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Abstract

Speculative decoding accelerates Large Language Model (LLM) inference by using1

a small draft model to predict multiple tokens, and a large target model to verify2

these tokens in parallel. Recent studies leverage the hidden state of the target3

model to enhance draft model prediction accuracy. However, existing methods4

suffer from the degrading quality of draft token predictions at later positions, due5

to error accumulation in draft model generated features. In this paper, we propose6

Position Specialists (POSS), which consist of multiple position-specialized draft7

layers to generate tokens at assigned position(s). Position specialists greatly im-8

prove token acceptance rate at later positions per drafting round, as each specialist9

only needs to focus on handling a certain level of draft model feature devia-10

tion. Experiment results on Llama-3-8B-Instruct and Llama-2-13B-chat across11

six datasets demonstrate that POSS effectively improves over baselines on aver-12

age acceptance length and speed-up ratio. Our codebase is available at https:13

//github.com/poss-speculative-decoding/Position-Specialist.14

1 Introduction15

Speculative decoding [1, 2] is an effective approach to accelerate the generation of Large Language16

Models (LLMs) through a draft-then-verify framework. Specifically, it employs a lightweight draft17

model to generate candidate tokens autoregressively, which are then verified by the larger target18

model in parallel to determine accepted tokens from proposed draft tokens, thereby reducing overall19

decoding time. The effectiveness of speculative decoding largely depends on the average acceptance20

length τ (accepted token counts per round) from the prediction depth L (predicted token counts21

generated by the draft model per round).22

Recent efforts [3, 4, 5] utilize the target model hidden states as input to enhance draft model prediction23

accuracy. EAGLE [4, 5] employs a one-layer Transformer as the draft model and trains it to predict24

the next token with features from the target model. During inference, however, the target model25

features at unverified positions are inaccessible and are substituted by draft model features. This26

training–inference discrepancy harms prediction accuracy severely. HASS [6] partially addresses this27

by training the draft model to predict next tokens with features from previous draft steps. As draft28

position increases, the predicted features deviate more from the ground-truth features from target29

model. Therefore, HASS suffers from relying on a single draft model to predict tokens at multiple30

positions.31

To address this challenge, we propose Position Specialists (POSS), a novel framework that consists32

of multiple position-specialized draft layers, called as position specialists. Each position specialist is33

trained to predict tokens at its assigned position(s), and only needs to handle an expected level of34

feature deviation at that position, thus enabling more accurate draft token predictions than a single35

draft model.36
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2 Background: Hidden State Assisted Speculative Decoding37

Recent research efforts [3, 4, 5] discover the potential of the target model’s hidden state. EAGLE and38

EAGLE-2 [4, 5] represent a significant breakthrough in speculative decoding through concatenating39

input embedding with feature vectors. It employs a one-layer Transformer as the draft model θD and40

reuses LM Head of the target model for token prediction. At generation step t, θD predicts the next41

first token xt+1 based on context x≤t and features f<t:42

P (xt+1) = Head(θD([xt; f
(T )
t−1], [xt−1; f

(T )
t−2], . . . , [x1; f

(T )
0 ])) (1)

where x and f are short for token embedding and model’s feature, and the subscripts represent the43

timesteps. The superscripts of f denote the source of it, e.g., f (T ) and f (Di) represent features from44

the target model and the ith draft step of the draft model.45

When drafting tokens xt+k(k > 1), it differs from Equation (1) in the input. As features f (T )
t+j(j ≥ 0)46

are accessible only after verification of the target model, features of the draft model, f (D), are used47

instead. Then, the prediction of tokens xt+k(k > 1) is given by Equation (2).48

P (xt+k) = Head(θD([xt+k−1; f
(Dk−1)
t+k−2 ], . . . , [xt+1; f

(D1)
t ], [xt; f

(T )
t−1], . . . , [x1; f

(T )
0 ])) (2)

Although EAGLE-2 inferences with Equation (2), it is solely trained on Equation (1), known as49

