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Abstract

Tokenizers play a critical role in large language
model studies. Despite recent advances, exist-
ing tokenizers fail to explicitly leverage histor-
ical tokenization results when making subse-
quent token decisions, nor do they selectively
utilize such history based on contextual rele-
vance. We propose SPEAK, a gradient-based
tokenizer that integrates spiking neurons to ex-
plicitly leverage historical tokenization results.
Furthermore, we introduce an entropy-aware re-
set mechanism that selectively leverages history
based on contextual relevance, which is deter-
mined by token-level entropy. High-entropy
tokens are treated as contextual boundaries,
whereas low-entropy tokens between consecu-
tive such boundaries exhibit strong contextual
relevance. Accordingly, we induce hard reset
at high-entropy tokens to discard irrelevant his-
torical tokenization results, and soft reset at
low-entropy tokens to preserve and leverage
relevant history. Experiments on 2 language
models and 5 datasets spanning 16 languages
demonstrate superior cross-lingual adaptability,
with competitive performance and efficiency.
Our code is publicly available at § https:
//github.com/zju-bmi-lab/SPEAK.

1 Introduction

Large language models (LLMs) have demonstrated
remarkable effectiveness across NLP tasks (Brown
et al., 2020; Yuan et al., 2025; Fang et al., 2025).
Recent advances in LLM capabilities are largely at-
tributed to deeper theoretical insights and improved
interpretability (Sivaprasad et al., 2025; Luo and
Specia, 2024; Yu et al., 2025). However, current
studies adopt traditional tokenizers (e.g. BPE and
Unigram) by default, with little scrutiny of their
effects on model behavior. Emerging evidence
suggests that tokenization can significantly affect

✉Corresponding author

Figure 1: Top: Theoretical comparison. Tokeniz-
ers that discard history may produce different tokens
for the same word, whereas those that leverage history
yield identical tokens. In contrast, our model selectively
leverages historical tokenization results, adapting his-
tory usage. Bottom: Empirical comparison. Only
we correctly tokenize the chemical term “germanium”
without being influenced by the historical token “Ger-
man”, via selectively leveraging history only after the
high-entropy token “Since”. In contrast, other methods
produce misunderstanding tokens “german” or “germ”.

downstream performance, efficiency, and reasoning
quality (Ali et al., 2024; Wang et al., 2024).

Recently, many works focus on designing state-
of-the-art (SOTA) tokenizers to improve down-
stream performance (Zheng et al., 2024), inference
efficiency (Feher et al., 2025), adaptability (Geng
et al., 2025), and multilingual fairness (Ahia et al.,
2024). Many of these methods build upon tradi-
tional tokenizers and iteratively refine themselves
using handcrafted or heuristic rules, resulting in
rule-based tokenizers (RToks) that are easy to im-
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plement and update (Oh et al., 2025). Despite their
advances, such rigid rule-based designs limit adapt-
ability and can degrade performance under diverse
linguistic conditions (Feher et al., 2025; Minix-
hofer et al., 2024). In contrast, gradient-based tok-
enizers (GToks) have been proposed to optimize to-
ken boundaries end-to-end via gradient descent, en-
abling flexible adaptation across tasks, languages,
and scripts, and often achieving strong empirical
performance (Ahia et al., 2024; Nawrot et al., 2023;
Thawani et al., 2023).

Despite these advances, fundamental challenges
remain. 1) Historical tokenization results should
be explicitly leveraged during token boundary
decisions. Current GToks predict token boundaries
independently, without conditioning on historical
token boundary decisions, often leading to sub-
optimal boundary placement (Godey et al., 2022;
Thawani et al., 2023). Some methods attempt to
incorporate history via indirect temporal model-
ing over character embeddings using transformers;
however, they do not explicitly model historical to-
kenization results and introduce additional compu-
tational overhead (Ahia et al., 2024; Nawrot et al.,
2023). Hence, existing methods fail to explicitly
leverage historical tokenization results for bound-
ary decision making. 2) Historical tokenization
results should be selectively leveraged based on
contextual relevance. Natural language exhibits
complex linguistic and semantic continuity (Futrell
and Hahn, 2025). Accordingly, historical tokeniza-
tion results are not uniformly informative for cur-
rent token boundary decisions: some contribute
meaningfully due to contextual relevance, while
others introduce noise (Tikochinski et al., 2025).
However, existing temporal models (e.g., recurrent
models and spiking neurons) typically leverage his-
tory indiscriminately, without assessing contextual
relevance. Hence, we need mechanisms that first
identify contextual relevance, and then selectively
leverage relevant while discarding irrelevant histor-
ical tokenization results based on it.

To address these challenges, we propose
SPEAK, where SPiking neurons act as an Entropy-
Aware toKenizer. Specifically, we build a GTok
with spiking neurons integrated to explicitly lever-
age historical tokenization results, thereby address-
ing challenge 1). Spiking neurons accumulate input
features into membrane potentials and emit spikes
upon threshold exceeding, with each spike corre-
sponding to a token boundary. After each spike,
the reset mechanism is activated with two typical

modes: hard reset completely clears history, while
soft reset partially preserves it. This inherent mech-
anism provides a natural and discrete way for his-
tory truncation, which recurrent models lack. To
resolve challenge 2), we leverage token-level gen-
eration entropy to determine boundaries that define
ranges of contextual relevance, referred to as “con-
textual boundaries” and “contextual ranges”, re-
spectively. We observe that high-entropy tokens of-
ten act as “forking” points that steer models toward
diverse reasoning paths, indicating linguistic iso-
lation, whereas low-entropy tokens tend to follow
the reasoning path, signifying linguistic continuity
(Wang et al., 2025). Hence, high-entropy tokens
naturally serve as contextual boundaries, while low-
entropy tokens between consecutive such bound-
aries, i.e., within a contextual range, exhibit strong
contextual relevance. Accordingly, we induce hard
reset at these contextual boundaries to discard irrel-
evant historical tokenization results, and soft reset
within the contextual ranges to preserve and lever-
age history. This entropy-aware reset mechanism
enables selectively leveraging historical tokeniza-
tion results based on contextual relevance.
Contributions. 1) We propose SPEAK, a GTok
that integrates spiking neurons to explicitly lever-
age historical tokenization results. 2) We develop
an entropy-aware reset mechanism to selectively
leverage historical tokenization results based on
contextual relevance, which is determined by token-
level entropy. 3) We evaluate our model on 2
language models and 5 datasets spanning 16 lan-
guages, benchmarking against SOTA GToks and
RToks. Experimental results demonstrate superior
cross-lingual adaptability with competitive perfor-
mance and efficiency.

2 Related Works

2.1 Subword, Rule-Based and
Gradient-Based Tokenizers

Subword tokenizers are widely used in LLMs (Sen-
nrich et al., 2016; Kudo, 2018; Wang et al., 2021;
Su, 2023; Kudo and Richardson, 2018), but they
lack direct interaction with LLM and cannot en-
hance LLM capabilities. Hence, advanced tokeniz-
ers have emerged. Among them, RToks rely on
handcrafted rules, easy to implement and update.
But their rigidity incurs issues, such as trading per-
formance for efficiency (Feher et al., 2025), or re-
quiring extensive prior knowledge (Oh et al., 2025).
In contrast, GToks use learnable neural networks

9944



to predict token boundaries via end-to-end gradient
optimization, consistently achieving strong empiri-
cal performance (Nawrot et al., 2023; Islam et al.,
2022; Tay et al., 2022; Thawani et al., 2023). We
build upon the GTok paradigm to inherit its adapt-
ability across diverse scenarios.

