = 2× 1019 to
F = 6× 1020 FLOPs), with dotted parabolas marking efficiency frontiers. AR Byte models converge
toward BPE counterparts at scale, whereas MDM Byte models exhibit a persistent performance offset.

Finally, we analyze the scaling trajectories and find that the additional modeling demands for AR
models is eventually amortized by scaling. Conversely, the scaling requirement for byte-level MDMs
is significantly steeper. This reveals a critical efficiency tradeoff: while AR ordering naturally
compensates for the lack of tokenization, standard MDMs fails to resolve granular byte dependencies.
These findings provide a structural signal to the community: achieving viable scaling in the raw byte
regime requires moving beyond simple compute increases toward architectural adaptations.

2 RELATED WORK

Byte-Level and Diffusion Language Models. Universal, tokenizer-free language modeling seeks
to bypass domain-specific vocabularies using raw UTF-8 bytes. Prior research addresses the ex-
treme sequence lengths of byte streams through architectural innovations such as hierarchical patch-
ing (Pagnoni et al., 2024; YU et al., 2023), linear-time backbones (Wang et al., 2024), or hybrid
approaches (Hwang et al., 2025). Conversely, discrete diffusion models (Austin et al., 2023) like
MDLM (Sahoo et al., 2024) and MD4 (Shi et al., 2024) offer order-agnostic generation but rely
heavily on subword tokenization. While small-scale character-level experiments exist (e.g. on
text8 (Austin et al., 2023)), they lack the systematic scaling analysis required to understand how
non-causal objectives resolve dependencies in raw byte streams. We demonstrate that the viability of
bypassing tokenization is fundamentally contingent on the modeling objective itself.

Scaling and Vocabulary. Performance characterization via compute-optimal scaling laws is well-
established (Hoffmann et al., 2022). While recent works show MDMs improve on perplexity at a
rate comparable to AR models (Nie et al., 2025), they maintain a persistent computational gap of
approximately 16× that of AR models, and may require higher parameters-to-data ratios at scale (von
Rütte et al., 2025). Scaling laws for vocabulary (Tao et al., 2024) further suggest that larger semantic
units optimizer performance in larger models. Smaller vocabularies have been noted to increase
MDM denoising complexity due to the resulting increase in long-range dependencies (Sahoo et al.,
2024). Our study reveals that token representation interacts with the objective beyond simple context
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length: the order-agnostic nature of MDMs makes them uniquely dependent on the pre-composed
semantic scaffolding provided by subword tokens.

3 BACKGROUND

3.1 LANGUAGE MODELING OBJECTIVES

Language modeling is the task of learning the probability distribution of sequences x =
(x1, x2, ...xL). The choice of factorization and generation order distinguishes autoregressive (AR)
models from masked diffusion models (MDMs).

Autoregressive models factorize the joint probability as a product of conditional probabilities using
a fixed left-to-right order: pθ(x) =

∏L
i=1 pθ(xi|x<i), parameterized by model θ. This formulation

enforces a strict sequential dependency, where the model attends only to past tokens when predicting
the next token.

Unlike AR models, masked diffusion models are inherently bidirectional and order-agnostic. We
follow the continuous-time discrete diffusion framework (Austin et al., 2023; Shi et al., 2024;
Sahoo et al., 2024), where a forward process independently replaces tokens in x0 with [MASK]
based on a retention schedule αt. The model learns to reverse this by minimizing the weighted
objective LMDM = Et,x0,xt

[
α′

t

1−αt

∑
i:x

(i)
t =[MASK]

log pθ(x
(i)
0 |xt, t)], which effectively prioritizes

mostly-unmasked states. Inference entails iterative unmasking.

Crucially, whereas AR models rely on a stable causal history, MDMs must resolve semantics from
unstable contexts across combinatorial orderings. This distinction is central to our investigation into
how byte-level representations, which lack pre-composed BPE units, affect scaling across paradigms.
More details can be found in Appendix A.

3.2 BPE COMPRESSION.

Byte-Pair Encoding (BPE) (Gage, 1994; Sennrich et al., 2016) iteratively merges the most frequent
adjacent pairs of bytes into new tokens, building a vocabulary V of subword units. This process
compresses the raw data: a sequence of bytes is represented by fewer BPE tokens.

