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Abstract

Speculative decoding accelerates autoregres-
sive generation by letting draft tokens bypass
full verification, but conventional frameworks
suffer from frequent false rejections, particu-
larly when draft models produce semantically
correct but lexically divergent outputs. In
this paper, we present Calibrated Specula-
tive Decoding (CSD), a training-free frame-
work that recovers valid tokens discarded by
standard verification. Guided by the princi-
ple of “Frequency-Guided Candidate Selec-
tion, Probability-Guarded Acceptance,” CSD
incorporates two lightweight modules: Online
Correction Memory, which aggregates his-
torical rejections to propose recurring diver-
gence patterns as rescue candidates, and Se-
mantic Consistency Gating, which verifies
candidate admissibility using probability ra-
tios instead of exact token matching. Our eval-
uation across diverse large language models
demonstrates that CSD outperforms existing
methods, achieving a peak throughput speedup
of 2.33x. CSD preserves model accuracy
across all tasks while boosting performance on
complex reasoning datasets. These results es-
tablish CSD as a highly effective, lightweight
solution for LLM deployments.

1 Introduction

Large Language Models (LLMs) have demon-
strated unprecedented capabilities across a wide
spectrum of tasks (Achiam et al., 2023; Guo
et al.,, 2025). However, their deployment is
severely constrained by the memory wall (Gho-
lami et al., 2024). Specifically, the autoregres-
sive nature of decoding renders inference predom-
inantly memory-bandwidth bound, particularly in
latency-sensitive, small-batch settings, where the
arithmetic intensity is low (Chen et al., 2025; Pope
et al., 2023; Liu et al., 2024a, 2021).

To alleviate this bottleneck, Speculative Decod-
ing (SD) (Leviathan et al., 2023; Chen et al., 2023)

has emerged as a dominant acceleration paradigm.
SD employs a smaller draft model to propose can-
didate tokens that are verified in parallel by the
target model, thereby amortizing memory access
costs across multiple tokens and enabling lossless
acceleration.

Recent advances in Small Language Models
(SLMs) alter the role of draft models in SD. Driven
by advances in model distillation and architec-
tural optimization, modern SLMs are no longer
mere approximators but capable reasoners (Bach-
mann et al., 2025). For instance, Llama-3-8B
achieves 84.5% accuracy on the GSM8K math
benchmark, significantly outperforming its much
larger predecessor, Llama-2-70B (56.8%) (Dubey
et al., 2024; Touvron et al., 2023). This paradigm
shift presents a new opportunity: draft models
are increasingly generating semantically correct
responses that may differ lexically from the target
model’s preference.

However, existing SD frameworks fail to cap-
italize on this intelligence. Standard verification
mechanisms, such as strict token matching or re-
jection sampling (Leviathan et al., 2023), oper-
ate on a rigid, distribution-alignment basis. This
creates a fundamental mismatch: while the draft
model demonstrates strong reasoning capabilities,
the verification logic remains structurally intoler-
ant. As illustrated in Figure 1(a), this rigidity leads
to “False Rejections,” where valid draft tokens
(e.g., synonyms like ‘x’ vs ‘*’) are discarded
merely due to trivial lexical or stylistic discrepan-
cies. This forces the target model to re-generate se-
mantically equivalent tokens, thereby negating the
efficiency gains, particularly in open-ended gener-
ation tasks.

To bridge the gap between rigid verifica-
tion and flexible semantics, we introduce Cali-
brated Speculative Decoding (CSD), a training-
free framework designed to recover valid tokens
from false rejections. Guided by the philoso-
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Figure 1: Overview of Calibrated Speculative Decoding (CSD). (a) Standard Speculative Decoding suffers from
“False Rejections,” where trivial lexical mismatches (e.g., ‘X’ vs “*”) cause the discard of subsequent valid tokens
(e.g., 5=10). (b) CSD mitigates such rigid rejections by introducing a Rescue Mechanism. It employs Online
Correction Memory (OCM) to propose potential candidates based on historical priors, and uses Semantic Consis-
tency Gating (SCG) to verify their admissibility via probability ratios (Score > 7), effectively recovering wasted

computation.

phy of “Frequency-Guided Candidate Selection,
Probability-Guarded Acceptance,” CSD incorpo-
rates two lightweight modules (Figure 1(b)). First,
Online Correction Memory continuously aggre-
gates historical rejections to propose “rescue can-
didates” for recurring divergence patterns. Second,
Semantic Consistency Gating evaluates the admis-
sibility of these candidates through probability ra-
tios rather than exact matching.

Our contributions are as follows: (1) We iden-
tify the Semantics-Alignment Mismatch in mod-
ern speculative decoding, revealing that rigid ver-
ification hinders the potential of draft models;
(2) We propose Calibrated Speculative Decod-
ing (CSD), a training-free framework that in-
corporates Online Correction Memory and Se-
mantic Consistency Gating to enable adaptive,
pattern-aware verification; (3) CSD delivers up
to 2.33x speedup while maintaining generation
quality across standard tasks. Importantly, it
uniquely enhances complex reasoning accuracy
by 2.5 points on HumanEval and 2.0 points on
MATHS500 (Hendrycks et al., 2021; Chen, 2021),
proving that CSD safely recovers valid draft to-
kens to improve inference efficiency.

