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Abstract

Speculative decoding has emerged as a promis-
ing approach to accelerate autoregressive infer-
ence in large language models (LLMs). Self-
draft methods, which leverage the base LLM
itself for speculation, avoid the overhead of aux-
iliary draft models but face limitations: shallow
layers often produce overconfident yet incor-
rect token predictions, and the presence of diffi-
cult tokens in a draft sequence forces redundant
computation through deeper layers, undermin-
ing both draft acceptance and overall speedup.
To address these issues, we propose a novel
self-draft framework that suppresses spurious
confidence via layer-wise temperature anneal-
ing in early-exit decision and adaptively bounds
speculation length based on token-wise decod-
ing difficulty. By reprocessing the hidden states
of draft tokens in a unified parallel pass through
deep layers, our method maintains exact output
equivalence with the original model while max-
imizing computational efficiency. It requires
no modifications to the base LLM parameters
and achieves up to 2.33x wall-time speedup
over standard autoregressive decoding across
diverse long-form generation tasks and multi-
ple model architectures.'

1 Introduction

Large Language Models (LLMs) excel at diverse
text generation tasks (Achiam et al., 2023; Guo
et al., 2025), yet practical applications increasingly
require long outputs, such as chain-of-thought rea-
soning (Wei et al., 2022), multilingual capability
(Bu and Feng, 2026) and tool coordination in Al
agents (Shen et al., 2023). For standard autore-
gressive decoding, the combination of these long
sequences and ever-larger model sizes leads to high
inference latency, motivating the need for more effi-
cient parallel decoding strategies (Geng et al., 2021;
Nie et al., 2025; Zhang et al., 2025). Among these,
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speculative decoding (SD) has been proposed as
a practical framework for accelerating inference
(Leviathan et al., 2023; Chen et al., 2023).

Early SD methods rely on an independent draft
model—a smaller, separately trained network that
proposes candidate tokens—requiring additional
model selection and training overhead (Cai et al.,
2023; Li et al., 2024; Xia et al., 2023; Wen et al.,
2024). To eliminate this dependency, recent work
has shifted toward self-draft strategies that lever-
age the base LLM itself for speculation. These
approaches broadly fall into three categories: (1)
fine-tuning, where the LLM is adapted with non-
autoregressive objectives to enable parallel token
prediction, but at the risk of degrading generaliza-
tion due to parameter updates (Lin et al., 2025;
Yi et al., 2024; Gloeckle et al., 2024); (2) layer
skip, which accelerates draft generation by comput-
ing only a subset of layers, yet often compromises
output quality and disrupts KV cache consistency
(Zhang et al., 2024); and (3) early exit, which gen-
erates draft tokens from shallow layers of the base
LLM and feeds them into subsequent decoding
steps. While early exit ensures lossless output,
current implementations achieve limited speedup
(Elhoushi et al., 2024; Liu et al., 2024).

Through visualization of intermediate layer dy-
namics in Figure 1, we observe significant het-
erogeneity in token-level decoding difficulty (Xia
et al., 2025). While most tokens can correctly exit
at shallow layers, a small fraction of difficult to-
kens require deeper computation to resolve seman-
tic ambiguity. Due to the batched verification re-
quirement in speculative decoding, these difficult
tokens force the entire draft sequence to be pro-
cessed through deeper layers, leading to redundant
computation. Moreover, pretraining loss function
supervises only the final-layer output, leaving shal-
low layers without direct optimization signals. As
a result, shallow layers often assign spurious high
confidence to incorrect tokens—a tendency that
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Output: Hawaii, the tropical paradise, has always
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Figure 1: Layer-wise token prediction and confidence of a segment with the MT-Bench prompt. Each cell shows
the greedy-decoded token and its confidence (color intensity: darker = higher probability) at a given layer. Gray
cells indicate that the token has already correctly exited at an earlier layer and is no longer considered for early-exit
decisions. This figure reveals the issues of spurious high-confidence predictions and heterogeneous exit depths.

easily misleads naive early exit methods relying
solely on confidence thresholds, severely reducing
draft acceptance and limiting acceleration.

To address the above challenges, we propose
SpecBound, a self-draft speculative decoding
framework featuring two key components. First, to
suppress spurious high-confidence predictions in
shallow layers, we introduce the Annealed Confi-
dence Threshold early exit mechanism, which ap-
plies a layer-dependent temperature schedule dur-
ing early-exit decisions to smooth softmax outputs
and attenuate false peaks. Second, to mitigate re-
dundant computation caused by difficult tokens,
we design the Bounded Speculation with Cached
States algorithm: during autoregressive draft gen-
eration, if any token fails to exit before reaching
the maximum depth or the maximum draft length,
the current speculation phase is terminated; cached
hidden states of all draft tokens are then jointly
processed through the remaining layers in a sin-
gle parallel pass, ensuring lossless output while
maximizing parallel efficiency.

