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Fig. 1: Continuous speculative decoding accelerates the inference speed while main-
taining the generation quality. For each panel, left: image generated by MAR; right:
image generated by MAR with continuous speculative decoding with speed-up ratio.

Abstract. Continuous visual autoregressive (AR) models have demon-
strated promising performance in image generation, but their inherently
sequential nature results in slow inference speed. Speculative decoding, a
successful acceleration technique for large language models (LLMs), has
effectively accelerated discrete visual AR models. However, the absence
of an analogous theory for continuous distributions precludes its use in
accelerating continuous AR models. To fill this gap, this work presents
continuous speculative decoding, and addresses challenges from: 1) low
acceptance rate, caused by inconsistent output distribution modeled by
target and draft models, and 2) modified distribution without analytic
expression, caused by a complex integral. For challenge 1), we address
low acceptance rates through an approximated criterion, a novel denois-
ing trajectory alignment strategy based on reparameterization proximity,
and token pre-filling. For challenge 2), we introduce acceptance-rejection
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Fig. 2: Comparison between discrete and continuous speculative decoding. Discrete
situation offers the convenience of directly computing probabilities and simply sampling
from modified distributions. In contrast, continuous situation faces challenges in the
inconsistency of output distributions, leading to low acceptance criterion as well as low
acceptance rate, and the modified distributions without analytic expression, caused by
complex integral.

sampling algorithm with an appropriate upper bound, thereby avoid-
ing explicitly calculating the integral. Furthermore, our denoising trajec-
tory alignment is also reused in acceptance-rejection sampling, effectively
avoiding repetitive diffusion model inference. Extensive experiments on
various models at 256x256 and 512x512 resolutions demonstrate that
our approach achieves over 2x wall-time speedup while preserving the
image generation quality.

Keywords: Visual autoregressive models - Image generation - Specula-
tive decoding - Diffusion models

1 Introduction

Autoregressive (AR) models have demonstrated significant potential and achieved
competitive performance in image generation tasks [7,27,37,39,43]. Existing ap-
proaches operate either in discrete token spaces using vector quantization [24,43]
or in continuous latent spaces with a diffusion model [17, 33, 38, 41]. Discrete
AR models suffer from training instability and reconstruction degradation intro-
duced by vector quantization [24,43]. In contrast, continuous visual AR models
predict continuous latent variables via denoising-based transitions conditioned
on previous tokens [11,26], overcome the issues of the discrete counterparts and
offer a promising solution for autoregressive image generation. However, similar
to LLMs, continuous visual AR models remain slow at inference due to their
inherently sequential decoding process.

To accelerate autoregressive inference, speculative decoding [3,15] has proven
effective for LLMs. This algorithm employs a draft-and-verification mechanism,
where a smaller draft model generates several draft tokens, and which are then
verified in parallel by a larger and more powerful target model. The acceptance
of each draft token depends on the probability ratio (likelihood ratio) between
the target and draft model distributions. Tokens with higher ratios are more
likely to be accepted. Recent work has extended speculative decoding to discrete
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visual AR models [12, 36]. However, these methods assume discrete categorical
output distributions and do not directly extend to continuous domains.

This paper introduces Continuous Speculative Decoding, a novel frame-
work to accelerate inference for continuous visual AR models. Applying spec-
ulative decoding to continuous distributions presents two core challenges, as
illustrated in Fig. 2: a) Low acceptance rate. the draft and target models
often learn divergent data distributions. As a result, samples generated by the
draft model may lie outside high-probability regions under the target model,
leading to low probability ratios and low acceptance rates. b) Non-analytic
modified distribution. When a proposed token is rejected, a new token will
be drawn from the modified distribution. In continuous distributions, this dis-
tribution lacks an analytic expression due to a complex normalizing integral,
making direct sampling intractable.

To overcome these challenges, we propose a set of synergistic solutions. First,
we address the low acceptance rate via a three-pronged approach: (i) an approz-
imated acceptance criterion computed using the probabilities of the samples
drawn from the draft model and the target model, respectively, enabling effi-
cient sampling; (ii) a denoising trajectory alignment method, grounded in a the-
ory of reparameterization proximity, to minimize the distributional divergence
while reducing the bias introduced by the approximated acceptance criterion;
and (iii) a token pre-filling strategy to stabilize acceptance rates in early gener-
ation steps. Second, to sample from the non-analytic modified distribution, we
employ an acceptance-rejection sampling scheme [2]. We derive an appropriate
upper bound to avoid computing the complex integral and introduce an easy-
to-compute rejection threshold by reusing the property of denoising trajectory
alignment, thereby avoiding extra model inference.

