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Abstract

Chain-of-Thought reasoning significantly im-
proves the performance of large language mod-
els on complex tasks, but incurs high inference
latency due to long generation traces. Step-
level speculative reasoning aims to mitigate
this cost, yet existing approaches face a long-
standing trade-off among accuracy, inference
speed, and resource efficiency. We propose
ConfSpec, a confidence-gated cascaded verifi-
cation framework that resolves this trade-off.
Our key insight is an asymmetry between gen-
eration and verification: while generating a cor-
rect reasoning step requires substantial model
capacity, step-level verification is a constrained
discriminative task for which small draft mod-
els are well-calibrated within their competence
range, enabling high-confidence draft decisions
to be accepted directly while selectively esca-
lating uncertain cases to the large target model.
Evaluation across diverse workloads shows that
ConfSpec achieves up to 2.24× end-to-end
speedups while matching target-model accu-
racy. Our method requires no external judge
models and is orthogonal to token-level specu-
lative decoding, enabling further multiplicative
acceleration.

1 Introduction

Large language models (LLMs) (DeepSeek-AI
et al., 2025b; OpenAI et al., 2024) have demon-
strated remarkable reasoning capabilities by explic-
itly generating chains of thought (CoT) (Wei et al.,
2022), enabling strong performance on complex
tasks such as mathematical problem solving, sci-
entific question answering, and program synthesis.
By decomposing a problem into a sequence of in-
termediate reasoning steps, CoT allows models to
perform multi-step inference that would otherwise
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be infeasible with direct answer generation. How-
ever, this expressive reasoning ability comes at a
substantial computational cost. Modern reasoning-
oriented models often produce thousands of tokens
per example, making inference latency and serving
cost a critical bottleneck for large-scale deploy-
ment (Pan et al., 2025; Fu et al., 2025).

Speculative decoding (Leviathan et al., 2023)
mitigates this overhead by allowing a lightweight
draft model to propose candidate tokens that are
verified by a larger target model. While effec-
tive at the token level, this paradigm overlooks
a key structural property of CoT reasoning: rea-
soning progresses through semantically coherent
steps rather than isolated tokens. Token-level ver-
ification enforces strict surface-form equivalence,
causing semantically valid but lexically different
continuations to be frequently rejected, and leaving
substantial efficiency gains untapped.

Motivated by this observation, recent work ex-
plores step-level speculative reasoning, where en-
tire reasoning steps are proposed and verified at
once. However, existing approaches face a funda-
mental limitation that goes beyond a simple speed–
accuracy trade-off. Scoring-based methods (Pan
et al., 2025; Liao et al., 2025; Shi et al., 2025) rely
on lightweight heuristics that implicitly assume op-
timism in draft generation, often accepting fluent
but logically incorrect steps. Lookahead-based ap-
proaches (Fu et al., 2025) rely on brute-force verifi-
cation by invoking additional judge models, effec-
tively stacking model capacity rather than exploit-
ing structural asymmetries. Embedding-based veri-
fication (Fu et al., 2025) reduces overhead but col-
lapses rich logical structure into low-dimensional
similarity, leading to brittle semantic judgments.
As a result, current methods exhibit a persistent ten-
sion among accuracy, inference speed, and resource
efficiency, as summarized in Table 1. Underlying
this tension is a deeper paradigm gap: scoring-
based methods evaluate draft plausibility in isola-
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Table 1: Comparison of speculative reasoning ap-
proaches under the accuracy–speed–resource trade-off.

Method Accu. Speed Res. Effi.

Scoring-Based ✗ ✓ ✓
Lookahead-Based ✓ ✓ ✗
Embedding-Based ✗ ✓ ✓

ConfSpec (Ours) ✓ ✓ ✓

tion (feval(ŝ)), whereas lookahead and embedding
methods attempt equivalence verification against
the target model’s output (feval(ŝ, s))—yet none ex-
ploit the structural properties that make equivalence
verification fundamentally easier than generation.

Across these methods, step-level verification is
implicitly treated as uniformly hard, an assumption
that leads to either unnecessary computation or ir-
reversible accuracy loss. In this work, we argue
that the true bottleneck of step-level speculative
reasoning lies not in step generation, but in overly
conservative verification, which forces expensive
model verification even for routine reasoning steps.
This bottleneck stems from a fundamental asym-
metry: while generating a correct reasoning step
often requires substantial model capacity, verify-
ing whether two candidate steps are semantically
equivalent is typically easier (Zhou et al., 2025)
and highly uneven in difficulty (Ding et al., 2024).
Many verification instances involve routine arith-
metic or local logical transformations, while only a
small fraction require deep semantic scrutiny.

Crucially, and contrary to the common belief
that small language models are poorly calibrated
or prone to overconfidence, we make a counter-
intuitive observation: for the specific task of step-
level verification, small models remain surprisingly
well-calibrated within their competence range (val-
idated in §4.1). When a draft model assigns high
confidence to a verification decision, that deci-
sion is usually correct. Low confidence, in con-
trast, reliably signals genuinely ambiguous or out-
of-distribution cases. This property suggests that
heavyweight target-model verification is unneces-
sary for the majority of reasoning steps and should
be reserved for difficult instances.

Based on these insights, we propose ConfSpec,
a confidence-gated cascaded verification frame-
work that fully exploits the structural advantages of
equivalence-based verification for step-level spec-
ulative reasoning. Instead of uniformly invoking
the target model for verification, ConfSpec intro-

duces a two-stage cascade. The draft model first
performs semantic equivalence verification and pro-
duces both a decision and a confidence score. High-
confidence decisions are accepted directly, while
low-confidence cases are escalated to the target
model for definitive verification. This confidence-
aware routing enables efficient use of model capac-
ity without sacrificing correctness.

We evaluate ConfSpec on mathematical reason-
ing, scientific QA, and code generation bench-
marks, which require long chains of interme-
diate reasoning and represent diverse reason-
ing paradigms, including AIME, AMC, MATH,
GPQA, and HumanEval (§5). Across tasks and
model families, ConfSpec achieves up to 2.24× in-
ference speedup while matching target-model accu-
racy. Our approach requires no external judge mod-
els and is fully compatible with token-level specu-
lative decoding, enabling multiplicative speedups.
These results demonstrate that verification-level
cascading provides a principled solution to the
long-standing speed–accuracy–resource trade-off
in step-level speculative reasoning.