Our contributions are as follows: (1) We propose
Annealed Confidence Threshold, a more reliable
early-exit criterion that suppresses spurious confi-
dence in shallow layers via layer-wise temperature
annealing; (2) We design Bounded Speculation
with Cached States algorithm that coordinates spec-
ulation and verification through adaptive depth and
width control; (3) SpecBound achieves up to 2.33
wall-time speedup over standard autoregressive de-

coding across diverse long-form generation tasks
and multiple base models, requiring no modifica-
tion to the base LLM parameters and producing
outputs identical to the original model.

2 Methods

In this section, we present our proposed accelera-
tion framework, SpecBound. We begin by visual-
izing the intermediate layer computation of LLM
in Section 2.1, which reveals two key patterns ob-
served in our preliminary experiments. Guided
by these insights, we introduce the temperature-
annealed early-exit mechanism in Section 2.2 and
the Bounded Speculation with Cached States Algo-
rithm in Section 2.3. Finally, we provide a theoreti-
cal wall-time speedup analysis to demonstrate the
effectiveness of our method in Section 2.4.

2.1 Layer-wise Decoding Analysis

Layer-wise Visualization While several recent
works have explored early-exit-based approaches
for lossless acceleration, their speedup remains lim-
ited and currently falls short of the performance
achieved by mainstream independent-draft meth-
ods. To investigate the factors that constrain the
acceleration potential of early exit, we analyze a
representative example from MT-Bench which re-
quires generating a blog on traveling in Hawaii.
For each token during generation, we probe the
output of every Transformer layer in the base LLM
by projecting its hidden state through the language
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model (LM) head and applying greedy decoding to
obtain the most likely token at that layer (Chuang
et al., 2023; Zhu et al., 2025). Notably, to account
for the poor predictive capability of shallow lay-
ers, we follow AdaDecode (Wei et al., 2025) and
train lightweight intermediate-layer LM heads for
early-exit decisions. Figure 1 visualizes the pre-
dicted token and its confidence at each layer, from
which we identify two distinct early-exit patterns
that appear to influence the achievable speedup.

Spurious High Confidence in Shallow Layers
First, for those challenging tokens that ultimately
require deep layers to be correctly predicted (e.g.,
token “H” and “tropical”), shallow layers often
exhibit spuriously high confidence in incorrect to-
kens which is marked by red boxes in figure 1.
We hypothesize that this stems from the pretrain-
ing objective of base models: since the loss func-
tion supervises only the final-layer output, shallow
layers lack direct optimization signals and thus
may develop overconfident but incorrect predic-
tions. Since many existing early-exit methods rely
on simple threshold-based criteria, these overconfi-
dent yet erroneous predictions can easily pass the
exit condition, leading to low-quality drafts.

Heterogeneous Token Difficulty Second, as
shown in Figure 1, decoding sequences exhibit
significant heterogeneity in token-level difficulty.
While a consecutive span of tokens, from “aw”
to “the”, stabilizes correctly at shallow layers, a
few semantically challenging tokens, such as “H”,
“tropical”, and “always”, remain uncertain through
shallow-to-mid layers and require deep computa-
tion. Due to the batched verification requirement
in speculative decoding, the presence of even one
such difficult token forces the entire draft sequence
to be processed through deeper layers. This leads
to two sources of inefficiency: first, when the draft
is accepted, simple tokens incur redundant deep
computation that erodes their early-exit speedup
potential; second, when rejected, the substantial
time spent computing deep representations for the
difficult token becomes wasted overhead, directly
slowing down end-to-end decoding.

2.2 Annealed Confidence Threshold

To address the issue of spurious high-confidence
predictions in shallow layers, we propose the
Annealed Confidence Threshold(ACT) early exit
mechanism. Unlike prior early-exit methods that
determine exit solely by comparing the probabil-

ity of the greedy-decoded token against a fixed
threshold, ACT dynamically modulates the sam-
pling temperature based on layer depth and couples
it with a fixed confidence threshold for early-exit
decisions, suppressing premature exits caused by
false certainty.

Specifically, considering a base LLM that con-
tains L transformer layer, we scale the early exit
logits z(©) at layer ¢ (1 < ¢ < L) with a layer-
dependent temperature 7:

Tz=1+a(1—é> 0

where L is the total number of layers in the base

LLM and o > 0 controls the strength of annealing.
This linear schedule ensures higher temperatures
in shallow layers (e.g., 71 = 1 + «) to flatten the
output softmax distribution and reduce overcon-
fidence, while gradually cooling to the standard
temperature 77, = 1 at the final layer which ensur-
ing that the output distribution remains identical
to that of the original base LLM. With adaptive
sampling temperature, the confidence of the top-1
token at layer ¢ is then computed as:

© 70
p"” = max | softmax T 2)
¢

Early exit is triggered at the first layer £ where
p) > 7, with 7 € (0, 1) being a predefined thresh-
old. By raising the temperature in shallow lay-
ers, ACT effectively lowers the raw confidence
p® for incorrect tokens that would otherwise ap-
pear overconfident under 7' = 1, making it harder
for them to satisfy the exit condition. This results
in more reliable draft tokens without altering the
base model’s parameters and incurs only negligible
computational overhead, as temperature scaling is
a lightweight post-activation operation.