This compression has two primary effects: (1) computational efficiency, as the attention mechanism
scales quadratically with sequence length L and (2) semantic density. BPE tokens correspond to
common sub-word structures, meaning each individual token carries higher information content. In
contrast, byte-level modeling (V = 256) involves no compression, resulting in longer sequences
where individual units (bytes) carry minimal semantic value in isolation.

4 EXPERIMENTAL SETUP

To isolate the interaction between data representation (Byte vs. BPE) and modeling objective (AR vs.
MDM), we employ a compute-matched evaluation protocol (Hoffmann et al., 2022): that ensures that
comparisons are grounded in total floating-point operations (FLOPs) expended, accounting for the
inherent computational imbalances between byte-level and subword-level processing.

4.1 DATA

All models are trained on the Slimpajama-627B dataset (Soboleva et al., 2023). We compare two
distinct input representations: (1) Byte-Level: we bypass standard text tokenizers entirely, mapping
raw UTF-8 bytes directly to a vocabulary of size V = 256; (2) BPE-Level: we use the standard
Llama 2 BPE tokenizer (Touvron et al., 2023), which has a vocabulary size of V = 32k.

To ensure both model types process the same volume of information per optimization step, we
normalize the information content of the context window. Byte models are trained with a context
window of Lbyte = 8192 raw bytes, and BPE models with LBPE = 1792 tokens, applying the best
practice from Hwang et al. (2025) for a fair comparison.

3
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4.2 MODEL TRAINING.

We train models across a parameter sweep from 180M to 1.23B non-embedding parameters, em-
ploying a standard decoder-only Transformer architecture (Vaswani et al., 2017). We adopt modern
architectural best practices, including pre-normalization, SwiGLU activation functions (Ramachan-
dran et al., 2017), and Rotary Positional Embeddings (RoPE) (Su et al., 2024). While autoregressive
models utilize standard causal masking, Masked Diffusion Models (MDMs) share the identical
backbone but omit the causal mask. This enables bidirectional attention, allowing for global context
reasoning during the denoising process. All models are trained using mixed precision on NVIDIA
H100 GPUs.

Models are trained using the AdamW optimizer (Loshchilov & Hutter, 2019) (β1 = 0.9, β2 = 0.95)
with a global batch size of B = 1152. With our sequence length normalization (Section 3.1), this
ensures that the total volume of raw data (in bytes) processed per optimization step is approximately
constant across all experiments. Learning rate is swept logarithmically from 1e−4 to 3e−3 with a
1% linear warm-up followed by cosine decay to minimum learning rate 2e−4. Weight decay is set to
0.1; gradient clipping is swept between 0.25 and 1.0.

MDMs are trained with a linear masking schedule (αt = 1− t; α′
t

1−αt
= − 1

t ) and evaluated with a

cosine masking schedule (αt = 1− cos(π2 (1− t)); α′
t

1−αt
= −π

2 tan(
π
2 (1− t))), in accordance with

best practices from Shi et al. (2024).

4.3 EVALUATION

To compare across divergent vocabulary sizes on a unified scale, we report Bits-Per-Byte (BPB).
BPB normalizes the total log-likelihood by the raw size of the dataset in bytes, effectively decoupling
predictive performance from the discretization strategy. Formally:

BPB =
NLL(D; θ)/|D|bytes

ln(2)

where NLL(D; θ) = −
∑

x∈D log pθ(x) represents the total negative log-likelihood of the tokenized
dataset and |D|bytes is byte count of the raw data.

Models are compared with equivalent total training FLOPs (F ∈ {2e19, 6e19, 2e20, 6e20, 2e21}).
For each model parameterization and context length, we adjust the data budget to to achieve the target
FLOPs. Detailed FLOPs computations are provided in Appendix B.

