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Abstract

Autoregressive language models suffer from
high inference latency due to their sequential
decoding nature. Speculative decoding (SD)
mitigates this by employing a lightweight draft
model to propose candidate tokens, which are
selectively verified by a larger target model.
While existing methods either adopt multi-draft
strategies to increase acceptance rates or block
verification techniques to jointly verify mul-
tiple tokens, they remain limited by treating
these improvements in isolation. In this work,
we propose SpecTr-GBV, a novel SD method
that unifies multi-draft and greedy block ver-
ification (GBV) into a single framework. By
formulating the verification step as an optimal
transport problem over draft and target token
blocks, SpecTr-GBV improves both theoretical
efficiency and empirical performance. We the-
oretically prove that SpecTr-GBV achieves the
optimal expected acceptance length within the
class of conditionally independent couplings
(CIC) induced by our multi-draft verification
design, and show that this optimal value in-
creases with the number of drafts. Empirically,
we evaluate SpecTr-GBV across five datasets
and four baselines. Our method achieves su-
perior speedup and significantly higher block
efficiency while preserving output quality. In
addition, we perform comprehensive ablation
studies to evaluate the impact of various hyper-
parameters in the model. The code is publicly
available at https://github.com/junemily/
SpecTr-GBV.git.

1 Introduction

Autoregressive language models achieve state-of-
the-art performance across diverse natural lan-
guage processing tasks but suffer from high la-
tency due to the sequential nature of token gen-
eration, where each token requires a full forward
pass through the model (Brown et al., 2020; Stern
et al., 2018). To mitigate the latency, speculative
decoding (SD) (Leviathan et al., 2023; Chen et al.,

2023) techniques have been developed, employing
a smaller draft model to propose candidate tokens
that are selectively verified by the target model
while preserving distributional fidelity through a
sequence of rejection sampling steps.

Standard SD is typically limited to handling a
single draft sequence. This constraint leads to only
a small number of tokens being accepted in each
SD iteration (Sun et al., 2023). To address this
limitation, several recent works (Sun et al., 2023,
2024; Hu et al., 2025) have proposed multi-draft
SD strategies. Among them, SpecTr (Sun et al.,
2023) stands out as a representative method that
leverages optimal transport (OT) (Villani, 2009)
for multi-draft verification. In SpecTr, given a pre-
fix, the draft model is used to generate multiple
i.i.d. draft sequences. For each token position (i.e.,
column across drafts, see Figure 1a), SpecTr em-
ploys OT to compute the optimal coupling between
the draft and target distributions. Based on this
coupling, it determines which draft token can be
accepted, or whether all candidate tokens at that
position should be rejected. It can be theoretically
shown that as the number of draft sequences in-
creases, the probability of accepting a draft token
also increases, thereby allowing to accept more
tokens on average (Sun et al., 2023).

SpecTr adopts a position-by-position verification
procedure, i.e., the verification iterates over the
draft positions sequentially until one of the follow-
ing conditions is met: either all positions have one
accepted token, in which case an extra token is sam-
pled according to the target distribution; or some
position has no accepted tokens, in which case all
subsequent tokens are discarded, and the token at
that position is sampled from a residual distribution.
However, Sun et al. (2025) proved that the position-
by-position verification procedure does not yield
the optimal expected number of accepted tokens
(see Lemma 1 in Sun et al. (2025)). To address this,
they proposed greedy block verification (GBV)
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for the single-draft setting, which verifies the en-
tire block of draft tokens jointly rather than check-
ing each token independently. Theoretically, GBV
achieves the optimal expected number of accepted
tokens within a single iteration.

This naturally raises a key question: since both
multi-draft and GBV improve the number of ac-
cepted tokens, can we combine the two to further
enhance decoding speedup? In principle, integrat-
ing advances from both multi-draft and GBV could
yield further gains. This insight forms the basis of
our proposed approach. We propose SpecTr with
greedy block verification (SpecTr-GBV), which ex-
tends SpecTr by replacing its position-by-position
verification with GBV. Alternatively, it can be
viewed as an extension of GBV from the single-
draft setting to the multi-draft setting.

The high-level idea of SpecTr-GBV is to gen-
erate multiple i.i.d. draft sequences, and formu-
late the verification procedure as an OT problem
between the multiple draft token blocks and the
target token block. Theoretically, we show that
SpecTr-GBV preserves the fidelity of the output
distribution. Moreover, for a fixed number of draft
sequences, it achieves the optimal expected number
of accepted tokens over the class of conditionally
independent couplings (CIC) in each iteration. As
the number of draft sequences increases, this op-
timal expected number also increases accordingly.
To the best of our knowledge, our work is the first
method unifying multi-draft and block verification
strategies within a single framework.

Our main contributions are as follows:

• We propose a novel SD method, SpecTr-GBV,
which unifies multi-draft and block verifica-
tion strategies, thereby achieving longer ac-
ceptance lengths and consequently reducing
the number of target model calls to improve
decoding efficiency.

• We theoretically prove that SpecTr-GBV
achieves the optimal expected acceptance
length over the class of conditionally inde-
pendent couplings (CIC) considered in our
multi-draft verification framework. Moreover,
this optimal expected number increases as the
number of draft sequences grows.

• We conduct extensive comparisons on five
datasets against four baselines. The results
show that SpecTr-GBV consistently outper-
forms standard SD, SpecTr, and GBV in terms

of both block efficiency and speedup ratio. In
addition, we perform comprehensive ablation
studies to evaluate the impact of various hy-
perparameters in the model.

2 Related Work

SD has been widely studied in both single-draft
and multi-draft settings. In the single-draft case,
most prior work focuses on improving the drafting
phase using techniques such as model distillation
or document retrieval (Zhou et al., 2024; Liu et al.,
2024; He et al., 2024; Fu et al., 2024; Zhang et al.,
2024), while relatively fewer efforts target verifica-
tion. Notably, Sun et al. (2025) improve efficiency
by verifying token blocks jointly instead of token-
by-token. In the multi-draft setting, recent work ex-
plores more advanced verification strategies. Some
generate i.i.d. drafts (Sun et al., 2023; Khisti et al.,
2024), while others construct tree-structured can-
didates across steps (Miao et al., 2024; Chen et al.,
2024; Yang et al., 2025; Lu et al., 2024). Theoreti-
cal studies such as Sun et al. (2024) and Hu et al.
(2025) analyze optimal acceptance under different
sampling schemes. These approaches typically re-
fine token-level verification.

Earlier work has largely studied multi-draft and
multi-step verification separately. More recently,
Weng et al. (2026) has explored their joint verifi-
cation in tree-structured multi-draft settings, while
the corresponding problem for multiple i.i.d. draft
sequences remains underexplored. Our method
addresses this complementary i.i.d. draft setting
by extending block verification to the multi-draft
regime, with guarantees on distribution preserva-
tion and improved decoding efficiency.

3 Preliminaries

In this section, we provide an overview of SD,
SpecTr and GBV.

3.1 Speculative Decoding

Autoregressive sampling in large language mod-
els (LLMs) is inherently sequential and often in-
efficient. SD (Leviathan et al., 2023; Chen et al.,
2023) mitigates this inefficiency by offloading to-
ken generation to a smaller draft model, denoted
asMs. Given a prefix c, the draft model sequen-
tially generates a candidate sequence of length L
as follows:

x(i) ∼Ms(· | c, xi−1), i = 1, . . . , L,



whereMs(· | c, xi−1) represents the conditional
distribution of draft model over the token space,
x(i) is the i-th generated token, and xi−1 =
{x(1), . . . , x(i−1)} denotes the sequence of previ-
ously generated tokens. The candidates are then
verified in parallel by the target model, denoted as
Mb, which provides the true conditional distribu-
tions

{
Mb(· | c, xi−1)

}L+1

i=1
. In the following, we

simplify notation by letting p(· | xi−1) =Ms(· |
c, xi−1) and q(· | xi−1) =Mb(· | c, xi−1). Verifi-
cation is performed via a sequence of token-level
rejection sampling. Each draft token x(i) is ac-
cepted with probability:

α(x(i)) = min

{
1,

q(x(i) | xi−1)

p(x(i) | xi−1)

}
.