2.3 Bounded Speculation with Cached States

To address the issue of heterogeneous exit depths
observed in prior work, we introduce the Bounded
Speculation with Cached States Algorithm (BSCS)
Algorithm, which explicitly limits both the depth
and width of speculative generation. We define
two hyperparameters: dp,.x: the maximum layer
depth allowed for early-exit draft generation; wyax:
the maximum number of consecutive tokens that
can be drafted before triggering verification.This
dual-bound design ensures predictable specula-
tion latency and prevents excessive computation
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Figure 2: Left: Overview of the BSCS algorithm under the setting d,,,x = 6 and wy,,x = 4. When token “a” fails
to exit by layer 6, speculation is terminated. All hidden states of previously generated tokens (“I”, “am”, “a”) are
concatenated and passed to the remaining layers for parallel verification. Right: Detailed illustration of per-token
layer-wise computation and hidden-state cache management.

on difficult tokens or error-prone long draft se-
quences.Figure 2 illustrates a complete cycle of
BSCS’s draft-verify process using a concrete exam-
ple with dpyax = 6 and wpax = 4 for clarity, while
the actual parameter settings used in our evaluation
are reported in Section 3.1.

Handling Difficult Tokens Given a decoding his-
tory prefix “Who are you?”, the base model early
exits token “am” at layer 2 and token “a” at layer
4 at the first two steps. In the third step, the model
attempts to draft the next token but fails to meet the
early-exit condition mentioned in Section 2.2 even
after computing up to the depth bound dp,ax = 6,
signaling a difficult token that requires deeper pro-
cessing. At this point, BSCS immediately termi-
nates the current speculation phase and initiates par-
allel verification of all previously generated draft
tokens. Crucially, since these tokens have their
hidden states cached up to Layer dpax, they can
be jointly processed through the remaining layers
(dmax + 1 to L) in a single parallel pass. If all prior
tokens are accepted, the system resumes decoding
from the correct position — effectively using the
verification step to also decode the difficult token
without wasting prior computation.

Handling Long Shallow Chains Another case
BSCS handles is when w,,x consecutive tokens
exit successfully at shallow layers, the risk of cu-
mulative errors increases as each subsequent draft
relies on the previous potentially unreliable predic-

tions. To mitigate this, BSCS also triggers an early
verification round. The operation is the same as that
used for difficult tokens, except that it first aligns all
Wmax tokens to the deepest exit layer among them
by running their missing layers in parallel which
ensuring consistent context before batch verifica-
tion. This mechanism controls error propagation,
ensuring high accuracy for the next draft sequence.
Due to space limitation, a detailed illustration of
this case is provided in Appendix.

Hidden-State Cache Management To enable
the draft interruption and verification triggering
described above, BSCS maintains a hidden-state
cache that stores intermediate representations. As
depicted in Figure 2, the Cache Manager support
two core operations: Write and Reuse. In the Write
phase, when token ¢; exits at layer /, its hidden
state hge) is stored in the cache. In the Reuse
phase, cached hidden states are retrieved if they
are needed, either when subsequent tokens require
the missing KV cache of earlier tokens (Vaswani
et al., 2017) or when batch verification begins, at
which point the hidden states cached at layer dy,ax
are concatenated and processed together through
the deeper layers. This design guarantees that ev-
ery output token undergoes computation across all
layers, enabling lossless acceleration.

In summary, BSCS transforms speculative de-
coding from an unbounded, token-level process
into a bounded, block-wise pipeline — balancing
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speed, reliability, and resource efficiency.

2.4 Wall-time Speedup Analysis

To demonstrate the effectiveness of SpecBound,
we theoretically model its speedup over standard
autoregressive decoding and analyze how key pa-
rameters influence the acceleration performance.

We define speedup as the ratio of decoding
throughput between SpecBound and autoregressive
(AR) decoding, where throughput is measured as
the number of tokens generated per unit wall-clock
time. Let Txr denote the time required by AR de-
coding to generate one token (equivalent to a full
forward pass through all L layers). Our goal is to
compare the expected token generation throughput
of SpecBound against the AR baseline 1/7ag.

Variables Definition We model the decoding
throughput of SpecBound using two parameters:
w, the number of draft tokens generated per specu-
lation round (1 < w < wpax); and «, the per-token
acceptance rate—the probability that a draft token
is accepted during verification. Note that dpyax,
Wmax, and L have been defined in earlier sections.

Calculate Speedup Ratio In our method, a spec-
ulation round comprises two phases: (1) Draft
phase: sequential generation of w tokens, each
with dpyax layers; (2) Verification phase: parallel
processing of all w tokens through the remaining
L — dpax layers. Thus, total time per round is:

Wdmax + L — dmax
L

Tround = - Tar 3)

Not all draft tokens will be accepted every round.
Under the standard geometric-acceptance assump-
tion (Leviathan et al., 2023), the expected number
of accepted tokens per round E[Ny] is:

w—1

Z kak(1 — a) + wa® =
k=0

w
04(1 a¥) @
-«

Then our method’s throughput is E[Nyce|/Tround-
Dividing by the AR decoding throughput 1/7T g
and simplifying, we obtain the final speedup ratio
(denoted as SD):

La(l —a")
(1 - a) (wdnax + L — dmax).

