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PRESTO: Prefix-Aligned Tree Drafting for Diffusion Speculative Decoding
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Abstract
Diffusion Large Language Models (dLLMs) have
recently emerged as a promising alternative to
autoregressive (AR) LLMs, offering parallel to-
ken generation. Recent works have shown that
dLLMs are particularly effective as draft models
in speculative decoding (SD), where they can effi-
ciently propose multiple candidate tokens in par-
allel. However, existing diffusion-based drafting
methods primarily rely on linear drafting, despite
diffusion models simultaneously producing mul-
tiple candidate tokens at all positions that can be
combined into many possible paths. A natural
solution is to extend tree-based drafting to diffu-
sion models, enabling the exploration of diverse
candidate paths. However, we find that applying
naive tree-based drafting is suboptimal due to a
fundamental mismatch between diffusion draft
confidence and prefix-based AR verification: dif-
fusion marginals are inherently prefix-blind, lead-
ing to unreliable path ranking. To this end, we pro-
pose PRESTO, a principled framework for tree-
based diffusion drafting via prefix-aligned scoring
and priority-based tree search. A key principle
behind our framework is that candidate ranking
should align with the prefix-based nature of AR
verification. Guided by this, we design a prefix-
aligned surrogate score to prioritize high-quality
candidate paths during tree expansion for diffu-
sion drafter. PRESTO is a general tree drafting
framework applicable to both individual diffusion
drafter SD and self-speculative dLLMs. Extensive
experiments show that PRESTO achieves up to an
average of 1.5× speedup on the state-of-the-art
individual diffusion drafter SD and an average of
1.95× on self-speculative diffusion LLMs across
diverse benchmarks, thereby unlocking the full
potential of tree-based speculative decoding for
diffusion drafting.

1Anonymous Institution, Anonymous City, Anonymous Region,
Anonymous Country. Correspondence to: Anonymous Author
<anon.email@domain.com>.

Preliminary work. Under review by the International Conference
on Machine Learning (ICML). Do not distribute.

1. Introduction
Diffusion Large Language Models (dLLMs) have recently
emerged as a promising alternative to autoregressive (AR)
LLMs, enabling parallel token generation (Nie et al., 2025;
Ye et al., 2025; Wu et al., 2025a; Bie et al., 2026; Cheng
et al., 2025; Fu et al., 2026b). However, high-quality gen-
eration typically requires iterative denoising and carefully
designed unmasking strategies, which partially offset their
efficiency gains (Wu et al., 2025a;b). This has motivated a
growing line of work that instead uses diffusion models as
draft models in speculative decoding (SD) (Liu et al., 2025;
Li et al., 2025a; Chen et al., 2026; Yu et al., 2026), where
their parallel generation naturally fits the proposal stage. Ex-
isting approaches include diffusion-based drafting for AR
LLMs (e.g., dFlash (Chen et al., 2026)) and self-speculative
dLLMs (e.g., TiDAR (Liu et al., 2025), I-DLM (Yu et al.,
2026), Nemotron-Labs-Diffusion (Fu et al., 2026a)).

However, existing methods primarily rely on linear drafting,
where tokens are generated along a single trajectory and
verified sequentially. This is inherently suboptimal for diffu-
sion: due to its non-autoregressive nature, multiple plausible
candidates coexist, and the ground-truth continuation may
lie outside the top-1 trajectory. Empirically, even strong
diffusion drafters in dFlash yield only modest acceptance
length under single-path drafting (Figure 2(a)).

A natural direction is to jointly explore multiple candidate
paths. In AR settings, tree-based drafting substantially in-
creases acceptance length by expanding candidates in par-
allel (Miao et al., 2024; Cai et al., 2024; Li et al., 2024;
2025b; Svirschevski et al., 2024; Chen et al., 2025). Since
the target model is typically not compute-bound during ver-
ification (Liu et al., 2025), spending more drafting compute
on a richer candidate set yields more accepted tokens per
step. This naturally raises the question:

Can we leverage tree-based drafting in diffusion drafters
to improve acceptance length and push parallel decoding
throughput even further?

While promising, we find that naively applying tree-
based drafting to diffusion models is suboptimal. Diffu-
sion drafters produce position-wise distributions in par-
allel without strict prefix dependencies, enabling flexible
tree construction but yielding marginal rather than prefix-
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Figure 1. Speedup comparison of PRESTO on diffusion-based speculative decoding, including individual diffusion drafter SD (dFlash)
and self-speculative diffusion LLM (Nemotron-Labs-Diffusion), across diverse benchmarks. Overall, PRESTO achieves consistent
improvements, with up to 1.7× speedup on Qwen3-8B-DFlash and over 2.0× speedup on Nemotron-Labs-Diffusion-8B.

conditioned scores. These scores cannot capture how earlier
token choices affect downstream acceptance (e.g., a token
likely in isolation may become unlikely given the prefix),
creating a fundamental mismatch with prefix-based AR ver-
ification process.

We propose PRESTO, a principled tree-based diffusion
drafting framework via prefix-aligned scoring and priority-
based tree search. Our key idea is to minimally adjust the
diffusion marginal with a prefix-dependent correction, so
that the score better reflects sequential verification behavior.
This score then guides a priority-based expansion strategy
that allocates computation to high-quality paths during tree
construction. As a result, PRESTO significantly improves
acceptance length and throughput on both diffusion-based
drafting for AR LLMs and self-speculative dLLMs. Our
contributions are:

• We identify a fundamental mismatch between diffu-
sion draft scoring and prefix-based AR verification.
Diffusion probabilities are inherently prefix-blind, lead-
ing to unreliable path ranking and suboptimal accep-
tance length in tree-based drafting.

• We design prefix-aligned scoring to resolve this mis-
match through a principled, minimal correction that
augments the diffusion marginal with prefix-dependent
signals, remaining faithful to the diffusion model while
compatible with prefix-based verification.

• We propose PRESTO, a tree-based diffusion draft-
ing framework that combines prefix-aligned scoring
with priority-based tree expansion. Across diverse
benchmarks and model sizes, PRESTO achieves up
to 1.5× average speedup on dFlash and 1.95× on
Nemotron-Labs-Diffusion.

• We are the first to extend tree-based drafting to
self-speculative dLLMs. As a drop-in replacement
for linear drafting in the parallelized verify-and-draft

pipeline, PRESTO consistently improves acceptance
length and throughput.