2 RELATED WORK

Speculative Decoding (SD) breaks the serial de-
pendency of autoregressive generation by intro-
ducing a drafting step, establishing itself as a dom-
inant paradigm for accelerating LLM inference.
The classic approach typically employs an inde-
pendent lightweight model from the same family
as the target model to generate draft tokens (Chen
et al., 2023; Leviathan et al., 2023). To circum-
vent the VRAM overhead and system complexity

associated with independent models, some works
utilize layer skipping or early-exiting strategies
to construct draft models (Elhoushi et al., 2024;
Zhang et al., 2024; Xia et al., 2024; Liu et al.,
2024b), reusing a subset of target weights for effi-
cient generation. Meanwhile, approaches like Ea-
gle (Li et al., 2024) and Medusa (Cai et al., 2024)
append lightweight decoding heads to the target
model to predict future tokens in parallel. Further-
more, methods such as Lookahead Decoding (Fu
et al., 2024) and Jacobi decoding (Santilli et al.,
2023) eliminate the draft model entirely, achieving
parallelism via parallel iterative decoding.

To maximize the speedup of SD, prior works
have focused on improving the acceptance rate.
On one hand, Tree-based methods (Miao et al.,
2024; Chen et al., 2024) extend single-chain gen-
eration to token trees built from top-k predictions
and verify them in parallel with tree-attention, en-
larging the covered solution space. On the other
hand, efforts improve draft quality through align-
ment strategies, such as distilling the draft from
the target model (Zhou et al., 2023b) or sharing
KV caches across models (Du et al., 2024). Re-
cently, approaches such as Judge Decoding (Bach-
mann et al., 2025) and R2R (Fu et al., 2025)
explore learned verification by training auxiliary
models to assess token validity.

However, these advancements often introduce
substantial overheads, including the high computa-
tional cost of tree-based verification and the train-
ing expense of learned methods, while remaining
constrained by rigid exact matching. Such rigidity
leads to the false rejection of semantically equiva-
lent tokens. In contrast, we propose a lightweight,
training-free framework that calibrates the verifi-
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cation logic itself. By leveraging historical diver-
gence patterns and semantic gating, our approach
recovers valid tokens without architectural modi-
fications. Notably, our framework is generically
applicable to standard rejection sampling-based
methods, serving as a seamless enhancement to
their verification logic.

3 Preliminaries and Motivation

3.1 Speculative Decoding (SD)

Speculative Decoding accelerates the inference of
a target model M, by leveraging a computation-
ally efficient draft model M,. The process fol-
lows a predict-then-verify paradigm. Given an in-
put context z, the draft model first generates a se-
quence of 7y candidate tokens 1. autoregressively.
Specifically, at each step 7, the token Z; is sampled
via:

i‘i"’Q(' ’m7j<i)v i€{17---77} (D

where ¢(-) denotes the probability distribution out-
put by M,,.

Subsequently, M), evaluates the drafted se-
quence in a single parallel forward pass to com-
pute the target probabilities p(- | x, Z;) for all po-
sitions. To ensure the generated sequence follows
the target distribution, SD adopts a rejection sam-
pling scheme. A candidate token Z; is accepted
with probability «;, defined as:

a; = min <1, P& | @, 2<i) x’:f<i>> @)
(i | 7, 2<;)
If a token z; is rejected, the process terminates
at step 4, and a correction token is resampled
from the normalized residual distribution p’ =
norm(max(0,p — ¢)). Conversely, if all y tokens
are accepted, an additional token is sampled di-
rectly from M,,. Crucially, this mechanism guar-
antees that the final output distribution is mathe-
matically identical to that of the target model M,,.

3.2 Why Do We Reject? Analyzing Draft
Rejection Patterns

Rejection sampling guarantees correctness under
exact token-level verification (Eq. 2), but this strict
matching rule does not account for the lexical di-
versity of natural language. Recent studies (Bach-
mann et al., 2025; Fu et al., 2025) show that draft
and target models often differ by semantically
equivalent lexical choices, referred to as “neutral

differences.” Existing approaches typically relax
rigid verification by introducing learned routers or
judgment heads, which increases system complex-
ity and inference overhead. In this work, we ask
whether a subset of these valid but rejected draft
tokens can be recovered by refining the verifica-
tion logic in a training-free manner.

To characterize the prevalence and structure of
such false rejections, we conduct a large-scale
empirical analysis under standard speculative de-
coding. We use LLaMA-3.2-1B-Instruct as the
drafter and LLaMA-3-70B-Instruct as the target,
and collect all rejected token pairs during stan-
dard sampling (1" = 1). Experiments are per-
formed on a combined dataset of 28,000 samples
from CNN/DailyMail (Hermann et al., 2015) and
MATH (Hendrycks et al., 2021). Figure 2 sum-
marizes the resulting statistics. We highlight two
observations that inform our design.