2 Background

2.1 Reasoning with LLMs

LLMs perform complex reasoning through the gen-
eration of CoT. Given an input prompt x, a model
M produces a sequence of intermediate reasoning
steps S = {s1, s2, . . . , sn} before deriving the fi-
nal answer y. Each reasoning step si consists of
multiple tokens and represents a semantically co-
herent logical transformation.

In this work, we define a reasoning step as a con-
tiguous span of tokens delimited by a step bound-
ary token. Concretely, we adopt newline-separated
steps, where each step ends with newline token
“\n\n”. This convention aligns with the formatting
of long-CoT reasoning traces (Wei et al., 2022) in
modern reasoning-oriented LLMs and enables ex-
plicit step-level generation and verification. Both
draft and target models generate steps autoregres-
sively until a step boundary is reached.

Although reasoning traces are generated token
by token, their semantic structure is naturally or-
ganized at the step level. This mismatch between
the unit of generation and the unit of semantics mo-
tivates acceleration methods that operate beyond
individual tokens.
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2.2 Token-Level Speculative Decoding

Speculative decoding (Leviathan et al., 2023) ac-
celerates autoregressive generation through a draft-
then-verify paradigm. A lightweight draft model
MD first generates k candidate tokens, which are
then verified by a larger target model MT in a sin-
gle batched forward pass. Token acceptance is
determined via rejection sampling based on proba-
bility ratios, guaranteeing that the resulting output
distribution exactly matches that of MT .

While effective for general text generation, spec-
ulative decoding enforces strict token-wise equiva-
lence. In reasoning tasks, however, multiple token
sequences may express the same underlying logic.
Consequently, semantically valid draft continua-
tions are frequently rejected due to surface-form
discrepancies, limiting the achievable speedup (Pan
et al., 2025).

2.3 Step-Level Speculative Reasoning
Step-level speculative reasoning extends specula-
tive decoding by operating on entire reasoning
steps. By allowing verification based on seman-
tic equivalence rather than exact token matching,
step-level speculation better aligns with the struc-
ture of CoT reasoning.

This shift introduces a central challenge: step-
level verification. Formally, given a draft step
ŝi and a target step si, verification determines
whether the two steps are semantically equivalent.
We denote this decision by a verification function
V (ŝi, si) ∈ {accept, reject}.

Strict equality requires ŝi = si at the token
level, which is unnecessarily restrictive. In con-
trast, semantic equivalence captures the notion that
two steps induce similar downstream reasoning
behavior. One possible formalization is that ŝi
and si are equivalent if they induce similar condi-
tional distributions over future outputs, i.e., P (y |
x, s1, . . . , si−1, ŝi) ≈ P (y | x, s1, . . . , si−1, si).
Designing an efficient and reliable approximation
to this equivalence test remains the key challenge
in step-level speculative reasoning.

3 Related Work

3.1 Token-Level Speculative Decoding

Speculative decoding has been extensively stud-
ied as a general mechanism for accelerating au-
toregressive LLM inference. Existing approaches
differ in how draft tokens are generated and veri-
fied, including standalone draft models, auxiliary

decoding heads (e.g., Medusa, Hydra (Cai et al.,
2024; Ankner et al., 2024)), feature-aligned draft
models (e.g., EAGLE (Li et al., 2025b,a)), retrieval-
based methods (Saxena, 2023; Fu et al., 2024), and
tree-based parallel speculation (Miao et al., 2024).
Additional optimizations reuse the target model’s
KV cache to reduce redundant computation (Du
et al., 2024; Zimmer et al., 2025).

However, strict token-wise or distribution-level
matching causes semantically equivalent reasoning
trajectories to be rejected due to superficial dif-
ferences, motivating higher-level speculation units
that tolerate semantic variation.

3.2 Step-Level Speculative Reasoning
To address token-level rigidity, recent work ex-
plores speculative reasoning at the granularity of
reasoning steps. SpecReason (Pan et al., 2025) em-
ploys a lightweight speculator to propose an entire
step, which is scored by the target model in a sin-
gle prefill pass. While computationally efficient,
this approach often sacrifices accuracy by accept-
ing high-quality but semantically incorrect steps.
Similarly, SpecCoT (Shi et al., 2025) generates
multiple candidate steps via the draft model and
uses the target model to select the best one, while
RSD (Liao et al., 2025) employs a trained Process
Reward Model to score draft steps against a reward
threshold.

LookaheadReasoning (Fu et al., 2025) improves
verification fidelity by generating multiple fu-
ture steps and invoking an external LLM-as-a-
Judge (Zheng et al., 2023) to assess semantic equiv-
alence. However, this design incurs substantial
resource overhead—requiring deployment of an ad-
ditional inference engine for the judge model—and
introduces redundancy: the model already pos-
sesses strong verification capability through its
internal representations and output probabilities.
Embedding-based alternatives (Fu et al., 2025) em-
ploy lightweight embedding models for step align-
ment to reduce cost, yet compress rich logical struc-
ture into low-dimensional similarity metrics, lead-
ing to unreliable alignment for complex reasoning.

At the token level, EASD (Su et al., 2025) in-
troduces an entropy-based penalty to block error
propagation; as a token-level technique, it is orthog-
onal and complementary to step-level methods.

These approaches highlight a persistent trade-off
among accuracy, speed, and resource efficiency,
suggesting that the core challenge lies in how to
perform equivalence verification efficiently and ac-
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Figure 1: Confidence-based filtering improves verifica-
tion accuracy. (a) Restricting to high-confidence pre-
dictions (pD ≥ 0.9) substantially improves draft-model
accuracy, approaching target-model quality. (b) High-
confidence cases cover the majority of verification in-
stances (61–85%), enabling efficient cascading.

curately without auxiliary models.

3.3 Uncertainty and Self-Verification in LLMs

ConfSpec is closely related to work on uncer-
tainty estimation, calibration, and self-verification
in LLMs. Prior studies (Jiang et al., 2020; Kada-
vath et al., 2022) show that model output probabili-
ties encode meaningful uncertainty signals and that
LLMs can often identify when they are uncertain
or likely to be incorrect. Such confidence estimates
have been used for selective prediction, abstention,
self-consistency, and iterative self-correction.

