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Abstract

Large Language Models (LLMs) achieve
strong performance across many tasks but suf-
fer from high inference latency due to autore-
gressive decoding. The issue is exacerbated
in Large Reasoning Models (LRMs), which
generate lengthy chains of thought. While
speculative decoding accelerates inference by
drafting and verifying multiple tokens in paral-
lel, existing methods operate at the token level
and ignore semantic equivalence (i.e., differ-
ent token sequences expressing the same mean-
ing), leading to inefficient rejections. We pro-
pose SemanticSpec, a semantic-aware specu-
lative decoding framework that verifies entire
semantic sequences instead of tokens. Seman-
ticSpec introduces a semantic probability es-
timation mechanism that probes the model’s
internal hidden states to assess the likelihood
of generating sequences with specific meanings.
Experiments on four benchmarks show that
SemanticSpec achieves up to 2.7x speedup
on DeepSeekR1-32B and 2.1x on QwQ-32B,
consistently outperforming token-level and
sequence-level baselines in both efficiency and
effectiveness.

1 Introduction

Large Language Models (LLMs) have achieved
remarkable success across various tasks (OpenAl,
2023; Bai et al., 2023; Touvron et al., 2023; Liu
et al., 2024; Team et al., 2024). However, their
deployment is constrained by high inference la-
tency due to autoregressive decoding, where tokens
are generated sequentially, and the latency grows
with model size and output length. In particular,
Large Reasoning Models (LRMs) such as OpenAl
ol (Jaech et al., 2024) and DeepSeek R1 (Guo et al.,
2025) exacerbate this issue by producing lengthy
chains of thought (CoT) for detailed intermediate
reasoning before yielding the final output.
Speculative Decoding (Spector and Re, 2023;
Xia et al., 2024) has emerged as a promising ap-

proach to accelerate LLM inference. It drafts multi-
ple future tokens and then verifies them in parallel
using the target LLM. It only accepts those that
meet its verification criterion to guarantee output
quality. However, most existing methods operate
at the token level and overlook semantic equiva-
lence, where different token sequences that convey
the same meaning (e.g., “The capital of France is
Paris.” vs. “Paris is the capital of France.”) (Kuhn
et al., 2023). This oversight leads to unnecessary
rejections of semantically valid drafts, and signif-
icantly reduces the efficiency of speculative de-
coding (as shown in Section 5.1). Although recent
work on Large Reasoning Models (LRMs) explores
speculating reasoning steps instead of individual
tokens, these approaches typically rely on LLM-
as-a-judge evaluations, which are often biased and
unreliable (Gu et al., 2024; Li et al., 2025; Thakur
et al., 2024), and results in low performance.

To address this limitation, we propose semantic-
aware speculative decoding (SemanticSpec), a
novel framework that elevates speculative decod-
ing from the token level to the sequence level and
handles semantic-equivalence. SemanticSpec op-
erates over entire semantic sequences, capturing
higher-level meaning rather than surface token pat-
terns. The key challenge lies in estimating how
likely a model is to generate any sequence con-
veying a particular meaning, which cannot be di-
rectly accessed from token probabilities. To over-
come this, SemanticSpec introduces a novel se-
mantic probability (i.e., the likelihood of generating
any sequence that expressing a particular seman-
tic meaning) estimation mechanism by probing the
internal hidden states of LLMs during the verifica-
tion. Specifically, we develop a semantic probabil-
ity predictor that learns to map the model’s internal
representations when verifying a sentence, to the
likelihood of producing the particular meaning ex-
pressed by the sentence. This predictor enables
SemanticSpec to infer semantic-aware likelihoods
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drafting and verifying token-by-token, semantic-aware

speculative decoding drafts and verifying sequence-by-sequence.

beyond surface-level token distributions.

To evaluate the effectiveness of SemanticSpec,
we compare various token-level and sequence-level
baselines (e.g., SpecReason (Pan et al., 2025), Spec-
ulative Thinking (Yang et al., 2025), and SpecSam-
pling (Yang et al., 2025)) on four benchmarks (e.g.,
MATH-500 and GPQA-D) and two pairs of LLM:s.
Our empirical results show that SemanticSpec ac-
celerates the target models, DeepSeekR1-32B and
QwQ-32B, by an average of 2.7x and 2.1x, respec-
tively, and consistently outperforms both studied
sequence-level and token-level baselines in both
effectiveness and efficiency. For instance, Seman-
ticSpec further boosts throughput (i.e., Token Per
Second) by 1.67X on the DeepSeekR1-32B and
2.66X on the QwQ-32B compared to the standard
token-level speculative decoding.

2 Background and Related Work
2.1 Speculative Decoding

Speculative Decoding (SD) is a technique to accel-
erate LLM inference without changing the model’s
final output distribution in theory (Leviathan et al.,
2023a; Xia et al., 2024). Instead of querying the
target LLM M, for every token, a smaller and
faster draft model M, (e.g., a distilled or reduced-
parameter version) speculatively generates a short
token sequence; M, then verifies this draft in one
parallel forward pass. If the draft is correct, mul-
tiple tokens are accepted for the cost of a single
forward pass.