If x(i) is the first token to be rejected, all subsequent
tokens are discarded, and a replacement is sampled
from a residual distribution:

pres(· | xi−1) = norm
(
max

{
q(· | xi−1)− p(· | xi−1), 0

})
,

where norm(·) denotes normalization. If all L draft
tokens are accepted, an additional token is sampled
from the target model: x(L+1) ∼ Mb(· | c, xL).
The accepted tokens are appended to the current
prefix, and the process is repeated until an end-of-
sequence token is generated.

3.2 SpecTr
Standard SD relies on a single draft sequence. To
improve acceptance rates, SpecTr (Sun et al., 2023)
extends SD to the multi-draft setting by generating
K i.i.d. draft sequences given a prefix, thereby
expanding the candidate space. For each posi-
tion i (i.e., each column across the drafts, see Fig-
ure 1a), the goal is to accept one valid token from
the K candidates x(i)1 , . . . , x

(i)
K . SpecTr formulates

this verification step as an OT problem. Define
p⊕K(· | xi−1) as the product distribution over K
independent samples from p(· | xi−1). The goal is
to minimize the cost function C:

min
π∈Π(p⊕K ,q)

C(π) = Ex1:K ,y∼π [I(y /∈ {x1, . . . , xK})] ,

where I(·) is the indicator function,
π(x1, . . . , xK , y) is a coupling between
p⊕K and q, satisfying marginal constraints:∑

y π = p⊕K ,
∑

x1,...,xK
π = q. Π(·, ·) denotes

the set of all valid couplings.
The discrete OT problem above can be solved via

linear programming (Cuturi, 2013; Kantorovich,

2006), but its runtime is exponential in k (Sun
et al., 2023; Den Hollander, 2012; Pele and Wer-
man, 2009), making it impractical for large vocab-
ularies or draft counts. To address this, Sun et al.
(2023) propose K-SEQ, an efficient approximation
that iterates over draft tokens at each position and
accepts each token with probability:

α(x(i)) = min

{
1,

q(x(i) | xi−1)

ρ · p(x(i) | xi−1)

}
,

where ρ ∈ [1,K] is a scaling factor determined by
solving the equation 1 − (1 − β(ρ))K = ρ · β(ρ)
with β(ρ) =

∑
xmin

{
p(x | xi−1), q(x|x

i−1)
ρ

}
.

The computational complexity is given by
O(|Ω| log(K)), with |Ω| denoting the vocabulary
size.

For each position, K-SEQ outputs the first ac-
cepted token, and draft sequences matching the
accepted token are retained for the next step. If
no candidate is accepted, all subsequent tokens are
discarded, and a replacement is sampled from a
residual distribution:

pres(·|xi−1) =
q(·|xi−1)−min

{
p(·|xi−1), q(·|xi−1)

ρ

}
ρ

1− ρβ(ρ)
.

If all positions have accepted tokens, an additional
token is sampled from the target model: x(L+1) ∼
Mb(· | c, xL). Theoretically, it can be shown that
as K increases, the likelihood of accepting a draft
token also increases, which in turn leads to further
speedups.

3.3 Greedy Block Verification
Position-by-position verification terminates when
all candidates at a given position are rejected. How-
ever, Sun et al. (2025) point out that such a verifica-
tion strategy does not achieve the optimal expected
number of accepted tokens within a single itera-
tion. To address this, they propose GBV in the
single-draft setting. Unlike standard methods that
verify each token independently, GBV evaluates
each sub-block xi = {x(1), . . . , x(i)} as a whole
and accepts it with probability:

α(xi) =

∑
xmax

{
νiq(x | xi)− p(x | xi), 0

}∑
xmax {p(x | xi)− νiq(x | xi), 0}

,

i = 1, . . . , L− 1.

where νi = νi−1
q(x(i)|xi−1)

p(x(i)|xi−1)
, ν0 = 1, α(xL) = νL.

Here, νi represents the probability that the sub-
block xi is retained in the final output.



(a) SpecTr (b) SpecTr-GBV

Figure 1: Comparison between SpecTr and SpecTr-GBV. Given multiple i.i.d. draft sequences, SpecTr performs
position-by-position verification: at each position, it accepts one token (e.g., bounces, then like) and retains only
the sequences consistent with accepted tokens. If no token is accepted, a new token is sampled from the residual
distribution (e.g., replacing ball with toy). SpecTr-GBV verifies token sub-blocks across all draft sequences. It
starts by jointly verifying sub-blocks with the first position (e.g., bounces, bounces when, ..., bounces when I am)
and select the longest accepted sub-block (e.g., bounces). Verification continues from the next position in the next
sequence (e.g., wraps around, ..., wraps around my arm). If no sub-block is accepted, we proceed to the next
sequence, progressively selecting the longest accepted sub-block (e.g., bounces like a). A residual token is then
sampled after the longest accepted sub-block (e.g., replacing ball with toy).

The final accepted block is the longest accepted
sub-block xτ from the above process. If τ = L,
an extra token is drawn from the target model:
x(L+1) ∼ Mb(· | c, xL). If τ < L, an extra to-
ken is sampled from a residual distribution:

pres(·|xτ ) = norm (max {ντq(·|xτ )− p(·|xτ ), 0}) ,

which ensures distributional consistency within a
single iteration. To maintain the same output dis-
tribution across multiple SD iterations, the target
distribution is modified at all unaccepted positions
before the next iteration as follows:

q(· | xi) = norm
(
max

{
νiq(· | xi)− p(· | xi), 0

})
,

∀τ + 1 ≤ i ≤ L− 1.

Theoretically, GBV achieves the highest expected
number of accepted tokens within a single SD iter-
ation among all valid verification algorithms in the
single draft setting.

4 Methodology

In this section, we introduce our proposed SpecTr-
GBV. We begin by formulating the verification as
an optimization problem that aims to maximize the
expected acceptance length. We then present the
detailed algorithmic procedure.

4.1 Maximum Acceptance Length with i.i.d.
Draft Sequences

To further improve acceptance length, SpecTr-GBV
combines SpecTr with GBV. Given a prefix c, we
generate K i.i.d. draft sequences of length L from

the draft model: XL = {xL1 , xL2 , . . . , xLK}. We for-
mulate the verification procedure as an OT problem
between the multiple draft token blocks XL and
the target token block yL.

Definition 4.1 (Acceptance Length). For the K
i.i.d. draft sequences XL and a target sequence yL,
define the acceptance length as

τ = max
{
i ∈ {0, . . . , L} : ∃ k ∈ {1, . . . ,K},

such that xik = yi
}
.

Our goal is to maximize the expected acceptance
length, or equivalently minimize the cost function
under conditionally independent couplings:

min
π∈ΠCIC(p⊕K ,q)

C(π) = L− EXL,yL∼π [τ ] , (1)

where ΠCIC(p
⊕K , q) denotes the set of Condition-

ally Independent Couplings (CIC). Here, p⊕K

represents the product measure of independently-
generated draft sequences on the joint draft space.
To respect this independence structure during ver-
ification, the coupling π is subject to the math-
ematical constraint of conditional independence
given the target sequence yL, i.e., Pπ(X

L | yL) =∏K
k=1 Pπ(x

L
k | yL). This structural constraint is in-

troduced to reflect the non-communicating verifica-
tion design of SpecTr-GBV, where draft sequences
are generated i.i.d. and are not jointly adapted dur-
ing verification.