2. Preliminaries
2.1. Tree-based Speculative Decoding

Speculative decoding accelerates a target LLM pT via a
lightweight draft model. To improve acceptance, the drafter
constructs a token tree encoding multiple candidate se-
quences, which the target verifies in a prefix-based manner:
starting from the root, tokens are accepted sequentially until
a mismatch occurs.

Acceptance factorization. For a candidate path P =
(x1, . . . , xk), let ai ∈ {0, 1} indicate whether the i-th token
is accepted. By the chain rule,

Pr(P accepted) =
k∏

i=1

Pr
(
ai = 1

∣∣ a<i = 1, x≤i
)
, (1)

where a<i = 1 denotes that all earlier tokens were accepted.
Each factor depends on the realized prefix x<i, making
verification intrinsically prefix-conditional.

Tree construction objective. Let BB = {T : |T | ≤ B}
and let αT (P ) denote the longest prefix of P contained in T .
The ideal objective T ∗ ∈ argmaxT ∈BB

EP∼pT
[αT (P )] is

infeasible since evaluating pT requires target forward passes.
Using a surrogate p̃ over paths, a standard decomposition
(Appendix A) gives

EP∼p̃[αT (P )] =
∑
u∈T

p̃(u), (2)

where p̃(u) is the probability that prefix u matches the sam-
pled path. This reduces tree construction to selecting pre-
fixes with large probability mass, with an additive scoring
rule

log p̃(u) =

|u|∑
i=1

log p̃(ui | u<i). (3)

2
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Figure 2. (a) Linear drafting leaves room for improvement via multi-path exploration. (b) The predicted confidence from qd closely
matches the empirical acceptance rate. (c) Within fixed qd bins, acceptance rates increase from low to high ρd terciles, indicating that
prefix-conditioned compatibility captures predictive signal beyond marginal confidence. (d) ρd provides a correction direction aligned
with the error of qd, though noisy (correlation < 1).

2.2. Prefix-Aligned Surrogate Distributions

Definition 2.1 (Prefix-Aligned Surrogate). A surrogate p̃
over Vk is prefix-aligned if there exists i ≥ 2 and u<i ̸=
u′<i such that

p̃(ui | u<i) ̸= p̃(ui | u′<i). (4)

The nontriviality clause is essential: under an independence
assumption, any joint distribution admits a trivial prefix-
blind factorization p̃(u) =

∏
i p̃i(ui), which assigns iden-

tical per-position contributions regardless of the realized
prefix and therefore fails to capture the prefix-conditioned
structure of Eq. (1).

2.3. Autoregressive vs. Diffusion Surrogate Distributions

AR drafting yields a prefix-aligned surrogate. An AR
draft model pD defines p̃AR(P ) :=

∏k
i=1 pD(xi | x<i).

Each conditional is a genuine function of the prefix, so p̃AR
is prefix-aligned and provides an effective surrogate score.

Diffusion drafting yields a prefix-blind marginal. A dif-
fusion drafter produces position-wise marginals q1, . . . , qk,
where each qi(xi) does not condition on x<i.1 The induced
factorized surrogate is

p̃diff(P ) :=

k∏
i=1

qi(xi). (5)

Since p̃diff(xi | x<i) = qi(xi) regardless of x<i, the
marginal surrogate violates Definition 2.1. This mismatch
with prefix-based verification is intrinsic to the marginal fac-
torization, and while it does not preclude effective drafting,
it can degrade path ranking (Section 3).

3. Observations
We use Qwen3-4B-DFlash as a representative model to
analyze diffusion drafter behavior; detailed settings are in
Appendix B.

1Dependence on the prompt and previously generated context,
encoded in a shared latent, is suppressed for notational clarity.

Observation 1: Linear drafting leaves room for improve-
ment via multi-path exploration. We compare linear
drafting against an empirical upper bound from exhaustive
multi-path exploration: at each position we take the top-
10 candidates from the diffusion marginal, enumerate all
combinations into a candidate tree, and brute-force search
for the longest target-accepted prefix. Figure 2(a) shows a
substantial gap between linear drafting and this upper bound
across all tasks.

Observation 2: Marginal confidence is well-calibrated
for overall acceptance. As shown in Figure 2(b), the pre-
dicted confidence (computed as the exponentiated cumula-
tive log-probability along a path) closely matches the em-
pirical acceptance rate. This indicates that qd provides a
well-calibrated estimate of global acceptance rate.

Observation 3: Marginal signals are insufficient but
correctable. Despite this global calibration, qd alone is
insufficient for token-level ranking: Figure 2(c) shows that
tokens with similar qd yield markedly different acceptance
rates when grouped by ρd. Yet the additional signal is
directionally informative: Figure 2(d) shows the correction
term δ = log ρd − log qd positively correlates with the true
residual rq = log pT − log qd, so ρd provides a noisy but
directionally aligned correction.

Insights. qd is well-calibrated globally but insufficient for
path ranking; ρd offers complementary, prefix-conditioned
signal aligned with the error of qd but itself noisy. Together,
these suggest that effective scoring should preserve qd while
incorporating a controlled correction from ρd.

4. PRESTO
We now introduce PRESTO, a tree-based drafting frame-
work that augments diffusion drafter with prefix-aligned
information. In Section 4.1, we introduce prefix-aligned
scoring that addresses the aforementioned structural mis-
match. In Section 4.2, we describe tree drafting via priority-
based tree search. In Section 4.3, we elaborate how to extend
tree drafting to self-speculative dLLMs.

