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Abstract001

Speculative decoding (SD) has become a stan-002
dard technique for accelerating LLM inference003
without sacrificing output quality. Recent ad-004
vances in speculative decoding have shifted005
from sequential chain-based drafting to tree-006
structured generation, where the draft model007
constructs a tree of candidate tokens to explore008
multiple possible drafts in parallel. However,009
existing tree-based SD methods typically build010
a fixed-width, fixed-depth draft tree, which011
fails to adapt to the varying difficulty of to-012
kens and contexts. As a result, the draft model013
cannot dynamically adjust the tree structure014
to early stop on difficult tokens and extend015
generation for simple ones. To address these016
challenges, we introduce TALON, a training-017
free, budget-driven adaptive tree expansion018
framework that can be plugged into existing019
tree-based methods. Unlike static methods,020
TALON constructs the draft tree iteratively un-021
til a fixed token budget is met, using a hybrid022
expansion strategy that adaptively allocates the023
node budget to each layer of the draft tree.024
This framework naturally shapes the draft tree025
into a “deep-and-narrow” form for determin-026
istic contexts and a “shallow-and-wide” form027
for uncertain branches, effectively optimizing028
the trade-off between exploration width and029
generation depth under a given budget. Ex-030
tensive experiments across 5 models and 6031
datasets demonstrate that TALON consistently032
outperforms state-of-the-art EAGLE-3, achiev-033
ing up to 5.16× end-to-end speedup over auto-034
regressive decoding.035

1 Introduction036

While Large Language Models (LLMs) have037

achieved remarkable success in various bench-038

marks (OpenAI Team, 2025; Google DeepMind039

Team, 2025; Anthropic Team, 2025; QwenTeam040

et al., 2025; DeepSeek-AI et al., 2025; Team et al.,041

2025), their deployment is severely constrained042

by their auto-regressive token-by-token generation.043

Input token          selected node       dropped node       

(a) chain-based drafting

(b) tree-based drafting (EAGLE-3)

Figure 1: Illustration of chain-based drafting and tree-
based drafting (EAGLE-3 (Li et al., 2025a)) with K = 2.
At each step, EAGLE calls draft model forward on the
selected K parent nodes of last step, selects top-K child
nodes for each parent, and filters K ×K child nodes.
Then EAGLE employs an additional top-K operation to
choose K nodes as parents for next step.

This sequential dependency prevents models from 044

predicting multiple tokens (Gloeckle et al., 2024) 045

in a single step, causing inference latency to scale 046

linearly with output length (Pope et al., 2022) and 047

making real-time interaction computationally ex- 048

pensive. 049

To alleviate this limitation, Speculative Decod- 050

ing (SD) (Leviathan et al., 2023; Chen et al., 2023) 051

has emerged as a promising paradigm to break the 052

strict sequential dependency (Liu et al., 2025a). 053

SD decouples each decoding step into two sub- 054

procedures: efficient drafting and parallel verifi- 055

cation. A lightweight draft model first proposes a 056

short candidate sequence, and the target LLM then 057

validates all proposed tokens in parallel, accepting 058

multiple tokens with a single target model forward. 059

However, early speculative decoding methods 060

typically employ a chain-based drafting strategy, 061

which is inherently vulnerable. A single rejection 062

at the beginning of the draft sequence invalidates all 063
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Figure 2: Limitations of tree-based drafting methods.
(a) when the model is already confident to its prediction,
the draft tree still grows k child nodes. (b) when the
model is very confused and highly uncertain, the top-K
draft tokens are still not sufficient.

subsequent tokens, leading to a substantial waste064

of computational resources (Miao et al., 2024). To065

further improve the overall acceptance rate, recent066

works have shifted from chain-based to tree-based067

drafting (Miao et al., 2024; Cai et al., 2024; Li et al.,068

2025b; Du et al., 2024; Li et al., 2024). Instead069

of predicting a single sequence, these approaches070

construct a token tree covering multiple plausible071

continuation paths. By leveraging Tree Attention072

(Yao et al., 2025), the target LLM can verify multi-073

ple draft token sequences in parallel within a single074

forward pass, significantly increasing the draft ac-075

ceptance rate and overall acceleration.076

State-of-the-art tree-based methods, such as EA-077

GLE (Li et al., 2025b), construct the draft tree via078

a rigid layer-wise expansion mechanism. As il-079

lustrated in Figure 1, these approaches iteratively080

expand a fixed number of child nodes for every081

parent and select the top-K candidates to proceed082

to the next layer. However, this strategy enforces083

a static tree structure with pre-determined dimen-084

sions. Such rigid allocation fails to adapt to the085

model’s dynamic confidence (output probabilities086

of its tokens) 1: it still expands k child nodes even if087

the draft model is already confident (shown in Fig-088

ure 2(a)), while it cannot allocate more node budget089

when the model is confused and highly uncertain090

(shown in Figure 2(b)). Moreover, it prematurely091

1“Dynamic” in EAGLE means that the draft model dynami-
cally select top-K nodes as next-layer parents, but it cannot
adjust k to adapt for contexts. We provide an example in
Figure 8 in Appendix to further illustrate the difference.

truncates high-confidence paths that could extend 092

deeper, while squandering the computational bud- 093

get on expanding low-probability branches in un- 094

certain contexts. 095

To tackle these inefficiencies, we introduce 096

TALON, a novel training-free, budget-driven adap- 097

tive tree expansion framework to opTimize drAft 098

tree for faster specuLative decOdiNg. Departing 099

from the rigid fixed width and depth generation, 100

TALON employs a dynamic growth algorithm that 101

incrementally expands the draft tree until the num- 102

ber of nodes reaches a given budget N . Specif- 103

ically, we design a hybrid expansion strategy to 104

optimize the tree topology: at the first layer, we 105

propose a fixed width initialization that utilizes 106

a top-K operation to alleviate the early rejection 107

phenomenon. At subsequent layers, we propose a 108

confidence-gated expansion strategy to adaptively 109

allocate the node budget. This allows the draft 110

structure to evolve to deep-and-narrow for de- 111

terministic contexts to maximize draft length, or 112

shallow-and-wide for uncertain ones to enhance 113

hit rate. 114

To summarize, our contributions are: 115

(i) We identify a key limitation in existing tree- 116

based speculative decoding methods: the 117

strict, layer-wise static tree expansion fails 118

to adapt to the model’s varying confidence, 119

leading to inefficient utilization of the compu- 120

tational budget. 121

(ii) We propose TALON, a budget-driven specu- 122

lative decoding framework. By employing a 123

dynamic tree growth algorithm with robust 124

tree initialization and confidence-gated expan- 125

sion, TALON constructs adaptive draft trees 126

that dynamically adapts (deep-and-narrow or 127

shallow-and-wide) based on context uncer- 128

tainty. 129

(iii) Extensive experiments verify the effectiveness 130

of TALON. It significantly outperforms state- 131

of-the-art method EAGLE-3 in terms of draft 132

efficiency and wall-clock speedup, particu- 133

larly in scenarios with fluctuating generation 134

difficulty. 135

2 Related Work 136

In this section, we review speculative decoding 137

from the perspective of drafting structures: chain- 138

based speculative decoding and tree-based specula- 139
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tive decoding. We position TALON in the context140

of extensive related works in Appendix F.141

Chain-based speculative decoding. Speculative142

decoding (Leviathan et al., 2023; Chen et al.,143

2023) introduces a lossless draft-and-verify (Zhang144

et al., 2024a) principle: a cheap drafter proposes145

a short continuation and a target model verifies146

it in parallel, accepting the longest matched pre-147

fix. This paradigm suffers from a clear efficiency148

bottleneck—early rejection (Sun et al., 2025)—149

since a mismatch at an early position invalidates150

all downstream drafted tokens. Follow-up work151

improves chain-based SD by (i) producing better152

proposals with minimal overhead (e.g., lightweight153

head-based drafting that reuses target representa-154

tions(Cai et al., 2024; Du et al., 2024; Li et al.,155

2025b)), and (ii) reducing wasted draft computa-156

tion via adaptive lookahead (Huang et al., 2025)157

or pipelined scheduling (Liu et al., 2025a). Never-158

theless, the speedup is fundamentally sensitive159

to the hardest tokens, because one rejection dis-160

cards the entire suffix.161

Tree-based speculative decoding. Tree-based162

SD generalizes the draft from a single chain to a to-163

ken tree, allowing the verifier to choose among mul-164

tiple candidate branches within one forward and165

thus mitigating early rejection. SpecInfer (Miao166

et al., 2024) is an early representative that orga-167

nizes candidates as a token tree and verifies them168

in parallel with tree attention. More recent work169

strengthens the tree-based pipeline from two angles:170

(i) improving tree proposals via well-calibrated171

drafters (Zhang et al., 2024b; Huo et al., 2025;172

Gao et al., 2025) and context-aware dynamic draft173

trees (Xiong et al., 2024), and (ii) optimizing the174

draft-tree structure under a node budget, includ-175

ing dynamic-programming-based and search-based176

construction (e.g., Sequoia (Chen et al., 2025) and177

OPT-Tree (Wang et al., 2024)). However, exist-178

ing methods typically rely on rigid or heuristic179

expansion patterns, failing to explicitly allocate180

a token budget based on real-time confidence.181

This gap motivates TALON, a training-free, budget-182

driven framework that constructs adaptive token183

trees (deep-and-narrow vs. shallow-and-wide).184

3 Background185

We first formulate chain-based drafting and tree-186

based drafting for better understanding.187
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Figure 3: Visualization of token acceptance frequency
within a static draft tree (K = 10, D = 8). The heatmap
reveals an "Acceptance Funnel" effect: while the ac-
ceptance frequency of the first layer is relatively uni-
form, the acceptance in subsequent layers (d ≥ 1) shows
a funnel trend that the accepted tokens concentrate more
on high confidence regions (e.g., top-1 and top-2), ren-
dering the wide static expansion computationally waste-
ful. Note that the first layer only has K nodes, while its
subsequent layers have K ×K nodes.

