
Ted-Tok: Maintaining an Evolving Vocabulary for Lifelong Learning

Anonymous ACL submission

Abstract001

Lifelong learning investigates how models002
adapt when exposed to a potentially infinite003
stream of data. Most conventional approaches004
focus on updating model parameters (i.e., the005
neural network weights) as the underlying data006
distribution evolves over time. However, in nat-007
ural language processing, model parameters are008
not the only components that matter. The tok-009
enizer, a foundational part of the system, is usu-010
ally assumed to remain fixed in lifelong learn-011
ing scenarios. In this work, we challenge the va-012
lidity of this assumption: as language evolves,013
a static tokenizer fragments newly emerging014
lexical items, reducing compression efficiency015
and consequently degrading the model perfor-016
mance. We introduce the Temporal Drift Tok-017
enizer (Ted-Tok), which maintains an evolv-018
ing vocabulary that adapts to emerging lin-019
guistic patterns over time. This adaptivity is020
driven by time-weighted frequency estimators021
that smooth short-term fluctuations to capture022
persistent linguistic trends, and a principled023
addition-deletion strategy targeting sink tokens.024
Across multiple domains, Ted-Tok consistently025
improves compression and task performance,026
with gains increasing under stronger drift, un-027
derscoring the role of tokenizer adaptivity in028
lifelong learning.029

1 Introduction030

Language is not static: new concepts emerge, us-031

age patterns shift, and meanings evolve over time.032

Consequently, any NLP models trained on data033

available at one time will become outdated in the034

future (Sun et al., 2020; Shi et al., 2024). Handling035

this temporal drift in the data distribution is one of036

the core challenges in lifelong learning.037

To enable temporal adaptation, most prior work038

operates at the level of model weights – either by039

updating parameters during continual training or040

by injecting temporal signals to encode time-aware041

representations (Jin et al., 2022; Jang et al., 2022;042

Su et al., 2023; Dhingra et al., 2022; Rosin et al., 043

2022). However, a language processing system is 044

more than just its neural network. The tokenizer – 045

responsible for bridging raw text strings and con- 046

textual embeddings – plays an equally critical, yet 047

often undervalued role. A suboptimal tokenizer 048

can produce unnatural or semantically meaning- 049

less segmentations, thereby increasing training dif- 050

ficulty and degrading model performance. In life- 051

long learning, as the underlying text distribution 052

evolves, a static tokenizer is increasingly prone 053

to such errors. Consequently, model-weight–level 054

updates alone, as adopted in prior work, are insuffi- 055

cient for achieving temporal adaptation. 056

To better understand this problem, we first ex- 057

pose the limitations of using a static tokenizer in 058

lifelong learning. To show how static tokeniz- 059

ers become outdated, we build byte-pair encoding 060

(BPE; Sennrich et al. 2016) tokenizers on differ- 061

ent time slices of the corpora and observe grow- 062

ing differences in their vocabulary as the time gap 063

increases. We then evaluate the compression effi- 064

ciency of these tokenizers and find that older to- 065

kenizers consistently encode fresh text less effi- 066

ciently. To further assess whether this shift affects 067

task performance, we train identical models on the 068

same corpus with different tokenizers. Across both 069

synthetic and real-world data, misaligned tokeniz- 070

ers result in worse task performance. 071

The above observations indicate that lifelong 072

learning cannot rely on a fixed tokenizer. However, 073

standard BPE tokenizers are constructed iteratively 074

from a static corpus and do not provide mecha- 075

nisms for adding or deleting tokens when data ar- 076

rives in real-time. To address this, we propose the 077

Temporal Drift Tokenizer (Ted-Tok). To capture 078

distribution shifts in continuous data streams, we 079

employ a time-weighted token frequency estimator 080

that smooths short-term fluctuations while preserv- 081

ing stable long-term statistics. Furthermore, by re- 082

formulating the BPE merge list as a directed acyclic 083
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graph, we introduce a principled mechanism for084