Our continuous speculative decoding can be integrated seamlessly into many
existing models, as shown in Fig. 1. We validate the effectiveness of our algorithm
on various continuous visual AR models [17,33,40] at two resolutions (256 &
512) through qualitative and quantitative evaluations. Specifically, we measure
wall-time improvements and report image generation quality using different eval-
uation metrics, including Fréchet Inception Distance (FID) [10] and Inception
Score (IS) [30]. Extensive experiments show that our algorithm achieves over 2x
inference speedup while maintaining generation quality.

Our contributions can be summarized as follows:

— We are the first to propose continuous speculative decoding, bridging the gap
of speculative decoding to continuous distributions and enabling substantial
acceleration of continuous visual AR models.

— We address the problem of low acceptance rate in continuous speculative
decoding via a novel approximated criterion, denoising trajectory alignment,
and token pre-filling.

— We enable tractable sampling from the modified distribution via a tailored
acceptance-rejection sampling scheme with a proper upper bound.

— We validate our proposed method into three existing continuous visual AR
models without extra training or architectural changes. Extensive experi-
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ments show that it achieves over 2x inference speedup while fully maintain-
ing generation quality.

2 Related Work

2.1 Autoregressive Image Generation

Autoregressive (AR) models are widely used in image generation. Early works
perform generation at pixel level using CNN [5,27], RNN [39] and Transformer [4,
29]. VAR [37] modifies the autoregressive paradigm into next-scale prediction to
gradually increase the scale of predictions. Similar to the autoregressive lan-
guage model, AR image generation through discrete token prediction is scalable
to text-conditioned image generation [22,34,44]. However, training discrete im-
age tokenizer is difficult, and its ability to convey detailed visuals is still ques-
tionable [24,43]. GIVT [38] represents continuous tokens via Gaussian mixture
models. MAR [17] and DisCo-Diff [41] generate tokens via diffusion process [11]
conditioned by the autoregressive model. HART [35] employs discrete and con-
tinuous tokenizer to generate images, with classification for discrete tokens and
denoising for the residual between primitive visual tokens and discrete tokens.
xAR [33] extends the conception of token and reformulates discrete token clas-
sification as continuous entity regression. However, autoregressive models suffer
from heavy inference overhead. The inference speed is slowed down by step-by-
step generation.

2.2 Speculative Decoding

Speculative decoding [3,15] achieves lossless acceleration by verifying the draft
model with the target model. Following this, previous works mainly focus on
reducing draft model overhead and strengthening the consistency between the
draft and target models. SpecInfer [25] employs multiple small draft models and
aggregates their predictions into a tree structure to be verified through tree-
based parallel decoding. Eagle [19,20] improves the draft accuracy through the
prediction at the feature level instead of the token level to tackle the feature un-
certainty problem. Jacobi iteration is also employed to reduce inference overhead
in the decoding process [14,31,45,46]. Online Speculative Decoding [23] and Dis-
tillSpec [47] align the output from the draft model with the target model with
more training. Speculative decoding can achieve lossless acceleration theoreti-
cally, but the generation quality may be affected under a larger speed-up ratio.
BiLD [13] proposes a more relaxed acceptance condition. Besides, finetuning the
target model can also improve generation quality [1,14,42].

Current literature explores applying speculative decoding to accelerate au-
toregressive image generation. Methods like SJD [36] combine speculative ver-
ification with Jacobi iterations to boost speed without sacrificing variety. Fur-
thermore, LANTERN [12] and LANTERN++ [28] leverage relaxed candidate
selection to manage distribution ambiguity and preserve image quality. Despite
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Fig. 3: The overview of continuous speculative decoding. The diffusion model compo-
nent of continuous AR models is leveraged. Tokens 1 ~ 3 are prefix tokens, and token
x is to be verified. In this method, z is accepted if g(z) < p(z). Otherwise, z is rejected
with probability 1 — p(z)/q(z), followed by sampling x’ from the modified distribution
via acceptance-rejection sampling.

reducing total inference steps, these techniques are fundamentally limited to
discrete token spaces. This paper addresses this limitation by proposing a con-
tinuous speculative decoding framework specifically designed for continuous au-
toregressive models.