2.2 Generation Entropy

Generation entropy is widely used in mainstream
AI research, such as LLM reasoning (Farquhar
et al., 2024; Qiu et al., 2025) and image genera-
tion (Yoon et al., 2024). The entropy quantifies the
uncertainty of the predictive distribution at each
position. High-entropy tokens typically indicate
greater model uncertainty or semantic complexity,
and are often seen as undesirable. Consequently,
prior work frequently minimizes entropy to im-
prove performance (Agarwal et al., 2025; Ma et al.,
2025). Conversely, Wang et al. (2025) exploits
high-entropy tokens to enhance LLM reasoning
abilities. They propose that high-entropy tokens act
as critical “forking” points that steer models toward
diverse reasoning paths, whereas low-entropy to-
kens follow established paths. Inspired by this, we
propose an innovative entropy-aware reset mecha-
nism for spiking neurons.

2.3 Tokenizer Optimization

Optimizing tokenizers introduces new tokens
whose embeddings need to be learned, thus requir-
ing training the language model from scratch (Oh
et al., 2025; Geng et al., 2025; Zheng et al., 2024).
To address this issue, Minixhofer et al. (2024) pro-
pose a hypernetwork that enables tokenizer trans-
fer. Hence, RToks can flexibly modify tokenization
schemes, as the hypernetwork has already prepared
embeddings for new tokens (Feher et al., 2025).
However, GToks face an additional challenge. The
tokenization process is non-differentiable, prevent-
ing the gradient flow from optimizing GToks. Prior
works address this issue using differentiable ap-
proximations such as soft grouping or Gumbel-
sigmoid (Maddison et al., 2017; Jang et al., 2017).
But, integrating such methods with LLMs requires
replacing the standard embedding pipeline and
training the entire model from scratch. Hence,
many current approaches are only implemented
on a lightweight model, limiting applicability to
mainstream LLMs (Ahia et al., 2024; Nawrot et al.,
2023). By contrast, we propose momentum-based
proxy supervision, enabling the usage of hypernet-
works and integration with mainstream LLMs.

2.4 Spiking Neuron
Spiking neurons are widely used to capture tem-
poral dynamics in time-varying data (Zheng et al.,
2026). They encode information as discrete spikes,
enabling event-driven, low-latency, and temporally
heterogeneous computation (Hu et al., 2023a,b;
Yan et al., 2025), and are particularly suited to
neuromorphic computing architectures (Xiao et al.,
2025; Ma et al., 2024; Cao et al., 2025). A unique
property of spiking neurons is the reset mechanism,
commonly including hard reset, which discards
all historical information, and soft reset, which
preserves partial state. Natural language exhibits
complex contextual patterns, alternating between
semantic isolation and continuity, which demands
fine-grained temporal modeling (Wang et al., 2025).
In this regard, spiking neurons provide a better
framework than recurrent models (details in Ap-
pendix A.1), making them well-suited for capturing
such patterns.

3 Methodology

3.1 Spiking Neuron-Based GTok
Spiking neuron. The Leaky-Integrate-and-Fire
(LIF) model (Burkitt, 2006; Hunsberger and Elia-
smith, 2015) is a widely used neuron model. The
discrete LIF equations are given by:

ut = γvt−1 + δI ,

st = 1(ut ⩾ uth) , (1)

vt =





ut − uth · st soft reset,
ut(1− st) + ureset · st hard reset,
ut no reset,

where 1(·) is the indicator function. These equa-
tions formulate that the spiking neuron sequentially
receives and accumulates the input current It into
its membrane potential ut while decaying at a con-
stant rate γ. When reaching the threshold uth, a
spike is emitted (i.e., st = 1) and the reset mech-
anism is activated. There are typically two reset
modes: in soft reset, the membrane potential is
reduced by the threshold value; in hard reset, it
is directly set to ureset. Another, far less common,
is to never reset the membrane potential. Conse-
quently, the neuron emits spikes sequentially while
either preserving partial historical information or
erasing it entirely. This inherent mechanism en-
ables simultaneous control over the retention and
isolation of historical features, differentiating from
recurrent networks.
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Figure 2: A) Input data: A character sequence is processed sequentially. B) Context encoder: Extract character
embeddings. C) SPEAK: Character embeddings are used to predict token boundary logits and contextual boundary
logits. The former generate spikes to determine token boundaries; the latter determine contextual boundaries to
control reset modes. Specifically, hard reset is induced at the starting boundaries of high-entropy tokens to discard
history, while soft reset is applied at boundaries of low-entropy tokens to leverage history. D) Optimization: After
tokenization, the objective loss and token-level entropy are computed. The objective loss optimizes the language
model via backpropagation and the token boundary predictor through proxy supervision. Token-level entropy
supervises the contextual boundary predictor.

Token boundary prediction. Now, we integrate
this spiking neuron into a GTok, denoted as T , to
predict token boundaries. The architecture consists
of a context encoder to extract character embed-
dings, a linear block and a LIF neuron to produce
token boundaries. It is formulated as:

T = LIF ◦ Linear1 ◦ ContextEncoder(·) . (2)

Here, ContextEncoder represents a neural network
that extracts character embeddings from input text
via fully-connected layers with non-linear activa-
tions (e.g., tanh). Linear1 is a fully-connected layer
projecting ContextEncoder outputs to the LIF spik-
ing neuron input dimension for token boundary
prediction.

Given an input character sequence c =
(c1, . . . , cL), the tokenizer sequentially outputs the
membrane potential and spikes for each position:

T :
L⋃

i=1

Ri → (R,R), (ui, si) = T (c1:i), (3)

which we denote as soft and hard boundaries:

soft: ui ∈ R , hard: si ∈ {0, 1} . (4)

Here, soft boundaries u = (u1, . . . , uL) represent
continuous boundary salience at each character po-
sition, while hard boundaries s = (s1, . . . , sL) are
explicit token boundaries. Our GTok explicitly
leverages historical tokenization results in a causal
manner when making token boundary decisions.

Tokenization and objective loss. Finally, we seg-
ment the character sequence c into a token se-
quence x = (x1, . . . , xT ) via s, denoted as:

x = Tokenize(c, s) . (5)

Then we feed the tokens into a language model F
to compute the objective loss:

LLM = f(F ,x) , (6)

where f denotes the task-specific loss function,
such as cross-entropy for autoregressive language
modeling.

3.2 Entropy-Aware Reset Mechanism
Motivation. By default, the spiking neuron uni-
formly adopts hard reset after each spike, discard-
ing history for every token, deemed inferior by
Nawrot et al. (2023). Sometimes, it uniformly
adopts soft reset after each spike, preserving partial
history after each token, functionally analogous to
gated recurrent networks. Rarely, the neuron for-
goes reset, accumulates all past information like a
vanilla recurrent unit. The latter two settings lever-
age all history overlooking contextual relevance,
which is theoretically suboptimal as proved by us
in Appendix E.
Entropy-aware reset. Therefore, we propose an
innovative reset mechanism that adaptively resets
the spiking neuron based on token-level generation
entropy. Specifically, we induce hard reset at the
starting boundary of each high-entropy token to en-
force linguistic isolation. For low-entropy tokens,
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we apply a scaled soft reset at their boundaries,
which preserves partial historical tokenization re-
sults to maintain contextual linguistic continuity.
The scaling factor controls the proportion of history
propagated to future timesteps.