Unlike prior work that relies on external judges
or additional training objectives, ConfSpec lever-
ages intrinsic confidence estimates from the draft
model to guide verification. This design aligns
with findings (Zhou et al., 2025; Jiang et al., 2020;
Saad-Falcon et al., 2025) that, for discriminative
tasks within a model’s competence range, confi-
dence scores can serve as reliable indicators of
correctness. By exploiting this property, ConfSpec
achieves intrinsic verification without introducing
additional models or supervision.

4 Methodology

We introduce ConfSpec, a confidence-gated cas-
caded verification framework for step-level spec-
ulative reasoning. The core idea is to exploit
an empirical asymmetry in verification difficulty:
most reasoning steps can be verified reliably by
lightweight draft model, while only a small fraction
require expensive target-model verification. We
first present a concise preliminary study motivating
confidence-based routing, then formally define the
ConfSpec framework, followed by an extension to
tree-structured drafting and an efficiency analysis.

4.1 Confidence-Guided Verification

Our design is motivated by a critical asymmetry in
step-level verification, which gives rise to a key em-
pirical finding: model confidence reliably signals
verification difficulty.
Verification Asymmetry and Heterogeneity. In
practice, step-level verification exhibits a strong
asymmetry relative to generation. Judging whether
two reasoning steps are semantically equivalent
reduces to a constrained discriminative decision,
whereas generating a valid step requires exploring
a substantially larger output space. Moreover, ver-
ification difficulty is highly heterogeneous: many
instances involve routine arithmetic or local logical
transformations, while only a small fraction require
deeper semantic reasoning. Together, these proper-
ties suggest that a lightweight model can handle a
large fraction of verification cases reliably.
Confidence as a Reliability Signal. Crucially, we
observe that for step-level verification, the draft
model’s confidence strongly correlates with cor-
rectness. Let pD denote the probability assigned to
the predicted verification decision and let γ ∈ [0, 1]
represent the confidence threshold. Our empirical
analysis shows that high-confidence predictions
(pD ≥ γ) are overwhelmingly correct, while low-
confidence cases correspond to genuinely ambigu-
ous or out-of-distribution instances.

We evaluate two model families on the
MATH500 benchmark (Hendrycks et al., 2021):
DeepSeek-R1-Distill (1.5B draft, 32B target) and
Qwen3 (1.7B draft, 32B target), using target model
decisions as ground truth to compare draft verifi-
cation accuracy (Overall) versus high-confidence
instances only (Hi-Conf, pD ≥ 0.9). As shown
in Figure 1(a), filtering by confidence substantially
improves accuracy: DeepSeek-1.5B improves from
56% to 81% (+25%), while Qwen3-1.7B improves
from 71% to 87% (+16%). Importantly, Figure 1(b)
shows that high-confidence predictions cover 61%
and 85% of all verification instances, respectively.
This indicates that the majority of steps can be ver-
ified reliably by the draft model alone, while only
a small fraction requires escalation. These findings
motivate confidence-gated cascaded verification:
accept draft decisions when confident, and defer to
the target model otherwise.

4.2 The ConfSpec Framework

We now formally describe ConfSpec. Algorithm 1
provides the full procedure.
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Algorithm 1 Cascaded Speculative Verification
Require: Input x, draft model MD, target model MT ,

draft steps k, confidence threshold γ
Ensure: Reasoning trace S

1: S ← ∅, context← x
2: while not terminated do
3: # Stage 1: Step-Level Drafting
4: {ŝ1, . . . , ŝk} ←MD.generate(context, k)
5: # Stage 2: Dual-Tier Cascaded Verification
6: for j = 1 to k in parallel do
7: sj ←MT .generate(context⊕ ŝj)
8: end for
9: m← 0

10: for j = 1 to k do
11: rD, pD ←MD.verify(ŝj , sj)
12: V ← rD if pD ≥ γ else MT .verify(ŝj , sj)
13: m← m+ 1 if V = accept else break
14: end for
15: # Stage 3: Context Management and Fallback
16: if m > 0 then
17: S ← S ∪ {ŝ1, . . . , ŝm}
18: context← context⊕ ŝ1 ⊕ · · · ⊕ ŝm
19: else
20: s←MT .generate(context)
21: S ← S ∪ {s}, context← context⊕ s
22: end if
23: end while
24: return S

Notation. Let MD denote a lightweight draft
model and MT a high-capacity target model. Given
an input x, reasoning proceeds as a sequence of
steps S = {s1, . . . , sn}, where each step is a con-
tiguous token span terminated by “\n\n”. At step i,
the draft model proposes candidate steps ŝi, which
are verified against the target model’s continuation.

Stage 1: Step-Level Drafting. At each iteration,
the draft model autoregressively generates k can-
didate reasoning steps conditioned on the current
context (Algorithm 1, line 4):

ŝi, . . . , ŝi+k−1 ∼ PMD
(· | x, s1, . . . , si−1). (1)

Each draft step is generated until a delimiter is pro-
duced, which explicitly defines the step boundary.

Stage 2: Dual-Tier Cascaded Verification. For
each draft step ŝj , the target model generates a cor-
responding step sj in parallel (Algorithm 1, lines
6–8). Verification is then performed using a two-
tier cascade.

(1) Draft Verification. The draft model MD acts as
a binary verifier, taking as input the context, the
draft step ŝj , and the target step sj . It outputs a
decision (line 11)

rD ∈ {accept, reject}, (2)

along with a confidence score

pD = pMD
(rD | x, s<i, ŝj , sj). (3)

In practice, rD is represented by a single verifi-
cation token (e.g., “Yes” or “No”), and pD is its
softmax probability computed directly from the
raw logits. This single-token design ensures that
pD is intrinsically independent of decoding hyper-
parameters such as temperature, top-k, and top-p,
which are applied only downstream during token
sampling.
(2) Cascaded Decision Rule. We define the cas-
caded verification function as

Vcascade(ŝj , sj) =

{
rD, if pD ≥ γ,

rT , otherwise,
(4)

where rT is the target model’s verification decision
and γ ∈ [0, 1] is a confidence threshold. This cas-
cading mechanism preserves target-model accuracy
while substantially reducing computational cost
(§5). High-confidence draft decisions are accepted
directly, while low-confidence cases are escalated
to the target model.