The process for generating one block of tokens in
basic speculative decoding (Spector and Re, 2023)
is defined as follows:

Step 1: Drafting. Given a context sequence,

the draft model (M,) runs autoregressively for «y
steps to propose a draft token sequence Z1., =
(Z1,Z2,...,2). This is done by sampling from
the draft model’s distribution at each step: z; ~
M, (- | context, Z1:j—1)

Step 2: Parallel Verification. The target model
M, takes [context, Z1.,] and performs a single, par-
allel forward pass, producing distributions p1 ., for
all draft positions: p1., = M, (- | context, Z1.-).
Step 3: Acceptance & Correction The draft to-
kens are now verified sequentially. It accepts draft
tokens until the first mismatch is found. The cri-
terion for accepting the ¢-th draft token z; is: If
pi(Z;) > qi(Z;), accept Z;. Otherwise, reject ;
and resample a corrected token x; from an adjusted
distribution (norm(maz (0, p(z) — q(z)))). It dis-
cards all remained tokens and restarts the process
from Step 1.

2.2 Related Work and Their Limitations
2.2.1 Token-level Speculative Decoding

The current token-level speculative decoding ap-
proaches fall into two families:

Improving Drafting. Draft quality strongly af-
fects SD efficiency. Existing work follows two
paradigms: independent drafting and self-drafting.
Independent drafting employs a smaller, separate
model to propose candidate tokens for verification
by the target LLM (Xia et al., 2022; Leviathan
et al., 2023b; Spector and Re, 2023; Sun et al.,
2023). It often uses reduced-size models from the
same family to accelerate larger ones without ex-
tra training. In contrast, self-drafting reuses the
target model to generate drafts via internal sam-
pling or parallel decoding (Stern et al., 2018; Cai



et al., 2024; Yang et al., 2023; Zhang et al., 2023;
Hooper et al., 2025). For instance, Medusa (Cai
et al., 2024) attaches lightweight FFN heads for
parallel token generation. Enhancing Verification.
Each decoding step verifies drafted tokens in par-
allel to ensure consistency with the target model.
Early methods used strict greedy verification that
guaranteed lossless outputs (Stern et al., 2019; Xia
et al., 2022) but frequently reject good drafts and
limit speedup. Later work introduced more flexi-
ble criteria, e.g., top-k matching (Xia et al., 2022),
rollback strategies (Kim et al., 2023), and token-
tree verification (Miao et al., 2023), to improve
acceptance and efficiency.

However, existing work either in improving
drafting and verification remains token-level, over-
looking semantic equivalence between drafts and
target outputs, as discussed in Section 1, which still
potentially reject good candidates and leads to low
acceptance rate.

2.2.2 Sequence-level Speculative Decoding for
Large Reasoning Models

With the emergence of large reasoning models
(LRMs), several approaches have been developed
to speculate reasoning steps (i.e., sequences ex-
pressing reasoning steps), which consider the
semantic equivalence rather than individual to-
kens (Pan et al., 2025; Yang et al., 2025; Wang
et al., 2025; Liao et al., 2025). For example, Pan
et al. proposed SpecReason (Pan et al., 2025),
which employs a draft model to perform specu-
lative reasoning (e.g., reasoning steps) and prompts
the target model to score the reasoning quality
on a 1-10 scale for verification. Similarly, Yang
et al. introduced Speculative Thinking (Yang
et al., 2025), which leverages the occurrence of
reasoning-supportive tokens, such as “wait” or “al-
ternatively”, as cues to delegate the remaining rea-
soning process (e.g., reasoning steps) to a larger
mentor model. However, existing approaches
mainly rely on LLM-as-a-judge evaluations or hard-
coded lexical signals (e.g., “wait,” “alternatively’)
for verification, both of which are prone to inaccu-
racies, as prior studies have shown that LL.M-as-a-
judge can be biased and unreliable (Gu et al., 2024;
Li et al., 2025; Thakur et al., 2024). In contrast, our
method leverages the internal states of the target
model to measure the alignment between the draft
and target reasoning processes.

3 Methodology

We introduce Semantic-Aware Speculative De-
coding (SemanticSpec), a new paradigm that re-
conceptualizes speculative decoding at the level
of semantic meaning, rather than individual to-
kens. While traditional methods sequentially
draft and verify token-by-token, SemanticSpec
drafts and verifies sequences, meanwhile handling
semantic-equivalence robustly. Unlike token-level
approaches, where token probabilities are directly
accessed from LLMs, determining the probability
of generating any sequence that conveys a specific
semantic meaning (i.e., called semantic probabil-
ity) is challenging. Therefore, to effectively verify
whether the drafted sequences align with the target
model’s true intent, SemanticSpec must estimate
the semantic probability. We overcome this by de-
signing a novel semantic probability predictor that
infers these probabilities by probing the LLM’s in-
ternal representations (hidden states). To train the
predictor, we prompt LLMs with diverse inputs and
generate multiple outputs and their hidden states.
We then cluster outputs by semantic meaning and
estimate their semantic probability.

3.1 Sematic-Aware Speculative Decoding

Algorithm 1 outlines the process of Semantic-
Aware Speculative Decoding implemented by our
approach (SemanticSpec). The algorithm consists
of three main stages: (1) sequence drafting, (2)
semantic-aware sequence verification, and (3)
acceptance decision.