adding novel tokens and removing outdated ones085

via sink-node identification. To avoid rescanning086

historical data during token deletion, we adopt a087

buffer-based strategy for frequency recalibration.088

Together, these techniques enable Ted-Tok to re-089

vise its vocabulary both efficiently and effectively090

during model training.091

To assess the effectiveness of Ted-Tok, we con-092

ducted experiments on synthetic and real-world093

tasks. Our results demonstrate that by mitigating094

misalignment with evolving data distributions, Ted-095

Tok achieves higher compression efficiency and096

significantly improves task performance in lifelong097

learning scenarios.098

2 Preliminary099

In this work, we primarily focus on developing100

new techniques for the widely used BPE tokenizer.101

BPE builds its vocabulary through an iterative pro-102

cess that repeatedly merges the most frequently103

co-occurring pairs of tokens and updates the vocab-104

ulary. For completeness, we briefly introduce the105

algorithm in this section.106

Assume we have a text corpus D, from which107

we build a vocabulary V and an ordered merge list108

M. We initialize V with a base vocabulary Vbase,109

consisting solely of individual characters and spe-110

cial tokens. When constructing a BPE tokenizer,111

each word in the text corpus is first converted into112

a sequence of characters. BPE counts all adjacent113

token pairs (u, v) ∈ V × V within each word in114

D and selects the most frequent one (unew, vnew).115

Then, a merged token wnew = CONCAT(unew, vnew)116

is appended to V , and the corresponding merge rule117

(unew, vnew) is appended to M. After that, every118

adjacent token pair (unew, vnew) in the corpus D is119

replaced with the merged token wnew. This proce-120

dure repeats until the vocabulary reaches a target121

size. When a BPE tokenizer processes a word, it122

first breaks the word into characters and then scans123

through the ordered merge list M, applying each124

merge rule to the sequence, until no further merges125

can be applied.126

3 Temporal Drift of Static Tokenizers127

In this section, we demonstrate that as the corpus128

evolves, the mismatch between the data and a fixed129

tokenizer grows, which consequently reduces to-130

kenization efficiency and leads to degraded task131

performance. Detailed experimental settings for132

this section are provided in Appendix C. 133

3.1 Empirical Evidence of Vocabulary Drift 134

To examine temporal drift, we first analyze how the 135

vocabulary evolves over time and how this evolu- 136

tion impacts tokenization efficiency. 137

Experimental setup. We conduct our analysis 138

on three domains: (i) English WMT News Crawl, 139

containing news articles published from 2007 to 140

2021; (ii) Amazon Reviews, consisting of product 141

reviews from 1996 to 2018; and (iii) ArXiv Ab- 142

stracts, comprising scientific abstracts from 2007 143

to 2025. For each domain, we partition the corpus 144

into temporal slices based on timestamps. Each 145

slice is used to construct its own tokenizer using 146

the same vocabulary size. 147

To quantify vocabulary drift, we measure the dif- 148

ference between two vocabularies Va and Vb using 149

the Jaccard distance, a standard tool for comparing 150

vocabularies (Sawada and Goyal, 2025; Chelom- 151

bitko et al., 2024), defined as 152

dJ(Va,Vb) = 1− |Va ∩ Vb|
|Va ∪ Vb|

153

To assess tokenization efficiency, we measure 154

bytes per token, defined as the byte length of the 155

input string divided by the number of tokens pro- 156

duced by the tokenizer. Higher values indicate 157

more compact compression. 158

Findings. Figure 1 shows the Jaccard distance 159

grows steadily as the temporal gap between vocab- 160

ularies increases. In English WMT News Crawl, 161

the 2007–2009 and 2010–2012 vocabularies re- 162

main highly similar (0.186), whereas the distance 163

grows to 0.312 when comparing 2007–2009 with 164

2019–2021. In line with this vocabulary drift, 165

Figure 2 shows that tokenizers built on earlier 166

slices suffer a degradation in compression effi- 167

ciency when applied to more recent text. Across 168

all three domains, we observe a consistent trend 169

that the older the tokenizer is, the lower its bytes- 170

per-token becomes on the most recent datasets. 171

Vocabulary drift can also be observed from the 172

segmentation behaviors. For example, the word 173

“ blockchain” is split into [“ block”, “ch”, “ain”] 174

by the tokenizer built on WMT 2007–2009, while 175

the tokenizer built on WMT 2019–2021 preserves 176

it as a single token. 177

Overall, all the results indicate that the tokeniz- 178

ers constructed on earlier data become increasingly 179

misaligned with more recent data distributions. 180
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2007-2009
2010-2012

2013-2015
2016-2018

2019-2021

2007-2009

2010-2012

2013-2015

2016-2018

2019-2021

0.000 0.186 0.245 0.281 0.312

0.186 0.000 0.211 0.250 0.295

0.245 0.211 0.000 0.191 0.260

0.281 0.250 0.191 0.000 0.224

0.312 0.295 0.260 0.224 0.000

English WMT News Crawl

<=2013 2014 2015 2016
>=2017

<=2013

2014

2015

2016

>=2017

0.000 0.207 0.246 0.280 0.284

0.207 0.000 0.105 0.155 0.164

0.246 0.105 0.000 0.100 0.122

0.280 0.155 0.100 0.000 0.097

0.284 0.164 0.122 0.097 0.000

Amazon Reviews

<=2017
2018-2021

2022-2025

<=2017

2018-2021

2022-2025

0.000 0.299 0.368

0.299 0.000 0.197

0.368 0.197 0.000

Arxiv Abstracts

0 0.25 0.5 0 0.25 0.5 0 0.25 0.5

Figure 1: Jaccard-distance heatmaps comparing vocabularies of tokenizers built on different temporal slices across
three datasets. Rows and columns denote the time spans used to build the corresponding vocabularies.

2007-2009
2010-2012

2013-2015
2016-2018

2019-2021

2007-2009

2010-2012

2013-2015

2016-2018

2019-2021

4.596 4.627 4.607 4.618 4.584

4.581 4.643 4.617 4.628 4.595

4.564 4.626 4.639 4.644 4.605

4.554 4.615 4.624 4.659 4.612

4.545 4.603 4.608 4.638 4.660

English WMT News Crawl

<=2013 2014 2015 2016
>=2017

<=2013

2014

2015

2016

>=2017

4.441 4.437 4.426 4.432 4.436

4.434 4.443 4.436 4.443 4.448

4.430 4.442 4.437 4.444 4.450

4.426 4.440 4.436 4.445 4.450

4.423 4.439 4.435 4.444 4.451

Amazon Reviews

<=2017
2018-2021

2022-2025

<=2017

2018-2021

2022-2025

4.982 5.119 5.223

4.965 5.145 5.269

4.949 5.137 5.287

Arxiv Abstracts

4.550 4.575 4.600 4.625 4.650 4.43 4.44 4.45 5.0 5.1 5.2

Figure 2: Bytes-per-token heatmaps for tokenizers evaluated across different temporal slices across three datasets.
Rows correspond to the time span used to build the tokenizer, and columns to the time span of the evaluation data.

3.2 Impact on Model Performance181

To verify whether the misalignment between a tok-182

enizer and the data distribution leads to degradation183

in task performance, we design a synthetic experi-184

ment to isolate this effect.185

Experimental setup. We construct two datasets186

with the same instance format (A+B=C or A-B=C)187

but different value ranges, so that the underlying188

data distribution shifts while the task remains un-189

changed. Specifically, the original (“old”) dataset190

consists of 3.9K examples where A,B ∈ [0, 50]191

and C ∈ [0, 100], while the evolved (“new”)192

dataset consists of 60.7K examples with A,B ∈193

[0, 200] and C ∈ [0, 400], representing the shifted194

data distribution.195

We build two tokenizers respectively on the old196

dataset and the new dataset. Both tokenizers are ini-197

tialized with the same character set. We train two198

language models from scratch on the new dataset199

0 250 500 750 1000
Steps

0.00

0.25

0.50

0.75

1.00

A
cc

Training Accuracy

New
Old

0 250 500 750 1000
Steps

0.00

0.25

0.50

0.75

1.00

A
cc

Validation Accuracy

Figure 3: Training and validation accuracy on the syn-
thetic task. The labels “Old” and “New” denote the
trials trained with tokenizers built on the old and the
new datasets, respectively.

under identical training settings. The only differ- 200

ence between the two trials lies in the tokenizer. 201

Findings. We observe the tokenizer that is mis- 202

aligned with the data distribution leads to a substan- 203

tial degradation in task performance. As shown in 204
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Figure 3, the model trained with misaligned tok-205