As shown in Algorithm 1 (lines 12–13), verifi-
cation proceeds sequentially over the drafted steps
until a rejection occurs.
Stage 3: Context Management and Fallback.
If the first m draft steps are accepted, they are
appended to the reasoning context (lines 16–18).
Upon the first rejection, the target model regener-
ates the next step from the current context (lines
19–21), ensuring correctness is preserved. This fall-
back mechanism guarantees that the final reasoning
trace matches the target model’s distribution up to
verification errors.

4.3 Extension: Tree-Structured Drafting

ConfSpec naturally extends to tree-structured spec-
ulative reasoning. Instead of generating a single
linear sequence, the draft model proposes multiple
candidate steps at each layer. Cascaded verifica-
tion is applied independently to all candidates in
parallel.

When multiple candidates pass verification, we
select the step with the highest confidence score:

ŝ∗ = argmax
ŝ∈C

p(ŝ), (5)

where p(ŝ) denotes the verification confidence
(from MD or MT depending on cascading). Be-
yond verification, this confidence score also serves
as a principled criterion for path selection, favoring
more reliable reasoning branches.
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4.4 Efficiency Analysis
We analyze the efficiency gains of ConfSpec. Let
cvD and cvT denote the cost of draft and target
verification (cvD ≪ cvT ), and let α ∈ [0, 1] be the
cascade rate. The expected verification cost per
step is O(cvD + α · cvT ), approaching draft-only
cost when α is small. The threshold γ controls
this trade-off: higher γ improves reliability but
increases α.

Beyond per-step savings, accurate verification
sustains high acceptance rates. Erroneous accep-
tance of low-quality steps corrupts the reasoning
trajectory; while the target model may recover
through reflection, the draft model typically can-
not—causing repeated rejections as subsequent
drafts diverge from the corrupted context, ulti-
mately degrading speedup. By maintaining ver-
ification accuracy, ConfSpec preserves coherent
trajectories and high acceptance rates throughout.

Importantly, verification-level cascading is or-
thogonal to token-level speculative decoding, en-
abling multiplicative acceleration when combined.

5 Experiments

5.1 Experimental Setup
Models. We evaluate ConfSpec on two widely used
open-source model families with long-CoT reason-
ing capabilities: DeepSeek-R1-Distill (DeepSeek-
AI et al., 2025a) and Qwen3 (Yang et al., 2025).
For both families, we fix the target model to the
32B variant and use a substantially smaller draft
model (1.5B for DeepSeek-R1-Distill and 1.7B for
Qwen3). This setting reflects a realistic deploy-
ment scenario where a lightweight model assists a
high-capacity reasoning model, while keeping the
target model identical across all methods.
Datasets. We consider five benchmarks span-
ning mathematical reasoning, scientific ques-
tion answering, and code generation. Specif-
ically, we evaluate on AIME24 (Zhang and
Math-AI, 2024), AMC23 (AMC12, 2025), and
MATH500 (Hendrycks et al., 2021) for mathe-
matical reasoning; GPQA Diamond (Rein et al.,
2023) for graduate-level scientific QA; and Hu-
manEval (Chen et al., 2021) for code generation.
These datasets require long intermediate reason-
ing chains and cover diverse paradigms, enabling
assessment of domain generalization.
Generation Parameters. Unless otherwise spec-
ified, all methods use the official recommended
configurations of their respective model families.

We fix the maximum token budget to 32K for
DeepSeek-R1-Distill and 37K for Qwen3 to ensure
complete reasoning traces. For step-level specu-
lative methods, we set the speculation depth to 5
steps per iteration for ConfSpec, while baselines
follow their original settings. All generation param-
eters are kept identical across methods to ensure
fair comparison.
Baselines. We compare against vanilla target-
model inference as the primary accuracy and
speedup baseline. In addition, we evaluate five rep-
resentative step-level speculative reasoning meth-
ods: (i) SpecReason, which performs scoring-
based verification (evaluated at score thresholds
s ∈ {7, 9}); (ii) RSD, which uses a trained Pro-
cess Reward Model (PRM) to score draft steps and
accepts those above a reward threshold (δ = 0.7);
(iii) SpecCoT, which generates multiple candidate
steps in parallel for target-model optimal selec-
tion; (iv) LookaheadReasoning, which relies on
an external LLM-as-a-Judge for semantic equiva-
lence verification; and (v) Embedding Alignment,
which verifies steps via embedding-based semantic
similarity (evaluated at thresholds α ∈ {0.8, 0.9}).
To demonstrate orthogonality with token-level spec-
ulative decoding, we also report results for Conf-
Spec + speculative decoding (SD), which combines
our method with n-gram-based token-level specula-
tion (prompt lookup decoding Saxena, 2023) in the
main experiments, with additional methods such
as EAGLE-3 (Li et al., 2025a) discussed in Ap-
pendix A. All baselines are evaluated under the
same token budgets and hardware constraints.
Evaluation. All experiments are conducted on
NVIDIA H200 GPUs. The target model is de-
ployed using tensor parallelism across two GPUs,
while the draft model runs on a single GPU. Im-
portantly, ConfSpec does not require additional
hardware resources beyond those used by the target
and draft models. Our implementation builds on
vLLM 0.10.1 (Kwon et al., 2023), and all methods
are evaluated within the same serving framework.
Following prior work (Pan et al., 2025; Fu et al.,
2025), we report pass@1 accuracy (averaged over
16 samples per problem at temperature 0.6), along
with relative inference speedup normalized to the
target-model baseline.

5.2 Main Results
Pareto Frontier of Accuracy and Speed. The
core challenge in speculative reasoning is not a
smooth accuracy–latency trade-off, but the risk of
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Table 2: Main Results: Performance comparison. We report Pass@1 Accuracy (%) and End-to-End Speedup (×).
The target model baseline represents the upper bound for accuracy and the baseline (1.00×) for speed.

