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Abstract001

The efficacy of speculative decoding(SD) is002
fundamentally constrained by the alignment be-003
tween the draft and target models. Existing004
distillation approaches for SD rely on single-005
trajectory supervision, which induces exposure006
bias and degrades acceptance rates at inference007
time. To address this, we introduce Distill-008
Beam, a framework that optimizes draft-target009
alignment via multi-trajectory distillation. By010
aggregating supervision from multiple high-011
probability teacher trajectories, DistillBeam ap-012
proximates the target model’s full structural013
support, thereby mitigating sequence drift. We014
further tackle the prohibitive storage overhead015
of multi-beam distillation by demonstrating016
that aggressive Top-K truncation (K = 50)017
reduces offline storage by 99.9% without de-018
grading alignment. Extensive evaluation across019
20 languages reveals that DistillBeam achieves020
wall-clock speedups of 35-65% over autoregres-021
sive decoding, with particularly strong gains in022
morphologically rich languages where baseline023
methods struggle.024

1 Introduction025

Large language models (LLMs) have demonstrated026

strong performance across a wide range of natu-027

ral language processing tasks. However, their de-028

ployment in latency-sensitive production settings029

remains constrained by the inherently sequential na-030

ture of autoregressive decoding (Pope et al., 2023;031

Shazeer, 2019; Miao et al., 2023). Each gener-032

ated token requires a full forward pass through the033

model, making inference memory-bandwidth lim-034

ited rather than compute-bound. As model sizes035

scale to billions of parameters, this bottleneck leads036

to prohibitive latency, limiting the practical use of037

LLMs in interactive applications such as dialogue038

systems, machine translation, and code generation.039

Speculative decoding (SD) has recently emerged040

as an effective strategy for alleviating this limita-041

tion without sacrificing output quality (Leviathan042

et al., 2023; Chen et al., 2023; Stern et al., 2018). 043

SD follows a draft and verify paradigm in which 044

a lightweight draft model proposes multiple to- 045

kens that are verified in parallel by a larger target 046

model. A modified rejection sampling procedure 047

ensures that the resulting output distribution exactly 048

matches that of standard autoregressive decoding 049

from the target model. Empirical studies report 050

inference speedups of 2-3× on production-scale 051

models, with performance tightly coupled to the 052

acceptance rates. (Cai et al., 2024; Li et al., 2024; 053

Fu et al., 2024). 054

Improving draft-target alignment is therefore 055

central to maximizing speculative decoding effi- 056

ciency. Knowledge distillation (KD) provides a nat- 057

ural mechanism for aligning the draft model with 058

the target model’s predictive distribution (Hinton 059

et al., 2015; Buciluǎ et al., 2006). While KD has 060

been extensively studied for model compression 061

and transfer learning, its application to speculative 062

decoding introduces distinct challenges. Standard 063

distillation objectives are typically optimized for 064

downstream task accuracy and do not explicitly 065

account for the rejection-sampling dynamics that 066

govern speculative decoding latency. 067

Recent work has begun to adapt distillation tech- 068

niques for speculative decoding, showing that task- 069

aware objectives can improve acceptance rates. 070

However, several key issues remain insufficiently 071

explored. First, prior work lacks a systematic 072

comparison of divergence objectives tailored to 073

rejection-based verification, leaving the optimal 074

training objective unclear. Second, existing ap- 075

proaches predominantly rely on single-trajectory 076

supervision, which inadequately captures the multi- 077

ple high probability generations of the target model 078

distribution and exacerbates sequence drift during 079

inference. Third, high-fidelity distillation at scale 080

is hindered by the prohibitive storage cost of full- 081

vocabulary teacher distributions. 082

We introduce DistillBeam, a framework de- 083
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signed to optimize draft-target alignment via multi-084