“teacher forcing”. This exhibits a fundamental training-inference discrepancy: θD predicts the50

subsequent tokens (k > 1) with its own generated features during inference, but it never observes51

its own prediction errors during training. HASS [6] mitigates the discrepancy through recursive52

feature alignment in training, where θD is trained to predict subsequent tokens with its own generated53

features from earlier timesteps. However, the systematic discrepancy can never be eliminated, and54

the prediction errors accumulate as draft steps increases. Worse still, existing researches rely heavily55

on the generalizability of a single draft layer for multi-position token generation, which impairs its56

ability to effectively predict long draft sequences.57

3 Method: Position Specialists that Improve Position-Wise Acceptance Rate58

To demonstrate the generalization limitation of EAGLE-2 and HASS, we first introduce the metric59

position-wise acceptance rate (pos-acc), which measures the probability that a token at position i is60

accepted given that its preceding token at position i− 1 is accepted. The strict definition of pos-acc61

is displayed in Appendix A.62
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Figure 1: Position-wise acceptance rate (pos-
acc) of the ith token on MT_Bench dataset by
various speculative decoding methods. The
pos-acc of EAGLE-2 and HASS decays fast
as the draft sequence gets longer. Our pro-
posed POSS method keeps a stable and higher
pos-acc even at the deepest position (draft
model prediction depth L = 6).

We present the empirical pos-acc in Figure 1.63

EAGLE-2’s pos-acc deteriorates rapidly beyond posi-64

tion k = 1, because the draft model is solely trained65

on predicting the next immediate token. HASS is able66

to maintain relatively higher pos-acc because its draft67

model is trained on multiple subsequent positions.68

However, since its single draft model needs to bal-69

ance between multiple positions, the pos-acc drops70

by about 1 percent at the starting position k = 1.71

To address this limitation, we introduce Position72

Specialists (POSS) to preserve early-position accep-73

tance rate while enhancing later position predictions.74

POSS consists of multiple position-specialized draft75

layers, called position specialists. Each specialist76

is trained for certain position(s) and generates draft77

tokens at its assigned position(s). The number of78

positions that a specialist is assigned to can be pre-79

defined as n, and POSS-n means each specialist is80

responsible for n positions.81

Figure 2 illustrates the training of POSS to explain why position specialists are better than a single82

draft model. Despite being trained, the draft model inevitably generates hidden states (features)83
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Figure 2: This figure shows a comparison of hidden state (feature) training between POSS and
previous work. The draft model generated feature inevitably deviates from the target model, and the
deviation level increases with error propagation in the draft model(s). In previous work, one draft
model learns to mitigate varying levels of feature gaps. In POSS method, position specialists can
focus on mitigating expected levels of feature deviation.

that deviate from the target model. The deviation ||f (D)
i − f

(T )
i || increases with position i through84

error propagation in the autoregressive draft process, as visualized by the purple arrow in Figure 2.85

While previous approaches like HASS train a single draft model to handle varying levels of input86

noise – a challenging task for a single-layer architecture, our POSS method employs position-specific87

specialists to handle the narrow and expected levels of feature deviation , enabling more accurate88

draft sequence prediction by decomposing it into position-specific subtasks.89

Following previous work, POSS applies a token-level cross-entropy loss and a feature-level Smooth90

L1 loss [7], but the gradient at different draft positions updates corresponding specialist layers.91

4 Experiment92

4.1 Experiment Setup93

Metrics. We evaluate the performance of our approach using two key metrics: speed-up ratio and94

average acceptance length. They are introduced in detail in Appendix B.1.95

Datasets. We conduct comprehensive experiments on six datasets, following EAGLE-2 [4]. This96

includes MT-Bench [8] for multi-turn conversation, Alpaca [9] for instruction following, GSM8K [10]97

for mathematical reasoning, Natural Questions [11] for question answering, CNN/Daily Mail (short-98

ened to CNN/DM) [12] for summarization, and HumanEval [13] for code generation.99

Target Models. We evaluate our method on two model sizes: Llama-3-8B-Instruct and Llama-100

2-13B-chat. This allows us to evaluate how our approach performs across model sizes. Llama-3-101

8B-Instruct serves as our primary model for ablation studies and detailed analysis, while Llama-2-102

13B demonstrates the scalability of our method to larger models. The implementation details are103

introduced in Appendix B.2.104

4.2 Results105

We present the average acceptance lengths and speed-up ratio in Table 1. Our methods achieve the106

highest overall average acceptance length under different settings, demonstrating the effectiveness of107

position specialists in making accurate draft predictions. When L3 8B serves as the target model,108

POSS achieves consistently higher speed-up ratio over the baselines. When L2 13B is the target109
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model and generates stronger feature representations, POSS is less advantageous, but POSS-3 still110

achieves the highest speed-up ratio.111

Due to extra computation overhead, the observed advantage of POSS on speed-up ratio is less112

significant than the average acceptance length. In Appendix D, we discuss the trade-off between113

the computation time cost and the gain in average acceptance length, and empirically demonstrate114

POSS is beneficial.115

Table 1: Average acceptance length τ and speed-up ratio of all methods. L3 8B represents Llama-3-
8B-Instruct, L2 13B represents Llama-2-13B-Chat.