enizer (Old) performs worse than the model using206

the new tokenizer (New): training accuracy drops207

from 95.0% with the new tokenizer to 75.0% with208

the old tokenizer, validation accuracy drops from209

91.2% to 70.5%. The misaligned tokenizer also210

yields poorer tokenization efficiency on the new211

data, with bytes-per-token decreasing from 1.37212

to 1.22. These results highlight the impact of to-213

kenizer misalignment on model performance, re-214

vealing the need for tokenizers that remain aligned215

with evolving data during lifelong learning.216

4 Method217

To develop an adaptive tokenizer for streaming data,218

the algorithm must (i) support vocabulary revision,219

including the deletion of out-of-date merge rules,220

and (ii) maintain up-to-date frequency estimates to221

guide the revision. We first adopt a graph-theoretic222

view of BPE and propose a simple yet effective223

mechanism that enables vocabulary revision and ac-224

curate, online frequency maintenance. The overall225

procedure of Ted-Tok is outlined in Algorithm 1.226

4.1 Graph View of BPE and Sink Tokens227

The merge list of a BPE tokenizer implicitly defines228

a directed acyclic graph (DAG) over the vocabulary229

V . Formally, let the merge graph G = (V, E) de-230

note this DAG, where each merge operation form-231

ing w = CONCAT(u, v) induces edges (u,w) and232

(v, w) in E. Under this construction, only charac-233

ters or special symbols w in the base vocabulary234

Vbase have zero indegree, i.e., deg−(w) = 0.235

Standard BPE iteratively merges pairs of adja-236

cent tokens with the highest co-occurrence count237

to construct a vocabulary. As a result, any merged238

token w has a frequency less than that of its pre-239

decessors u and v. When considering the deletion240

of an outdated token from the vocabulary, for ex-241

ample, one with the lowest occurrence frequency242

in recent data, it follows directly that such a token243

must correspond to a sink node in the merge graph244

G. Another important constraint is that tokens in245

the base vocabulary Vbase cannot be deleted, even if246

they are sink nodes. These tokens are essential for247

preserving complete coverage over characters and248

special symbols, which guarantees the tokenizer’s249

ability to represent arbitrary input strings.250

We next describe how Ted-Tok maintains the fre-251

quency estimates needed to reliably decide which252

sink token to remove and which token pair to merge253

Algorithm 1 Our Proposed Ted-Tok Algorithm
Require: Data stream {Dt}Tt=1, base vocabulary Vbase, ini-
tial BPE tokenizer (V1,M1), embedding weights (E,Wout),
hyperparameters ∆revision, Twarmup, β, α
1: Initialize V sink

1

2: Initialize frequency estimates τ token
0 , τ buffer

0 , τ pair
0 to 0

3: for t← 1 to T do
4: ... ▷ Update model weights via external training steps.
5: Compute counts ctoken

t , cpair
t from Dt given Vt,Mt

6: Update frequency estimates τ token
t , τ buffer

t , τ pair
t with

ctoken
t and cpair

t

7: if t ≥ Twarmup and t mod ∆revision = 0 then
8: (Vt+1,Mt+1,V sink

t+1, τ token
t , τ buffer

t , τ pair
t , E, Wout)

← VOCABULARYREVISION( Vt,Mt, V sink
t , τ token

t , τ buffer
t ,

τ pair
t , Vbase, β, E, Wout )

9: else
10: (Vt+1,Mt+1, V sink

t+1)← (Vt,Mt, V sink
t )

11: end if
12: end for

on a data stream. 254

4.2 Frequency Maintenance on a Data Stream 255

Formally, let Vt and Mt denote the vocabulary 256

and merge list at time step t. Ted-Tok primarily 257

maintains two sets of statistics: the frequency of 258

each token in Vt to identify outdated tokens, and 259

the frequency of token pairs in Vt × Vt to identify 260

candidate merge rules. 261

Given a stream of data arriving in batches D1:T , 262

Ted-Tok performs frequency maintenance updates 263

iteratively. At each time step t, we tokenize the 264

batch Dt using Vt and Mt. We then count the 265

occurrences of each token a ∈ Vt in the tokenized 266

Dt, denoted by ctoken
t [a], and the number of times a 267

token u ∈ Vt is immediately followed by a token 268

v ∈ Vt in the tokenized sequences, denoted by 269

c
pair
t [u, v]. 270

To stabilize the statistics over time, we apply an 271

exponential moving average (EMA; Ruppert 1988) 272

to these counts across time steps. For token pairs, 273

τ
pair
t [u, v] tracks the averaged frequency of token 274

pairs over time. 275

τ
pair
t [u, v] = (1− α)τ

pair
t−1[u, v] + αc

pair
t [u, v] 276

α ∈ (0, 1) is the EMA smoothing factor determin- 277

ing the rate at which historical information decays. 278

For individual tokens, a naive approach is to 279

track the historical frequency of each token and 280

delete those with low frequency. However, we note 281

that when a sink token wdelete, formed by merg- 282

ing udelete and vdelete in Mt, is removed, its pre- 283

decessors udelete and vdelete’s frequency must be 284

recalibrated, since the frequency of wdelete is redis- 285

tributed to them upon its deletion. 286
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To manage this recalibration without recursive287

history scans, we maintain two distinct estimates288

for each token a ∈ Vt: τ token
t [a] and τ buffer

t [a]. Here,289

τ token
t [a] is the standard EMA-based frequency es-290

timate, while τ buffer
t [a] serves as a buffer used for291

frequency recalibration. This buffer stores the fre-292

quency credits that are currently associated with a293

but must be redistributed to its predecessors when294

a is deleted.295

At each time step t, both τ token
t [a] and τ buffer

t [a]296

are first updated via EMA based on the token count297

ctoken
t [a] in the current batch:298

τ token
t [a] = (1− α)τ token

t−1 [a] + αctoken
t [a]299

τ buffer
t [a] = (1− α)τ buffer

t−1 [a] + αctoken
t [a]300

Both estimates will be updated identically until301

the vocabulary is changed. If we add a new to-302

ken wnew = CONCAT(unew, vnew) to the vocab-303

ulary at time t, we initialize τ token
t [wnew] using304

τ
pair
t [unew, vnew], while its buffer τ buffer

t [wnew] starts305

at zero, as no historical credit has been deferred306

yet:307

τ token
t [wnew] = τ

pair
t [unew, vnew]

τ buffer
t [wnew] = 0

308

If we remove a token wdelete =309

CONCAT(udelete, vdelete) from the vocabulary310

at time t, the frequency in its buffer is redistributed311

to its predecessors:312

τ token
t [udelete] = τ token

t [udelete] + τ buffer
t [wdelete]

τ buffer
t [udelete] = τ buffer

t [udelete] + τ buffer
t [wdelete]

τ token
t [vdelete] = τ token

t [vdelete] + τ buffer
t [wdelete]

τ buffer
t [vdelete] = τ buffer

t [vdelete] + τ buffer
t [wdelete]

313

The following proposition shows the correctness314

of this frequency redistribution process (see Ap-315

pendix A for the proof):316

Proposition 1 The frequency redistribution mech-317

anism preserves the statistical consistency of the318

estimators, such that the updated τ token
t [udelete] and319

τ token
t [vdelete] accurately reflect the total frequency320

of udelete and vdelete as if wdelete had been decom-321

posed in all previous time steps.322

For ease of reference, we denote the set323

of frequency estimates at time t as Tt =324

{τ token
t [·], τ buffer

t [·], τ pair
t [·, ·]}.325

Algorithm 2 Function VOCABULARYREVISION

Require: Current Ted-Tok state (Vt,Mt,V sink
t ), frequency

estimates (τ token
t , τ buffer

t , τ pair
t ), base vocabulary Vbase, hyperpa-

rameters β, model weights (E,Wout)