In sequence drafting, the draft model M, spec-
ulatively generates up to v candidate sequences
Sp+1,- -, Sni~ based on the current context sy.y,.
Along with these drafted sequences, the hidden rep-
resentations {h;. , ..., h} .} of the draft model
are extracted to capture the internal state associated
with each generated sequence (line 4). In this study,
we use \n\n as split to separate sequences.

After drafting, the target model M), verifies
the drafted sequences by processing them in
parallel to obtain their corresponding hidden
states {hy  |,...,hp, } (line 5). Later, we
use semantic probability predictors—Predictor,
for the draft model and Predictor, for the
target model to estimate the likelihood that
each model would produce the semantic mean-
ing expressed by the given sequence §,4; un
der the same context (lines 6-7). The re-
sulting probabilities ¢;(Sem(5,4)|s<nti—1) and



Algorithm 1 Semantic-Aware Speculative Decod-
ing

Require: Target model M, draft model M,, input se-
quences S1:.t, number of sequences generated by draft
model -, probability predictor for draft and target model
Predictor, and Predictor,, max new tokens T’

Ensure: Generated sequence si1.7
#Initialize position counter and Maximum number of draft

sequences
I: net

2: while len(s1.,) < T do

3 (§n+1, hgz—‘—l)? SR (§n+’Y? hZ+-y) —

DRAFT(s<pn, Mg)
#Extract hidden states in parallel from target model

4: hY + My (8ntils<nyi—1) fori=1,... v
#Predict the semantic probability of draft model and target
model

5: qi(Sem(3n+i)|s<nii—1) < Predictory(hy ;) for
i=1,...,v

6:  pi(Sem(Snti)ls<nti-1)
fort=1,...,v
#Sequence by sequence verification

7 for i = 1to~ do

8: if With

min 1p'i(ng(‘gn{»i)‘sgnﬁ»ifl) then
> qi(Sem(Snti)ls<nii1)

< Predictorp(h} ;)

probability

9: Accept S 44

10: else

L1 Sn+i ¢ Mp(s|stinti—1)

12: break

13: end if

14: if FOS in Sn+i then

15: Return
FirstTokens(s1.n+i,min(index(£0OS),T)

16: end if

17: end for

18: n+<n4+i

19: end while
20: Return FirstTokens(s1.r,T)

pi(Sem(Sp4i)|S<n+i—1) represent the semantic-
aware confidence of each model in producing a
particular semantic meaning, which forms the ba-
sis for subsequent acceptance decisions.

Lastly, for each drafted sequence, SemanticSpec
determines whether to accept it based on the agree-
ment between the draft and target models. Specif-
ically, a drafted sequence s,; is accepted with
L B EEEss ) dines
9-11). Otherwise, the algorithm reverts to the target
model M), to regenerate the next sequence from the
last accepted context, ensuring correctness while
maintaining efficiency (lines 12-16). This verifica-
tion—acceptance loop continues until the max token

number or ZOS is met.

probability min (

3.2 Predicting Semantic Probability by
Probing Hidden States of LL.Ms

As motivated in Section 2, one challenge is that
an LLM may produce different sequences to ex-

press the same meaning (i.e., semantic equiva-
lence) (Kuhn et al., 2023). Directly estimating
the likelihood of a sequence of tokens (i.e., lexi-
cal representation) is problematic. In almost all
applications, we care about meaning rather than
lexical representation. Therefore, to overcome this
challenge, we convert the problem of estimating
the likelihood of generating a specific sequence to
estimating the probability of generating a semantic
meaning expressed by the sequence, i.e., semantic
probability. Formally, given a context C' and a tar-
get LLM M, our goal is to construct a predictor to
estimate the likelihood of generating the semantic
meaning expressed in the sequence s generated by
M p(Sem(s)|[C, s], M) , where Sem(s) is the
semantic meaning expressed by s. Therefore, the
semantic probability is an aggregated probability
can be calculated:

p(Sem(s)][C, 5]7M) = Z p(si|C, M)

s; €Sequences(S)

,where Sequences(.S) is the set of all possible to-
ken sequences that express the semantic meaning
Sem(s).

Intuitively, the semantic probability for a given
context could be empirically estimated through a
sampling approach: generating a large number of
model outputs, clustering those outputs based on
their semantic equivalence, and then using the rel-
ative frequency of each cluster as its probability
estimate. However, this sampling during inference
is cost inefficiency and violates the objective of
speculative decoding. Prior studies demonstrate
that the internal states of an LLM can indicate
the confidence/uncertainty of output generated the
LLM (Kuhn et al., 2023; Azaria and Mitchell, 2023;
Kossen et al., 2024). To assess whether the inter-
nal states of LLMs can effectively reflect semantic
probabilities in our setting, we examine relation-
ship between internal states and semantic probabil-
ity. As shown in Figure 2, our results reveal a pro-
nounced clustering effect, where hidden states are
organized into distinct regions according to their
semantic probability levels. In other word, hidden
states can effectively indicate the probability.

Therefore, we develop a semantic probability
predictor that, by probing the internal states of the
LLM without the need for sampling (see more de-
tails in Section 3.2.1). More importantly, the pre-
dictor can be trained offline and enables efficient
semantic-aware verification during decoding. Be-
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Figure 2: The distribution of hidden states with a var-
ious range of semantic probability in two-dimension.
For each 0.1 probability interval, we randomly sample
hidden state vectors, then project them into two dimen-
sions using UMAP.

low, we elaborate on the predictor and its construc-
tion process in detail.