Method Dataset (Acc. ↑ / Speedup ↑)
AIME24 AMC23 MATH500 GPQA HumanEval Mean

Draft: Deepseek-R1-Distill 1.5B / Target: Deepseek-R1-Distill 32B

Target Model 68.54 / 1.00× 94.22 / 1.00× 92.43 / 1.00× 61.71 / 1.00× 93.12 / 1.00× 81.99 / 1.00×
SpecReason (s = 7) 38.33 / 1.54× 80.78 / 2.06× 78.23 / 1.89× 51.09 / 1.41× 75.61 / 1.72× 64.81 / 1.72×
SpecReason (s = 9) 60.21 / 0.82× 88.91 / 1.06× 84.61 / 1.13× 58.59 / 0.76× 90.17 / 1.05× 76.50 / 0.96×
RSD (δ = 0.7) 48.33 / 1.17× 78.91 / 1.29× 76.99 / 1.34× 49.27 / 1.06× 83.05 / 1.23× 67.31 / 1.22×
SpecCoT 46.46 / 1.21× 82.97 / 1.28× 81.14 / 1.31× 53.95 / 1.09× 82.44 / 1.30× 69.39 / 1.24×
Embedding (α = 0.8) 61.67 / 1.41× 92.97 / 1.52× 90.88 / 1.50× 56.63 / 1.23× 88.99 / 1.31× 78.23 / 1.39×
Embedding (α = 0.9) 68.54 / 1.27× 93.75 / 1.28× 92.13 / 1.27× 61.02 / 1.09× 89.63 / 1.27× 81.01 / 1.24×
LookaheadReasoning 67.29 / 1.38× 94.06 / 1.51× 92.41 / 1.48× 60.84 / 1.21× 91.63 / 1.36× 81.25 / 1.39×
ConfSpec 68.75 / 1.73× 94.53 / 1.76× 92.35 / 1.83× 60.57 / 1.54× 91.33 / 1.53× 81.51 / 1.68×
SD (Lossless) ≡ / 1.48× ≡ / 1.46× ≡ / 1.43× ≡ / 1.52× ≡ / 1.37× ≡ / 1.45×
ConfSpec + SD ≡∗ / 2.12× ≡∗ / 2.03× ≡∗ / 2.24× ≡∗ / 2.01× ≡∗ / 1.81× ≡∗ / 2.04×

Draft: Qwen3 1.7B / Target: Qwen3 32B

Target Model 80.21 / 1.00× 97.34 / 1.00× 92.54 / 1.00× 67.83 / 1.00× 93.68 / 1.00× 86.32 / 1.00×
SpecReason (s = 7) 40.21 / 1.29× 83.13 / 1.53× 82.40 / 1.54× 54.24 / 1.06× 79.87 / 1.37× 67.97 / 1.36×
SpecReason (s = 9) 69.38 / 1.08× 91.41 / 1.11× 87.29 / 1.33× 63.18 / 0.77× 91.15 / 1.15× 80.48 / 1.09×
RSD (δ = 0.7) 49.17 / 1.17× 84.84 / 1.10× 81.90 / 1.22× 53.19 / 1.07× 82.15 / 1.11× 70.25 / 1.13×
SpecCoT 52.29 / 1.14× 84.06 / 1.08× 84.10 / 1.29× 56.28 / 1.02× 84.68 / 1.14× 72.28 / 1.13×
Embedding (α = 0.8) 70.42 / 1.23× 95.16 / 1.24× 91.67 / 1.30× 66.23 / 1.13× 91.06 / 1.15× 82.91 / 1.21×
Embedding (α = 0.9) 74.17 / 1.10× 95.83 / 1.14× 91.72 / 1.17× 66.41 / 1.03× 92.07 / 1.06× 84.04 / 1.10×
LookaheadReasoning 79.58 / 1.19× 96.41 / 1.24× 92.40 / 1.28× 67.17 / 1.10× 92.73 / 1.17× 85.66 / 1.20×
ConfSpec 79.79 / 1.27× 96.41 / 1.35× 92.82 / 1.42× 67.53 / 1.18× 94.35 / 1.27× 86.18 / 1.30×
SD (Lossless) ≡ / 1.39× ≡ / 1.36× ≡ / 1.34× ≡ / 1.39× ≡ / 1.39× ≡ / 1.37×
ConfSpec + SD ≡∗ / 1.62× ≡∗ / 1.73× ≡∗ / 1.79× ≡∗ / 1.54× ≡∗ / 1.58× ≡∗ / 1.65×

Note: ‘≡’ denotes lossless accuracy matching the target model. ‘≡∗’ denotes accuracy matching the base method.

sharp and irreversible accuracy collapse under ag-
gressive verification shortcuts. Table 2 summarizes
the resulting accuracy and speed characteristics.

• SpecReason: Aggressive thresholds yield
substantial speedups (e.g., 1.72× with s = 7),
but cause severe accuracy degradation on com-
plex tasks (e.g., from 68.46% to 38.33% on
AIME24). RSD and SpecCoT exhibit similar
accuracy collapse. This failure stems from
utility-based scoring that favors fluent yet se-
mantically incorrect reasoning paths, which
irreversibly misguides subsequent generation.

• Embedding: Despite avoiding additional in-
ference engines, embedding-based verifica-
tion struggles to capture semantic equivalence
beyond lexical similarity. Consequently, logi-
cally consistent but paraphrased steps are fre-
quently misclassified, leading to a reduced ac-
curacy of 78.23% at α = 0.8 despite a modest
1.39× speedup.

• LookaheadReasoning: This method pre-
serves accuracy most effectively among base-

lines, closely matching the target model. How-
ever, its dependence on an external LLM-as-a-
Judge incurs substantial computational redun-
dancy, limiting its practical efficiency gains.

• ConfSpec (Ours): ConfSpec achieves a su-
perior Pareto frontier, matching the target
model’s accuracy distribution while deliver-
ing significant acceleration. It attains aver-
age speedups of 1.68× and 1.30× on the
DeepSeek and Qwen families, respectively.
This indicates that our confidence-gated cas-
cade effectively identifies "easy" steps that
the draft model can handle reliably, while cor-
rectly routing "complex" reasoning steps to
the target model for rigorous verification.

Orthogonality with Token-Level Speculation.
Table 2 demonstrates that combining ConfSpec
with speculative decoding (SD) yields multiplica-
tive speedup gains. On DeepSeek-R1-Distill, Conf-
Spec + SD achieves 2.04× mean speedup while
preserving base method accuracy, compared to
1.45× for standalone SD. On Qwen3, the combina-
tion achieves 1.65× speedup versus 1.37× for SD
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Table 3: Ablation study on verification strategies. We compare static strategies (Draft/Target Only) with ConfSpec
under different confidence thresholds γ. Cell format: Accuracy / Speedup.