Downstream Task Evaluation We also evaluate models on downstream reasoning benchmarks:
ARC-Easy (Clark et al., 2018), BoolQ (Clark et al., 2019), HellaSwag (Zellers et al., 2019),
OBQA (Mihaylov et al., 2018), PIQA (Bisk et al., 2020), RACE (Lai et al., 2017), and SIQA (Sap
et al., 2019). We define two matching protocols:

Compute match compares models with equivalent total training FLOPs (F ≈ 2 × 1020), which
typically pairs a lower-capacity Byte model against higher-capacity BPE baseline due to the quadratic
cost of the 4× longer byte sequences. Capacity match isolates representational differences by
holding non-embedding parameter counts and data volumes constant. This highlights the performance
deficit inherent to the byte-level objective when parameter count and data volume are held constant,
independent of compute-balancing.

Following Nie et al. (2025), to determine the conditional log-likelihood of a sequence
x0 for downstream tasks, we employ the chain rule decomposition log pθ(x0|prompt) =∑L−1

i=0 log pθ(x
(i)
0 |prompt, x(<i)

0 ,m). This allows for a direct comparison between the autoregressive
models and the naturally bidirectional masked diffusion models on a unified sequential likelihood
basis.
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Figure 2: Compute and Sample Efficiency. FLOPs (Left): AR Byte and BPE models converge to
a shared efficiency frontier, while MDM Byte models maintain a significant FLOPs penalty. Data
(Right):AR Byte and BPE models show nearly identical sample efficiency; in contrast, MDM Byte
models exhibit a persistent gap. Darker shades indicate larger model sizes.

5 QUANTIFYING THE EFFICIENCY FRONTIER

5.1 SCALING TRAJECTORIES AND BPB CONVERGENCE

Figure 2 reveals a fundamental divergence in how modeling objectives navigate the transition from
compressed to raw byte inputs.

Autoregressive models achieve near-parity at scale. As compute approaches 1021 FLOPs, the gap
between AR Byte and AR BPE models narrow, suggesting that for causal objectives, compute is
an effective substitute for pre-computed discretization. In contrast, MDM Byte models suffer a
substantial and sustained performance penalty compared to MDM BPE in the same compute
scale, suggesting that the non-causal objective faces a fundamental structural difficulty in modeling
sequences without the guidance of a pre-tokenized vocabulary.

The right side of Figure 2 plots performance against the raw volume of training data seen. It tells a
similar story: AR BPE and Byte models show comparable usage of training data, with Byte models
even frequently outperforming their BPE counterparts at higher compute budgets. MDM Byte models
show more relative sample inefficiency: to match the perplexity of a BPE counterpart, a Byte MDM
requires much larger data volumes.

Model Params Avg.

Baseline (45× 109 BPE tokens)
AR BPE 717M 46.23
MDM BPE 717M 40.70

Compute Match (F ≈ 2× 1020)
AR Byte 180M 41.71
MDM Byte 180M 37.73

Capacity Match (188× 109 Bytes)
AR Byte 717M 44.23
MDM Byte 717M 36.76

Figure 3: Zero-shot reasoning average re-
flects the relative advantage of AR BPE
models over Byte and MDM counterparts.

Downstream Task Performance Zero-shot evalua-
tion verifies that these BPB trends translate to semantic
capabilities. As shown in Table 3, AR Byte models
narrow the gap to their BPE counterparts as capacity
increases from compute-matched (180M) to parameter-
matched (717M) settings. Conversely, MDM Byte mod-
els stagnate, showing no meaningful scaling benefits
at these budgets. Per-task performance breakdown
is shared in Table 1 in the Appendix. All models
exhibited trivial performance on complex tasks (Hu-
manEval (Chen et al., 2021), MBPP (Austin et al., 2021),
and BBH (Srivastava et al., 2022; Suzgun et al., 2022)),
so we omit these numbers to focus on the tasks where
meaningful signals were observed.

5.2 THE EFFICIENCY GAP OF BYTE MODELING.

To quantify the performance disparity between data representations, we conduct a scaling analysis
following the protocol established by Hoffmann et al. (2022). Rather than identifying a static
penalty, we characterize the computational investment required for models to resolve underlying data
structures in the absence of a pre-computed tokenizer.

