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Abstract001

Speculative decoding accelerates inference for002
Large Language Models by using a lightweight003
draft model to propose candidate tokens that004
are verified in parallel by a larger target model.005
Prior work shows that draft models dominate006
speculative decoding latency due to sequential007
generation and vocabulary-dependent LM head008
cost. This creates a trade-off: larger draft vo-009
cabularies improve coverage and agreement but010
increase latency, while smaller vocabularies re-011
duce latency at the risk of missing required012
tokens.013

We address this trade-off through vocabulary014
trimming for draft models, motivated by the ob-015
servation that domain-specific workloads use016
only a small fraction of the full vocabulary. We017
formulate draft vocabulary selection as a con-018
strained optimization problem that balances to-019
ken coverage and draft latency. Coverage is020
computed over assistant responses in the train-021
ing data, while latency is estimated using an022
architecture-aware FLOPs proxy for the lan-023
guage modeling head. We optimize a utility024
function with a Tree-structured Parzen Estima-025
tor to efficiently explore the coverage–latency026
Pareto frontier under a minimum coverage con-027
straint. Experiments demonstrate consistent028
throughput improvements while reducing draft029
vocabularies by up to 97%. On domain-specific030
tasks, we achieve up to 16% latency reduc-031
tion and 20% throughput improvement, and032
up to 6.7% throughput gains on diverse out-of-033
distribution benchmarks.034

1 Introduction035

Applications of large language models (LLMs)036

have recently become widespread across many do-037

mains. However, inference time remains a major038

bottleneck in the efficient deployment of large lan-039

guage models (Leviathan et al., 2023). Speculative040

Decoding has been proposed as a method to re-041

duce inference latency by leveraging a smaller draft042

model to generate candidate tokens, which are then 043

verified by a larger model. Instead of performing 044

K separate forward passes, the large model verifies 045

the proposed K tokens in a single forward pass, 046

significantly improving inference efficiency. 047

Recent work trains draft models on generations 048

produced by the target model in order to improve 049

the acceptance rate of draft tokens during verifica- 050

tion by the large model, thereby reducing inference 051

latency under speculative decoding (Hong et al., 052

2025). However, draft models typically share the 053

same vocabulary as the target model (e.g., 128K 054

tokens for LLaMA 3), resulting in substantial com- 055

putational overhead. This is particularly problem- 056

atic given prior findings that draft model latency 057

constitutes the primary bottleneck in speculative 058

decoding (Yan et al., 2025). Moreover, Goel et al. 059

(2025) show that, for many downstream tasks, tar- 060

get model generation is confined to a small subset 061

of the full vocabulary; for example, in function- 062

calling tasks with LLaMA-3.2-3B-Instruct, more 063

than 120K tokens are rarely or never generated. 064

To address these limitations and reduce draft 065

model latency, recent work has explored vocabu- 066

lary reduction techniques for the draft in specula- 067

tive decoding. Goel et al. (2025) propose Vocab- 068

Trim, which trims infrequent tokens from the draft 069

vocabulary based on token frequency statistics ob- 070

tained from top-p sampling during inference on a 071

calibration dataset, increasing speculative decod- 072

ing speedup by up to 16% for LLaMA-3 models 073

on Spec-Bench (Xia et al., 2024). Concurrently, 074

Zhao et al. (2025) introduce FR-Spec (Frequency- 075

Ranked Speculative Sampling), which constrains 076

the draft model’s token selection to a frequency- 077

ranked subset of the vocabulary, reducing LM head 078

computation overhead by 75% and achieving an 079

average speedup of 1.12× over EAGLE-2 (Li et al., 080

2024). 081

However, selecting a fixed top-k vocabulary can 082

be suboptimal due to the inherent trade-off be- 083
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tween draft model latency and vocabulary cover-084

