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Abstract

Speculative decoding accelerates large lan-
guage model (LLM) inference through a draft-
and-verify paradigm, yet existing methods face
three key limitations: reliance on fixed draft
templates that ignore device-specific verifica-
tion costs, lack of mechanisms to assess draft
token quality, and suboptimal tree expansion
strategies. We introduce UNISPEC, a training-
free, lossless speculative decoding framework
that enables robust, plug-and-play LLM accel-
eration across diverse hardware configurations
and languages. UNISPEC incorporates three
novel components: (1) a device-aware cali-
bration mechanism that determines the opti-
mal draft size by measuring the acceptance-
time trade-off on each target device; (2) a
confidence score estimation module that as-
signs quality scores to n-grams based on the
verifier’s token probabilities, enabling selec-
tive retention of high-quality draft candidates;
and (3) an improved tree expansion strategy
that broadens first-level exploration and ap-
plies threshold-based filtering to prune low-
confidence nodes. To comprehensively eval-
uvate multilingual performance, we create a
comprehensive benchmark, covering seven lan-
guages across seven generation tasks. Exper-
iments with various LLM architectures, hard-
ware environments, and languages demonstrate
that UNISPEC consistently outperforms exist-
ing training-free methods, achieving speedups
of up to 2.6 while maintaining output quality
identical to standard autoregressive decoding.
Our code and benchmark are publicly available.

1 Introduction

Generating long sequences with low latency us-
ing Large Language Models (LLMs) is a criti-
cal requirement, especially given recent trends in
inference-time scaling (Zhang et al., 2025a; Qu
et al., 2025). Current LLMs rely on autoregressive
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decoding (Touvron et al., 2023; Bai et al., 2023;
Jiang et al., 2023; OpenAl et al., 2024), which suf-
fers from inefficiency because it generates text one
token at a time. This results in generation time
that scales linearly with the sequence length and
underutilizes the parallel processing capabilities
of modern GPUs. A widely studied approach to
mitigate this issue is speculative decoding (Chen
et al., 2023; Leviathan et al., 2023), which fol-
lows a guess-and-verify paradigm. In this approach,
a smaller LLLM (draft model) (Chen et al., 2023;
Leviathan et al., 2023; Miao et al., 2024; Sun et al.,
2023; Zhou et al., 2024; Cai et al., 2024) or the
original LLM trained in a specialized manner (self-
speculative decoding) (Elhoushi et al., 2024; Liu
et al., 2024a; Yang et al., 2024; Zhang et al., 2024;
Li et al., 2024b) predicts multiple tokens in ad-
vance. The original LLM then verifies these pre-
dictions in parallel, improving efficiency. However,
these approaches require additional training, which
demands substantial computational resources and
may degrade the original model’s capabilities.
Another line of research explores training-free
speculative decoding, which predicts subsequent
tokens without additional training or model mod-
ification. This makes such methods practical for
off-the-shelf deployment. They generate specula-
tive tokens directly from the LLM’s own predic-
tions or from external sources (Le et al., 2025; Fu
et al., 2024; Ou et al., 2024; He et al., 2024; Li
et al., 2024a; Yang et al., 2023) (Figure 1, Left).
At each decoding step, draft tokens are retrieved
from an n-gram store to build a draft tree, veri-
fied in parallel within a single forward pass, and
then used to update the store based on the LLM’s
output probabilities. Despite growing interest in
training-free speculative decoding, current methods
face three key limitations. First, they rely on fixed
speculation templates (e.g., preset draft lengths or
static m-gram expansion rules) (Le et al., 2025;
Luo et al., 2025; Fu et al., 2024; He et al., 2024),
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Figure 1: Overview of UNISPEC compared with other SOTA approaches. Newly introduced components are
highlighted in red. blue boxes indicate the input tokens, orange boxes indicate the draft tokens, purple boxes

indicate top next-token predictions of the LLM.

which ignore device-specific verification costs. A
draft size optimal for data-center GPUs (e.g., A100)
may degrade performance on consumer GPUs (e.g.,
RTX 3090) due to increased latency from hardware
capacity, leading to inconsistent speedups across
different hardware configurations. Second, exist-
ing approaches treat all n-grams equally, lacking a
mechanism to assess their quality, which limits the
ability to selectively retain high-quality nodes in
the draft tree. Third, current tree expansion strate-
gies in state-of-the-art methods remain suboptimal,
leaving room for further improvement.

To address these issues, we propose UNISPEC
(Figure 1, Right), a training-free speculative de-
coding framework for robust, plug-and-play LLM
acceleration across hardware and languages. Upon
deployment, UNISPEC first calibrates the hardware
to measure forward latency and acceptance rate,
deriving the optimal draft size g*. Using this value,
it constructs an adaptive draft tree with g* nodes
per decoding step. Next, it introduces a confi-
dence estimation mechanism that assigns quality
scores to n-grams based on next-token probabil-
ities, enabling selective retention of top-ranked
nodes. Finally, UNISPEC enhances tree expan-
sion through broader first-level exploration and
score-based filtering, ensuring both efficiency and
quality in draft generation. Empirical results on
seven generation tasks from Spec-Bench (Xia et al.,
2024), evaluated with widely used LLMs — Llama-
3-8B-Instruct (Dubey et al., 2024) and Qwen-3-
8B/14B (Yang et al., 2025) — show that UNISPEC
surpasses other training-free speculative decoding
methods, achieving speedups of up to 2.6x. To

further assess multilingual performance, we extend
Spec-Bench to Multi-SpecBench, a multilingual
benchmark covering seven languages (English, Ger-
man, French, Spanish, Chinese, Japanese, and Viet-
namese) across the original seven tasks. Results
remain consistent, confirming the strong perfor-
mance of our method across multilingual settings.
We publicly release our code and benchmark. In
summary, the key contributions of this paper are:

* We propose UNISPEC, a training-free specula-
tive decoding framework that enables robust,
plug-and-play acceleration of large language
models across hardware and languages.

e UNISPEC introduces (1) a hardware calibra-
tion mechanism to derive the optimal draft size
for each device, ensuring consistent speedup;
(2) a confidence-guided tree construction
strategy that scores and filters n-grams based
on model probabilities; and (3) improved tree
expansion techniques to enhance the quality
and efficiency of draft generation.

* Extensive multilingual and multi-hardware
evaluation — we extend Spec-Bench to Multi-
SpecBench and demonstrate speedups of up
to 2.6 with robust gains on both data-center
and consumer GPUs.

2 Preliminaries

Autoregressive Decoding. Given an input se-
quence x = (z1,22,...,x,) of length n, and a
slice of length m as x1.,, = (x1,%2,...,%m),
the output of an LLM represents a probability
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distribution over the next token. The probability
of generating the n-th token, conditioned on all
preceding tokens, is given by Py/(zy, | X1:m—1)-
The next token x, is sampled from this dis-
tribution using methods such as greedy, top-k,
or top-p sampling (Kool et al., 2020; Holtzman
et al., 2020). For greedy sampling, the next to-
ken is selected as x,, = argmax Py (zy, | X1:n—1)-
Consequently, the LLM generates an output se-
quence (y1,y2,--.,Ym) of length m autoregres-
sively, where each token y; is computed as
y; = argmax Pur(y; | y1:i—1,%).

Speculative Decoding. Speculative decoding em-
ploys a guess-and-verify paradigm where multiple
candidate token sequences are drafted and verified
in a single decoding step. Using tree attention
(Miao et al., 2024), the model can verify G draft
sequences Y = g, @ g](G) of length K si-
multaneously. Given prompt x, the drafting method
generates Y, and the LLM computes the true out-
put tokens (y},v5,...,Y%) in parallel. Let i be
the maximum number of tokens matched across
all drafts; then h + 1 tokens are accepted in one
forward pass. Algorithm 2 formalizes this process
for greedy sampling.

Training-free N-gram Strategies. Several prior
works employ trained drafter models (Chen et al.,
2023; Leviathan et al., 2023; Cai et al., 2024) or
modify the original LLM via self-speculative de-
coding (Elhoushi et al., 2024; Li et al., 2024b).
While effective, these approaches require costly
training and may alter the model’s capabilities.
Training-free n-gram strategies instead generate
draft tokens directly from stored sequences without
additional training. Common retrieval strategies
include one-to-many (Fu et al., 2024; He et al.,
2024), many-to-one (Ou et al., 2024), one-to-one
(Luo et al., 2025), or combinations thereof (Le
et al., 2025). See Appendix B for details.

3 UNISPEC Decoding

UNISPEC is designed to optimize speculative de-
coding across diverse GPU environments. As illus-
trated in Figure 1, it follows the standard specula-
tive decoding pipeline, where an n-gram store is
used to construct a draft tree, the draft tokens are
verified by the target LLM, and the resulting output
probabilities are used to update the store. Beyond
this baseline, UNISPEC introduces three key mod-
ules: Device-aware Calibration, Confidence Score

Estimation, and Improved Tree Expansion.