Observation 1: Long-tailed distribution of re-
jection patterns. As shown in Figure 2(a), re-
jected draft—target token pairs exhibit a highly
skewed distribution. The top 20% most frequent
patterns account for approximately 69.0% of all
rejections. This concentration indicates that a lim-
ited number of recurring patterns dominate draft
failures, suggesting that many rejections arise
from systematic rather than isolated mismatches.

Observation 2: Strong context dependence
within frequent patterns. Frequency alone,
however, is insufficient to determine whether a re-
jected draft token should be accepted. Figure 2(b)
analyzes the top-10 most frequent patterns and re-
ports distribution of probability ratios assigned by
the target model to the rejected draft token x; ver-
sus the optimal token t* (pa4, (%:) /pm, (t*)). For
the same token pair, this ratio spans several orders
of magnitude, ranging from values close to 1 to be-
low 10710, This wide variance reflects strong con-
text dependence. In some contexts, the draft token
remains a plausible semantic alternative with high
target confidence (e.g., a vs. the), while in others
it corresponds to a factual error or hallucination
that the target model appropriately suppresses.
Taken together, these observations show that ex-
act matching is overly restrictive, discarding high-
confidence draft tokens that are semantically valid,
while purely frequency-based relaxation is unsafe
due to context-sensitive failure cases. This moti-
vates a verification strategy that leverages histor-
ical recurrence while enforcing confidence-aware
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Figure 2: Statistical Analysis of False Rejections. (a) Long-Tailed Frequency: The distribution of rejected patterns
is highly skewed; the 20% (head patterns) account for 69.0% of total rejections. This suggests a lightweight
Correction Memory targeting these patterns can recover most failed speculations. (b) Ratio Variance: Extreme
variance in probability ratios (I' = 1) reflects a spectrum from severe hallucinations to semantically consistent
alternatives. This diversity necessitates dynamic Semantic Consistency Gating to distinguish valid candidates

from errors, moving beyond static relaxation.

gating, enabling selective recovery of valid draft
tokens without introducing learned predictors or
compromising correctness.

4 Methodology
4.1 CSD Overview

Building upon the insights from Section 3.2,
we introduce Calibrated Speculative Decoding
(CSD), a training-free inference framework that
improves the efficiency of speculative decoding by
selectively relaxing rigid token-level verification.

As illustrated in Figure 1(a), conventional spec-
ulative decoding enforces exact token matching
between the draft and target models. This strict
verification can lead to unnecessary rejections
when the two models produce lexically differ-
ent yet functionally comparable tokens in context
(e.g., discarding 5=10 due to a trivial x vs. * mis-
match), thereby reducing the effective acceptance
rate and wasting computation.

To address this limitation, CSD adopts a dual-
stage inference protocol guided by the princi-
ple of “Frequency-Guided Candidate Selection,
Probability-Guarded Acceptance.” As shown in
Figure 1(b), this protocol is realized through two
complementary, lightweight modules. First, On-
line Correction Memory (OCM) acts as the
proposal module by exploiting the heavy-tailed
(Pareto) distribution of rejection patterns. It main-
tains a compact memory of frequent divergence
pairs to propose alternative candidates during re-
jections. Second, Semantic Consistency Gating
(SCG) serves as the verification module, mitigat-
ing the risk of proposal relaxation. By enforc-

ing a confidence-based acceptance criterion de-
rived from the target model, SCG filters out low-
confidence substitutions that may lead to inconsis-
tencies. Together, these modules form a unified
inference protocol (Algorithm 1), allowing CSD
to recover benign rejections on the fly without re-
training.

4.2 Online Correction Memory

OCM instantiates the Frequency-Guided Candi-
date Selection stage of CSD. It records frequently
observed divergence pairs (Z;, t*), where the draft
token z; differs lexically from the verified target
token t*, yet such divergences recur systematically
during speculative decoding. These recurring pat-
terns serve as empirical priors for proposing al-
ternative candidates under future rejections. The
workflow of OCM is divided into two phases.

Phase 1: Prior Calibration (Initialization).
Before deployment, we perform a lightweight cal-
ibration using standard speculative decoding on
an unlabeled task corpus. This process collects
decoding-level divergence statistics to initialize
the memory table 7.

Importantly, this calibration does not involve pa-
rameter updates and only captures co-occurrence
statistics between the draft and target models. It
serves to establish a generic prior for the model
pair, rather than task-specific tuning.

Phase 2: Online Evolution (Inference). Dur-
ing inference, OCM adapts to the test-time distri-
bution via two mechanisms. First, Dynamic Up-
date increments the frequency of any verified di-
vergence (Z;,t*) in T (Algorithm 1, Line 18), en-
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Algorithm 1 Calibrated Speculative Decoding
with Online Adaptation

Require: Target and Draft Models M,,, M, Input

Prefix z, Lookahead Steps ~y, Temperature 7',
Memory 7 (OCM), Thresholds 7 (SCG), A

(Freq.)