3.1 Chain-based Drafting 188

In standard speculative decoding, a smaller draft 189

modelMd generates a single sequence of γ tokens 190

(a chain) as a speculation for the target modelMt. 191

Given the prefix x≤t, the drafting process generates 192

a sequence xt+1, . . . , xt+γ auto-regressively: 193

xt+i ∼ PMd
(·|x<t+i), 1 ≤ i ≤ γ (1) 194

The target modelMt then verifies this sequence in 195

parallel. The key limitation of this approach is the 196

sequential dependency during verification: if the 197

token at position i is rejected, all subsequent tokens 198

x>i are discarded regardless of their correctness, 199

resulting in wasted computation. 200

3.2 Tree-based Drafting 201

To mitigate the limitations of chain-based draft- 202

ing, recent works (e.g., EAGLE) verify a token tree 203

T to cover diverse paths. As formalized in Al- 204

gorithm 1 and Figure 1, these methods employ a 205

static construction strategy: at each depth d, the 206

model takes a parallel forward on all parent nodes 207

and outputs their next-token distributions. Then, it 208

selects top-K entries from the output distribution 209

of each parent node, acquiring K ×K leaf nodes. 210

After that, the model measures the path score of 211

each layer node v: 212
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Figure 4: Real-World Mean Accepted Tokens (MAT)
distribution across different queries in EAGLE. The
results exhibit high volatility: even within the same task
category (e.g., Math or Coding), the optimal generation
length fluctuates significantly.

p(v) =
∏

j∈Path(xt,v)

PMd
(j | x<j) (2)213

where Path(xt, v) represents the path from the root214

node xt to the leaf node v, x<j denotes all prefix215

tokens of j. Then it uses another top-K operation216

based on the path score to select K leaf nodes as217

parent nodes of next layer. Finally, the generation218

ends at depth D, and the tree T will be pruned219

to meet a global budget N . While structured, this220

rigid “expand-then-shrink” mechanism often gen-221

erates redundant nodes that are discarded during222

intermediate shrinking or final pruning, leading to223

suboptimal resource allocation.224

4 Motivated Experiments225

To empirically investigate the limitations of static226

tree-based speculative decoding, we conduct a pi-227

lot analysis using EAGLE (Li et al., 2025b) as a228

representative baseline. We employ a fixed tree229

topology with width K = 10 and depth D = 8 (of-230

ficial settings in EAGLE paper) with Qwen3-8B on231

MT-Bench (Zheng et al., 2023). We also conduct232

additional motivated experiments in Appendix C233

with Llama-series models and various datasets to234

demonstrate the generality of our motivation.235

4.1 The "Acceptance Funnel" Phenomenon236

We first investigate the acceptance frequency of237

each position in the draft tree. Detailed model238

configurations are provided in Table 2. Figure 3239

visualizes the acceptance frequency of tokens at240

each position within the static tree structure. Two241

key observations emerge regarding the distribution242

of effective speculation:243

Diminishing Returns of Width in Deep Layers.244

As illustrated in Figure 3, the acceptance distri-245

bution exhibits a funnel-like pattern. In the first 246

initial layer (d = 0), the acceptance probability 247

is relatively uniform across the top-K candidates. 248

This suggests that due to the initial stochasticity 249

and minor distributional divergence between the 250

draft modelMd and the target modelMt, a wider 251

search breadth is necessary to capture the valid con- 252

tinuation. However, as the tree deepens (d ≥ 1), 253

the acceptance mass concentrates sharply on the 254

high confidence regions (e.g. top-1 and top-2 can- 255

didates). We attribute this to the cumulative er- 256

ror amplification in auto-regressive drafting: for 257

deep nodes, the draft model is either (1) confidently 258

aligned with the target model (correct prediction), 259

or (2) hallucinating a divergent path where even 260

the top-K candidates fail to recover the target dis- 261

tribution. Consequently, maintaining a static width 262

K = 10 at deeper layers yields negligible marginal 263

utility. When the draft model is aligned, a much 264

smaller K can find the correct draft tokens. When 265

the draft model is highly uncertain, there needs 266

a larger K to ensure the coverage and stops the 267

generation to avoid wasteful draft model forward. 268

4.2 Variance in Real-World Accepted Length 269

While Section 4.1 reveals the structural redundancy 270

within fixed width, we further investigate the weak- 271

ness of fixed depth. We plot the distribution of 272

Mean Accepted Tokens (MAT) for various queries 273

in Figure 4. (Same settings with Figure 3) 274

The Static Depth Dilemma. As shown in Fig- 275

ure 4, the accepted tokens fluctuate drastically even 276

within the same task category (e.g., Math or Cod- 277

ing), exposing the limitation of a fixed-depth draft- 278

ing policy. In low-entropy contexts where the draft 279

model is well-aligned with the target, the potential 280

acceptance length often exceeds the pre-defined 281

depth D. However, a static fixed depth D pre- 282

ventsMd from generating more draft tokens for 283

maximum speedup. Conversely, in high-entropy 284

scenarios where prediction becomes ambiguous, 285

the draft model tends to hallucinate deep branches 286

that are destined for rejection. A fixed depth D 287

forces the allocation of computational resources 288

to these invalid tokens, incurring latency overhead 289

with zero marginal utility. 290

5 Method 291

We introduce TALON, a budget-driven framework 292

that optimizes draft tree construction by dynami- 293

cally allocating resources based on real-time model 294
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confidence.295