3
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Algorithm 1 Beam Search with Global Retention
1: procedure BEAMSEARCH(s,B, b,W,D)
2: P ← {root}, T ← {root}
3: for d = 1 to D while |T | < B do
4: Pnew ← ∅
5: for each v ∈ P do
6: C ← EXPAND(v, b, s)
7: Pnew ← Pnew ∪ C
8: T ← T ∪ C
9: end for
10: P ← TOPW(Pnew,W )
11: end for
12: return TOPB(T , B)
13: end procedure

Algorithm 2 Best-First Search
1: procedure BESTFIRST(s,B, b)
2: P ← {root}, T ← {root}
3: S(root)← 0
4: while |T | < B do
5: v⋆ ← argmaxu∈P S(u)
6: P ← P \ {v⋆}
7: C ← EXPAND(v⋆, b, s)
8: Insert C into priority queue P
9: T ← T ∪ C
10: end while
11: ▷ tree construction complete
12: return TOPB(T , B)
13: end procedure

4.1. Prefix-Aligned Scoring via Minimal Correction

From surrogate distribution to scoring function. Sec-
tion 2 reduces tree construction to ranking prefixes by
log p̃(u) (Eq. (3)). For diffusion drafting, the natural
marginal surrogate p̃diff(P ) =

∏
i qi(xi) is prefix-blind

(Eq. (5)), creating a mismatch with prefix-based verifica-
tion. We therefore seek a prefix-aligned surrogate p̃⋆ that
preserves the calibrated drafter signal while incorporating a
prefix-conditioned correction in terms of Section 3.

Prefix-aligned surrogate. Let qd(t) denote the diffusion
drafter’s marginal at position d, and let ρd(t | cd) de-
note a tractable prefix-conditioned signal, where cd =
(t1, . . . , td−1) is the within-block prefix. We define the
prefix-aligned conditional as a multiplicative combination:

p⋆d(t | cd) ∝ qd(t) ρd(t | cd)λd , (6)

where λd ≥ 0 controls the strength of the prefix correction.
The induced joint surrogate distribution is

p̃⋆(P ) :=

k∏
d=1

p⋆d(td | cd), (7)

which is prefix-aligned (Definition 2.1) whenever λd > 0
and ρd depends nontrivially on cd. Eq. (7) thereby provides
a candidate surrogate that addresses the structural mismatch
of p̃diff. This form can also be interpreted as the solution to a
KL-regularized objective that balances closeness to qd with
alignment to ρd (see Appendix C). For simplicity, we use
the unnormalized log-score induced by Eq. (6). Specifically,
we define the token-level score as sd,t(cd) = log qd(t) +
λd log ρd(t | cd), and the path score

S(P ) =

k∑
d=1

sd,td(cd), cd = (t1, . . . , td−1). (8)

Eq. (8) decomposes additively over depth, supporting incre-
mental priority-based tree expansion.

4.2. Priority-Based Tree Construction

From the surrogate objective to priority-based expan-
sion. Section 2 shows that maximizing the surrogate ob-
jective in Eq. (2) reduces to selecting the top-B prefixes

by their log-probabilities under p̃⋆. Equivalently, the op-
timal tree consists of the B prefixes u with the largest
log p̃⋆(u) = S(u), where S is the path score in Eq. (8).
However, exhaustively expanding and ranking all candi-
date continuations is computationally infeasible due to the
exponentially growing search space and large vocabulary
branching factor. Instead, since the path score decomposes
additively over depth, high-scoring partial prefixes are more
likely to remain among the top-ranked candidates after fur-
ther expansion. This naturally motivates a greedy priority-
based expansion strategy: maintain a frontier of expandable
nodes and iteratively expand the highest-scoring node.

We identify each tree node v with the unique path from
the root to v, denoted P (v) = (t1, . . . , td(v)), where
d(v) := |P (v)| is the depth of v. The cumulative path
score is S(v) := S(P (v)) =

∑d(v)
i=1 si,ti(ci) with ci =

(t1, . . . , ti−1). The root has d(root) = 0, S(root) = 0. At
each iteration, the algorithm:

1. Selects a frontier node v⋆ according to a search policy
π;

2. Expands v⋆ by adding its top-b children, ranked by the
token score sd(v⋆)+1,t(cd(v⋆)+1) at depth d(v⋆) + 1;

3. Updates the frontier with the newly added children,
removing v⋆ from the expandable set.

The iteration terminates when |T | = B. Because S is addi-
tive over depth, each child’s cumulative score is computed
incrementally from its parent’s, avoiding redundant compu-
tation.

We consider two widely used instantiations of priority-based
expansion under the path score S: beam search with global
retention (Algorithm 1) and best-first search (BFS) (Algo-
rithm 2). Both prioritize high-S partial paths but differ in
how the expansion budget is allocated across depth: BFS
maintains a global priority over the entire frontier, while
beam search restricts expansion to the top-W in-beam nodes
per depth and retains out-of-beam nodes for the final top-B
selection. Beam search can thus be viewed as a practical
approximation to BFS with a fixed-width active beam.

4
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Figure 3. Application of PRESTO on Self-speculative dLLMs, PRESTO is the first to explore tree-based drafting for self speculative
dLLMs. The detailed process is elaborated in Appendix D.

Table 1. Accept length comparison between BFS and Beam Search.

Qwen3-4B-DFlash Qwen3-8B-DFlash

Budget BFS Beam BFS Beam

B = 128 9.21 9.27 9.25 9.28
B = 256 9.55 9.54 9.60 9.62
B = 512 9.81 9.79 9.90 9.88
B = 1024 9.98 9.85 10.10 9.93

BFS vs. Beam Search. Table 1 reports acceptance length
under the two policies across budget sizes. At small to mod-
erate budgets (B ≤ 512), best-first and beam search yield
similar acceptance length, as beam search’s per-depth bud-
get suffices to cover the shallow trees that best-first would
expand under global priority. At B = 1024, best-first out-
performs beam search by a small margin: with a larger bud-
get, the optimal expansion pattern can become less uniform
across depth, which a global priority handles more flexibly
than a fixed per-depth beam. In practice, verification shifts
from memory-bound to compute-bound once B exceeds
a hardware-dependent threshold, after which forward-pass
cost grows linearly with B and erodes the speedup. We
therefore operate at B ≤ 512, where the two policies are
comparable, and adopt beam search as the default.

4.3. Extending Tree Construction to Self-speculative
Decoding

The above tree-construction algorithm can be extended to
support self-speculative decoding in hybrid autogressive-
diffusion models (Liu et al., 2025; Fu et al., 2026a), as
shown in Figure 3. Similar to the literature (Liu et al.,
2025), we parallelize the autoregressive-based verification
and diffusion-based drafting in a single model forward pro-
cess. The key difference in our approach is that we replace
the linear draft with a tree draft constructed by PRESTO.
As detailed in Section 5.2, this replacement has consistently
led to improved average acceptance length and throughput
across different datasets and models.