3 Methodology

This section introduces our continuous speculative decoding framework for vi-
sual autoregressive models. We first extend discrete speculative decoding to con-
tinuous diffusion trajectories, then analyze why direct application leads to low
acceptance rates. To mitigate this, we propose denoising trajectory alignment
and target-token pre-filling to reduce draft-target inconsistency. Finally, we de-
rive an efficient acceptance-rejection sampling strategy for resampling from the
modified distribution.

3.1 From Discrete to Continuous Speculative Decoding

We first introduce the discrete form of speculative decoding. It utilizes a draft
model M, with output distribution ¢(z) and a target model M, with p(z). M,
generates a sequence of draft tokens x;.; = {x;,...,z;} where x ~ ¢(z), which
are then verified by M, in parallel. x is accepted if the acceptance criterion
p(z)/q(xz) > 1; otherwise, it is rejected with probability 1 — p(x)/q(z) and re-
sampled from a modified distribution p/(z) = norm(max(0,p(z) — ¢(x))) =
maz(0,p(x)—q(x))
22 max(0,p(z")—q(z’)) "
Then, we discuss continuous speculative decoding (see Fig. 3). In continuous

visual AR models [17], the output distribution is typically modeled via a diffusion
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model [11,26], namely:

o

p(l'N,O:Ty |351:N—1) ZP(JJN,T) p(xN,t—1|l'N,ta$1:N—1)a (1)

t

1

where N represents N-th autoregressive step. ¢ € [0, 7] is the diffusion timestep.
x N+ represents the state of z at autoregressive step N and diffusion timestep ¢.
x1.n-1 = {®1,22,...,2y-1} denotes the variables before step N. For simplicity,
we omit N and z1.y—1 and let Y = xq.7 to obtain p(Y) = p(ar) Hthl p(zi_1|zt).

Acceptance Criterion. The acceptance criterion is defined as the ratio of
the probability under target distribution to the one under draft distribution,
that is, p(zo.7)/q(xo.7). In discrete form, the probability can be directly ob-
tained. But in continuous form, the probability is usually obtained via diffusion
process |11,32]. Specifically, 2.7 is sampled from draft model via reverse diffu-
sion (denoising) process. So the ratio is given by:

p(Y) _ plen) Ty (o) @)
aYV)  qler) 11—y ¢(zealze)

where zr is sampled from Gaussian noise and p(x;_1|x;) is approximated as
a Gaussian distribution through a neural network with parameter 6 [26], and
o (e, t) and Xg(x¢,t) are mean and variance predicted by 6, that is:

p(xi—1]me) = N(zp—1; po(e, t), To(xy,1)). (3)

However, this approach is impractical because the acceptance rate is low. As
shown in Table 1 and discussed in Appendix A.1, the draft model’s trajectory
xo.7 inherently diverges from the target model’s expected trajectory. In each
denoising step, samples drawn from the draft model’s distribution ¢ are unlikely
to fall near p of the target distribution p, which results in a low single-step
ratio p/q. As the multi-step denoising process proceeds, the overall p(Y)/q(Y)
becomes extremely small.

Therefore, our work adopts a more practical approximation: the ratio of the
joint probabilities p(Y,)/q(Y;,), where both Y, and Y, share the same xg. This
ratio serves as a surrogate for the shared path ratio. Then, the ratio is calculated
through:

T
p(Yy) p(af) | Y p(x]_y|zt)
= = ,
a(Ya)  q(af) [Timy alz?_y|29)
Modified Distribution. When a draft token is rejected, a new token is
resampled from the modified distribution p’(z). Following the discrete formula-
tion, p’(z) is derived from the normalization of max (0, p(x) — g(z)). Therefore,

replacing the summation in the normalization denominator of the discrete form
with integral yields the continuous form, namely:

max(o,p(? =YD herez = [ maz(0,p(Y") — g(¥")dv". (5)
»

xh =zl = xo. (4)

pY) =
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Table 1: Probability ratio of different calculation approaches. Y denotes the shared
denoising trajectory of the sample. Y, and Y, represent the samples generated by the
target model and the draft model through the denoising process, respectively.