The Device-aware Calibration module measures
the hardware’s forward latency and acceptance rate
to determine the optimal draft size ¢g*. Once g* is
obtained, the Confidence Score Estimation module
assigns quality scores to n-grams, enabling the se-
lection of the top g* nodes in the draft tree. Finally,
the Improved Tree Expansion module enhances tree
construction through broader first-level exploration
and score-based filtering, improving both efficiency
and generation quality. The following subsections
describe each component in detail.
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Figure 2: Average acceptance length and forward time
by the number of draft tokens (Llama-3-8B-Instruct).

Device-aware Calibration. The efficiency of
speculative decoding is governed by two coupled
factors: (i) the average acceptance length of drafted
tokens and (ii) the computational cost of the veri-
fication step. Let g denote the number of drafted
tokens (draft size), and let s(g) and 7(g) denote the
verification latency and average acceptance length,
respectively, as functions of g. Following standard
practice in speculative decoding, the draft size g
is determined before generation and remains fixed
throughout the inference process. The two quan-
tities s(g) and 7(g) exhibit opposing trends with
respect to draft size: increasing g provides more
candidate tokens for verification, raising the prob-
ability of accepting longer sequences and thus in-
creasing 7(g); however, larger g also lengthens the
input sequence for verification, increasing the com-
putational cost s(g). This interplay creates a non-
trivial optimization landscape where performance
depends on balancing these opposing effects.
Empirically, 7(g) remains relatively stable
across hardware, while s(g) varies substantially
with GPU architecture (Figure 2). Consequently,
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the optimal draft size is device-dependent. The
throughput can be expressed as:

Number of tokens generated

Th hput = 1
roughpy Total generation time 1
_ T(g) ) Nstep _ T(g) )
Nstep : S(g) S(g)

where Ngep is the number of forward steps.
This formulation is valid under two standard as-
sumptions in speculative decoding: (i) verifica-
tion latency dominates the total step time, as draft-
ing with lightweight models or cached representa-
tions incurs negligible overhead compared to target
model inference; and (ii) system overheads inde-
pendent of the draft size g (e.g., memory alloca-
tion, scheduling) remain approximately constant
across configurations. Under these assumptions,
optimizing throughput reduces to optimizing the
ratio 7(g)/s(g).

Prior work (Kwon et al., 2023; Zheng et al.,
2024) has shown that GPU scheduling, KV-cache
bandwidth, and parallelism are highly hardware-
dependent and thus difficult to capture with an-
alytic performance models. As a result, empiri-
cal performance modeling is commonly adopted
in practice. Following this paradigm, we directly
measure end-to-end latency under different config-
urations, fit practical regression models, and op-
timize based on the observed behavior. Specifi-
cally, we perform m calibration runs with draft
Sizes g1, - -, gm € [gmin, Gmax), Measuring s; and
7; for each, yielding datasets S = {(g;, s;)} and
T = {(gi, 7:)}. We fit regression models:

Jaceept(9) = 7(9)  (3)

and solve for the optimal draft size:

fime(9) =~ s(9),

facce t(g)

* P

g = argmax . e ——
g ge [gmm ’gmax] ftime (g)

using Differential Evolution (Storn and Price,
1997). By measuring on the target hardware, our
calibration captures device-specific constraints and
parallelization characteristics, ensuring g* reflects
true deployment performance.

The calibration procedure is shown in Algo-
rithm 1 (lines 3—11). Details are in Appendix F; em-
pirical validation of Equation 2 is in Appendix G.1;
comparison with simple calibration, such as grid-
search, is detailed in Appendix G.2.
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Figure 3: Acceptance rate at different confidence scores,
measured with Llama-3-8B-Instruct. Sample density
indicates the probability that a node with a specific con-
fidence score appears in the draft tree.

Tree Node Confidence Score Estimation. After
determining the optimal draft size ¢g*, we require
a strategy to select ¢g* draft tokens from the draft
tree. Unlike prior methods using static trees, we
construct a dynamic draft tree where each node is
assigned a confidence score reflecting its likelihood
of being accepted during verification. This score is
computed using the target model’s token probabil-
ity distribution. The estimation process is outlined
in Algorithm 1, line 38. As illustrated in Figure 3,
the confidence score correlates strongly with token
acceptance rates, enabling effective draft selection.
After each forward pass, generated tokens and their
confidence scores are stored in the n-gram store for
use in subsequent decoding steps.

Tree Expansion Mechanism. We introduce two
techniques to enhance the draft tree’s quality:
broadening the first-level expansion and filtering
low-quality nodes. First, we recognize that the ini-
tial level of the draft tree critically impacts perfor-
mance, as the rejection of a first-level node nullifies
its entire subtree. To generate more high-quality
candidates at this level, we leverage the insight that
large language models can effectively predict the
"next-next" token (Liu et al., 2025). Consequently,
we cache the likely successors of the token pre-
ceding the current root (Alg. 1, line 45) and use
them to expand the first level of the draft tree in
the subsequent iteration (Alg. 1, line 18). Second,
since draft trees often contain numerous nodes with
low confidence scores that slow decoding despite
low acceptance rates (Sample Density in Figure 3),
we implement a threshold-based filtering mecha-
nism. This prunes low-quality nodes during tree
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Algorithm 1 UNISPEC Decoding Process

Require: Input sequence x = (z1, T2, ..., Zn), model Py,
environment &£, vocabulary size V, maximum number
of new tokens m, maximum tree depth d, number of
candidates per level &, confidence threshold r

Initialize n-gram token store Sk < () (shape [V k])
Initialize n-gram confidence store Seon <— @ (shape [V, k])
{Hardware calibration to obtain optimal draft size g* }
S, T < CalibrateRun(Pys, £)

{,S and T" samples have the following form}

S = {(91,51)7(92752)7 (gm78m)}

T ={(g1,m),(92,72);- -, (gm,Tm)}

fime(g) < LeamRegressmnModel( )

faccept(g) < LearnRegressionModel(7T")

10: fspeed(g) faccepl( )/fnme( )

11: g* = argmaxy fipeed(g

12: {Generation loop}

13:t+n+1

14: whilet <n + mdo

15: {Build optimal draft tree}

16: Initialize draft tree Tk < @, confidence Teon <— 0
17: Current leaf nodes £ < {z;}

18: {Expand first-level draft tree}

19: Tiok [0] < Siok [th] @ Cuok

20: Teon [0] — Scon [xt] @ Ceon

21: {Expand subsequent levels}

22: for: =1toddo

R A I S

23: for v € L do

24: Tiok ['L] — Trok [Z] @ Stk [’LL}

25: Teon ['L] — Teon [Z] @ Scon [U]

26: end for

27: L < TopK(Teon[i], k)

28: Filter £ to exclude nodes with confidence < r
29: end for

30: Select optimal draft 7 < top-g* nodes from Teok
31: {Parallel forward pass in LLM }

32: Obtain output distributions Pas (7))

33: { Verification}

34: Draft sequences G <+ GetSequences(7)

35: hits «— VerificationFunction(x, Pas, G)

36: X < X @ hits

37 t < ¢ + |hits]|

38: {Score estimation and n-gram store update }

39: O + Py (flatten(7)) > Shape [g*, V]
40: (K, score) < TopK(O, k) > Shape [g*, k]
41: for each node u € T do

42: Stok[u] +— Klu]

43: Scon[u] + score[u]

44: end for

45: {Cache first-level candidates for next step}

46: Ciok + K[z1-1]

47: Ceon +— score[z;—_1]

48: end while
49: Output: Generated tokens ¥ = Xn+1:n+m

expansion, improving efficiency (Alg. 1, line 28).

Although EAGLE-2/3 (Li et al., 2025) also
prunes the draft tree based on confidence scores,
the underlying approach is fundamentally differ-
ent. EAGLE-2/3 is training-based and relies on a
learned drafter model to generate candidate tokens
and to provide confidence estimates for pruning.
In contrast, UNISPEC is entirely training-free and
generates candidates from an N-gram store, which

initially offers no intrinsic confidence signal. This
gap is bridged by the confidence score estimation
module of UNISPEC, enabling effective tree expan-
sion and pruning.

4 Experiments

Datasets. We evaluate our methods on Spec-
Bench (Xia et al., 2024), a widely used bench-
mark and unified evaluation platform for specu-
lative decoding. Spec-Bench covers seven tasks:
multi-turn conversation, translation, summariza-
tion, question answering, mathematical reasoning,
retrieval-augmented generation, and code genera-
tion, each with 80 samples per subtask. In addition,
we include the HumanEval benchmark (Chen et al.,
2021), which focuses on code generation; we use
a subset of 80 entries to match the size of other
subtasks.

Since Spec-Bench is limited to English, we
extend it to create the Multilingual Spec-Bench
(Multi-SpecBench). Unlike the original bench-
mark, Multi-SpecBench spans seven languages:
English, German, French, Spanish, Chinese,
Japanese, and Vietnamese. For each language, we
maintain the same eight task categories as the En-
glish version, with 80 samples per task. This mul-
tilingual extension enables a more comprehensive
analysis of speculative decoding across diverse lin-
guistic settings. The dataset construction process
for Multi-SpecBench is detailed in Appendix C.