age. Larger vocabularies provide better coverage085

of the target model’s token distribution, but at the086

cost of increased draft inference latency. Further-087

more, EAGLE-3 (Li et al., 2025b) embeds vocabu-088

lary mapping within the model weights via draft-089

to-target and target-to-draft index buffers, cou-090

pling vocabulary selection to training time. As091

a consequence, inference-time vocabulary reduc-092

tion methods such as FR-Spec are incompatible093

with EAGLE-3, as noted in the SGLang inference094

engine documentation (Zheng et al., 2024).095

To address the limitations of prior work, we pro-096

pose a novel approach that explicitly balances the097

trade-off between vocabulary coverage and draft098

model latency. Our approach formulates this trade-099

off through a reward function, which is optimized100

using the Tree-structured Parzen Estimator (TPE)101

(Watanabe, 2023). The reward is defined by a utility102

function that combines token coverage measured103

on the training dataset with an architecture-aware104

estimation of draft model FLOPs.105

We evaluate our approach on both out-of-106

distribution benchmarks and task-specific settings.107

On out-of-distribution benchmarks, it improves108

generation throughput by up to 6.7% compared109

to full-vocabulary baselines, while on task-specific110

settings it achieves up to 16.4% latency reduction111

and 19.6% throughput improvement.112

Our Contributions:113

1. We formulate draft vocabulary selection to114

optimize speculative decoding inference as a115

constrained optimization problem, and pro-116

pose a vocabulary trimming approach that117

leverages token frequency statistics together118

with an architecture-aware latency estimate to119

select an efficient draft vocabulary.120

2. We empirically show that the resulting draft121

models improve LLM generation throughput122

across both out-of-distribution and domain-123

specific tasks.124

3. We open source our implementation to support125

future research. 1126

2 Method127

In this work, we present a vocabulary trimming ap-128

proach for speculative decoding that optimizes the129

1https://anonymous.4open.science/r/
balanced-coverage-latency-spec-decoding-1AB9

trade-off between token coverage and draft model 130

latency. Our method consists of five components: 131

(1) formulating vocabulary selection as constrained 132

optimization, (2) computing token coverage from 133

training data, (3) estimating draft model FLOPs, 134

(4) defining a utility function, and (5) optimizing 135

via Tree-structured Parzen Estimator. 136

2.1 Problem Formulation 137

Let V denote the target model’s vocabulary with 138

|V| = V tokens. We seek a reduced draft vocab- 139

ulary Vd ⊂ V of size k = |Vd| that balances two 140

competing objectives: maximizing token coverage 141

while minimizing draft model latency. 142

We formulate this as a constrained optimization 143

problem: 144

k∗ = argmax
k∈[kmin,kmax]

U(k) s.t. C(k) ≥ cmin

(1) 145

where U(k) is a utility function combining cover- 146

age and latency reduction, C(k) is the token cov- 147

erage at vocabulary size k, and cmin is a minimum 148

coverage threshold. 149

The draft vocabulary Vd is constructed by se- 150

lecting the top-k most frequent tokens from the 151

training distribution, ensuring that the most com- 152

monly generated tokens are retained. 153

2.2 Token Coverage Estimation 154

Following standard practice in instruction tuning, 155

draft models are trained with a loss computed only 156

over assistant response tokens, while user prompts 157

and system messages are masked. We align our cov- 158

erage metric with this training objective by count- 159

ing token frequencies exclusively within assistant 160

responses. 161

Given a training dataset of conversations, we 162

parse assistant spans using chat template delimiters 163

and compute token frequencies f(v) for each token 164

v within these spans. Token coverage for a draft 165

vocabulary of size k is: 166

C(k) =

∑
v∈top-k f(v)∑
v∈V f(v)