Probability ratio Value Acceptance rate
p(Y)/q(Y) 5.33x 107 0.0%
p(Yp)/q(Yy), w/o align  0.067 14%
p(Yp)/q(Yy), w/ align 1.86 32%

max(0, p(x) - g(x))

Modified distribution: p'(x) = T max(0, 5y a0 iw
z(T) Denoising process @ 040

/ \\ 2
N =

Similar output 015

Y
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T
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Distinct output

Fig. 4: Tllustration of denoising trajectory alignment. Fig. 5: Illustration of distribu-
The denoising process maps the noise distribution to tions. Dashed lines: draft and
data distribution through gradual denoising. These target distributions. Red area:
denoising steps form a trajectory. The aligned trajec- modified distribution (unnor-
tory (orange curve) leads to a similar output distribu- malized, omitting Z for sim-
tion, while the unaligned one (red curve) produces a plicity), whose integral lack an
far-away one, obtaining low p(Y})/q(Yy). analytic expression.

However, in practical operation, an extremely low acceptance rate emerges, as
shown in Table 8, thereby leading to poor acceleration performance. To address
this, we propose the following methods.

3.2 Mitigating distribution inconsistency

Under the acceptance criterion given by Equation 4, the acceptance rate « is
extremely small (nearly 0%). We attribute this to two sources of inconsistency
in continuous visual AR models: 1) inconsistency in diffusion process, and
2) inconsistency in autoregressive process.

Inconsistency in Diffusion Process. Significant inconsistency exists in
the denoising process. As illustrated in Fig. 4, using the approximated accep-
tance criterion, draft and target denoising trajectories diverge to different out-
puts. The output distance between the two distributions is large. Besides, the
approximated acceptance criterion is also biased relative to the original proba-
bility ratio, and therefore it does not preserve the unbiasedness guarantee of the
original speculative decoding.

We propose denoising trajectory alignment to enhance the consistency of the
output distributions and reduce the degree of bias. Note that in Equation 3, z7_,
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is obtained via reparameterization given by z7_, = /X5 (2}, t) - e} + ph (2}, t),
where e ~ N(0,1) (same for 2} ;). Denoising trajectory alignment can reduce
the expected distance between 2 _; and xf_,, promised by the following theorem.

Theorem 1 (Reparameterization Proximity). Setting e} = ef in reparam-

eterization reduces the expected distance E [ngq - I’f71||2:| between x}_, and

i by 2-tr [\/Zfﬂtp} .
Detailed proofs can be found in Appendix A. Note that:
exp {5 [me—1—po (e, )T Ly (e, 1) [we 1 — po (e, 1))}

(V2m)m /[ Zg(xe, t)]
1

1
= exp{istTat}, z € {af, 2]}, e € {eV, €7}

(V2m)" /[ Zo (. 1)] o

p(xt—l|xt) =

The ratio p(at_;|2zt)/q(x]_,|z}) given g, = &} = ef is:
1 LT
—1 —_exp{icle
pbalet) _ ey S e i
q(zf_y|zf) WMGXP{%QT&} VIZE

For simplicity, we define:

(7)

B ENIUETD ®
t=2 t=2

Substituting X' into Equation 4 makes (assuming p(z%) = g(z%)):

p(¥,)  pah)p(@ola?) TT_y p(ef_1|2})  po(wolat)

1) q@pa(wola]) TTims a(af_f2f)  do(woled)

Therefore, at each step, employing the same ¢; reduces the expected distance

by 2 - tr [27XP], which enables the two models to generate closer samples and
finally increases the acceptance rate, as shown in Table 1.

Inconsistency in Autoregressive Process. Inconsistency also arises in
autoregressive steps. Fig. 9 shows that acceptance rate « is very low (5%) at
the initial AR steps, and it increases progressively as AR steps grow. This stems
from the different draft and target prefix embeddings [17]. Owing to this, the AR
models naturally yield divergent predictions, which in turn leads to low «a. As
the AR steps increase, the inputs of the two models gradually converge, thereby
improving consistency between their outputs and finally raising the «.