Models. We select Llama-3-8B-Instruct (L3-
8B) (Dubey et al., 2024), Qwen-3-8B (Q3-8B), and
Qwen-3-14B (Q3-14B) (Yang et al., 2025) as the
base language models for our experiments. These
models are recent, widely adopted, and representa-
tive of state-of-the-art large language models.

Testbed. To evaluate the environment-aware de-
sign of our method, we deploy it on four dis-
tinct GPU configurations, denoted S1-S4. S1 is
equipped with an NVIDIA A100 (40GB), S2 with
an NVIDIA A40 (48GB), S3 with an NVIDIA RTX
A6000 (48GB), and S4 with an NVIDIA RTX 3090
(24GB). Additional hardware specifications, includ-
ing CPU models, memory capacity, and CUDA
versions, are summarized in Appendix A.

Metrics. Since our method preserves both the
model architecture and acceptance criteria, it
achieves acceleration without altering output qual-
ity. Therefore, we focus on efficiency metrics:
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* Speedup Ratio: The runtime improvement
relative to standard autoregressive decoding.

* Average Acceptance Length (7): The mean
number of tokens successfully accepted from
each draft during a single draft—verify cycle.

Baselines. We use vanilla autoregressive decod-
ing as the primary baseline (normalized to a
speedup ratio of 1.0). In addition, we compare
against several strong training-free speculative de-
coding approaches, including Lookahead Decod-
ing (Fu et al., 2024), SPECTRA (Le et al., 2025),
Prompt Lookup Decoding (PLD) (Saxena, 2023),
Token Recycling (Luo et al., 2025), and training-
based methods of EAGLE-1/2 (Li et al., 2024¢,b).
Implementation details for all baselines and our
proposed method are documented in Appendix A.

5 Results

5.1 Main Results

Table 1 presents the speedup ratios of UNIS-
PEC and baseline methods across different mod-
els and hardware on Spec-Bench tasks. Across
all settings, UNISPEC consistently achieves the
strongest speedups, substantially outperforming
prior training-free methods. Notably, our method
maintains robust speedups even on resource-
constrained GPUs where other baselines show sub-
stantial degradation. This demonstrates the effec-
tiveness of our environment-aware strategy: cal-
ibrating the draft length to the device preserves
the 7/s trade-off across heterogeneous hardware.
In the per-task breakdown, UNISPEC ranks first
across all evaluated tasks.

We also report the average acceptance length
(7). Note that 7 alone does not determine speedup,
since larger draft sizes raise 7 but slow each for-
ward pass. Nonetheless, our method consistently
achieves higher 7 than baselines due to our dy-
namic speculation tree with confidence-based fil-
tering and enhanced first-level expansion.

Multilingual robustness. Figure 4 presents the
average performance of Multi-SpecBench across
all languages on four hardware configurations (de-
tailed results in Appendix D). UNISPEC achieves
the best cross-language averages across all testbeds,
consistently outperforming all baselines. No-
tably, on lower-resource GPUs (RTX A6000 and
RTX 3090), the performance gap between UNIS-
PEC and baselines widens—previous methods are

primarily tuned for high-end GPUs, whereas our
approach adapts effectively to different hardware.
Results on Qwen models further confirm consistent
gains across architectures.

5.2 Analysis

Ablation Study. We analyze the contribution of
each UNISPEC component using LLaMA-3-8B-
Instruct on an RTX 3090 with Spec-Bench (Ta-
ble 2). Removing device-aware calibration (using
fixed draft length) substantially reduces speedup,
showing that fixed configurations fail to general-
ize across hardware. Removing score-based tree-
node estimation further degrades performance, in-
dicating that confidence-weighted branching yields
stronger draft candidates. Disabling the tree ex-
pansion mechanism reduces both speedup and ac-
ceptance length, confirming the value of enhanced
first-level exploration and threshold-based filter-
ing. Despite these degradations, all variants remain
comparable to existing baselines, highlighting the
complementary strengths of each component.

Comparison to training-based methods. We
compare UNISPEC with training-based methods
EAGLE-2 (Lietal., 2024b) and EAGLE-3 (Liet al.,
2025), which train auxiliary drafters using the tar-
get model’s hidden states. As shown in Table 3,
UNISPEC achieves competitive performance on En-
glish and significantly outperforms EAGLE meth-
ods on non-English languages, where the trained
drafter struggles with cross-lingual generalization.
This demonstrates the strength of our training-free
framework, which achieves robust multilingual ef-
ficiency without retraining. See Appendix E.4 for
more analysis.

Optimal values of draft tokens. Figure 5 shows
the device-specific optima g* selected by our cal-
ibration, confirming that optimal draft length is
not universal but strongly tied to verification cost.
On memory-constrained consumer GPUs, smaller
draft sizes maximize 7/s by reducing verification
overhead. In contrast, data-center GPUs sustain
higher parallelism with longer inputs, enabling
larger optimal draft sizes. This variation across
environments underscores the necessity of device-
aware calibration: acceptance gains from larger
drafts saturate quickly, and without tuning, extra
draft tokens can inflate latency enough to reduce
overall speed.
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MT Trans Sum QA Math RAG Code AVG

Model = Method Spd. 7 Spd. 7 Spd. 7 Spd. 7 Spd. 7 Spd. 7t Spd. T Spd.
NVIDIA A100-PCIE-40GB

PLD .15 129 1.12 130 136 1.64 1.10 127 129 153 141 160 1.19 140 1.23
Lookahead 138 2.00 134 188 128 198 138 195 150 2.01 128 202 139 203 1.36

L3-8B  SPECTRA 144 200 135 1.87 140 199 137 190 145 194 149 210 142 2.01 142
TokenRec. 193 258 185 248 194 257 1.85 245 206 272 218 2.89 196 2.69 197

UNISPEC (ours) 2.10 291 1.99 2.77 212 293 197 272 226 310 238 325 2.08 294 213

Q3-8B PLD 1.16 127 1.04 1.08 128 147 1.15 131 132 153 130 144 138 156 123
TokenRec. 1.97 242 145 193 186 230 185 239 224 275 195 248 220 266 193

UNISPEC (ours) 2.07 2.61 1.76 240 2.03 256 2.00 2.60 234 297 2.06 2.69 227 282 207

Q3-14B PLD 1.15 126 1.03 1.08 123 142 1.10 125 130 151 121 132 147 1.63 121
TokenRec. 1.94 241 134 193 176 230 1.79 239 225 280 1.76 236 219 2.69 1.86

UNISPEC (ours) 2.02 2.68 170 242 1.87 260 1.87 253 234 305 1.80 257 223 290 198

NVIDIA A40

PLD 121 129 1.16 130 139 164 1.14 129 136 153 141 159 127 140 1.28
Lookahead 132 201 129 187 120 200 130 196 140 201 121 201 135 204 130

L3-8B  SPECTRA 144 200 139 185 132 198 137 189 146 194 138 209 143 198 1.40
TokenRec. 191 259 183 245 185 256 181 242 205 272 211 288 199 270 194

UNISPEC (ours) 2.08 2.88 2.02 2.77 2.04 2.88 199 271 225 3.06 232 324 211 291 212

Q3-8B PLD 1.18 127 1.03 1.08 123 146 1.16 132 135 153 123 143 142 158 123
TokenRec. 1.79 240 131 193 1.64 229 1.71 238 204 273 167 246 198 264 1.73

UNISPEC (ours) 1.90 2.62 1.59 239 1.78 256 1.83 2.60 217 296 1.75 2.64 2.07 2.82 1.87

Q3-14B PLD 1.20 126 1.04 1.08 126 142 1.13 125 137 152 123 132 151 1.63 125
) TokenRec. 190 245 131 183 172 229 175 232 217 279 174 238 209 2.68 1.81
UNISPEC (ours) 2.00 2.64 1.64 237 1.89 257 184 250 232 3.03 1.83 257 221 289 1.96

NVIDIA RTX A6000

PLD 1.21 129 1.18 130 143 164 1.16 129 141 153 142 159 131 140 130
Lookahead 129 200 126 1.85 1.18 200 129 196 137 201 121 203 134 203 128

L3-8B  SPECTRA 142 199 137 184 130 198 138 190 143 192 141 211 143 201 1.39
TokenRec. 1.89 259 1.84 246 184 256 181 243 204 272 211 292 193 268 192

UNISPEC (ours) 2.04 2.87 2.00 2.75 2.00 2.86 199 272 2.24 3.05 229 324 2.09 291 2.09

Q3-8B PLD 1.20 127 1.01 108 126 147 1.17 133 137 153 125 144 146 158 1.25
) TokenRec. 177 241 129 193 1.63 232 1.69 237 201 273 166 248 197 265 1.72
UNISPEC (ours) 1.87 2.60 1.60 242 1.77 2.57 183 2.61 214 293 175 267 2.05 280 1.86

