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ABSTRACT

As Large Language Models grow, autoregressive decoding
leads to severe inference latency. Speculative decoding mitigates
this issue by allowing a lightweight draft model to generate multi-
ple candidate tokens, which are then fed into the target model for
parallel verification. A key hyperparameter is the draft length K:
a larger K may waste computation due to early rejection, while a
smaller K underutilizes the draft model’s capacity. Prior work fixes
K, which is suboptimal across contexts. We propose Acceptance-
Guided Adaptive Speculative Decoding, which retains an upper
bound but dynamically selects an effective length via an acceptance
head attached to the draft model. The head predicts per-token ac-
ceptance probabilities and triggers early exit when rejection risk
exceeds a principled threshold derived from a runtime cost model.
This reduces wasted verification and exploits confident drafts. Ex-
periments on four tasks under two temperature settings, evaluated
on two series of LLMs, show reduced latency. The code is avail-
able at https://github.com/sunnywyang/ ACCEPTANCE-GUIDED-
ADAPTIVE-SPECULATIVE-DECODING.

Index Terms— Efficient LLM Inference, Adaptive Speculative
Decoding, Dynamic Draft Length

1. INTRODUCTION

As the scale of Large Language Models (LLMs) [1] and sequence
length increase, the frequent reading and writing of massive parame-
ters and the sequential nature of autoregressive decoding lead to low
GPU resource utilization and low inference efficiency of LLMs [2].
Speculative decoding (SD) [3] addresses this challenge by first gen-
erating multiple candidate tokens with a smaller draft model and then
verifying them in parallel with the target LLM. However, SD per-
formance is constrained by an important hyperparameter: the draft
length K, i.e., the number of candidate tokens the target model must
verify per round.

Currently, most methods [4, 5] use a fixed K value. Leviathan et
al. [3] made an independent and identically distributed assumption
about the acceptance probability of candidate tokens and theoreti-
cally derived the optimal choice of K. Subsequent methods, such
as EAGLE [6], utilized a smaller model of the LLM’s own hidden
states to significantly accelerate inference while maintaining output
quality. EAGLE-2 [7] introduced a context-aware dynamic draft
tree based on EAGLE. However, they all use a fixed draft length
K, which leads to performance variability of SD across different
tasks [8]. A lower value of K may fail to fully exploit the capacity
of the draft model to accelerate decoding, whereas a higher value of
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K may result in many draft tokens being discarded, consequently
leading to wasted resources in the draft stage.

To overcome this limitation, our work proposes an adaptive SD
framework that adaptively adjusts the draft length K during the draft
stage. Specifically, we incorporate two modules in the draft model:
the decoder and the acceptance head. The decoder is responsible
for generating candidate tokens, while the acceptance head predicts
the rejection probability of these generated candidates. When the re-
jection probability exceeds a threshold (derived from runtime statis-
tics), the draft phase is terminated early, and the process immediately
enters the verification phase. This mechanism reduces verification
overhead for low-confidence candidates while exploiting the draft
model’s full generation capacity under high confidence, thereby bal-
ancing speculative depth and verification efficiency.

Unlike prior work that treats K as a fixed hyperparameter, our
approach sets a safe upper bound Knax but allows the acceptance
head—operating on the draft model’s hidden states—to predict per-
token acceptance probabilities Pacc. These predictions enable an on-
line early-stopping mechanism, dynamically determining the effec-
tive draft length K at runtime. Concretely, during draft genera-
tion, the acceptance head assesses the rejection risk of each candi-
date token and terminates the speculation for the current round once
the estimated rejection probability exceeds a principled threshold.
This threshold is derived from a lightweight runtime cost model and
explicitly balances the draft-stage computational overhead against
the verification cost. It is worth noting that the acceptance head is
lightweight, requires no modifications to the target LLM, and inte-
grates seamlessly into existing SD pipelines. We validate our method
across multiple generation tasks and model pairings, demonstrating
improved inference speed over other state-of-the-art methods while
maintaining comparable output quality.

2. METHOD

In this section, we first introduce the fundamental concepts and back-
ground of SD. We then present our proposed method, describing how
the draft length is dynamically adjusted to improve overall decod-
ing efficiency. Finally, we provide a detailed description of the core
component of our approach: the acceptance head.