5
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IsoFLOPs Curvature and Extrapolation For each fixed compute budget, we evaluate a sweep of
parameter counts to identify the efficiency frontier. We fit parabolas to the BPB-parameter coordinates
for each budget. In high-compute regimes where sampled model sizes were limited, these fitted
parabolas allow us to characterize the shifting optimal parameter-to-data ratio on the compute budget
frontier.
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Figure 4: A power law is fit to extrapolated
isoFLOPs minima. AR Byte and BPE are pre-
dicted to reach parity several orders of magni-
tude before MDM Byte and BPE do.

Divergent Scaling Trajectories To quantify the
performance disparity between these paradigms, we
observe the factor of additional training compute re-
quired for a byte-level model to achieve the same
predictive performance as its BPE counterpart. Visu-
ally, this ratio corresponds to the horizontal distance
between the BPE and Byte frontiers on Figure 4.

We observe that this efficiency ratio is not a static
penalty but a dynamic value that evolves with scale.
For the autoregressive objective (red and purple lines),
the horizontal gap narrows as compute increases, in-
dicating that the initial computational overhead of
byte modeling is amortized over scale. In contrast,
the gap between the MDM BPE and MDM Byte fron-
tiers (yellow and green lines) is wider in magnitude

and more persistent across tested FLOPs scales. While scaling provides some evident narrowing of
the gap, the FLOPs penalty for MDMs remaining significantly higher than that of AR models across
the observed range. This difference in performance-matching compute ratios suggests that the order-
agnostic nature of the diffusion objective interacts poorly with granular byte-level representations at
lower compute scales, a phenomenon we investigate mechanistically in the following sections.

6 EMERGENT SEGMENTATION

The narrowing of the efficiency gap for autoregressive models suggests that they eventually develop
internal structures that approximate the advantages of the pre-computed tokenizer. We hypothesize
that because BPE is a pre-computation of frequent byte patterns, a byte-level model must expend
computational resources to resolve these same statistical regularities.

6.1 ENTROPY AS A PROXY FOR SEGMENTATION
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Figure 5: Regions of high entropy (dark red) for
an AR byte model align with the first non-space
byte of corresponding BPE tokens (black outlines),
achieving an ROC AUC of 0.829 for predicting
BPE start boundaries.

To investigate this, we analyze the predictive en-
tropy of trained AR byte models across diverse
text samples. We find that the predictive uncer-
tainty is highly non-uniform. In fact, it exhibits
high entropy at the start of frequent sub-word
units and low entropy for the more predictable
byte transitions within those units.

Figure 5 illustrates the peaking of AR byte pre-
dictive entropy at the initial bytes of frequent
byte patterns. The black-outlined boxes denote
the first non-space byte of the corresponding
BPE token from the Llama 2 tokenizer. Re-
gions of high entropy align with these BPE start
boundaries.

To quantify the alignment between predictive
uncertainty and the structural units constructed
by BPE, we frame the task as a binary classi-
fication problem. We utilize the scalar entropy
at each byte position as a score to predict the
presence of a BPE start boundary (1 if start of
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token, 0 otherwise). The resulting ROC AUC of 0.829 demonstrates that the autoregressive model’s
uncertainty is highly non-uniform and demonstrates a strong statistical alignment with the probabilis-
tic structures established by the tokenizer. This indicates that the model’s output distribution reflects
the underlying statistical regularities of the data, even in the absence of an explicit tokenizer.

6.2 IMPLICIT SEGMENTATION AS A STRUCTURAL REQUIREMENT

The behavioral alignment between predictive entropy and sub-word boundaries suggests that the
predictive efficiency of autoregressive byte models is supported by their sensitivity to local statistical
dependencies. The sharp transition in entropy at these boundaries indicates that the model successfully
leverages a stable causal history to resolve high-frequency transitions within frequent byte patterns.

Conversely, the persistent efficiency gap in MDM suggests that order-agnostic objectives may struggle
to establish this same degree of predictive regularity. If the utilization of local contiguity is a primary
driver of efficiency, then the stochastic masking inherent in MDM, which disrupts these probabilistic
patterns, may fundamentally hinder the development of this structural awareness. To test this, we
move from observing emergent structures to a series of controlled experiments designed to scramble
this local context and quantify the resulting fragility of the byte representation.