Algorithm 1 SpecTR-GBV

Require: draft sequences xL1 , x
L
2 , . . . , x

L
K ; the

conditional distributions of tokens from the
draft and target models p(· | xi−1

k ) for i =
1, . . . , L, and q(· | xi−1

k ) for i = 1, . . . , L+ 1,
∀k = 1, . . . ,K.

Ensure: output tokens t, y.
1: Initialize draft sequence set S = {xLk | k =

1, . . . ,K}, acceptance length τ = 0, accepted
token sub-block t, unaccepted token sub-block
set H = ∅, accepted draft sequence index f =
0.

2: for each xLk ∈ S do
3: for i = τ + 1, . . . , L− 1 do
4: Compute hik as Equation (2); sample η ∼

U(0, 1)
5: if η < hik and xik /∈ H then
6: τ = i, f = k, t = xik {verify sub-

block.}
7: else
8: H ← H ∪ {xik} {record unaccepted

sub-block.}
9: end if

10: end for
11: Compute hLk as Equation (3); sample η ∼

U(0, 1)
12: if η < hLk and xLk /∈ H then
13: τ = L, t = xLk ; sample y ∼ q(· | xLk );

break {verify entire block.}
14: else
15: H ← H ∪ {xLk } {record unaccepted

block.}
16: end if
17: end for
18: if τ < L then
19: Sample y ∼ pres(· | xτf ) as Equation (4).
20: end if
21: return t, y

4.2 SpecTr-GBV
In this section, we present the SpecTr-GBV algo-
rithm, which achieves the maximum expected ac-
ceptance length stated in Theorem 5.3. The details
of the algorithm are provided in Algorithm 1, and
its illustration is shown in Figure 1b.

The core equations governing the verification
procedure are given by Equations (2) to (4).

However, solving the optimization problem
above presents several challenges. On the one
hand, the joint distributions q(xi) and p(xi) for
all sub-blocks are not accessible; on the other hand,

no closed-form solution exists for the OT prob-
lem when K > 1 and solving it via linear pro-
gramming incurs prohibitive computational over-
head. To address these issues, we propose the
SpecTr-GBV algorithm. Using this algorithm, the
expected acceptance length E [τ ] strictly attains the
theoretical value of maximum expected acceptance
length maxπ∈ΠCIC(p⊕K ,q) EXL,yL∼π [τ ], while cir-
cumventing the aforementioned challenges and ef-
ficiently solving the OT problem with provable
theoretical guarantees.

SpecTr-GBV sequentially iterates over the K
i.i.d. draft sequences. The verification for each se-
quence xLk begins at the sub-block xτ+1

k , where
τ denotes the length of the current longest ac-
cepted sub-block. Each token sub-block xik, for
i = τ + 1, . . . , L, is accepted with probability hik.
When a token block is rejected, it is recorded in
the set H . To avoid redundant sampling, if a to-
ken sub-block xik scheduled for verification already
exists in H , the sampling step for that block is
skipped, and the algorithm immediately proceeds
to verify the next sub-block xi+1

k . After completing
verification for all sub-blocks in xLk , if the entire
token block xLk is accepted, the sequence-level it-
eration terminates early; otherwise, SpecTr-GBV
proceeds to verify the next draft sequence xLk+1.
The final accepted block is the longest accepted
sub-block obtained through this process. If the fi-
nal accepted block equals the entire token block
tL, an additional token is sampled directly from
the target model: y ∼Mb(· | c, tL). If the length
of the final accepted block τ satisfies τ < L, an
extra token is sampled from a residual distribu-
tion as defined in Equation (4). For each selection
step for xij , SpecTr-GBV exhibits a complexity of
O(|Ω|), equivalent to GBV and more efficient than
the O(|Ω| log(K)) required by SpecTr.

Similar to GBV, in order to maintain distribu-
tional consistency across multiple SD iterations,
SpecTr-GBV includes a distribution modification
step before the next SD iteration begins. Specif-
ically, the next L − τ − 1 tokens need to be
sampled from a modified distribution, denoted as
xL−τ−1 ∼ qnew(·), which differs from the origi-
nal target distribution q. The computation of this
modified distribution is shown in Algorithm 2.

Theorem 4.2 (Distribution Preservation). SpecTr-
GBV preserves the target model distribution.
Specifically, for any prefix c, given conditional dis-
tributions p and q from the draft and target models,



hik =

∑
x q(x

i, x)
(
1−min

{
p(xi,x)
q(xi,x)

, 1
})K

− q(xi)
(
1−min

{
p(xi)
q(xi)

, 1
})K

1− (1− p(xi))K − q(xi) +
∑

x q(x
i, x)

(
1−min

{
p(xi,x)
q(xi,x)

, 1
})K

, (2)

hLk =

q(xL)

[
1−

(
1−min

{
p(xL)
q(xL)

, 1
})K

]
1− (1− p(xL))K

, (3)

pres(x | xτ ) =
q(xτ , x)

(
1−min

{
p(xτ ,x)
q(xτ ,x) , 1

})K

∑
x q (x

τ , x)
(
1−min

{
p(xτ ,x)
q(xτ ,x) , 1

})K
. (4)

draft length L, and draft sequences XL ∼ p⊕K(·),
the output O = (tτ , y, xL−τ−1) satisfies:

O ∼ SpecTr-GBV(c, p, q,XL) =⇒ O ∼ q(·),

where tτ is the accepted tokens of length τ ∈ [0, L],
y is the correction token sampled from the residual
distribution pres(· | tτ ) as defined in Equation (4),
and xL−τ−1 is the remaining sub-block sampled
from the modified distribution, i.e., xL−τ−1 ∼
qnew(·).

By combining Algorithms 1 and 2, we arrive
at the complete procedure, Algorithm 3, which
functions as a valid SD method. Compared to
standard SD methods, Algorithm 3 additionally
incorporates a distribution modification step toMb

before the next SD iteration begins. The proofs of
Algorithms 1 to 3, and Theorem 4.2 are shown in
Appendix B.

5 Theoretical Analysis

In this section, we present the theoretical guaran-
tees of SpecTr-GBV. First, we establish the upper
bound on the expected acceptance length and char-
acterize its associated properties.

Lemma 5.1 (Upper Bound on Expected Ac-
ceptance Length). For any coupling π ∈
ΠCIC(p

⊕K , q), the expected acceptance length is
upper bounded by:

EXL,yL∼π[τ ]

≤
L∑

τ=1

∑
xτ

q(xτ )

[
1−

(
1−min

{
p(xτ )
q(xτ )

, 1
})K]

.
(5)

Remark 5.2. The upper bound on the expected ac-
ceptance length in Equation (5) has the following
properties:

• Monotonicity: Let Bound(K) denote the up-
per bound value in Equation (5) for K draft
sequences. For any positive integers K1 and
K2 satisfying K1 > K2, the bound strictly
increases: Bound(K1) > Bound(K2).

• Convergence: The upper bound converges
to the maximum acceptance length L as
the number of drafts K tends to infinity:
limK→∞Bound(K) = L.

• Consistency: When K = 1, the bound
reduces to the single-draft setting, which
corresponds exactly to GBV: Bound(1) =∑L

τ=1

∑
xτ min {p(xτ ), q(xτ )}.