Average Acceptance Length
Model Method MT-Bench Alpaca GSM8K Natural Questions CNN/DM HumanEval Avg.

L3 8B

EAGLE-2 4.11 4.32 4.25 3.38 3.61 4.70 4.06
HASS 4.42 4.62 4.61 3.54 3.92 5.20 4.39

POSS-1 (ours) 4.54 4.78 4.82 3.65 4.06 5.39 4.54
POSS-2 (ours) 4.54 4.83 4.83 3.63 4.06 5.40 4.55
POSS-3 (ours) 4.52 4.82 4.81 3.64 4.05 5.41 4.54

L2 13B

EAGLE-2 4.86 4.64 5.01 4.15 4.30 5.78 4.79
HASS 5.40 5.31 5.47 4.55 4.71 6.47 5.32

POSS-1 (ours) 5.40 5.23 5.60 4.57 4.78 6.48 5.34
POSS-2 (ours) 5.39 5.27 5.58 4.59 4.79 6.51 5.36
POSS-3 (ours) 5.40 5.28 5.62 4.60 4.80 6.51 5.37

Speed-up Ratio
Model Method MT-Bench Alpaca GSM8K Natural Questions CNN/DM HumanEval Avg.

L3 8B

EAGLE-2 2.77x 2.79x 2.87x 2.29x 2.27x 3.08x 2.68x
HASS 2.94x 2.97x 3.11x 2.38x 2.47x 3.48x 2.89x

POSS-1 (ours) 2.96x 3.00x 3.19x 2.49x 2.50x 3.52x 2.94x
POSS-2 (ours) 2.99x 3.14x 3.25x 2.45x 2.52x 3.52x 2.98x
POSS-3 (ours) 2.96x 3.10x 3.17x 2.45x 2.50x 3.53x 2.95x

L2 13B

EAGLE-2 2.99x 2.95x 3.23x 2.71x 2.49x 3.71x 3.01x
HASS 3.28x 3.34x 3.52x 2.96x 2.72x 4.15x 3.33x

POSS-1 (ours) 3.16x 3.18x 3.47x 2.86x 2.63x 3.99x 3.21x
POSS-2 (ours) 3.22x 3.26x 3.54x 2.93x 2.72x 4.11x 3.30x
POSS-3 (ours) 3.28x 3.32x 3.59x 2.96x 2.74x 4.12x 3.34x

4.3 Analysis on Position-Wise Acceptance Rate116
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Figure 3: The position-wise acceptance rate of
EAGLE-2, HASS, and variants of POSS. Experi-
ments are conducted on MT-Bench dataset, with
base model Llama-3-8B-Instruct and draft depth=8.
Three variations of our method maintain a rela-
tively higher pos-acc even at the 8th position.

In Figure 3, we show the pos-acc with a draft117

depth of 8. The empirical results demonstrate118

that POSS largely improves pos-acc by miti-119

gating the feature deviation at each position.120

EAGLE-2, with the least position generalization121

ability, has pos-acc lower than 65% from the 5th122

position on. HASS can only maintain adequate123

pos-acc at the first four positions, after which124

performance degrades significantly due to one125

single draft model. In contrast, all variants of126

our POSS method maintain substantially higher127

pos-acc until the last position.128

5 Conclusion129

This paper proposes POSS, a draft model con-130

sisting of several position specialists. This131

method mitigates feature deviation between the draft and target models, and reduces the devia-132

tion accumulation across draft positions. Experiments show that POSS maintains a high position-wise133

acceptance rate at large positions, achieving a larger acceptance length and faster generation speed134

than other methods.135
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A Position-Wise Acceptance Rate (pos-acc)189

In this section, we provide a formal definition of Position-Wise Acceptance Rate. The pos-acc at190

position i is defined as:191

pos-acci = P (Ai | Ai−1) =
P (Ai−1 ∩Ai)

P (Ai−1)
=

P (Ai)

P (Ai−1)
, i > 1 (3)

where Ai denotes the event that the token at position i is accepted during the verifying process.192