1: fori =1toydo

2 gilw) « M{D (| 2, 50)

3: Ti~ qz(:c)

4. end for

5 P () & MV (] 2, 312y

6: n+ 0

7: fori = 1to~y do

8: T~ U[O, 1]

9 < min(1, 242)

10 if r < o then

11: n+<n+1

12: else

13: Plhos(z) + norm(max (0, p;(x) — ¢;(x)))
14: t ~ p;"es (I)

15: {> CSD Logic: Attempt Rescue}
16: is_freq < (T[(Z;,t*)] > \)
17: is_safe < (m >7)
18: UPDATEMEMZORY(T, Zi, t*)
19: if is_freq A is_safe then
20: n < n + 1 {Rescued!}
21: else
22: return x @ [Z1,..., Ty, t"]
23: end if
24:  end if
25: end for
26: t ~ pyy1(2)
27: return = @ (Z1,..., 3, 1]

abling CSD to capture domain-specific vocabulary
or stylistic shifts online. Second, Candidate Pro-
posal ensures a divergence is proposed as a res-
cue candidate only if it satisfies a frequency thresh-
old T[(Z;,t*)] > A (Line 16). This filtering sup-
presses stochastic mismatches and focuses on sys-
tematic patterns, consistent with observations in
Section 3.2.

4.3 Semantic Consistency Gating

While OCM leverages historical priors to propose
alternative candidates, these priors are inherently
context-agnostic. However, token validity in lan-
guage generation is strongly conditioned on the lo-
cal context, and a frequent historical substitution
may still be inappropriate in a given instance.

To bridge the gap between static historical pri-
ors and dynamic decoding contexts, SCG instan-
tiates the Probability-Guarded Acceptance princi-
ple by implementing a context-aware verification
mechanism that validates each correction candi-
date conditioned on the target model’s instanta-
neous confidence

Semantic Admissibility Check. SCG assesses
whether a proposed token z; lies within a rea-
sonable confidence margin relative to the target
model’s preferred token ¢*. Rather than computing
explicit probability ratios, we perform this check
directly in the logit space for efficiency:

(T=1) (=
log 172_7(561) = 2i(&;) — z(t") > log T
p(T—l) (t*) N——
v Zero-overhead

3)
where z;(-) denotes the raw logits produced by the
target model. This formulation avoids redundant
Softmax computations, is invariant to sampling
temperature, and incurs negligible computational

overhead.

Gating Logic. We adopt a relatively lenient
threshold 7, acknowledging that valid continua-
tions are not restricted to the single top-ranked to-
ken. By allowing candidates with non-negligible
confidence under the target model, SCG accommo-
dates benign lexical variations while effectively re-
jecting low-confidence deviations that may cause
contextual inconsistency or hallucination.

5 Experiments

5.1 Experimental Setup

Models & Benchmarks. To evaluate the ver-
satility of CSD, we employ two representative
model configurations: (1) Llama series (Dubey
et al., 2024), pairing Llama-3-7@0B-Instruct
(Target) with Llama-3.2-1B-Instruct (Draft);
and (2) Qwen-2.5 series (Qwen et al., 2025),
pairing Qwen-2.5-72B-Instruct (Target)
with Qwen-2.5-7B-Instruct (Draft). Stan-
dardized evaluations are conducted using the
Im-evaluation-harness (Gao et al., 2024)
on four datasets spanning diverse capabilities:
GSM8K (Cobbe et al.,, 2021) and Minerva-
Math500 (Hendrycks et al., 2021; Lewkowycz
et al., 2022) for mathematical reasoning, Hu-
manEval (Chen, 2021) for code generation,
and CNN/DailyMail (Hermann et al., 2015) for
summarization.
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Table 1: Main results across Llama-3 (70B/1B) and Qwen-2.5 (72B/7B) families. We report Acc (Task accuracy),
Tp (Throughput in tokens/s), and Spd (Speedup relative to vanilla decoding). Avg. represents the mean speedup
across all benchmarks. Best results are highlighted in bold.