Lemma 5.1 and Remark 5.2 characterize the
intrinsic performance limits determined by the
marginal distributions and show how multiple i.i.d.
drafts strictly improve the upper bound on the ex-
pected acceptance length as K increases. This re-
sult provides the theoretical foundation for SpecTr-
GBV. As stated in the following theorem, the de-
sign of SpecTr-GBV ensures that it achieves the
maximum expected acceptance length established
in Lemma 5.1.

Theorem 5.3 (SpecTr-GBV Acceptance Length).
The SpecTr-GBV achieves the upper bound of the
expected acceptance length:

EXL,yL∼π∗ [τ ]

=

L∑
τ=1

∑
xτ

q(xτ )

[
1−

(
1−min

{
p(xτ )
q(xτ )

, 1
})K]

.
(6)

where π∗ denotes the optimal conditionally inde-
pendent coupling between p⊕K(XL) and q(yL)
that minimizes the cost function in Equation (1).

The detailed proofs of Lemma 5.1 and Theo-
rem 5.3 are deferred to Appendix C.



Table 1: Performance comparison of SpecTr-GBV with baselines. The results demonstrate that SpecTr-GBV
consistently outperforms all baselines across five datasets, regardless of whether DeepSeek-33B or DeepSeek-6.7B
is used as the target model.

Setting Dataset Metric AR SD SpecTr GBV SpecTr-GBV

DeepSeek-33B
DeepSeek-1.3B

L=12
T=0.4
K=3

HumanEval
BE 1 9.53± 1.53 10.25± 1.37 9.60± 1.52 10.45± 1.44
SR 1 2.02± 0.32 2.21± 0.30 2.03± 0.32 2.50± 0.39

GSM8K
BE 1 6.83± 1.66 7.25± 1.31 6.89± 1.44 7.65± 1.54
SR 1 1.57± 0.42 2.26± 0.44 1.57± 0.37 2.46± 0.58

MGSM
BE 1 7.18± 1.85 8.10± 1.86 7.37± 1.88 8.31± 1.81
SR 1 1.55± 0.45 1.97± 0.72 1.60± 0.47 2.12± 0.76

LM1B
BE 1 8.17± 2.76 8.93± 2.45 8.42± 2.66 8.94± 2.51
SR 1 1.71± 0.57 1.82± 0.47 1.75± 0.54 1.90± 0.55

Alpaca
BE 1 6.51± 2.28 7.42± 2.18 6.89± 2.27 7.58± 2.22
SR 1 1.36± 0.47 1.52± 0.42 1.41± 0.54 1.60± 0.48
BE 1 7.64 8.39 7.83 8.59

Average
SR 1 1.64 1.96 1.67 2.12

DeepSeek-6.7B
DeepSeek-1.3B

L=8
T=0.4
K=3

HumanEval
BE 1 7.06± 0.91 7.53± 0.81 7.06± 0.92 7.70± 0.72
SR 1 1.19± 0.15 1.15± 0.18 1.19± 0.15 1.28± 0.12

GSM8K
BE 1 5.78± 0.55 6.55± 0.58 5.99± 0.65 6.68± 0.72
SR 1 1.02± 0.10 1.28± 0.11 1.04± 0.12 1.42± 0.17

MGSM
BE 1 5.84± 1.00 6.38± 1.01 5.99± 1.01 6.60± 1.11
SR 1 1.01± 0.18 1.06± 0.26 1.02± 0.20 1.14± 0.31

LM1B
BE 1 6.17± 1.78 6.86± 1.66 6.42± 1.73 7.01± 1.66
SR 1 1.02± 0.29 1.04± 0.22 1.03± 0.27 1.12± 0.27

Alpaca
BE 1 5.81± 1.28 6.12± 1.18 5.89± 1.27 6.23± 0.22
SR 1 1.01± 0.17 1.00± 0.42 1.00± 0.14 1.03± 0.18
BE 1 6.13 6.69 6.27 6.84

Average
SR 1 1.05 1.11 1.06 1.20

6 Experiments

In this section, we evaluate SpecTr-GBV against
four baselines across five benchmark datasets with
different combinations of draft and target models.
In addition, we perform extensive ablation studies
on the draft length L, the draft number K, and the
temperature T .

6.1 Baselines and Datasets

To rigorously evaluate the efficacy and robust-
ness of SpecTr-GBV, we compare SpecTr-GBV
with (1) Autoregressive Decoding (AR), (2)
Speculative Decoding (SD) (Leviathan et al.,
2023; Chen et al., 2023), (3) SpecTr (Sun
et al., 2023), (4) Greedy Block Verification
(GBV) (Sun et al., 2025), to conduct ablation-
style comparisons. For datasets, we evaluate
on five diverse tasks: (1) python programming
problems (HumanEval) (Chen et al., 2021), (2)
grade school math problems (GSM8K) (Cobbe
et al., 2021), (3) multilingual grade school math
problems (MGSM) (Shi et al., 2023), (4) lan-
guage modeling with One-Billion Word Bench-
mark (LM1B) (Chelba et al., 2014), (5) Stanford
instruction-following dataset (Alpaca) (Taori et al.,
2023). This diverse selection of tasks and strong
baselines allows for a comprehensive evaluation of

SpecTr-GBV’s performance.

6.2 Metrics

We report comparison results across two key
metrics for all methods. (1) Block Efficiency
(BE) (Leviathan et al., 2023): the average num-
ber of decoded tokens per serial call, defined as:
BE = Total number of decoded tokens

Number of serial calls to Mb
. (2) Speedup Ra-

tio (SR) (Leviathan et al., 2023): the ratio of
the wall-clock time of baseline AR to that of the
proposed method: SR = Tautoregressive/Tproposed.
These metrics capture both algorithmic efficiency
and practical speedup.

6.3 Main Results

We report results on three major LLM families:
DeepSeek (Guo et al., 2024), CodeLlama (Rozière
et al., 2024), and Vicuna (Chiang et al., 2023). Re-
sults for DeepSeek are shown in Table 1, while
those for CodeLlama and Vicuna are provided in
Appendix D. In Table 1, we report the mean and
standard deviation of each metric with different
random seeds on 1, 000 test prompts and across
multiple datasets under two settings: draft length
L = 12, temperature T = 0.4, draft number K =
3, DeepSeek-33B as the target, DeepSeek-1.3B
as the draft, and L = 8, T = 0.4, K = 3,
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Figure 2: Ablation results of SpecTr-GBV under different draft number (a) and temperature (b).

DeepSeek-6.7B as the target, DeepSeek-1.3B as
the draft. In the 33B-1.3B case, SpecTr-GBV
achieves a 12.4% improvement in average BE and
a 29.3% gain in average SR compared with SD,
a 2.3% improvement in average BE and an 8.2%
gain in average SR compared with SpecTr, a 9.7%
improvement in average BE and a 27.0% gain in av-
erage SR compared with GBV respectively. In the
6.7B-1.3B case, SpecTr-GBV achieves an 11.6%
improvement in average BE and a 14.3% gain in
average SR compared with SD, a 2.2% improve-
ment in average BE and an 8.1% gain in average
SR compared with SpecTr, a 9.1% improvement
in average BE and a 13.2% gain in average SR
compared with GBV respectively.

The SR is smaller than the BE, which aligns
with our expectations. This discrepancy primar-
ily arises from two factors: First, the draft model
also requires non-negligible computation time to
generate tokens, which cannot be ignored in prac-
tice. Second, during verification, the target model
executes batch inference, which leads to slightly
higher latency for individual requests compared to
single-batch inference.

6.4 Ablation Studies

We analyze the sensitivity of draft length L, draft
number K, and temperature T in the 33B-1.3B
setting. The experiments are conducted on the Hu-
manEval dataset with five different random seeds.
The results under the 6.7B-1.3B setting are shown
in Appendix D.