trajectory distillation. DistillBeam aggregates su-085

pervision from multiple high-probability teacher086

trajectories to approximate the target model’s struc-087

tural support. To address the scalability constraints088

of multi-beam supervision, we employ Top-K089

truncation, ensuring the method remains storage-090

efficient.091

Our contributions are summarized as follows:092

1. DistillBeam Framework. A unified distilla-093

tion framework for speculative decoding that094

leverages multi-trajectory supervision to im-095

prove draft-target alignment and mitigate se-096

quence drift.097

2. Systematic Divergence Analysis. A sys-098

tematic evaluation of divergence objectives099

(KL, RKL, JSD, Hellinger, TVD) tailored to100

rejection-based verification.101

3. Storage-Efficient Scaling. We demonstrate102

that Top-K teacher distributions reduce of-103

fline storage by 99.9% while preserving align-104

ment quality.105

2 Related Work106

2.1 Speculative Decoding107

Since the formalization of speculative decoding and108

sampling methods (Leviathan et al., 2023; Chen109

et al., 2023; Stern et al., 2018), prior work has pro-110

gressed primarily along two directions: improving111

verification mechanisms and designing specialized112

draft architectures. Early approaches typically em-113

ployed smaller autoregressive variants of the target114

model as drafters. More recent work has explored115

alternatives to strictly autoregressive drafting. For116

example, Cai et al. (2024) proposed multi-head117

decoding to predict multiple future tokens in par-118

allel, while Li et al. (2024) leveraged feature-level119

extrapolation to reduce reliance on token-level gen-120

eration.121

In parallel, substantial effort has focused on ver-122

ification strategies that move beyond simple rejec-123

tion sampling. Token-tree verification (Miao et al.,124

2023) and related graph-based methods verify mul-125

tiple candidate continuations simultaneously, in-126

creasing the expected number of accepted tokens127

per decoding step. Despite these advances, recent128

surveys (Xia et al., 2024) observe that improve-129

ments in verification logic yield diminishing re-130

turns when the draft model poorly approximates131

the target distribution. In practice, distributional 132

mismatch between the draft and target remains a 133

dominant bottleneck for speculative decoding effi- 134

ciency. 135

2.2 Knowledge Distillation for Speculative 136

Decoding 137

To address draft-target mismatch, several works 138

have adapted knowledge distillation (KD) specifi- 139

cally for speculative decoding. Unlike conventional 140

KD, which primarily optimizes downstream task 141

accuracy, speculative decoding-oriented distillation 142

directly targets high acceptance rates during veri- 143

fication. Zhou et al. (2023) were among the first 144

to formalize this distinction, demonstrating that 145

on-policy distillation using teacher-generated data 146

substantially improves acceptance rates compared 147

to training on human reference data. 148

Subsequent work has explored dynamic and hy- 149

brid distillation strategies. Zhao et al. (2024) pro- 150

posed an online distillation framework that con- 151

tinuously aligns the draft model during inference, 152

while Xu et al. (2024) combined distillation with n- 153

gram matching to accelerate prediction. However, 154

these approaches predominantly minimize standard 155

KL divergence against a single teacher trajectory, 156

typically obtained via greedy decoding or sampling 157

a single sequence. Consequently, the draft model 158

is supervised on only one specific realization of the 159

target distribution, limiting its ability to generalize 160

to valid alternative continuations during inference. 161

2.3 Divergence Objectives in Generative 162

Modeling 163

The choice of divergence function is a first-order de- 164

terminant of behavior in generative modeling. Lit- 165

erature in variational inference and GANs has ex- 166

tensively characterized the trade-offs between For- 167

ward KL (mass-covering) and Reverse KL (mode- 168

seeking) (Minka et al., 2005). Beyond KL-based 169

objectives, bounded and symmetric divergences 170

such as Jensen-Shannon, as well as distance-based 171

measures including Hellinger distance, offer alter- 172

native optimization landscapes regarding tail sensi- 173

tivity and gradient stability (Agarwal et al., 2024; 174

Theis et al., 2015; Nowozin et al., 2016). 175

In the specific context of speculative decoding, 176

these properties have direct implications for infer- 177

ence latency: overestimating token probabilities 178

leads to immediate rejection. Despite this, a system- 179

atic evaluation of how these divergence objectives 180

interact with rejection-based verification is absent 181
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DistillBeam Framework 1. GENERATION
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Figure 1: Overview of the DistillBeam framework. The pipeline consists of (1) Multi-path generation via beam
search, (2) Storage-efficient Top-K compression, and (3) Offline alignment using the Multi-Trajectory Distillation
(MTD) objective.

from the current literature, with most prior work182

defaulting to standard Forward KL without specific183

justification related to the verification mechanism.184

2.4 Multi-Trajectory Supervision and185

Efficiency186

Standard distillation strategies suffer from expo-187

sure bias (Bengio et al., 2015; Agarwal et al., 2024),188

as the draft model is trained on a constrained set189

of valid continuations. Sequence-level knowledge190

distillation (SeqKD) attempts to mitigate this by su-191

pervising the student with multiple high-probability192

teacher trajectories. Kim and Rush (2016) demon-193

strated that training on beam search outputs im-194

proves generalization by exposing the student to195

diverse, globally coherent sequences. This broader196

supervision enables recovery from local errors, a197

property vital for preventing cascading rejections198

in speculative decoding.199

However, applying multi-trajectory supervision200

to large language models introduces a data effi-201

ciency bottleneck. Effective alignment requires soft202

targets to capture teacher uncertainty (Hinton et al.,203

2015), but storing dense logits for multiple beams204

across the massive vocabularies of modern LLMs205

induces prohibitive storage overhead. While recent206

efficiency-oriented work has targeted model-side207

optimizations such as quantization (Dettmers et al.,208

2023) or pruning, the optimization of the distilla-209

tion data pipeline itself, specifically the trade-off210

between trajectory diversity and storage constraints,211

remains relatively unexplored.212

3 Methodology 213

We detail the mathematical formulation, divergence 214

analysis, and optimization strategy of the Distill- 215

Beam framework. 216

3.1 Problem Formulation 217

Let p(· | x) denote the token distribution of the 218

target model and qθ(· | x) that of the draft model, 219

given context x. In speculative decoding, a token 220

y ∼ qθ is accepted with probability 221

min

(
1,

p(y | x)
qθ(y | x)

)
. 222

This ratio represents the "confidence" the target 223

model places in the draft’s proposal; if the draft as- 224

signs a lower probability to a token than the target 225

does, acceptance is guaranteed, whereas overesti- 226

mating the probability leads to rejection. 227

The expected acceptance rate α therefore de- 228

pends on how closely qθ aligns with p, particularly 229

in regions where p assigns high probability. Our 230

objective is to train qθ to maximize α, rather than 231

conventional likelihood-based metrics. 232

3.2 Distillation Objectives 233

Given a target model p and a draft model qθ parame- 234

terized by θ, we consider six distillation objectives: 235

Supervised Fine-Tuning (SFT) trains the draft 236

model using standard cross-entropy loss against a 237

reference sequence yref, equivalent to Maximum 238

Likelihood Estimation (MLE) (Sutskever et al., 239

2014): 240
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LSFT = −
|yref|∑
t=1

log qθ(yref,t|x, yref,<t). (1)241

The reference sequence can be either human-242

generated (Gold) or produced by the teacher model243

(Teacher-Greedy or Teacher-Multinomial).244

KL Divergence (KL) minimizes the forward KL245

divergence between the teacher and student distri-246

butions (Kullback and Leibler, 1951; Hinton et al.,247

2015): DKL(p ∥ qθ):248

LFKL =
∑
y∈V

p(y | x) log p(y | x)
qθ(y | x)

. (2)249

KL is mass-covering and encourages qθ to ap-250

proximate the full support of p. For capacity-251

limited draft models, this often flattens the distri-252

bution, reducing probability mass on the dominant253

modes and hurting acceptance under greedy or low-254

temperature decoding.255

Reverse KL Divergence (RKL) minimizes the256

reverse KL divergence:257

LRKL =
∑
y∈V

qθ(y | x) log
qθ(y | x)
p(y | x)