GSMSK MATHS00 HumanEval CNN/DM Avg.
(8-shot, Pass@1) (4-shot, Pass@1) (0-shot, Pass@1) (0-shot, ROUGE-L)

Method Ace Tp Spd  Ace Tp Spd  Ace Tp Spd  Acec Tp Spd Spd
Llama-3 Series
Vanilla Decoding 92,6 134 1.00x 46.0 152 1.00x 76.8 159 1.00x 20.3 153 1.00x 1.00x
SpecDecode 923 233 1.74x 454 288 1.89x 76.8 30.1 190x 203 228 149x 1.75x
Lossy SD (r =0.6) 923 242 1.80x 494 30.6 2.00x 78.0 323 204x 203 236 1.55x 1.85x
SWIFT 92.6 129 096x 464 165 1.09x 76.8 175 1.10x 202 175 1.14x 1.07x
Lookahead 92.6 11.1 0.83x 46.6 125 0.82x 76.8 144 091x 203 125 0.82x 0.84x
CSD (Ours) 92.6 245 1.83x 48.0 355 233x 793 370 233x 203 244 1.59x 2.02x
QOwen-2.5 Series
Vanilla Decoding 91.7 139 1.00x 822 154 1.00x 884 149 1.00x 199 152 1.00x 1.00x
SpecDecode 91.5 222 1.59x 814 296 192x 89.0 269 181x 199 202 133x 1.66x
CSD (Ours) 922 252 1.81x 832 328 2.12x 884 29.0 195x 199 237 157x 1.86x

Table 2: Comparison with Semantic Verification Methods. AR denotes the Acceptance Rate.

Other metrics

(Acc, Tp, Spd) follow the same definitions as in Table 1. Best results are highlighted in bold.

GSMSK MATHS00

HumanEval CNN/DM Avg.

Method Acc Tp Spd AR

Acc Tp Spd AR Acc

Tp Spd AR Acc Tp Spd AR Acc Tp Spd AR

Vanilla Decoding  92.6 13.4 1.00x 0.0% 46.0 152 1.00x 0.0% 76.8
SpecDecode 923 22.0 1.64x 46.2% 454 282 1.85x 429% 76.8
Fly 91.8 23.7 1.77x 53.1% 46.8 32.0 2.10x 51.4% 76.8
Reflect Verification 92.0 22.6 1.69x 62.0% 49.6 29.6 1.94x 582% 78.0
CSD 92.5 24.6 1.84x 583% 494 35.2 2.31x 59.3% 76.8

159 1.00x 0.0% 20.3 153 1.00x 0.0% 589 149 1.00x 0.0%
25.6 1.61x 399% 203 17.2 1.13x 232% 58.7 23.2 1.56x 38.0%
31.3 1.97x 482% 203 17.5 1.14x 26.7% 589 26.1 1.75x 44.8%
30.6 1.93x 51.7% 202 22.7 1.49x 38.7% 59.9 264 1.76x 52.6%
334 2.11x 49.8% 202 202 1.32x 33.3% 59.7 284 1.89x 50.2%

Baselines. We evaluate CSD against a suite of
training-free decoding strategies across four cate-
gories: First, as standard benchmarks for strictly
lossless generation, we employ Vanilla Decod-
ing and Standard Speculative Decoding (SpecDe-
code) (Leviathan et al., 2023; Chen et al., 2023).
Second, to investigate the limits of memory-free
probability relaxation, we evaluate Static Lossy
Speculative Decoding (Static Lossy SD), which
solely employs confidence gating (Eq. 3). In
this setting, we tune the threshold 7 ~ 0.6 to
identify the “lossless boundary”’the most aggres-
sive relaxation possible without degrading down-
stream performance. Third, we compare against
advanced acceleration methods, including Swift
(Xia et al., 2024), which implements on-the-fly
self-speculation via adaptive layer-skipping and
tree-based decoding, and Lookahead Decoding
(Fu et al., 2024), which achieves draft-free accel-
eration through parallel Jacobi iteration. We fur-
ther compare CSD with recent concurrent meth-
ods: Fly (Li et al., 2025), which employs entropy-
based gating and deferred consistency validation;
and Reflective Verification (Wang et al., 2025),
which utilizes reflective prompting and dual-copy
templates to fuse multi-level logits.

Implementation Details. We implement CSD
using PyTorch and Hugging Face Transformers
(Paszke et al., 2019; Wolf et al., 2020). All exper-
iments are conducted on a server node equipped
with 8 NVIDIA H20 GPUs. For each inference
session, we allocate 2 GPUs to load the 70B/72B
target models. All evaluations are performed in a
single-batch setting.

Main Evaluation Protocol: For the primary re-
sults (Section 5.2), we set the CSD lookahead
steps to v = 6, frequency threshold to A = 6, and
semantic gating threshold to 7 = 0.01.

Semantic Baseline Protocol: For a fair compar-
ison with concurrent methods (Section 5.3), we
unify the speculative length to v = 15, aligning
with Fly’s default setting. Since official imple-
mentations are currently unavailable, we meticu-
lously re-implemented these frameworks: for Fly,
we set the deferred window to 6 and optimized its
entropy threshold to 0.05; for Reflective Verifica-
tion, we strictly adhered to the original hyperpa-
rameter configurations. This unified protocol en-
sures an equitable evaluation of CSD against the
latest semantic-aware paradigms.

Calibration: CSD is initialized with a calibra-
tion set of 2,000 samples for most tasks, extend-
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Table 3: Ablation study of CSD components on MATH500 and HumanEval. AR denotes the Acceptance Rate.
Note that individual modules (w/ OCM or w/ SCG) incur accuracy degradation compared to the baseline, while

our integrated CSD framework achieves optimal balance.