(1) Effect of draft length L: We compare
SpecTr-GBV against baselines under varying draft
lengths L = 12, 16, 20, 24 with temperature T =
0.4 and draft number K = 3. As shown in Table 2,
SpecTr-GBV consistently outperforms all baselines
across different settings. More importantly, as L
increases, BE steadily improves, while SR first in-

Table 2: Ablation results of SpecTr-GBV under different
draft lengths L.

L
AR SD SpecTr GBV SpecTr-GBV

BE SR BE SR BE SR BE SR BE SR

12 1 1 9.53 2.02 10.25 2.21 9.60 2.03 10.45 2.50

16 1 1 11.36 1.93 12.56 2.56 11.37 1.94 12.63 2.52

20 1 1 13.10 1.88 13.64 2.55 13.19 1.86 14.58 2.87

24 1 1 14.63 1.80 16.22 2.33 15.08 1.85 16.52 2.68

creases and then declines. This is because longer
draft lengths incur higher computational overhead
during the draft phase, which eventually outweighs
the benefits of reduced target model calls.

(2) Effect of draft number K: We compare
the acceptance rates of SpecTr-GBV and SpecTr
under different draft sequences K = 1, 3, 5, 7
with draft lengths L = 12 and 16. As shown
in Figure 2a, and consistent with our theoretical
analysis, the acceptance rates of both methods in-
crease as K grows. Moreover, SpecTr-GBV consis-
tently achieves higher acceptance rates than SpecTr
across all settings.

(3) Effect of temperature T : We evaluate BE
and SR of SpecTr-GBV under T = 0.1, 0.4, 0.7
with draft lengths L = 12 and 16. As shown in
Figure 2b, both metrics exhibit minimal variation
across temperatures, demonstrating the robustness
of SpecTr-GBV to changes in temperature.

7 Conclusions

In this work, we propose SpecTr-GBV, a novel
speculative decoding framework that unifies multi-
draft generation with greedy block verification.
Rather than being a straightforward combination
of isolated optimization strategies, SpecTr-GBV
represents a carefully designed extension of block
verification tailored to the complexities of the multi-
draft setting. By formulating the verification as an



optimal transport problem between draft and target
token blocks, our method enables more effective to-
ken acceptance within each iteration. Theoretically,
we show that SpecTr-GBV achieves the optimal
expected number of accepted tokens achievable
within the class of conditionally independent cou-
plings for a fixed number of draft sequences, and
this optimal bound increases with more drafts. Em-
pirically, extensive experiments across five datasets
and multiple baselines demonstrate that SpecTr-
GBV significantly improves both block efficiency
and decoding speed while preserving output distri-
bution fidelity, demonstrating consistent effective-
ness across diverse architectures.

Limitations

While SpecTr-GBV achieves the optimal expected
acceptance length within the class of condition-
ally independent couplings considered in our multi-
draft verification framework, its efficiency remains
dependent on the alignment between the draft and
target models, and the overall arithmetic complex-
ity and the increasing memory footprint may incur
additional overhead as the vocabulary size, draft
length, or number of drafts grows. Additionally,
our current framework assumes independent draft
generation and has not yet been extended to non-
i.i.d. structures, such as tree-based speculative de-
coding.
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A Algorithms

Algorithm 2 Distribution Modification
Require: p, q, L, tτ , y
Ensure: qnew

1: For i ≤ L− τ − 1:

qnew(x
(i))

= q
(
tτ , y, xi−1, x(i)

)(
1−min

{
p(tτ ,y,xi−1,x(i))
q(tτ ,y,xi−1,x(i))

, 1

})K

·

(∑
x′

q
(
tτ , y, xi−1, x′

)(
1−min

{
p(tτ ,y,xi−1,x′)
q(tτ ,y,xi−1,x′)

, 1

})K
)−1

.

2: For i > L− τ − 1:

qnew(x
(i)) = q(x(i)).

3: return qnew

Algorithm 3 Speculative Decoding with SpecTr-
GBV
Require: prefix c, target model distribution q, draft model

distribution p, draft length L
Ensure: decoded sequence

1: while End of Sequence /∈ (tτ , y) do
2: Sample xL

1 , . . . , x
L
K ∼ p(·) i.i.d. {obtain draft

block.}
3: Compute q(· | xi−1

k ) for i = 1, . . . , L + 1 ,k =
1, . . . ,K in parallel. {parallel scoring.}

4: (tτ , y) ←
VERIFY

(
XL, {q(· | xi−1

k )}, {p(· | xi−1
k )}

)
.

{draft verification.}
5: c← c, tτ , y.
6: q ← DistributionModification(q, p, L, tτ , y).
7: end while

B Proof of Theorem 4.2

We begin with the following lemma, which char-
acterizes the probability that SpecTr-GBV accepts
each sub-block.

Lemma B.1 (Probability of Accepting Sub-block).
For all i ∈ [1, L] and XL, in SpecTr-GBV, we have

P (XL has xi, τxi

≥ i)

= q(xi)

[
1−

(
1−min

{
p(xi)

q(xi)
, 1
})K]

,

where τx
i

denotes the acceptance length of token
block xi.

Proof. We prove this by induction in the backward
direction. When i = L, this holds due to the maxi-
mal coupling step for the entire block xL in Algo-
rithm 1 since



P (XL has xL, τxL

≥ L)

= P (XL has xL)P (τxL

= L | XL has xL)

= [1− (1− p(xL))K ] ·
q(xL)[1− (1−min{ p(x

L)

q(xL)
, 1})K ]

1− (1− p(xL))K

= q(xL)

[
1−

(
1−min

{
p(xL)

q(xL)
, 1
})K]

.

where P
(
τx

L
= L

∣∣∣XL has xL
)

denotes hLk

in Equation (3).
Suppose the equation holds for i ≥ i0. For

i = i0 − 1, we have

P (XL has xi0−1, τxi0−1

≥ i0 − 1)

= P (XL has xi0−1, τxi0−1

≥ i0)

+ P (XL has xi0−1, τxi0−1

= i0 − 1).

For the first term, by the induction assumption:

P (XL has xi0−1, τxi0−1

≥ i0)

=
∑
x

P (XL has (xi0−1, x), τ (xi0−1,x) ≥ i0)

=
∑
x

q(xi0−1, x) ·
[
1−

(
1−min

{
p(xi0−1,x)

q(xi0−1,x)
, 1
})K]

.

(7)
For the second term, define the acceptance prob-

ability:

h ≜ P
(
accept xi0−1

∣∣XL has xi0−1
)
.

Then:

P (XL has xi0−1, τxi0−1

= i0 − 1)

= P (XL has xi0−1, τ < i0) · P (accept xi0−1 | XL has xi0−1)

=
(
P (XL has xi0−1)− P (XL has xi0−1, τ ≥ i0)

)
h.

(8)
The marginal probability is:

P
(
XL has xi0−1

)
= 1−

(
1− p

(
xi0−1

))K
. (9)

Substituting Equation (9) into Equation (8):

P (XL has xi0−1, τxi0−1

= i0 − 1)

=

([
1− (1− p(xi0−1))K

]
−
∑
x

q(xi0−1, x)

·
[
1−

(
1−min

{
p(xi0−1,x)

q(xi0−1,x)
, 1
})K])

h.