Method Dataset (Acc. ↑ / Speedup ↑)
AIME24 AMC23 MATH500 GPQA HumanEval Mean

Target Model 68.46 / 1.00× 94.22 / 1.00× 92.43 / 1.00× 61.71 / 1.00× 93.12 / 1.00× 82.03 / 1.00×
Draft Verification 35.89 / 2.34× 73.91 / 2.18× 81.92 / 2.19× 43.03 / 2.15× 69.68 / 2.00× 60.89 / 2.17×
ConfSpec (γ = 0.8) 49.38 / 1.94× 82.97 / 1.86× 90.60 / 1.96× 56.05 / 1.68× 84.14 / 1.70× 72.63 / 1.83×
ConfSpec (γ = 0.9) 68.75 / 1.73× 94.53 / 1.76× 92.35 / 1.83× 60.57 / 1.54× 91.33 / 1.53× 81.51 / 1.68×
ConfSpec (γ = 0.95) 68.46 / 1.54× 94.69 / 1.72× 92.35 / 1.72× 61.36 / 1.36× 91.42 / 1.46× 81.66 / 1.56×
Target Verification 68.75 / 1.42× 94.84 / 1.48× 92.43 / 1.59× 61.47 / 1.27× 91.39 / 1.35× 81.78 / 1.42×

Table 4: Ablation study on tree width W . Cell format: Accuracy / Speedup.

Method Dataset (Acc. ↑ / Speedup ↑)
AIME24 AMC23 MATH500 GPQA HumanEval Mean

Target Model 68.54 / 1.00× 94.22 / 1.00× 92.43 / 1.00× 61.71 / 1.00× 93.12 / 1.00× 82.00 / 1.00×
ConfSpec (W = 1) 68.75 / 1.73× 94.53 / 1.76× 92.35 / 1.83× 60.57 / 1.54× 91.33 / 1.53× 81.51 / 1.68×
ConfSpec (W = 2) 68.54 / 1.39× 94.69 / 1.56× 92.35 / 1.63× 60.81 / 1.28× 91.99 / 1.38× 81.68 / 1.45×
ConfSpec (W = 4) 68.96 / 0.70× 95.16 / 0.61× 92.84 / 0.77× 60.92 / 0.83× 92.27 / 0.65× 82.03 / 0.71×

alone. These results validate that ConfSpec is fully
orthogonal to token-level speculation, enabling the
stacked acceleration as discussed in Section 4.4.

Generalization and Robustness. ConfSpec ex-
hibits robust and consistent improvements across
both model families and a wide range of task do-
mains, including mathematical reasoning, scientific
question answering, and code generation. While ab-
solute speedups vary across datasets (1.53×–1.83×
on DeepSeek, 1.18×–1.42× on Qwen3), this vari-
ation is expected and reflects differences in rea-
soning complexity and step acceptance rates rather
than method fragility. Differences across model
families primarily stem from draft-model capability
and alignment with the target model. Crucially, de-
spite these variations, the relative ranking of meth-
ods remains consistent across all settings, with Con-
fSpec achieving the best accuracy–speed trade-off
in every configuration.

5.3 Ablation Studies

Effect of Verification Strategy and Threshold.
We investigate the impact of different verifica-
tion strategies and confidence thresholds on the
accuracy-speedup trade-off. Table 3 presents re-
sults comparing: (1) Draft Verification, which
exclusively uses the draft model for all verifica-
tion decisions; (2) Target Verification, which al-
ways escalates to the target model; and (3) Con-
fSpec with varying confidence thresholds γ ∈
{0.8, 0.9, 0.95}.

The baselines expose the limitations of relying
on a single model. Draft-only verification achieves
the highest raw speedup (2.17×) but suffers from
catastrophic accuracy degradation, particularly on
complex reasoning tasks like AIME24 (dropping
from 68.46% to 35.89%). This result highlights
that the small model lacks sufficient reasoning capa-
bility to reliably adjudicate complex logical steps,
often misclassifying invalid paths as correct. In
contrast, Target-only verification ensures rigorous
correctness (Mean Acc. 81.78%) but limits the
efficiency gain (1.42×), as it incurs high computa-
tional costs by activating the large model for every
verification instance regardless of its difficulty.

The confidence threshold γ provides fine-
grained control over the speculation aggressiveness,
allowing ConfSpec to navigate the space between
these two extremes. Lower threshold (γ = 0.8)
adopts an aggressive policy, boosting speedup to
1.83× but compromising reliability (Mean Acc.
drops to 72.63%) by allowing the draft model to
accept plausible but incorrect steps. Higher thresh-
old (γ = 0.95) forces a conservative behavior, re-
covering accuracy to near-perfect levels (81.66%)
but reducing speedup to 1.56× due to frequent cas-
cading. Our default setting of γ = 0.9 achieves the
optimal balance, maintaining 99.7% of the target
model’s accuracy while delivering a robust 1.68×
mean speedup, effectively filtering "easy" steps
from "hard" ones.
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Effect of Tree-Structured Drafting. We inves-
tigate the impact of tree width on the accuracy-
speedup trade-off by evaluating branching fac-
tors W ∈ {1, 2, 4}. ConfSpec extends to tree-
structured speculation, generating multiple can-
didate branches at each step. While a larger W
theoretically captures superior reasoning paths via
confidence-based selection, the number of candi-
dates grows exponentially with depth, imposing
substantial overhead for parallel verification.

Table 4 presents the results of this compari-
son. Increasing the tree width to W = 4 indeed
yields a marginal accuracy improvement (Mean
Acc. rises from 81.51% to 82.03%), matching or
even marginally exceeding the target model on
some tasks. This confirms that a wider search
space helps capture superior reasoning trajectories.
However, this gain comes at a prohibitive computa-
tional cost: the overhead of verifying multiple long
steps in parallel overwhelms the speed gains from
speculation, resulting in a net slowdown (0.71×
speedup). Even a modest width of W = 2 sig-
nificantly dampens the acceleration, reducing it to
1.45× compared to the linear baseline’s 1.68×.

These results suggest that for current model con-
figurations, linear drafting (W = 1) provides the
optimal trade-off. Tree-structured drafting may be-
come more beneficial when draft model quality is
lower or when reasoning tasks require extensive ex-
ploration, as the increased candidate diversity can
compensate for individual draft quality limitations.