SD = (5)
Parameter Analysis From Equation (5), we ob-
serve that the overall speedup increases mono-
tonically with the token acceptance rate . The

Annealed Confidence Threshold early exit mecha-
nism improves « by suppressing spurious tokens
at shallow layers. Moreover, speedup can also be
enhanced by increasing w (or wyax) or reducing
dmax, both of which lower the per-round time cost;
however, such choices may compromise generation
quality and, in turn, potentially reduce «, reflect-
ing an empirical trade-off that must be carefully
balanced. Detailed experimental analysis of these
hyperparameters is provided in Section 3.3.

3 Experiments

3.1 Experimental Setup

Backbone Models and Training We choose Vi-
cuna (Chiang et al., 2023; Touvron et al., 2023) and
CodeLlama-Instruct (Roziere et al., 2023) models
with 7B and 13B parameters as backbone LLMs.
During training, all base model parameters are
frozen; only a lightweight LM head is trained per
intermediate layer to enable early exit(Wei et al.,
2025). The LM heads are trained for 20 epochs on
68K multi-turn conversations from the ShareGPT
dataset, using the AdamW optimizer with learning
rate 3 x 1075 which taking approximately 2 hours
on four NVIDIA H800 GPUs.

Evaluation Benchmarks and Baselines We
evaluate our method on Spec-Bench, a diverse
benchmark covering machine translation, ques-
tion answering, and other text generation tasks(Xia
et al., 2024). We compare against a range of estab-
lished self-drafting approaches, including Looka-
head (Fu et al., 2024), Medusa (Cai et al., 2023),
REST (He et al., 2024), Kangaroo (Liu et al., 2024),
SPACE (Yi et al., 2024), and AdaDecode (Wei
et al., 2025).Performance is measured using two
key metrics: (1) compression rate (CR), defined as
the average number of accepted tokens per specula-
tion round, and (2) wall-time speedup (SD) relative
to standard autoregressive decoding. For inference
with our method, we set wyax = 8, dmax = 10,
a = 0.2, and v = 0.55—a configuration that bal-
ances draft consumption and generation accuracy;
a detailed exploration of inference parameters is
provided in the ablation study. For fair compari-
son, all methods are evaluated on a single NVIDIA
H800 GPU. All results are presented in Table 1.

3.2 Main Results

SpecBound achieves better overall speedup per-
formance across tasks and base models. As
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Math Multi. QA RAG Sum. Trans.
Method Overall
CR SD CR SD CR SD CR SD CR SD CR SD
Vicuna-7B
Lookahead (Fu et al., 2024) 1.92 1.54x 174 1.49x 152 1.23x 1.53 1.24x 1.57 1.38x 1.28 1.16x 1.35x
Medusa (Cai et al., 2023) 1.77 1.96x 1.72 1.95x 1.54 1.67x 147 147x 1.53 1.59x 1.55 1.63x 1.71x
REST (He et al., 2024) 1.49 1.19x 2.04 1.65x 187 1.64x 196 1.75x 1.60 1.34x 1.58 1.33x 1.47x
Kangaroo (Liu et al., 2024) 2.14 1.61x 222 1.68x 1.87 1.43x 2.05 1.52x 1.87 1.50x 1.41 1.24x 1.50x
SPACE (Yi et al., 2024) 215 1.65x 231 1.71x 1.72 1.33x 1.88 1.24x 2.19 1.47x 1.73 1.37x 1.46x
Ours 3.78 1.89x 3.05 1.65x 4.23 2.16x 548 2.31x 3.97 1.95x 6.41 2.94x 2.15x%
Vicuna-13B
Lookahead (Fu et al., 2024) 1.98 1.61x 1.64 1.41x 143 1.20x 1.48 1.19x 1.54 1.30x 122 1.07x 1.30x
Medusa (Cai et al., 2023) 1.76 2.06x 1.86 2.07x 1.53 1.71x 1.49 1.59x 1.57 1.64x 1.65 1.73x 1.81x
REST (He et al., 2024) 1.59 1.21x 194 1.50x 1.96 1.55x 1.83 1.53x 1.62 1.35x 1.57 1.19x 1.37x
Kangaroo (Liu et al., 2024) 242 1.63x 244 1.66x 1.79 1.34x 2.16 1.40x 2.00 1.41x 145 1.18x 1.44x
Ours 4.09 191x 3.22 1.69x 4.54 2.18x 525 2.26x 4.73 2.18x 5.93 2.77x 2.16x
Codellama-7B-Instruct
Lookahead (Fu et al., 2024) 1.88 1.52x 1.78 1.51x 1.49 121x 157 1.26x 145 1.32x 1.32 1.18x 1.33x
Medusa (Cai et al., 2023) 1.78 1.96x 1.68 1.92x 1.58 1.69x 1.44 145x 1.57 1.61x 1.51 1.61x 1.70x%
REST (He et al., 2024) 145 1.17x 2.07 1.67x 184 1.62x 199 1.77x 1.57 1.32x 1.62 1.35x 147x
AdaDecode (Wei et al., 2025) 2.20 1.62x 2.00 1.40x 2.30 1.50x 2.50 1.48x 2.15 1.38x 240 1.52x 1.45x
Ours 3.63 2.02x 2.74 1.66x 3.13 1.84x 3.98 1.88x 2.98 1.78x 4.74 2.42x 1.93x°
Codellama-13B-Instruct
Lookahead (Fu et al., 2024) 2.02 1.63x 1.61 1.39x 146 1.22x 145 1.17x 1.57 1.32x 1.18 1.05x 1.31x
Medusa (Cai et al., 2023) 1.74 2.04x 1.89 2.09x 142 1.65x 1.60 1.65x 1.47 1.58x 1.68 1.75x 1.81x
REST (He et al., 2024) 1.63 1.23x 191 1.48x 199 1.57x 1.80 1.51x 1.73 141x 1.46 1.13x 1.39x
AdaDecode (Wei et al., 2025) 2.40 1.75x 2.20 1.52x 2.50 1.60x 2.70 1.58x 2.35 1.48x 2.60 1.65x 1.52x
Ours 3.49 2.20x 2.69 1.85x 2.97 1.97x 3.82 3.25x 3.00 2.13x 4.02 2.56x 2.33x