. (3)258

RKL is mode-seeking (Minka et al., 2005; Theis259

et al., 2015) and penalizes the draft model for as-260

signing probability to tokens that the target model261

considers unlikely. Since such tokens are fre-262

quently rejected during speculative decoding, RKL263

directly aligns the training objective with the max-264

imizing acceptance rate. As noted in Section 2.3,265

RKL’s mode-seeking property makes it particularly266

suitable for SD alignment.267

Jensen-Shannon Divergence (JSD) provides a268

symmetric and smoothed alternative to KL diver-269

gence (Lin, 2002). It is defined as the average270

of the forward and reverse KL divergences from a271

mixture distribution m = 1
2(p+ qθ):272

LJSD =
1

2
DKL(p∥m) +

1

2
DKL(qθ∥m). (4)273

Unlike KL divergence, JSD is bounded [0, ln 2].274

In our implementation, we compute the mixture275

logits and minimize the divergence symmetrically.276

JSD offers a balance between the mass-covering277

behavior of KL and the mode-seeking behavior of278

RKL, potentially stabilizing gradients when draft279

and target distributions are initially disjoint.280

KL

RKL

JSDHellinger

TVD
2.8

3.1

3.5

3.8

4.1

DistillBeam (Ours) Standard Distillation

SFT (Avg: 3.32) Baseline (Avg: 3.04)

Figure 2: Radar chart comparing the Block Efficiency of
DistillBeam (orange) against standard SFT and Forward
KL baselines. DistillBeam achieves superior draft-target
alignment across all evaluated divergence frontiers.

Hellinger Distance (HEL) is a metric satisfying 281

the triangle inequality, defined based on the Eu- 282

clidean distance between the square roots of the 283

probability distributions (Beran, 1977; Le Cam and 284

Yang, 2000). We minimize the squared Hellinger 285

distance: 286

LHEL =
1

2

∑
y∈V

(√
p(y | x)−

√
qθ(y | x)

)2
.

(5) 287

Geometrically, this operates on the probability sim- 288

plex sphere. Because it operates on
√
p rather than 289

log p, Hellinger distance is less sensitive to extreme 290

outliers in the tail of the distribution compared to 291

KL-based measures, potentially allowing the draft 292

model to focus on the core probability mass with- 293

out over-fitting to negligible tail probabilities. 294

Total Variation Distance (TVD) measures the 295

L1 distance between the probability distribu- 296

tions (Villani et al., 2008): 297

LTVD =
1

2

∑
y∈V
|p(y | x)− qθ(y | x)| . (6) 298

TVD has a direct interpretation in optimal transport 299

and hypothesis testing: it represents the largest pos- 300

sible difference in probabilities the two models can 301

assign to the same event. In the context of specula- 302

tive decoding, minimizing TVD directly constrains 303

the absolute error in probability estimation, which 304

serves as a tight bound for the rejection probability. 305
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Figure 3: Impact of forcing strategies on alignment.
Distilling from Teacher-Multinomial trajectories (red)
consistently outperforms human references (Gold) and
greedy decoding across all divergence objectives.

3.3 Multi-Trajectory Distillation (MTD)306

Single-trajectory distillation exposes the draft307

model to a narrow subset of the target’s valid contin-308

uations. We propose aggregating supervision from309

a set of trajectories BN (x) = {y(1), . . . , y(N)} ob-310

tained via beam search (width N ). At each step t,311

the aggregated teacher distribution is:312

pMTD(yt | x) =
1

N

N∑
i=1

p(yt | x, y(i)<t). (7)313

Generalized Distillation Objective Multi-314

Trajectory Distillation is agnostic to the choice of315

divergence function. Let D(· ∥ ·) denote a token-316

level divergence between two any distributions,317

The generalized MTD objective is defined as318

LMTD =
1

N

N∑
i=1

|y(i)|∑
t=1

D
(
pMTD(·)

∥∥∥ qθ(·)
)
. (8)319

This formulation strictly generalizes single-320

trajectory distillation: when N = 1, it reduces321

to standard greedy or sampled teacher forcing. For322

N > 1, the draft model is trained to align with a323

broader, more representative subset of the target324

model’s support.325

3.4 Top-K Truncated Teacher326

Representations327

Storing full-vocabulary teacher distributions for328

multi-beam trajectories is prohibitively expensive.329

To address this, we employ Top-K truncation, ap-330

proximating the full teacher distribution p with a331

sparse renormalized distribution p̂K . Let TK de-332

note the set of the K highest-probability tokens in333

p(· | x). We define:334

p̂K(yt) =


p(yt)∑

z∈TK p(z)
if yt ∈ TK ,

0 otherwise.
(9) 335

For a standard vocabulary of |V| ≈ 100k (e.g., 336

Llama-3), setting K = 50 yields a theoretical com- 337

pression ratio of |V|/K ≈ 2000× (a reduction of 338

> 99.9%). This design is motivated by the hy- 339

pothesis that the verification signal in speculative 340

decoding is dominated by the distribution’s head, 341

rendering the storage of long-tail logits computa- 342

tionally redundant. In all MTD experiments, we 343

replace the dense target p(yt) with this truncated 344

approximation p̂K . 345

4 Experimental Setup 346

4.1 Task and Dataset 347

We evaluate on the Flores-200 benchmark (Goyal 348

et al., 2022; Costa-Jussà et al., 2022) for machine 349

translation. Specifically, we consider English-to-X 350

translation for 20 diverse languages covering multi- 351

ple language families and scripts: French, Spanish, 352

German, Portuguese, Italian, Chinese, Japanese, 353

Korean, Arabic, Turkish, Hindi, Bengali, Tamil, 354

Urdu, Telugu, Kannada, Malayalam, Marathi, Gu- 355

jarati, and Punjabi. We use the dev set for training 356

and the devtest set for evaluation. 357

4.2 Models 358

We use Llama-3.1-8B-Instruct1 (Grattafiori et al., 359

2024) as the target model and Llama-3.2-1B- 360

Instruct2 as the draft model. Both are instruction- 361

tuned (Ouyang et al., 2022) for consistent behavior. 362

4.3 Forcing Strategies and Experimental 363

Protocol 364

We employ different forcing strategies at different 365

stages of our experiments. Forcing strategies are 366

not mixed across settings; each experiment is de- 367

signed to isolate a single factor while keeping all 368

others fixed. Below, we specify the forcing strategy 369

used in each experimental stage. 370

Forcing Strategies. We consider the following 371

forcing strategies: 372

1https://huggingface.co/meta-llama/Llama-3.
1-8B-Instruct

2https://huggingface.co/meta-llama/Llama-3.
2-1B-Instruct
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Figure 4: Decoding efficiency and speedup analysis. (a) Efficiency scaling: Block efficiency (τ ) improves with
richer teacher signals, with KL and JSD scaling best. (b) Efficiency vs. acceptance: Relationship between
acceptance rate (α) and efficiency (τ ); bubble size indicates beam width. (c) Wall-clock speedup: Estimated
speedup over autoregressive decoding, with KL and JSD outperforming baseline speculative decoding at higher
beam widths.