7 MECHANISM OF FAILURE: CONTEXT FRAGILITY

We hypothesize that the performance degradation of byte-level diffusion stems from the fragility of
byte sequences under context corruption. While a BPE token often corresponds to a subword unit
with intrinsic semantic meaning, a single byte is semantically vacuous in isolation. It relies entirely
on neighboring bytes, combined with its global position, to resolve its meaning. Consequently, byte-
based sequences are more susceptible to losing informational value when their sequential integrity
is compromised, forcing the model to resolve dependencies across a more challenging, low-signal
input.

Experimental Setup: Permutation as Corruption To test this, we simulate the context destruction
inherent in MDM within a controlled AR framework. We apply a static permutation π to sequences
and their corresponding position IDs. We compare three permutation strategies (visualized in
Figure 6): (1) global random: all token positions are randomly shuffled, destroying local and global
structure; (2) inter-block-N random: blocks of size N bytes are shuffled while internal byte order
is preserved, destroying global order while preserving local contiguity; (3) intra-block-N random:
bytes within each block of size N are shuffled, destroying local order while preserving global order.
For this study, we test N = {4, 8} bytes.

To provide a model-agnostic measure of the structural information contained within different sequence
representations, we utilize average loss in compressibility under the DEFLATE algorithm (Deutsch,
1996) as a model-free proxy for probabilistic structure of sequence data. DEFLATE is a combination
of prefix matching with Huffman coding, letting us quantify the statistical regularities and repetitive
patterns preserved under various tokenization and permutation strategies, offering a quantitative
baseline for how much structural scaffolding is destroyed during context corruption.

The Primacy of Causal History. Our results in Section 6 show that AR models achieve an ROC
AUC of 0.829 against BPE boundaries, proving that these structures emerge out of training for AR
Transformer models. However, Byte MDMs fail to achieve similar efficiency despite using the same
Transformer backbone.

Training dynamics in Figure 6 reveal three key observations:

Byte models are less robust to global shuffling . The AR Byte model suffers a much sharper
performance drop under global random permutation compared to AR BPE. This confirms that BPE
tokens provide a stronger independent learning signal when context is destroyed. This is also reflected
in a higher average decrease in compressibility for shuffled bytes ( −9%) versus BPE ( −7%).

7
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Figure 6: Context Fragility under Permutation. (a) Strategies used to corrupt sequence integrity.
Average loss in compressibility (%) serves as a model-free proxy for data structure. (b) AR Byte
models suffer under global shuffling but recover performance when local contiguity (Inter-Block)
or global causal order (Intra-Block) is preserved, highlighting that a stable causal history is a more
powerful inductive bias than local predictability alone.

Local contiguity is a helpful inductive bias . Under inter-block-N permutation (preserving local
chunks), byte models recover performance. This mirrors the compressibility trend, where preserving
chunks increases average compressibility from total random permutation by approximately 5− 10%.

Global context compensates for local noise . Under intra-block-N permutation (preserving global
order), the byte model outperforms the globally-permuted BPE. This occurs even though the data is
technically less compressible than inter-block sequences, suggesting that a stable causal history is a
more powerful inductive bias for modeling than local predictability alone.

Implication for MDM. These findings identify a paradigm structural mismatch in the Byte MDM
paradigm. BPE inherently encapsulates local contiguity within compressed units, and AR objectives
preserve it via a stable causal history. The MDM objective, however, is doubly destructive: it operates
on granular units (no encapsulation) while simultaneously scattering the context (no causal history).
Our results suggest that by simultaneously shattering global sequential ordering and corrupting
local structure, the masking process deprives the model of the dependencies required to efficiently
resolve sub-semantic units. Deprived of this structural scaffolding, the diffusion objective must
resolve dependencies across a combinatorial landscape of possible orderings, leading to the efficiency
collapse observed in our scaling study.