(10)

Combining terms Equations (7) and (10) yields:

P (XL has xi0−1, τxi0−1

≥ i0 − 1)

= P (XL has xi0−1, τxi0−1

≥ i0)

+ P (XL has xi0−1, τxi0−1

= i0 − 1)

=
∑
x

q(xi0−1, x) ·
[
1−

(
1−min

{
p(xi0−1,x)

q(xi0−1,x)
, 1
})K]

+

(
[1− (1− p(xi0−1))K ]−

∑
x

q(xi0−1, x)

·
[
1−

(
1−min

{
p(xi0−1,x)

q(xi0−1,x)
, 1
})K])

· h.

(11)
As in Equation (2), h(i0−1)k equals to

h =

(∑
x

q(xi0−1, x)
(
1−min

{
p(xi0−1,x)

q(xi0−1,x)
, 1
})K

− q(xi0−1)
(
1−min

{
p(xi0−1)

q(xi0−1)
, 1
})K)

·

(
1− (1− p(xi0−1))K − q(xi0−1)

+
∑
x

q(xi0−1, x)
(
1−min

{
p(xi0−1,x)

q(xi0−1,x)
, 1
})K)−1

.

By the verification mechanism, substituting h into
Equation (11) yields:

P (XL has xi0−1, τxi0−1

≥ i0 − 1)

= q(xi0−1)

[
1−

(
1−min

{
p(xi0−1)

q(xi0−1)
, 1
})K]

.
(12)

which completes the proof.

Here, we continue to prove the Theorem 4.2
which demonstrates that complete procedure of
SpecTr-GBV, as described in Algorithm 3, pre-
serves the distribution consistency of target model
distribution. That is, for ∀i ≤ L and sub-block xi,
we have P

(
Oi = xi

)
= q(xi).

Proof. We prove the claim by induction. Note that
the corollary P

(
Oi = xi

)
= p(xi) holds for i = 0,

which is the trivial case and both sides are equal to
1. Suppose the claim holds for i ≤ i0. This means
that for any sub-block ∀xi0 , we have

P
(
Oi0 = xi0

)
= q(xi0).

When i = i0 + 1, by the algorithm, we have
that either τ ≥ i0 + 1, where O(i0+1) is an ac-
cepted token, or τ ≤ i0, where O(i0+1) is sampled
according to qnew(· | Oi0). We have



P (Oi0+1 = xi0+1)

= P (Oi0+1 = xi0+1, τ ≥ i0 + 1) + P (Oi0+1 = xi0+1, τ ≤ i0)

= P (Oi0+1 = xi0+1, τ ≥ i0 + 1)

+ P (Oi0 = xi0 , τ ≤ i0) · pres(x
(i0+1))

= P (Oi0+1 = xi0+1, τ ≥ i0 + 1)

+
(
P (Oi0 = xi0)− P (Oi0 = xi0 , τ ≥ i0 + 1)

)
· qnew(x

(i0+1) | xi0)

= q(xi0+1)
(
1− (1−min{ p(x

i0+1)

q(xi0+1)
, 1})K

)
+
(
q(xi0)−

∑
x

q(xi0 , x)(1− (1−min{ p(x
i0 ,x)

q(xi0 ,x)
, 1})K)

)
· qnew

= q(xi0+1),

where qnew(x
(i0+1) | xi0) is defined in Algo-

rithm 2.
This completes the induction. Therefore, for all

i ≤ L, we have

P
(
Oi = xi

)
= q(xi).

C Proof of Theorem 5.3

First, we prove Lemma 5.1. For all couplings
π ∈ ΠCIC(p

⊗k, q), let (XL, yL) ∼ π. We further
define a draft sequence XL

1 extracted from XL, and
denote the accepted sequence as Y . Then, we have

E[τ ] =
L∑

i=1

P (τ ≥ i)

=

L∑
τ=1

∑
xτ

P (Y τ = xτ , XL has xτ )

=

L∑
τ=1

∑
xτ

q(xτ )P (XL has xτ | Y τ = xτ )

=

L∑
τ=1

∑
xτ

q(xτ )
[
1−

(
1− P (Xτ

1 = xτ | Y τ = xτ )
)K]

≤
L∑

τ=1

∑
xτ

q(xτ )
[
1−

(
1−min

{
p(xτ )
q(xτ )

, 1
})K]

.

(13)
In the last step of Equation (13), we explicitly

use the upper bound derived from the optimal trans-
port principle:

P
(
Xτ

1 = xτ
∣∣ Y τ = xτ

)
≤ min

{
p(xτ )

q(xτ )
, 1

}
.

which completes the proof.

Applying Lemma B.1 completes the proof of
Theorem 5.3. In SpecTr-GBV, we have:

E[τ ] =
L∑

i=1

P (τ ≥ i)

=

L∑
i=1

∑
xi

P (XL has xi, τxi

≥ i)

=

L∑
τ=1

∑
xτ

q(xτ )

[
1−

(
1−min

{
p(xτ )
q(xτ )

, 1
})K]

.

D Additional Experimental Results

In this section, we provide additional experiments
and analyses to further support our findings. Ap-
pendix D.1 reports results on additional model fam-
ilies and experimental settings. Appendix D.2 pro-
vides a detailed wall-clock time analysis of SpecTr-
GBV and SpecTr. Appendix D.3 examines how
the number of draft sequences K affects end-to-
end throughput, block efficiency, and memory con-
sumption. Appendix D.4 presents the overall com-
plexity analysis of SpecTr-GBV, including the ef-
fects of early termination and duplicate-block skip-
ping. Appendix D.5 further compares SpecTr-GBV
with recent multi-path and multi-candidate verifi-
cation methods.

D.1 Additional Experiments for More Model
Families

In this section, we first report the mean and stan-
dard deviation of each metric over 1,000 test
prompts (draft length L = 8, temperature T = 0.4,
draft number K = 3) across five datasets, us-
ing CodeLlama-13B with CodeLlama-7B as the
draft model, and Vicuna-13B with Vicuna-7B as
the draft model, as shown in Table 3. For both
the CodeLlama and Vicuna models, we observe
trends consistent with those on DeepSeek. In the
CodeLlama 13B-7B setting, SpecTr-GBV outper-
forms SD, SpecTr, and GBV, achieving up to 8.0%,
0.9%, and 6.1% higher average BE, and 15.4%,
5.2%, and 17.4% higher average SR, respectively.
In the Vicuna 13B-7B setting, SpecTr-GBV also
outperforms all baselines, yielding up to 12.2%,
2.4%, and 8.9% higher average BE, along with
21.5%, 9.2%, and 21.5% higher average SR.

We also present ablation results using
DeepSeek-6.7B as the target model and
DeepSeek-1.3B as the draft model. Experi-
ments are conducted on the HumanEval dataset
with five random seeds, analyzing the effects of
three key hyperparameters—L, K, and T—in the
6.7B-1.3B setting.



Table 3: Performance comparison of SpecTr-GBV with baselines using CodeLlama and Vicuna models. The results
show that SpecTr-GBV consistently outperforms all baselines across five datasets with both model families.