1: (unew, vnew)← argmax(u,v)∈Vt×Vt τ
pair
t [unew, vnew]

2: wdelete ← argminw∈Vsink
t

τ token
t [w]

3: if τ pair
t [unew, vnew] > β · τ token

t [wdelete] then
4: Construct a new token wnew ← CONCAT(unew, vnew)
5: Retrieve (udelete, vdelete) ∈ Mt such that wdelete =

CONCAT(udelete, vdelete)
6: Update Vt+1: add wnew, delete wdelete
7: Update Mt+1: append (unew, vnew), remove

(udelete,vdelete)
8: Update V sink

t+1: add wnew, delete unew, vnew if present,
and add udelete or vdelete if they become sink nodes

9: Update frequency estimates at time t in-place:
τ token
t [wnew]← τ pair

t [unew, vnew], τ buffer
t [wnew] ← 0,

redistribute τ buffer
t [wdelete] to udelete and vdelete,

τ pair
t [udelete, vdelete]← τ token

t [wdelete]
10: Initialize E[wnew],Wout[wnew]
11: end if
12: return (Vt+1,Mt+1, V sink

t+1, τ token
t , τ buffer

t , τ pair
t , E, Wout)

4.3 Vocabulary Revision 326

At time step t = 1, Ted-Tok initializes from an 327

existing tokenizer with vocabulary V1 and merge 328

list M1. Correspondingly, the initial sink token set 329

Vsink
1 is constructed by identifying all tokens that 330

do not appear as constituents of the merge rules in 331

M1 and are not in the base vocabulary Vbase: 332

Vsink
1 = V1 \

(
Vbase ∪

⋃
(u,v)∈M1

{u, v}
)

333

This construction ensures that the sink token set 334

Vsink
1 contains exactly those tokens with zero out- 335

degree and non-zero indegree in the merge graph, 336

i.e., deg+(w) = 0 and deg−(w) ̸= 0. 337

To ensure that vocabulary revisions are driven 338

by reliable frequency estimates, we incorporate a 339

warmup phase of Twarmup steps. During this inter- 340

val t ∈ [1, Twarmup], we only update the frequency 341

estimates Tt from the data stream without executing 342

any vocabulary revisions. 343

To balance efficiency and effectiveness, vocabu- 344

lary revision is performed every ∆revision steps, as 345

outlined in Algorithm 2. At a vocabulary-revision 346

step t, we aim to update (Vt,Mt,Vsink
t ) accord- 347

ing to Tt. For selecting candidate merge rules 348

and new tokens, we choose the most frequent pair 349

(unew, vnew) according to τ
pair
t [·, ·]. For the token 350

deletion candidate, we choose the least frequent 351

token wdelete = CONCAT(udelete, vdelete) ∈ Vsink
t 352

according to τ token
t [·]. To ensure consistency in vo- 353

cabulary revision, we impose a constraint whereby 354
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additions and deletions are triggered only when the355

token to be added is more “popular” than the one356

to be deleted:357

τ
pair
t [unew, vnew] > βτ token

t [wdelete]358

Here, β > 1 is a hyperparameter setting the margin.359

Once the revision is triggered, we first update360

(Vt,Mt,Vsink
t ) by adding the new token wnew =361

CONCAT(unew, vnew) as follows:362

Vt+1 = Vt ∪ {wnew}
Mt+1 = Mt.APPEND((unew, vnew))

Vsink
t+1 = (Vsink

t ∪ {wnew}) \ {unew, vnew}
363

Here, we directly add wnew into Vsink
t+1, since364

wnew has no successors in the updated merge graph,365

while removing unew and vnew from Vsink
t+1, as they366

are no longer sink nodes. Then we update the fre-367

quency estimates τ token
t [wnew] and τ buffer

t [wnew] as368

mentioned in Section 4.2. As the token wnew is369

newly introduced, we initialize its embedding by370

averaging the embeddings of its predecessors unew371

and vnew, ensuring a smooth transition, following372

the strategy employed by Gu et al. (2024); Li et al.373

(2025).374

For deletion, we remove the selected sink token375

wdelete = CONCAT(udelete, vdelete) as follows:376

Vt+1 = Vt+1 \ {wdelete}
Mt+1 = Mt+1.REMOVE((udelete, vdelete))