To address this, we propose pre-filling a portion (e.g., 5%) of tokens from the
target model to ensure a consistent prefix. This does not increase inference la-
tency, as speculative decoding at a low acceptance rate is functionally equivalent
to the target model step-by-step decoding [15]. Furthermore, pre-filling improves
the overall acceptance rate.

Finally, p(Y,)/q(Y,) can be computed with the help of denoising trajectory
alignment and token pre-filling to obtain a considerable acceptance rate.

(9)
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3.3 Resample from the modified distribution

The simplified illustration of Equation 5 is shown in Fig. 5. Unlike discrete form,
where > max(0,p(x) — ¢(x)) can be directly computed, the analytic expression
of Z can’t be computed because it involves the integral of the product of a series
of Gaussian distributions given by Equation 4 and 3. Therefore, p/(Y") cannot
be directly sampled.

To tackle this problem, a viable approach is acceptance-rejection sampling [2],
which first samples from a proposal distribution, and then calculates a pre-
defined rejection threshold o and samples € ~ U(0, 1). If € < a, the sample is
accepted, otherwise it is rejected and sampling from the proposal distribution
will be repeated until the sample is accepted.

To realize this sampling method, we first define a; as:

p'(Y)
= 22 10
M -p(Y) 1o
where p(Y) is the target distribution, and M is the upper bound factor that
holds M - p(Y) > p'(Y) for any Y. Given max(0,p(Y) —q¢(Y)) < p(Y), M is set
to 1/Z considering that:

maz(0,p(Y) — q(Y)) < p(Y)

Pr) = - <) M p(y), (1)

We substitute M = 1/Z into Equation 10 to eliminate Z:

maz(0,p(Y) —q(Y))/Z _ max(0,p(Y) — ¢(Y))
p(Y)/Z p(Y) '

Equation 12 gives the analytic expression of s without calculating Z. However,
in its naive implementation, repetitive diffusion model inference is needed to
sample p(Y). It brings heavy extra overhead. To tackle this problem, denoising
trajectory alignment is introduced to simplify Equation 12. Accordingly, we have
derived the following corollary.

(12)

Qg =

Corollary 1 (Easy-to-Compute Rejection Threshold) With denoising tra-
jectory alignment introduced from Equation 9, the rejection threshold as has the
easy-to-compute form:

maz(0, X - po(wo|zl) — qo(wo|z]))
- po(xolah)

(13)

Qg =

See Appendix A for detailed proofs. In this form, ¢ is sampled from pg(xo|z?),
which is merely a Gaussian distribution defined by Equation 3, thus avoiding
extra model inference. We can compute o by gathering X' and sampling x( from
the Gaussian distribution, thereby completing the acceptance-rejection sampling
to obtain samples equivalent to those derived from sampling p’(Y).
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Fig. 6: Images generated by MAR with continuous speculative decoding.

Table 2: Results of speedup ratio and acceptance rate « on MAR and xAR under
different draft lengths and batch sizes. The bs refers to batch size.

Speedup ratio
M, M, ¥ o ‘

| bs=1  bs=8 bs=128 bs=256

MAR-H MAR-B 32 0.19 | 1.44x 1.61x 2.17x 2.33x
MAR-H MAR-B 16 0.26 | 1.37x  1.51x 2.07x 2.20x
MAR-H MAR-B 8 0.27 | 1.26x  1.44x 1.88x% 1.96x
MAR-H MAR-B 4 0.30 | 1.11x  1.20x 1.56 % 1.62x

xAR-H  xAR-B 32 022 | 1.77x 2.10x 2.52X 2.72x
xAR-H  xAR-B 16 0.26 | 1.58x  2.06x 2.31x 2.61x
xAR-H  xAR-B 8 0.29 | 1.61x 1.86 % 2.07x 2.18x
xAR-H  xAR-B 4 0.36 | 1.30x 1.62x 1.92x 2.11x

4 Experiment

4.1 Implementation Details

We evaluate our method across several open-source continuous visual autoregres-
sive models: MAR [17], xAR [33], and Harmon [40]. Experiments are conducted
on ImageNet [6] for MAR and xAR at 256 x 256 resolution, while Harmon
is tested at both 256 x 256 and 512 x 512 resolutions, leveraging its diverse
pre-training data. We pair draft models—MAR-B (208M), xAR-B (172M), and
Harmon-0.5B—with their corresponding target models: MAR-H (943M), xAR-
H (1.1B), and Harmon-1.5B. Performance is reported using Fréchet Inception
Distance (FID) [10] and Inception Score (IS) [30] for MAR and xAR, and FID,
CLIPScore [9], and Geneval [8] for Harmon. Speedups are reported based on
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Table 3: Results of speedup ratio and acceptance rate o on Harmon under different
resolutions, draft lengths, and batch sizes (bs). Due to CUDA out-of-memory, this set
of experiments opt for smaller batch sizes.