(2) 167

where top-k denotes the k most frequent tokens. 168

This metric captures the fraction of training tokens 169

covered by the draft vocabulary. 170

2.3 Draft Model Latency Estimation 171

We estimate draft model latency using FLOPs as a 172

proxy. EAGLE-style draft models (Li et al., 2025b) 173

consist of three components: 174
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1. A feature fusion layer that projects concate-175

nated hidden states from multiple target model176

layers into the hidden dimension.177

2. A single transformer decoder layer with self-178

attention and a feed-forward network.179

3. A language modeling head that projects hid-180

den states to vocabulary logits.181

The key observation is that only the LM head182

depends on vocabulary size. For a linear projection183

from hidden dimension d to vocabulary size k, the184

FLOPs are 2dk. All other components contribute a185

fixed cost Ffixed independent of k.186

Table 1 shows the FLOPs breakdown for187

LLaMA-3-8B. The LM head with full vocabu-188

lary (V=128,256) accounts for 64% of total draft189

model computation, making vocabulary reduction190

highly effective.191

Component FLOPs % of Total

Feature fusion 100.7M 6.1%
Attention 436.2M 26.6%
Feed-forward 50.3M 3.1%
LM head (V=128K) 1050.7M 64.2%

Total 1637.9M 100%

Table 1: Draft model FLOPs breakdown for LLaMA-3-
8B.

We define the latency reduction as:192

R(k) = 1− Ffixed + 2dk

Ffixed + 2dV
(3)193

2.4 Utility Function Definition194

We define a utility function that represents that195

trade-off between token coverage and latency re-196

duction with a tunable weight parameter α ∈ [0, 1]:197

U(k) = α · C(k) + (1− α) ·R(k) (4)198

The coverage weight α controls the trade-off be-199

tween maintaining high token coverage (larger α)200

and maximizing draft’s FLOPs latency reduction201

(smaller α). Higher α values prioritize draft accu-202

racy at the cost of computational savings, while203

lower values aggressively reduce vocabulary size.204

The utility function formulation of the trade-off205

between token coverage and draft model latency206

enables exploration of the Pareto frontier between207

target-vocabulary token coverage and draft model208

latency, allowing TPE optimization of this objec-209

tive to select the most accurate draft vocabulary210

size.211

2.5 TPE-Based Optimization 212

We optimize the vocabulary size using TPE, a se- 213

quential model-based optimization algorithm well- 214

suited for hyperparameter search. 215

TPE models the objective function by maintain- 216

ing two density estimators: ℓ(k) for vocabulary 217

sizes that yield high utility, and g(k) for those with 218

low utility. At each iteration, TPE samples can- 219

didate vocabulary sizes by maximizing the ratio 220

ℓ(k)/g(k), which serves as a proxy for expected 221

improvement. 222

To enforce the minimum coverage constraint 223

C(k) ≥ cmin, we modify the objective to return 224

a penalty value when the constraint is violated: 225

Ũ(k) =

{
U(k) if C(k) ≥ cmin

−1 otherwise.
(5) 226

This formulation guides TPE to learn the feasible 227

region while still exploring the coverage-latency 228

trade-off within that region. The optimization runs 229

for N trials (we use N = 100), with TPE progres- 230

sively focusing on promising regions of the search 231

space. 232

The output is the optimal vocabulary size k∗ 233

that maximizes utility while satisfying the coverage 234

constraint. The corresponding draft vocabulary Vd 235

consists of the k∗ most frequent tokens from the 236

training distribution. 237

2.6 Draft Vocabulary Size Optimization 238

Figure 1 shows the utility score across 100 vocab- 239

ulary configurations explored via Optuna’s TPE 240

sampler (Akiba et al., 2019). The curve exhibits 241

a clear maximum at 13,264 tokens, demonstrating 242

the optimal balance point. Smaller vocabularies 243

suffer from insufficient coverage despite greater 244

speedup, while draft larger vocabularies provide 245

diminishing coverage gains that do not justify their 246

draft latency cost. 247

Figure 2 visualizes the Pareto frontier of the 248

coverage-latency tradeoff. Each point represents 249

a vocabulary configuration (color-coded by size), 250

revealing the fundamental tension: smaller vocab- 251

ularies achieve up to 64% latency reduction but 252

cover only 60% of tokens, while near-complete 253

coverage (99%+) limits latency reduction to 39%. 254

The optimal configuration achieves 93.7% cover- 255

age with 57.5% LM head latency reduction (a 90% 256

vocabulary reduction 128K→13K tokens). 257
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Figure 1: Utility score vs. draft vocabulary size. The
utility function peaks at 13,264 tokens, representing the
optimal tradeoff between coverage and latency while
training on the Open-PerfectBlend dataset (Xu et al.,
2024).
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Figure 2: Pareto front showing the coverage-latency
tradeoff of the draft model, while training on the Open-
PerfectBlend dataset (Xu et al., 2024). The optimal
point (red star) balances high coverage with substantial
latency reduction.