Q3-14B PLD 123 126 1.04 1.08 129 142 115 125 141 152 123 132 154 163 127
) TokenRec. 1.94 242 136 185 1.73 229 177 231 221 278 170 235 214 268 1.84

UNISPEC (ours) 2.04 2.65 1.64 235 1.87 257 1.88 252 235 3.02 1.77 255 223 288 197
NVIDIA GeForce RTX 3090

PLD 132 129 125 130 146 1.64 123 129 146 153 133 160 128 140 1.33
Lookahead 1.15 200 1.15 190 105 199 1.14 198 121 202 1.07 202 111 201 1.13
L3-8B  SPECTRA 125 196 1.07 179 124 201 134 190 141 194 135 207 132 198 128
TokenRec. 1.51 257 1.47 247 149 259 144 242 1.63 273 168 289 147 2.68 1.53
UNISPEC (ours) 1.96 2.58 1.92 248 191 259 191 246 215 274 225 3.00 185 259 1.99
Q3-8B PLD 121 127 106 1.08 130 147 1.19 133 137 153 129 143 145 158 127
TokenRec. 1.63 240 123 194 147 229 155 238 187 274 149 244 180 2.63 158

UNISPEC (ours) 1.78 233 146 2.09 1.67 222 171 237 200 263 170 237 189 246 1.75

Table 1: Spec-Bench results across tasks and testbeds (S1-S4). For each model and method, we report speedup
(Spd., vs. autoregressive=1.0) and average acceptance length 7; AVG is the macro-average over tasks. L3-zB =
Llama-3-Instruct (xB), Q3-xB = Qwen-3 (zB).

Other Analysis. Detailed results for all lan- long-context evaluation in Appendix E.6, sensitiv-
guages appear in Appendix D. Additional evalu- ity to the confidence threshold in Appendix E.7,
ations under different sampling temperatures are  and sensitivity to draft-size deviation in Appendix
in Appendix E.1, multi-GPU performance in Ap- E.8.

pendix E.2, calibration size/time analysis in Ap-

pendix F.2, analysis on different batch sizes in

Appendix E.3, lossless property in Appendix E.5,
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Figure 4: Average speedup across languages of Multi-SpecBench for each testbed (S1-S4).

A100-40GB A40
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z
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515
z
1.0 p -
L3-8B Q3-88  Q3-14B L3-8B Q3-8B
[- Lookahead
MT Bench Code
Method Spd. T Spd. T
SPECTRA 1.25 196 1.32 1.98
TokenRec. 1.51 257 147 2.68
UNISPEC (ours) 196 258 185 259
- w/o device-aware calibration 1.61 276 152 2.79
- w/o score estimation 148 262 146 2.75

- w/o tree expansion mechanism 1.66 220 1.63 2.29

Table 2: Ablation study of UNISPEC on RTX 3090
(Llama-3-8B-Instruct, Spec-Bench) for multi-turn con-
versation and code generation tasks.

EN JA DE
Method Spd. 7 Spd. 7 Spd. T
EAGLE-2 1.86 3.86 0.99 2.05 1.09 227
EAGLE-3 238 510 071 144 1.10 241
UNISPEC (ours) 1.97 299 2.72 4.23 241 3.68

Table 3: Comparison with training-based methods on
Multi-SpecBench for English (EN), Japanese (JA), and
German (DE) using LLaMA-3.1-8B-Instruct.

6 Related Works

Efficient inference is essential for both real-time
and low-resource applications, motivating numer-
ous methods to reduce decoding latency (Ma et al.,
2023; Gu et al., 2024; Liu et al., 2024b). Among
them, speculative decoding (Chen et al., 2023; Xia
etal., 2024; Leviathan et al., 2023) stands out for its
lossless nature, ensuring identical outputs to the tar-
get model. It follows a draft-and-verify paradigm
(Le et al., 2025), where a drafter proposes multi-
ple candidate tokens and the target model verifies
them in parallel, enabling multi-token generation
per step. Depending on how the drafter is obtained,
methods fall into two categories: training-based
and training-free. Training-based methods such
as Medusa (Cai et al., 2024) and EAGLE-1/2 (Li
et al., 2024c,b) train auxiliary drafters to mimic
target model predictions, while FR-Spec (Zhao

RTX 3090 RTX A6000
° 53 0. 107
70 1 i 7 1
> | |
3 601 i 1 i
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Figure 5: Calibrated optimal draft size g* by environ-
ment settings (S1-S4).

et al., 2025) and HASS (Zhang et al., 2025b) fur-
ther optimize architecture and training alignment.
Although effective, these approaches incur substan-
tial overhead in data collection, fine-tuning, and
cross-device adaptation.

Training-free methods eliminate retraining by
exploiting existing model predictions or external
data. Retrieval-based approaches like REST (He
et al., 2024) reuse datastore continuations, while
Token Recycling (Luo et al., 2025) dynamically
reuses previously discarded tokens. Jacobi-style
methods such as Lookahead (Fu et al., 2024) and
SPECTRA (Le et al., 2025) generate candidates
directly from model probabilities. Despite their
practicality, these methods often employ fixed draft
templates and overlook device-specific verification
costs, limiting efficiency on different hardware.

7 Conclusions

We introduced UNISPEC, a training-free and
device-calibrated speculative decoding framework
that adaptively optimizes draft size and token se-
lection for efficient large language model infer-
ence. Through hardware calibration, confidence-
guided tree construction, and enhanced expansion
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strategies, UNISPEC achieves robust, plug-and-
play acceleration without additional training. Ex-
periments on Multi-SpecBench demonstrate con-
sistent improvements across languages, tasks, and
hardware, delivering up to 2.6 x speedup over ex-
isting training-free methods.

8 Limitations

Although UNISPEC provides practical, training-
free acceleration for large language models, several
limitations remain.

Hardware Stability. Our device-aware calibra-
tion assumes relatively stable hardware perfor-
mance and may be less reliable in highly dynamic
or resource-shared environments (e.g., multi-tenant
GPUs or throttled inference servers). While the
calibration is lightweight, sudden changes in GPU
memory bandwidth or scheduling can reduce the
accuracy of the estimated draft size g* and lead to
suboptimal speedups.

Language Coverage. Our evaluation primarily
covers languages with moderately analytic mor-
phology (e.g., Chinese, Vietnamese) and has not
yet been extended to languages with richer mor-
phology or complex orthography, such as Arabic or
highly agglutinative languages. These languages
could yield lower acceptance rates due to more un-
predictable token boundaries, and additional adap-
tation might be required for robust performance.

Logit Access Requirement. Although UNISPEC
does not require retraining, it still depends on ac-
cess to the model’s logits during decoding. This
assumption limits applicability in strictly black-box
deployment settings where only next-token sam-
pling is available, such as certain closed APIs.
These limitations point to important future di-
rections, including dynamic re-calibration under
fluctuating compute availability, systematic eval-
uation on morphologically rich and low-resource
languages, and adaptation for closed API models.
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A Implementation and Reproducibility
Details

Frameworks. All experiments use PyTorch 2.8.0
and Transformers 4.56.2, with static KV cache allo-
cation and FP16 precision unless otherwise noted.

Models. We evaluate Llama-3-8B-
Instruct (Dubey et al., 2024), Qwen-3-8B,
and Qwen-3-14B (Yang et al., 2025). All check-
points are taken from official repositories without
additional training or modifications.

Decoding setup. Batch size is 1 for all runs. For
the generation setting, we cap the maximum new
tokens at 1024. Seeds are fixed to 0. Our method
keeps verifier logits identical to standard decoding,
ensuring lossless outputs under the same sampling
policy (e.g., greedy).

Baselines. We re-run each baseline with authors’
public code and recommended defaults: Looka-
head (Fu et al., 2024), SPECTRA (Le et al., 2025),
Token Recycling (Luo et al., 2025), and EAGLE-
2 (Li et al., 2024b).

UNISPEC Hyperparameters. We set generous
upper bounds for the draft tree and rely on prun-
ing to select effective candidates. The maximum
tree depth is set at d = 10, and at each level we
retain the top-k = 10 branches ranked by confi-
dence scores (Algorithm 1). A confidence thresh-
old r is swept over {0.01, 0.025, 0.05, 0.1, 0.2}".
These settings ensure that pruning does not pre-
maturely discard promising nodes. The total num-
ber of drafted tokens g is not fixed; instead, it is
determined by our device-aware calibration on 5
samples from Ultrachat (Ding et al., 2023), which
selects g* to maximize 7 /s for each hardware con-
figuration. For an analysis of calibration sample
size, see Appendix F.2. For the n-gram storage
mechanism, we adopt the one-to-one strategy (Luo
et al., 2025), maintaining two [V, k] matrices: an
adjacency matrix storing next-token candidates for
each vocabulary token and a confidence matrix with
the corresponding softmax probabilities from the
verifier’s logits; both are updated at every decoding
step and used to compute node confidence scores
for draft tree expansion.

Testbed Specification. Table 4 lists the four en-
vironments (S1-S4) used throughout the paper. All
experiments ran on Linux with the vendor GPU

“Bold values indicate the best result on the calibration data
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drivers matching the CUDA versions shown in the
table.