Resolution ‘

Speedup ratio

M, M, 0

‘ bs=1 bs=8 bs=16 bs=32

Harmon-H Harmon-B 32 0.17|1.47x 1.67x 1.88x 2.05x

956 Harmon-H Harmon-B 16 0.21 | 1.41x 1.58x 1.78x 1.93x
Harmon-H Harmon-B 8 0.25| 1.29x 1.44x 1.60x 1.72x
Harmon-H Harmon-B 4 0.33 | 1.11x 1.22x 1.33x 1.42x
Harmon-H Harmon-B 32 0.15|1.63x 1.94x 2.23x 2.54X

512 Harmon-H Harmon-B 16 0.23 | 1.55x 1.83x 2.09x 2.35x
Harmon-H Harmon-B 8 0.25| 1.41x 1.65x 1.85x 2.05x
Harmon-H Harmon-B 4 0.38 | 1.20x 1.37x 1.50x 1.63x

Table 4: Evaluation of FID and IS on unconditional and conditional generation, com-
pared with original MAR-L and MAR-H models. Our method achieves acceleration
while maintaining performance within a reasonable interval.

M, M, ‘ w/o CFG ‘ w/ CFG
| FID| ISt | FIDJ ISt
MAR-L 2.60 221.4 1.78 296.0
MAR-L MAR-B | 2.59+0.04 218.4+3.4 | 1.81+0.05 303.7+4.3
MAR-H 2.35 227.8 1.55 303.7
MAR-H MAR-B | 2.36+0.05 228.5+2.2 | 1.60+0.05 301.6+2.6
MAR-H MAR-L | 2.34+0.04 228.9+28 | 1.57+0.04 301.4+2.5

wall-clock time on a single NVIDIA A100 GPU. More details of experiment
settings, ablation studies and quantitative results can be found in Appendix.

4.2 Main Results

Speedup results. As shown in Tables 2 and 3, the speedup ratio and acceptance
rate exhibit a positive correlation with batch size, with draft lengths ranging
from 8 to 32. This trend highlights the growing efficacy of speculative decoding
in higher-throughput scenarios. Specifically, our algorithm achieves substantial
speedups of 2.33x on MAR, 2.72x on xAR, and 2.54x on Harmon, demonstrat-
ing robust performance across diverse model architectures.
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Table 5: Evaluation of FID and IS for xAR models. The results show that using
different draft models maintains generation quality (FID and IS) within a stable range
compared to the target models alone.

M, M, | FID| ISt
xAR-L 1.87 274.8
xAR-L xAR-B 1.8840.08 270.446.9
xAR-H 1.79 288.9

xAR-H xAR-B 1.82+0.07 286.1+4.2
xAR-H xAR-L 1.78+0.07 287.7+2.7

Table 6: Evaluation of FID and CLIPScore for Harmon with continuous speculative
decoding on MSCOCO and MJHQ. The results show consistent performance between
the standalone model and the speculative decoding setup.

M, M, | FID | CLIPScore

| MSCOCO  MJHQ | MSCOCO
Harmon-H 8.39 5.15 34.8
Harmon-H  Harmon-B 8.38 5.13 34.7

Table 7: Harmon Evaluation of Geneval. The results demonstrate the performance
across various fine-grained tasks, comparing the standalone Harmon-H model with the
Harmon-H and Harmon-B combination.