2.1. Speculative Decoding

SD is a draft-and-verify paradigm designed to accelerate autoregres-
sive generation in Transformer-based large language models [9, 10].
In standard decoding, given a prefix z1, . . . , x, the target model M,
predicts the next token as

Tet1 ~ Ger1 = Mo(z | T<t41), )
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Fig. 1. Overview of Acceptance-Guided Adaptive Speculative Decoding. Given a prefix, the draft model generates K candidate tokens per
speculative round. The acceptance head, attached to the decoder block, computes per-token acceptance probabilities P, from draft hidden
states f;. The system monitors the rejection probability Py and triggers an early exit to the target LLM M, when it exceeds threshold h.

where ¢:+1 denotes the conditional probability distribution com-
puted by the target model. This strictly sequential process signifi-
cantly limits inference efficiency.

To address this, speculative decoding introduces an auxiliary
draft model M, to efficiently propose multiple future candidates.
Formally, at decoding step ¢ the draft model M), sequentially com-
putes K conditional token distributions and samples:

pisz(:v|m§t,§:<i), .fjini, i=1,...,K, (2)
where p; denotes the conditional distribution over the next token
given the prefix x<; and the previously drafted tokens Z;, and &;
is the ¢-th drafted token.

These candidates are then verified by the target model M,
which computes the conditional distributions in parallel [3][11]:

qiqu(:E|m§t,5:<¢), i=1,..., K+1. 3)

Each draft token Z; is accepted with probability: min {1, % .
The first rejected token is replaced by a token sampled from a modi-
fied distribution and all subsequent draft tokens are discarded. If K
draft tokens are all accepted, an extra token is sampled from g 4+1.
These accepted tokens are appended to the prefix, and this draft-and-
verify process is repeated until the termination condition is met.

The hyperparameter K, i.e., the draft length per round, is central
to SD [12]. A lower value of K may fail to fully exploit the capacity
of the draft model to accelerate decoding, whereas a higher value of
K may result in many draft tokens being discarded, consequently
leading to wasted resources in the draft stage. Thus, K directly con-
trols the overall acceleration. In this work, we focus on making K
adaptive, to achieve better acceleration performance.

2.2. Adaptive Speculative Decoding

We propose an adaptive SD scheme that: (1) employs a lightweight
acceptance head to dynamically determine the draft length K dur-
ing runtime. The acceptance head estimates per-token acceptance
probabilities and triggers early-exit based on a principled cost model,

thereby adaptively trading off draft quality against verification cost
and determining the effective draft length K.« online; (2) organizes
draft outputs into a context-aware dynamic tree of candidate contin-
uations (as proposed in EAGLE-2 [7]), which preserves structured
multi-branch information and supports parallel verification.

The context-aware dynamic draft tree’s root corresponds to the
prefix; each branch represents a candidate continuation. The tree
operates in three stages: (i) expand high-value nodes in parallel;
(ii) rerank and prune to retain top-n branches; and (iii) flatten re-
tained nodes and perform parallel verification with adjusted attention
masks. The acceptance head supplies per-token scores aggregated
at branch level; if a branch’s rejection estimate exceeds a runtime
threshold, the draft round stops.

Our draft model consists of the decoder and the acceptance head
that predicts token-level acceptance from draft hidden states. The
design of the acceptance head is inspired by adaptive-depth ideas
[13], enabling expressive draft generation while supporting real-time
confidence-based early-exit decisions with negligible overhead—
thus achieving dynamic K control adapted to instantaneous draft
confidence, as illustrated in Fig. 1.

At each decoding step t, the draft model first concatenates the
current hidden state f; with the corresponding token embedding
er+1, and feeds it through a fully connected layer and the decoder
block to obtain the next hidden state:

ft41 = Decoder(FC(Cat(ft7 €t+1)))- @

The acceptance head then predicts the per-token acceptance proba-
bility from the draft hidden state:

Puce,t11 = Acceptance Head(fi11). 5)

The rejection probability for branch b is given by

t
PO =1-T[PY, wen, 6)
=1

where B representing the set of active branches in the context-aware
dynamic draft tree. The effective draft length K. for each branch is

18568

Authorized licensed use limited to: Renmin University. Downloaded on May 13,2026 at 04:15:43 UTC from IEEE Xplore. Restrictions apply.



dynamically determined based on rejection probability:

K =min{i | B () > b}, K§ < Kuw, ()
where h is a threshold.

During drafting, all active branches expand in parallel while
the acceptance head updates per-branch rejection probabilities and
prunes low-confidence candidates. If any branch’s rejection prob-
ability exceeds the threshold h, drafting halts and the current can-
didates are sent to the target LLM for parallel verification. Ac-
cepted tokens are appended to the output; rejected tokens trigger
resampling or sequential backtracking to restore correctness. This
draft-and-verify loop repeats until generation terminates. By com-
bining context-aware branching with real-time acceptance scoring,
the system adaptively determines K. per branch and balances spec-
ulative depth against verification overhead.