3.2.1 Offline Semantic Probability Predictor
Training

To train the semantic probability predictor,

we first need to construct training data D =

{(Hyj,p(Sem(s;)|[C}, si], M) Yizm1:N j=1:M
which is a set of pair of semantic prob-

ability  p(Sem(s;)|[Cj,s;),M)) and its
corresponding hidden states, where
si = (41, Ti2, - - -, Zij, - - -, Tik) 18 @ sequence that

is verified by the LLM M given the input context
C;. The hidden states H;; is the aggregated
representation derived from when the sequence
s; goes through the model. More specifically, we
collect the hidden states of the model when each
token goes through the model. Then to aggregate
the hidden states from each token and obtain a
fixed-length representation for a sequence, we
apply average pooling over the token-level hidden
states for aggregation. In this study, we use the
hidden states from all layers of M, which has been
demonstrated superior than that from the last layer
(see more details in Section 5.2).

To construct the training data, we prompt the
LLM M with various contexts (e.g., original query
+ multiple reasoning steps). For a specific context
input C;, we perform the following steps to esti-
mate their semantic probability by following prior
study (Kuhn et al., 2023):

Step 1. Generation: Generating N output se-
quences {si, ..., Sy} using the large language
model given a context C;.

Step 2. Clustering: Clustering sequences that
share the same meaning using the bi-directional
entailment algorithm (Kuhn et al., 2023). Two
sequences, s and s, are considered semantically
equivalent if and only if each entails the other (i.e.,

they logically imply one another). For example,
“The capital of France is Paris.” entails “Paris is the
capital of France.” because both express the same
proposition. In our implementation, we employ
the DeBERTa-1large model to perform entailment
detection. For each pair of sampled sequences s
and s’, we check whether the concatenation of the
context and s can be inferred from the concatena-
tion of the context and s’, and vice versa. Specif-
ically, we concatenate each question—answer pair,
then combine both sequences with a special sep-
arator token. The DeBERTa model classifies this
composite input into one of three categories: en-
tailment, neutral, or contradiction. Two sequences
are deemed semantically equivalent if and only
if both directional inferences result in entailment.
We cluster a pair of two sequences together if they
are semantically equivalent.

Step 3. Probability estimation: After clus-
tering, we obtain a set of semantic clusters
{C1,C4,...,Ck}, where each cluster contains se-
quences that convey the same meaning. We then
estimate the probability of generating a specific se-
mantic meaning by counting the size of the cluster.
More specifically, for any sequence s; € Cy, its
semantic probability can be calculated:

_ 1Gkl

p(Sem(s)[Ci, sil, M) = —

Suppose there are M contexts and for each con-
text, we generate /N outputs, then the size of the
training data is M N. Once we construct the train-
ing data, we train a regression model, which takes
the hidden states as the input and output their corre-
sponding semantic probability. We deploy a multi-
layer perceptron with three layers as our regression
model. Note that we train two predictors, one for
the target model and one for the draft model.

3.2.2 Online Semantic Verification

During online inference, the trained semantic prob-
ability predictor verifies whether a drafted se-
quence aligns with the target model’s intent. For
each drafted sequence, we extract its hidden repre-
sentation and predict the semantic probability using
the predictor for draft model. The same sequence is
processed by the target model to obtain correspond-
ing hidden states, and the probability is predicted.
The acceptance of a drafted sequence is determined
as shown in Algorithm 1, where a higher ratio indi-
cates stronger semantic agreement. This semantic
verification captures semantic consistency between



models, allowing speculative decoding to remain
robust to lexical variations while improving effi-
ciency.

4 Experimental Settings
4.1 Models

To verify both the effectiveness and efficiency of
our approach, we conduct experiments with two
target models, DeepSeek-R1-32B and QwQ-32B,
while using DeepSeek-R1-1.5B as the draft model.

4.2 Datasets and Metrics

We evaluate our approach on four benchmarks:
MATH-500 (Hendrycks et al., 2021), AIME24!,
AMC23?, and GPQA-D (Rein et al., 2024).
These datasets cover diverse domains of mathe-
matical and scientific reasoning—ranging from
competition-level math problems requiring multi-
step deduction to expert-level science questions
assessing factual and analytical understanding.

We use three primary metrics: Pass@1, La-
tency, and Token Per Second (TPS) by following
prior studies (Yang et al., 2025; Pan et al., 2025;
Liao et al., 2025; Yan et al., 2024). The Pass@1
metric measures the proportion of correctly gener-
ated answers when generating one candidate solu-
tion, reflecting the model’s reasoning and factual re-
liability. The latency quantifies the total inference
latency, including both drafting and verification
stages, to evaluate the overall efficiency of specu-
lative decoding. TPS measures the throughput of
LLMs and counts the number of output tokens per
second (TPS).