Vsink
t+1 = (Vsink

t+1 \ {wdelete}) ∪ {a ∈ {udelete, vdelete}
| deg+(a) = 0,deg−(a) ̸= 0}

377

Here, we remove wdelete from Vsink
t+1, and check378

whether its predecessors udelete and vdelete are new379

sink nodes. At the same time, we update the pair380

frequency τ
pair
t [udelete, vdelete] and redistribute the381

deferred frequency credits from τ buffer
t [wdelete] to382

udelete and vdelete, as detailed in Section 4.2.383

5 Experiment384

In this section, we conduct experiments to validate385

the effectiveness of Ted-Tok.386

5.1 Implementation387

Simulating streaming data. We evaluate Ted-Tok388

on three tasks: a synthetic arithmetic (SA) task389

following the setting in Section 3.2; a machine390

translation (MT) task using WMT English–German391

datasets (2009–2019)1; and a question answering392

1https://www.statmt.org/

(QA) task using StreamingQA (Liška et al., 2022) 393

covering English news articles from 2007 to 2021. 394

For MT and QA, we simulate temporal drift by 395

partitioning the corpora into yearly subsets. See 396

Appendix B for details. 397

Training Settings. Across all tasks, data are 398

organized according to temporal order. For SA, we 399

follow the setup in Section 3.2 and define an “old” 400

dataset and a “new” dataset, which are treated as 401

two sequentially ordered subsets during training. 402

For MT and QA, datasets are partitioned into yearly 403

subsets to simulate temporal drift. 404

Based on this temporal data organization, we 405

perform lifelong training that proceeds sequen- 406

tially over temporally ordered data subsets using a 407

Warmup–Stable–Decay learning-rate schedule. All 408

models are evaluated on the test set corresponding 409

to the latest period. 410

When using Ted-Tok, for SA, we set 411

Twarmup/T = 10%, ∆revision = 300, α = 0.3, 412

and β = 1.2, and disable vocabulary revision 413

during the final 20% of training steps to ensure 414

the embeddings of all newly added tokens are 415

sufficiently trained. For MT and QA, we set 416

Twarmup/T = 3%, ∆revision = 1000, α = 5×10−5, 417

and β = 1.2, and disable revision during the final 418

30% of steps. Additionally, for these two tasks, 419

we batch 100 token additions and deletions per 420

revision step to mitigate the overhead associated 421

with reloading the tokenizer. 422

More implementation details are provided in Ap- 423

pendix C. 424

Baselines. We evaluate three tokenizer config- 425

urations within the lifelong training scenario pre- 426

sented in Table 1: (1) Old uses a fixed tokenizer 427

built on the earliest data subset, representing a set- 428

ting where the vocabulary remains static despite 429

temporal drift. (2) New involves an abrupt tran- 430

sition where the original tokenizer is replaced by 431

a new one built on the latest data subset before 432

training on that subset. (3) Ted-Tok employs our 433

method to evolve the initial vocabulary to incor- 434

porate emerging linguistic patterns from the latest 435

data subset. All three settings follow an identical 436

lifelong training procedure on all data subsets prior 437

to the latest data subset. 438

Evaluation Metrics. To evaluate overall perfor- 439

mance, we report Exact Match for the synthetic 440

task, BLEU (Papineni et al., 2002) for translation 441

quality, and Contains Accuracy for QA (measuring 442

whether the generation contains the gold answer). 443

To evaluate tokenization quality, we report Bytes 444
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Task Metric Tokenizer Performance (↑)

SA Exact Match Old 82.30%
New 88.15%

Ted-Tok 90.55%

MT BLEU Old 34.9125
New 35.3654

Ted-Tok 35.9447

QA Contains Accuracy Old 31.52%
New 32.17%

Ted-Tok 35.36%

Table 1: Quantitative comparison on different down-
stream tasks. (↑) indicates higher is better. The best
results are highlighted in bold.

Task SA MT QA

Jaccard Distance (↓)
Old vs. New 0.7013 0.6185 0.3123
Ted-Tok vs. New 0.2456 0.3855 0.1229

Bytes Per Token (↑)
New (Reference) 1.366 4.057 4.660
Old 1.216 3.655 4.584
Ted-Tok 1.359 4.034 4.655

Table 2: Tokenizer metrics comparison across tasks.
Old and New denote tokenizers built on the earliest
and latest subsets, respectively. Ted-Tok represents the
evolved Ted-Tok vocabulary after adapting to the latest
data subset.

Per Token for compression efficiency and the Jac-445

card Distance relative to “New Tok” as a measure446

of misalignment with the current data.447

5.2 Results and Analysis448

First, regarding the overall task performance, Ta-449

ble 1 demonstrates that Ted-Tok significantly out-450

performs the New configuration, even though the451

latter already provides marginal gains over the Old452

configuration. The results indicate that evolving453

the established vocabulary is more effective than a454

complete reset. While the New configuration cap-455

tures recent linguistic shifts, it lacks continuity with456

previously learned representations, leading to a loss457

of prior knowledge. In contrast, Ted-Tok provides458

a more seamless evolutionary path for the vocabu-459

lary, balancing the preservation of prior knowledge460

with the need to adapt to vocabulary drift.461

To further investigate how Ted-Tok behaves dur-462

ing adaptation, we compare the evolved Ted-Tok463

with the original fixed tokenizer and the new to-464

kenizer in terms of vocabulary overlap and com-465

pression efficiency. As shown in Table 2, two key466

observations emerge. First, Ted-Tok significantly467

reduces the Jaccard Distance to the new tokenizer468
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Figure 4: Training-time bytes per token (smoothed with
a 256-step window).

compared to the old one. This indicates that Ted- 469

Tok effectively mitigates tokenizer-data misalign- 470

ment caused by temporal drift. Second, regard- 471

ing the Bytes Per Token metric, Ted-Tok demon- 472

strates consistently higher compression efficiency 473

than the old tokenizer, achieving a level compa- 474

rable to the new tokenizer. We further examine 475

the dynamic progression of this adaptation in the 476

Machine Translation task. As illustrated in Fig- 477

ure 4, Ted-Tok gradually improves its compression 478

efficiency throughout the adaptation process, even- 479

tually converging to the performance of the new to- 480

kenizer. This gradual refinement underscores Ted- 481

Tok’s ability to incrementally incorporate emerging 482

linguistic patterns. 483

Overall, these results show that improving tok- 484

enizer–data alignment via Ted-Tok yields higher 485

compression efficiency and better downstream per- 486

formance in lifelong learning. 487

5.3 Ablation study 488

We conduct ablation analyses on key design 489

choices in Ted-Tok: (1) ∆revision, the intensity of 490

vocabulary updates, specifically the revision inter- 491

val, (2) Twarmup, the warmup phase duration, (3) α, 492

the EMA smoothing factor, and (4) β, the margin 493

coefficient. We perform these ablation studies on 494

the Machine Translation task and evaluate them 495

using the BLEU score. The results are illustrated 496

in Table 3. 497

Revision Interval ∆revision. When evaluating 498

the revision interval ∆revision, we find that setting 499

∆revision = 1000 yields optimal performance. Per- 500

formance degrades at both extremes of the interval, 501

indicating a critical trade-off: overly sparse updates 502

result in insufficient adaptation, while excessively 503

frequent revisions disrupt embedding convergence. 504

Warmup Phase Duration Twarmup. By compar- 505
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Hyperparameter Change BLEU (↑) Bytes Per Token (↑)

Ours 35.9447 4.034

∆revision = 500 35.7798 4.071
∆revision = 1500 35.5559 3.989
∆revision = 2000 35.0167 3.957

Twarmup/T = 0.01 35.4943 4.037
Twarmup/T = 0.02 35.4249 4.035

α = 5× 10−4 36.0244 4.039
α = 5× 10−6 35.7474 4.032

β = 1.6 35.8615 4.048
β = 2.0 35.7366 4.048

Table 3: Ablation study on hyperparameter variations.
Ours uses ∆revision=1000, Twarmup/T=0.03, β = 1.2 and
α = 5×10−5. Each row varies a single hyperparameter
while keeping all others fixed.