5.1 From Static Grids to Dynamic Budgets296

To overcome the inefficiencies of the static tree297

structures analyzed in Section 4–specifically the298

misalignment between fixed topology and vary-299

ing token difficulty–TALON shifts the constraint300

from shape to capacity. We define a global Token301

Budget (N ), representing the maximum number302

of nodes allowed in the draft tree T . The objective303

is to iteratively “invest” this budget to grow a draft304

tree that dynamically adapts–deep-and-narrow for305

deterministic contexts and shallow-and-wide for306

uncertain ones–thereby maximizing effective spec-307

ulation length under a fixed computational cost.308

5.2 Hybrid Tree Expansion Strategy309

TALON constructs the tree layer-by-layer using a310

hybrid strategy: a robust initialization at the root311

(Layer 0) followed by confidence-gated expansion312

for subsequent layers (Layer d ≥ 1).313

5.2.1 Confidence-Gated Expansion314

For depths d ≥ 1, we employ a global filtering315

mechanism to gate candidates based on their rela-316

tive confidence. Let Pd be the set of parent nodes.317

We define the Candidate Pool Sd as the union of318

all child extensions:319

Sd =
⋃

v∈Pd

{(v, w) | w ∈ V}. (3)320

Each candidate u = (v, w) ∈ Sd is assigned a321

cumulative path probability p(u) = p(v)·PMd
(w |322

x≤v).323

Motivated by (Minh et al., 2025), we first iden-324

tify the anchor confidence md = maxu∈Sd
p(u).325

We then retain candidates whose confidence falls326

within a dynamic margin µ of the anchor:327

Pd+1 = {u ∈ Sd | p(u) ≥ µ ·md}, (4)328

where µ ∈ (0, 1] is a hyperparameter. To strictly329

respect the budget, if |Pd+1| exceeds the remaining330

budget N − |T |, we retain only the top candidates331

with the highest path scores.332

Intuition. This mechanism naturally aligns topol-333

ogy with entropy. In deterministic contexts (e.g.,334

“The capital of France is Paris”), the anchor md ≈335

1.0 imposes a strict threshold, automatically prun-336

ing branches to form a deep-and-narrow chain. In337

high-entropy contexts (e.g., “Quantum computing338

can...”), a lower md relaxes the threshold, admit- 339

ting diverse candidates to form a shallow-and-wide 340

layer that prioritizes coverage. 341

5.2.2 Robust Tree Initialization 342

While confidence gating effectively allocates bud- 343

get at depth, applying it at the root (d = 0) 344

compromises robustness due to draft model over- 345

confidence. Small draft models often exhibit imper- 346

fect calibration, assigning near-certain probability 347

(e.g., > 0.99) to incorrect tokens in simple contexts. 348

Relative gating would prematurely collapse the tree 349

into a single wrong branch–an over-confidence trap. 350

Unlike deeper errors, a root failure causes catas- 351

trophic rejection of the entire draft sequence. To 352

mitigate calibration errors, we employ a Standard 353

Top-K Initialization for the first layer. Regardless 354

of the confidence distribution, we explicitly expand 355

the top-K tokens: 356

P1 = {(xt, v) | v ∈ Top-K (PMd
(·|xt))}. (5) 357

This ensures the speculative tree covers diverse 358

plausible directions at the most critical juncture 359

before switching to budget-efficient gating. 360

5.3 Evaluating TALON with Draft Efficiency 361

To rigorously quantify the cost-effectiveness of 362

TALON, we analyze the wall-time speedup by de- 363

composing it into quality and cost factors. 364

Let Np denote the total number of forward 365

passes executed by the target model (verification 366

steps), Nq be the total forward passes executed by 367

the draft model to generate a sequence and L be the 368

output length. We introduce a new metric, Draft 369

Efficiency (δ), defined as the ratio of these two 370

quantities: 371

δ =
Nq

Np
. (6) 372

Intuitively, δ represents the speculation cost–the 373

average number of draft steps the system “invests” 374

to secure a single verification opportunity. By 375

deriving the wall-time speedup R as a function 376

of the Mean Accepted Tokens (τ = L/Np) and 377

the relative model cost (c), we obtain the follow- 378

ing speedup formulation ( see derivation in Ap- 379

pendix D): 380

R =
τ

1 + c · δ
. (7) 381

With Equation 7, we can theoretically explain why 382

TALON achieves superior performance. Ap- 383

proaches like EAGLE enforce a fixed depth D, 384

effectively locking the draft cost to a constant 385
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Figure 5: (a) TALON ’s Budget-Driven Tree. TALON dynamically allocates the token budget based on confidence. It
uses Top-K at the root for robustness and confidence gating at deeper layers, resulting in adaptive topologies—deep
chains for high-confidence tokens (e.g., the folded “algo-rithm” sequence) and wide branches for uncertain ones.
The expansion stops when the global budget is met (indicated by the icon). (b) Tree Attention Mask. The structural
mask used by the target model to verify the adaptive tree in parallel. The verification process follows the standard
token-tree verification protocol (see Appendix B for details).

δ = D + 1 regardless of the context complexity.386

This rigidity leads to dual inefficiencies.387

In high-entropy contexts (hard cases), the ac-388

ceptance reward τ naturally drops. EAGLE contin-389

ues to pay the high fixed cost δ, causing the speedup390

R to degrade significantly. TALON addresses this391

by halting expansion early; the resulting reduction392

in “investment” (δ ↓) compensates for the lower393

reward, thereby mitigating the performance drop.394

Conversely, in low-entropy contexts (easy cases),395

static methods artificially cap the reward τ at depth396

D. TALON allows the draft tree to extend far be-397

yond this limit, significantly increasing τ . While398

growing deeper also increases the draft cost δ, this399

investment yields a positive net gain. Since the rel-400

ative cost ratio is typically small (c≪ 1), (1 + cδ)401

grows much slower than τ , ensuring that the overall402

wall-time speedup R continues to improve as the403

tree deepens.404

6 Experiments405

6.1 Experimental Setup406

Tasks and Datasets. We evaluate TALON on a407

comprehensive suite of LLM backbones, includ-408

ing Llama-3.1-8B-Instruct (Team, 2024), Qwen3409

8B and 32B (QwenTeam et al., 2025), DeepSeek-410

R1-Distill-LLaMA-8B (DSL) (DeepSeek-AI et al.,411

2025), and Vicuna-13B (Zheng et al., 2023). Fol-412

lowing standard protocols, we conduct evaluations413

on six diverse benchmarks: MT-Bench (Zheng414

et al., 2023), Alpaca (Ding et al., 2023), GSM8K415

(Cobbe et al., 2021), HumanEval (Chen et al., 416

2021), CNN/DM (Nallapati et al., 2016), and QA 417

(Kwiatkowski et al., 2019), which are widely used 418

benchmarks for instruction, math reasoning, code 419

generation, chat, QA and summarization. 420

Implementation Details. We evaluate TALON 421

against the state-of-the-art tree-based method EA- 422

GLE-3 (Li et al., 2025b). All experiments are con- 423

ducted on a single NVIDIA H200 (140GB) GPU 424

with batch size 1 by default. The global token bud- 425

get N is set to 60 for both TALON and EAGLE-3. 426

The threshold µ in TALON is set to 0.03 for all 427

experiments. Detailed configurations (hyperparam- 428

eters, hardware, baselines, models) are provided in 429

Appendix E.1. We use two metrics: mean accepted 430

tokens (MAT) and wall-time speedup (Spd.). 431

6.2 Main Results 432

We present the main comparison with EAGLE-3 433

in Table 1. We further evaluate TALON under 434

stochastic sampling (T = 1) in Table 3, and pro- 435

vide detailed ablation studies on tree initialization 436

and budget settings in Appendix E.4. 437

We observe the following: (a) Universal 438

Speedup. TALON consistently outperforms EA- 439

GLE-3 across all 8 models and 6 datasets. No- 440

tably, it achieves up to 5.16× speedup on Hu- 441

manEval with Vicuna-13B and 2.30× speedup on 442

CNN/DM with Qwen3-8B, significantly surpass- 443

ing the baseline’s 4.77× and 1.95×. (b) Reason- 444

ing Adaptability. The performance gap is particu- 445

larly pronounced in reasoning-intensive tasks. On 446
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Table 1: Main Results on Six Benchmarks (Temperature=0). Comparison between EAGLE-3 and our proposed
TALON across various models. We report Mean Acceptance Tokens (MAT) and Wall-time Speedup relative to
standard decoding. Bold numbers denote the best speedup performance.

Model Method
Alpaca GSM8K HumanEval MT-Bench QA CNN/DM

MAT Spd. MAT Spd. MAT Spd. MAT Spd. MAT Spd. MAT Spd.

Vicuna-13B

EAGLE-3 6.61 3.78× 6.74 3.87× 8.31 4.77× 7.12 4.05× 5.24 3.03× 6.93 3.43×
SD 2.19 1.30× 2.20 1.19× 2.86 1.47× 2.51 1.29× 1.97 1.20× 2.63 1.41×
MEDUSA 2.44 1.90× 2.63 2.05× 2.78 2.18× 2.58 2.01× 2.10 1.62× 2.09 1.56×
HYDRA 3.51 2.40× 3.66 2.53× 3.87 2.67× 3.64 2.46× 2.88 1.95× 2.82 1.86×
OPT-Tree 6.56 3.71× 6.77 3.65× 8.21 4.35× 6.95 3.75× 5.22 3.10× 6.91 3.22×
TALON 6.36 3.94× 6.80 3.99× 9.48 5.16× 7.29 4.27× 5.03 3.26× 7.20 3.58×

DSL-8B
EAGLE-3 5.64 3.23× 7.40 4.24× 6.70 3.85× 5.82 3.33× 5.02 2.86× 5.03 2.89×
TALON 5.18 3.46× 7.46 4.43× 6.28 3.96× 5.45 3.56× 4.66 3.12× 4.75 3.14×

Llama3-8B
EAGLE-3 6.93 3.92× 6.42 3.63× 7.08 4.05× 6.38 3.67× 5.36 3.01× 5.46 3.06×
TALON 6.51 4.04× 6.24 3.81× 7.28 4.20× 6.22 3.85× 5.09 3.27× 5.28 3.30×

Qwen3-8B
EAGLE-3 3.45 2.08× 3.92 2.37× 3.89 2.35× 3.64 2.20× 3.46 2.09× 3.27 1.95×
TALON 3.39 2.44× 3.85 2.67× 3.78 2.69× 3.60 2.57× 3.41 2.46× 3.20 2.30×

Qwen3-32B
EAGLE-3 2.75 1.83× 3.36 2.22× 2.98 1.96× 2.98 1.90× 2.66 1.78× 2.57 1.57×
TALON 2.72 2.05× 3.30 2.38× 2.96 2.15× 2.94 2.10× 2.64 1.99× 2.54 1.72×

GSM8K (Math) and HumanEval (Code), TALON447

achieves substantial gains (e.g., 2.67× vs 2.37× on448

Qwen3-8B GSM8K). This verifies that our budget-449

driven adaptive expansion effectively captures cor-450

rect paths in low-entropy reasoning steps where451

static trees often under-explore. (c) Robustness.452

As shown in Table 3, TALON maintains strong per-453

formance with T = 1. While static trees suffer454

from flattened distributions, TALON’s confidence-455

gated mechanism successfully adapts the tree topol-456

ogy, achieving 2.51× speedup on Qwen3-8B (Hu-457

manEval) compared to EAGLE-3’s 2.20×.458

6.3 Evaluating TALON with Draft Efficiency459

We evaluate the draft efficiency (defined in Sec-460

tion 5.3) of TALON and EAGLE and visualize the461

relationship between the overhead (δ) and the ben-462

efit (τ ) in Figure 6. Static methods (orange line)463

pay a fixed high computational cost without con-464

sidering context difficulty, resulting in sub-optimal465

speedup. In contrast, TALON (blue line) closely466

approaches the zero-waste Oracle line (τ = δ).467

By dynamically shrinking the token trees in un-468

certain regions and expanding them in determinis-469

tic ones, TALON effectively decouples draft cost470

from tree depth. This confirms that our framework471

maximizes speedup by ensuring computational re-472

sources are only invested where they yield high473
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Figure 6: Draft Efficiency (δ) vs. Mean Accepted To-
kens (τ ). The gray dashed line represents the Oracle
baseline (τ = δ). The orange shaded region highlights
the computation waste of static methods (EAGLE-3).
TALON (blue line and shaded region) closely tracks the
Oracle, minimizing waste by dynamically aligning draft
cost with generation difficulty.