4.3 Baselines

To evaluate the effectiveness of our approach, we
compare our proposed approach with various re-
cent approaches. SpecReason (Pan et al., 2025)
performs speculative reasoning with a lightweight
model, using the target model’s verification score to
validate and refine the generated outputs. Specula-
tive Thinking (Yang et al., 2025) leverages the ten-
dency of reasoning-supportive tokens (e.g., “wait”)
to follow structural delimiters and the stronger re-
flective control of larger models to reduce back-
tracking and enhance reasoning quality. SpecSam-
pling (Leviathan et al., 2023b) is standard token-
level Speculative decoding that accelerates the tar-

"https://huggingface.co/datasets/Maxwell-Jia/
AIME_2024
2https://huggingface.co/datasets/zwhe99/amc23

get LLM’s inference without changing its output
distribution. Collectively, these baseline methods
provide a comprehensive evaluation, covering both
segment-level and sentence-level speculative de-
coding.

4.4 Training and Implementation Details

In our experiments, we use the SimpleScaling-S1K
dataset (Muennighoff et al., 2025) to train seman-
tic probability predictors, which contains 1,000
high-quality question—answer pairs covering both
mathematical and scientific reasoning chains. We
use the science-related pairs (i.e., around 400K
samples) to train the predictors for GPQA-D, and
math-related pairs to train the predictors for math
datasets (Math-500, AIME, AMC23). We segment
each reasoning chain using the delimiter ‘\n\n’
and generate 20 responses per example to enhance
dataset diversity. Meanwhile we collect the cor-
responding internal states of LLMs.We eventually
collect 180K and 220K samples from the science
and math domains, respectively. For clustering,
we employ the DeBERTa-Xlarge-MNLI model
to perform iterative pairwise clustering of samples.
For training, we employ a simple three-layer feed-
forward neural network (FNN) as the probe for
both the target and draft models. The learning rate
is set to 1e — 3, and we use the AdamW optimizer
(Loshchilov and Hutter, 2017) with 81 = 0.9 and
B2 = 0.95. All experiments are conducted on a
server with two 80 GB GPUs and are implemented
using the SGLang framework.

5 Results

5.1 Comparison with Baselines

SemanticSpec (ours) consistently achieves
higher pass@1 compared to baselines and com-
petitive efficiency across all datasets and model
settings as shown in Figure 3. Although Sepc-
Think achieves similar latency as a small model,
it also suffers from the lowest pass@1 among all
baselines. The reason is that it always accepts the
drafted sequences from draft models, while over-
looking the refinement from the target model. Com-
pared with SpecReason and SpecSampling, Seman-
ticSpec consistently achieves higher pass@1 and
lower latency across all datasets on both QwQ-
32 and DeepSeekR1-32B. Compared with token-
level speculative decoding (i.e., SpecSampling),
all other sequence-level speculative decoding ap-
proaches often achieve lower latency, particularly
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Figure 3: Comparison of pass@ 1 and latency across different speculative inference schemes and model pairs. Each
point represents a decoding approach. The top row shows results for the target model DeepSeekR1-32B, and the

bottom row for QwQ-32B.

AMC23 AIME24 Math-500 GPQA-D
Method Pass@l TPS [Latency Ratio Pass@l TPS Latency Ratio Pass@l TPS Latency Ratio Pass@l TPS Latency Ratio
Draft: DeepSeekR1-1.5B  Target: DeepSeekR1-32B
Random 0.775 11590  49.98 0.27 0.470 80.94 12461 0.28 0.840 10920  31.92 0.20 0308  65.68 88.91 0.31
Last-hidden  0.865 134.31  53.69 0.17 0.400 129.65 82.03 0.14 0.874  145.56  32.57 0.23 0.557  84.61 69.60 0.21
Ours 0.892 12055 4929 015 0.553 11627  86.75 0.12 0910 11733 3547 0.14 0.573 85.28  66.28 0.22
Draft: DeepSeekR1-1.5B  Target: QwQ-32B
Random 0.758 5412 13336 031 0.460 53.63  202.87 0.29 0.814 58.11 80.90 0.28 0.286  52.04 9149 0.21
Last-hidden  0.825 146.09  51.87 0.31 0.466  139.84  81.24 0.29 0.892 14479  36.32 0.32 0.525  49.68 156.00 0.33
Ours 0.892 85.03 75.42 0.23 0.610 86.88  119.06  0.21 0.922 97.00 43.53 0.19 0552  73.36  98.68 0.21

Table 1: Performance comparison of predictors across four reasoning benchmarks (AMC23, AIME24, Math-500,
GPQA-D) in terms of the studied metrics. Each cell reports accuracy (Pass@1), average generation speed (TPS =
Output Tokens / Latency), and inference time (Latency) and we also record the proportion of tokens that were

generated by the target model (Ratio).

SemanticSpec. For instance, SemanticSpec out-
performs SpecSampling by 17.3% and 7.3% in
terms of pass@ 1, meanwhile reducing substantial
inference time by 40.2% and 45.3% on average
on DeepSeekR1-32B and QwQ-32B, respectively.
However, SemanticSpec further boosts throughput
by 1.67X on the DeepSeekR1-32B and 2.66X on
the QwQ-32B compared to SpecSampling. More
details can be found in Table 4 in the Appendix.