As illustrated in Fig.3, we opt for soft reset rather
than no reset for low-entropy tokens to avoid im-
posing spurious constraints upon spiking behaviors.
Under no reset, the membrane potential accumu-
lates unbounded, forcing subsequent input currents
to be negative to suppress spiking—a condition
that may conflict with legitimate future spiking tar-
gets (e.g., at position c3), thereby degrading token
boundary prediction.

In summary, we treat high-entropy tokens as
contextual boundaries at which historical tokeniza-
tion results are discarded, and regard low-entropy
tokens between two such boundaries as forming
a contextual range, within which historical tok-
enization results are leveraged. Consequently, our
entropy-aware reset enables simultaneous control
over the retention and isolation of historical infor-
mation.
Formulation. Since token-level entropy is only
available after tokenization, we initially introduce
a contextual boundary predictor C that is trained to
identify positions as contextual boundaries or not.
It is formulated as:

C = Linear2 ◦ ContextEncoder(·) , (7)

which shares the same ContextEncoder with T .
Linear2 is a fully-connected layer mapping Contex-
tEncoder outputs to a scalar for contextual bound-
ary prediction, where the distinct subscript differ-
entiates it from Linear1.

Given the input c, C outputs boundary logits
e = (e1, . . . , eL) for each position:

C : RL → RL, ei ∈ R = C(ci) . (8)

These logits further calculates binary masks indi-
cating where hard reset should occur:

mi = 1
(
σ(ei) > 0.5

)
, i = 1, . . . , L . (9)

These masks control the reset modes of the spiking
neuron at each position:

vt = mt ·
(
ut(1− st) + ureset · st

)
(10)

+ (1−mt) ·
(
ut − θ · uth · st

)
,

Figure 3: Reasons for soft reset over no reset. Under
the soft reset setting, for a spiking target position (e.g.,
c2), only its input current needs to be constrained to
be sufficiently positive to drive the membrane potential
above threshold uth. However, under the no reset setting,
an extra constraint is imposed: the input current at the
next position (i.e., c3) must be sufficiently negative to
keep the membrane potential below threshold. This
can interfere with future spiking guidance, particularly
when a later occurrence of c3 is itself a spiking target.

which replaces the original reset equation in Eq. (1).
This equation integrates three conditions:

vt =





ut no spike,

ureset spike & c. boundary,

ut − θ · uth spike & ¬ c. boundary,

(11)

where c. boundary indicates the presence of a con-
textual boundary (mt = 1), and ¬ denotes its ab-
sence (mt = 0). Here, we introduce a hyperpa-
rameter θ ∈ (0, 1) to scale the soft reset magni-
tude, allowing finer control over the retention of
historical information within the contextual range.
Finally, we only need to supervise C to estimate cor-
rect contextual boundaries at high-entropy token
boundaries.
Entropy level supervision. After tokenization
based on C and T , we compute token-level entropy.
Following Wang et al. (2025), we identify the top
20% of tokens ranked by their entropy values as
high-entropy tokens, and denote the set of their
starting boundaries as H (details in Appendix A.2).
We supervise C to predict contextual boundaries at
H using a binary cross-entropy loss:

Lreset = BCEWithLogits(e, ê) , (12)

where ê = (ê1, . . . , êL) and êi = 1(i ∈ H).

3.3 Optimization
Momentum-based proxy supervision. At epoch
N , we generate a proxy supervision signal ŝN =
(ŝN1 , . . . , ŝ

N
L ) ∈ {0, 1}L to guide the spiking be-

havior of the tokenizer T . This proxy is iteratively
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refined across epochs to minimize LLM, forming a
momentum-based update sequence:

ŝN+1 = aN · sN+1 + (1− aN ) · ŝN , (13)

where aN ∈ {0, 1} is a binary acceptance vari-
able drawn via Metropolis-Hastings (MH) sam-
pling (Metropolis et al., 1953; Hastings, 1970), de-
pending on the relative LLM values upon sN+1 and
ŝN . Thus, the proxy signal evolves, enabling T
to be optimized indirectly for LLM. The detailed
implementation is displayed in Appendix B.
Membrane potential-driven loss. To supervise
T , we propose a membrane potential-driven loss
Lmem to encourage outputs of T to approach the
proxy signal ŝN . Specifically, we define SN =
{t | ŝNt = 1} as the spiking target positions. The
loss Lmem encourages potentials at SN to exceed
the threshold while suppressing others below the
threshold:

Lmem =
∑

t∈SN

∥∥αufire
t + (1− α)uth − ut

∥∥2
2

(14)

+
∑

t/∈SN

∥∥βurest
t + (1− β)ureset − ut

∥∥2
2
,

where,

ufire
t = max

(
uth, γuth + δIt

)
,

urest
t = min

(
uth − ϵ, γureset + δIt

)
.

Here, α and β are hyperparameters, and ϵ is a small
margin. This loss extends Cao et al. (2024) with ex-
plicit supervision on non-spiking positions, which
we find essential for stable training. Under Lmem,
the spiking output sN of T aligns with ŝN .

4 Experimental Setup

Our experiments are organized along two compari-
son frameworks: against GToks and against RToks.

4.1 SOTA Tokenizers

For GToks, we select MAGNET (Ahia et al., 2024)
and DTP (Nawrot et al., 2023); for RToks, we se-
lect DyTok (Feher et al., 2025) and ZeTT (Minix-
hofer et al., 2024). These methods provide com-
plete, reproducible code and require only moderate
training or fine-tuning costs.

4.2 Language Models

In GTok comparisons, we use Hourglass Trans-
former (Nawrot et al., 2022), which is a

lightweight model. In RTok comparisons, we use
XLM-R (Conneau et al., 2020), a widely adopted
mainstream LLM.

We do not include experiments with Mistral-7B
(used in DyTok and ZeTT; Jiang et al., 2023), as
its experimental pipelines are based on evaluation-
only benchmarks that do not provide training or val-
idation splits for optimizing our tokenizer. Detailed
explanations are provided in the Appendix A.3

4.3 Datasets

For GTok comparisons, we use text8 (en; Ma-
honey, 2006), cc-100 (en; Conneau et al., 2020) and
wiki40b (en, fi, he, vi; Guo et al., 2020), follow-
ing DTP’s setting. For RTok comparisons, we use
XNLI (Conneau et al., 2018) and UNER (Mayhew
et al., 2024), following DyTok’s pipeline. These
datasets cover 16 languages in total.

4.4 Training Details

When combined with the Hourglass Transformer,
we adopt the full model architecture and optimiza-
tion strategy proposed in DTP to ensure a fair com-
parison focused on the methodological innovations.
Accordingly, the Hourglass Transformer and the
tokenizer are trained from scratch.