Vocabulary Sensitivity Given the persistent gap between Byte and BPE MDMs, we further
investigate whether increasing vocabulary size yields diminishing returns. In a sweep across GPT-2
(V ≈ 50k) and Llama-3 (V ≈ 128k) tokenizers, we find that while larger vocabularies offer higher
compression, the optimal vocabulary size for masked diffusion is not static and depends heavily on
model capacity and compute budget. Detailed results on this "upper limit" to vocabulary efficiency
are provided in Appendix D

8 CONCLUSION

We quantified the efficiency gap between subword and byte-level representations, revealing a fun-
damental dichotomy: while autoregressive models effectively amortize tokenization costs at scale,
byte-level MDMs suffer a persistent efficiency collapse. This stems from context fragility; the MDM
objective shatters local contiguity and global context required to resolve sub-word semantics from
byte streams. Our findings indicate that order-agnostic objectives require specific inductive biases to
remain viable in the raw byte regime. Future research should explore such possibilities, including but
not limited to: hierarchical masking or curriculum strategies to preserve local contiguity, alternate
linear-time architectures or hybrid backbones, and identifying optimal diffusion vocabularies that
balance semantic density against classification difficulty.
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IMPACT STATEMENT

Our findings suggest several avenues for future investigation into the interaction between data
representation and modeling objectives. By establishing compute-matched baselines, this work
provides the open-source community with a structural roadmap for selecting data representations that
align with specific modeling objectives, helping to prevent the misallocation of limited computational
resources toward inefficient scaling trajectories.

This paper presents work whose goal is to advance the field of Machine Learning by quantifying and
analyzing the efficiency of different data representations. The compute-controlled pre-training re-
quired for this study involves significant computational resources and associated energy consumption,
but our findings identify critical structural inefficiencies in current modeling paradigms, providing the
foundation for more compute-efficient architectures, potentially reducing the long-term environmental
impact of training large-scale, modality-agnostic models.

A DISCRETIZATION OF CONTINUOUS-TIME DIFFUSION

We follow the continuous-time discrete diffusion framework presented by Shi et al. (Shi et al., 2024)
(MD4), which generalizes the discrete diffusion models of Austin et al. (Austin et al., 2023) (D3PM).
Here we detail the forward process, training objective, and sampling strategy used in our experiments.

Forward Process (Corruption). We consider a sequence x0 of length L tokens, where each token
x
(i)
0 belongs to a finite vocabulary comprised of the model vocabulary plus a special mask token

V ∪ {[MASK]}. The forward process is characterized as a continuous-time Markov chain over time
interval t ∈ [0, 1] applied independently to each token.

At any time t, the marginal distribution of the noisy sequence xt factorizes as q(xt|x0) =∏L
i=1 q(x

(i)
t |x(i)

0 ), where:

q(x
(i)
t |x(i)

0 ) =


αt if x(i)

t = x
(i)
0

1− αt if x(i)
t = [MASK]

0 otherwise
(1)

Here, αt is a monotonically decreasing masking schedule from α0 ≈ 1 (no masking) to α1 ≈ 0 (fully
masked).

Training Objective (Continuous-Time ELBO) The generative process is parameterized by a
neural network pθ(x0|xt, t) trained to predict the original uncorrupted sequence x0 from the noisy
state xt. Following Shi et al. (Shi et al., 2024), we minimize the simplified continuous-time variational
lower bound (ELBO), which reduces to a weighted cross-entropy over the masked tokens:

LMDM(θ) = Et∼U(0,1)

 α′
t

1− αt︸ ︷︷ ︸
w(t)

∑
i∈{i:x(i)

t =[MASK]}

log pθ(x
(i)
0 |xt, t)

 (2)

Note that because αt is decreasing over t, the derivative α′
t is negative, making w(t) negative, which

offsets the negative value produced by the log pθ.

Sampling: Reverse Process (Denoising). During inference, we simulate the reverse process by
discretizing time into T steps: 1 = tT > · · · > t0 = 0. At each step t → s (where s < t), we update
the sequence based on the model’s prediction. Tokens that are already unmasked are kept fixed. For
tokens that are still masked at time t, we sample their value at the next step s according to:

x(i)
s ∼

{
Cat(αs−αt

1−αt
σ(fθ(xt, t))

(i) + 1−αs

1−αt
em) if x(i)

t = [MASK]

x
(i)
t else

(3)
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Implementation and Schedules. We approximate the expectation over time by sampling t ∼
U(0, 1) for each batch. We use a linear masking schedule during training and cosine schedule during
evaluation and sampling.