5.2 Comparison with Original Target and
Draft Models.

Compared with the target model, SemanticSpec
achieves an average speedup of 2.7x and 2.1x on
DeepSeekR1-32B and QwQ-32B, respectively,
while maintaining comparable pass@1 perfor-
mance (an average of 4.9% and 3.9% pass@1
drops). Figure 3 illustrates the effectiveness and
efficiency of SemanticSpec compared with base-

line methods across four datasets and two target
models. SemanticSpec consistently accelerates in-
ference, achieving speedups ranging from 2.48x to
3.13x for DeepSeekR1-32B and 1.79x to 2.28x for
QwQ-32B. The higher speedup on DeepSeekR1-
32B is attributed to using DeepSeekR1-1.5B as
the draft model, which belongs to the same model
series as the target. Furthermore, SemanticSpec
achieves performance comparable to the target
models, with an average performance drop (i.e.,
pass@1) of 4.9% and 3.9% on DeepSeekR1-32B
and QwQ-32B, respectively, compared to the target
models. However, SemanticSpec achieves a range
of 2.83X and 2.72X higher TPS than targets models
on DeepSeekR1-32B and QwQ-32B, respectively.

Compared with the smaller draft model, our ap-
proach markedly improves accuracy while short-
ening reasoning length. Smaller drafts tend to
over-generate repetitive reasoning patterns when



Science = Math

Math = Science

AMC23 AIME24 Math-500 GPQA-D
Method Pass@l TPS Latency Pass@l TPS Latency Pass@l TPS Latency Pass@l TPS Latency
Within-domain  0.892  120.55  49.29 0.553 116.27  86.75 0910 117.33 3547 0.573 85.28  66.28
Cross-domain 0.875 12557  49.90 0.533  122.64 82.38 0911 13923  31.72 0552 70.09 82.14

Table 2: Results of using cross-domain semantic probability predictor. conducted with the DeepSeek-R1-1.5B —

DeepSeek-R1-32B.

they fail to reach a valid intermediate state, pro-
ducing long, semantically redundant traces that
seldom yield the correct answer. SemanticSpec
guides the draft to produce meaningfully distinct
steps aligned with the target model’s reasoning
distribution, thereby reducing repetition and en-
abling the verifier to accept more tokens per step.
This yields several-fold accuracy gains over the
draft-only baseline (e.g., +161.8% on AIME?24)
together with shorter reasoning paths.

5.3 Ablation Analysis.

To evaluate the effectiveness of our semantic prob-
ability predictor, we conduct an ablation study
by comparing it with two variants: (1) Random,
where the semantic probabilities for both the tar-
get and draft models are assigned random values
uniformly sampled from the range [0, 1], while
keeping all other components of SemanticSpec
unchanged; and (2) Last-hidden, where the pre-
dictor utilizes only the hidden states from the final
layer rather than aggregating representations from
all layers.

Table 1 presents the comparison results. Com-
pared to Random, our predictor achieves substan-
tial improvements across all evaluation metrics on
all models, demonstrating its effectiveness in accu-
rately routing inference between the target and draft
models. Compared with Last-hidden, our predictor
consistently yields higher Pass@1 scores across
all datasets and models—for example, improving
Pass@1 from 0.400 to 0.553 and from 0.466 to
0.610 on AIME?24 for DeepSeekR1-32B and QwQ-
32B, respectively. However, Last-hidden has the
highest throughput (although it use the target model
to generate more tokens), as it only accesses the
final layer’s hidden states, whereas our predictor
incurs additional computational overhead by ex-
tracting features from all layers. This observation
highlights a trade-off between effectiveness and
efficiency: incorporating multi-layer informa-
tion enhances predictive accuracy but reduces
throughput. Practitioners can therefore choose be-

tween the two designs based on their performance
requirements and latency constraints in practical
deployment scenarios.

5.4 Generalization of Semantic Probability
Predictor

To evaluate the generalization ability of the pro-
posed semantic probability predictor, we conduct
cross-domain prediction experiments between the
math and science domains. Specifically, we use
the predictor trained on science data (i.e., the sci-
ence subset of SimpleScaling-S1K) to predict the
probabilities for math tasks (AMC23, AIME24,
and Math-500), and the predictor trained on math
data to predict the probabilities for science tasks
(GPQA-D).

Table 2 reports the results for both within-
domain (predictor and tasks from the same do-
main) and cross-domain settings on DeepSeek-R1-
32B. Compared to within-domain prediction, cross-
domain performance shows a slight decrease on
AMC23 (from 0.892 to 0.875), AIME24 (from
0.553 to 0.533), and GPQA-D (from 0.573 to
0.552), while remaining comparable on Math-500
(from 0.910 to 0.911). These results suggest that
the semantic probability predictor based on in-
ternal states of models generalizes well across
domains.

6 Conclusion

This work introduces a semantic-aware specula-
tive decoding that advances beyond token-level
by capturing meaning rather than surface token
patterns. Through a novel semantic probability
estimation mechanism based on internal model rep-
resentations, SemanticSpec effectively identifies
semantically valid sequences during verification.
Our extensive experiments demonstrate that it sub-
stantially accelerates inference while preserving
semantic fidelity, and achieves up to 2.7x speedup
over standard decoding. These results highlight the
potential of semantic-aware speculative decoding
as a new direction for efficient LLM inference.