3 Experiments258

To evaluate our approach, we adopt Llama-3.1-259

8B-Instruct (Grattafiori et al., 2024) as the target260

model and use datasets to regenerate responses261

with Llama-3.1-8B-Instruct, ensuring alignment262

between the draft model and the target model it is263

trained to accelerate.264

We then measure the inference throughput of265

the resulting draft model using the SpecForge266

framework (Li et al., 2025a) together with the267

SGLang inference engine (Zheng et al., 2024).268

All experiments are conducted with 3 indepen-269

dent runs, and we report mean values with 95%270

confidence intervals to ensure statistical rigor.271

Evaluations are conducted on benchmarks that272

are out of distribution relative to the training273

data, including MT-Bench (multi-turn conversa-274

tional and instruction-following quality) (Zheng275

et al., 2023), GSM8K (grade-school mathemati-276

cal reasoning) (Cobbe et al., 2021), HumanEval 277

(code generation and functional correctness) (Chen, 278

2021), MATH500 (advanced mathematical prob- 279

lem solving) (Lightman et al., 2023), and AIME 280

(competition-level mathematical reasoning) (Zhang 281

and Math-AI, 2025). We also measure our ap- 282

proach on two domain-specific downstream tasks, 283

including Named Entity Recognition and function 284

calling. 285

All evaluations are conducted within the 286

EAGLE-3 speculative decoding framework, which 287

preserves the target model’s generation distribu- 288

tion through exact verification of draft tokens (Li 289

et al., 2025b). Vocabulary trimming therefore af- 290

fects only computational efficiency, including la- 291

tency and throughput, while the final decoded se- 292

quence and corresponding task accuracy remain 293

identical to full-vocabulary speculative decoding. 294

3.1 Results on Out-of-Distribution Datasets 295

We train two draft models on the Open- 296

PerfectBlend dataset (Xu et al., 2024): one using 297

a 13264 tokens vocabulary derived from our ap- 298

proach, and one using the full 128K LLaMA-3 vo- 299

cabulary as a baseline. Both models are evaluated 300

on out-of-distribution benchmarks to assess gen- 301

eralization. As shown in Table 2, the vocabulary- 302

trimmed draft model consistently outperforms the 303

baseline, with throughput improvements ranging 304

from 2.2% to 6.7%. 305

Despite reducing vocabulary size by approxi- 306

mately 90%, the draft model maintains effective 307

acceleration across all out-of-distribution bench- 308

marks, demonstrating that the coverage learned 309

from Open-PerfectBlend generalizes beyond the 310

training distribution. 311

Benchmark Our approach 128k-vocab Diff (%)
MT-Bench 177.54 ± 0.52 172.38 ± 0.67 +3.0%
GSM8K 160.51 ± 0.50 155.47 ± 0.43 +3.2%
HumanEval 206.79 ± 0.62 202.31 ± 0.72 +2.2%
MATH500 217.22 ± 0.40 206.74 ± 1.14 +5.1%
AIME 224.83 ± 1.30 210.74 ± 0.69 +6.7%

Table 2: Output throughput (tokens/s) comparison be-
tween our approach and a baseline with the full vocab-
ulary, on a setup of a single A100-80G GPU. Values
shown as mean ± 95% CI over 3 runs. Higher is better.