Table 1: Performance comparison of SpecBound against other self-drafting methods across multiple base models
and diverse text generation tasks on Spec-Bench. We report compression rate (CR, average accepted tokens per
draft round) and wall-time speedup (SD) relative to autoregressive decoding.

shown in Table 1, our method achieves strong per-
formance across diverse tasks, yielding the best
overall speedup compared to existing approaches.
Notably, it excels on tasks such as translation,
where it attains speedup up to 2.94 <, with consis-
tently competitive results across some other tasks
such as multi-turn dialogue. This performance vari-
ation likely stems from task-dependent early-exit
behaviors: the inference hyperparameters selected
to maximize overall speedup may not be optimal
for every individual task. In practice, task-specific
tuning of these parameters could further improve
acceleration efficiency.

SpecBound enables better speedup through
high-quality drafting. Our method generates
draft tokens using multiple transformer layers, in-
curring higher computational cost per draft step
compared to lightweight alternatives (e.g., linear
heads or single-layer transformers). However, this
investment yields significantly more accurate drafts
— as evidenced by our consistently highest accep-
tance rate (CR > 3.0 across all tasks), which en-

ables deeper and more efficient multi-token specu-
lation. Crucially, because each draft token is com-
puted only up to a shallow or intermediate layer,
the per-token draft cost remains substantially lower
than that of a complete forward pass through the
base LLM. As a result, the time saved from fewer
speculative rejections more than compensates for
the additional draft generation cost, resulting in su-
perior overall speedup. This presents an alternative
design principle: while most prior work focuses on
minimizing draft latency, we prioritize draft quality
to maximize end-to-end throughput.

Larger models benefit more from early exit
despite similar draft quality. Interestingly,
SpecBound consistently achieves higher speedup
on 13B models than their 7B counterparts—even
when compression rates (CR) are comparable. This
suggests that deeper architectures offer greater ac-
celeration potential through early exit, as a larger
fraction of their deep layers are redundant for most
easy tokens, enabling early-exited drafts to be veri-
fied in parallel over more layers. As a result, wall-
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time savings per accepted token are amplified, lead-
ing to higher net speedup even when CR plateaus.

Performance Robustness Across Model Do-
mains Furthermore, as a chat-optimized model,
Vicuna achieves consistently higher compression
rates (CR) across all Spec-Bench tasks, which are
predominantly natural-language oriented. In con-
trast, CodeLlama-Instruct, fine-tuned primarily on
code datasets, exhibits relatively lower CR on these
general-language tasks, underscoring the impact of
domain alignment between the base model and the
evaluation benchmark. Nevertheless, SpecBound
consistently delivers the highest speedup across

both model families, demonstrating its robustness
to architectural and domain differences without any
modification to the base LLM parameters.

3.3 Ablation Study

To demonstrate the robustness of our method and
identify its effective hyperparameter range, we con-
duct a series of ablation studies on Vicuna-7B us-
ing the Spec-Bench benchmark. In each experi-
ment, we vary one parameter—exit threshold +y, an-
nealing coefficient o, depth bound dy,ax, or width
bound w,,x—while fixing all others at their opti-
mal values. The resulting wall-time speedup (blue)
and compression rate (CR, orange) are shown in
Figure 3. We further conduct an ablation study
to assess the contribution of each component in
SpecBound. The experiment evaluates the full
method against three variants—each removing one
key component: the Annealed Confidence Thresh-
old, the depth bound , or the width bound—across
multiple base models on the Spec-Bench bench-
mark, as shown in Figure 4.