2.3. Acceptance Head: Threshold / and Training

The acceptance head is designed as a lightweight module to provide
real-time feedback on the reliability of tokens generated by the draft
model. Specifically, it employs a compact ResNet architecture that
processes the hidden state f:41 of the draft model and outputs ac-
ceptance logits, which are then squashed through a sigmoid function
to obtain a probability estimate:

Pacc,t+1 = O’(RCSNCt(ft+1)), (8)

where o(-) is the sigmoid function. To ensure minimal computa-
tional overhead, the ResNet consists of 1-2 layers with SiLU acti-
vation, balancing expressive capacity with efficiency. The resulting
probability P serves as a dynamic quality signal during inference,
guiding whether additional tokens should be drafted or whether ver-
ification by the target model should be triggered immediately.

The training set is produced in two stages. First, we sample
reference continuations from the target model and record its next-
token probabilities ¢(-). Second, we run the draft model on the same
prefixes to sample candidate tokens, collect draft probabilities p(-)
and the final hidden embeddings f;. For each draft token Z; we set
the supervision target as the acceptance probability:

Pi™ = min (1, q(%")). ©)
p(:)

The distribution shift between the draft model and the target
model may cause certain biases [14] in the acceptance head, such as
over-confidence in acceptance. To mitigate this issue and construct
more informative training data for the acceptance head, we adopt a
token mixing strategy [15]: for a given target model response se-
quence, we generate a corresponding draft sequence from the draft
model, and then create a mixed sequence by randomly selecting half
of the tokens from the target response and replacing the remaining
half with tokens from the draft sequence.

Due to the inherent imbalance between accepted and rejected
tokens, we employ a weighted binary cross-entropy objective:

Lue = —Waee P log P — wyej (1 — P™) log(1 — P;). (10)

Inspired by [13], the threshold A is derived from a latency-cost model
[16]. Let Tu(k) be the time to generate k draft tokens, T be the time
to verify the current candidate set with the target model, and 7} be
the expected extra cost (resampling + additional verification) when
a rejection occurs. The estimated probability that at least one of the
next k tokens will be rejected is F;.

Continue drafting only if the expected time of continuing draft-
ing is less than immediate verification:

Ta(k) + Pej (k) T2 < Tv. a1
Rearranging gives a cost threshold for Prj(k):

Pri(k) < h = T%Td(k) (12)

This ensures that speculation proceeds only when it is cost-effective.

3. EXPERIMENTS

In this section, we evaluate the effectiveness of our method by com-
paring it to several state-of-the-art SD baselines. We first describe
experimental settings and implementation details, then report main
results on multiple generation tasks under two temperature regimes.

3.1. Experimental Setup

We evaluate our Acceptance-Guided Adaptive Speculative Decoding
on four benchmarks: multi-turn dialogue (MT-bench [17]), ques-
tion answering (Natural Questions [18]), document summarization
(CNN/Daily Mail [19]), and instruction following (Alpaca [20]).

For comparison we evaluate several recent and representative
SD baselines—Medusa [21], EAGLE [6], EAGLE-2 [7], and Hy-
dra [22]. Experiments are performed under two decoding tempera-
ture regimes: temperature = 0 and temperature = 1. Temperature =
0 is greedy decoding; temperature = 1 is a stochastic decoding mode
that increases output diversity via logits processing.

We conduct experiments using four target LLMs: Vicuna-
7B/13B [23] and Llama2-chat7B/13B [24]. Target LLMs are fixed
during training, with only the draft model being trained. The ac-
ceptance head is implemented as a lightweight one-layer ResNet
with SiLU activation, which consumes draft hidden states and out-
puts a sigmoid acceptance score. The Acceptance Head is trained
once on the ShareGPT dataset and evaluated across all bench-
marks to assess generalization. At inference we bound the draft
length by Kmax € {5,6,7} and compute an early-exit threshold
h from a simple runtime cost model; in practice we sweep h over
{0.94,0.95,0.96} to characterize the speed/quality trade-off. Our
experiments are conducted on a single L20-48GB GPU.

3.2. Results

Experimental results are shown in Tab. 1. Consistent with prior
work on SD methods [7], to quantify acceleration and the behavior
of the speculative stage we report the following metrics: (i) Wall-
time speedup ratio — the end-to-end wall-clock speedup relative to
standard autoregressive decoding measured on real runs under iden-
tical hardware and batching conditions; and (ii) Average acceptance
length 7 — the mean number of tokens accepted from a single spec-
ulative draft per forward pass of the target LLM.