3.2 In-domain Results 312

Beyond general-purpose benchmarks, we validate 313

our approach on two domain-specific tasks: Named 314

Entity Recognition (NER) and Function Calling. 315
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For each task, we fine-tune a target model and train316

two different draft models, one with our optimized317

vocabulary and one with the full 128K LLaMA-318

3 vocabulary. Our approach yields vocabularies319

of just 6,521 tokens for NER and 4,380 tokens320

for Function Calling, representing 95% and 97%321

reductions respectively.322

Table 3 reports results on a single NVIDIA323

A100-80GB GPU. The optimized draft models324

consistently outperform the 128K-vocabulary base-325

lines: the NER task shows 16.4% latency reduc-326

tion and 19.6% throughput improvement, while327

Function Calling achieves 9.1% latency reduction328

and 10.0% throughput improvement. These results329

confirm that task-aligned vocabulary optimization330

yields substantial efficiency improvements for spec-331

ulative decoding in domain-specific applications.332

4 Discussion333

4.1 Generalization to Out-of-Distribution334

Datasets335

The out-of-distribution results in Table 2 show con-336

sistent throughput improvements across diverse337

benchmarks, despite the vocabulary being opti-338

mized on a different dataset. To understand why339

vocabulary trimming generalizes effectively, we an-340

alyze the token coverage of our 13K optimized vo-341

cabulary on actual target model generations across342

the five OOD benchmarks.343

Token Coverage Analysis. Table 4 presents the344

frequency-weighted token coverage achieved by345

our optimized vocabulary on target model outputs346

for each benchmark. Despite reducing vocabulary347

size by approximately 90% (from 128K to 13K348

tokens), the optimized vocabulary achieves 97.1%349

average coverage across all OOD benchmark gen-350

erations, with coverage ranging from 93.2% on351

MT-Bench to 98.6% on MATH-500 and AIME.352

The gap between frequency-weighted coverage353

(97.1%) and unique token coverage reveals a key354

insight: while many unique tokens fall outside the355

optimized vocabulary, these tokens appear infre-356

quently. The missing tokens are predominantly357

task-specific terminology that appears rarely in gen-358

eration outputs.359

Domain Alignment with Training Data. The360

OpenPerfectBlend training dataset comprises a di-361

verse mixture of instruction-tuning data across mul-362

tiple domains: mathematics (39.4%), code (38.9%),363

chat (17.6%), and instruction following (4.1%) (Xu364

et al., 2024). Table 5 shows how benchmark cover- 365

age correlates with training data domain represen- 366

tation. 367

Notably, the training and evaluation datasets 368

differ substantially in their construction and dif- 369

ficulty levels. The math training data includes 370

MetaMathQA, which bootstraps questions from 371

GSM8K and MATH training sets by “rewriting the 372

question from multiple perspectives without extra 373

knowledge” (Yu et al., 2024). Evaluation is per- 374

formed on the GSM8K and MATH-500 test sets, 375

which contain unseen problems, as well as AIME 376

(olympiad-level), with the latter presenting substan- 377

tially harder problems than the training distribution. 378

Similarly, code training uses evol-codealpaca (Luo 379

et al., 2023) and UltraInteract (Yuan et al., 2024), 380

while evaluation uses HumanEval with its distinct 381

function-completion format and doctest syntax. De- 382

spite these differences in problem difficulty and 383

format, the vocabulary achieves 94–99% cover- 384

age on model generations, demonstrating that core 385

mathematical notation, operators, and common pro- 386

gramming tokens are shared across difficulty levels. 387