When integrated with XLM-R, we perform our
optimization algorithm and employ the hypernet-
work proposed by Minixhofer et al. (2024). The
implementation of the hypernetwork and XLM-R
follows the setting of DyTok. We fine-tune XLM-R
using a LoRA adapter (Hu et al., 2021).

We run each experiment 3 times with different
random seeds, presenting only the mean results due
to space limit. We perform a comprehensive grid
search to identify optimal hyperparameter settings
and network configurations, with detailed search
results and final selections reported in Appendix C.

5 Results

5.1 Cross-Lingual Adaptability

SOTA GToks are known for their strong cross-
lingual adaptability, delivering consistently com-
petitive performance and efficiency across diverse
datasets and languages. Meanwhile, SOTA RToks
leverage the multilingual modeling capacity of
XLM-R to achieve strong cross-lingual results. To
compare against both, we evaluate our model on 5
datasets spanning 16 languages in total. Notably,
all datasets include English, enabling an additional
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Methods
BPC ↓ SF ↑

text8 cc-100 wiki40b Avg. text8 cc-100 wiki40b Avg.(en) (en) (en) (fi) (he) (vi) (en) (en) (en) (fi) (he) (vi)

Vanilla 1.143 1.225 1.091 0.945 1.274 1.065 1.124 1.0x 1.0x 1.0x 1.0x 1.0x 1.0x 1.00x
DTP (Entropy) 1.138 1.218 1.083 0.949 1.276 1.072 1.123 4.1x 3.8x 4.1x 4.1x 3.6x 4.2x 3.98x
DTP (Unigram) 1.134 1.212 1.078 0.937 1.270 1.058 1.115 5.0x 4.8x 5.0x 2.1x 1.9x 4.0x 3.80x
MAGNET 1.132 1.212 1.079 0.936 1.281 1.060 1.117 4.6x 4.6x 4.7x 2.6x 4.4x 4.3x 4.20x

SPEAK 1.120* 1.208 1.068* 0.932 1.273 1.049* 1.108* 4.6x 4.8x 4.5x 3.8x 3.8x 4.4x 4.32x

∆ to MAGNET -1.2% -0.4% -1.1% -0.4% -0.8% -1.1% -0.9% 0.0x +0.2x -0.2x +1.2x -0.6x +0.1x +0.12x

Table 1: Results of SPEAK against GToks. We report test bits per character (BPC), shortening factor (SF) and their
mean values. Vanilla represents the vanilla transformer baseline in DTP’s work. The symbol * marks statistical
significance (i.e., p < 0.05) by two-sample t-test for BPC between SPEAK and MAGNET. Cyan numbers represent
enhancement, while red ones indicate degradation.

Methods Accuracy per Language (%)

ar bg de el en es fr hi ru sw tr ur vi Avg.

ZeTT (SentencePiece) 67.9 73.9 74.1 71.4 81.1 76.2 74.7 67.7 70.7 62.3 68.7 63.2 73.9 71.2
DyTok (sampled) 66.5 74.1 74.5 71.6 84.3 77.0 75.9 64.9 72.7 58.8 66.5 65.1 73.7 71.2
DyTok (50%) 67.8 74.2 74.3 72.4 83.2 78.3 75.7 66.6 72.9 61.3 67.5 66.4 75.0 72.0

SPEAK 69.3 75.9 75.3 73.4 84.9 78.0 76.0 68.9 73.5 63.0 72.5 65.5 74.3 73.1

∆Acc. to DyTok 50% 1.5% 1.7% 1.0% 1.0% 1.7% -0.3% 0.3% 2.3% 0.6% 1.7% 5.0% -0.9% -0.7% 1.1%
∆Len. to ZeTT 3.8% -8.1% -7.6% 1.2% -3.2% -4.6% -3.2% -8.6% -11% -8.3% -11% -5.8% -1.1% -5.3%

Table 2: Results of SPEAK against RToks on XNLI dataset. ∆Acc. is the absolute accuracy change between
SPEAK with DyTok (50%). ∆Len. is the average decrease in token sequence length between SPEAK with DyTok
(50%). Cyan numbers represent enhancement, while red ones indicate degradation.

assessment of cross-dataset generalizability in En-
glish scenarios. For comparison with GToks, we re-
port bits-per-character (BPC) for performance and
shortening factor (SF) for efficiency. For RToks, we
use per-language accuracy on XNLI and F1-score
on UNER.

Results are shown in Table 1, Table 2, and Ap-
pendix Table 6. Overall, our method demonstrates
superior cross-lingual adaptability, consistently im-
proving performance while maintaining compet-
itive efficiency against both SOTA GToks and
RToks. Specifically, our model achieves an average
BPC of 1.108, establishing a new SOTA among
GToks and significantly outperforming MAGNET
(p < 0.05). While some baselines improve BPC at
the cost of efficiency, our model attains an average
SF of 4.32, remaining SOTA among all GToks in ef-
ficiency as well. Moreover, we achieve an average
accuracy of 73.1% on XNLI and an average F1-
score of 79.2% on UNER, consistently outperform-
ing all compared tokenizers. As for efficiency, our
method incurs a 5.3% efficiency increase relative to
ZeTT (SentencePiece) on XNLI, and a significant
13.4% increase compared to ZeTT (original) on
UNER. Further, on all English datasets, our model
further shows consistent gains in both performance

and efficiency, indicating strong cross-dataset gen-
eralization in English scenarios.

In summary, our entropy-aware tokenization en-
hances token-level representations and token un-
derstanding, thus yielding consistent performance
gains without sacrificing efficiency. Additionally,
we address some possible questions in Appendix D.

5.2 Ablation Analysis

We conduct ablation studies to validate the ef-
fectiveness of the two main contributions of our
method, as well as the efficacy of the scaling factor
and the optimization algorithm. We report results
in Table 3 and Appendix Table 5.
Explicitly leverage history. The first contribution
is the explicit leverage of historical tokenization re-
sults. We ablate our entropy-aware reset into three
variants: uniform hard reset (Hard reset, Hard reset,
–), uniform soft reset (Soft reset, Soft reset, 1.0),
and uniform no reset (No reset, No reset, 0.0). Uni-
form hard reset discards all history after each token
is determined, forcing every token boundary to be
decided independently without using any histori-
cal tokenization results. In contrast, the latter two
variants, as well as our model, leverage history to
varying degrees.
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High-entropy Low-entropy θ
text8 XNLI

BPC ↓ p value SF ↑ p value en p value Avg. p value

Hard reset Soft reset 0.8 1.120 – 4.6x – 84.9% – 73.1% –

Hard reset Hard reset – 1.134 0.03* 4.1x <0.01* 82.8% <0.01* 71.0% <0.01*
Soft reset Soft reset 1.0 1.128 0.12 4.5x 0.11 84.3% 0.07 72.3% 0.04*
No reset No reset 0.0 1.130 0.05* 4.0x <0.01* 83.2% <0.01* 71.2% <0.01*

Hard reset Soft reset 1.0 1.125 0.12 4.6x 0.11 84.9% 1.0 72.8% 0.21
Hard reset Soft reset 0.6 1.127 0.13 4.4x 0.13 84.2% 0.05 72.3% 0.04*
Hard reset Soft reset 0.4 1.132 0.07 4.1x 0.01* 83.7% 0.01* 71.9% <0.01*
Hard reset No reset 0.0 1.139 <0.01* 3.7x <0.01* 82.9% <0.01* 70.9% <0.01*

Table 3: Results for ablation analysis. The symbol * marks statistical significance (p < 0.05) of two-sample t-test
between ablated models with the original model. The first row represents the original model SPEAK with the
optimal setting.