acceptance utility. We also provide more visualiza- 474

tion results of different models in Appendix E.2. 475

6.4 Ablation Study 476

6.4.1 Ablating Robust Tree Initialization 477

TALON employs a hybrid strategy that begins with 478

robust tree initialization for the first layer to ensure 479

robustness, followed by confidence-gated expan- 480
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Figure 7: Ablation study on the number of initial Top-K layers (k). k = 0 represents the pure adaptive strategy
without robust initialization, while k ≥ 1 indicates using static Top-K expansion for the first k layers. (a)-(b)
Wall-time speedup on HumanEval and Alpaca shows that k = 1 (TALON’s default) achieves the highest throughput.
(c)-(d) Radar charts across six benchmarks further confirm that k = 1 (orange line) yields the most robust
performance, outperforming both the uninitialized (k = 0) and over-extended (k ≥ 2) configurations.

sion layers. However, a natural question arises,481

“Why is robust tree initialization necessary only for482

the first layer”? To answer this question, we con-483

duct an ablation study that using robust tree initial-484

ization for the first k layers. k = 0 corresponds485

to a pure confidence-gated strategy without robust486

tree initialization.487

Necessity of Robust Initialization (k = 1 vs. k =488

0). As shown in Fig. 7 (a) and (b), removing the489

robust tree initialization leads to a noticeable drop490

in generation speed (e.g., declining from 263.8491

to 261.5 tok/s on Llama3-8B).This degradation492

validates our hypothesis that draft models often493

suffer from root layer over-confidence; without494

a forced Top-K expansion at the first layer, the495

model risks falling into incorrect branches due to496

over-confidence, leading to early draft rejections.497

Overhead of additional Robust Initialization498

(k ≥ 2). Conversely, extending the robust initial-499

ization phase to deeper layers (k = 2, 3) yields sub-500

optimal returns. It delays the transition to the more501

efficient confidence-gating expansion, thereby in-502

creasing the computational overhead (δ) without503

a proportional gain in acceptance.The radar charts504

in Fig. 7 (c) and (d) clearly illustrate that k = 1505

(orange line) consistently outperforms other con-506

figurations, confirming that a single layer of robust507

initialization followed immediately by adaptive gat-508

ing achieves the optimal speedup.509

6.4.2 Ablating Confidence-gated Expansion510

To further investigate the mechanism behind511

TALON, we conduct two additional ablation studies512

on the influence of different threshold µ and differ-513

ent budget N in Appendix E.4. The results show514

that the threshold µ in TALON serves as a trade- 515

off hyperparameter between exploration and ex- 516

ploitation. A larger µ leads to more deep-and- 517

narrow draft trees, especially effective in reasoning 518

tasks such as coding and math, while a smaller µ 519

is more appropriate for some creative tasks. More- 520

over, the results demonstrate that TALON is more 521

flexible to different computation budget. For some 522

resource-intensive scenarios, static methods waste 523

more computation with fixed K and D. However, 524

TALON seamlessly adapts to different computation 525

budget by simply adjusting N . 526

6.5 Case Study 527

We also provide an real-world case of TALON gen- 528

erated draft trees in Appendix E.5. Additionally, 529

we provide an in-depth runtime breakdown of the 530

tree construction phase in Appendix E.6, verifying 531

that the algorithmic overhead of TALON remains 532

negligible even with large vocabularies. 533

7 Conclusion 534

In this work, we presented TALON, a training-free 535

framework that shifts speculative decoding from 536

rigid geometric constraints to a flexible, budget- 537

driven paradigm. By employing a hybrid expansion 538

strategy that combines robust initialization with 539

confidence gating, TALON dynamically shapes the 540

draft tree—evolving into deep-and-narrow chains 541

for deterministic contexts or shallow-and-wide 542

branches for uncertain ones. Extensive evaluations 543

across 5 LLMs and 6 benchmarks demonstrate that 544

TALON consistently outperforms SOTA methods 545

like EAGLE-3, achieving up to 5.16× speedup. 546

8



8 Limitations547

While TALON demonstrates significant speedups548

and adaptability across various benchmarks, we549

identify several limitations that present avenues for550

future research:551

Scalability to Large Batch Sizes. Our current552

evaluation focuses on latency-critical scenarios553

with a batch size of 1, which is the primary use case554

for real-time interaction. In high-throughput sce-555

narios with large batch sizes, the compute-bound556

nature of the GPU may saturate, and the overhead557

of maintaining diverse dynamic tree structures for558

each request in a batch could become non-trivial.559

The memory management for varying tree topolo-560

gies across a batch also presents implementation561

challenges. Extending budget-driven adaptive spec-562

ulation to large-batch serving systems remains an563

open engineering challenge.564

Hyperparameter Generalization. While we565

found a fixed threshold (µ = 0.03) and budget566

(N = 60) to be robust across most tested models567

and datasets, optimal performance in highly spe-568

cialized domains might require task-specific tuning.569

Developing an auto-tuning mechanism that adjusts570

µ and N on-the-fly based on acceptance history571

would be a valuable extension.572

9 Ethic Statements573

Inheritance of Model Behaviors. TALON is574

an inference acceleration framework designed to575

speed up existing Large Language Models without576

modifying their weights. As a speculative decoding577

method, it aims to losslessly recover the distribu-578

tion of the target model. Consequently, TALON579

inherits the ethical properties, biases, and potential580

safety risks of the underlying target LLM and draft581

model. It does not introduce new capabilities for582

generating harmful content, nor does it mitigate583

existing biases in the base models. Users should584

continue to apply standard safety guardrails and585

alignment techniques to the target models deployed586

with TALON.587
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Algorithm 1 Static Tree Construction (EAGLE)
Require: Draft ModelMd, Prefix x≤t, Depth D,

Width K, Budget N
1: T ← {xt}, P0 ← {xt}, p(xt)← 1.0
2: Fixed depth and width for-loop
3: for d = 0 to D do
4: Sd ← ∅
5: ▷ Expand to K ×K child nodes
6: for v ∈ Pd do
7: Cv ← Top-K(PMd

(· | x≤v))
8: p(u)← p(v) · PMd

(u | x≤v),∀u ∈ Cv

9: Sd ← Sd ∪ Cv

10: end for
11: ▷ Shrink to K next-layer parent nodes
12: Pd+1 ← Top-K(Sd by p(u))
13: T ← T ∪ Pd+1

14: end for
15: ▷ Final pruning to budget N
16: T ← Top-N(T by p(u))
17: return T

A Formalized Algorithms886

In this section, we provide the formalized algo-887

rithms for both the static baseline and our proposed888

framework to illustrate the structural differences in889

their expansion strategies.890

Algorithm 1 outlines the static tree construction891

strategy employed by state-of-the-art methods such892

as EAGLE. This approach relies on rigid geometric893

constraints defined by a fixed depth D and width894

K. The construction proceeds layer-by-layer up to895

depth D. At each step d, the draft model expands896

K × K child nodes from the parent set Pd and897

subsequently applies a Top-K operation to shrink898

the candidates back to size K for the next layer. Fi-899

nally, the tree is pruned globally to meet the token900

budget N . This "expand-then-shrink" mechanism901

enforces a static topology regardless of generation902

difficulty, often generating redundant nodes that903

are discarded during intermediate steps. Note that904

“static” here means that each layer of the draft tree905

has a fixed number of nodes regardless of the con-906

text difficulty. The “dynamic” claimed in (Li et al.,907

2024) means that the draft model dynamically se-908

lect top-K nodes as next-layer parents, but it cannot909

adjust K to adapt for context. Figure 8 shows 4910

different EAGLE-style draft trees with static tree911

topology.912

Algorithm 2 presents the details of TALON, our913

proposed budget-driven adaptive framework. Un-914

Algorithm 2 Adaptive Tree Construction (TALON)

Require: Draft ModelMd, Prefix x≤t, Budget N ,
Width K, Threshold µ

1: T ← {xt}, P0 ← {xt}, p(xt)← 1.0
2: d← 0
3: ▷ Budget-driven adaptive tree expansion
4: while |T | < N do
5: Sd ← ∅
6: ▷ Gather next-layer candidate set Sd
7: for v ∈ Pd do
8: Cv ← {(v, w) | w ∈ V}
9: p(u) ← p(v) · PMd

(w | x≤v),∀u =
(v, w) ∈ Cv

10: Sd ← Sd ∪ Cv

11: end for
12: ▷ Hybrid Expansion Strategy
13: if d = 0 then
14: ▷ Robust Init
15: Pd+1 ← Top-K(Sd by p(u))
16: else
17: ▷ Confidence Gating
18: md ← maxu∈Sd

p(u)
19: Pd+1 ← {u ∈ Sd | p(u) ≥ µ ·md}
20: end if
21: ▷ Budget Check
22: if |T |+ |Pd+1| > N then
23: Pd+1 ← Top-(N − |T |)(Pd+1 by p(u))
24: end if
25: T ← T ∪ Pd+1

26: d← d+ 1
27: end while
28: return T

like static methods, TALON is constrained only by 915

a global node budget N and constructs the tree iter- 916

atively until this capacity is filled. The core of Al- 917

gorithm 2 is the Hybrid Expansion Strategy, which 918

dynamically selects the expansion logic based on 919

the current depth. For the root layer (d = 0), 920

TALON employs a Robust Tree Initialization via 921

a standard Top-K expansion to mitigate potential 922

mis-calibration in the draft model’s initial predic- 923

tion. For all subsequent layers (d ≥ 1), the algo- 924

rithm switches to a Confidence-Gated Expansion 925

mechanism. It calculates an anchor confidence md 926

within the candidate pool and filters nodes using 927

a relative threshold µ (i.e., p(u) ≥ µ ·md). This 928

"prune-while-expanding" approach allows the tree 929

topology to adapt between "deep-and-narrow" for 930

deterministic contexts and "shallow-and-wide" for 931

uncertain ones. 932
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(a) (b) 

(d) (c) 

Input token          selected node       dropped node       

EAGLE-2: Dynamic Structure, Fixed Depth and Width

Figure 8: Examples of EAGLE-style draft token trees. At each layer, EAGLE uses a top-K operation to select K
nodes as next layer parents. In this way, EAGLE can dynamically adjust the edges between last-layer parents and
current-layer children. However, they cannot adjust K to adapt for contexts, which leads to significant resource
wastes.