MATHS00 HumanEval
Variant Acc AR Tp Spd Acc AR Tp Spd
SpecDecode (Baseline) 454 63.6% 28.8 1.00x 76.8 59.7% 30.1 1.00x
SD w/ OCM 37.8 83.1% 36.6 1.27x 70.7 71.6% 372 1.24x
SD w/ SCG 43.6 88.7% 38.2 1.33%x 70.7 88.6% 444 1.48 x
CSD (Ours) 48.0 79.6 % 35.5 1.23x 79.3 67.9% 37.0 1.23x

ing to 8,000 for MATHS500 to ensure comprehen-
sive coverage. We sample from the training sets
of GSM8K, CNN/DailyMail, and original MATH
(for MATHS500). For HumanEval, we strictly use
the MBPP training set (Austin et al., 2021) as a
proxy to ensure zero-shot integrity and prevent
data leakage. During this phase, we set the tem-
perature ' = 0.6 to broaden the CSD’s exposure
to diverse valid token pairs. Importantly, this cali-
bration is a one-time, offline procedure that intro-
duces zero online overhead during inference. The
process is highly efficient, taking approximately
1.5 hours per 1,000 samples on two H20 GPUs.

Evaluation: To ensure reproducibility and
eliminate stochastic variance in speedup measure-
ments, all final performance evaluations are con-
ducted using greedy decoding (7" = 0).

5.2 Main Results

Table 1 compares CSD against baselines across
Llama-3 and Qwen-2.5 families. Overall, CSD
consistently yields the highest throughput while
maintaining target model quality.

Performance on Llama-3. CSD outperforms
standard speculative decoding on the Llama-3-
70B/1B pair. It achieves an average speedup
of 2.02x, surpassing SpecDecode! (1.75x) by
a wide margin, with gains peaking at 2.33x on
MATHS500 and HumanEval. Additional evalua-
tions on complex instruction-following (IFEval)
and long-context (RULER) benchmarks further
validate CSD’s generalization (see Appendix A).
Crucially, CSD maintains the accuracy of vanilla
decoding across most standard benchmarks, while
notably surpassing the baseline on HumanEval
(+2.5 points) and MATHS500 (+2.0 points). We hy-
pothesize that the draft model enables the system
to escape the local optima of greedy decoding by
proposing valid alternative trajectories.

!Standard speculative decoding is theoretically lossless;
however, minor fluctuations (e.g., 92.6 vs. 92.3 on GSM8K)

Advantage over Lossy SD. The performance
of Lossy SD (1 = 0.6) confirms the prevalence of
"neutral divergence"valid tokens that differ from
the greedy path. However, static gating lacks gran-
ularity. A fixed global threshold cannot perfectly
distinguish acceptable deviations from errors, ne-
cessitating a conservative setting (7 = 0.6) to en-
sure safety. This rigidity limits its ability to ac-
cept lower-probability but valid tokens, resulting
in only marginal speedups over standard SpecDe-
code (e.g., 1.85x vs. 1.75x on Avg). CSD lever-
ages fine-grained filtering to unlock significantly
higher throughput (Avg. 2.02X).

Comparison with Advanced Methods. Com-
plex acceleration schemes often yield suboptimal
results on large-scale models. Lookahead can even
yield negative speedups: its Jacobi decoding re-
duces the number of steps but incurs excessive
FLOPs, creating a compute bottleneck on 70B
models. Similarly, SWIFT achieves only modest
gains (~1.07x) due to a structural trade-off be-
tween minimizing speculation overhead and main-
taining acceptance rate. For example, a low layer-
skip rate (e.g., 45%) results in a computationally
heavy draft model, while a higher skip rate causes
the acceptance rate to collapse. In contrast, CSD
improves the acceptance rate with negligible over-
head, allowing these gains to translate directly into
higher throughput.

Generalization to Qwen-2.5. On Qwen-2.5
series (72B/7B), CSD also raises the average
speedup from 1.66x to 1.86x. Notably, CSD
peaked on MATH500 with a 2.12x speedup and
+1.0 point accuracy gain. This confirms that our
strategy generalizes well to different vocabularies
and structures.

Analysis of Rescued Tokens. To character-
ize the specific sources of CSD’s efficiency gains,
we analyzed 100 randomly sampled “rescued” to-

may arise from non-deterministic parallel reduction kernels
during verification.
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kens from the Llama-3-70B/1B inference traces.
We categorize the false rejections mitigated by
CSD into four primary types of semantically neu-
tral divergences: (1) Math Formatting (=45%),
such as equivalent delimiters (e.g., $$ vs. \[) or
trailing punctuation (e.g., $, vs. $); (2) Punctu-
ation & Spacing (=~20%), including minor vari-
ations like commas versus conjunctions (e.g., “,”
vs. “and”) or line breaks (e.g., \n vs. \n\n); (3)
Lexical Synonyms (=<20%), where draft predic-
tions are semantically identical (e.g., “get” vs. “ob-
tain”’); and (4) Reasoning Connectives (~15%),
such as structural transitional words (e.g., “So”
vs. “Therefore”). Standard speculative decoding
routinely penalizes these valid, mutually replace-
able tokens. By safely salvaging these surface-
level equivalents, CSD effectively breaks the ac-
ceptance rate ceiling of strict exact-match rules
without disrupting the foundational reasoning pro-
cess or downstream accuracy.