Impact of Annealed Confidence Threshold Pa-
rameters Figure 3 (top) shows that both the exit
threshold v and annealing coefficient « critically
affect performance. A low v may admit spurious
shallow token exits, while a high ~ suppresses valid
token exits. Similar trade-offs arise with the anneal-
ing strength: a small « fails to deal with spurious
overconfidence, whereas a large o over-smooths
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Method Math Multi. QA RAG Sum. Trans. Overall
greedy decoding 1.89x 1.65x 2.16x 231x 195x 294x 2.15x
temperature sampling (T=0.3) 1.82x 1.56x 2.01x 220x 1.86x 2.86x  2.08x
temperature sampling (T=1.0) 1.71x  1.44x 192x 2.08x 1.73x 2.63x  1.88x
top-p sampling (p=0.9) 1.78x  1.48x 1.99x 2.15x 1.78x 271x  1.94x

Table 2: Speedup performance of SpecBound (Vicuna-7B) under different decoding strategies on different tasks of
Spec-Bench. We choose greedy docoding, temperature sampling and top-p sampling with different settings.

the distribution, hindering early exit. Generally,
the best speedup is achieved with a moderate
and a small o, which mildly adjusts the softmax to
balance reliability and efficiency.

Impact of Depth and Width Bounds Figure 3
(bottom) shows that speedup initially rises with
dmax and wpax, as more draft tokens can be gener-
ated and verified per speculation step. However, ex-
cessive dyax reduce the proportion of computation
that can benefit from parallel shallow-depth pro-
cessing. Similarly, an overly large wp,ax cause the
errors to accumulate. These effects diminish end-
to-end throughput despite increased the length of
accepted tokens. The optimal balance is achieved at
dmax = 10 and wp,,x = 8, maximizing speculative
efficiency without frequent interruption.

Component Contributions in Ablation Study
Figure 4 shows that removing any component of
SpecBound leads to performance degradation, con-
firming their collective contribution to speedup. Re-
moving the depth bound (dy,ax) causes the largest
drop, highlighting its critical role in mitigating dif-
ficult tokens by capping speculative depth and pre-
serving parallelism across deeper layers. Removing
the width bound (wynax ) results in a smaller decline:
when removed, the system may still benefit from
dmax, as longer draft sequences tend to push exit
layers deeper due to increasing model uncertainty,
naturally triggering early verification. Neverthe-
less, wmax remains essential as the primary gate
against excessively long shallow draft sequences,
ensuring reliability without sacrificing efficiency.

Effect of Sampling-Based Decoding Strategies
To further evaluate the versatility of SpecBound,
we conduct experiments on Spec-Bench using
Vicuna-7B to assess its performance under vari-
ous sampling-based decoding strategies, includ-
ing temperature sampling (7" = 0.3 and 1.0) and
top-p sampling (p = 0.9). As summarized in Ta-
ble 2, SpecBound consistently delivers significant

Metric AR (Base) Ours Improv.
TTFT (ms) 20.8 21.1 -
Per-token latency (ms) 17.5 8.8 1.98 x
Throughput (tokens/s) 57.3 123.1  2.15x
End-to-End Latency (s) 3.31 1.89 1.75%

Table 3: Serving latency metrics comparison on Vicuna-
7B using a single NVIDIA H800 GPU. "AR" denotes
standard autoregressive decoding.

wall-time speedup across all tested regimes, rang-
ing from 1.88x to 2.08%, even as sampling ran-
domness increases. While the peak acceleration
of 2.15x is observed under greedy decoding, the
performance remains robust across diverse stochas-
tic settings. The slight moderation in speedup at
higher temperatures is expected, as increased token
entropy inherently poses challenges for specula-
tive acceptance. These results demonstrate that
SpecBound is not restricted to greedy search and
can effectively accelerate various practical decod-
ing configurations in real-world applications.

Detailed Serving Latency Analysis To provide a
more actionable view of SpecBound’s practical util-
ity, we evaluate absolute serving latency metrics us-
ing Vicuna-7B on SpecBench with NVIDIA H800
GPUs, maintaining a fixed maximum length of
1024 and batch size of 1. As summarized in Table 3,
SpecBound achieves significant improvements in
per-token streaming latency and throughput over
the autoregressive baseline. Notably, the prefill
phase remains identical to the base model, result-
ing in a Time to First Token (TTFT) nearly equal to
the baseline. The marginal difference is attributed
to minimal one-time operations such as variable
initialization and the allocation of the small, fixed-
size cache table (L X wmax). Furthermore, because
the cache management involves minimal hardware
operations and the table is reused for each draft win-
dow rather than growing with the input, SpecBound
is not negatively impacted by long-context tasks in
terms of memory overhead.
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4 Related Work

Recent advancements in accelerating Large Lan-
guage Models (LLMs) stem from the draft-then-
verify paradigm, first introduced by Blockwise De-
coding (Stern et al., 2018), which later inspired
Speculative Decoding (Leviathan et al., 2023) and
Speculative Sampling (Chen et al., 2023). Build-
ing upon speculative decoding with an independent
draft model, recent works explore self-draft strate-
gies that leverage the base LLM itself for specu-
lation. These Self-draft methods can be broadly
categorized into three paradigms: (1) fine-tuning
(2) layer skip and (3) early exit.