B Token-Tree Verification933

The verification phase of our framework adheres to934

the standard paradigm of tree-based speculative de-935

coding, widely adopted in the field (Li et al., 2025b;936

Miao et al., 2024). By utilizing the Tree Attention937

mechanism, the target LLM verifies the entire draft938

tree in a single forward pass. A structured attention939

mask ensures that each token within the tree attends940

only to its predecessors along the root-to-leaf path,941

effectively simulating independent parallel verifica-942

tions for all candidate branches while maintaining943

causal consistency.944

Following the methodology established in Li945

et al. (2025b), the verification proceeds in three946

key steps: (1) calculating the posterior probability947

of each token in the tree given the target model’s948

output; (2) selecting the optimal valid prefix that949

satisfies the acceptance criteria; and (3) resampling950

a correction token from the residual distribution951

at the point of divergence. This rigorous process952

guarantees that the final output distribution is math-953

ematically identical to that of the target model. We954

refer readers to the original EAGLE paper (Li et al.,955

2025b) for detailed algorithms and proofs.956

C Additional Motivated Experiments 957

To demonstrate the generality of the limitations 958

observed in Section 3, specifically the "Accep- 959

tance Funnel" phenomenon and the "Static Depth 960

Dilemma," we conduct additional empirical anal- 961

yses on a broader range of LLMs. These experi- 962

ments confirm that the inefficiencies of static tree 963

structures are not model-specific artifacts but inher- 964

ent challenges in speculative decoding. 965

C.1 Heat Map Visualization of 966

LlaMA-3.1-Instruct-8B 967

In Section 4, we utilized Qwen3-8B to illustrate 968

the funnel-like distribution of accepted tokens. To 969

verify whether this pattern holds across different 970

architectures, we perform the same visualization on 971

Llama-3.1-8B-Instruct. As shown in Figure 10, the 972

results exhibit a striking similarity to our previous 973

findings. The acceptance probability in the initial 974

layer is relatively dispersed, necessitating a robust 975

search width to capture correct continuations. How- 976

ever, as the tree deepens, the acceptance mass con- 977

centrates sharply on the high-confidence regions. 978

This consistent "Acceptance Funnel" across models 979

further justifies TALON’s hybrid expansion strat- 980
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Figure 9: Real-World Mean Accepted Tokens (MAT) distribution across different queries with EAGLE baseline. We
visualize the MAT fluctuations on (a) Llama-3.1-8B, (b) Qwen3-32B, (c) Vicuna-13B, and (d) DeepSeek-R1-Distill-
8B. Across varying parameter scales and architectures, we consistently observe significant volatility in generation
difficulty: low-entropy tasks (e.g., Math/Coding) often allow for high acceptance, while high-entropy tasks (e.g.,
Roleplay) necessitate shallow trees. This universal variance highlights the limitation of static fixed-depth policies
and underscores the necessity of TALON’s adaptive strategy.

egy: enforcing robustness at the root while employ-981

ing confidence-gated pruning at deeper layers to982

eliminate the redundancy of static width.983
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Figure 10: Visualization of token acceptance frequency
with Llama-3-8B using a static draft tree (K = 10, D =
8). Consistent with Figure 3, the heatmap demonstrates
the “Acceptance Funnel” phenomenon: acceptance is
dispersed in the first layer but rapidly concentrates on
top-ranked candidates in deeper layers, rendering wide
static expansion inefficient.

C.2 Dynamic Accepted Length of Various 984

Models 985

We further extend the analysis of the "Static Depth 986

Dilemma" to evaluate how generation difficulty 987

fluctuates across different models and tasks. Figure 988

9 presents the Mean Accepted Tokens (MAT) dis- 989

tribution for Llama-3.1-8B-Instruct, Qwen3-32B- 990

Instruct, Vicuna-13B, and DeepSeek-R1-Distill- 991

LLaMA-8B, respectively. 992

Across all evaluated models and diverse task 993

categories, we observe significant volatility in the 994

effective speculation length. In deterministic, logic- 995

constrained tasks such as Math and Coding, the 996

MAT frequently reaches high peaks. In these 997

low-entropy scenarios, the draft model is often 998

confident and accurate, yet a pre-defined static 999

depth limit artificially caps the potential specula- 1000

tion length, preventing the system from fully ex- 1001

ploiting the easy context for maximum speedup. 1002

Conversely, in open-ended or high-entropy tasks 1003

like Roleplay or Writing, the acceptance length 1004

often drops significantly due to higher uncertainty. 1005

Here, a rigid static tree forces the draft model to 1006

hallucinate deep branches that are destined for re- 1007

jection, resulting in wasted computation. This uni- 1008

15



versal variance underscores that a "one-size-fits-1009

all" static tree structure is fundamentally subopti-1010

mal, highlighting the necessity of TALON’s budget-1011

driven adaptive mechanism that dynamically ad-1012

justs tree depth based on real-time confidence.1013

D Derivation of Draft Efficiency1014

In this section, we provide the detailed derivation1015

of the wall-time speedup formula presented in Sec-1016

tion 5.3. We define the wall-clock time for a sin-1017

gle forward pass of the draft model and the target1018

model as Tq and Tp, respectively. Let L denote the1019

total number of tokens in the final generated output1020

sequence. Throughout the generation process, the1021

draft model executes a total of Nq forward passes,1022

while the target model executes Np verification1023

steps.1024

In standard Auto-Regressive (AR) decoding, the1025

target model generates tokens sequentially, result-1026

ing in a total inference latency:1027

TAR = L · Tp, (8)1028

In contrast, Speculative Decoding (SD) decouples1029

the process into drafting and verification phases.1030

The total latency is the sum of time spent on both1031

phases, expressed as:1032

TSD = Np · Tp +Nq · Tq. (9)1033

The wall-time speedup R is strictly defined as the1034

ratio of the baseline latency to the speculative la-1035

tency:1036

R =
TAR

TSD
=

L · Tp

Np · Tp +Nq · Tq
. (10)1037

To relate this speedup to algorithmic efficiency, we1038

simplify the fraction by dividing both the numera-1039

tor and the denominator by Np · Tp. We introduce1040

three key metrics: (1) the relative model cost c:1041

c =
Tq

Tp
, (11)1042

(2) the Mean Accepted Tokens τ :1043

τ =
L

Np
, (12)1044

and (3) the Draft Efficiency δ1045

δ =
Nq

Np
, (13)1046

which quantifies the computation invested in draft- 1047

ing per verification step. Substituting these vari- 1048

ables into Equation 10 yields: 1049

R =

L
Np

1 +
Nq

Np
· Tq

Tp

=
τ

1 + c · δ
. (14) 1050

This relationship highlights the advantage of 1051

TALON. Static methods enforce a fixed depth D, 1052

locking draft efficiency to a constant δ = D + 1. 1053

Consequently, when the acceptance length τ drops 1054

in difficult contexts, the speedup R degrades sig- 1055

nificantly. In contrast, TALON dynamically adjusts 1056

the tree size, reducing δ in uncertain scenarios. By 1057

ensuring the draft cost δ scales down alongside 1058

τ , TALON preserves a robust speedup R across 1059

varying generation difficulties. 1060

E Details of Experiments 1061

E.1 Implementation Details 1062

E.1.1 Comparison Baselines 1063

To strictly evaluate the effectiveness of TALON, 1064

we compare it against a comprehensive set of com- 1065

petitive baselines, categorizing them into chain- 1066

based, tree-based and other MLP-based specula- 1067

tive decoding approaches. We first include stan- 1068

dard Speculative Decoding (SD) (Leviathan et al., 1069

2023; Chen et al., 2023) as the fundamental chain- 1070

based baseline to measure the raw speedup gain 1071

over auto-regressive decoding. For MLP-based 1072

methods, which aim to reuse target hidden states 1073

with MLP to predict multiple draft tokens, we com- 1074

pare against MEDUSA (Cai et al., 2024) and HY- 1075

DRA (Ankner et al., 2024). These methods employ 1076

lightweight MLP decoding heads to predict sub- 1077

sequent tokens in parallel, representing a distinct 1078

direction in efficiently drafting. 1079

In the realm of tree-based speculative decoding, 1080

we select EAGLE-3 (Li et al., 2025a) as the pri- 1081

mary state-of-the-art baseline. EAGLE-3 utilizes 1082

feature-level auto-regression with a multi-layer fu- 1083

sion mechanism and typically constructs a static 1084

draft tree with fixed width and depth. Comparing 1085

against EAGLE-3 allows us to directly demonstrate 1086

the advantages of our adaptive topology over rigid 1087

geometric constraints. 1088

Most importantly, we include OPT-Tree (Wang 1089

et al., 2024) as a key baseline, as it represents the 1090

related work most closely aligned with TALON. 1091

Similar to our approach, OPT-Tree aims to opti- 1092

mize the draft tree topology. However, a critical 1093
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Target Model Method Draft Model Checkpoint (Hugging Face)