Because measured acceleration ratios are subject to run-to-run
variability, we execute each experimental configuration four times
under identical hardware and batching conditions and report the
arithmetic mean as the primary summary statistic. The table entries
are presented as “mean = var,” where + denotes the sample variance
across four measurements; this variance quantifies the stability of
the speedup estimate and helps assess whether observed differences
between methods are substantive or within measurement noise. Our
Acceptance-Guided Adaptive Speculative Decoding achieves the
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Table 1. Speed-up ratios of different methods versus average tokens accepted (7) on L20. V denotes Vicuna, L2 denotes LLaMA2-Chat.
Ours denotes our method: Acceptance-Guided Adaptive Speculative Decoding. We present results for different methods across four datasets.
The mean represents the average performance across these four datasets. Methods like Medusa relax acceptance conditions under non-greedy
settings, which do not guarantee lossless acceleration. Therefore, we do not compare our method with these methods.

Model Method Natural Ques. CNN/DM Alpaca MT-bench Mean
Speedup T Speedup T Speedup T Speedup T Speedup T
Temperature = (
Medusa 1.688 + 0.0002 % 2.19 1.593 £ 0.0005 x 2.09 1.938 + 0.0005 x 244 2.015 £ 0.0004 x 2.58 1.808 £ 0.0301 x 2.33
Hydra 2.120 £ 0.0003 x 2.88 1.953 4 0.0003 x 2.82  2.518 £+ 0.0008x 3.49 2.578 £0.0013x 3.65 2.292 £ 0.0693 x 3.21
V 13B EAGLE 2.125 £ 0.0025x 2.94 2.388 £ 0.0008 x 344 2.493 £ 0.0008x 3.48 2.778 £0.0021x 3.88 2.446 £ 0.0546 x 3.44
EAGLE-2  2.360 +0.0088x  3.64  2.45740.1100x 427 2.873+0.01115x 4.50  3.016 +0.0043x  4.84  2.676+0.0754x  4.31
ours 2.410 £0.0440x 3.60 2.490 +£0.0040x 4.19 2.890+0.0036x 440 3.025+0.0019x 4.83 2.704+0.0675x 4.26
Medusa 1.630 £ 0.0003 x 2.05 1.500 % 0.0004 x 2.01 1.825 £ 0.0009 x 2.48 1.928 4+ 0.0005 x 2.51 1.721 +0.0276 2.26
Hydra 1.960 £ 0.0002 x 291 1.788 + 0.0004 x 2.71 2.375 £ 0.0009x 3.57 2.390 £ 0.0008 x 3.59  2.128 +0.0685x 3.20
V7B EAGLE 2.063 £ 0.0001x 3.12 2.185+0.0007 % 332 2.300 4+ 0.0016 % 3.66 2.538 £ 0.0008 x 3.83 2.271 £+ 0.0307x 3.48
EAGLE-2 2.185 £ 0.0068 x 3.71 2.210 £ 0.0064 x 4.07 2.593 £ 0.0308 x 4.61 2.763 £ 0.0106 x 4.85 2.437 £ 0.0613 % 431
ours 2.195£0.0017x 3.75 2.238 +0.0002x 4.02 2.663+0.0646x 4.62 2.775+0.0005x 4.80 2468+ 0.0649x 4.30
EAGLE 2.433 £ 0.0027x 342 24254 0.0019x% 356  2.623 £+ 0.0058x 3.70  2.730 4+ 0.0084 x 3.80  2.553 +0.0168x 3.62
L2 13B EAGLE-2 2.633 £ 0.0161x 4.14  2.570 £ 0.0078x 429 2902 +0.0155x 4.54 2.917+0.0035x 4.68 2.756+0.0243x 441
ours 2.660 £ 0.0054x 390 2.580+0.0015x 4.00 2.878 £ 0.0470x 4.16 2.903 £ 0.0046 x 439  2.755 £ 0.0191x 4.11
EAGLE 2.253 £ 0.0065x 343 2.170 £ 0.0024 x 3.41 2.460 £ 0.0067x 3.65 2.503 £ 0.0064 x 372 2.346 +£0.0193x 3.55
L27B  EAGLE-2 2.443 £ 0.0062 x 4.17 2.265 £ 0.0061 x 4.08 2.655+0.0115x 4.56 2.680 £ 0.0073x 452 2.512 £ 0.0286x 4.33
ours 2.448 £0.0003x 4.01 2.280+0.0002x 394  2.615 =+ 0.0001x 432 2.683+0.0001x 438 2.755+0.0191x 4.16
Temperature = 1
EAGLE 2.055 £ 0.0042x 2.95 2.168 £ 0.0023x 3.16  2.345 4+ 0.0013x 347 2.455 £ 0.0037x 349  2.256 £+ 0.0239x 3.27
V13B  EAGLE-2 2.218 £ 0.0002x 3.48 2.353 £ 0.0061 x 390  2.588 4 0.0002x 4.16 2.760 £ 0.0099 x 4.21 2.472 £ 0.0459 % 3.94
ours 2.273 £0.0033x 335 2.375+0.0001x 3.87 2.593+0.0003x 4.12 2.768+0.0063x 420 2.502+0.0369x 3.89
EAGLE 1.825 +0.0014 x 272 1.940 4+ 0.0019 % 3.03 2.065 £ 0.0009 x 3.27 2.175 £ 0.0010x 342 2.001 £+0.0173x 3.11
V7B EAGLE-2 1.995 £+ 0.0009 x 3.37 2.033 £ 0.0016x 3.69 2.340 £ 0.0008 x 3.78 2.400 £ 0.0038x 4.12 2.192 £ 0.0324 x 3.74
ours 2.013+0.0002x 325 2.038+0.0002x 3.66 2.343+0.0007x 3.75 2.470+0.0062x 401 2.216+0.0384x 3.67
EAGLE 2.285 £ 0.0006 x 3.32 2.243 £ 0.0008 x 342 2.485 4 0.0005x 3.58 2.530 £ 0.0005x 3.58 2.001 £ 0.0173x 3.48
L213B EAGLE-2  2.49840.0010x  4.05 2.41340.0009x 420  2.690 +0.0009x 439 2.753+0.0106x 4.54 2.588+40.0191x 4.30
ours 2.513 £ 0.0008x 3.82 2.423+0.0012x 394 2.693+0.0021x 4.08 2.713 £ 0.0002x 4.18 2.585 £ 0.0149x 4.00
EAGLE  1.990 £0.0004x 320  1.888+£0.0009x  3.14 2168 +0.0009x  3.50  2.175+0.0008x 345  2.055+0.0148x  3.32
L27B  EAGLE-2 2.298 £ 0.0095x 4.00 2.228 +£0.00137x  3.98 2.534 £ 0.0235x 433 2.567+0.0213x 4.23 2.407 £ 0.0215x 4.13
ours 2.381+0.0001x 395 2.230+0.0002x 3.80 2.538+0.0003x 4.18  2.520 £0.0006x  4.13 2.417 +0.0154x 4.02
w/o Acceptance Head ™ ours fect. In other words, adding the acceptance head yields modest but
2.762.78 consistent wall-time improvements even when 7 does not increase.
27 2.66 Consequently,. the.speedu.p ratio is dr.iven pot merely by increasing 7
2.59 but by a combination of (i) fewer verification attempts and rollbacks,
. (ii) better matching of the effective draft length K.t to per-context
-;J 2.5 1 difficulty, and (iii) consistent reductions in verification overhead.
g Importantly, the acceptance head introduces negligible runtime cost
«© . . . g .
2.3 1 220 201224 and requires no modification to the target LLM, facilitating low-cost
2.192. i integration into practical inference pipelines.
2.1
MT-bench Natural Ques. CNN/DM Alpaca 4. CONCLUSIONS