B FLOPS COMPUTATION

We calculate the forward pass FLOPs for our Transformer architecture based on the specific operations
of our decoder-only backbone. We largely follow the methodology of Hoffmann et al. (2022), with
modifications to account for the SwiGLU activation functions used in the Transformer architecture.

For a single forward pass, the FLOPs are computed as follows:

• Embeddings: 2× L× V × dmodel

• Attention Layer (per layer):

– QKV Projections: 3× 2× L× dmodel × (nheads × dhead)

– Attention Logit Calculation (QKT ): 2× L2 × (nheads × dhead)

– Attention Softmax Weighting: 2× L2 × (nheads × dhead)

– Output Projection: 2× L× (nheads × dhead)× dmodel

• MLP Block (SwiGLU) (per layer):

– Up-Projections and Gating: 2× (2× L× dmodel × dff)

– Down-Projection: 2× L× dff × dmodel

• Language Modeling Head: 2× L× dmodel × V

The total training compute (F ) is then calculated by multiplying the per-step forward pass FLOPs by
a factor of 3 to account for the backward pass and gradient computation, and then scaling by the total
number of tokens processed.

C FULL TASK SUITE PERFORMANCE

Model Params ARC-E BoolQ HellaS OBQA PIQA RACE SIQA Avg

Baseline (D = 45× 109 BPE tokens)
AR BPE 717M 49.49 59.45 41.93 36.40 67.08 30.91 38.33 46.23
MDM BPE 717M 35.69 59.14 31.93 32.40 59.58 29.67 36.49 40.70

Compute Match (D = 188× 109 Byte tokens, N =180M)
AR Byte 180M 43.01 54.62 35.74 30.80 63.11 28.42 36.28 41.71
MDM Byte 180M 26.68 60.64 29.03 31.00 55.28 27.85 33.62 37.73

Capacity Match (D = 188× 109 Byte tokens)
AR Byte 717M 47.60 56.29 39.29 33.00 66.32 30.14 37.00 44.23
MDM Byte 717M 30.60 44.86 30.33 31.60 56.75 27.18 36.03 36.76

Table 1: Comparison of Byte vs. BPE models. AR Byte models remain relatively competitive with
BPE baselines, whereas MDM Byte models significantly underperform, even when parameter counts
are matched. (MDM likelihoods computed via chain rule decomposition). Last column shows the
average of zero-shot accuracy scores across tasks.

D AN UPPER LIMIT TO VOCABULARY EFFICIENCY

To test if larger vocabularies yield further gains, we extended our sweep to include GPT-2 (V ≈ 50k)
and Llama-3 (V ≈ 128k) tokenizers. We find that BPE MDM models consistently outperform Byte
counterparts regardless of vocabulary size. Our results indicate that the optimal vocabulary size for
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Tokenizer Vocab (V ) Avg. Bytes

Byte 256 1.00

Llama-2 32, 000 3.74

GPT-2 50, 257 4.16

Llama-3 128, 000 4.36

Table 2: Tokenizer vocabulary size and compres-
sion rates.
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Figure 7: Iso-FLOPs curves for 180M and 717M
models. Larger vocabularies offer higher compres-
sion.

MDM is not static; it requires balancing semantic density against the increased classification difficulty
of massive vocabularies.

Over the compute settings sizes described in Section 4 (N = 180M, 717M), we find, consistent with
the main results of this paper, that BPE MDM models consistently outperform their Byte counterparts
regardless of vocabulary size.

As shown in Figure 7, we observe that the best-performing vocabulary size depends on model capacity
and compute budget. Observe, for example, that for the smaller 180M model, the Llama-2 tokenizer
(V = 32k) fares the best. But as the FLOPs budget increases to 1020 for the larger 717M model,
the larger BPE tokenizers (GPT-2, Llama-3) close the gap, even overtaking the smaller-vocabulary
Llama-2 tokenizer baseline. These results indicate that optimal vocabulary size for masked diffusion
is not static; it requires balancing the benefits of semantic density against the token sparsity and
classification difficulty of massive vocabularies.
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