7 Limitations

In this paper, we evaluated our semantic-level spec-
ulative decoding on two pairs of open source mod-
els, and four widely used benchmarks. Our findings
might be not generalized to other models, we en-
courage future research to measure the effective of
our approach on more models.
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A Appendix
A.1 TImpact of drafted sequence length

Target Model = DeepSeekR1-32B
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Figure 4: Performance comparison under different size
of drafted sequence (y = 1, 2, 3).

To further investigate the impact of drafted se-
quence length (i.e., impact of hyper-parameter
7), we evaluate the performance of our semantic-
level speculative decoding under different values
(v € 1,2,3) across all datasets. As observed in
Figure 4, as the length of the drafted sequence in-
creases, both the effectiveness and efficiency of our
semantic-level speculative decoding consistently
decreases across all datasets, which suggests to use
small «y in practice. This is reasonable, since we use
‘An\n’ to split sequences, a large ~y usually results
in a long sequence which probably expresses vari-
ous semantic meanings, which reduce the accepted
rate of the drafted sequences.

A.2 Impact of sequence splitting strategy

In default setting, we use “\n\n’ as the split to
separate sequence, which probably lead to rela-
tively coarse-granularity. To investigate the impact
of smaller granularity, we also investigate to use
sentence-ending punctuation (such as .?!) as the
split. As shown in Figure5, increasing the gran-
ularity consistently improves pass@1 across all
datasets slightly, while TPS decreases significantly.
Finer-grained split triggers more frequent valida-
tions, resulting in a more constrained generation
process.

A.3 Generalization to other platforms

To demonstrate the generalization ability of our
method, we also applied it within the Hugging Face
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Figure 5: The impact of different splitting strategies
ours vs. sentence-ending punctuation.

framework. Table 3 shows that our method reduces
output length while maintaining performance com-
petitive with the target model, indicating that it can
be applied across a variety of frameworks as long
as the hidden states are accessible.

AIME24
TPS Latency Pass@1

Math-500
TPS Latency

Method Pass@1

Draft Model 0211 21.99 519.35 0.738 4049 12773
Target Model ~ 0.550 11.86 735.75 0945 11.09 333.01
Ours 0.520 1480 653.05 0935 20.51 243.92

Table 3: The performance across two reasoning bench-
marks (AIME24, Math-500). Each cell reports accu-
racy (Pass@1), updated throughput (TPS / Latency on
Hugging Face.), and inference time (Latency).

A.4 Detailed results of the studied speculative
decoding methods

Table 4 presents the detailed performance of the
studied speculative decoding approaches in terms
of Pass@1, TPS, and Latency.



AMC23 AIME24 Math-500 GPQA-D

Method Pass@1 TPS Latency Pass@1l TPS Latency Pass@1l TPS Latency Pass@1 TPS Latency

Draft: DeepseekR1-1.5B  Target: DeepseekR1-32B
Draft Model 0.658 37830 19.59 0.233 380.67 29.45 0.8142 380.51 12.70 0.338 371.93 21.30
Target Model 0.925 34.78 15434 0.621 41.03 214.76 0.928 39.21 8991 0.593 40.65 170.87
SpecReason 0.775 12592 4998 0470 8095 124.61 0.840 149.19 3192 0.281 52.79 159.33
SpecThinking 0.650 284.59 24.99 0.241 272.79 37.09 0.823 284.34 1594 0.315 250.31 44.88
SpecSampling 0.842  65.73 9140 0443 5329 19145 0.880 68.58 59.32 0424 73.00 82.78
Ours 0.892 120.58 49.29 0.553 116.32 86.75 0910 117.36 3547 0.5725 85.30 66.28

Draft: DeepseekR1-1.5B  Target: QwQ-32B
Draft Model 0.658 37830 19.59 0.233 380.67 29.45 0.8142 380.51 12.70 0.338 371.93 21.30
Target Model 0.925  40.62 165.02 0.63 40.62 250.75 0.935 40.71 99.04 0.5959 39.73 176.25
SpecReason 0.857 64.52 98.59 0.610 4596 20570 0.770 76.02 53.66 0310 68.83 109.64
SpecThinking 0.614 309.55 30.20 0.204 285.20 45.87 0.710 312.77 2799 0310 250.31 44.88
SpecSampling 0.825  58.53 120.39 0.540 34.25 316.19 0.895 52.61 90.33 0.5250 37.59 194.01
Ours 0.892 85.00 7542 0.610 86.79 119.06 0.9217 96.95 43.53 0.552 73.32 98.68

Table 4: Performance comparison of different methods across Math-500, AMC23, AIME24, and GPQA-D. The
the cells achieving the best result among ours and baselines are marked as bold.

12



Question

Flora the frog starts at 0 on the number line and makes a sequence of jumps to the right. In any one
jump, independent of previous jumps, Flora leaps a positive integer distance m with probability 2%
What is the probability that Flora will eventually land at 10?7 Write the answer as a simplified fraction
%, find m + n.

Alright, so I need to find the probability that Flora the frog will eventually land on 10 starting from
0. She can jump any positive integer distance m with probability 2Lm each time, and each jump is
independent.