5. Empirical Validation
We show that PRESTO significantly improves the decoding
efficiency of diffusion-based speculative decoding across
both standard and self-speculative diffusion SD.

5.1. Experiment Setup

Models, Tasks, and Metrics. We evaluate PRESTO on
two settings: (i) standard SD with a separate diffusion
drafter and AR target: dFlash with Qwen3-4B, Qwen3-
8B, and Qwen3-Coder-30B-A3B backbones; and (ii) self-
speculative dLLM: Nemotron-Labs-Diffusion at 3B and
8B. Evaluation spans three task categories: mathematical
reasoning (GSM8K (Cobbe et al., 2021), MATH (Light-
man et al., 2023), AIME24 (Art of Problem Solving, 2024),
AIME25 (MAA)), code (HumanEval (Chen et al., 2021),
MBPP (Austin et al., 2021), LiveCodeBench (Jain et al.,
2024)), and conversation (MT-Bench (Zheng et al., 2023),
Alpaca (Taori et al., 2023)). We report average acceptance
length (τ ) and throughput (token/s) speedup over the AR
baseline on NVIDIA B200 GPUs.

Implementation. We implement tree-structured decoding
with FlexAttention and use an n-gram model (Liu et al.,
2026) (n = 3) as the prefix-dependent signal. Unless oth-
erwise specified, we set λd = 0.2, batch size 1, beam
search with width 10 and per-position top-k expansion
(k = 10), and evaluate at temperatures 0 and 1. For dFlash
we sweep tree budgets {128, 256, 512} and report the best;
for Nemotron-Labs-Diffusion we use a fixed budget of 16.

5.2. Experiment Results

Main Results. As shown in Tables 2 and 3, PRESTO consis-
tently improves average acceptance length τ and throughput
across both dFlash and Nemotron-Lab-Diffusion (NLD),
across all models and tasks. On Qwen3-4B-DFlash with
T = 0, τ rises from 7.9 to 10.9 on MATH-500, 7.4 to 10.3
on AIME25, 6.9 to 10.0 on LCB, and 6.7 to 9.9 on Hu-
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Table 2. Decoding speedup over baseline and average acceptance length (τ ) on Qwen3 models with thinking mode disabled and a
maximum of 2048 generated tokens.

Model Method MATH CODE CHAT Avg.

GSM8K MATH-500 AIME24 AIME25 HumanEval MBPP LCB SWE-Bench MT-Bench Alpaca Avg.

Temperature = 0 Sp. τ Sp. τ Sp. τ Sp. τ Sp. τ Sp. τ Sp. τ Sp. τ Sp. τ Sp. τ Sp. τ

4B
dFlash 5.1× 6.5 6.5× 7.9 6.5× 7.4 6.2× 7.4 5.6× 6.7 5.0× 6.1 5.9× 6.9 3.2× 3.6 2.9× 4.4 2.4× 3.1 4.9× 6.0
PRESTO 7.9× 9.4 9.2× 10.9 8.7× 10.5 8.8× 10.3 8.1× 9.9 7.9× 9.3 8.4× 10.0 5.3× 5.9 4.9× 6.7 3.9× 5.0 7.3× 8.8

× Gain 1.55× 1.45× 1.42× 1.38× 1.34× 1.42× 1.42× 1.39× 1.45× 1.48× 1.58× 1.52× 1.42× 1.45× 1.66× 1.64× 1.69× 1.52× 1.62× 1.61× 1.48× 1.47×

8B
dFlash 5.0× 6.6 6.3× 7.9 6.2× 7.5 6.0× 7.0 5.4× 6.5 4.8× 6.0 5.7× 7.1 3.3× 3.6 2.8× 4.3 2.4× 3.1 4.8× 6.0
PRESTO 8.0× 9.6 9.4× 11.1 8.5× 10.7 8.7× 10.2 8.5× 9.9 7.7× 9.4 8.5× 10.3 5.0× 6.0 4.8× 6.6 3.9× 5.0 7.3× 8.9

× Gain 1.60× 1.45× 1.49× 1.41× 1.37× 1.43× 1.45× 1.46× 1.57× 1.52× 1.60× 1.57× 1.49× 1.45× 1.52× 1.67× 1.71× 1.53× 1.62× 1.61× 1.52× 1.49×

30B
dFlash 3.1× 5.2 4.1× 5.6 2.8× 5.3 2.7× 5.1 5.6× 8.0 5.6× 7.2 3.6× 6.2 3.2× 3.6 2.2× 3.5 1.8× 2.2 3.5× 5.2
PRESTO 4.1× 7.9 5.4× 8.0 3.6× 8.0 3.6× 7.9 7.0× 10.9 7.5× 9.9 4.7× 8.5 4.6× 5.6 3.0× 5.2 2.5× 3.4 4.6× 7.5

× Gain 1.32× 1.52× 1.32× 1.43× 1.29× 1.51× 1.33× 1.55× 1.25× 1.36× 1.34× 1.38× 1.31× 1.37× 1.44× 1.56× 1.36× 1.49× 1.39× 1.55× 1.33× 1.45×

Table 3. Decoding speedup over baseline and average τ on Nemotron-Labs-Diffusion models and a maximum of 2048 generated tokens.

Model Method MATH CODE CHAT Avg.

GSM8K MATH-500 AIME24 AIME25 HumanEval MBPP LCB SWE-Bench MT-Bench Alpaca Avg.

Temperature = 0 Sp. τ Sp. τ Sp. τ Sp. τ Sp. τ Sp. τ Sp. τ Sp. τ Sp. τ Sp. τ Sp. τ

3B
vanilla 4.1× 5.81 3.7× 6.68 4.0× 6.28 3.8× 6.33 2.1× 4.61 3.0× 4.36 1.6× 4.77 1.8× 3.37 2.1× 3.15 1.9× 2.65 2.8× 4.80
PRESTO 4.8× 6.81 5.3× 7.71 4.3× 6.92 4.7× 7.36 4.0× 5.57 3.7× 5.44 3.3× 5.71 2.9× 4.03 2.6× 3.85 2.2× 3.39 3.8× 5.68

× Gain 1.17× 1.17× 1.43× 1.15× 1.08× 1.10× 1.24× 1.16× 1.90× 1.21× 1.23× 1.25× 2.06× 1.20× 1.61× 1.20× 1.24× 1.22× 1.16× 1.28× 1.36× 1.18×