• Gold: Conditioning on human reference trans-373

lations.374

• Target-Greedy: Conditioning on sequences375

sampled by greedy decoding from the target376

model.377

• Target-Multinomial: Conditioning on se-378

quences sampled using Multinomial sampling379

(Holtzman et al., 2019) from the target model380

distribution.381

Distribution Truncation and Temperature Anal-382

ysis. All experiments analyzing Top-K truncation383

and temperature scaling are conducted using Gold384

forcing only. In this stage, we fix the forcing strat-385

egy to isolate the effects of (i) distribution effect386

size and (ii) temperature on distillation behavior.387

No target-generated forcing is used in these experi-388

ments.389

Forcing Strategy Comparison. With truncation390

levels and temperature fixed at their optimal values,391

we isolate the impact of the teacher forcing strategy392

on distillation performance. We evaluate three dis-393

tinct conditioning contexts, Gold, Target-Greedy,394

and Target-Multinomial, to analyze how the diver-395

sity of the teacher trajectories affects draft-target396

alignment when the loss function is held constant.397

Supervised Fine-Tuning (SFT) Baselines. We398

separately train models using standard cross-399

entropy loss (SFT) on the Gold, Target-Greedy,400

and Target-Multinomial datasets. This allows us401

to quantify the specific benefit of distilling soft402

teacher distributions compared to training on hard403

labels (SFT), independent of the data source.404

Multi-Trajectory Distillation. Beam-based dis- 405

tillation is performed exclusively with target- 406

generated forcing, as beam aggregation is defined 407

over model-generated trajectories. 408

4.4 Evaluation Metrics 409

We evaluate each distillation configuration using 410

the following metrics: 411

Acceptance Rate. Following Zhou et al. (2023), 412

we utilize the sequence-level acceptance rate α(x), 413

defined as the ratio of the expected number of 414

accepted tokens to the expected target sequence 415

length Lp(x): 416

α(x) =
Ey∼p(·|x)

[∑|y|
t=1 β(x, y<t)

]
Lp(x)

, (10) 417

where β(x, y<t) = Eyt∼q[min(1, p(yt)/q(yt))] 418

denotes the token-level acceptance probability. 419

Block Efficiency. For a fixed block size γ, block 420

efficiency τ(x) measures the expected number of 421

tokens generated per decoding step (including the 422

target model’s correction token). Under the stan- 423

dard assumption of i.i.d. token acceptance, this met- 424

ric is derived as the sum of a truncated geometric 425

series: 426

τ(x) =
1− α(x)γ+1

1− α(x)
. (11) 427

Speedup. The expected wall-clock speedup over 428

standard autoregressive decoding is computed as 429

Speedup =
τ(x)

cγ + 1
, (12) 430
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Figure 5: Hyperparameter and performance analysis. (a) Temperature Sensitivity: Distillation temperature
T = 1.0 yields optimal block efficiency across all divergence metrics. (b) Distillation Algorithms: Top-50
truncation (TopK) achieves comparable efficiency to full distributions (EPD) while significantly reducing storage.
(c) Translation Quality: COMET scores (at T = 1.0) indicate that KL and Reverse-KL (RKL) distillation maintain
performance closest to the SFT Gold baseline.