5.3 Comparison with Concurrent Semantic
Baselines

We evaluate CSD against state-of-the-art semantic
baselines using a Llama-3-70B/1B pair (y = 15).
Table 2 shows that CSD achieves higher end-to-
end throughput by bypassing the structural and
computational bottlenecks of prior paradigms.

(1) Efficiency over Window-based Verifica-
tion (vs. Fly): Fly relies on a deferred window
that requires exact-match consistency for subse-
quent W tokens. This strategy is inherently sen-
sitive to minor stylistic variations and often fails
at sequence boundaries where future context is
unavailable. In contrast, CSD performs token-
independent semantic validation via statistical gat-
ing. This granularity allows CSD to recover valid
drafts even at boundaries, achieving a superior av-
erage acceptance rate (50.2% vs. 44.8%).

(2) Efficiency over Prompt-based Verification

(vs. Reflective): While Reflective Verification
achieves a high acceptance rate (52.6%) through
logit fusion, its wall-clock speedup (1.76x) lags
behind CSD (1.89x). This gap stems from its use
of verification templates that duplicate tokens and
append probes, which significantly increases input
length and computational latency during the tar-
get model’s forward pass. CSD avoids this over-
head by directly utilizing standard target logits, en-
suring that improved acceptance rates translate di-
rectly into physical acceleration.

In summary, CSD shifts the semantic verifica-
tion bottleneck from complex structural dependen-
cies to a simple, zero-overhead filtering problem.

5.4 Ablation Results

To assess the contribution of each component, we
evaluate two variants: (1) SD w/ OCM, employ-
ing only the Online Correction Memory; and (2)
SD w/ SCG, using only Semantic Consistency
Gating with 7 = 0.01.

Risks of Coarse-grained Filtering. As shown
in Table 3, while individual modules improve
throughput, they trigger significant accuracy re-
gressions. Specifically, SD w/ SCG achieves the
maximum speedup (1.48x on HumanEval) by
surging acceptance rate to 88.6%, but at the cost of
reducing accuracy to 70.7. Similarly, SD w/ OCM
enhances MATHS500 throughput (AR 83.1%) but
fails to maintain precision, with accuracy drop-
ping to 37.8. These results underscore the risk
of coarse-grained filtering: relaxing verification
without the joint protection of semantic gating
and frequency-guided proposals introduces harm-
ful hallucinations.

Safe Acceleration through Synergy. In con-
trast, the full CSD framework effectively syn-
ergizes both modules. By adaptively identify-
ing “neutral divergence,” CSD boosts the accep-
tance rate by 16.0% (from 63.6% to 79.6%) on
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Table 4: Generalization to Universal Calibration. We
compare CSD calibrated on task-specific data (Spec.)
against CSD using a Univ. (Universal) calibration set.
Avg. denotes the macro-average across all tasks.

Acc AR Speedup
Task Spec. Univ. Spec. Univ. Spec. Univ.
HumanEval 79.2 78.0 67.9% 71.1% 2.33x 245x
MATHS00 48.0 50.0 79.6% 743% 2.32x 2.23x
GSMSK 926 928 764% 745% 1.83x 1.80x
CNN/DM 203 203 553% 544% 1.59x 1.59x
Avg. 60.0 603 69.8% 68.6% 2.02x 2.02x

MATHS00 while further boosting accuracy to
48.0. Similarly, on HumanEval, it improves the
acceptance rate to 67.9% (vs. 59.7% baseline)
while achieving superior accuracy (79.3). These
results demonstrate that CSD’s fine-grained ap-
proach safely unlocks valid alternative trajectories,
providing an optimal trade-off between inference
speed and reasoning integrity.

5.5 Sensitivity Analysis

We evaluate the impact of CSD’s core hyperparam-
eters on the MATHS00 benchmark. As shown in
Fig. 3(a), the acceptance rate (AR) increases with
the amount of calibration data. While the per-
formance gain starts to plateau after 2k—4k sam-
ples, it reaches the maximum at 8k samples. Im-
portantly, even without any initial calibration data,
CSD achieves a 7% improvement in AR over stan-
dard speculative decoding, thanks to its online
dynamic update mechanism. This suggests that
CSD can effectively capture the divergence pat-
terns with minimal offline overhead. Furthermore,
Fig. 3(b) and (c) demonstrate the robustness of our
filtering mechanism. CSD achieves an optimal bal-
ance between acceleration and reasoning integrity
at 7 = 0.01 and A = 6. Notably, across a wide
range of thresholds, CSD consistently maintains
higher accuracy and AR than the standard SpecDe-
code baseline (dotted lines), confirming its reliabil-
ity and ease of deployment.