Even MT-Bench, representing the chat domain with 388

only 17.6% of training data, achieves 93.2% cover- 389

age, indicating that our approach captures essential 390

high-frequency tokens even for underrepresented 391

domains. 392

Missing Token Analysis. Examining the tokens 393

excluded from the optimized vocabulary reveals 394

that missing tokens are predominantly task-specific 395

and low-frequency. GSM8K’s lower coverage 396

(94.6%) is primarily due to the « annotation token 397

used in GSM8K’s answer format (appearing 3,275 398

times), along with domain-specific nouns from 399

word problem narratives (e.g., “mashed,” “fries,” 400

“laundry”). HumanEval misses Python doctest 401

syntax (»>) and code-specific tokens (_shift, 402

enumerate). MATH-500 and AIME exclude math- 403

ematical terminology (“asympt,” “cyclic,” “dia- 404

mond”) and geometry-related tokens used in com- 405

petition problems. MT-Bench lacks proper nouns 406

(“Wars,” “Britain,” “Socrates”) and rare conversa- 407

tional vocabulary (“seismic,” “settlement”). Crit- 408

ically, these missing tokens appear infrequently 409

enough that their absence minimally impacts the 410

draft model’s ability to propose acceptable candi- 411

dates. 412

Taken together, these findings explain why vo- 413

cabulary trimming generalizes effectively: high- 414

frequency tokens are largely domain-agnostic and 415
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Table 3: In-domain benchmark results on a single NVIDIA A100-80GB GPU over 500 samples. For each task,
percentage deltas are reported relative to the task-specific baseline. Values shown as mean ± 95% CI over 3 runs.
Lower latency is better; higher output throughput is better.

Benchmark Model / Vocabulary Latency (s) ∆ (%) Output Throughput ∆ (%)

NER
128K vocab (baseline) 468.11 ± 5.50 – 146.50 ± 1.72 –
6,521 vocab (Our Approach) 391.43 ± 3.33 -16.4% 175.18 ± 1.49 +19.6%

Function Calling
128K vocab (baseline) 401.02 ± 4.28 – 192.90 ± 2.06 –
4,380 vocab (Our Approach) 364.54 ± 4.36 -9.1% 212.21 ± 2.56 +10.0%

Table 4: Token coverage of the 13K optimized vocabu-
lary on target model generations for out-of-distribution
benchmarks. Freq. Coverage measures the fraction of
generated token occurrences covered; Unique Coverage
measures the fraction of distinct generated tokens cov-
ered.

Benchmark Tokens Freq. Cov. Unique Cov.

GSM8K 117,613 94.6% 69.0%
MT-Bench 59,439 93.2% 70.4%
HumanEval 61,056 97.0% 75.6%
MATH-500 295,210 98.6% 78.3%
AIME 40,850 98.6% 87.3%

Combined 574,168 97.1% —

Table 5: OOD benchmark coverage by training data
domain.

Benchmark Domain Coverage Training %

GSM8K Math 94.6% 39.4%
MATH-500 Math 98.6% 39.4%
AIME Math 98.6% 39.4%
HumanEval Code 97.0% 38.9%
MT-Bench Chat 93.2% 17.6%

captured by diverse training data, while the long tail416

of task-specific tokens can be safely excluded with-417

out degrading speculative decoding performance.418

The balanced composition of OpenPerfectBlend419

spanning math, code, and chat domains, ensures420

that the optimized vocabulary covers the essen-421

tial tokens needed across diverse tasks, enabling422

draft vocabulary optimization to generalize to out-423

of-distribution benchmarks with 97% coverage on424

actual model generations.425

4.2 Accept Length and Throughput Analysis426

Table 6 presents a comprehensive comparison427

of vocabulary trimming effects across out-of-428

distribution benchmarks and downstream tasks, re-429

lating draft vocabulary size, token coverage, accept430

length, and throughput improvement.431

The results demonstrate that vocabulary trim-432

ming improves throughput even when accept length433

Table 6: Analysis of vocabulary size, token coverage,
accept length, and throughput improvement across OOD
benchmarks and downstream tasks.