ing different values of Twarmup/T , we identify that506

a 3% warmup phase is essential for guaranteeing507

the reliability of frequency estimates. While a neg-508

ligible warmup enables earlier adaptation, it leads509

to “noisy” revisions based on inaccurate statistics.510

Conversely, an extended warmup unnecessarily de-511

lays the optimization of the vocabulary.512

Smoothing Factor α and Margin Coefficient513

β. Experiments across varying smoothing factor514

(α) and margin coefficient (β) yield similar perfor-515

mance, demonstrating the method’s robustness on516

these hyperparameters.517

5.4 Computational Overhead.518

Tokenizer adaptation incurs negligible overhead.519

On the Machine Translation task, training on the520

latest data subset with a fixed tokenizer requires521

624.0 GPU hours, while tokenizer adaptation adds522

only 8.3 CPU hours for frequency maintenance and523

vocabulary revision.524

6 Related Work525

Effects of Tokenization in Language Models. To-526

kenizers play a crucial role in language models527

and have been studied from several perspectives,528

including information-theoretic measures of tok-529

enization efficiency (Zouhar et al., 2023), inductive530

biases in numerical reasoning induced by number531

tokenization (Singh and Strouse, 2024), robustness532

to adversarial inputs that exploit token segmenta-533

tion failures (Wang et al., 2024), and tokenization534

effects on token sampling (Phan et al., 2025). How-535

ever, these studies largely focus on static settings536

and rarely examine how tokenizers should adapt537

under temporal drift in lifelong learning.538

Lifelong Learning. Lifelong learning aims to 539

handle temporal drift in language and data distri- 540

butions, which can cause models trained on earlier 541

data to become outdated and misaligned with cur- 542

rent usage (Shi et al., 2024; Sun et al., 2020; Ku- 543

tuzov et al., 2018). Most prior work on temporal 544

adaptation operates at the level of model weights, 545

either by updating parameters via continual pre- 546

training on time-ordered data (Jin et al., 2022; Jang 547

et al., 2022; Su et al., 2023; Qin et al., 2023) or 548

by injecting temporal signals such as timestamps 549

or temporal attention to encode time-aware rep- 550

resentations (Dhingra et al., 2022; Rosin et al., 551

2022). However, these approaches typically as- 552

sume a static tokenizer, which is problematic be- 553

cause as token usage shifts over time, the mismatch 554

between newer data and a fixed tokenizer can grow, 555

reducing tokenization efficiency and ultimately de- 556

grading task performance. 557

Dynamic Vocabulary and Tokenizer Adapta- 558

tion. Prior work on adaptive vocabularies and tok- 559

enizer adaptation mainly targets adaptation to do- 560

main or language shifts (Liu et al., 2023; Balde 561

et al., 2024; Sharthak et al., 2025), improving mul- 562

tilingual fairness (Ahia et al., 2024), or tailoring 563

the vocabulary to the model architecture (Zheng 564

et al., 2024). However, these approaches typically 565

assume adaptation to static corpora and thus do not 566

readily extend to lifelong learning settings. Beyond 567

these, Amba Hombaiah et al. (2021) also consider 568

vocabulary updates under temporal drift, but their 569

approach assumes the presence of explicit hash- 570

tag signals in the data and is tailored to a Twitter- 571

specific BERT-based model. To the best of our 572

knowledge, we are the first to introduce an adap- 573

tive tokenizer for lifelong learning under temporal 574

drift that makes no domain-specific assumptions 575

about the underlying data stream. 576

7 Conclusion 577

We propose the Temporal Drift Tokenizer (Ted- 578

Tok), an adaptive BPE tokenizer designed for life- 579

long learning that maintains a flexible vocabulary 580

evolving with the data stream. Across synthetic and 581

real-world tasks, Ted-Tok consistently mitigates 582

vocabulary misalignment caused by temporal drift, 583

thereby preserving high compression efficiency and 584

improving task performance in lifelong learning. 585

Our findings validate that adaptive tokenization is 586

an essential and promising paradigm for lifelong 587

learning. 588
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8 Limitations589

While our work demonstrates the effectiveness590

of Ted-Tok, several limitations suggest directions591

for future research. Firstly, the current design of592

Ted-Tok is based on BPE, and adapting it to al-593

ternative schemes such as Unigram (Kudo, 2018)594

remains unexplored. Secondly, we use a naive595

embedding initialization strategy for newly added596

tokens, which could be improved with more ad-597

vanced methods. In addition, further exploration598

is required to discover how fixed tokenizers limit599

the lifelong learning capabilities of larger language600

models and the corresponding benefits that adaptive601

tokenization could offer as model scale increases.602

Moreover, our approach may be misused in ways603

that exacerbate unfairness toward low-resource lan-604

guages, which would require additional considera-605

tions in practical applications.606
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Ondřej Bojar, Christian Federmann, Mark Fishel, Yvette 698
Graham, Barry Haddow, Matthias Huck, Philipp 699
Koehn, and Christof Monz. 2018. Findings of the 700
2018 conference on machine translation (WMT18). 701

9

https://doi.org/10.52202/079017-1514
https://doi.org/10.52202/079017-1514
https://doi.org/10.52202/079017-1514
https://doi.org/10.52202/079017-1514
https://doi.org/10.52202/079017-1514
https://doi.org/10.1145/3620665.3640366
https://doi.org/10.1145/3620665.3640366
https://doi.org/10.1145/3620665.3640366
https://doi.org/10.1145/3620665.3640366
https://doi.org/10.1145/3620665.3640366
https://doi.org/10.18653/v1/2024.findings-emnlp.863
https://doi.org/10.18653/v1/2024.findings-emnlp.863
https://doi.org/10.18653/v1/2024.findings-emnlp.863
https://doi.org/10.18653/v1/2024.findings-emnlp.863
https://doi.org/10.18653/v1/2024.findings-emnlp.863
https://doi.org/10.18653/v1/W19-5301
https://doi.org/10.18653/v1/W19-5301
https://doi.org/10.18653/v1/W19-5301
https://aclanthology.org/W13-2201/
https://aclanthology.org/W13-2201/
https://aclanthology.org/W13-2201/
https://doi.org/10.3115/v1/W14-3302
https://doi.org/10.3115/v1/W14-3302
https://doi.org/10.3115/v1/W14-3302
https://doi.org/10.18653/v1/W17-4717
https://doi.org/10.18653/v1/W17-4717
https://doi.org/10.18653/v1/W17-4717
https://doi.org/10.18653/v1/W16-2301
https://doi.org/10.18653/v1/W16-2301
https://doi.org/10.18653/v1/W16-2301
https://doi.org/10.18653/v1/W15-3001
https://doi.org/10.18653/v1/W15-3001
https://doi.org/10.18653/v1/W15-3001
https://doi.org/10.18653/v1/W18-6401
https://doi.org/10.18653/v1/W18-6401
https://doi.org/10.18653/v1/W18-6401


In Proceedings of the Third Conference on Machine702
Translation: Shared Task Papers, pages 272–303,703
Belgium, Brussels. Association for Computational704
Linguistics.705

Chris Callison-Burch, Philipp Koehn, Christof Monz,706
Kay Peterson, Mark Przybocki, and Omar Zaidan.707
2010. Findings of the 2010 joint workshop on sta-708
tistical machine translation and metrics for machine709
translation. In Proceedings of the Joint Fifth Work-710
shop on Statistical Machine Translation and Metrics-711
MATR, pages 17–53, Uppsala, Sweden. Association712
for Computational Linguistics.713