Notice that the target model acceptance follows a strict sequential dependency: if xi is accepted, its193

preceding tokens x[0:i−1] must also have been accepted, and therefore Ai ⊂ Ai−1.194

We point out that higher pos-acc is crucial for achieving a higher acceptance length τ at each draft-195

verification round. For a draft sequence of length L, the probability of accepting all draft tokens up to196

position k (k ≤ L) is:197

P (Ak) = P (A1 ∩A2 ∩ · · · ∩Ak) =

{
P (A1) if k = 1

P (A1)
∏k

i=2 pos-acci if k > 1
(4)

This chain rule decomposition reveals that the overall acceptance length depends on the multiplication198

of pos-acc, and is particularly sensitive to degradation in any single position. Notably, token prediction199

inherently becomes more challenging at later positions due to the accumulation of prediction errors200

and the increasing uncertainty in longer draft positions.201

Besides, Equation (4) highlights the importance of accuracy at early positions. For example, a lower202

P (A1) affects not only the first position but also later positions through the chain rule. As a result,203

although the pos-acc of HASS drops by about 1 percent at position k = 1 in Figure 1, it critically204

impairs the overall acceptance length due to the multiplicative nature of the acceptance probability.205

B Experiment Details206

B.1 Metrics207

• Speed-up Ratio: The speed-up ratio measures the improvement in generation efficiency compared208

to the vanilla target model decoding, calculated as the ratio between throughputs (tokens generated209

per second) of a speculative decoding approach to that of the target model autoregressive decoding.210

• Average Acceptance Length τ : The average acceptance length represents the mean number of211

tokens accepted in each round of L drafting positions (denoted as prediction length). It reflects212

how effectively the draft model can predict longer sequences that match the target model output.213

Longer acceptance lengths generally correlate with improved efficiency as they reduce the number214

of draft iterations needed.215

B.2 Implementations216

Our implementation is built upon the open-source repositories of EAGLE-2 and HASS. We experiment217

with EAGLE-2, HASS, and our method with configurations of POSS-1, 2, 3, where POSS-3 adds the218

least extra layers and computation overhead.219

The training configurations are mostly aligned with HASS, including the loss-related hyperparameters220

and the learning rate. When Llama-3-8B-Instruct serves as the target model, we notice that the open-221

sourced checkpoints of EAGLE-2 and HASS are inconsistent in structure1. To ensure the fairness of222

the comparison, we reproduce both methods with the model structure of HASS. While EAGLE-2 is223

trained for 20 epochs, HASS is trained for 40 epochs. We start training our method POSS from the224

1In the configuration file of EAGLE-2 model, https://huggingface.co/yuhuili/
EAGLE-LLaMA3-Instruct-8B/blob/main/config.json, the "bias" is false. However, this is true in the
configuration file of HASS, https://huggingface.co/HArmonizedSS/HASS-LLaMA3-Instruct-8B/
blob/main/config.json.
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reproduced EAGLE-2 model for another 20 epochs to fairly compare with HASS. When Llama-2-225

13B-Chat serves as the target model, we use the open-sourced checkpoints of EAGLE-2 and HASS.226

Similarly, we train POSS from the EAGLE-2 model checkpoint for another 20 epochs.227

During inference, tree-drafting [14] strategy is applied to generate multiple draft paths in one draft228

phase, where the width, depth, and total tokens are key controlling factors. We set the draft tree width229

to 10 and the number of draft total tokens to 60 for all experiments. We choose the draft tree depth230

that leads to the best performance, which we conduct an analysis experiment in Appendix C to search.231

Table 3 and 5 suggest that the 8B target model setting achieves the best performance at depth=6, and232

the 13B target model reaches the best performance at depth=7.233

All experiments are conducted on NVIDIA A100 GPUs with 80GB of memory.234

C Analysis on Different Drafting Hyperparameters235

Many factors influence the average acceptance length and speed-up ratio. Besides the prediction236

accuracy of draft models and computational overhead, the structure of draft trees also matters. We237

examine two key hyperparameters that affect the performance: depth and total tokens.238

We take Llama-2-13B-chat as the base model, and conduct experiments with depths from 6 to 9, and239

total tokens selected from {60, 80}. We evaluate the models on all six datasets and take the average240

of them. Table 4 presents the average acceptance length, and Table 5 presents the speed-up ratio.241

Interestingly, despite the consistent rise of average acceptance length as the number of total tokens242

increases from 60 to 80, the speed-up ratio shows a sharp drop. This indicates the target model takes243

significantly more time to verify. This phenomenon results from the inner structure of the A100 GPU244

device that we use for experiments, which is also observed by OPT-Tree [15].245

Table 2: Average acceptance length under different hyperparameters. Experiments use Llama-3-8B-
Instruct as the base model. We average the results on all six datasets. The largest average acceptance
length within each column is bolded.