4.1 Fine-tuning Methods

Some works fine-tune the base LLM on non-
autoregressive objectives to endow it with paral-
lel token prediction capabilities (Lin et al., 2025;
Yi et al., 2024). However, such parameter up-
dates not only require substantial computational
resources for training but also risk degrading the
model’s original generalization performance on di-
verse downstream tasks. In contrast, our approach
requires no fine-tuning and keeps all parameters
frozen, ensuring that the model’s inherent capabili-
ties remain intact while significantly reducing the
barrier to deployment. This plug-and-play nature
allows SpecBound to be seamlessly integrated with
existing pre-trained LL.Ms without any additional
training overhead or performance trade-offs.

4.2 Layer Skip Methods

Another line of work accelerates drafting by using
only a subset of the LLM’s layers—similar to layer
pruning (Kim et al., 2024; Zeng et al., 2023; Yang
etal., 2024; Men et al., 2025). For example, (Zhang
et al., 2024) adaptively skips intermediate layers
during draft generation. However, since skipped
layers are never executed for draft tokens, their hid-
den states remain incomplete, complicating rigor-
ous verification and risking output correctness. Fur-
thermore, such skipping often leads to a mismatch
in the KV cache across layers. In contrast, our
method ensures every output token passes through
all base LLM layers during verification, preserving
distributional fidelity. By maintaining a continu-
ous and complete computation flow, SpecBound
eliminates the risks associated with missing inter-
mediate representations, thereby guaranteeing that
the accelerated output is mathematically identical
to that of the original model.

4.3 Early Exit Methods

To preserve per-layer computation, early exit meth-
ods adopt the strategy of producing draft tokens
by executing only the initial few layers of the
base LLM, and then feeding these drafts into
the subsequent decoding step for full-depth gen-
eration (Bolukbasi et al., 2017; Li et al., 2021;
Kong et al., 2022; Varshney et al., 2023). No-
tably, AdaDecode (Wei et al., 2025) also adopts
an early-exit plus verification strategy similar in
spirit to ours. However, its draft generation re-
lies on a simplistic early-exit criterion and imposes
no bound on speculation depth, which limits its
acceleration potential. In contrast, SpecBound in-
troduces a more refined early-exit mechanism to
improve draft accuracy and Bounded Speculation
with Cached States Algorithm to maximize parallel
efficiency—enabling higher speedup while preserv-
ing exact output equivalence.

5 Conclusion

We present SpecBound, a self-draft speculative de-
coding method that explicitly addresses the hetero-
geneity in early-exit difficulty across tokens during
decoding. To mitigate spurious high-confidence
predictions in shallow layers, we introduce a
carefully designed annealed temperature-sampling
early exit judge mechanism. To prevent redundant
computation on difficult tokens and error propa-
gation in long shallow draft chains, we propose a
cache-based draft-verification algorithm with adap-
tive depth and width bounds. Notably, SpecBound
achieves strong and consistent speedup across di-
verse base models and text generation tasks, while
ensuring lossless acceleration without any modifi-
cation to the base LLM parameters.

Limitations

Our approach, while avoiding the costly training
of a separate draft model, still requires lightweight
trainable heads at intermediate layers to enable
accurate early exiting, and is therefore not fully
training-free. Future work could explore mecha-
nisms for reliable shallow exits without any parame-
ter updates. Moreover, the method involves several
hyperparameters whose optimal settings currently
rely on empirical tuning. A promising direction is
to develop adaptive or tuning-free strategies, e.g.,
dynamically adjusting speculation bounds based
on online token-level uncertainty, to enhance ro-
bustness and ease of deployment.
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Figure 5: Left: Overview of the BSCS algorithm under the setting d,,,x = 6 and wy,ax = 4. When token “chat”
successfully exits at layer 2 and the total draft length reaches the width bound wy,,x, speculation is terminated. All
hidden states of previously generated tokens (“I”, “am”, “a”, “chat”) are concatenated and passed to the remaining
layers for parallel verification. Right: Detailed illustration of per-token layer-wise computation and hidden-state

cache management.

A Illustration of Long Shallow Chains

Given a decoding history prefix “Who are you?”,
the base model early exits token “I” at layer 2,
token “am” at layer 4, token “a” at layer 6, and
token “chat” at layer 2 in four consecutive steps.
After the fourth token, the draft length reaches the
width bound wax = 4, triggering an early veri-
fication despite all tokens having successfully ex-
ited at shallow layers. At this point, BSCS termi-
nates the speculation phase and initiates parallel
verification of all draft tokens. Crucially, because
these tokens exited at different shallow layers, their
hidden states are first aligned to the deepest exit
layer among them (layer 6 in this case) by running
the missing intermediate layers in parallel. The
aligned representations are then jointly processed
through the remaining layers (layer 7 to L) in a
single forward pass, ensuring consistent context for
batched verification. This alignment step prevents
error propagation from shallow, potentially unreli-
able predictions while preserving the efficiency of
multi-token speculation.