Dataset Model Tokenization time Speedup Inference time Speedup LM params TK params Ratio

wiki40b MAGNET 7.3 ms / batch - 10.6 ms / batch – 34M 6M 15.0%
SPEAK 6.8 ms / batch +6.8% 9.7 ms / batch +8.5% 34M 2M 5.5%

XNLI ZeTT 5.7 ms / batch - 15.3 ms / batch – 270M – –
SPEAK 4.9 ms / batch +14.0% 14.1 ms / batch +7.8% 270M 1M 0.4%

Table 4: Tokenization time, inference time and model parameters. We report, in order, tokenization time with
relative speedup, language model inference time with relative speedup, language model (LM) parameters, tokenizer
(TK) parameters, and the ratio of TK parameters in the overall framework. Note that tokenization and inference
times are cross-lingual average values.

As a result, uniform hard reset yields the worst
performance and efficiency, with significant drops
(both p < 0.05) compared to our model, validating
the effectiveness of explicitly leveraging historical
tokenization results.

Selectively leverage history. The second contribu-
tion is the selective leverage of historical tokeniza-
tion results. To evaluate this aspect, we compare
our model with uniform soft reset and uniform no
reset, which resemble gated and vanilla recurrent
models, respectively. Note that both variants lever-
age all history without assessing contextual rele-
vance. In contrast, our model selectively preserves
relevant history while discarding irrelevant history
through the entropy-aware reset mechanism.

The result shows that our method consistently
outperforms all ablated variants. This indicates
that, beyond explicitly leveraging historical tok-
enization results, selectively preserving relevant
history while discarding irrelevant history can fur-
ther enhance performance.

Scaled soft reset fow low-entropy tokens. Within
our entropy-aware reset, we employ a scaled soft
reset controlled by θ for low-entropy tokens to mod-
ulate the degree of historical information retention.
To assess its necessity, we compare our setting
(θ = 0.8) against default soft reset (θ = 1), no
reset (θ = 0), and other scaling values.

The result shows that our setting is optimal
across all variants, indicating that adjusting histori-
cal retention could futher improve performance.
Optimization algorithm. Our optimization algo-
rithm introduces two improvements: an extended
membrane potential–driven loss beyond Cao et al.
(2024), and MH sampling for momentum-based
update. To validate their contributions, we ab-
late them with analysis and results reported in Ap-
pendix B and Table 5. We observe that both im-
prove performance, confirming their effectiveness.

5.3 Tokenization Time, Inference Time and
Model Parameters

To quantify the concrete efficiency of our method
over other tokenizers, we measure tokenization
time, language model inference time, and model pa-
rameters, using wiki40b and XNLI datasets. Both
tokenization and inference times for each dataset
are calculated in a cross-lingual averaging manner.
We report results in Table 4.

For tokenization efficiency, our method presents
a 6.8% reduction in per-batch tokenization time
compared to MAGNET and a 14% speedup over
ZeTT (SentencePiece). As for inference efficiency,
our method achieves a 8.5% reduction in per-batch
inference time compared to MAGNET and a 7.8%
speedup over ZeTT (SentencePiece). Moreover,
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the tokenizer introduced by our approach is highly
parameter-efficient: it constitutes only 5.5% of the
total model parameters in wiki40b experiments,
substantially lower than MAGNET’s 15.0%; on
XNLI, the parameter overhead is negligible, con-
tributing merely 0.4% to the overall model size.

These results highlight that our method delivers
notable gains in efficiency without inflating the to-
kenizer’s parameter footprint. Crucially, the perfor-
mance improvements stem from architectural and
methodological innovations rather than increased
model parameters, demonstrating that our approach
achieves efficiency without compromise.

6 Conclusion

We propose SPEAK, which integrate spiking neu-
rons into a GTok to explicitly leverage historical
tokenization results during token boundary deci-
sions. We innovatively develop an entropy-aware
reset mechanism, to selectively leverage historical
tokenization results based on contextual relevance,
which is determined by token-level entropy. We
develop a momentum-based proxy supervision al-
gorithm to optimize our model. Extensive experi-
ments demonstrate superior cross-lingual adaptabil-
ity with competitive performance and efficiency.
Ablation analysis validates the effectiveness of our
main contributions.

7 Limitations

Adaptability across language models. In this
study, we evaluate our tokenizer on only two mod-
els, including one single mainstream LLM. Further
experiments on other widely used language models
are needed to fully assess its general applicabil-
ity. Moreover, integrating our tokenizer typically
requires training from scratch unless specialized
techniques (e.g., hypernetworks) are employed to
avoid full fine-tuning, which may limit accessibil-
ity to researchers with insufficient computational
resources.
Scalability across model sizes. The largest model
used in our experiments is XLM-R (base), which
contains 270M parameters. Since we leverage hy-
pernetworks and LoRA to avoid full fine-tuning,
we do not evaluate larger variants of XLM-R (e.g.,
Large, XL, and XXL) due to the lack of correspond-
ing trained hypernetworks. A feasible extension
would be to train hypernetworks for these larger
models following the code guidance of Minixhofer
et al. (2024), enabling integration with our method.
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A Discussions of Possible Issues

A.1 Spiking over Recurrent

This section explains why we choose spiking neural
networks over recurrent neural networks as tokeniz-
ers, although both can explicitly leverage historical
tokenization results. In summary, there are two
main reasons:

• Spiking networks have a unique mechanism
for utilizing historical information—namely,
hard reset, which discards past states.

• Spiking networks allow flexible control over
reset modes of each spiking neuron, enabling
the combination of different historical utiliza-
tion strategies, which cannot be achieved by
recurrent networks.

Detailed explanations are as follows.
The spiking networks utilize the unique reset

mechanism of spiking neurons to control the lever-
age of historical information. Specifically, hard
reset clears all history, soft reset remains partial
history, and no reset leverages all history. Within
a spiking network, the reset mode for any specific
neuron can be easily manipulated. For example,
some spiking neurons adopt hard reset while some
neurons adopt soft reset. Further, these reset config-
urations can be dynamically adjusted during train-
ing to identify the optimal combination.

In contrast, recurrent networks lack both this di-
verse control over historical information and the
ability to combine different historical retention
modes. Specifically, vanilla recurrent networks
indiscriminately leverage all history, while more
advanced gated variants (e.g., LSTM, GRU) selec-
tively filter history via gating mechanisms. How-
ever, there is no one that would clear history, which
is significant when removing irrelevant or even
harmful history is required (e.g., “german” -> “ger-
man | ium” exemplified in Figure 1). Furthermore,
the recurrence mode of recurrent units cannot be
changed adaptively (e.g., change a vanilla unit to a
gated unit), because they fundamentally use differ-
ent update formula and rely on different learnable
parameters.