Task Draft Vocab Coverage Accept Length Throughput ∆
128K Ours

Out-of-Distribution Benchmarks
MT-Bench 13,264 93.2% 2.89 2.65 +3.0%
GSM8K 13,264 94.6% 2.75 2.53 +3.2%
HumanEval 13,264 97.0% 3.39 3.09 +2.2%
MATH-500 13,264 98.6% 3.45 3.23 +5.1%
AIME 13,264 98.6% 3.53 3.35 +6.7%

Downstream Tasks
Function Calling 4,380 98.6% 3.86 3.82 +10.0%
NER 6,521 85.1% 1.69 1.69 +19.6%

decreases, because the reduction in draft model la- 434

tency more than compensates for the decrease in ac- 435

ceptance rate. The draft model executes faster per 436

speculation cycle, and this speedup accumulates 437

across all cycles to yield net throughput gains. This 438

effect is observed across both out-of-distribution 439

benchmarks and downstream tasks, though with 440

different magnitudes. 441

For out-of-distribution benchmarks, accept 442

length reduction ranges from 5–9%, which is ex- 443

pected since these benchmarks evaluate on tasks 444

not seen during vocabulary optimization. The opti- 445

mized vocabulary is therefore less aligned with the 446

token distribution of these benchmarks. Neverthe- 447

less, throughput consistently improves by 2.2–6.7% 448

across all OOD benchmarks, confirming that the 449

draft latency reduction outweighs the acceptance 450

penalty. 451

Downstream tasks exhibit even smaller accept 452

length degradation due to domain-specific vocab- 453

ulary optimization. In the function-calling set- 454

ting, the accept length is reduced by only 1.0% 455

(from 3.86 to 3.82) when shrinking the vocabu- 456

lary from 128K to 4,380 tokens, while throughput 457

increases by 10.0%. NER exhibits an even more fa- 458

vorable trade-off: despite achieving only 85.1% to- 459

ken coverage, the accept length remains unchanged 460

(1.69→1.69), resulting in a 19.6% throughput im- 461

provement. The higher improvement compared 462

to function calling can be attributed to the com- 463
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plete preservation of accept length, allowing the464

full benefit of vocabulary reduction to translate di-465

rectly into throughput gains without any acceptance466

penalty. These results demonstrate that domain-467

specific vocabulary optimization can achieve larger468

throughput gains with smaller vocabularies com-469

pared to general-purpose optimization.470

4.3 Stability of Vocabulary Optimization471

To verify that our optimization approach produces472

stable results regardless of training data sampling,473

we analyze how the optimal vocabulary size varies474

with different amounts of training data. Figure 3475

shows the optimal vocabulary size identified by476

our approach when using subsets of the OpenPer-477

fectBlend dataset ranging from 1,000 to 500,000478

randomly selected samples.479
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Figure 3: Optimal vocabulary size based on our ap-
proach vs. training data size. The optimal vocabulary
converges to approximately 13K tokens after 10K sam-
ples, demonstrating stability across different random
subsets of the training data.