Setting Dataset Metric AR SD SpecTr GBV SpecTr-GBV

CodeLlama-13B
CodeLlama-7B

L=8
T=0.4
K=3

HumanEval
BE 1 7.58± 0.76 7.99± 0.70 7.59± 0.79 8.02± 0.73
SR 1 1.45± 0.15 1.67± 0.17 1.42± 0.15 1.67± 0.18

GSM8K
BE 1 7.33± 0.69 7.89± 0.51 7.52± 0.61 7.95± 0.53
SR 1 1.18± 0.12 1.48± 0.24 1.18± 0.11 1.51± 0.22

MGSM
BE 1 6.83± 1.11 7.36± 0.95 6.89± 1.16 7.39± 0.96
SR 1 1.28± 0.21 1.39± 0.18 1.26± 0.21 1.51± 0.21

LM1B
BE 1 7.27± 1.06 7.81± 0.81 7.52± 0.95 7.88± 0.82
SR 1 1.15± 0.19 1.17± 0.18 1.16± 0.16 1.28± 0.23

Alpaca
BE 1 7.08± 0.94 7.56± 0.84 7.20± 0.93 7.70± 0.77
SR 1 1.07± 0.14 1.06± 0.11 1.05± 0.13 1.14± 0.13
BE 1 7.21 7.72 7.34 7.79

Average
SR 1 1.23 1.35 1.21 1.42

Vicuna-13B
Vicuna-7B

L=8
T=0.4
K=3

HumanEval
BE 1 6.44± 0.80 6.88± 0.78 6.50± 0.84 6.96± 0.74
SR 1 1.18± 0.14 1.20± 0.13 1.15± 0.16 1.31± 0.14

GSM8K
BE 1 5.96± 0.69 6.61± 0.67 6.13± 0.72 6.74± 0.66
SR 1 1.16± 0.14 1.56± 0.17 1.15± 0.14 1.67± 0.18

MGSM
BE 1 5.94± 1.09 6.40± 1.03 6.11± 1.03 6.65± 1.06
SR 1 1.09± 0.23 1.16± 0.29 1.09± 0.20 1.30± 0.32

LM1B
BE 1 5.04± 1.30 5.71± 1.27 5.30± 1.32 5.82± 1.28
SR 1 0.91± 0.23 0.97± 0.20 0.92± 0.23 1.01± 0.23

Alpaca
BE 1 5.57± 0.88 6.17± 0.90 5.79± 0.79 6.32± 0.83
SR 1 1.01± 0.16 1.04± 0.14 1.02± 0.18 1.21± 0.22
BE 1 5.79 6.35 5.97 6.50

Average
SR 1 1.07 1.19 1.07 1.30

Table 4: Ablation results of SpecTr-GBV under different draft lengths L with T = 0.4, K = 3, in the
DeepSeek-6.7B-1.3B setting.

L
AR SD SpecTr GBV SpecTr-GBV

BE SR BE SR BE SR BE SR BE SR

4 1 1 4.42 1.19 4.57 1.15 4.44 1.19 4.62 1.26

8 1 1 7.06 1.19 7.53 1.15 7.06 1.19 7.70 1.28

12 1 1 9.39 1.12 10.11 1.16 9.89 1.14 10.29 1.26

16 1 1 11.23 1.06 12.22 1.13 11.58 1.08 12.49 1.23

(1) Effect of draft length L: We compare
SpecTr-GBV in the 6.7B-1.3B setting against
baselines under varying draft lengths L =
4, 8, 12, 16, with temperature T = 0.4 and draft
number K = 3. As shown in Table 4, for L = 4,
SpecTr-GBV achieves relative improvements in
the BE metric of 4.5%, 1.1%, and 4.1% over SD,
SpecTr, and GBV, respectively. At L = 16, the
corresponding improvements increase to 11.2%,
2.2%, and 7.9%. For the SR metric at L = 4,
SpecTr-GBV achieves gains of 5.9%, 9.6%, and
5.9% compared to SD, SpecTr, and GBV, respec-
tively. At L = 16, the gains grow to 16.0%, 8.8%,
and 13.9%, highlighting that SpecTr-GBV exhibits
greater advantages at longer draft lengths. No-
tably, as L increases from 4 to 16, BE consistently
improves, while SR experiences a slight decline,

which aligns with our findings in Section 6.4.
(2) Effect of draft number K: As shown in Fig-

ure 3a, we compare the acceptance rates of SpecTr-
GBV and SpecTr in the DeepSeek-6.7B-1.3B set-
ting under different numbers of draft sequences
K = 1, 3, 5, 7, with draft lengths L = 8 and 12.
The experimental results are consistent with those
observed in the DeepSeek-33B-1.3B setting: as K
increases, the acceptance rates of both SpecTr and
SpecTr-GBV improve, with SpecTr-GBV consis-
tently outperforming SpecTr by relative margins of
0.78%, 1.75%, 2.62%, and 2.75% for K = 1, 3, 5,
and 7, respectively. Moreover, we observe that
the advantage of SpecTr-GBV becomes more pro-
nounced as K increases, indicating its superior
scalability with respect to the number of draft se-
quences.
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(a) Acceptance rate comparison between SpecTr-GBV
and SpecTr with varying K (L = 8 and 12) in the
DeepSeek-6.7B-1.3B setting.
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(b) BE and SR performance of SpecTr-GBV with varying tem-
perature T (L = 8 and 12, K = 3) in the DeepSeek-6.7B-1.3B
setting.

Figure 3: Ablation results of SpecTr-GBV under different draft number (a) and temperature (b) in the
DeepSeek-6.7B-1.3B setting.

Table 5: Wall-clock time breakdown of SpecTr-GBV and SpecTr.We report the total wall-clock time (Total), number
of decoding iterations for SD (Iter), time spent by the draft model (Draft) and target model (Target), verification
algorithm overhead (Verification), other system overheads (e.g., cache operations) (Other), throughput (Tokens/s),
and mean acceptance rate (Accept) for every data point. The δ row quantifies the percentage change of SpecTr-GBV
relative to the SpecTr baseline.

Setting Dataset Method Total (s) Iter Draft (s) Target (s) Verification (s) Other (s) Tokens/s Accept

DeepSeek-33B
DeepSeek-1.3B

L=12

GSM8K
SpecTr 19.24 73.46 11.97 6.05 1.01 0.20 27.48 0.521

SpecTr-GBV 18.03 70.13 11.57 5.79 0.47 0.20 29.64 0.555
δ -6.3% -4.5% -3.3% -4.3% -53.5% -0.0% +7.9% +6.5%

HumanEval
SpecTr 12.91 51.72 8.91 2.83 1.03 0.12 40.99 0.772

SpecTr-GBV 11.39 50.92 8.24 2.75 0.26 0.12 46.79 0.788
δ -11.8% -1.5% -7.5% -2.8% -74.8% -0.0% +14.2% +2.1%

DeepSeek-6.7B
DeepSeek-1.3B

L=8

GSM8K
SpecTr 12.36 79.27 8.71 2.44 1.00 0.19 42.01 0.695

SpecTr-GBV 11.12 78.07 8.20 2.39 0.35 0.19 46.93 0.711
δ -10.0% -1.5% -5.9% -2.0% -65.0% -0.0% +11.7% +2.3%

HumanEval
SpecTr 10.09 69.71 7.39 1.56 1.01 0.12 51.85 0.816

SpecTr-GBV 9.05 67.65 7.17 1.52 0.25 0.12 57.67 0.838
δ -10.3% -3.0% -3.0% -2.6% -75.2% -0.0% +11.2% +2.7%

(3) Effect of temperature T : As shown in Fig-
ure 3b, we evaluate the BE and SR of SpecTr-GBV
in the 6.7B-1.3B setting under different tempera-
tures T = 0.1, 0.4, 0.7 with draft lengths L = 8
and 12. Consistent with the DeepSeek-33B-1.3B
setting, both BE and SR remain largely stable
across different temperatures, further demonstrat-
ing the robustness of SpecTr-GBV to temperature
variations.

D.2 Wall-Clock Time Efficiency

We present a wall-clock time breakdown com-
paring SpecTr-GBV and SpecTr under the
DeepSeek-33B-1.3B and DeepSeek-6.7B-1.3B
settings with T = 0.4, K = 3, on the HumanEval and
GSM8K datasets. The results in Table 5 demon-
strate that the number of decoding iterations de-
creases by 2.6% on average. Furthermore, although
the time cost of the draft model per iteration theoret-
ically increases, the reduced number of iterations,

resulting from a higher acceptance rate, causes the
time spent by the draft model and target model
to decrease by an average of 4.9% and 2.9% re-
spectively. This demonstrates that SpecTr-GBV
achieves a higher acceptance rate, which results in
fewer iterations and reduced overall model process-
ing time.