B Training-free N-gram Strategies

Several prior works employ either a trained drafter
model (Chen et al., 2023; Leviathan et al., 2023;
Miao et al., 2024; Sun et al., 2023; Zhou et al.,
2024; Cai et al., 2024) or modify the original LLM
in a specialized manner (self-speculative decoding)
(Elhoushi et al., 2024; Liu et al., 2024a; Yang et al.,
2024; Zhang et al., 2024; Li et al., 2024b) to predict
multiple tokens in advance. While effective, these
approaches require costly training and may alter
the inherent capabilities of the original LLM.

An alternative line of research focuses on predict-
ing subsequent tokens without any additional train-
ing. This paradigm preserves the original model
and enables off-the-shelf deployment, avoiding the
need for auxiliary models or fine-tuning. In these
methods, draft tokens are obtained directly from
the LLM’s predictions (Fu et al., 2024; Ou et al.,
2024) or from external information sources (Yang
et al., 2023; He et al., 2024; Li et al., 2024a). Typ-
ically, such approaches maintain an n-gram store,
equipped with mechanisms for updating stored n-
grams and strategies for retrieving them to gener-
ate draft candidates. Below, we describe common
training-free n-gram strategies.

One-to-Many. The n-gram store maintains se-
quences of length n, indexed by their first token.
Given the last token of the input sequence, we
query the index and retrieve all matching n-grams.
For each retrieved n-gram, the remaining n — 1
tokens are used as a draft sequence. This procedure
yields m draft sequences, each of length n — 1.
This strategy is employed in Fu et al. (2024); He
et al. (2024); Le et al. (2025).

Many-to-One. Here, the n-gram store also main-
tains sequences of length n. Given the last n — 1
tokens of the input, we search for n-grams in the
store that begin with these tokens. The final token
of each matching n-gram is then used as a draft
candidate. This step is repeated until reaching a
predefined draft size G, resulting in a single draft
sequence of length GG. This strategy is employed in
Ou et al. (2024); Le et al. (2025).

One-to-Omne. In this strategy, the store maintains
2-grams, indexed by their first token. Given the
last token of the input, we query the store for all
2-grams beginning with that token. The second

token of each retrieved 2-gram is taken as a drafting
candidate. Since multiple 2-grams may share the
same prefix, the draft tree expands into multiple
branches at each step. This expansion is repeated
until reaching depth G, corresponding to a draft
size of G. This strategy is used in Luo et al. (2025).

C Details of Multi-SpecBench
Construction

We extend SpecBench into a multilingual bench-
mark, Multi-SpecBench, by selecting 80 examples
for each task—language pair across six languages:
German, French, Spanish, Chinese, Japanese,
and Vietnamese. Given seven tasks, this setup
yields a total of 560 samples per language. The
data sources for each task are as follows:

* Code Generation: Programming tasks from
HumanEval-XL (Peng et al., 2024), except for
Japanese, where we use jhumaneval (Sato
et al., 2024).

* Multi-turn Conversation: Interactive dia-
logue prompts taken from Multilingual MT-
Bench (Tech, 2023).

* Question Answering (QA): Factual queries
selected from webfaq (Dinzinger et al., 2025).

* Summarization:  Passages from mul-
tilingual ~ Wikipedia, sourced  from
wikipedia-embed-multilingual-v3 (Co-
here, 2023), paired with prompts requesting
concise summaries.

* Translation: English text segments drawn
from wikitext (Merity et al., 2017), accom-
panied by prompts to translate them into each
target language.

* Retrieval-Augmented Generation (RAG):
Question—context pairs primarily from
xquad (Artetxe et al., 2020); for French and
Japanese, we substitute with squad_fr (Cat-
tan et al., 2021) and JSQUAD (Kurihara et al.,
2022), respectively.

* Math Reasoning: Reasoning problems based
on mgsm (Wei et al., 2022), with Vietnamese
items adapted from vi_gsm8k (Long, 2025).

All inputs are standardized to maintain consis-
tent phrasing, style, and expected output format,
following the design principles of Spec-Bench (Xia
et al., 2024).
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ID GPU VRAM CPU RAM CUDA 0S

S1  NVIDIA A100 (PCle) 40GB 52 x Intel(R) Xeon(R) Gold 503GB 12.8 Ubuntu 20.04
5320 CPU @ 2.20 GHz

S2  NVIDIA A40 48GB 52 x Intel(R) Xeon(R) Gold 503 GB 12.8 Ubuntu 20.04
5320 CPU @ 2.20 GHz

S3  NVIDIA RTX A6000 48GB 32 x Intel(R) Xeon(R) Gold 504 GB 12.3 Ubuntu 20.04
6346 CPU @ 3.10 GHz

S4  NVIDIA GeForce RTX 3090 24 GB 8 x Intel(R) Xeon(R) W-2223 126 GB 12.0 Ubuntu 18.04

CPU @ 3.60 GHz

Table 4: Hardware and software configuration of the four testbeds (S1-S4).

D Detailed Multilingual Benchmark
Results

Table 5 reports the complete results for speedup and
acceptance length across all tasks in Spec-Bench,
as well as per-language performance for the multi-
lingual Multi-SpecBench introduced in Section 5.1.
Across all languages and tasks, UNISPEC consis-
tently achieves higher throughput than training-
free methods, as evidenced by improvements in
both speedup and acceptance length, reaching up
to 2.63x speedup. These results further demon-
strate the robustness of UNISPEC to diverse tasks,
languages, and hardware configurations.

E Additional Experiments and Analysis

E.1 Acceleration in Sampling Decoding

We compare the performance of our method un-
der greedy decoding (temperature = 0) and sam-
pling decoding (temperature = 1.0) on LLaMA-
3-8B-Instruct using Spec-Bench, as shown in Ta-
ble 6. We observe slight performance degrada-
tion at higher sampling temperatures, likely due to
lower acceptance rates during the sampling-based
verification phase, consistent with prior findings
(Luo et al., 2025; Le et al., 2025). Despite this, the
speedup ratio of UNISPEC remains consistently
around 2.0x, demonstrating sustained accelera-
tion and confirming the robustness of our approach
across different decoding strategies.

E.2 Multi-GPU / Distributed Setting

A critical consideration for practical deployment is
how UNISPEC scales when models are distributed
across multiple GPUs—a common requirement for
large LLMs that exceed the memory capacity of
a single device. To evaluate this, we compare
UNISPEC running on a single RTX 3090 with a
distributed setup spanning two RTX 3090 GPUs
using tensor parallelism. Table 7 reports results on

Spec-Bench with LLaMA-3-8B-Instruct. The dis-
tributed configuration shows slightly lower speedup
than the single-GPU setup, dropping from 1.96 x
on a single GPU to 1.77 x with two GPUs. We
attribute this degradation to potential inter-GPU
communication overhead and less efficient cache
sharing, which may increase verification latency
when tokens are synchronized across devices. De-
spite this, UNISPEC still consistently outperforms
baseline training-free methods under distributed
inference, demonstrating that its core acceleration
benefits remain effective even when scaling beyond
a single GPU.

E.3 Batch Size Analysis

Large Language Model (LLM) inference is typi-
cally memory-bound during the decoding phase,
particularly when the batch size is small (Miao
et al., 2024; Fu et al., 2024). In this regime, the
GPU compute units are often underutilized while
waiting for data to be fetched from High Bandwidth
Memory (HBM). Speculative decoding exploits
these idle compute cycles to verify multiple draft
tokens in parallel without significantly increasing
wall-clock latency. However, in real-world serv-
ing scenarios where request batching is employed
to maximize throughput, the hardware utilization
dynamics shift. As batch size increases, the com-
putational intensity of the workload rises, gradu-
ally shifting the system from a memory-bound to
a compute-bound regime. Under such conditions,
the benefits of speculative decoding may diminish
due to increased contention for GPU compute re-
sources. In this section, we examine the robustness
of UNISPEC under varying batch sizes to assess
its scalability in high-throughput serving environ-
ments.