where c denotes the ratio between draft and target431

model inference latency.432

All metrics are averaged over 20 languages and433

1000 test examples per language.434

5 Results435

DistillBeam consistently yields superior draft-436

target alignment compared to supervised fine-437

tuning (SFT) and standard single-trajectory distilla-438

tion across all evaluated divergence objectives (Fig-439

ure 2). Our optimal configuration, utilizing Reverse440

KL with an 8-beam width, achieves a global aver-441

age block efficiency of τ = 3.980 and an accep-442

tance rate of α = 0.778 (Table 2). This represents443

a significant improvement over the standard single-444

sequence distillation baseline (τ = 3.830) and the445

strongest SFT baseline (τ = 3.566). While Re-446

verse KL and Hellinger distance provide the high-447

est absolute metrics, the performance gains from448

multi-trajectory supervision are universal across449

objectives. As shown in Figure 3, distilling from450

teacher-sampled trajectories (Target-Multinomial)451

consistently outperforms training on human refer-452

ences (Gold) or greedy decoding across all diver-453

gence metrics.454

Scaling the teacher supervision beam width N455

results in monotonic improvements in block effi-456

ciency (Figure 4a). Efficiency gains are steepest457

as N increases from 1 to 4, with performance sat-458

urating between 8 and 16 beams. Regarding stor-459

age efficiency, truncating teacher distributions to460

the top K = 50 tokens reduces offline storage re-461

quirements by 99.9% compared to full-vocabulary462

distillation. As shown in Figure 5b, despite this ag-463

gressive compression, the Top-K models maintain 464

block efficiency parity with the dense-logit base- 465

lines (within 0.5% relative difference), validating 466

the feasibility of the method under strict memory 467

constraints. 468

In terms of inference latency, DistillBeam pro- 469

duces wall-clock speedups of 35%-65% over au- 470

toregressive decoding across the 20 evaluated lan- 471

guages (Figure 4c). The method demonstrates par- 472

ticularly strong generalization to agglutinative and 473

complex-script languages, with the largest rela- 474

tive gains recorded in Marathi (+56.1%), Korean 475

(+49.2%), and Turkish (+49.1%) (Table 3, Fig- 476

ure 6). In comparison, Indo-European languages 477

average a +31.0% improvement (detailed linguis- 478

tic analysis is provided in Appendix C). Finally, 479

hyperparameter analysis indicates that these re- 480

sults are robust to temperature variations around 481

T = 1.0, with performance degrading only when 482

using significantly sharper (T = 0.7) or more dif- 483

fuse (T = 2.0) teacher distributions (Figure 5a). 484

6 Discussion 485

Support Coverage and Exposure Bias. The ob- 486

served correlation between beam width and block 487

efficiency demonstrates that a primary bottleneck 488

in standard distillation is exposure bias. Single- 489

trajectory methods condition the draft model on a 490

narrow path, leading to narrowness when stochas- 491

tic sampling introduces states unobserved during 492

training. By aggregating supervision from multiple 493

trajectories, DistillBeam approximates the target 494

model’s high-probability support. This reduces 495

the covariate shift between training and inference, 496

7



ensuring alignment even when the draft model de-497

viates from the greedy path.498

Divergence Objectives and Rejection Dynamics.499

While the choice of divergence objective is sec-500

ondary to multi-trajectory supervision, the strong501

performance of Reverse KL (RKL) aligns with the502

acceptance condition in speculative decoding. A503

token y is accepted when p(y)/q(y) ≥ 1, so re-504

jections arise primarily when the draft model over-505

estimates probability mass (q(y) > p(y)). For-506

ward KL is mass-covering and tends to spread507

probability into low-probability regions, increasing508

overestimation. In contrast, Reverse KL is mode-509

seeking and penalizes assigning mass where the510

target has little or none, directly reducing overes-511

timation. This zero-forcing behavior improves the512

acceptance lower bound, leading to higher accep-513

tance rates. We also observe that bounded diver-514

gences such as Hellinger distance yield compara-515

ble alignment by similarly penalizing distributional516

mismatch.517

Sparsity of the Verification Signal. The stabil-518

ity of performance under aggressive Top-K trun-519

cation demonstrates that the effective signal for520

verification is highly sparse. The vocabulary’s long521

tail adds negligible value to acceptance rates but522

dominates storage costs. By discarding this tail,523

DistillBeam overcomes the primary bottleneck of524

offline distillation: prohibitive memory overhead.525

This result transforms high-fidelity distillation from526

a theoretical capability into a practical solution,527

enabling training on massive datasets without the528

operational burden of managing terabytes of logit529

data.530

Linguistic Generalization This multi-trajectory531

approach is particularly effective for linguistically532

complex settings. Agglutinative and morphologi-533

cally rich languages (e.g., Marathi, Korean) exhibit534

the largest gains, as their high subword branching535

factors make single-trajectory supervision insuffi-536

cient to capture the valid morphological space. By537

exposing the draft model to these permutations, our538

method suggests that multi-trajectory supervision539

is not merely an optimization, but a structural ne-540

cessity for extending the benefits of speculative541

decoding to non-Latin and morphologically com-542

plex scripts.543

7 Conclusion 544

We introduced DistillBeam, a multi-trajectory dis- 545

tillation framework designed to improve draft- 546

target alignment for speculative decoding. By 547

aggregating supervision from multiple high- 548

probability teacher trajectories, our method mit- 549

igates the sequence drift inherent to single-path 550

distillation. This approach is supported by Top-K 551

truncation, which reduces storage requirements by 552

99.9% while preserving inference efficiency. Our 553

empirical findings across 20 languages suggest that 554

DistillBeam offers a scalable and principled ap- 555

proach for accelerating large language model infer- 556

ence, effectively balancing alignment quality with 557

practical storage constraints. 558

Limitations and Future Work 559

Our study’s scope is primarily focused on machine 560

translation using the Llama-3 model family. The 561

framework’s effectiveness on other tasks, such as 562

reasoning and code generation, remains to be vali- 563

dated. Furthermore, while multi-beam data genera- 564

tion improves alignment, it incurs a higher upfront 565

computational cost than single-trajectory methods. 566

We also exclusively evaluated our framework with 567

a standard rejection sampling verifier; its interac- 568

tion with more advanced mechanisms like token- 569

tree verification is unexplored. 570

Future work should address these limitations. 571

First, extending DistillBeam to a broader range 572

of tasks and model architectures will be crucial 573

for assessing its generality. Second, investigat- 574

ing adaptive beam width selection during training 575

could optimize the trade-off between distillation 576

cost and alignment quality. Finally, combining Dis- 577

tillBeam with advanced verifiers like token-tree or 578

multi-head drafting presents a promising avenue 579

for achieving complementary and potentially com- 580

pounding gains in inference efficiency. 581
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A Method 737

A.1 Description of Divergence Functions 738

In this work, we evaluate alignment using discrete probability distributions p(·|x) (target) and qθ(·|x) 739

(draft) over a vocabulary V . 740

Forward Kullback-Leibler (FKL) Divergence.

DFKL(p∥qθ) =
∑
y∈V

p(y) log
p(y)

qθ(y)
(A.1) 741

Minimizing FKL corresponds to Maximum Likelihood Estimation (MLE). This objective is mass-covering 742

(also known as zero-avoiding for the student); qθ(y) is forced to be non-zero wherever p(y) > 0. For a 743

capacity-constrained draft model, this often leads to "mode averaging," where the student assigns low 744

probability to the entire support of p rather than committing to specific modes, resulting in high entropy. 745

Reverse Kullback-Leibler (RKL) Divergence.

DRKL(p∥qθ) := DKL(qθ∥p) =
∑
y∈V

qθ(y) log
qθ(y)

p(y)
(A.2) 746

RKL is mode-seeking (or zero-forcing for the student). The term is weighted by the student’s probability 747

qθ(y). If p(y)→ 0, then qθ(y) must tend to 0 to minimize the objective. This imposes a heavy penalty on 748

false positives (regions where qθ has mass but p does not). 749

Jensen-Shannon Divergence (JSD).

DJS(p∥qθ) =
1

2
DKL(p∥m) +

1

2
DKL(qθ∥m), where m =

1

2
(p+ qθ) (A.3) 750

JSD is the symmetrized, smoothed arithmetic average of forward and reverse KL divergences from the 751

mixture distribution m. It is bounded [0, ln 2], providing gradient stability when distributions have disjoint 752

support. 753

Hellinger Distance (HEL).

DHEL(p, qθ) =
1√
2

√∑
y∈V

(
√
p(y)−

√
qθ(y))2 (A.4) 754

Hellinger distance is a metric satisfying the triangle inequality. Because it operates on the square root of 755

probabilities, it is less sensitive to extreme outliers in the tail of the distribution compared to KL-based 756

measures. 757

Total Variation Distance (TVD).