5.6 Generalization of Calibration

To evaluate cross-domain robustness, we calibrate
CSD using a Universal Calibration Set of 6,000
sequences from six diverse RedPajama (Weber
et al., 2024) sub-domains. This set is strictly
disjoint from all evaluation benchmarks. As
shown in Table 4, downstream accuracy is rig-
orously preserved across all tasks. While tran-
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Figure 4: Inference Latency Breakdown. A detailed
latency analysis for Qwen-72B/7B and Llama-70B/1B.
The results highlight that the CSD overhead is negligi-
ble relative to the total inference time.

sitioning to this general corpus causes marginal
acceptance rate fluctuations, the average speedup
remains exceptionally stable at 2.02x, matching
task-specific calibration. Notably, performance on
HumanEval improves, likely due to the diverse
syntactic patterns in RedPajama compared to the
narrow MBPP domain. These results confirm that
CSD avoids overfitting and effectively captures
ubiquitous linguistic redundancies, enabling a sin-
gle offline calibration to accelerate downstream ap-
plications without re-tuning.

5.7 Analysis of Runtime Overhead

To evaluate computational efficiency, we profile
end-to-end latency on 50 GSMS8K requests (4-
shot CoT). Using high-precision timing, we isolate
the steady-state latency for each component. As
shown in Figure 4, CSD’s algorithmic overhead
accounts for a negligible 0.01%—0.02% of the to-
tal time. This confirms that our method introduces
virtually no extra cost, ensuring that any increase
in acceptance rate results in actual speedup.

6 Conclusion

We present CSD, a lightweight, training-free
framework that recovers valid tokens from false re-
jections in SD. It combines OCM, which captures
recurring divergence patterns, with SCG, which
verifies candidates using model confidence rather
than exact matching. Experiments show that CSD
improves acceptance rates while maintaining accu-
racy and incurring negligible overhead.
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Limitations

¢ Departure from Distributional Exactness:
Unlike standard speculative decoding which
uses rejection sampling to guarantee that out-
put distributions are identical to the target
model, CSD employs a heuristic acceptance
criterion. This relaxation prioritizes infer-
ence speed over strict statistical parity. While
empirical results are strong, the performance
of this heuristic may not consistently general-
ize to unseen tasks or novel domains.

* Dependency on Draft Quality: The effec-
tiveness of CSD is highly sensitive to the
draft model’s output quality. In instances
where the draft model generates unreliable
or hallucinatory sequences, the candidates
fail to pass the semantic gating threshold.
Such divergence leads to a significant drop
in the acceptance rate, limiting the practical
speedup to near auto-regressive levels.

* High-Concurrency Scalability: Our eval-
uation primarily focuses on latency reduc-
tion in small-batch settings. The mech-
anism for coordinating Online Correction
Memory (OCM)specifically the synchroniza-
tion of real-time frequency updates across
multiple concurrent requests—remains to
be fully explored in high-throughput envi-
ronments. The impact of potential con-
tention in these critical sections on system-
level performance warrants further inves-
tigation.Furthermore, CSD currently lacks
integration with industrial-grade inference
engines (e.g., vLLM), which is necessary
to realize its full potential in large-scale,
production-ready deployments.
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A Extended Evaluation on Instruction
Following and Long-Context Tasks

To further demonstrate the versatility of CSD
across highly complex scenarios, we conducted
additional evaluations on IFEval (Zhou et al.,
2023a) (measuring strict instruction-following ca-
pabilities) and RULER (Hsieh et al., 2024) (eval-
uating long-context understanding). These exper-
iments were conducted on the Llama-3-70B/1B
model pair, with all other experimental settings
kept strictly consistent with our main evaluation
protocol.

As shown in Table 5, CSD excels on both bench-
marks. On IFEval, CSD achieves a 1.77 x speedup
while perfectly preserving vanilla decoding accu-
racy (76.8). On the RULER benchmark, mas-
sive prefill overheads typically bottleneck end-to-
end latency for all decoding methods. However,
CSD’s superior acceptance rate effectively miti-
gates this bottleneck, yielding a 1.37x speedup
(compared to a marginal 1.02x for Standard SD)
while notably boosting accuracy to 95.9.

Table 5: Performance comparison on IFEval (Instruc-
tion Following) and RULER (Long-Context). AR de-
notes Acceptance Rate, and Spd denotes the end-to-
end speedup relative to Vanilla.

IFEval RULER
Method Acc AR Spd Acc AR Spd
Vanilla 76.8 - 1.00x  88.1 - 1.00x
Standard SD 774  39.7% 1.65x 88.0 73.6% 1.02x
CSD (Ours) 768 423% 1.77x 959 832% 1.37x
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