First, note that once she jumps past 10, she can never return, since all jumps are to the right. Thus,
the only way Flora can ever land on 10 is if the sum of her jumps equals exactly 10 at some point.
Let P(n) be the probability that starting from position n, the frog will eventually reach 10. We have:

1
m=1
with P(10) = 1 and P(n) = 0 for n > 10.
We can recursively compute backward:
PO =1 P®)=1%, ..., P1) =1
2 29 ) 2

Then,

er—l

=1
)= 2 gmE

m=

' 1
=32 7
m=1

sy

The finite geometric series gives:

1 1/20-(1/2)% 511
Z_m_ 1-1/2 512

Hence,

1 511 511
P = = _——,
0)=35>%512 = Tom
511

Therefore, the probability that Flora will eventually land on 10 is 124> S0 m = 511, n = 1024, and
m +n = 1535.
</think>

Final Answer:

011
1024 |

Speculative Sampling(9162 tokens, 102s)

Okay, so I have this problem where Flora the frog starts at 0 on the number line and jumps to the right.
Each jump she makes is a positive integer distance m, and the probability of jumping zim I need to
find the probability that she will eventually land on 10. The answer should be written as a simplified
fraction %, and then I need to find m + n.

Hmm(Okay), let me think about how to approach (solve) this. It seems like a probability problem
involving (about) jumps on a number line. Since each jump is independent(uncorrelated), the

|m+n = 1535].
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probability of reaching 10 depends(relies) on the probabilities of all possible sequences of jumps that
sum (total) up to 10. So(Thus), maybe(I) I can model (take)this as a recursive probability problem.
Let me denote P(k) as the probability that Flora will eventually (land) land on position k. So, (Thus)
I need (should) to find P(10).

Since (Because) Flora can (could) jump any positive integer distance m with probability 2%,1, the
probability of landing on position k£ can (could) be thought of as the sum of the probabilities of
all(whole) possible ways to reach (find) k£ in one jump from some (any) position j, where j is less
than k.

Wait(Hold), actually(that’s), that’s(likely) more like the probability of reaching & for the first time. But
(However) the problem(question) says "eventually land at 10," which might (include) include(have)
landing on 10 multiple times. But (Wait) I think (can) in this context, it’s just about whether(if) she
ever lands on 10, not (but) necessarily the first time. So, perhaps(maybe) it’s the probability that (she)
she reaches 10 in some finite number of jumps.

[...] Therefore, starting from 0, P(0) = % Therefore, the probability is %, som=1,n=2,and
m+n=3.

I think this is correct. Each position before 10 has a 50

**Final Answer** The probability is .

SemanticSpec (6092 tokens, 64s)

Okay, so I have this problem about Flora the frog who starts at 0 on the number line and makes jumps
only to the right. Each jump she makes is a positive integer distance m with probability 1/(2™). I
need to find the probability that she will eventually land exactly on 10. Hmm, that sounds like it
involves some probability theory and maybe recursion or generating functions.

[...] But notice that the inner sum is Y 5, P(k) 2% 2™ ~*. Wait, because for each k, it’s multiplied by
x™ and 2% so perhaps we can factor 2™ as "% - z¥. Hmm, maybe not.

Wait, perhaps we can swap the order of summation on the right-hand side. Let’s try: [...] Wait,
but let me think again. If the frog can jump any positive integer distance, then the probability of
eventually reaching 10 is 1/2? That seems high, but given that the frog can potentially jump any
distance, the probability might be higher. Wait, let’s think about the recurrence relation. For n > 1,
P(n) = Z;j]  P(n—m) - 2},,. So, if we assume that P(k) = % forall K > 1, then: [...] Insucha
case, the probability of reaching state 10 is the same for all states n >=1, due to the symmetry in the
jump probabilities. Wait, is that true?" In such a chain, since all jumps are to the right, and the frog
can potentially jump over 10 in a single jump, the question is whether the frog will ever land exactly
on 10. [...] Wait, but that seems a bit counterintuitive because, in reality, the frog has to make a finite
number of jumps to reach 10, but the probability of making such jumps is decreasing exponentially.
Alternatively, another way to think about it is that for each position n > 1, the probability of ever

reaching n is 1/2. That seems to be the case here because of the generating function.

So, perhaps the answer is 1/2 for P(10). Soom=1,n =2, m+n = 3.

</think>

Flora the frog starts at 0 on the number line and makes jumps to the right. Each jump distance m has
a probability of 2% We need to find the probability that Flora will eventually land on 10.

We denote P(n) as the probability that Flora will eventually land on position n. We need to find
P(10).

The recurrence relation for P(n) is:

with the base case P(0) = 1.




We derived the generating function G(z) for the sequence P(n) and found that:

2—=x

M)

Expanding G(x) as a power series, we found that:

G(x)zl—i-%x—i-%ﬁ—i-%x?’—i----
This expansion shows that for all n > 1, the coefficient of z" is % Therefore, the probability P(n)
foranyn > 1is %
Thus, the probability that Flora will eventually land on 10 is % The fraction % is already in its simplest
form, so m = 1 and n = 2. Therefore, m +n=1+2 = 3.
The final answer is: .

An example from the AMC23 dataset showing how SemanticSpec, speculative sampling, and speculative
thinking produce different responses to the same input. In speculative sampling, the red word denotes
the token replaced by its left neighbor. In contrast, SemanticSpec replaces entire sentences (red part) with
the target model’s output (green part) when the model judges them to be untruthful. From the example,
we can see that speculative sampling is very restricted. However, SemanticSpec implicitly identifies
abnormal sequences and replaces them more appropriately.
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