Fig. 2. Results of ablation studies on four tasks with temperature set
to 0 on Vicuna 7B. “w/o Acceptance Head” indicates not using the
acceptance head.

best or near-best speedup ratios across model sizes, tasks, and tem-
perature settings. Compared with state-of-the-art SD baselines, it
consistently yields higher mean speedups across configurations.

An important empirical nuance is that the measured average ac-
ceptance length 7 for our method is generally smaller than that of
the baselines in most tasks. This does not contradict the observed
latency gains: the acceptance head primarily improves efficiency by
early-stopping low-confidence expansions, thereby reducing wasted
verification and resampling. The ablation in Fig. 2 illustrates this ef-

We propose Acceptance-Guided Adaptive Speculative Decoding, a
lightweight framework that improves SD by dynamically adjusting
draft length using an acceptance head. Unlike prior methods that
fix K, our approach estimates token-level acceptance probabilities
and adapts draft length, reducing unnecessary verifications and roll-
backs. Experiments across tasks, model scales, and temperatures
show consistent speedup gains. These gains come from aligning
draft depth with context difficulty rather than longer acceptance se-
quences. The acceptance head is efficient, incurs negligible over-
head, and requires no target LLM modifications, enabling practical
deployment. Future work will extend to larger models and refine
acceptance prediction and thresholding robustness.
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