Temperature Depth 6 7 8 9
Total Tokens 60 80 60 80 60 80 60 80

T=0

HASS 4.39 4.49 4.49 4.62 4.54 4.67 4.59 4.73
PosS-1 4.54 4.64 4.65 4.78 4.74 4.89 4.79 4.94
PosS-2 4.55 4.67 4.68 4.81 4.74 4.90 4.79 4.96
PosS-3 4.50 4.62 4.61 4.75 4.69 4.83 4.73 4.89

T=1

HASS 4.16 4.24 4.22 4.34 4.26 4.39 4.30 4.41
PosS-1 4.28 4.37 4.35 4.48 4.44 4.58 4.47 4.58
PosS-2 4.27 4.37 4.37 4.53 4.43 4.57 4.48 4.64
PosS-3 4.28 4.35 4.30 4.49 4.40 4.53 4.43 4.53

Table 3: Speed-up ratio under different hyperparameters. Experiments use Llama-3-8B-Instruct as
the base model. We average the results on all six datasets. The largest number within each row is
bolded to show the upper bound of each method.

Temperature Depth 6 7 8 9
Total Tokens 60 80 60 80 60 80 60 80

T=0

HASS 2.89x 2.83x 2.84x 2.78x 2.76x 2.71x 2.67x 2.65x
PosS-1 2.94x 2.90x 2.90x 2.85x 2.83x 2.80x 2.76x 2.72x
PosS-2 2.98x 2.92x 2.93x 2.87x 2.84x 2.81x 2.77x 2.74x
PosS-3 2.95x 2.89x 2.89x 2.84x 2.83x 2.78x 2.73x 2.71x

T=1

HASS 2.63x 2.54x 2.56x 2.50x 2.47x 2.44x 2.41x 2.35x
PosS-1 2.73x 2.65x 2.66x 2.59x 2.60x 2.55x 2.53x 2.48x
PosS-2 2.66x 2.60x 2.63x 2.57x 2.55x 2.51x 2.48x 2.45x
PosS-3 2.67x 2.59x 2.60x 2.56x 2.55x 2.47x 2.48x 2.41x
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Table 4: Average acceptance length under different hyperparameters. Experiments use Llama-2-13B-
chat as the base model. We average the results on all six datasets. The largest average acceptance
length within each column is bolded.

Temperature Depth 6 7 8 9
Total Tokens 60 80 60 80 60 80 60 80

T=0

HASS 4.68 5.20 5.32 5.45 5.46 5.62 5.57 5.75
PosS-1 5.09 5.20 5.34 5.48 5.52 5.66 5.63 5.79
PosS-2 5.13 5.22 5.36 5.49 5.53 5.68 5.65 5.82
PosS-3 5.13 5.21 5.37 5.51 5.55 5.70 5.66 5.83

T=1

HASS 5.00 5.06 5.14 5.29 5.24 5.45 5.35 5.52
PosS-1 4.99 5.11 5.24 5.31 5.34 5.49 5.43 5.52
PosS-2 4.96 5.11 5.16 5.32 5.30 5.49 5.44 5.61
PosS-3 4.99 5.11 5.21 5.31 5.33 5.50 5.43 5.62

Table 5: Speed-up ratio under different hyperparameters. Experiments use Llama-2-13B-chat as the
base model. We average the results on all six datasets. The largest number within each row is bolded
to show the upper bound of each method.