We evaluated UNISPEC on an NVIDIA A100
(40GB) using Llama-3-8B-Instruct with FP16 pre-
cision, varying the batch size from 1 to 5. As illus-
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DE ES FR JA VI ZH AVG

Model = Method Spd. 7 Spd. 7 Spd. 7 Spd. 7 Spd. T Spd. T Spd.
NVIDIA A100-PCIE-40GB

PLD 1.22 136 1.15 130 124 139 157 1.65 135 151 144 145 1.33

L3-3B Lookahead 1.58 246 161 249 1.63 251 191 283 185 274 188 278 1.74
SPECTRA 1.57 233 161 237 1.65 244 193 273 187 262 193 2.67 1.76
TokenRec. 207 269 217 286 213 281 229 295 244 3112 229 295 223

UNISPEC (ours) 2.21 3.08 228 3.23 2.28 322 245 341 261 3.62 246 339 238

Q3-3B PLD 1.34 137 138 137 135 137 1.66 155 140 145 140 138 1.42
TokenRec. 1.78 225 1.83 232 185 231 192 249 197 252 189 241 1.87

UNISPEC (ours) 1.97 2.55 2.03 2.62 2.05 262 217 2.85 222 289 2.01 2.60 2.07

Q3-14B PLD 140 134 139 133 140 134 1.64 148 142 144 140 137 144
i TokenRec. 1.74 220 176 227 181 230 191 251 195 251 192 245 1.85
UNISPEC (ours) 1.89 248 1.92 2.60 2.00 2.62 210 2.83 215 287 2.01 2.63 2.01

NVIDIA A40

PLD 129 136 122 131 131 139 170 166 143 144 152 145 141

L3-3B Lookahead 1.52 245 153 247 1.61 258 183 284 177 275 180 2.77 1.68
SPECTRA 1.54 232 159 235 1.64 241 192 271 191 276 193 280 1.76
TokenRec. 1.97 279 208 294 210 3.00 209 280 254 338 235 3.17 2.19

UNISPEC (ours) 2.22 3.07 227 319 230 320 246 340 263 359 246 337 239

Q3-3B PLD 1.31 137 135 137 134 137 1.63 155 138 146 138 138 1.40
TokenRec. 1.59 227 1.62 231 165 232 172 250 176 252 1.69 241 1.67

UNISPEC (ours) 1.77 2.55 1.80 2.61 1.82 259 195 2.84 199 287 1.81 258 1.86

Q3-14B PLD 141 135 140 133 141 134 1.66 148 142 143 141 137 145
TokenRec. 1.66 219 170 228 173 229 183 251 188 252 1.84 244 1.77

UNISPEC (ours) 1.82 246 1.88 2.60 1.92 259 2.04 2.84 209 286 195 2.62 195

NVIDIA RTX A6000

PLD 1.33 136 125 131 136 139 172 165 146 144 156 145 144

L3-3B Lookahead 1.50 242 148 243 154 250 179 282 176 276 179 278 1.64
SPECTRA 1.56 232 159 233 1.65 243 192 276 186 264 190 271 1.74
TokenRec. 1.89 2.69 194 285 190 2.80 210 297 225 3.09 207 294 203

UNISPEC (ours) 2.20 3.08 226 3.19 226 319 241 336 260 359 243 334 236

Q3-3B PLD 1.34 137 140 137 139 137 1.65 155 143 146 144 138 1.44
TokenRec. 148 227 151 231 154 232 159 248 1.63 250 157 240 1.55

UNISPEC (ours) 1.73 2,53 1.77 2.62 1.79 259 190 282 193 287 175 2.57 1.81

Q3-14B PLD 141 135 139 133 142 134 1.65 148 142 143 142 136 145
TokenRec. 1.67 221 169 229 175 230 185 252 1.89 254 187 247 1.79

UNISPEC (ours) 1.82 248 185 259 192 259 202 282 206 285 193 261 1.93
NVIDIA GeForce RTX 3090

PLD 1.27 136 120 131 129 139 1.62 1.65 140 146 147 144 137
L3-3B Lookahead 1.29 246 128 246 135 257 152 284 145 273 149 277 140
SPECTRA 146 235 151 234 157 245 1.82 277 175 263 177 267 1.65
TokenRec. 1.47 2.68 154 283 154 280 1.65 296 173 3.08 1.65 295 1.60
UNISPEC (ours) 1.99 2.79 2.05 290 2.05 290 219 3.06 236 325 221 3.05 2.14
Q3-3B PLD 1.39 137 142 137 141 137 1.68 155 145 146 144 138 146
TokenRec. 1.55 227 1.60 234 162 232 165 249 171 251 164 240 1.63

UNISPEC (ours) 1.74 223 1.79 231 1.83 230 192 249 193 249 176 225 1.83

Table 5: Full Multi-SpecBench results across devices (A100, A40, RTX A6000, RTX 3090). We report speedup
(Spd.) and average acceptance length 7 for DE/ES/FR/JA/VI/ZH and their average (AVG).

trated in Table 8, UNISPEC maintains a significant  ual decline, dropping to 1.73x at a batch size of
speedup of 2.10x at batch size 1. As the batch 5. This trend is consistent with prior findings in
size increases, the speedup ratio exhibits a grad-  speculative decoding literature (Li et al., 2024c;
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MT Trans Sum QA Math RAG Code AVG

Model Method Spd. 7 Spd. 71  Spd 7 Spd. 71  Spd 7 Spd. 7 Spd. T Spd.
Temperature = 0.0

Lookahead 1.38 2.00 134 188 128 198 138 195 150 201 128 202 139 203 1.36

SPECTRA 144 2.00 135 187 140 199 137 190 145 194 149 210 142 201 142

L3-8B TokenRec. 193 258 185 248 194 257 185 245 206 272 218 289 196 269 197

Ours 210 291 199 277 212 293 197 272 226 3.10 238 325 208 294 213
Temperature = 1.0

Lookahead 138 1.69 139 193 129 196 142 198 150 201 134 204 142 200 1.39

SPECTRA 140 159 135 181 142 197 139 191 146 195 151 209 141 199 142

L3-8B TokenRec. 1.81 236 176 229 178 230 171 221 193 245 1.69 215 178 237 1.78

Ours 1.86 257 1.83 250 1.86 259 1.83 253 199 269 174 236 184 264 1.85

Table 6: Effect of sampling temperature on Spec-Bench (Llama-3-8B-Instruct). We report speedup (Spd., vs.
autoregressive=1.0) and average acceptance length 7 at T' = 0.0 (greedy) and 7' = 1.0.

MT QA Math Code AVG
Model Method TP Spd. 7 TP Spd. 7 TP Spd. 7 TP Spd. 7 Spd.
1 x NVIDIA GeForce RTX 3090
Autoregressive  38.26 1.00 1.00 39.09 1.00 1.00 39.10 1.00 1.00 41.55 1.00 1.00 1.00
L3-8B TokenRec. 5775 151 257 56.19 144 242 6363 163 273 61.06 147 2.68 1.51
Ours 7459 195 258 74.03 1.89 244 83.69 214 273 7691 185 2.60 1.96
2 x NVIDIA GeForce RTX 3090
Autoregressive 3246 1.00 1.00 32.54 1.00 1.00 3247 1.00 1.00 3248 1.00 1.00 1.00
L3-8B TokenRec. 50.19 155 261 4780 147 241 5453 1.68 273 5265 162 2.69 1.58
Ours 5695 1.75 2.58 5459 1.68 245 6125 1.89 275 5757 177 261 1.77

Table 7: Distributed inference on two NVIDIA GeForce RTX 3090 GPUs (tensor parallelism) versus a single RTX
3090 on Spec-Bench with Llama-3-8B-Instruct. We report throughput (TP, tokens/s), speedup (Spd.), and average

acceptance length (7) per task and the average (AVG).

Batch size 1 2 3 4 5
2.10x  2.07x 2.03x 190x 1.73x

Speedup

Table 8: Speedup ratios of UNISPEC across increasing
batch sizes on an NVIDIA A100 (40GB) using Llama-
3-8B-Instruct (FP16). The evaluation was conducted on
the MT-bench dataset with temperature set to 0.

Cai et al., 2024). The reduction in speedup occurs
because the verification of draft trees for multiple
concurrent sequences saturates the GPU’s stream-
ing multiprocessors (SMs), increasing the latency
of the forward pass. Despite this decline, UNISPEC
continues to provide substantial acceleration over
autoregressive decoding even at higher batch sizes.
This suggests that our device-aware calibration,
while primarily optimized for latency in single-
stream scenarios, effectively identifies a draft size
that remains beneficial even as compute contention
increases.

E.4 More comparison with EAGLE family

Table 9 shows the full comparison with the EA-
GLE family of training-based speculative decoding
methods using Llama3-8B-Instruct and Llama3.1-
8B-Instruct.

E.5 UNISPEC Being Lossless

Theoretical  basis. The  draft-and-verify
paradigm used in UNISPEC has been rigorously
proven to reproduce exactly the same outputs as
standard autoregressive decoding in prior work
(Miao et al., 2024; Fu et al., 2024). This ensures
that the generation trajectory is identical under any
draft size or verification order.

Empirical verification. Across all of our exper-
iments, we explicitly compared the outputs gen-
erated by UNISPEC with those from standard au-
toregressive decoding. Prior work (Fu et al., 2024;
Le et al., 2025) has shown that under float32 pre-
cision, speculative decoding produces outputs that
are identical to those from autoregressive decoding,
and under float16, differences are limited to only
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LLaMA-3-8B-Instruct

LLaMA-3.1-8B-Instruct

EN JA DE EN JA DE

Method Spd. t Spd. 7 Spd. 7 |Spd. 7 Spd T Spd. T
EAGLE-1 1.81 348 1.17 232 113 219| - - - - - -
EAGLE-2 218 421 118 234 1.14 221|186 38 099 205 1.09 227
EAGLE-3 - - - - - 238 510 071 144 1.10 241

UNISPEC (ours)

213 294 245 340 221 3.08‘ 1.97 299 272 423 241 3.68

Table 9: Full comparison with training-based speculative decoding methods on Multi-SpecBench for English (EN),
Japanese (JA), and German (DE). Results for EAGLE-1, EAGLE-2, and EAGLE-3 are reproduced using the official
checkpoints released in their original repositories. The symbol '—’ indicates that the EAGLE checkpoint for the

corresponding LLM is not publicly available.

a few tokens due to numerical precision effects.
To further verify fidelity, we assess the generation
quality of UNISPEC and autoregressive outputs
on the CNN and GSMS8K datasets, measured in
ROUGE scores. We present the results in Table 10.