B Baseline Implementation Details

For a fair comparison across all base models and
tasks in Spec-Bench, we retrain the draft compo-
nents of AdaDecode (Wei et al., 2025) and Kanga-
roo (Liu et al., 2024) on the same 68K-shareGPT
dataset used for SpecBound. Although public
weights for these methods are available for cer-
tain model configurations (e.g., Vicuna-7B), they

do not cover the full range of our evaluation set-
tings(base models or benchmarks). All other base-
lines (Lookahead (Fu et al., 2024), Medusa (Cai
et al., 2023), REST (He et al., 2024), SPACE (Yi
et al., 2024)) are evaluated using their officially
released weights and the standard Spec-Bench(Xia
et al., 2024) pipeline without modification. All re-
sults are measured on a single NVIDIA H800 GPU,
with speedup reported relative to autoregressive
decoding using the same base LLM.

C Training Overhead Details

As detailed in Section 3.1, the training process
is highly efficient, requiring only 20 epochs on
68K multi-turn conversations from the ShareGPT
dataset. This setup is completed in approximately
two hours using four NVIDIA H800 GPUs.

A key factor in this efficiency is the "feature-
caching" strategy employed during data generation.
By storing the intermediate hidden states of the
base LLM as it decodes the training inputs, the base
model does not need to be re-run during the itera-
tive training of the LM heads. Instead, we perform
parallel supervision only on a set of lightweight lin-
ear layers, significantly reducing the computational
burden. Once trained, these task-agnostic weights
provide a permanent reduction in inference-time
latency and resource consumption across various
downstream applications.

16320



Device Math Multi-turn QA RAG Summary Translation Overall
H800 1.89 % 1.65x% 2.16x 2.31x 1.95x% 2.94x 2.15x%
RTX 3090 1.81x 1.58x 2.12x 2.13x% 1.92x 2.69x 2.01x

Table 4: Speedup performance of SpecBound (Vicuna-7B) on different GPU devices across various Spec-Bench
tasks. The evaluation are conducted on H800 and RTX 3090 with all other settings are the same.

D Empirical Robustness Across Different
Hardware Architectures

To validate the robustness of SpecBound across
diverse hardware, we additionally evaluated our
method on consumer-grade NVIDIA GeForce RTX
3090 GPUs (24GB), using Vicuna-7B as the base
model. The RTX 3090 was selected for its more
constrained memory subsystem—specifically its
lower memory bandwidth and higher latency com-
pared to the H800—to verify SpecBound’s effec-
tiveness under stricter hardware limitations. As
shown in table 4, while the overall speedup slightly
decreases from 2.15x to 2.01x when switching to
the RTX 3090, SpecBound remains consistently ef-
fective across all tasks. These results demonstrate
the method’s practical robustness and its suitability
for diverse deployment scenarios, even on hard-
ware with significant resource constraints.

E Robustness and Break-even Analysis

To address the potential concerns regarding the
robustness in low-acceptance regimes (e.g., domain
shift or highly ambiguous sequences), we provide
a comprehensive analysis of its performance lower
bound and empirical speedup distribution.

Theoretical Worst-Case Analysis Theoretically,
the worst-case scenario for SpecBound occurs
when the model speculates the maximum width
Wmax at depth dp.x, but all draft tokens are re-
jected during verification. In this case, only one
token is successfully decoded in the cycle. Based
on the speedup model in Eq. 5, as the per-token
acceptance rate a — 0 and speculation width
W — Wmax, the speedup ratio S D can theoretically
fall below 1.0. However, SpecBound mitigates this
"wasted" computation by reusing cached hidden
states h(@max) for the subsequent verification pass.
Since the cost of a few early-layer passes is frac-
tional compared to a full-model forward pass, the
efficiency gap between consumption and gain is sig-
nificantly narrowed, ensuring that the "investment"
in drafting usually yields a net positive return.

Speedup Range Number Percentage
3.54 x —4.16x (Max) 16 3.33%
2.93 x —3.54x 48 10.00%
2.31 x —2.93x 103 21.46%
1.69 x —2.31x 197 41.04%
1.07x (Min) —1.69x 116 24.17%

Table 5: Empirical speedup distribution of SpecBound
on Vicuna-7B across 480 prompts from SpecBench.

Empirical Distribution across Prompts To em-
pirically validate the robustness, we analyze the
per-prompt speedup distribution for Vicuna-7B on
SpecBench (480 prompts). As summarized in Ta-
ble 5, SpecBound consistently maintains a speedup
above 1.0x even in its tail cases. Specifically,
24.17% of prompts fall into the minimum speedup
range (1.07 x —1.69x), while over 34% of prompts
achieve a speedup exceeding 2.93x. The fact that
the entire distribution remains above the break-even
point (SD > 1.0) underscores the practical relia-
bility of our adaptive bounded speculation, even
when encountering difficult tokens or varying con-
text lengths.
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