A.2 Top 20% as High-Entropy Tokens

We follow Wang et al. (2025) and select the top
20% of tokens ranked by their entropy values as
high-entropy tokens, with the remainder treated as
low-entropy tokens. We qualitatively examine the
resulting high-entropy tokens and compare them

with those reported in Wang et al. (2025). We ob-
serve a strong alignment between our token-level
entropy patterns and the findings of Wang et al.
(2025). In addition, the entropy value of the 80th
percentile is also close. Specifically, high-entropy
tokens frequently function as logical connectors
within or across sentences, such as “wait,” “how-
ever,” and “unless” (indicating contrast or shifts),
“thus” and “also” (signaling progression or ad-
dition), and “since” and “because” (expressing
causality). In contrast, low-entropy tokens are often
word suffixes, source code fragments, or compo-
nents of mathematical expressions, which exhibit
high determinism. Furthermore, we perform a grid
search over several ratios around 20% and empiri-
cally observe that 20% yields stable and favorable
performance. Readers are referred to Wang et al.
(2025) for a more detailed analysis.

A.3 Experiments on Decoder-Style LLMs
Our experiments do not include decoder-style
LLMs such as LLaMA or Mistral, but this does not
imply that the proposed method is incompatible
with such models. Rather, applying our tokenizer
to decoder-only LLMs requires a separate tokenizer
pretraining stage.

Specifically, deploying SPEAK in decoder-style
LLMs would involve pretraining the tokenizer on
a large corpus to learn high-quality tokenization
strategies, after which the tokenizer can be fixed
and seamlessly integrated into standard decoder-
only architectures. Once pretrained, the tokenizer
can be evaluated on common benchmarks for
decoder-style LLMs (e.g., MT-Bench) without
modifying the downstream model.

Our paper focuses on establishing the frame-
work, mechanism, and theoretical advantages of se-
lective history leveraging. Extending the approach
to large-scale decoder-only LLMs is primarily an
engineering and computational effort, which we
leave for future work.

A.4 Why Not Use Linguistic Boundaries
An alternative approach to identifying contextual
boundaries would be to rely on discourse structure
or syntactic boundaries. While these signals are in-
tuitively appealing, they pose practical limitations.

First, generation entropy has been extensively
validated across recent LLM studies as a strong
indicator of uncertainty and reasoning divergence,
making it a reliable signal for contextual relevance.
Second, discourse or syntactic boundaries typically
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require labeled data, external parsers, or additional
models to infer such structures.

Introducing such prior knowledge or auxiliary
components would reduce the generalizability of
our framework and introduce additional dependen-
cies. In contrast, entropy is model-intrinsic, task-
agnostic, and universally available during infer-
ence, allowing our approach to remain simple, gen-
eral, and self-contained.

B Details of the Optimization Algorithm

B.1 Formulation

MH sampling to refine proxy signal. To progres-
sively optimize the proxy supervision signal ŝN ,
we adopt a greedy strategy that prioritizes candi-
dates yielding lower LLM. However, a standard
greedy search may lead to premature convergence,
yielding suboptimal performance. Inspired by the
Metropolis–Hastings (MH) algorithm (Metropolis
et al., 1953; Hastings, 1970), we introduce stochas-
ticity into the greedy updates:

ŝN+1 =

{
sN+1, u ⩽ α ,

ŝN , u > α ,
(15)

where

α =
LLM(ŝN )

LLM(sN+1)
and u ∼ U(0, 1). (16)

Here, α is the acceptance ratio, and u is a uniform
random number. LLM(s) denotes the objective loss
computed using spiking outputs s for tokenization.

Lower-loss candidates are always accepted (i.e.,
α > 1), yielding a “greedy” update. Candidates
with slightly higher loss may still be accepted
“stochastically”, enabling exploration and prevent-
ing premature convergence. Through this process,
T is optimized to minimize LLM, effectively cir-
cumventing the gradient blockade between them.
Proxy signal initialization. Optimizing tokenizers
often confronts unstability and occasional failure.
Prior works encourage aligning with or starting
with a well-established tokenizer (Nawrot et al.,
2023; Zheng et al., 2024). In line with it, we ini-
tialize ŝ1 to be the tokenization outcomes of an
exemplar tokenizer such as Unigram or XLMR’s
tokenizer, which ensures a reliable start.

B.2 Ablation analysis.

We conduct ablation studies on the XNLI dataset
to evaluate two key components: (1) our extension

Methods en p value Avg. p value

SPEAK 84.9% – 73.1% –

w/o LLM 2nd term 83.0% <0.01* 70.7% <0.01*
w/o MH sampling 83.5% 0.01* 71.9% 0.04*

Table 5: Results for ablation analysis. The symbol *
marks statistical significance (p < 0.05) of two-sample
t-test between ablated models with the original model.
The first row represents the original model SPEAK.

to the membrane potential–driven loss, and (2) the
use of MH sampling in place of the standard greedy
strategy. Results are reported in Table 5. Specif-
ically, we implement two variants: SPEAK w/o
Lmem 2nd term, which uses the original loss from
Cao et al. (2024), and SPEAK w/o MH sampling,
which replaces MH sampling with the standard
greedy strategy. The results clearly validate the
effectiveness of both innovations.

B.3 Possible questions.
We address some issues readers might have:

• Effectiveness: Our “stochastic”, inspired by
the MH algorithm, encourages exploration to
escape local optima and avoid premature con-
vergence for enhancing performance. Empir-
ically, replacing stochastic-greedy with stan-
dard greedy shows a performance drop.

• Rejection rate: The rejection rate of our
greedy strategy is dynamic throughout train-
ing. In early epochs, the rate is relatively low
(around 10%), reflecting active exploration. In
late epochs, the rate increases (around 90%),
indicating a robust selection.

• Convergence stability: Our stochastic-greedy
optimization is in spired by Metropolis-
Hastings algorithm, so we have similar con-
vergence stability as it.

C Hyperparameters and Network
Configurations

Our configuration combines established defaults,
library conventions, and empirical tuning. For re-
producibility and alignment with common prac-
tice, several parameters adopt standard values:
γ = δ = 1, uth = 1, ureset = 0, and ϵ = 10−8.
The SNN optimization follows the default settings
of the spikingjelly package, including the use
of a sigmoid surrogate gradient. We now discuss
the remaining configurations separately for the two
experimental frameworks.
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Methods Language F1-score (%)

en_ewt de_pud pt_bosque pt_pud ru_pud Avg.

ZeTT (original) 80.9 78.3 80.8 82.3 68.4 78.1
DyTok (sampled) 81.3 76.3 78.5 80.2 67.1 76.7
DyTok (75%) 80.5 75.0 80.5 81.3 67.9 77.0

SPEAK 81.8 77.7 82.8 83.6 69.9 79.2

∆F1 to ZeTT 0.9% -0.6% 2.0% 1.3% 1.5% 1.1%
∆Len. to ZeTT -8.3% -16.1% -12.9% -10.7% -19.2% -13.4%

Table 6: Results of SPEAK against RToks on UNER dataset. The results reported are on the validation split for ewt
and bosque datasets, and test split for pud due to the availability.

C.1 GTok comparing experiments.
The network configuration of our SNN-based GTok
closely follows that of DTP, including the archi-
tecture and dimensionality of the ContextEncoder
and Linear1. All other training details, such as
the optimizer and learning-rate scheduler, also fol-
low DTP’s settings. The parameters α and β are
not manually specified; instead, they are treated as
learnable parameters and optimized jointly during
training. This design choice is motivated by the fact
that GTok experiments require training the entire
language model, and empirically learning α and β
yields better performance. As a result, GTok ex-
periments require minimal hyperparameter search,
and all configurations can be directly referenced in
our released code.