DTVD(p, qθ) =
1

2

∑
y∈V
|p(y)− qθ(y)| (A.5) 758

TVD measures the L1 distance between probability vectors. It represents the maximal difference in 759

probabilities the two models can assign to the same event. 760

A.2 Theoretical Analysis: Acceptance Rate & Beam Coverage 761

Here we provide the mathematical justification for selecting Reverse KL and Multi-Trajectory Distillation 762

to optimize the acceptance rate α. 763
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A.2.1 Divergence and Acceptance Probability764

Let the token-level acceptance probability for a candidate y sampled from qθ be β(y|x) = min(1, p(y|x)
qθ(y|x)).765

The objective of Speculative Decoding is to maximize the expected acceptance rate:766

α(x) = Ey∼qθ(·|x)

[
min

(
1,

p(y|x)
qθ(y|x)

)]
. (A.6)767

Proposition A.1 (False Positive Minimization). Maximizing the expected acceptance rate α(x) is768

strictly equivalent to minimizing the probability mass assigned by the draft model to the set of "over-769

estimated" tokens (False Positives).770

Proof. Let us partition the vocabulary V into two disjoint sets based on the likelihood ratio:771

V≤ = {y ∈ V | qθ(y) ≤ p(y)} (Under-estimated or exact) (A.7)772

V> = {y ∈ V | qθ(y) > p(y)} (Over-estimated / False Positives) (A.8)773

We expand the expectation in Eq. (A.5):774

α(x) =
∑
y∈V

qθ(y)min

(
1,

p(y)

qθ(y)

)
(A.9)775

=
∑
y∈V≤

qθ(y)(1) +
∑
y∈V>

qθ(y)

(
p(y)

qθ(y)

)
(A.10)776

=
∑
y∈V≤

qθ(y) +
∑
y∈V>

p(y). (A.11)777

Since
∑

y∈V qθ(y) = 1, we can write
∑

y∈V≤
qθ(y) = 1−

∑
y∈V>

qθ(y). Substituting this back:778

α(x) =

1−
∑
y∈V>

qθ(y)

+
∑
y∈V>

p(y) (A.12)779

α(x) = 1−
∑
y∈V>

(qθ(y)− p(y))︸ ︷︷ ︸
Net Excess Mass in False Positive Region

. (A.13)780

Equation (A.11) demonstrates that α(x) is maximized if and only if the net excess probability mass in V>781

is minimized. □782

Connection to Reverse KL: The Reverse KL divergence DKL(qθ∥p) =
∑

qθ(y) log
qθ(y)
p(y) is dominated783

by terms where qθ(y) ≫ p(y) (i.e., tokens in V>). In these regions, the ratio qθ
p is large, leading to a784

large penalty. Conversely, Forward KL DKL(p∥qθ) is dominated by regions where p(y)≫ qθ(y) (False785

Negatives), which do not negatively impact the acceptance rate for generated tokens (as shown in Eq. A.9,786

tokens in V≤ are always accepted). Thus, RKL is geometrically aligned with Eq. (A.11).787

A.2.2 Support Coverage via Multi-Trajectory Distillation788

Proposition A.2 (Prevention of Support Collapse). Single-trajectory distillation on the mode (greedy789

target) induces Support Collapse, restricting the draft model to a proper subset of the target’s support.790

Multi-Trajectory Distillation approximates the union of high-probability supports, minimizing sequence791

drift.792

Proof (Sketch). Let the target distribution p be multi-modal. A greedy teacher creates a dataset793

Dgreedy = {(x, y∗)} where y∗ = argmaxyp(y|x). Minimizing divergence against a deterministic target794

(Dirac delta δy∗) yields the optimal student q∗(y) = δy∗(y).795

supp(q∗) = {y∗} ⊂ supp(p). (A.14)796
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However, during inference, the target model p samples from its full support. If p samples a valid token 797

y′ ∈ supp(p) such that y′ ̸= y∗, the student q∗ (having zero mass on y′) incurs an infinite rejection penalty. 798

More critically, for the subsequent token t+ 1, the student is conditioned on context (x, y′), a state it has 799

never observed during training (Covariate Shift). 800

In Multi-Trajectory Distillation, the target is defined as a mixture over beams B: p̂(y) ∝ 801∑
y(i)∈B p(y|x, y(i)<t). The optimal student qMTD satisfies: 802

supp(qMTD) ≈
⋃

y(i)∈B

supp(p(·| . . . y(i))). (A.15) 803

This ensures qθ places non-zero mass on all likely paths. Consequently, if the target model samples a 804

non-greedy token y′ present in the beams, qθ(y′|x) is non-negligible, preventing rejection, and the student 805

has been trained on the trajectory continuation given y′, minimizing drift. □ 806
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A.3 DistillBeam Algorithms807

We formally present the inference and training procedures. Algorithm 1 details the standard Speculative808

Decoding step with rejection sampling. Algorithm 2 details the Online DistillBeam training procedure.809

Unlike standard distillation which uses a fixed dataset, this algorithm generates diverse teacher trajectories810

(beams) on-the-fly, ensuring the student is continuously aligned with the target’s structural support.811

Algorithm 1 Speculative decoding step

Require: Target modelMp, draft modelMq, context ρ = {x, y<t}.
Require: Block size γ, Random uniform generator U [0, 1].

1: qt(y), . . . , qt+γ−1(y)← ∅
2: for i = 0 to γ − 1 do
3: qt+i(y)←Mq(y | x, y<t+i) ▷ Draft autoregressively.
4: yt+i ∼ qt+i(y) ▷ Sample candidate token.
5: end for
6: (pt(y), . . . , pt+γ(y))← (Mp(·|x, y<t), . . . ,Mp(·|x, y<t+γ)) ▷ RunMp in parallel.
7: ut ∼ U [0, 1], . . . , ut+γ−1 ∼ U [0, 1] ▷ Generate γ random values.

8: n← min
(
{i | 0 ≤ i < γ, ut+i > min(1, pt+i(yt+i)

qt+i(yt+i)
)} ∪ {γ}

)
▷ Find first rejection index.

9: if n < γ then
10: p′adj(y)← max(0, pt+n(y)− qt+n(y)) ▷ Compute residual distribution.
11: yt+n ∼ p′adj(y)/

∑
z∈V p′adj(z) ▷ Resample from adjusted distribution.