6 Conclusion

We revisited step-level speculative reasoning from
the perspective of verification and showed that treat-
ing all steps as uniformly hard leads to unnecessary
computation. Observing that verification difficulty
is heterogeneous and draft-model confidence can
guide selective escalation, we proposed ConfSpec,
a confidence-gated framework that escalates un-
certain steps to the target model. Experiments
across workloads show that ConfSpec matches
target-model accuracy while achieving substantial
inference speedups, remaining orthogonal to token-
level speculative decoding.

Limitations

ConfSpec relies on draft-model confidence to route
step-level verification. While informative in our
experiments, this signal may not generalize across
all model families, architectures, or task distribu-

tions. Step-level verification approximates seman-
tic equivalence via discriminative judgment rather
than exact logical validation, which can be brittle
for highly nuanced or implicitly structured reason-
ing steps. Efficiency gains also depend on align-
ment between the draft and target models; under
substantial domain shifts or consistently low draft-
model confidence, the system may frequently fall
back to target-model inference, limiting speedups.
Future work includes systematically characterizing
confidence calibration across models, improving
verification for nuanced reasoning, and extending
ConfSpec to diverse domains.
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A Compatibility with Token-Level
Speculative Decoding

We provide a detailed analysis of ConfSpec’s com-
patibility with different token-level speculative de-
coding methods, comparing Prompt Lookup De-
coding and EAGLE-3 to demonstrate how the
choice of token-level method impacts overall accel-
eration.

A.1 Setup

We evaluate two representative token-level specu-
lative decoding approaches: (1) Prompt Lookup
Decoding (PLD), a draft-model-free method that
maintains a cache of historical tokens and per-
forms n-gram string matching to propose specula-
tive drafts. At each decoding step, it identifies his-
torical n-grams starting with the current sequence’s
suffix as candidates, which are then verified by
the target model in a single forward pass. (2)
EAGLE-3, a draft-model-based method that trains
a lightweight draft head by leveraging multi-layer
features from the target model. This alignment
training enables close approximation of the target
model’s token distribution, achieving state-of-the-
art token-level speculative decoding performance
on multi-turn dialogue and short-form generation
benchmarks.

We conduct experiments using Qwen3 1.7B /
32B as the draft / target model pair, comparing
PLD and EAGLE-3 both as standalone methods
and in combination with ConfSpec. All methods
are evaluated on the same five benchmarks under
identical hardware and generation configurations
as described in the main experiments. Results are
presented in Table 5.

A.2 Results and Analysis

PLD. PLD demonstrates strong standalone per-
formance, achieving 1.37× mean speedup while
preserving lossless accuracy across all benchmarks.
This effectiveness stems from its cache-based de-
sign that dynamically adapts to the generation con-
text, effectively exploiting the repetitive patterns
inherent in long chain-of-thought reasoning. Math-
ematical derivations and structured reasoning traces
naturally contain recurring phrases, notation, and
expression patterns that PLD’s n-gram matching
mechanism can efficiently capture and reuse.

EAGLE-3. Contrary to its strong results on con-
versational benchmarks, EAGLE-3 produces a net

slowdown (0.94×) on our reasoning tasks. We at-
tribute this to a distributional mismatch between
its training data and the nature of complex reason-
ing. EAGLE-3 is primarily optimized for short-
form, predictable conversational tasks. In contrast,
long-form mathematical reasoning involves multi-
step logical derivations and specialized notation,
with sequences frequently exceeding 16K tokens.
This distributional shift causes the draft head to be
poorly calibrated, leading to high rejection rates.
Ultimately, the computational overhead of reject-
ing these drafts outweighs the gains from valid
speculations.

Orthogonality. ConfSpec + PLD achieves multi-
plicative speedup gains (1.65×), confirming that n-
gram-based methods complement step-level specu-
lation effectively by adapting to the repetitive struc-
ture of reasoning traces. In contrast, ConfSpec +
EAGLE-3 (1.06×) barely overcomes EAGLE-3’s
standalone slowdown, as EAGLE-3’s inefficiency
propagates through the entire pipeline: both target
model generation steps and step-level verification
are subject to high rejection rates, creating cascad-
ing degradation.

These results highlight that the choice of token-
level technique should account for task character-
istics. Draft-model-free methods like PLD demon-
strate greater robustness for complex reasoning,
while draft-model-based methods require distribu-
tional alignment with the target domain to avoid
negating potential speedup gains.

B Computational Overhead and Memory
Analysis

B.1 Per-Step Latency Breakdown

To analyze the sources of ConfSpec’s acceleration,
we profile the per-step latency of each component
using DeepSeek-R1-Distill (1.5B draft / 32B target)
on NVIDIA H200 GPUs:

The end-to-end acceleration stems from four
complementary mechanisms:

Parallel Target Generation. Single-token au-
toregressive decoding is severely memory-bound,
operating far below GPU peak compute density. By
generating k target steps in parallel across cumula-
tive contexts, ConfSpec amortizes this overhead—
achieving k-step target generation in approxi-
mately the same wall-clock time as a single step
(∼409.8 ms). Successfully accepting multiple fast
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Table 5: Compatibility with token-level speculative decoding methods. We report Pass@1 Accuracy (%) and
End-to-End Speedup (×). The target model baseline represents the upper bound for accuracy and the baseline
(1.00×) for speed.

Method Dataset (Acc. ↑ / Speedup ↑)
AIME24 AMC23 MATH500 GPQA HumanEval Mean

Draft: Qwen3 1.7B / Target: Qwen3 32B

Target Model 80.21 / 1.00× 97.34 / 1.00× 92.54 / 1.00× 67.83 / 1.00× 93.68 / 1.00× 86.32 / 1.00×
ConfSpec 79.79 / 1.27× 96.41 / 1.35× 92.82 / 1.42× 67.53 / 1.18× 94.35 / 1.27× 86.18 / 1.30×
EAGLE-3 ≡ / 0.96× ≡ / 0.96× ≡ / 0.98× ≡ / 0.89× ≡ / 0.92× ≡ / 0.94×
ConfSpec + EAGLE-3 ≡∗ / 1.07× ≡∗ / 1.04× ≡∗ / 1.06× ≡∗ / 1.02× ≡∗ / 1.09× ≡∗ / 1.06×
PLD ≡ / 1.39× ≡ / 1.36× ≡ / 1.34× ≡ / 1.39× ≡ / 1.39× ≡ / 1.37×
ConfSpec + PLD ≡∗ / 1.62× ≡∗ / 1.73× ≡∗ / 1.79× ≡∗ / 1.54× ≡∗ / 1.58× ≡∗ / 1.65×

Note: ‘≡’ denotes lossless accuracy matching the target model. ‘≡∗’ denotes accuracy matching the base method.