8B
vanilla 2.6× 5.92 2.7× 6.83 3.2× 5.31 3.3× 5.65 3.2× 4.84 3.1× 4.47 2.4× 4.74 1.8× 3.47 2.1× 3.03 1.8× 2.67 2.6× 4.69
PRESTO 5.3× 6.50 4.4× 7.48 3.5× 6.05 3.7× 6.40 3.7× 5.78 3.7× 5.38 3.1× 5.56 2.7× 4.67 2.8× 4.23 2.3× 3.57 3.5× 5.56

× Gain 2.04× 1.10× 1.63× 1.10× 1.09× 1.14× 1.12× 1.13× 1.16× 1.19× 1.19× 1.20× 1.29× 1.17× 1.50× 1.35× 1.33× 1.40× 1.28× 1.34× 1.35× 1.19×

manEval, with the largest gains (+2 to +3 tokens) on math
and code; stronger drafters (Qwen3-8B) yield comparable
relative gains, indicating that PRESTO pushes dFlash’s ac-
ceptance length closer to its upper bound. The same trends
hold on NLD: PRESTO lifts average speedup from 2.8×
to 3.8× on NLD-3B and 2.6× to 3.5× on NLD-8B with
consistent acceptance-length gains. Results under stochas-
tic decoding (T = 1), where the gains become substan-
tially larger due to PRESTO ’s ability to preserve multiple
plausible continuations under uncertainty, are reported in
Appendix E.

5.3. Discussions and Ablations

Effectiveness of prefix-conditioned signal. We ablate
the prefix-conditioned compatibility term ρd by compar-
ing our full scoring function against using only the diffusion
marginal qd. As shown in Figure 4 (top) in Appendix F,
incorporating ρd consistently improves average acceptance
length across tasks, confirming its effectiveness.

Sensitivity to λd. As shown in Figure 4 (middle) in Ap-
pendix F, moderate λd achieves the best acceptance length
across datasets and tree budgets, with λd ≈ 0.2 yielding
the most stable gains. Small values underutilize the prefix-
conditioned signal, while overly large values suppress qd
and substantially degrade performance.

More detailed discussions and ablations including tree oper-
ations overhead and distribution of acceptance length are in
Appendix F.

6. Related Work
Speculative decoding accelerates AR LLMs by drafting
candidates and verifying them in parallel (Leviathan et al.,
2023; Chen et al., 2023), with follow-ups using prediction
heads (Cai et al., 2024) or feature-level drafting (Li et al.,
2025c; 2024; 2025b). Tree-structured drafting further packs
multiple candidates per forward (Miao et al., 2024; Cai
et al., 2024), with adaptive variants improving over static
shapes (Chen et al., 2025; Li et al., 2024; Svirschevski et al.,
2024; Wang et al., 2025). Yet AR drafters cap speedup
by drafter latency. Diffusion LLMs (Nie et al., 2025; Ye
et al., 2025; Wu et al., 2025a; Bie et al., 2026; Cheng
et al., 2025; Fu et al., 2026b) enable parallel generation,
motivating diffusion-based SD: TiDAR (Liu et al., 2025)
achieves self-speculation via joint diffusion-AR training;
dFlash (Chen et al., 2026) pairs a block-diffusion drafter
with target-conditioned KV injection; DiffuSpec (Li et al.,
2025a) and SpecDiff-2 (Sandler et al., 2025) use large
dLLMs as drafters. All remain linear, leaving tree-drafting
gains unrealized. See Appendix G for details.

7. Conclusion
We propose PRESTO, a tree-based SD framework for dif-
fusion LLMs. We identify that diffusion probabilities are
inherently prefix-blind, causing unreliable path ranking un-
der prefix-based AR verification. PRESTO addresses this
via prefix-aligned scoring and priority-based tree search, en-
abling effective exploration of high-quality candidate paths.

6
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Impact Statement
This work aims to improve the efficiency and accessibility of
large language model inference by accelerating speculative
decoding through tree-based diffusion drafting. By increas-
ing throughput while preserving generation quality loss-
lessly, PRESTO reduces the computational cost and latency
of serving high-capacity language models, potentially broad-
ening access to advanced AI capabilities for researchers and
practitioners with limited hardware resources.
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A. Prefix-Mass Decomposition of the Tree Objective
Let V denote the token vocabulary and let T be a prefix-closed tree whose nodes are finite token sequences. Define

T + := T \ {∅}

as the set of non-root nodes. For each node u = (u1, . . . , u|u|) ∈ T +, let |u| denote its depth.

For a sampled path
P = (x1, . . . , xk) ∼ p̃,

define the length-d prefix
P≤d := (x1, . . . , xd).

The accepted-prefix length under tree T is

αT (P ) := max{d : P≤d ∈ T }.

Since T is prefix-closed, the event P≤d ∈ T implies P≤j ∈ T for all j ≤ d. Hence,

αT (P ) =

k∑
d=1

1{P≤d ∈ T }.

Equivalently,
αT (P ) =

∑
u∈T +

1{P≤|u| = u}.

Taking expectation with respect to P ∼ p̃ and applying linearity of expectation,

EP∼p̃[αT (P )] =
∑

u∈T +

Pr
P∼p̃

(P≤|u| = u).

Define the surrogate prefix mass
p̃(u) := Pr

P∼p̃
(P≤|u| = u).

Then
EP∼p̃[αT (P )] =

∑
u∈T +

p̃(u).

If the root node is excluded by convention, then T + = T , yielding Eq. (2).
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B. Experimental Setup for Observations
In this section, we describe the experimental setup used in Section 3 to analyze the behavior of the diffusion drafter.

Model and tasks. We use Qwen3-4B-DFlash as a representative model and aggregate results across all datasets in our main
evaluation (math, code, and chat).

Tree construction. We employ EAGLE-2/3 Beam Search (Li et al., 2024; 2025b) as the default tree search algorithm.
For each candidate token, we record its draft probability qd, prefix-conditioned score ρd, and acceptance outcome. The
prefix-conditioned score ρd is instantiated via an 3-gram model that captures prefix-conditioned compatibility.