E.6 Long-Context Evaluation

A natural concern for retrieval-based speculative
decoding is whether the benefits persist under long-
context generation, where KV-cache pressure and
draft-tree bookkeeping may erode the observed
speedups. To evaluate this, we run UNISPEC with
Qwen-3-8B on an RTX A6000 across all Spec-
Bench tasks, sweeping the context window from
1K up to 32K tokens.

Table 11 shows that both the average speedup
and the average acceptance length 7 remain es-
sentially flat as the context grows by more than
an order of magnitude. This stability is expected:
UNISPEC’s draft-tree construction operates over
the n-gram store and is independent of the KV-
cache length, while the verification cost grows sub-
linearly with context size. We therefore conclude
that the method retains its acceleration benefits un-
der long-context memory pressure.

E.7 Sensitivity to the Confidence Threshold r.

The confidence threshold r governs how
aggressively the tree expansion mod-
ule prunes low-confidence nodes (Alg. 1,

line 28). We examine its effect by sweeping
r € {0.0,0.01,0.025,0.05,0.1,0.2} on Llama-3-
8B / RTX 3090, where 7=0.0 corresponds to no
pruning. Table 12 reports the results.

Applying a modest threshold consistently im-
proves the average speedup over the no-pruning
baseline, peaking at r=0.05 (1.99x average
speedup vs. 1.90x at r=0.0). Performance de-

grades only mildly as r is increased further, and
never falls below the r=0.0 baseline within the
swept range. Together with Figure 3, which shows
that low-confidence tokens are densely distributed
yet exhibit consistently low acceptance rates, this
confirms that threshold pruning primarily removes
low-recall, low-utility candidates rather than ac-
ceptable tokens, and therefore does not cap the
achievable speedup in practice.

E.8 Sensitivity to Draft-Size Deviation

A practical concern is how much the selected draft
size g* may deviate from its optimum before the
speedup benefits are lost. We investigate this on
NVIDIA A100 with Llama-3-8B, for which the
calibrated optimum is g*=110. We evaluate UNIS-
PEC with fixed draft sizes in the neighborhood
g € {95,100, 105,110, 115,120, 125}. Table 13
reports the results.

Performance is remarkably insensitive to small
deviations from g*. Within a +15 token window,
the average speedup drops only from 2.13x at the
optimum to 1.95% at the edges, which still substan-
tially exceeds autoregressive decoding. Combined
with the online recalibration strategy described in
§3, this flat neighborhood explains why UNISPEC
remains robust even when the effective hardware
performance drifts over time.

F Calibration Details

F.1 Calibration and Optimization Procedure

To determine the optimal draft size g¢*, we
employ an empirical calibration procedure that
estimates the throughput function fopeea(g) =
faccept(9)/ fiime(g) using regression models fitted
from a small number of warm-up runs.
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Precision Dataset Method ROUGE-1 ROUGE-2 ROUGE-L Speedup 7

CNN Autoregressive 9.90 4.14 6.95 1.00 1.00
UNISPEC 9.90 4.14 6.95 2.09 2.89
FLOAT32
Autoregressive 1.82 0.41 1.67 1.00 1.00
GSMBK UNISPEC 1.82 0.41 1.67 2.24 3.06
CNN Autoregressive 9.98 4.36 7.06 1.00 1.00
UNISPEC 10.05 4.37 7.08 2.12 293
FLOAT16
Autoregressive 1.81 0.41 1.65 1.00 1.00
GSMEK UNISPEC 1.65 0.40 1.58 2.26 3.10

Table 10: Evaluation of UNISPEC decoding under float32 and float16 precision on CNN/DailyMail and GSM8K.
ROUGE scores, speedups over autoregressive decoding, and average acceptance length (7) are reported for LLaMA-
3-8B-Instruct.

MT Trans Sum QA Math RAG Code Avg.
Spd. 7 Spd. 7 Spd. 7 Spd. 7 Spd. 7 Spd. 7 Spd. T Spd

1024 1.87 260 1.60 242 1.77 257 183 261 2.14 293 1.75 2.67 205 2.80 1.86
2048 1.83 265 203 278 186 2.66 196 273 209 2838 190 275 1.88 2.65 193
4096 1.81 2.69 2.04 279 186 265 196 282 2.08 2.88 1.87 270 1.88 2.71 1.93
8192 1.81 2.68 2.03 279 1.87 267 194 285 2.09 291 187 269 188 278 1.93
16384 1.81 274 204 279 1.85 265 193 3.18 2.08 290 1.87 270 186 290 1.92
32768 1.82 2.68 2.04 278 1.87 267 192 333 2.06 297 188 271 188 3.65 1.93

Context

Table 11: UNISPEC performance under increasing context length (Qwen-3-8B, RTX A6000). Both speedup and
acceptance length 7 remain stable from 1K up to 32K tokens.

Data collection. For each calibration run with ~ The optimal draft size g* is then obtained by solv-
draft size g;, we record the average number of ac-  ing:
cepted tokens 7; and the forward time s;. This g* = arg max fspeed(g),

g

yields two datasets:
Because the throughput landscape may be non-
§={lg1,51), (92,2), -, (gm, sm) }, convex, we employ the Differential Evolution
T ={(g1.71), (92, 72)s - -+ (Gm>Tm) }- (DE) algorithm (Storn and Price, 1997) from
scipy.optimize to perform global optimization.
DE is a population-based stochastic optimizer that
is robust to local minima and performs well in low-
dimensional continuous spaces.

Regression modeling. 'We model the dependency
between draft size and both performance metrics
via lightweight regression functions:

fime(9) % 8, faceept(9) = T- Implementation details. Table 14 summarizes

In implementation, the forward time function the regression and optimization setup used in the
fime(g) is estimated using a B-spline regres- calibration process. This calibration is lightweight
sion model (via the SplineTransformer and and only requires a few warm-up runs on the target
LinearRegression from scikit-learn), allow- hardware to adapt the draft size dynamically for
ing smooth interpolation over irregular mea- ©ptimal throughput.
surements.  The acceptance length function
faccept(9) is modeled using a third-degree poly-
nomial regression (via PolynomialFeatures + In the hyperparameter settings section (Ap-
LinearRegression), which empirically provides ~ pendix A), we set the default number of calibration
a good trade-off between flexibility and stability. samples to 5. Figure 6 analyzes how the size of
the calibration set influences both the final optimal
draft length and the time required for calibration.
The results show that varying the calibration size
Jaceept(9) has little impact on the optimal draft length. We
Jspeea(g) = fnT(g) attribute this stability to the average acceptance
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F.2 Number of Calibration Samples

Throughput maximization. The estimated
throughput function is defined as:



” MT Trans Sum QA Math RAG Code Avg.

Spd. = Spd. 7 Spd. 7 Spd. 7 Spd. 7 Spd. 7 Spd. T Spd
0.0 1.87 240 1.82 231 1.82 238 1.79 227 206 259 217 276 1.77 239 190
0.01 1.89 255 1.85 243 1.86 256 1.85 243 210 274 2.15 2.89 1.80 2.55 1.93
0.025 192 261 187 248 1.88 2.61 1.87 246 2.11 276 2.16 297 183 262 195
0.05 196 258 192 248 191 259 191 246 215 2.74 225 3.00 185 259 199
0.1 191 257 188 246 1.88 259 1.88 246 213 277 2.18 295 181 259 195
0.2 1.87 246 1.84 237 1.84 246 1.83 234 208 2.66 2.16 2.88 1.77 247 191

Table 12: Sensitivity of UNISPEC to the confidence threshold r (Llama-3-8B, RTX 3090). r=0.0 disables pruning.

A mild threshold consistently improves speedup, peaking at »=0.05.

D . MT Trans Sum QA Math RAG Code Avg.
raft size g

Spd. 7 Spd. 7 Spd. 7 Spd. 7T Spd. T Spd. 7 Spd. T Spd
95 190 293 188 2.82 1.89 298 185 274 213 3.10 2.11 331 193 298 1.95
100 199 280 192 271 2.05 2.85 192 267 214 298 232 322 197 284 204
105 204 276 192 2.64 205 278 196 2.65 221 297 238 321 2.00 2.79 2.08
110 (¢*) 210 291 199 277 212 293 197 272 226 3.10 238 325 2.08 294 2.13
115 206 283 199 272 2.09 285 196 2.68 223 3.02 235 3.19 206 2.86 2.11
120 200 280 190 2.68 2.03 2.82 191 2.66 2.16 298 228 3.15 195 281 2.03
125 190 295 187 279 1.87 295 186 277 211 3.07 2.12 331 193 298 195

Table 13: Sensitivity of UNISPEC to deviations from the calibrated optimal draft size g*=110 (Llama-3-8B, NVIDIA
A100). Speedup degrades only mildly within a +15 token window and remains well above the autoregressive.