Table 6: Per-step latency breakdown.

Component Latency (ms)

Draft Step Generation ∼112.9
Target Step Generation ∼409.8
Draft Model Verification ∼8.7
Target Model Verification ∼45.9

draft steps (∼112.9 ms each) thus saves substantial
time versus sequential target generation.

Asynchronous Execution. Step generation and
semantic verification are executed in an asyn-
chronous pipeline. As soon as a required prefix
is ready, the target model immediately begins gen-
erating its corresponding step and triggers cascaded
verification, effectively overlapping the workloads
of both models and masking verification overhead.

Cascaded Verification Cost. Instead of uncondi-
tionally invoking the target model for verification
(∼45.9 ms per step), ConfSpec routes the equiva-
lence check first to the draft model (∼8.7 ms). By
escalating to the target model only for uncertain
cases, the average verification cost is substantially
reduced.

Accuracy-Driven Speedup. Accurate verifica-
tion sustains high acceptance rates across iterations.
Erroneously accepting incorrect steps corrupts the
reasoning trajectory, causing the draft model to
produce misaligned subsequent drafts that are re-
peatedly rejected. By preventing such logical drift,
ConfSpec avoids the severe latency penalties in-
curred by recovery loops in scoring-based methods.

B.2 Memory Footprint
Unlike frameworks that require external Process
Reward Models (e.g., RSD) or third-party judge
models (e.g., LookaheadReasoning), ConfSpec re-
lies exclusively on the target and draft models.
In our standard configuration, the target model
(32B, FP16/BF16) requires approximately 70 GB
of VRAM, while the draft model (1.5B) requires
approximately 5 GB. The only additional dynamic
memory overhead stems from KV cache, which
scales with sequence length and parallel batch size.
This lightweight footprint allows ConfSpec to be
deployed on standard multi-GPU nodes without
auxiliary models or specialized memory-offloading
techniques.

C Theoretical Justification for Step-Level
Semantic Speculation

Unlike token-level speculative decoding, which
guarantees distributional equivalence via rejection
sampling, step-level speculative reasoning relaxes
exact token matching in favor of semantic equiva-
lence. We ground this relaxation in three comple-
mentary theoretical perspectives.

Reasoning Path Equivalence. LLMs can con-
verge to the same correct answer through diverse
reasoning trajectories (Wang et al., 2023). A draft
step that differs in surface form from the target
model’s output may simply represent an alterna-
tive, equivalent reasoning path. As long as cas-
caded verification ensures semantic alignment, the
system switches to another valid trajectory without
affecting final accuracy.

CoT Robustness and Information Redundancy.
Recent studies on CoT faithfulness and robust-
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Table 7: Effect of draft model size on ConfSpec performance (Qwen3 family, 32B target). Cell format: Accuracy
(%) / Speedup (×).

Method AIME24 AMC23 MATH500 GPQA HumanEval Mean

Target Model 80.21 / 1.00× 97.34 / 1.00× 92.54 / 1.00× 67.83 / 1.00× 93.68 / 1.00× 86.32 / 1.00×
ConfSpec (0.6B Draft) 28.33 / 1.79× 69.22 / 1.87× 68.73 / 2.04× 38.67 / 1.76× 69.65 / 1.95× 54.92 / 1.88×
ConfSpec (1.7B Draft) 79.79 / 1.27× 96.41 / 1.35× 92.82 / 1.42× 67.53 / 1.18× 94.35 / 1.27× 86.18 / 1.30×
ConfSpec (4B Draft) 80.00 / 1.17× 97.03 / 1.25× 92.84 / 1.27× 67.53 / 1.08× 93.70 / 1.19× 86.22 / 1.19×

ness (Lanham et al., 2023; Wang et al., 2025) reveal
that LLMs possess significant information redun-
dancy when deriving conclusions. Through inter-
vention experiments—such as truncating, adding
noise to, or replacing intermediate steps—these
studies show that models are highly robust to local
perturbations and can still arrive at the correct an-
swer. Step-level speculation essentially performs
a controlled local replacement, which falls well
within the fault-tolerance threshold of CoT rea-
soning, especially when guarded by target-model
verification.

Self-Reflection in Large Reasoning Models.
Modern large reasoning models exhibit intrin-
sic self-reflection and error-correction capabili-
ties (DeepSeek-AI et al., 2025a). These models
can dynamically recognize and correct occasional
intermediate deviations during generation. This
inherent self-correction further mitigates the risk of
minor semantic approximations introduced during
the drafting phase.

Together, these perspectives—path equivalence,
local robustness, and self-reflection—provide a
strong theoretical foundation for step-level seman-
tic speculation. Combined with our extensive em-
pirical evidence across two model families and five
diverse benchmarks, they demonstrate that relaxing
strict token matching in favor of semantic equiva-
lence is a fundamentally sound trade-off that un-
locks significant latency reductions while preserv-
ing output accuracy.

D Effect of Draft Model Size

We investigate how draft model capacity affects
ConfSpec’s accuracy–speed trade-off. Using
Qwen3-32B as the target model, we evaluate three
draft model sizes from the same family (0.6B, 1.7B,
and 4B) across five benchmarks. Results are pre-
sented in Table 7.

The 0.6B draft model achieves the highest
speedup (1.88×) but suffers catastrophic accuracy
collapse (e.g., 28.33% on AIME24 vs. the target’s

80.21%), indicating that it lacks sufficient capacity
to reliably judge semantic equivalence for com-
plex reasoning steps, producing excessive false
positives. The 4B draft model preserves accuracy
(86.22% mean) but introduces heavier computa-
tional overhead during generation and verification,
reducing speedup to 1.19×. Our default 1.7B draft
model strikes the optimal balance, tightly preserv-
ing target-model accuracy (86.18%) while deliver-
ing meaningful acceleration (1.30×).

Based on these findings, we recommend that
practitioners select a draft model from the same
model family as the target to ensure stylistic and
alignment consistency, with a parameter count of
at least 1.5B to guarantee a sufficient level of rea-
soning and verification capability.
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