Empirical upper bound (Observation 1). To estimate the upper bound on acceptance length achievable by multi-path
exploration, at each position we select the top-10 candidates from the diffusion marginal and enumerate all combinations
into a candidate tree. We then brute-force search this tree to identify the longest prefix accepted by the target verifier. The
gap between linear drafting and this bound (Figure 2(a)) quantifies the headroom available to tree-based methods.

10
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C. KL-Regularized Derivation of the Prefix-Aligned Surrogate
We consider the variational objective

min
p∈∆(V)

KL(p ∥ qd(·))− λdEt∼p
[
log ρd(t | cd)

]
, (9)

where qd denotes the diffusion drafter marginal, ρd(· | cd) is a prefix-conditioned compatibility signal, and ∆(V) denotes
the probability simplex over the vocabulary. We assume qd(t) > 0 and ρd(t | cd) > 0 on the candidate support.

Expanding the KL divergence,

KL(p∥qd) =
∑
t

p(t) log
p(t)

qd(t)
,

the objective becomes

L(p) =
∑
t

p(t) log
p(t)

qd(t)
− λd

∑
t

p(t) log ρd(t | cd).

Including the normalization constraint
∑

t p(t) = 1 with Lagrange multiplier µ, we obtain

J (p) =
∑
t

p(t) log
p(t)

qd(t)
− λd

∑
t

p(t) log ρd(t | cd) + µ

(∑
t

p(t)− 1

)
.

Taking derivatives with respect to p(t),

∂J
∂p(t)

= log p(t)− log qd(t) + 1− λd log ρd(t | cd) + µ.

Setting the derivative to zero yields

log p⋆d(t) = log qd(t) + λd log ρd(t | cd) + C,

where C absorbs constants independent of t. Exponentiating both sides,

p⋆d(t) ∝ qd(t) ρd(t | cd)λd .

Equivalently,

p⋆d(t | cd) =
qd(t)ρd(t | cd)λd

Zd(cd)
, Zd(cd) =

∑
t′∈V

qd(t
′)ρd(t

′ | cd)λd .

Thus, the optimal surrogate takes a product-of-experts form, combining the calibrated marginal signal qd with a prefix-
conditioned correction ρd.
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D. PRESTO on Self-Speculative Diffusion LLMs
We provide a detailed walk-through of how PRESTO is instantiated on self-speculative diffusion LLMs (dLLMs), corre-
sponding to Figure 3. Unlike the standard speculative decoding setup where a small drafter proposes tokens for a larger
verifier, self-speculative dLLMs use the same dLLM as both drafter and verifier: a single forward pass simultaneously
verifies previously drafted tokens and speculates new ones at trailing mask positions. PRESTO turns this single-model
pipeline into a tree-based drafter without any additional model.

At the start of round r, the input sequence consists of three contiguous regions:

• a committed prefix of accepted tokens from previous rounds (green tokens with ✓ in Figure 3, e.g. C, D);

• a verification region containing the draft tokens proposed in round r − 1 (e.g. E, F, G), some of which will be
accepted and some rejected;

• a speculation region of mask tokens (M) appended to the right, at which the dLLM will produce new draft candidates.

A single forward pass over this composite input yields outputs that serve both roles below.

(I) AR verification of the previous draft tree. On the verification region, PRESTO uses the exact KV cache of the
committed prefix together with an AR tree attention mask that restricts each draft token to attend only to its ancestors in the
previous round’s draft tree. This lets a single forward verify all paths of the tree in parallel: each path is checked left-to-right
against the model’s predictions, and the longest accepted prefix across paths is committed (D→F in Figure 3, where E on the
sibling path and G on the same path are rejected). The position immediately after the last accepted token is filled with the
model’s own prediction (F’, G’, H’ in Figure 3), and the accepted tokens become part of the committed prefix for round
r + 1.

(II) Diffusion-based speculation along the accepted path. The speculation region is structured as a set of mask slots
attached to each draft token from the previous round, mirroring the previous round’s draft tree (Figure 3 shows two candidate
paths under verification, D→E and D→F→G). The dLLM denoises all of these mask positions in parallel within the same
forward, but only the mask slots hanging off the accepted path are used for the next round’s drafting. In Figure 3, F is
accepted and G is rejected, so PRESTO reads top-b candidates from the mask slots following F (b = 2 in the figure, e.g.
{H1, H2} at the first such position, {I1, I2} at the next, and so on). The mask slots attached to rejected branches are
produced by the same forward but discarded (marked “Unused” in Figure 3), since their predictions were conditioned on a
context that is no longer part of the committed prefix.

(III) Draft tree construction. The per-position top-b candidates are assembled into a draft tree following the priority-based
expansion of Section 4.2. The root corresponds to the first speculation position, and at depth d each node has up to b
children drawn from the top-b candidates at depth d+ 1. Each child inherits its parent’s cumulative path score S and adds
the local token score sd+1,t(c), so scores are computed incrementally with no redundant work. The frontier is expanded
under beam search with global retention until the tree contains B nodes, after which the top-B paths under S are kept
(Algorithm 1). Crucially, the candidate logits at every depth come from the same forward pass that performed verification,
so tree construction itself adds no additional dLLM forwards.

(IV) Flattening for the next forward pass. The draft tree is then linearised into the input sequence for round r + 1
(bottom of Figure 3). Each draft token is followed by a block of mask tokens that will host the next round’s speculation,
while the tree’s parent–child structure is encoded in the AR tree attention mask used during verification. The result is a
single input on which the next forward pass again performs verification and speculation jointly, completing the cycle.
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E. Results under Stochastic Decoding (T = 1)

Table 4. Decoding speedup over baseline and average acceptance length (τ ) on Qwen3 models with thinking mode disabled and a
maximum of 2048 generated tokens when T=1.

Model Method MATH CODE CHAT Avg.

GSM8K MATH-500 AIME24 AIME25 HumanEval MBPP LCB SWE-Bench MT-Bench Alpaca Avg.