Vicuna-1.3-13B

Medusa FasterDecoding/medusa-vicuna-13b-v1.3
Hydra ankner/hydra-vicuna-13b-v1.3
SD (Standard) double7/vicuna-68m
OPT-Tree / EAGLE-3 / TALON yuhuili/EAGLE3-Vicuna1.3-13B

DSL-8B EAGLE-3 / TALON yuhuili/EAGLE3-DeepSeek-R1-Distill-LLaMA-8B

Llama-3.1-8B-Instruct EAGLE-3 / TALON yuhuili/EAGLE3-LLaMA3.1-Instruct-8B

Qwen3-8B EAGLE-3 / TALON AngelSlim/Qwen3-8B_eagle3

Qwen3-32B EAGLE-3 / TALON AngelSlim/Qwen3-32B_eagle3

Table 2: List of draft model checkpoints used in our experiments. TALON shares the identical draft weights with
EAGLE-3 across all tested benchmarks to ensure a fair evaluation of the tree topology efficiency.

distinction lies in the construction paradigm: OPT-1094

Tree typically relies on search-based heuristics or1095

a “generate-then-prune” strategy, which can intro-1096

duce non-trivial computational overhead during in-1097

ference. In contrast, TALON adopts a training-free,1098

budget-driven expansion strategy that dynamically1099

shapes the tree on the fly based on real-time con-1100

fidence, thereby achieving adaptivity without the1101

latency costs associated with complex search algo-1102

rithms.1103

E.1.2 Hardware and Software Configurations1104

Hardware Environment. All experiments are1105

conducted on a server equipped with a single1106

NVIDIA H200 (141GB) GPU (NVIDIA et al.,1107

2020). We perform all evaluations with a batch1108

size of 1 to follow the standard settings and simu-1109

late real-world latency-critical inference scenarios.1110

Software Environment. Our implementation is1111

based on PyTorch (Paszke et al., 2019) version1112

2.6.0+cu124 and Transformers (Wolf et al.,1113

2020) version 4.57.1. The code is compiled with1114

CUDA 12.8. For SD (Vanilla Speculative Decod-1115

ing), we use Transformers’ official assisted decod-1116

ing with their default settings. For MEDUSA and1117

HYDRA, we use their official codebases and ad-1118

here to their recommended environment settings1119

to ensure fair comparison. For OPT-Tree, as its1120

official codebase only supports EAGLE-2, we re-1121

implement OPT-Tree to use official EAGLE-3 draft1122

model checkpoint.1123

Generation Configuration. Unless otherwise1124

specified, we employ greedy decoding (Temper-1125

ature T = 0) for the main speedup benchmarks1126

reported in Table 1. For the robustness experiments1127

under stochastic sampling (Table 3), we set the tem-1128

perature to T = 1.0 (No additional top-k or top-p1129

operation). The maximum generation length is set 1130

to 1024 tokens for standard benchmarks. Regard- 1131

ing TALON’s hyper-parameters, we set the global 1132

token budget N = 60 and the confidence threshold 1133

µ = 0.03 by default across all models, K = 10 for 1134

robust tree initialization. For EAGLE-3, we set the 1135

tree width K = 10 and D = 8, which is reported 1136

as optimal values in their manuscripts. 1137

E.1.3 Draft Model Selection 1138

To ensure full reproducibility and a strictly fair 1139

comparison, we list the exact Hugging Face model 1140

checkpoints used for all draft models in our ex- 1141

periments. Crucially, for TALON, we utilize the 1142

exact same draft model checkpoints as the state-of- 1143

the-art baseline EAGLE-3 (and OPT-Tree where 1144

applicable). This ensures that any observed perfor- 1145

mance gains are attributed solely to our adaptive 1146

tree expansion algorithm rather than superior draft 1147

weights. The detailed configurations are provided 1148

in Table 2. 1149

E.2 More Visualization Results of Draft 1150

Efficiency 1151

To comprehensively validate the theoretical effi- 1152

ciency analysis presented in Section 5.3, we pro- 1153

vide extended visualizations of the relationship be- 1154

tween Draft Efficiency (δ) and Mean Accepted To- 1155

kens (τ ) across varying model architectures. Fig- 1156

ure 11 illustrates this correlation for Llama-3.1-8B- 1157

Instruct, Qwen3-32B, Vicuna-13B, and Qwen3- 1158

8B. In these plots, the x-axis represents the ac- 1159

ceptance length (how many tokens are actually ac- 1160

cepted within each decoding step), while the y-axis 1161

represents the computational overhead draft effi- 1162

ciency (the ratio of draft steps to verification steps). 1163

The gray dashed line serves as the Oracle baseline 1164

(τ = δ), representing an ideal zero-waste scenario 1165
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Figure 11: Detailed visualization of Draft Efficiency (δ) versus Mean Accepted Tokens (τ ) across four different
LLMs. The x-axis represents the mean accepted length, while the y-axis represents the computational cost (draft
steps per verification). The gray dashed line denotes the optimal Oracle baseline (τ = δ) where no computation is
wasted. While the static EAGLE-3 baseline (orange) maintains a fixed high cost regardless of difficulty, TALON
(blue) dynamically adjusts its draft budget, closely tracking the Oracle curve and significantly reducing computational
waste in high-entropy (low τ ) scenarios and increasing acceptance reward in low-entropy (high τ ) scenarios.

where every drafted token is accepted.1166

As clearly demonstrated across all four sub-1167

figures, the static baseline (EAGLE-3) exhibits1168

a rigid, horizontal trajectory. This pattern con-1169

firms that static tree-based methods incur a con-1170

stant computational overhead determined solely1171

by their fixed geometric hyperparameters (width1172

K and depth D), regardless of the actual gener-1173

ation difficulty. Consequently, in high-entropy1174

scenarios where the acceptance length τ is low,1175

static methods suffer from a substantial "efficiency1176

gap"—highlighted by the extensive orange shaded1177

regions—indicating that the system is squander-1178

ing computational resources on generating draft1179

branches that are destined to be rejected.1180

In sharp contrast, TALON demonstrates a highly1181

adaptive behavior, with its efficiency curve strictly1182

tracking the Oracle baseline across the entire spec- 1183

trum of generation difficulties. The upward-sloping 1184

blue trajectory indicates that TALON dynamically 1185

modulates its resource investment: it autonomously 1186

reduces the draft budget in uncertain contexts to 1187

minimize waste, while scaling up the tree size in 1188

deterministic contexts to maximize the acceptance 1189

length. This tight alignment between the draft 1190

cost (δ) and the acceptance reward (τ ) empirically 1191

verifies that our confidence-gated expansion strat- 1192

egy effectively decouples the draft structure from 1193

rigid constraints, ensuring that computational re- 1194

sources are allocated only when they yield a posi- 1195

tive marginal utility. (Notably, the curve of Qwen3- 1196

8B and Qwen3-32B is relatively far from oracle 1197

line, suggesting that there is still a room to increase 1198

TALON’s end-to-end speedup. We will show in fol- 1199
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Figure 12: Ablation study on the global token budget (N ). We compare the wall-time generation speed of TALON
against the EAGLE-3 baseline across varying budget constraints ranging from N = 32 to N = 96. The results
demonstrate that TALON consistently outperforms the static baseline across all budget levels. The performance gap is
particularly pronounced in resource-constrained settings (e.g., N = 32), confirming that TALON’s confidence-gated
expansion strategy is significantly more efficient at prioritizing high-value draft tokens than the rigid "expand-then-
shrink" mechanism of static methods.