12: else
13: yt+n ∼ pt+n(y) ▷ Accept all; sample next step fromMp.
14: end if
15: return {x, y<t+n+1} ▷ Append n accepted tokens plus one corrected token.

Algorithm 2 Online DistillBeam (Multi-Trajectory Distillation)

Require: TargetMp, StudentMθ
q , Dataset D.

Require: Beam Width N , Top-K K, Divergence Ddiv(·∥·).
1: while not converged do
2: Sample batch of inputs Xbatch from D
3: Ltotal ← 0
4: for each input x ∈ Xbatch do
5: BN ← BeamSearch(Mp, x,N) ▷ Generate diverse teacher trajectories on-the-fly.
6: LMTD ← 0
7: for each beam y(b) ∈ BN do ▷ Aggregate gradient over all beams.
8: for step t in y(b) do
9: zp ←Mp(· | x, y(b)<t ) ▷ Teacher forward pass.

10: p̂K ← TopK_Renorm(zp,K) ▷ Compute sparse target distribution.
11: qθ ←Mθ

q(· | x, y
(b)
<t ) ▷ Student forward pass.

12: LMTD ← LMTD +Ddiv(p̂K∥qθ) ▷ Accumulate generalized divergence.
13: end for
14: end for
15: Ltotal ← Ltotal +

1
NLMTD

16: end for
17: θ ← θ − η 1

|Xbatch|∇θLtotal ▷ Update parameters via backpropagation.
18: end while
19: returnMθ

q
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B Implementation Details 812

B.1 Datasets 813

We conduct all experiments on the Flores-200 machine translation benchmark. This dataset was selected 814

due to its wide coverage of linguistic families, scripts, and difficulty levels, providing a robust testbed for 815

generalization. 816

• Languages: We select 20 diverse target languages covering high-resource, mid-resource, and 817

lower-resource/complex-script languages: French, Spanish, German, Portuguese, Italian, Chinese, 818

Japanese, Korean, Arabic, Turkish, Hindi, Bengali, Tamil, Urdu, Telugu, Kannada, Malayalam, 819

Marathi, Gujarati, and Punjabi. 820

• Splits: We utilize the standard dev set for training the draft model (distillation) and the devtest set 821

for evaluation. Each split contains approximately 1,000 parallel sentences per language. 822

• Preprocessing: Input text is formatted using the standard Llama-3 instruction tem- 823

plate: <|begin_of_text|><|start_header_id|>user<|end_header_id|> Translate to 824

[Language]: [Sentence]... 825

B.2 Models 826

All experiments utilize the Llama-3 family of models, ensuring tokenizer compatibility between draft and 827

target models (vocabulary size |V| = 128, 256). 828

• Target Model (Teacher): Llama-3.1-8B-Instruct. This model serves as the verification oracle. 829

It utilizes Grouped Query Attention (GQA) and RoPE embeddings. 830

• Draft Model (Student): Llama-3.2-1B-Instruct. This model is approximately 8× smaller than 831

the target. It is initialized with pre-trained weights and fine-tuned via distillation. 832

B.3 Distillation Hyperparameters 833

The draft model is trained using the DistillBeam framework implemented in PyTorch. We utilize 8 × 834

NVIDIA A100 (80GB) GPUs for data generation and training. 835

Hyperparameter Value

Optimizer AdamW
Optimizer Betas (0.9, 0.999)
Optimizer Epsilon 1× 10−8

Learning Rate 2× 10−5

Weight Decay 0.0
LR Scheduler Linear Warmup + Cosine Decay
Batch Size 32 sequences

DistillBeam Specifics
Beam Width (N ) 16
Top-K Truncation (K) 50
Temperature (T ) 1.0
Loss Function Reverse KL

Table 1: Hyperparameters used for Multi-Trajectory Distillation.

B.4 Evaluation Metrics 836

We adopt the efficiency metrics formalized by Zhou et al. (2023) to accurately proxy wall-clock perfor- 837

mance. 838
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Sequence-Level Acceptance Rate (α). Because speculative decoding is stochastic, we utilize the839

sequence-level acceptance rate α(x). This metric is defined as the ratio of the expected number of840

accepted tokens to the expected target sequence length. For a given input x:841

α(x) :=
E[number of accepted tokens in generating y]

E[number of tokens in y]
=

Ey∼p(·|x)

[∑|y|
t=1 β(x, y<t)

]
Lp(x)

, (A.16)842

where Lp(x) := Ey∼p(·|x)[|y|] denotes the expected length of the target output, which is invariant to the843

choice of draft model. The term β(x, y<t) represents the token-level acceptance probability:844

β(x, y<t) := Eyt∼qθ(yt)

[
min

(
1,

p(yt)

qθ(yt)

)]
.845

This formulation is preferred because the expected total number of rejected tokens, given by (1− α(x)) ·846

Lp(x), directly lower-bounds the expected number of speculative decoding steps.847

Block Efficiency (τ ). In practice, speculative decoding utilizes a fixed block size γ. A practical measure848

of efficiency is the block efficiency τ(x), defined as the expected number of accepted tokens per decoding849

block. Assuming i.i.d. token-level acceptance rates, τ(x) is derived from the sequence-level acceptance850

rate α as:851

τ(x) =
1− α(x)γ+1

1− α(x)
. (A.17)852

For a fixed γ, the theoretical maximum is τ(x) = γ + 1, corresponding to the case where all drafted853

tokens are accepted and verified by the target model in a single pass.854

Wall-Clock Speedup. We estimate the expected wall-clock speedup relative to standard autoregressive855

decoding as:856

Speedup =
τ(x)

cγ + 1
, (A.18)857

where c represents the relative latency coefficient, defined as the ratio between the inference latency of858

the draft model (Mq) and the target model (Mp).859
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C Additional Results and Analysis 860

In this section, we provide a detailed decomposition of the performance gains achieved by the DistillBeam 861

framework. We analyze the global performance of different distillation objectives using the metrics 862

defined in Appendix B.4, examine the impact of linguistic typology on inference acceleration, and provide 863

a language-specific breakdown of optimal configurations. 864

C.1 Global Objective Performance 865

Table 2 presents the comparative performance of the evaluated experimental configurations, averaged 866

across all 20 languages. The results indicate a clear hierarchy in alignment efficiency based on the choice 867

of divergence objective and the density of teacher supervision. 868

Impact of Divergence Objectives. Consistent with the theoretical analysis regarding mode-seeking 869

behavior, Reverse KL consistently yields the highest block efficiency (τ ). The configuration Reverse 870