Temperature = 1 Sp. τ Sp. τ Sp. τ Sp. τ Sp. τ Sp. τ Sp. τ Sp. τ Sp. τ Sp. τ Sp. τ

4B
dFlash 4.7× 6.0 5.2× 6.6 3.8× 5.0 3.9× 4.9 4.8× 6.0 4.4× 5.6 5.0× 6.6 2.5× 3.1 2.7× 4.1 2.2× 3.0 3.9× 5.1
PRESTO 7.2× 9.1 7.6× 9.8 6.0× 7.7 6.1× 7.7 7.6× 9.3 7.0× 9.0 6.7× 9.4 4.2× 5.0 4.3× 6.2 3.7× 4.7 6.0× 7.8

× Gain 1.53× 1.52× 1.46× 1.48× 1.58× 1.54× 1.56× 1.57× 1.58× 1.55× 1.59× 1.61× 1.34× 1.42× 1.68× 1.61× 1.59× 1.51× 1.68× 1.57× 1.54× 1.53×

8B
dFlash 4.8× 6.0 5.0× 6.6 3.9× 5.1 3.8× 5.0 4.4× 5.4 4.1× 5.2 5.2× 6.8 2.3× 2.8 2.6× 3.8 2.1× 2.9 3.8× 5.0
PRESTO 7.4× 9.0 7.4× 9.6 6.3× 7.8 6.5× 7.7 7.2× 8.6 6.9× 8.6 7.0× 9.8 4.0× 4.7 4.2× 5.9 3.6× 4.7 6.0× 7.6

× Gain 1.54× 1.50× 1.48× 1.45× 1.62× 1.53× 1.71× 1.54× 1.64× 1.59× 1.68× 1.65× 1.35× 1.44× 1.74× 1.68× 1.62× 1.55× 1.71× 1.62× 1.58× 1.54×

30B
dFlash 4.1× 5.1 4.2× 5.3 3.3× 4.3 3.3× 4.2 5.8× 7.7 5.6× 7.1 3.8× 5.6 2.7× 3.2 2.1× 3.2 1.8× 2.1 3.7× 4.8
PRESTO 4.5× 7.8 5.5× 7.7 3.7× 6.7 3.4× 6.5 6.8× 10.2 7.9× 9.6 4.3× 8.0 4.4× 4.9 3.0× 5.0 2.6× 3.3 4.6× 7.0

× Gain 1.10× 1.53× 1.31× 1.45× 1.12× 1.56× 1.03× 1.55× 1.17× 1.32× 1.41× 1.35× 1.13× 1.43× 1.63× 1.53× 1.43× 1.56× 1.44× 1.57× 1.26× 1.46×

Table 5. Decoding speedup over baseline and average τ on Nemotron-Labs-Diffusion models and a maximum of 2048 generated tokens
when T=1.

Model Method MATH CODE CHAT Avg.

GSM8K MATH-500 AIME24 AIME25 HumanEval MBPP LCB SWE-Bench MT-Bench Alpaca Avg.

Temperature = 1 Sp. τ Sp. τ Sp. τ Sp. τ Sp. τ Sp. τ Sp. τ Sp. τ Sp. τ Sp. τ Sp. τ

3B
vanilla 2.3× 3.82 3.1× 4.15 2.2× 3.29 1.9× 3.50 2.2× 3.04 1.8× 2.74 2.1× 3.03 1.3× 1.96 1.5× 2.05 1.2× 1.78 2.0× 2.94
PRESTO 4.4× 6.29 4.8× 7.03 4.0× 6.52 4.0× 6.31 3.4× 5.22 3.3× 4.82 3.5× 5.28 2.3× 3.70 2.4× 3.58 2.1× 3.12 3.4× 5.19

× Gain 1.91× 1.65× 1.55× 1.69× 1.82× 1.98× 2.11× 1.80× 1.55× 1.72× 1.83× 1.76× 1.67× 1.74× 1.77× 1.89× 1.60× 1.75× 1.75× 1.75× 1.70× 1.77×

8B
vanilla 1.4× 2.97 1.8× 3.41 1.5× 2.58 1.7× 3.00 1.7× 2.61 1.6× 2.39 1.2× 2.28 1.0× 1.77 1.2× 1.73 1.0× 1.53 1.4× 2.43
PRESTO 4.1× 5.65 4.0× 6.59 2.9× 5.10 3.3× 5.70 3.2× 4.94 3.0× 4.42 2.8× 4.75 2.2× 3.68 2.3× 3.53 2.0× 2.99 3.0× 4.73

× Gain 2.93× 1.90× 2.22× 1.93× 1.93× 1.98× 1.94× 1.90× 1.88× 1.89× 1.88× 1.85× 2.33× 2.08× 2.20× 2.08× 1.92× 2.04× 2.00× 1.95× 2.14× 1.95×

PRESTO ’s gains become substantially larger under stochastic decoding. Tables 4 and 5 report decoding speedup
and average acceptance length at T = 1 on dFlash and Nemotron-Labs-Diffusion (NLD). On dFlash, PRESTO achieves
an average 1.54×, 1.58×, and 1.26× throughput improvement on Qwen3-4B, 8B, and 30B respectively, with consistent
acceptance-length gains across all benchmarks. The improvements are even more pronounced on NLD, where vanilla
self-speculative decoding suffers severe degradation under stochasticity: throughput drops to 2.0× on NLD-3B and 1.4×
on NLD-8B, well below their T = 0 levels. PRESTO lifts these to 3.4× and 3.0×, yielding 1.70× and 2.14× relative
gains. This stronger improvement under T = 1 reflects PRESTO ’s core advantage: stochastic decoding amplifies trajectory
uncertainty, which linear drafting cannot accommodate, while PRESTO ’s tree-structured drafting preserves multiple
plausible paths and recovers acceptance length that linear drafting loses.
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F. More Discussions and Ablations

Figure 4. Top: prefix-conditioned signals consistently improve acceptance length. Middle: effect of λd under different datasets and tree
token budgets. Bottom left: Per-step latency breakdown across different model scales. Bottom right: Comparison of accepted lengths
distribution on GSM8K. Note that all results are obtained from Qwen3-4B-DFlash with diffusion block size being 16.

Effectiveness of prefix-conditioned signal. We first ablate the contribution of the prefix-conditioned compatibility term
ρd by comparing our full scoring function with only using the diffusion marginal confidence qd. As shown in Figure 4
top, incorporating ρd consistently improves the average acceptance length across tasks, demonstrating that effectiveness of
prefix-conditioned compatibility.

Sensitivity of λd. Figure 4 middle shows that moderate λd consistently achieves the best acceptance length across different
datasets and tree token budgets, with λd ≈ 0.2 yielding the most stable gains. Small λd underutilizes the prefix-conditioned
signal, while overly large values overly suppress the diffusion confidence qd, leading to substantial performance degradation.