lowing sections that decreasing TALON’s threshold1200

from default 0.03 to smaller threshold 0.01 yields1201

better performance.)1202

E.3 More Evaluation Results under1203

Temperature Settings1204

While the primary evaluations in the main text fo-1205

cus on greedy decoding (Temperature T = 0),1206

real-world LLM applications—particularly creative1207

writing and open-ended chat—frequently rely on1208

stochastic sampling to induce diversity in the gener-1209

ated content. To rigorously assess the robustness of1210

our framework in these non-deterministic scenar-1211

ios, we conduct a comprehensive evaluation using1212

standard sampling with Temperature T = 1. The1213

detailed comparative results between TALON and1214

the state-of-the-art baseline EAGLE-3 are reported1215

in Table 3.1216

As evidenced by the quantitative results, TALON1217

consistently outperforms EAGLE-3 across all eval-1218

uated models and benchmarks, demonstrating su-1219

perior adaptability to stochastic environments. A1220

fundamental challenge in high-temperature settings1221

is that the target model’s probability distribution1222

becomes flatter, reducing the dominance of the top-1223

1 token and increasing the likelihood of selecting1224

lower-ranked candidates. Static approaches like1225

EAGLE-3, which enforce a fixed width and depth,1226

often struggle in this regime because they rigidly1227

expand the top-K candidates regardless of the en-1228

tropy. This leads to a scenario where the draft tree1229

either misses the sampled token due to insufficient1230

coverage in uncertain branches or wastes computa-1231

tion on high-confidence paths that are not selected.1232

In contrast, TALON’s confidence-gated expan-1233

sion strategy naturally excels under these condi-1234

tions. By determining the tree topology based 1235

on relative probability thresholds rather than a 1236

fixed node count, TALON dynamically widens 1237

the search space in high-entropy layers to capture 1238

the dispersed probability mass, while keeping the 1239

tree narrow in clearer contexts. This flexibility is 1240

reflected in the substantial speedup gains; for in- 1241

stance, on the Vicuna-13B model for HumanEval, 1242

TALON achieves a wall-time speedup of 3.97×, sig- 1243

nificantly surpassing the 3.53× speedup of EAGLE- 1244

3. Similarly, on Qwen3-8B, TALON maintains 1245

a distinct advantage in both reasoning-intensive 1246

tasks like GSM8K and open-ended tasks like Al- 1247

paca. These findings confirm that TALON’s budget- 1248

driven mechanism is not limited to deterministic 1249

acceleration but is a robust solution for diverse 1250

generation settings, effectively mitigating the ef- 1251

ficiency degradation often observed in stochastic 1252

speculative decoding. 1253

E.4 More Ablation Studies of TALON 1254

In this section, we conduct in-depth ablation studies 1255

to evaluate the sensitivity and robustness of TALON 1256

with respect to its two key hyper-parameters: the 1257

global token budget (N ) and the confidence thresh- 1258

old (µ). 1259

Impact of Global Token Budget (N ). We first 1260

investigate how the inference performance scales 1261

with the available computational budget. Figure 12 1262

compares the wall-time speedup of TALON against 1263

the EAGLE-3 baseline across varying node bud- 1264

gets ranging from 32 to 96. For a fair comparison, 1265

we apply the same global budget constraint to EA- 1266

GLE-3 using its standard pruning mechanism. The 1267

results demonstrate that TALON consistently out- 1268

performs the static baseline across all budget levels. 1269
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Figure 13: Sensitivity analysis of the confidence threshold µ. This parameter controls the trade-off between
exploration width and generation depth. The results indicate that the optimal µ is positively correlated with the
model’s draft-target alignment (MAT). For models with lower alignment like Qwen3-8B (a), a lower threshold
(µ = 0.01) yields the best performance by encouraging a "shallow-and-wide" search to ensure coverage. In contrast,
for highly aligned models like DSL-8B (c), a higher threshold (µ = 0.04) is preferred to form "deep-and-narrow"
chains that maximize the speculation length.
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Table 3: Main Results on Six Benchmarks (Temperature=1). Comparison between EAGLE-3 and our proposed
TALON across various models. We report Mean Acceptance Tokens (MAT) and Wall-time Speedup relative to
standard decoding. Bold numbers denote the best speedup performance.

Model Method
Alpaca GSM8K HumanEval MT-Bench QA CNN/DM

MAT Spd. MAT Spd. MAT Spd. MAT Spd. MAT Spd. MAT Spd.

Vicuna-13B

EAGLE-3 5.61 3.15× 5.95 3.29× 6.77 3.78× 5.79 3.21× 4.72 2.64× 6.01 2.96×
SD 1.84 1.11× 1.84 1.08× 2.27 1.29× 2.04 1.13× 1.71 1.05× 2.21 1.23×
MEDUSA 2.83 2.19× 2.82 2.20× 2.97 2.35× 2.84 2.22× 2.49 1.92× 2.26 1.69×
HYDRA 4.23 2.86× 3.98 2.73× 4.18 2.91× 4.06 2.77× 3.31 2.25× 3.15 2.07×
OPT-Tree 5.56 3.21× 5.97 3.25× 6.47 3.53× 5.69 3.16× 4.86 2.77× 5.84 2.79×
TALON 5.43 3.28× 5.82 3.35× 7.25 3.97× 5.88 3.38× 4.63 2.82× 5.95 2.96×

DSL-8B
EAGLE-3 4.48 2.49× 6.43 3.58× 5.47 3.04× 4.56 2.55× 4.04 2.25× 4.32 2.39×
TALON 4.29 2.75× 6.44 3.70× 5.30 3.25× 4.44 2.81× 3.91 2.54× 4.17 2.63×

Llama3-8B
EAGLE-3 5.19 2.85× 4.59 2.51× 6.24 3.46× 3.96 2.20× 3.12 1.72× 4.44 2.42×
TALON 5.21 3.15× 4.74 2.84× 6.40 3.56× 4.13 2.58× 3.20 2.08× 4.33 2.62×

Qwen3-8B
EAGLE-3 3.32 1.95× 3.81 2.24× 3.77 2.20× 3.46 2.02× 3.17 1.87× 3.17 1.85×
TALON 3.28 2.25× 3.74 2.50× 3.70 2.51× 3.41 2.32× 3.15 2.17× 3.11 2.11×

Qwen3-32B
EAGLE-3 2.55 1.67× 3.22 2.10× 2.95 1.89× 2.74 1.75× 2.44 1.61× 2.46 1.51×
TALON 2.53 1.84× 3.17 2.27× 2.91 2.07× 2.71 1.92× 2.41 1.77× 2.43 1.64×

Notably, in resource-constrained scenarios (e.g.,1270

N = 32), TALON exhibits a significant advantage.1271

This indicates that our confidence-gated expansion1272

is highly efficient at prioritizing the most promising1273

candidate tokens, ensuring that a limited budget is1274

invested in high-probability paths rather than being1275

diluted by a fixed-width expansion. As the budget1276

increases to 96, TALON continues to scale effec-1277

tively, utilizing the additional capacity to extend1278

generation depth in deterministic regions, whereas1279

static methods often hit a performance plateau due1280

to their rigid structural constraints.1281

Sensitivity to Confidence Threshold (µ). Next,1282

we analyze the influence of the confidence thresh-1283

old µ on generation speed, as visualized in Fig-1284

ure 13. The threshold µ acts as a gatekeeper that1285

balances the trade-off between exploration width1286

and generation depth. Interestingly, we observe1287

that the optimal µ is positively correlated with the1288

degree of alignment between the draft and target1289

models, which can be approximated by the Mean1290

Accepted Tokens (MAT).1291

For models exhibiting high alignment and high1292

MAT, such as DeepSeek-R1-Distill-LLaMA-8B1293

(DSL-8B), the optimal threshold tends to be rel-1294

atively high (peaking around µ = 0.04). In1295

these well-aligned scenarios, the draft model’s1296

confidence is a reliable proxy for correctness;1297

thus, a stricter threshold effectively filters out un- 1298

likely branches, shaping the tree into a "deep-and- 1299

narrow" structure that maximizes draft length. Con- 1300

versely, when the draft-target alignment is weaker 1301

(resulting in lower MAT), a lower threshold be- 1302

comes more advantageous. This phenomenon ex- 1303

plains the behavior of Qwen3-8B in Figure 13, 1304

where the performance peaks at a lower threshold 1305

of µ = 0.01. Here, the draft model is less certain, 1306

necessitating a more lenient threshold to encourage 1307

"shallow-and-wide" exploration, thereby ensuring 1308

sufficient coverage of the target distribution to pre- 1309

vent early rejection. 1310

E.5 More Case Studies of TALON 1311

To qualitatively analyze the behavior of TALON, 1312

we visualize the decoding traces of a code genera- 1313

tion task in Figure 14. Code generation typically 1314

represents a low-entropy regime, where the next to- 1315

kens (e.g., syntax keywords, standard indentations) 1316

can be predicted with high confidence. 1317

As shown in the left panel, EAGLE employs a 1318

relatively static expansion strategy. Even when the 1319

model is confident, EAGLE is limited by its fixed 1320

tree structure, resulting in frequent interruptions 1321

(pink tokens) and forcing the model to resample 1322

from the target model. This limits the Mean Ac- 1323

cepted Tokens (MAT) per step. 1324
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Draft token (accepted) Target token (rejected & resampled)

EAGLE-3 (Tokens: 197 | Acc: 88.8%) TALON (Tokens: 197 | Acc: 92.4%)

<s> Here ’ s the completed code :
“‘ python
def next _ small est ( lst ):

"""
You are given a list of integers .
Write a function next _ small est () that...
Return None if there is no such element .

next _ small est ([ 1 , 2 , 3 , 4 , 5 ]) == 2

<s> Here ’ s the completed code :
“‘ python
def next _ small est ( lst ):

"""
You are given a list of integers .
Write a function next _ small est () that...
Return None if there is no such element .

next _ small est ([ 1 , 2 , 3 , 4 , 5 ]) == 2

Figure 14: Comparison of token generation traces. Left: EAGLE-3 shows frequent interruptions (pink) due to
verification failures. Right: TALON maintains longer accepted chains (cyan) by utilizing confidence-aware adaptive
trees.