C.2 RTok comparing experiments.
Unlike GTok, RTok experiments require a more in-
volved configuration process. We adopt a two-stage
tuning protocol to balance computational efficiency
and performance.
Stage 1: Tokenizer tuning. Due to the high cost
of full end-to-end evaluation, we first tune the to-
kenizer in isolation. Specifically, we train the to-
kenizer to mimic the segmentation produced by
the default XLM-R tokenizer, and evaluate spike
prediction accuracy, measured by the alignment
between predicted and target spiking/non-spiking
positions. This proxy task effectively captures the
learning capacity and adaptability of the SNN.

We perform grid search over the following
factors: the architecture of the ContextEncoder
(Hourglass Transformer, Hourglass without multi-
head attention, or a Linear–LayerNorm–GELU
block); the design of Linear1 (a Linear layer
with or without tanh activation); the parame-
ters α ∈ [0.8, 1.4] and β ∈ [0.3, 0.8]; and
the character embedding dimension chosen from
{64, 100, 128, 256, 512, 768, 1024}. The final con-

figuration adopts a Linear–LayerNorm–GELU
ContextEncoder, Linear–tanh for Linear1, α =
1.2, β = 0.6, and a character embedding dimen-
sion of 128. Representative results are reported in
Table 7.
Stage 2: End-to-end tuning. A small number of
parameters critically influence end-to-end training
and therefore must be tuned within the complete
framework. These include the soft reset scaling
factor θ and the architecture of Linear2. Based
on limited trials, we set θ = 0.8 and implement
Linear2 as a single Linear layer. The results from
the search over θ are reported in the ablation study
(Table 3).

D Possible Issues of Table Results

We address some possible issues regarding the re-
sults in Table 1, Table 2, and Table 6.

D.1 Obtaining results of compared tokenizers
GTok Experiments. During GTok experiments,
since we follow DTP’s experimental pipeline, we
can directly copy the numbers presented in their pa-
per (Nawrot et al., 2023). As for MAGNET, it is an
improved version of DTP and adopts the Gumbel-
Sigmoid strategy (one of multiple strategies pro-
posed in DTP). Since MAGNET does not evaluate
on the datasets in DTP’s experimental pipeline, we
reproduce its code and record the results until we
achieve better performance than DTP (Gumbel).
RTok Experiments. During RTok experiments,
since we follow DyTok’s experimental pipeline,
all DyTok results are directly copied from their
work (Feher et al., 2025). Additionally, DyTok’s ex-
perimental pipeline partially follows ZeTT’s, shar-
ing certain settings such as the language model and
some datasets. Since both DyTok and ZeTT eval-
uate on XNLI using XLMR, we can copy ZeTT’s
results from their paper (Minixhofer et al., 2024),
which trains language-specific monolingual tok-
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enizers with a vocabulary size of 50k using Senten-
cePiece (Kudo and Richardson, 2018). This ZeTT
version is denoted as ZeTT (SentencePiece) in our
table. However, ZeTT’s original paper does not
evaluate on UNER. However, in DyTok’s paper,
they apply ZeTT on top of XLMR’s tokenizer, de-
noted as “original, HN” in their Table 3. Hence,
we copy this result into our table for comparison,
denoted as ZeTT (original).

Thus, a distinction should be noted: ZeTT (Sen-
tencePiece) and ZeTT (original) represent entirely
different tokenization strategies, which may con-
fuse readers regarding efficiency comparisons: why
SPEAK vs. ZeTT (SentencePiece) shows only -
5.3%, while SPEAK vs. ZeTT (original) shows
a much larger -13.4%. We discuss this further in
Appendix D.4.

D.2 Efficiency comparison

The performance comparison is clear, but the effi-
ciency comparison may cause ambiguity.
GTok Experiment. Initially, we copy the baseline
results, i.e., Vanilla Transformer (“Vanilla” in our
Table 1), from the DTP’s paper. This baseline acts
as an anchor, such that all tokenizers should use
their respective resultant token sequence lengths
to compute the shorten factor (SF) in comparison
with this baseline. However, we do not reproduce
this baseline and therefore do not know the an-
chor token sequence length. In contrast, we repro-
duce DTP (Unigram) to measure its token sequence
length while ensuring the reproduced performance
closely matches their reported results. Hence, we
can compute our SF relative to DTP (Unigram),
and thereby infer the comparison with the baseline.
RTok Experiment. When comparing with ZeTT
and DyTok, such complex dependencies are unnec-
essary. DyTok already provides a baseline through
its “word-level tokenization”. In their work, word-
level tokenization means segmenting the character
sequence word by word, without splitting any word
into multiple parts. Since the number of words
can be easily counted, we can, based on DyTok’s
reported efficiency gains, back-calculate the token
sequence length of the original tokenization. Thus,
we can compute the token sequence length of ZeTT
(SentencePiece) using results reported in their pa-
per, and further compare it with our model. More-
over, the token sequence length of ZeTT (original)
is identical to that of the original tokenization, so
we can also make direct comparisons.

D.3 Efficiency comparison with ZeTT not
DyTok

As stated in Appendix D.2, DyTok’s results re-
ported in their paper and included in our tables
are based on word-level tokenization. Hence, their
efficiency is inherently the highest possible. If we
achieved higher efficiency than DyTok, it would
imply merging multiple words into a single token,
which cannot occur in the 16 languages included
in our paper (though it might happen for Chinese
characters). In fact, DyTok is a method that gradu-
ally reduces token sequence length and ultimately
converges to word-level tokenization. However,
DyTok only provides a plot of this gradual process,
with explicit numerical results reported only for the
final word-level tokenization. Therefore, we only
include these final numbers in our tables. As for
why we do not report intermediate results from this
process: to avoid concerns about number fabrica-
tion, we rely on directly copied results from their
paper rather than reproductions. Consequently, ef-
ficiency comparison with DyTok is meaningless,
whereas comparison with ZeTT remains highly in-
formative.

D.4 Reason that SPEAK vs. ZeTT (original)
is much higher than SPEAK vs. ZeTT
(SentencePiece)

As raised in the final part of Appendix D.1, a dis-
crepancy warrants explanation.

From the discussion in Apendix D.2, we now
know that ZeTT (SentencePiece) results are di-
rectly copied from their paper. Thus, ZeTT (Sen-
tencePiece) already achieves a certain level of ef-
ficiency, as reported in their tables. Consequently,
comparisons against it cannot yield large improve-
ments like the -10%∼-30% reported in DyTok’s
paper. Indeed, on XNLI, ZeTT (SentencePiece)
achieves an average reduction of -13.5%, while Dy-
Tok achieves -22.5%. Our model achieves -18.1%
relative to the original tokenization, which trans-
lates to a relative -5.3% improvement over ZeTT
(SentencePiece), exactly as reported in our table.
The calculation is:

(1− 18.1%)− (1− 13.5%)

1− 13.5%
= −5.3% (17)

In contrast, the comparison with ZeTT (original) is
directly against the original tokenization, yielding
-13.4%. This number is on the same scale as the
aforementioned -18.1%, not relative to an already
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efficient tokenizer. This detailed calculation ex-
plains the observed difference in reported numbers.