Temperature Depth 6 7 8 9
Total Tokens 60 80 60 80 60 80 60 80

T=0

HASS 3.28x 3.02x 3.33x 3.08x 3.31x 3.09x 3.28x 3.09x
PosS-1 3.16x 2.93x 3.21x 3.08x 3.21x 3.09x 3.20x 3.09x
PosS-2 3.26x 3.00x 3.30x 3.06x 3.31x 3.09x 3.27x 3.07x
PosS-3 3.29x 3.00x 3.34x 3.09x 3.35x 3.11x 3.30x 3.10x

T=1

HASS 3.24x 2.94x 3.25x 3.00x 3.20x 3.01x 3.18x 2.98x
PosS-1 3.13x 2.93x 3.17x 2.95x 3.14x 2.97x 3.10x 2.92x
PosS-2 3.17x 2.94x 3.19x 2.98x 3.18x 2.99x 3.17x 2.98x
PosS-3 3.24x 2.97x 3.26x 3.00x 3.26x 3.02x 3.18x 3.01x

D Computation Overhead of Position Specialists246

D.1 The Computational Overhead247
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Figure 4: The Inference-time GPU memory usage
of different speculative decoding methods. The
memory usage is measured on the MT-bench test
dataset. POSS methods require slightly more GPU
memory than EAGLE-2, the baseline method.

While POSS generates drafts closer to the target248

model and achieves longer acceptance length,249

we point out two types of additional computation250

overhead that POSS introduces.251

First, the GPU memory usage increases linearly252

with the number of position specialists. For-253

tunately, this additional cost is negligible com-254

pared to the target model size since each spe-255

cialist costs only one transformer layer (around256

218M parameters per specialist for an 8B target257

model).258

Second, the switching of position specialists259

brings a little extra latency. Although each260

POSS specialist use the same structure with the261

single draft model of EAGLE-2 – theoretically implying equivalent computation time per draft phase262

– practical implementation of position specialists costs slightly more computation overhead for two263

reasons: (1) Non-shared KV cache across layers: Each position specialist computes key-value cache264

for draft tokens generated by its preceding specialist in addition to previously verified tokens. (2)265

Parameter switching overhead: Frequent parameter switching between specialists may introduce266

additional latency due to hardware-level parameter loading.267
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Figure 5: Computation time of different phases on MT-Bench dataset on different models across
varying draft depths. The bar plots present the decomposition of time spent on each phase of
speculative decoding, where subfigure (a) measures the time spent on 5k rounds and subfigure (b)
measures the time to complete an entire test set. The line plot presents the number of rounds needed
to complete a dataset. The lower the metrics are, the better the method is.

D.2 Memory Cost for Extra Position Specialists268

Figure 4 visualizes the memory usage of all methods mentioned in this paper. Here, EAGLE-2 and269

HASS cost the same GPU memory, and they are de facto POSS-∞. From left to right, the draft layers270

in the methods are 1, 2, 3, and 6. In both target model settings, POSS-3 and POSS-2 increase few271

extra memory usage. POSS-1, despite using 6 times draft layers than EAGLE-2, costs acceptable272

extra memory usage.273

D.3 Computational Efficiency Tradeoffs for Extra Position Specialists274

In this section, we study the positive effect of fewer draft-verification rounds and the negative effect of275

extra computation overhead per round brought by POSS through a comprehensive empirical analysis.276

We demonstrate that POSS only brings minimal overhead compared to the overall computation time,277

and this overhead is largely outweighed by the increased average acceptance length, which reduces278

the overall drafting rounds needed.279

Each complete round of speculative generation involves two primary phases: the draft phase and280

the verification phase. In this experiment, we quantitatively analyze the time cost through three key281

metrics: (1) per-round computation time, (2) total round counts for test set generation, and (3) total282

time cost for test set generation. We demonstrate a comprehensive analysis in Figure 5 and present283

the following noteworthy observations.284

Position specialists bring minimal overhead to overall computation time. We present in Fig-285

ure 5(a) the sum of per-round computation time over 5,000 rounds across varying draft depths (bar286

chart), decomposed into draft phases and verification phases. Empirical results show that POSS has287

lower per-round time than EAGLE-2. Compared to HASS, POSS only brings a negligible fraction of288

time in the draft phase with positional specialists, and keeps similar verification phase costs.289

POSS achieves lowest overall computation time with reduced round counts. The line chart290

in Figure 5(a) illustrates the total round counts needed for test set generation. POSS-2 and POSS-291

3 consistently require fewer rounds than baseline methods, benefitting from accurate draft token292

prediction from position specialists. The total time cost for decoding is primarily determined by both293

the per-round time cost and the total round counts. As shown in Figure 5(b), POSS-2 and POSS-3294

achieve lower overall time costs compared to EAGLE-2 and HASS. This confirms that the efficiency295

gains from reduced round costs substantially outweigh the marginal per-round overhead brought296

by position specialists.297
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