In contrast, TALON (right panel) dynamically1325

leverages its confidence-gated expansion mecha-1326

nism. Upon detecting the low-entropy nature of1327

the current context, TALON adaptively allocates1328

the token budget to extend the tree depth rather1329

than width. This allows the draft model to specu-1330

late deep-and-narrow draft tokens. Consequently,1331

TALON significantly reduces the frequency of veri-1332

fication calls and achieves a higher MAT, demon-1333

strating the efficiency of adaptive token trees in1334

deterministic generation tasks.1335

E.6 Tree Construction Overhead1336

To rigorously quantify the algorithmic efficiency1337

of our proposed method, we conduct a micro-1338

benchmark focusing specifically on the tree con-1339

struction overhead. We simulate the next-token1340

probability distributions using a Zipfian distribu-1341

tion P (r) ∝ 1/rα (Holtzman et al., 2020), cov-1342

ering diverse generation scenarios ranging from1343

high-entropy creative writing tasks (α = 0.7) and1344

standard natural language (α = 1.35) to highly1345

deterministic code generation (α = 5.0). The1346

warmup step is 20, and we run each tree expansion1347

strategy 100 times and report their mean latency.1348

In this controlled environment, we compare the1349

single-layer expansion latency of EAGLE against1350

TALON. EAGLE relies on a rigid dual Top-K mech-1351

anism that performs sorting operations twice per1352

layer—once for child selection and again for par-1353

ent ranking—which scales poorly with large vocab-1354

ulary sizes. In contrast, TALON utilizes a single1355

confidence-gated sampling operation, implemented1356

via efficient element-wise masking and non-zero1357

index retrieval, which does not involving ranking1358

operation.1359

As illustrated in Figure 15, TALON consistently 1360

reduces the tree construction latency across vary- 1361

ing vocabulary sizes (32K to 152K), achieving 1362

speedups ranging from 1.18× to 1.44×. The ad- 1363

vantage is particularly pronounced in deterministic 1364

settings (α = 5.0), where our adaptive mechanism 1365

naturally sparsifies the candidate set, thereby min- 1366

imizing memory access overhead. However, it is 1367

important to acknowledge that this sampling and 1368

tree construction latency constitutes a negligible 1369

fraction (< 5%) of the total end-to-end inference 1370

time, which remains dominated by the model’s 1371

forward passes. Consequently, TALON’s primary 1372

wall-time speedup derives from its superior Draft 1373

Efficiency (δ) rather than this micro-optimization 1374

in sampling. 1375

F More Discussions to Related Work 1376

This appendix provides an extended discussion on 1377

the evolution of speculative decoding, tracing the 1378

field’s progression from chain-based verification to 1379

tree-structured verification. We highlight how vary- 1380

ing approaches trade off draft quality, verification 1381

cost, and implementation complexity. 1382

Chain-based speculative decoding. The classi- 1383

cal formulation of speculative decoding, often re- 1384

ferred to as speculative sampling, is a draft-and- 1385

verify procedure (Leviathan et al., 2023; Chen et al., 1386

2023; Zhang et al., 2024a). Given a prefix, a fast 1387

drafter autoregressively proposes a length-K con- 1388

tinuation. The target model then verifies these K 1389

positions in a single forward pass, accepting the 1390

longest matching prefix and resampling at the first 1391

mismatch. While attractive for its lossless nature, 1392

the speedup of this framework hinges strictly on 1393

the acceptance length and the computational cost 1394
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Figure 15: Runtime breakdown of the tree expansion overhead. We benchmark the latency of a single-layer
expansion step across varying vocabulary sizes (32K, 128K, 152K) using Zipfian distributions (Holtzman et al.,
2020) to simulate High Entropy (α = 0.7), Natural Language (α = 1.35), and Deterministic (α = 5.0) contexts.
TALON consistently outperforms the static dual Top-K approach of EAGLE, achieving up to 1.44× speedup in the
construction phase by avoiding expensive sorting operations. Note that this step accounts for less than 5% of the
total inference time.

ratio between the drafter and the target.1395

Improving the drafter. A major line of work fo-1396

cuses on producing higher-quality drafts with min-1397

imal overhead to boost acceptance rates. Medusa1398

(Cai et al., 2024) introduces multiple lightweight1399

decoding heads atop the target model to predict1400

several next tokens in parallel by reusing target hid-1401

den states. Because independent heads may ignore1402

intra-draft dependencies, follow-up approaches like1403

Hydra (Ankner et al., 2024) and Clover (Xiao et al.,1404

2024) introduce sequential dependencies among1405

heads to better approximate autoregressive drafting.1406

Chimera (Zeng et al., 2024) proposes a lightweight1407

draft architecture combining short-range and full-1408

context signals to enhance quality while maintain-1409

ing speed. Complementarily, GliDe with CaPE (Du1410

et al., 2024) reuses the target KV cache to lower1411

drafting overhead and employs confidence-guided1412

proposal expansion to provide stronger candidates.1413

Controlling draft length and reducing wasted1414

work. Even with a strong drafter, a fixed specula-1415

tion length K can be suboptimal: large K wastes1416

computation when acceptance is low, while small1417

K caps potential speedup. SpecDec++ (Huang1418

et al., 2025) formulates the candidate length selec-1419

tion as an MDP, adaptively stopping drafting using1420

an acceptance-prediction signal. DISCO (Mamou1421

et al., 2024) similarly predicts when to stop spec-1422

ulation by dynamically selecting the speculation1423

length. PEARL (Liu et al., 2025a) addresses the1424

system-level bottleneck of mutual waiting between1425

drafting and verification by overlapping phases and1426

enabling segmented, adaptive draft lengths. Addi-1427

tionally, Block Verification (Sun et al., 2025) has1428

been proposed to accelerate the verification phase 1429

itself. 1430

Addressing training–inference misalignment. 1431

When a specialized drafter is trained, mismatches 1432

between training distributions and inference-time 1433

contexts can hurt acceptance. HASS (Zhang et al., 1434

2025) proposes harmonized objectives and context 1435

alignment to reduce these inconsistencies. CORAL 1436

(Weng et al., 2025) further improves consistency 1437

via cross-step representation alignment and reduces 1438

the effective cost of the LM head. Orthogonally, 1439

Judge Decoding (Bachmann et al., 2025) observes 1440

that many rejected tokens are plausible and pro- 1441

poses relaxing verification via a compact judging 1442

module. 1443

Tree-based speculative decoding. Tree-based 1444

Speculative Decoding (SD) generalizes the draft 1445

chain into a draft tree, enabling the verifier to 1446

choose among multiple candidate branches. This 1447

significantly reduces the penalty of early mis- 1448

matches. The key enabler is tree attention, which 1449

allows the target model to verify multiple paths in 1450

parallel (Miao et al., 2024; Cai et al., 2024). 1451

Token-tree verification and structured drafting. 1452

SpecInfer (Miao et al., 2024) is a representative 1453

early system that organizes drafter outputs into a 1454

token tree verified via tree-based attention. EA- 1455

GLE (Li et al., 2025b) advances this by perform- 1456

ing autoregression at the feature level. EAGLE-2 1457

(Li et al., 2024) introduces a context-aware dy- 1458

namic draft tree guided by drafter confidence, while 1459

EAGLE-3 (Li et al., 2025a) further improves draft- 1460

ing via multi-layer fusion and training-time tech- 1461
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niques.1462

Training-free tree construction via retrieval. To1463

avoid training specialized drafters, some meth-1464

ods combine SD with retrieval. REST (He et al.,1465

2024) retrieves draft tokens from a datastore, while1466

Prompt Lookup Decoding (Saxena, 2023) lever-1467

ages n-gram matching within the current context.1468

Token Recycling (Luo et al., 2024) stores previ-1469

ously observed candidate-token transitions in a1470

compact adjacency matrix to retrieve a draft tree.1471

SAM-Decoding (Hu et al., 2024) utilizes a suf-1472

fix automaton to efficiently find the longest suffix1473

match for drafting. LogitSpec (Liu et al., 2025b)1474

proposes to use the last logit as a guidance to1475

retrieve more matched and accurate draft tokens.1476

While plug-and-play, these methods are bounded1477

by the availability of high-quality matches in the1478

context or datastore. Alternative draft-model-free1479

approaches like Lookahead Decoding (Fu et al.,1480

2024) generate parallel n-grams using Jacobi itera-1481

tion, and EESD (Liu et al., 2024) uses early exiting1482

from intermediate layers to generate drafts.1483

Tree-attention efficiency. Since tree-based SD1484

relies on non-trivial KV updates, system efficiency1485

is critical. DeFT (Yao et al., 2025) proposes an1486

IO-aware flash tree-attention algorithm tailored for1487

tree-structured inference to improve verification1488

throughput.1489

Summary and positioning of TALON. While1490

tree-based SD has become a standard paradigm,1491

existing approaches face distinct limitations in1492

adaptability and efficiency. Learning-based meth-1493

ods, such as C2T (Huo et al., 2025) and AdaEA-1494

GLE (Zhang et al., 2024b), require training spe-1495

cialized modules and remain constrained by rigid1496

parameter spaces (e.g., predicting a fixed K),1497

failing to achieve fully elastic topology changes.1498

Optimization-based methods also exhibit draw-1499

backs: Sequoia (Chen et al., 2025) relies on of-1500

fline algorithms to find a globally optimal tree, re-1501

sulting in a static template that cannot adapt to1502

instance-wise difficulty. Similarly, search-based1503

strategies like OPT-Tree (Wang et al., 2024) of-1504

ten follow a “generate-then-prune” paradigm or1505

employ complex search heuristics at inference1506

time, which introduces non-trivial computational1507

overhead. TALON distinguishes itself through a1508

training-free, budget-driven framework that op-1509

erates via on-the-fly construction. Analogous to1510

“pre-pruning” in decision trees, TALON adopts a1511

“prune-while-expanding” strategy: it iteratively al-1512

locates the node budget based on real-time con- 1513

fidence, naturally halting expansion in uncertain 1514

branches without generating wasteful nodes first. 1515

This allows the draft tree to fluidly morph between 1516

“deep-and-narrow” and “shallow-and-wide” shapes, 1517

maximizing speculation utility with minimal con- 1518

struction cost. 1519

G LLM Usage 1520

We used a large language model (LLM)–based writ- 1521

ing assistant solely for grammar and wording im- 1522

provements on draft text. The LLM did not gener- 1523

ate research ideas, claims, proofs, algorithms, code, 1524

figures, or analyses, and it did not have access to 1525

any non-public data. All edits suggested by the 1526

LLM were manually reviewed and either accepted 1527

or rewritten by the authors, who take full respon- 1528

sibility for the final content. The LLM is not an 1529

author of this paper. 1530
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