Chris Callison-Burch, Philipp Koehn, Christof Monz,714
Matt Post, Radu Soricut, and Lucia Specia. 2012.715
Findings of the 2012 workshop on statistical machine716
translation. In Proceedings of the Seventh Workshop717
on Statistical Machine Translation, pages 10–51,718
Montréal, Canada. Association for Computational719
Linguistics.720

Chris Callison-Burch, Philipp Koehn, Christof Monz,721
and Josh Schroeder. 2009. Findings of the 2009722
Workshop on Statistical Machine Translation. In723
Proceedings of the Fourth Workshop on Statistical724
Machine Translation, pages 1–28, Athens, Greece.725
Association for Computational Linguistics.726

Chris Callison-Burch, Philipp Koehn, Christof Monz,727
and Omar Zaidan. 2011. Findings of the 2011 work-728
shop on statistical machine translation. In Proceed-729
ings of the Sixth Workshop on Statistical Machine730
Translation, pages 22–64, Edinburgh, Scotland. As-731
sociation for Computational Linguistics.732

Iaroslav Chelombitko, Egor Safronov, and Aleksey733
Komissarov. 2024. Qtok: A comprehensive frame-734
work for evaluating multilingual tokenizer quality in735
large language models. CoRR, abs/2410.12989.736

Bhuwan Dhingra, Jeremy R. Cole, Julian Martin737
Eisenschlos, Daniel Gillick, Jacob Eisenstein, and738
William W. Cohen. 2022. Time-aware language mod-739
els as temporal knowledge bases. Transactions of the740
Association for Computational Linguistics, 10:257–741
273.742

Shuhao Gu, Mengdi Zhao, Bowen Zhang, Liangdong743
Wang, Jijie Li, and Guang Liu. 2024. Retok: Replac-744
ing tokenizer to enhance representation efficiency in745
large language model. Preprint, arXiv:2410.04335.746

Shengding Hu, Yuge Tu, Xu Han, Chaoqun He, Ganqu747
Cui, Xiang Long, Zhi Zheng, Yewei Fang, Yuxiang748
Huang, Weilin Zhao, and 1 others. 2024. Minicpm:749
Unveiling the potential of small language models750
with scalable training strategies. arXiv preprint751
arXiv:2404.06395.752

Joel Jang, Seonghyeon Ye, Sohee Yang, Joongbo Shin,753
Janghoon Han, Gyeonghun Kim, Stanley Jungkyu754
Choi, and Minjoon Seo. 2022. Towards continual755
knowledge learning of language models. Preprint,756
arXiv:2110.03215.757

Xisen Jin, Dejiao Zhang, Henghui Zhu, Wei Xiao, 758
Shang-Wen Li, Xiaokai Wei, Andrew Arnold, and 759
Xiang Ren. 2022. Lifelong pretraining: Continually 760
adapting language models to emerging corpora. In 761
Proceedings of BigScience Episode #5 – Workshop 762
on Challenges & Perspectives in Creating Large Lan- 763
guage Models, pages 1–16, virtual+Dublin. Associa- 764
tion for Computational Linguistics. 765

Taku Kudo. 2018. Subword regularization: Improv- 766
ing neural network translation models with multiple 767
subword candidates. In Proceedings of the 56th An- 768
nual Meeting of the Association for Computational 769
Linguistics (Volume 1: Long Papers), pages 66–75, 770
Melbourne, Australia. Association for Computational 771
Linguistics. 772

Andrey Kutuzov, Lilja Øvrelid, Terrence Szymanski, 773
and Erik Velldal. 2018. Diachronic word embeddings 774
and semantic shifts: a survey. In Proceedings of the 775
27th International Conference on Computational Lin- 776
guistics, pages 1384–1397, Santa Fe, New Mexico, 777
USA. Association for Computational Linguistics. 778

Chenghao Li, Liu Liu, Baosheng Yu, Jiayan Qiu, and 779
Yibing Zhan. 2025. Re-initialization token learning 780
for tool-augmented large language models. ArXiv, 781
abs/2506.14248. 782
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A Proof of proposition 1 903

Proof 1 Let tstart ∈ Z denote the time step when 904

token w = CONCAT(u, v) was added to the vocab- 905

ulary. Let t ∈ Z denote the current time step when 906

w is selected to be deleted. When w was not in the 907

vocabulary (i.e. l ≤ tstart), the occurrences of the 908

sequence (u, v) were tokenized as separate tokens 909

u and v. 910

For the period l ∈ (tstart, t], adjacent occur- 911

rences of u and v are merged into w, causing 912

ctoken
l [u] and ctoken

l [v] fail to capture these occur- 913

rences. Since the buffer τ buffer
t [w] is initialized to 0 914

at tstart, τ
buffer
t [w] accumulates exactly these missed 915

counts during the active lifespan of w: 916

τ buffer
t [w] =

t∑
l=tstart+1

α(1− α)t−lctoken
l [w]. (1) 917

When deleting w, redistributing this count is equiv- 918

alent to decomposing all occurrences of w back 919

into u and v for the period (tstart, t]: 920

ctoken′
l [u] = ctoken

l [u] + ctoken
l [w], ∀l ∈ (tstart, t].

(2)
921
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The corrected EMA estimate for u then becomes:922

τ token′
t [u] =

tstart∑
l=1

α(1− α)t−lctoken
l [u]923

+
t∑

l=tstart+1

α(1− α)t−l(ctoken
l [u] + ctoken

l [w])924

=

t∑
l=1

α(1− α)t−lctoken
l [u]925

+
t∑

l=tstart+1

α(1− α)t−lctoken
l [w]926

=τ token
t [u] + τ buffer

t [w].927

A symmetric derivation holds for v. Thus, the re-928

distribution yields frequency estimates τ token′
t [u],929

τ token′
t [v] mathematically equivalent to those ob-930

tained if w had effectively been decomposed into u931

and v throughout the entire data stream.932

B Dataset statistics933

Synthetic Arithmetic Dataset. Both datasets are934

generated to ensure balanced coverage of addition935

and subtraction operations. Each instance follows936

the format A+B=C or A-B=C. A 2K subset from937

Dataset B is reserved as the validation set for all938

experiments. Table 4 presents the dataset statistics.939

WMT is released by the Workshop on Statisti-940

cal Machine Translation (Callison-Burch et al.,941

2009, 2010, 2011, 2012; Bojar et al., 2013, 2014,942

2015, 2016, 2017, 2018; Barrault et al., 2019),943

providing large-scale parallel corpora from di-944

verse sources such as News Commentary, Europarl,945

and Common Crawl. We process the WMT En-946

glish–German parallel corpus following the stan-947

dard WMT preprocessing and tokenization pipeline948

to ensure comparability with prior work. Table 5949

summarizes the size of each released version of950

the component corpus, and Table 6 maps yearly951

releases (2009–2019) to their included sources.952

StreamingQA. The StreamingQA dataset is de-953

rived from the English WMT News Crawl corpus954

spanning 2007–2021 and is publicly available on955

GitHub2. It is constructed by aligning news articles956

with temporally grounded question–answer (QA)957

annotations, enabling the evaluation of how models958

adapt to evolving information over time.959

For lifelong learning setting, we group the yearly960

training data into consecutive three-year intervals.961

Table 7 provides the training data statistics.962

2https://github.com/google-deepmind/streamingqa

Dataset Range of Numbers Number of Samples

Dataset A 0–50 3.9K
Dataset B 0–200 60.7K (2K for validation)

Table 4: Summary of Synthetic task Datasets.