Component Configuration

faceept(9) Polynomial regression using PolynomialFeatures(degree=3) with LinearRegression().

fiime(9) B-spline regression using SplineTransformer(degree=2, n_knots=8) followed by LinearRegression().
fspeed(9) Defined as the ratio faccept(9)/ fime(9)-

Optimization method
Objective function
Solver configuration

Calibration output

Minimize — fspeed(g) to maximize throughput.

Global optimization using Differential Evolution (DE) (Storn and Price, 1997).

differential_evolution(lambda x: -g(x[@]), bounds, seed=42, maxiter=1000, atol=1e-6, tol=1e-6).

Optimal draft size g* yielding maximum estimated throughput.

Table 14: Regression and optimization setup for throughput calibration.

length and the forward time, which remain nearly
unchanged across different calibration sizes. There-
fore, instead of using a large calibration set, our
method can operate with a relatively small number
of samples, reducing calibration time significantly.
On an NVIDIA A100 GPU, the calibration process
with a small set takes about 800 seconds (approx-
imately 13 minutes). Importantly, this calibration
needs to be performed only once when deploying
on a new hardware environment and can be reused
for all subsequent decoding tasks.

G Detailed Analysis on Device-calibration

G.1 Empirical Validation of Efficiency
Formula

To empirically validate the modeling in Equation 2,
Table 15 shows the measured 7(g) and s(g), along
with the expected and real-world throughput for
different draft sizes. The results show that the ex-

pected throughput modeled by our formula (Equa-
tion 2) reflects real-world throughput, with only mi-
nor deviations due to hardware-dependent effects
(GPU scheduling, KV-cache memory bandwidth,
and parallelism behavior, etc.). This supports the
validity of the modeling in Equation 2.

G.2 Device-calibration versus grid-search

Comparing the device calibration module against
a common search strategy, such as grid search,
can further validate the effectiveness of our device-
aware calibration module for determining the op-
timal draft size. To this end, we performed a grid
search with a step size of 25 and compared its se-
lected draft sizes against the estimate produced by
our method. As shown in Table 16, the grid search
identifies local optima at 100 and 125 tokens. How-
ever, under the same number of calibration queries,
our regression-based method estimates an optimal
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(Samples = 1, Forward Count = 7101)
Calibration Time: 200.943s

(Samples = 5, Forward Count = 28034)
Calibration Time: 791.227s

(Samples = 10, Forward Count = 55983)
Calibration Time: 1579.844s
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Figure 6: Forward time, average accept length, and calibration time when calibrating with different numbers of

samples.
Draft size Average 7(g) (tokens) Average s(g) (seconds) Expected TP (tok/s) Real TP (tok/s)
g="75 2.70 0.0275 99.66 87.68
g = 111 (optimal) 2.94 0.0281 104.65 90.53

Table 15: Measured 7(g) and s(g), and expected vs. real-world throughput.

draft size of g = 111, which yields higher through-
put. These results highlight the benefit of our con-
tinuous optimization formulation, which can better
capture the true performance optimum than discrete
grid exploration.

The key difference is that grid search optimizes
the draft size only over a fixed discrete set (e.g.,
steps of 25), so the best result is limited by that
granularity. Reducing the step size improves preci-
sion but dramatically increases the number of eval-
uations, making grid search costly on large mod-
els or slower devices. In contrast, our regression-
guided optimization (via differential evolution) ef-
ficiently estimates the peak throughput in a contin-
uous manner, achieving higher-resolution draft size
selection.

G.3 Generalization of device-calibration
module

UNISPEC’s Device-Aware Calibration module is
model-agnostic and strategy-agnostic, and can
be applied to any existing speculative decoding
method to identify the draft size that is optimal
for the corresponding drafting strategy. To demon-
strate this, Table 17 reports the speedup achieved
using both the default draft size and the optimal

draft size selected by our device-aware calibra-
tion across multiple drafting strategies. The re-
sults show that the calibration module of UNIS-
PEC generalizes well across diverse speculative
decoding methods following the draft-and-verify
paradigm, yielding substantial improvements in de-
coding speed.

H Algorithms

6307



Draft size Throughput (tok/s) Average Accept Length 7

g=25 72.17 2.4
g=50 81.93 2.56
g="75 86.68 2.74
g =100 89.49 2.83
g=125 89.49 2.94
g = 111 (optimal) 90.53 2.90

Table 16: Comparison between grid search and the device-calibration module for finding the optimal draft size.

MT Bench Code

Method Draft size Spd. 7 Spd. T

Lookahead 120 1.15 2.00 1.11 2.01
Lookahead + Device-Aware 60 (optimal) 1.40 1.85 144 1098
SPECTRA 60 1.25 196 132 1.98
SPECTRA + Device-Aware 30 (optimal) 1.47 1.77 1.66 1.76
Token Recycling 80 1.51 257 147 2.68

Token Recycling + Device-Aware 53 (optimal) 1.78 233 1.75 2.41

Table 17: Comparison of Lookahead, SPECTRA, and Token Recycling under standard vs. device-aware configura-
tions on RTX 3090 (Llama-3-8B-Instruct, Spec-Bench) for MT Bench and code generation. Results are reported as
speedup relative to autoregressive decoding (Spd.) and average acceptance length (7).

Algorithm 2 Speculative Decoding (Multiple guesses and Greedy Sampling)

Given guess size K, number of guesses (5, and target length 7'
Given initial prompt sequence x.
while n < 7" do

Obtain multiple drafts Y = {1, 5@ ... 4@},

In parallel, compute K + 1 verification tokens y/':

fori=1: K do
yl/-(g) = arg max Pys(y; | gjl@l,x), Vg e{l,...,G}
end for
Identify the sequence §9") with the highest token matches and the corresponding /(9.
fort=1:Kdo

if yg(g ) = gjﬁg*) thelz
Set Yn+t < gt(g

else

/

Yntt — 40

end if

end for
end while

)andn<—n+1.

and exit for loop.
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Algorithm 3 Greedy Verification

Require: sequence x, model Py, guesses G = {g'} withi € [0,G — 1]

Ensure: o {accepted tokens of length 1 to N}

1: function GREEDY VERIFICATION(X, Pys, G)

2: D+
R
fori: =0toG —1do

> Store the distributions
> Store the current guesses

D.append(Py; (g’ ", Znext|g'?, X)) > Last token of x and ¢(*) outputs — total N distributions

3

4

5

6: end for
7 fori=1to N —1do
8

9

7«1

: is_accept <+ 0
10: P « D[1};
11: while j < size(V') do
12: S5 < V[]]z
13: if s; = argmax P then > accepted, update all potential speculations and probabilities
14: o.append(s;)
15: is_accept +— 1
16: ‘/HCW) Dhew < Q)a 0
17: for k& = j to size(V') do
18: if S = V[k]l then
19: Vaew-append(V [k])
20: Dhew-append(D|k])
21: end if
22: end for
23: V, D < View, Dnew
24: break
25: else > rejected, go to next speculation
26: jg+1
27: end if
28: end while
29: if is_accept then
30: continue
31 else > guarantee one step movement
32: o.append(arg max P)
33: break
34 end if
35: end for
36: if is_accept then
37: o.append(arg max D[1]x)
38: end if
39: return o

40: end function
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Algorithm 4 Sample Verification

Require: sequence x, model Py, guesses g withi € [0, G — 1]
Ensure: o {accepted tokens of length 1 to N}
1: function SAMPLEVERIFICATION(z, Pys, g)

43:

D+ 0 > Store the distributions
Vg > Store the current guesses
fori =0to G — 1do
D.append(Py; (g’ P, Znext|g'?, X)) > Last token of x and ¢(*) outputs — total N distributions
end for
fori =1to N —1do
j+1
is_accept < 0
Pj = Dljl;
while j < size(V') do
sj < Vjli
sample r ~ U(0,1)
if < Pj(s;) then > accepted, update all potential speculations and probabilities
o.append(s;)
is_accept +— 1
%ew, Dnew — @, @
for k = j to size(V') do
if s; = V[k]; then
Vaew-append(V [k])
Dhew.append(D[k])
end if
end for
V? D — V;lew; Dnew
break
else > rejected, go to next speculation
Pj(sj) <= 0
Pj+1 = norm(P;)
j—i+1
end if
end while
if is_accept then
continue
else > guarantee one step movement
sample Tpexi ~ P;
o.append(Zyext)
break
end if
end for
if is_accept then
o.append(sample Zyext ~ D[1]N)
end if
return o

44: end function
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