E Isolating vs. Non-Isolating Tokenizer

In this section, we aim to theoretically demon-
strate the advantage of isolation, showing that our
method, which isolates irrelevant historical infor-
mation, outperforms other tokenizers that leverage
all historical information.

We define a tokenizer T as a causal decision
function:

T :
T⋃

t=1

Rt → {0, 1}, bt = T (c1:t), (18)

which sequentially processes the character se-
quence c and outputs a binary token boundary
bt ∈ {0, 1} at each position t. The boundary de-
cision at position t depends only on the observed
prefix c1:t, ensuring strict sequential causality. D
represents the character embedding dimension.

We propose isolating the temporal influence of
historical token features and tokenization decisions
upon every high-entropy token. The following
proposition formalizes the advantage of such isola-
tion.

Proposition 1. We consider a high-entropy token
tk = {cstart, . . . , cend}, and cstart−1 is a character
activating a token boundary (i.e., bstart−1 = 1).
We have:

P
(
T (cstart:end) = 1

)
⩾ P

(
T (c1:end) = 1

)
, (19)

The probability that an isolating tokenizer activates
a token boundary at end is no less than that of a
non-isolating tokenizer that conditions on the full
history. That is, clearing historical states preceding
a high-entropy token does not degrade but gener-
ally improves the reliability of boundary detection.

Proof. Assume T is a fixed sequential neural net-
work (e.g., RNN, SNN) that processes an input
sequence c = (c1, . . . , cL) and outputs a token
boundary decision at the final step:

T (c) = ψ(hL) ∈ {0, 1}, hℓ = f(hℓ−1, cℓ), (20)

where f is the recurrent update and ψ maps the
final hidden state h to {0, 1}. Typically, h0 = 0.

Now consider the high-entropy token tk =
{cstart, . . . , cend}. Define two input sequences to
the same tokenizer T :

• Isolating input: ciso = cstart:end (length L =
end− start + 1).

• Non-isolating input: cfull = c1:end (length
end).

Let hiso and hfull denote the hidden states of T at
the final step for these two inputs:

hiso = f (L)(0, cstart:end), (21)

hfull = f (end)(0, c1:end), (22)

where f (n) denotes n recursive applications of f .
Due to the property of high entropy, the token tk

suggests minimal or no semantic or syntactic conti-
nuity between preceding and subsequent content,
or we can say nearly independent. Hence, the distri-
bution of cstart:end approximately remains whether
or not it is preceded by other data. However, the
hidden state hfull depends on c1:start−1 through the
recurrence:

hfull = f (L)
(
f (start−1)(0, c1:start−1)︸ ︷︷ ︸

hprev

, cstart:end
)
.

(23)

Since hprev is a deterministic function of somewhat
irrelevant, independent data with cstart:end, it acts
as an uninformative and potentially misleading
initial state for processing the current segment. In
contrast, the isolating version starts from the canon-
ical initial state 0.

Now, the token boundary at end corresponds to a
change in temporal patterns (e.g., linguistic proper-
ties) after end. To detect this, the tokenizer T must
assess whether the observed sequence cstart:end is
internally stable. This assessment is optimal when
the recurrent state is initialized to a known, neutral
state (e.g., 0), as in the isolating case.

Because hprev is independent of cstart:end but
arbitrary in value, it introduces variance without
signal into hfull. To formulate this, for any measur-
able decision function ψ, we have:

P
(
ψ(hiso) = 1

)
⩾ P

(
ψ(hfull) = 1

)
. (24)

Therefore,

P
(
T (cstart:end) = 1

)
⩾ P

(
T (c1:end) = 1

)
, (25)

which completes the proof.
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Linear1 ContextEncoder α β Char Dim Spike Acc Non-spike Acc Acc Sum

Baseline and linear/context variants (α=1.0, β=0.5, dim=512)
no tanh 1 layer 1.0 0.5 512 76.8 83.3 160.1
no tanh hourglass noatt 1.0 0.5 512 71.3 83.0 154.3
tanh 1 layer 1.0 0.5 512 77.0 83.3 160.3
tanh hourglass noatt 1.0 0.5 512 76.8 83.2 160.0

Effect of α (β=0.5, dim=512, tanh, 1-layer)
tanh 1 layer 0.8 0.5 512 64.07 86.5 150.57
tanh 1 layer 1.0 0.5 512 77.0 83.3 160.3
tanh 1 layer 1.2 0.5 512 82.24 81.21 163.45
tanh 1 layer 1.3 0.5 512 83.41 79.93 163.34
tanh 1 layer 1.4 0.5 512 84.1 78.5 162.6

Effect of β (α=1.2, dim=512, tanh, 1-layer)
tanh 1 layer 1.2 0.3 512 73.46 83.89 157.35
tanh 1 layer 1.2 0.4 512 81.89 81.41 163.3
tanh 1 layer 1.2 0.5 512 82.24 81.21 163.45
tanh 1 layer 1.2 0.6 512 82.69 80.96 163.65
tanh 1 layer 1.2 0.7 512 82.88 80.73 163.61
tanh 1 layer 1.2 0.8 512 83.17 80.42 163.59

Character embedding dimension sweep (tanh, α=1.2, β=0.6, 1-layer)
tanh 1 layer 1.2 0.6 32 83.24 81.01 164.25
tanh 1 layer 1.2 0.6 64 83.11 81.01 164.12
tanh 1 layer 1.2 0.6 100 79.72 81.15 160.87
tanh 1 layer 1.2 0.6 128 83.4 81.03 164.43
tanh 1 layer 1.2 0.6 256 82.91 81.03 163.94
tanh 1 layer 1.2 0.6 512 82.69 80.96 163.65
tanh 1 layer 1.2 0.6 768 55.26 46.05 101.31
tanh 1 layer 1.2 0.6 1024 55.26 46.05 101.31

Character embedding dimension sweep (no tanh, α=1.2, β=0.6, 1-layer)
no tanh 1 layer 1.2 0.6 32 82.95 80.91 163.86
no tanh 1 layer 1.2 0.6 64 82.64 80.92 163.56
no tanh 1 layer 1.2 0.6 100 79.72 81.15 160.87
no tanh 1 layer 1.2 0.6 128 83.21 80.91 164.12
no tanh 1 layer 1.2 0.6 256 81.97 80.94 162.91
no tanh 1 layer 1.2 0.6 512 82.77 80.9 163.67
no tanh 1 layer 1.2 0.6 768 83.04 80.9 163.94
no tanh 1 layer 1.2 0.6 1024 83.14 80.91 164.05

Context ablation (tanh, α=1.2, β=0.6, dim=512)
tanh 1 layer 1.2 0.6 512 82.69 80.96 163.65
tanh hourglass noatt 1.2 0.6 512 81.91 80.79 162.7
tanh hourglass 1.2 0.6 512 80.79 81.06 161.85

Context ablation (tanh, α=1.2, β=0.6, dim=128)
tanh 1 layer 1.2 0.6 128 83.4 81.03 164.43
tanh hourglass noatt 1.2 0.6 128 80.8 80.34 161.14
tanh hourglass 1.2 0.6 128 82.17 81.54 163.71

Table 7: Hyperparameter tuning results.
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