The optimal vocabulary size converges rapidly,480

stabilizing around 13,000–13,300 tokens after ap-481

proximately 10,000 training samples. Beyond this482

point, increasing the training data from 25K to483

500K samples (a 20× increase) changes the op-484

timal vocabulary by less than 2% (from 13,298485

to 13,054 tokens). This stability indicates that486

the token frequency distribution captured by our487

approach is robust to random sampling variation.488

Even with only 1,000 samples, the optimization489

identifies a vocabulary (11,199 tokens) within 15%490

of the converged value, suggesting that the high-491

frequency tokens critical for coverage are consis-492

tently represented across random subsets. These493

results demonstrate that practitioners can reliably494

optimize vocabulary size using moderate-sized sub-495

sets of their training data, without requiring access496

to the full dataset.497

Comparison with Prior Methods. VocabTrim 498

(Goel et al., 2025) and FR-Spec (Zhao et al., 499

2025) both reduce vocabulary at inference time on 500

EAGLE-2 (Li et al., 2024). However, EAGLE-3 (Li 501

et al., 2025b) embeds vocabulary mapping within 502

model weights, making inference-time pruning in- 503

compatible (Zheng et al., 2024) and precluding 504

direct empirical comparison under the same frame- 505

work. Our approach instead applies vocabulary 506

reduction before training, avoiding the distribution 507

mismatch that arises when a model trained to pro- 508

duce a softmax over V tokens is pruned to k < V 509

at inference. Additionally, prior methods select a 510

fixed vocabulary size without considering its effect 511

on draft model latency, whereas our formulation 512

explicitly optimizes the coverage and latency trade- 513

off. 514

5 Conclusions 515

We introduced vocabulary trimming for speculative 516

decoding draft models, targeting the vocabulary- 517

dependent cost of the LM head, a major contributor 518

to draft latency. We formulated draft vocabulary se- 519

lection as a constrained optimization problem that 520

balances frequency-weighted token coverage (com- 521

puted over assistant responses) with an architecture- 522

aware FLOPs proxy for latency, and used TPE to 523

efficiently search the coverage–latency trade-off. 524

Empirically, trimmed-vocabulary drafts improve 525

end-to-end speculative decoding throughput across 526

both general and domain-specific settings. A 527

13,264-token draft vocabulary (about a 90% reduc- 528

tion from 128K) yields consistent throughput gains 529

on out-of-distribution benchmarks, up to +6.7%, 530

while maintaining high frequency-weighted cover- 531

age on target generations. In-domain optimization 532

enables more aggressive trimming (4.4K–6.5K to- 533

kens) and delivers larger improvements, reaching 534

19.6% and 10.0% throughput improvements. These 535

results show that optimizing draft vocabulary size 536

is a simple, robust mechanism for accelerating spec- 537

ulative decoding without sacrificing practical cov- 538

erage, especially when aligned to the deployment 539

domain. 540

6 Limitations 541

Our approach has several limitations. First, we 542

evaluate only on LLaMA-3.1-8B-Instruct as the tar- 543

get model; generalization to other model families 544

(e.g., Qwen, Gemma, Mistral) and larger model 545

scales (70B, 405B) remains to be validated. 546
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Second, our approach requires training the547

draft model with the reduced vocabulary, unlike548

inference-time methods such as VocabTrim (Goel549

et al., 2025) that prune the vocabulary post-training550

for EAGLE-2. While training-time reduction551

avoids distribution mismatch between training552

and inference, it incurs additional computational553

cost when adapting to new domains and prevents554

retrofitting existing draft models without retraining.555

Third, we evaluate exclusively on EAGLE-3 (Li556

et al., 2025b) speculative decoding within the557

SGLang inference engine. Future work should val-558

idate vocabulary trimming across a broader range559

of speculative decoding frameworks.560

7 Ethical Considerations561

This work improves the computational efficiency562

of speculative decoding through vocabulary trim-563

ming. The method does not modify target model564

parameters, training data, or decoding objectives,565

and under EAGLE-3 it preserves the target model’s566

generation distribution. It therefore does not intro-567

duce new behaviors beyond those of the original568

model.569
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A Reproducibility687

Training. For all draft models, we follow the688

standard SpecForge recipe for Llama-3.1-8B (Li689

et al., 2025a), with the only modification being the690

draft vocabulary size, which is set to the value se-691

lected by our optimization (13,264 for the general-692

purpose model, 6,521 for NER, and 4,380 for func-693

tion calling). Training data is regenerated by the694

target model to ensure distribution alignment be-695

tween the draft and target models.696

Evaluation. All inference experiments use the697

SGLang engine (Zheng et al., 2024) with698

EAGLE-3 speculative decoding. Speculative de-699

coding parameters follow the settings recom-700

mended by the lmsys SpecBundle release for this701

draft model architecture: num_steps=3, topk=1,702

num_draft_tokens=4. Generation uses greedy de-703

coding (temperature 0) with a maximum of 2048704

new tokens. Each benchmark configuration is run705

3 times, and we report means with 95% confidence 706

intervals. All evaluations are conducted on a single 707

NVIDIA A100-80GB GPU with FlashAttention-3 708

and bfloat16 precision. 709

Code Availability. To facilitate reproducibility, 710

our implementation is publicly available.2 711

2https://anonymous.4open.science/r/
balanced-coverage-latency-spec-decoding-1AB9
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