Entropy-Adaptive λd vs. Fixed λd. Beyond the fixed interpolation coefficient λd used in our main experiments, we explore
an entropy-adaptive variant that scales the prefix correction by the diffusion drafter’s uncertainty: confident predictions rely
more on qd, while uncertain ones up-weight ρd. Letting Hd = −

∑
w∈V qd(w) log qd(w) denote the entropy of the diffusion

marginal at depth d, we define

λd(Hd) = β · Hd

Hd + C
,

where β > 0 controls the maximum correction strength and C > 0 stabilises the ratio. Substituting into the token-level
score from Section 4 gives

sd,t(cd) = log qd(t) + λd(Hd) log ρd(t | cd),
which recovers the fixed-λd variant when λd(Hd) is replaced by a constant. Empirically, this entropy-adaptive schedule
yields only marginal gains over the fixed variant (Figure 4, top), suggesting that a simple fixed λd already captures most of
the benefit.

Overhead Analysis. As shown in Figure 4 bottom left, target-model verification dominates the overall decoding cost across
all model scales, accounting for 81%–97% of the total latency. In contrast, tree-related operations contribute only 0.7%–4%
of the per-step latency, which is almost negligible compared with the cost of target-model verification.
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Acceptance Length Distribution Analysis. Figure 4 bottom right shows that PRESTO consistently shifts the acceptance-
length distribution toward longer accepted prefixes. Compared to vanilla diffusion drafting, short acceptance cases are
substantially reduced, while long-prefix and full-block acceptance become significantly more frequent.
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G. Detailed Related work
G.1. Speculative Decoding

Speculative decoding (Leviathan et al., 2023; Chen et al., 2023) accelerates AR models by drafting tokens with a fast
proposer and verifying them in parallel with the target model, provably preserving the target distribution. This guarantee
relies on the target model possessing a well-trained verify distribution. A line of follow-up work eliminates the external
drafter or improves draft quality: Medusa (Cai et al., 2024) augments the base LLM with multiple prediction heads and
uses tree attention for parallel verification; the EAGLE family (Li et al., 2025c; 2024; 2025b) exploits feature-level context
from the frozen target model, with EAGLE-1 predicting future hidden states to boost acceptance, EAGLE-2 introducing
adaptive drafting trees, and EAGLE-3 refining training objectives to scale speedups; and SpecInfer (Miao et al., 2024)
proposes tree-structured verification. Multi-token prediction (MTP) (Samragh et al., 2025) trains models to predict multiple
future tokens simultaneously. Despite these advances, most existing methods rely on autoregressive drafting, which remains
inherently sequential and limits attainable speedups.

G.2. Tree Construction in Speculative Decoding

A complementary line of work focuses on how draft tokens are organized for parallel verification. Medusa (Cai et al., 2024)
popularized tree-structured drafting by packing multiple candidate continuations into a single token tree and verifying them
in one forward pass via a topology-aware attention mask. However, this tree mask is hand-crafted and static. SpecInfer (Miao
et al., 2024) introduced token-tree verification with provable distribution preservation. Subsequent work moves beyond fixed
shapes: Sequoia (Chen et al., 2025) formulates tree construction as a dynamic-programming problem, jointly optimizing
the tree topology and a hardware-aware tree size for a given accelerator. SpecExec (Svirschevski et al., 2024) pushes draft
trees to massively parallel sizes (thousands of nodes) to amortize the cost of offloaded weights on consumer hardware
based on Best First Search like tree construction algorihtm. EAGLE-2 (Li et al., 2024) observes that draft acceptance
is context-dependent and uses the calibrated confidence scores of the EAGLE drafter to construct a dynamic draft tree
per step via beam search. OPT-Tree (Wang et al., 2025) formalizes the objective as maximizing the expected acceptance
length and searches for the adaptive tree structure that attains it under a node budget. These methods consistently show that
careful tree drafting contributes a substantial fraction of end-to-end speedup. However, they all assume an autoregressive
drafter that produces tokens sequentially with conditional probabilities along each branch, and extending tree construction
to diffusion-based drafters, whose draft tokens are produced in parallel remains an open problem that our work directly
addresses.

G.3. Diffusion-based Speculative Decoding

Recent work explores using diffusion models as drafters within speculative decoding, combining the parallelism of diffusion
drafting with the quality guarantee of AR verification. TiDAR (Liu et al., 2025) jointly trains diffusion and autoregressive
objectives in a sequence-level hybrid, enabling parallel “thinking” via diffusion and sequential “talking” via autoregressive
decoding, though final generation quality is not yet lossless. DiffuSpec (Li et al., 2025a) and SpecDiff-2 (Sandler et al.,
2025) employ large pretrained dLLMs as speculative drafters, with inference-time search or train–test alignment to improve
acceptance. However, these approaches rely on massive drafters (e.g., 7B parameters), incurring substantial memory and
latency overhead. While they achieve long acceptance lengths, the high drafting cost often offsets the practical speedups in
real-world serving scenarios. Recently, DFlash (Chen et al., 2026) proposes to employ a lightweight block-diffusion drafter
conditioned on context features extracted from the target model, generating an entire block of draft tokens in a single forward
pass and reporting over 6× lossless acceleration. Similarly, DART (Liu et al., 2026) performs parallel logit prediction over
multiple masked positions and assembles drafts via N-gram-guided tree pruning. However, its tree construction relies on a
fixed, hand-tuned scoring rule with hard-coded hyperparameters, which leaves no principled way to adapt the tree shape
to different budgets, drafters, or target models without re-tuning. In contrast, PRESTO formulates tree construction as
priority-based expansion under a unified path score, yielding a single algorithmic framework that extends across budgets
and drafter designs.
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H. Limitations
PRESTO requires a tractable prefix-dependent signal ρd to correct the diffusion drafter’s prefix-blind marginals; we use a
3-gram model, which is cheap and effective but captures only short-range lexical compatibility, and richer choices remain
to be explored under the constraint that ρd stays cheap enough not to erode the speedup. Moreover, our entropy-adaptive
variant of λd yielded only marginal gains, suggesting that more sophisticated adaptation may require a learned schedule.
Last, characterising PRESTO across larger batch sizes, longer contexts, and a broader hardwares is also meaningful, which
we leave to future work.
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