D.3 Wall-Clock Scaling with the Number of
Drafts

The ablation study in Section 6.4 shows that the
acceptance rate increases with the number of draft
sequences K. To examine whether this algorithmic
gain translates into practical wall-clock improve-
ments, we further evaluate SpecTr-GBV on Hu-
manEval using four additional Llama draft–target
model pairs. We fix the draft length to L = 6 and
vary K ∈ {1, 3, 5, 7}. For each setting, through-
put and block efficiency (BE) are averaged over
three independent runs, and peak GPU memory is



Table 6: Scaling performance of SpecTr-GBV on HumanEval with K ∈ {1, 3, 5, 7} and L = 6. Throughput and
BE are averaged over three independent runs. ∆ denotes the percentage change relative to the corresponding K = 1
result. Peak GPU Memory denotes peak allocated GPU memory in MB.

Setting K Throughput ∆ Throughput BE Peak GPU Memory (MB)

Llama-2-7B
Llama-68M

L = 6

1 44.16 – 1.5299 13,339
3 53.84 +21.9% 2.1416 13,951
5 61.74 +39.8% 2.6548 14,602
7 68.77 +55.7% 3.1724 15,236

Llama-2-7B
Llama-160M

L = 6

1 24.88 – 1.5999 13,535
3 30.85 +24.0% 2.1915 14,189
5 36.05 +44.9% 2.7737 14,819
7 42.68 +71.5% 3.5428 15,464

Llama-2-13B
Llama-68M

L = 6

1 38.28 – 1.6428 25,574
3 46.43 +21.3% 2.2245 26,440
5 48.25 +26.0% 2.7328 27,418
7 53.05 +38.6% 3.2790 28,306

Llama-2-13B
Llama-160M

L = 6

1 23.41 – 1.6841 25,771
3 30.98 +32.3% 2.4983 26,667
5 32.15 +37.3% 2.9124 27,622
7 34.93 +49.2% 3.3647 28,548

reported as the peak allocated memory.
As shown in Table 6, increasing K consis-

tently improves both BE and end-to-end throughput
across all four model pairs. From K = 1 to K = 7,
BE improves by 99.6%–121.4%, while through-
put improves by 38.6%–71.5%. The throughput
gains are smaller for the larger Llama-2-13B tar-
get model, indicating that a larger target model
reduces the conversion of BE gains into wall-clock
speedup. Peak GPU memory increases by approxi-
mately 11%–14% over the same range of K. Over-
all, K = 7 achieves the highest throughput and
BE in all tested settings, while the practical choice
of K should balance decoding speed and memory
consumption.

D.4 Practical Verification Complexity
The O(|Ω|) complexity stated in Section 4.2 corre-
sponds to computing the acceptance probability for
a single sub-block. Across K draft sequences of
length L, Algorithm 1 computes at most KL such
acceptance probabilities, resulting in a worst-case
arithmetic complexity of

O(KL|Ω|).

In our implementation, these probability computa-
tions are vectorized and performed in parallel using
batched matrix operations on the GPU.

The subsequent rejection-sampling and selec-
tion stage processes candidate sub-blocks sequen-

tially. In the worst case, all KL sub-blocks are pro-
cessed, giving a sequential complexity of O(KL).
In practice, SpecTr-GBV terminates early once
a full block is accepted and skips duplicate sub-
blocks that have already been recorded as rejected.
Let Neval ≤ KL denote the number of sub-blocks
actually processed by this sequential stage in one
decoding iteration. Defining

Reval =
E[Neval]

KL
,

the expected sequential complexity is

O(E[Neval]) = O(RevalKL).

Across the five datasets in our main experiments,
the evaluation ratio ranges from 57.58% to 70.99%.
On average, SpecTr-GBV processes 64.78% of the
worst-case KL sub-blocks with DeepSeek-33B as
the target model and 65.56% with DeepSeek-6.7B
as the target model. Thus, early termination and
duplicate-block skipping avoid approximately one
third of the worst-case sequential verification steps
in practice.

D.5 Comparison with Recent Multi-Path and
Multi-Candidate Methods

We further compare SpecTr-GBV with recent multi-
path and multi-candidate verification methods on
HumanEval. In addition to SD, GBV, and SpecTr,
we include Greedy Multi-Path Block Verification



Table 7: Performance comparison on HumanEval with recent multi-path and multi-candidate baselines. For
sequence-based methods, the draft length is set to L = 6. SpecTr, MultiPath-GBV, and SpecTr-GBV use K = 7,
while SD and GBV use a single draft sequence. MCSD uses the tree configuration [4, 2, 2]. Each result is averaged
over three independent runs.

Setting Method Config. Throughput (tokens/s) BE

Llama-2-7B
Llama-68M

L = 6

SD K = 1 41.19 1.3886
GBV K = 1 44.16 1.5299
SpecTr K = 7 39.37 1.6120
MultiPath-GBV K = 7 53.23 2.2819
MCSD [4, 2, 2] 42.76 1.6236
SpecTr-GBV K = 7 68.77 3.1724

Llama-2-7B
Llama-160M

L = 6

SD K = 1 21.09 1.3909
GBV K = 1 24.88 1.5999
SpecTr K = 7 22.24 1.6922
MultiPath-GBV K = 7 29.29 2.3065
MCSD [4, 2, 2] 29.97 1.6369
SpecTr-GBV K = 7 42.68 3.5428

Llama-2-13B
Llama-68M

L = 6

SD K = 1 32.54 1.3619
GBV K = 1 38.28 1.6428
SpecTr K = 7 29.08 1.6296
MultiPath-GBV K = 7 41.33 2.4120
MCSD [4, 2, 2] 26.27 1.6063
SpecTr-GBV K = 7 53.05 3.2790

Llama-2-13B
Llama-160M

L = 6

SD K = 1 20.26 1.4739
GBV K = 1 23.41 1.6841
SpecTr K = 7 18.90 1.7171
MultiPath-GBV K = 7 26.24 2.4800
MCSD [4, 2, 2] 21.75 1.7059
SpecTr-GBV K = 7 34.93 3.3647

(MultiPath-GBV) (Thomas and Pal, 2026) and
Multi-Candidate Speculative Decoding (MCSD)
(Yang et al., 2025). MCSD samples multiple to-
kens at each drafting step, builds a candidate tree,
and verifies the candidates level by level while pre-
serving the target distribution. MultiPath-GBV for-
mulates verification as a path-selection problem
and then applies block verification to the selected
single path. Our proposed SpecTr-GBV instead di-
rectly verifies token sub-blocks across all sampled
paths and selects the longest accepted sub-block
under CIC restriction.

Because these methods construct fundamentally
different candidate structures, we use a repre-
sentative high-performing configuration for each
method. For MCSD, we use the recommended tree
configuration [4, 2, 2], which generates four candi-
dates at the first depth and expands each retained
branch by two candidates at the next two depths.

For sequence-based methods, we set L = 6. All
multi-draft sequence-based methods use K = 7,
whereas SD and GBV use a single draft sequence.
Each result is averaged over three independent
runs.

As shown in Table 7, SpecTr-GBV achieves
the highest end-to-end throughput and BE across
all four draft–target model pairs. These results
show that the gains of SpecTr-GBV persist when
it is compared with recent multi-path and tree-
structured multi-candidate verification methods.
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