Data Source Version #Sentence Pairs

News Commentary v4 (2009) 83K
News Commentary v5 (2010) 100K
News Commentary v6 (2011) 136K
News Commentary v7 (2012) 159K
News Commentary v8 (2013) 178K
News Commentary v9 (2014) 201K
News Commentary v10 (2015) 216K
News Commentary v11 (2016) 243K
News Commentary v12 (2017) 271K
News Commentary v13 (2018) 284K
News Commentary v14 (2019) 338K

Europarl v4 1.4M
Europarl v5 1.5M
Europarl v6 1.7M
Europarl v7 1.9M
Europarl v9 1.8M

Common Crawl – 2.4M

ParaCrawl 20183 36M
ParaCrawl 2019 94M

Rapid Corpus – 1.3M

Wiki Titles v1 1.3M

Table 5: Data sources and their version-level sizes in
the WMT English–German parallel corpus.

To construct a reliable evaluation set for base- 963

model assessment, we first use GPT-4o (OpenAI, 964

2024) to standardize the phrasing and convert each 965

fact-based question and its corresponding answer 966

from the 2019–2021 portion of the StreamingQA 967

dataset into a consistent end-of-sequence comple- 968

tion format. We then use pile-t5-large (Sutawika 969

et al., 2024) as the baseline model and apply a fil- 970

tering step in which the baseline must produce the 971

correct answer in eight independent deterministic 972

decoding attempts. Items that fail this criterion are 973

removed, resulting in a curated set of 1,660 ques- 974

tions. This question set is used in Section 5 for 975

evaluating the QA task. 976

During evaluation, we generate five independent 977

sampled completions for each question using a de- 978

coding configuration of temperature 0.2 and top- 979

p 0.95. We report the mean performance across 980

samples along with the sample variance. 981
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Year News Comm. Europarl Common Crawl ParaCrawl Rapid Wiki Titles

2009 v4 v4 – – – –
2010 v5 v5 – – – –
2011 v6 v6 – – – –
2012 v7 v7 – – – –
2013 v8 v7 ✓ – – –
2014 v9 v7 ✓ – – –
2015 v10 v7 ✓ – – –
2016 v11 v7 ✓ – – –
2017 v12 v7 ✓ – ✓ –
2018 v13 v7 ✓ 2018 ✓ –
2019 v14 v9 ✓ 2019 ✓ ✓

Table 6: Yearly composition of the WMT En–De corpus (2009–2019). “✓” denotes the inclusion of that source in a
given year.

Year Range # Training Examples

2007–2009 6.08M
2010–2012 7.20M
2013–2015 12.49M
2016–2018 10.76M
2019–2021 15.88M

Table 7: Statistical Summary of the QA Training
Dataset.

C Implementation Details982

All training are implemented on PyTorch(Ansel983

et al., 2024) framework. Our tokenizer implemen-984

tation is compatible with the GPT2TokenizerFast985

class provided by the TRANSFORMERS li-986

brary (Wolf et al., 2020).987

C.1 Synthetic Task988

For synthetic arithmetic task, we use a two-layer,989

four-head Transformer model with ~4K parameters.990

For tokenizers, we restrict the vocabulary size to991

50.992

We train on a single NVIDIA RTX 4090 GPU993

and use a global batch size of 4096. The optimizer994

is Adam with β1 = 0.9, β2 = 0.999. We train for995

1000 epochs for each data subsets. Both models996

are initialized with random embeddings and trained997

under matched hyperparameters. All settings adopt998

a constant learning rate of 5× 10−4.999

When using Ted-Tok, we set Twarmup/T = 10%,1000

∆revision = 300, α = 0.3, and β = 1.2, and disable1001

vocabulary revision during the final 20% of training1002

steps to ensure the embeddings of all newly added1003

tokens are sufficiently trained. 1004

C.2 Real-world Tasks 1005

In real-world tasks, we adopt the GPT-2 124M con- 1006

figuration, which includes a hidden size of 768, 12 1007

transformer layers, 12 attention heads, and a con- 1008

text window of 1024 tokens. The same architecture 1009

is used for all baselines to ensure a controlled com- 1010

parison. For tokenizers, we restrict the vocabulary 1011

size to 50257. 1012

Multi-GPU training is performed with Dis- 1013

tributed Data Parallel on 8 A100 GPUs. We 1014

use a global batch size of 576. The optimizer 1015

is AdamW with β1 = 0.9, β2 = 0.95, and a 1016

weight decay of 0.01. When using Ted-Tok, we set 1017

Twarmup/T = 3%, ∆revision = 1000, α = 5×10−5, 1018

and β = 1.2, and disable revision during the final 1019

30% of steps. Additionally, for these two tasks, we 1020

batch 100 token additions and deletions per revi- 1021

sion step to mitigate the overhead associated with 1022

reloading the tokenizer. 1023

For translation, the dataset is split by year, and 1024

the model is trained for three epochs on each 1025

yearly subset. For QA, the data are grouped into 1026

consecutive three-year intervals, and the model 1027

is trained for ten epochs on each interval. Both 1028

the baseline and Ted-Tok setting employ the 1029

same Warmup–Stable–Decay learning-rate sched- 1030

ule (Hu et al., 2024) with decayed peak learning 1031

rates (Loshchilov and Hutter, 2016). 1032

For the first year-interval dataset, we set the peak 1033

learning rate to 6 × 10−4. For each subsequent 1034

interval, the peak learning rate is decayed to 0.85× 1035

the peak value used in the previous interval. During 1036

13



intermediate year intervals, the cosine schedule is1037

not allowed to decay to zero; instead, the minimum1038

learning rate is clipped at 6 × 10−5. Only on the1039

final year interval does the cosine schedule decay1040

fully toward zero.1041
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