KL (8 beams) achieves the highest global performance (τ = 3.980, α = 0.778). This suggests that 871

minimizing the reverse KL divergence effectively penalizes the draft model for assigning probability mass 872

to tokens rejected by the teacher, thereby minimizing false positives during rejection sampling. 873

Multi-Trajectory vs. Single-Trajectory. The results demonstrate a positive correlation between beam 874

width and distillation efficiency. For every divergence objective (Reverse KL, Forward KL, Hellinger), 875

multi-beam variants (4, 8, 16 beams) outperform their single-beam counterparts. For example, standard 876

Forward KL improves from τ = 3.830 (1 beam) to τ = 3.914 (16 beams). This confirms that aggregating 877

supervision from multiple high-probability teacher trajectories provides a more robust signal than distilling 878

from a single greedy path. 879

Rank Experiment Configuration Acceptance Rate (α) Block Efficiency (τ )

DistillBeam (Multi-Trajectory Framework)
1 Reverse KL (8 beams) 0.778 3.980
2 Reverse KL (16 beams) 0.778 3.964
3 Reverse KL (4 beams) 0.776 3.951
4 Hellinger (4 beams) 0.775 3.944
5 Hellinger (16 beams) 0.776 3.939
6 Hellinger (8 beams) 0.774 3.920
7 KL (4 beams) 0.775 3.918
8 KL (16 beams) 0.775 3.914
9 JSD (8 beams) 0.775 3.911
10 Hellinger (2 beams) 0.774 3.900

Standard Distillation (Single-Trajectory Baselines)
24 Reverse KL (Top-K, T=1) 0.768 3.789
30 KL (EPD, T=1) 0.766 3.722
32 Hellinger (Top-K, T=1) 0.765 3.718
35 JSD (Top-K, T=1) 0.764 3.703
44 TVD (Top-K, T=1) 0.761 3.665

Standard Supervised Fine-Tuning & No Distillation
54 SFT (Multinomial Target) 0.758 3.566
55 SFT (Greedy Target) 0.756 3.561
63 SFT (Gold Reference) 0.744 3.316
69 Baseline (No Distillation) 0.728 3.044

Table 2: Global performance of distillation strategies sorted by Block Efficiency (τ ). The column α denotes the
sequence-level acceptance rate defined in Eq. (1).

C.2 Linguistic Categorization and Generalization 880

To understand the robustness of the framework, we analyzed performance gains across varying linguistic 881

categories. Figure 6 visualizes the improvement over baseline grouped by script, morphological typology, 882

region, and language family. 883
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Language Baseline τ Best Configuration Best τ % Gain

Marathi (mar_Deva) 1.706 JSD (8 beams) 2.664 +56.1%
Korean (kor_Hang) 1.181 Reverse KL (16 beams) 1.761 +49.2%
Turkish (tur_Latn) 1.320 Reverse KL (8 beams) 1.968 +49.1%
Malayalam (mal_Mlym) 3.624 Reverse KL (8 beams) 5.288 +45.9%
Portuguese (por_Latn) 3.600 Reverse KL (8 beams) 5.102 +41.7%
Arabic (arb_Arab) 1.361 Hellinger (16 beams) 1.876 +37.9%
Italian (ita_Latn) 3.182 TVD (4 beams) 4.363 +37.1%
Punjabi (pan_Guru) 4.044 Reverse KL (8 beams) 5.533 +36.8%
Urdu (urd_Arab) 2.489 KL (16 beams) 3.373 +35.5%
French (fra_Latn) 3.397 Hellinger (1 beam) 4.582 +34.9%
Kannada (kan_Knda) 4.271 TVD (16 beams) 5.738 +34.3%
German (deu_Latn) 2.864 JSD (8 beams) 3.832 +33.8%
Bengali (ben_Beng) 3.943 Hellinger (8 beams) 5.253 +33.2%
Gujarati (guj_Gujr) 4.262 Reverse KL (16 beams) 5.625 +32.0%
Chinese (zho_Hans) 1.770 Reverse KL (16 beams) 2.319 +31.0%
Tamil (tam_Taml) 3.964 KL (2 beams) 5.083 +28.2%
Hindi (hin_Deva) 3.103 Hellinger (16 beams) 3.968 +27.9%
Spanish (spa_Latn) 4.073 Reverse KL (16 beams) 5.190 +27.4%
Japanese (jpn_Jpan) 1.694 JSD (2 beams) 2.157 +27.4%
Telugu (tel_Telu) 5.027 Hellinger (4 beams) 6.386 +27.0%

Table 3: Detailed breakdown of the best-performing distillation configuration for each language. % Gain denotes
the relative improvement in Block Efficiency (τ ) over the Baseline.

Writing Script. We observe significant improvements in non-Latin scripts, particularly Hangul884

(+47.9%) and Malayalam (+45.9%). Scripts with higher visual complexity or non-concatenative features885

(like Devanagari and Gurmukhi) see gains consistently above 35%, whereas Latin-script languages average886

around 33.2%.887

Morphological Typology. A strong distinction is observed based on morphological complexity. Ag-888

glutinative languages (e.g., Turkish, Korean, Tamil) show the highest average improvement of 35.0%.889

In these languages, words are formed by stringing together morphemes, leading to a high perplexity for890

smaller models. DistillBeam effectively mitigates the "cascading drift" often seen in these languages.891

C.3 Per-Language Configuration Analysis892

Table 3 details the optimal experimental configuration for each of the 20 evaluated languages. While893

Reverse KL is the top-performing objective on average, we observe linguistic heterogeneity in the optimal894

choices.895

Highest Improvements. The largest relative gains are observed in languages where the baseline draft896

model performance is lowest. Marathi shows a +56.1% improvement, followed by Korean (+49.2%) and897

Turkish (+49.1%). In these cases, multi-trajectory distillation is critical for enabling practical speedups.898
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Figure 6: Fine-grained analysis of inference speedup across 20 languages, categorized by (a) Writing Script, (b)
Morphological Typology, (c) Geographic Region, and (d) Language Family, demonstrating robust generalization.
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