M, M, ‘Single Obj. Two Obj. Counting Colors Position Color Attri. Overall
Harmon-H 0.99 0.86 0.66 0.85 0.74 0.48 0.76
Harmon-H Harmon-B 0.99 0.83 0.66 0.86 0.74 0.44 0.75

Quantitative results. Tables 4 and 5 present the class-conditioned and uncondi-
tioned FID and IS metrics for our continuous speculative decoding applied to
MAR and xAR. For Harmon, FID on MSCOCO [21] and MJHQ [16], along-
side CLIPScore [9] and Geneval [§] are reported in Tables 6 and 7. We conduct
multiple experiments and report the average performance and the standard devi-
ation to ensure the reliability of our conclusions. These results demonstrate that
our algorithm significantly preserves the quality of generated images, which will
be further discussed in subsequent sections. Thus, our approach offers a robust
solution for efficient and reliable model inference.

Qualitative results. Visual comparisons in Figures 6 and 7 demonstrate the su-
perior image quality produced by our algorithm. While Figure 6 highlights the
qualitative results of our method, Figure 7 provides a direct contrast with the
baseline MAR-H (autoregressive steps=256) under varying draft lengths . These
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Table 8: Ablation study on the accep- Table 9: Ablation study on pre-filling
tance rate o and the average distance of ratio. Underline indicates the highest
each draft and target token with and with- speedup. Bold means the highest a.

out denoising trajectory alignment under
different draft length ~.

«o/Speed
M, M, u /Sp
= ] o 5% 15%
M, M, "Y‘ @ | E[llz” —a|]

| |w/o align w/ align|w/o align w/ align ~ MAR-H MAR-5(32|0.25/163x 0.30/1.63x 0.33/1.61x
MAR-H MAR-B|32| 0.07 0.30 2.56 1.13 MAR-H MAR-B|16/0.32/1.563% 0.33/1.52x 0.34/1.51x
MAR-H MAR-B|16| 0.07 0.33 2.36 0.91 . p
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Fig. 7: Qualitative Comparison Results. We Fig.8: Plots of acceptance rate «
show the images using different draft length . along with draft lengths v on MAR.

visualizations confirm that our approach achieves significant acceleration while
preserving image fidelity.

4.3 Ablation Study

The o vs. . The relationship between acceptance rate « and draft length v on
MAR model is depicted in Fig. 8. As the length of the draft increases, the accep-
tance rate tends to decline. This observation suggests that while longer drafts
can substantially mitigate inference overhead, they are intrinsically constrained
by the capabilities of the draft model itself. Consequently, an increase in the
number of draft lengths is associated with greater deviations from the target
model’s distribution, ultimately leading to reduced acceptance rates.

Effectiveness of denoising trajectory alignment. Table 8 shows the acceptance
rate and the average distance of each draft and target token with and with-
out denoising trajectory alignment. The results show that, denoising trajectory
alignment reduces the distance between the draft tokens and the target tokens.
Before alignment, the distance between them reaches > 2, leading to quite small
a. As the distance is reduced to ~ 1, the probability ratio increases, further
increasing the o to > 30%.
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Fig. 9: Plots of per-step acceptance rate o under different pre-filling ratios, along with
different draft length v, averaged on 1000 samples from MAR.

w/o denoising trajectory alignment

Fig. 10: The examples without (upper) and Fig.11: Comparing image generation
with (lower) denoising trajectory alignment. quality under different token pre-filling
After alignment, the generated images ex- portions. The integration of token pre-
hibit a reduction in deformations and arti- filling mitigates anomalies and synthesis
facts, thereby achieving higher quality. errors, enhancing visual fidelity.

Fig. 10 illustrates the image generated with and without alignment. With-
out denoising trajectory alignment, using trajectories sampled from the draft
and target models independently leads to significant divergence, which not only
reduces the token acceptance rate but also causes deformations and artifacts.
This quality degradation is attributable to the fact that the approximate ac-
ceptance criterion is biased relative to the original probability ratio. With the
application of denoising trajectory alignment, these negative effects are allevi-
ated: divergence is significantly reduced, token acceptance rates are improved,
and deformations and artifacts are effectively eliminated.

Influence of pre-filled tokens. The ablation study of pre-filling ratios at 0%,
5%, and 15% on MAR model is illustrated in Fig. 9. Pre-filling can compensate
for the low acceptance rates observed during the initial stages of autoregressive
sampling and enhance the overall acceptance rate, as shown in Table 9. Moreover,
Fig. 11 shows the visualizations under different pre-filling ratios. Notably, the
discrepancies between the draft and the target model result in certain artifacts
and reduced image quality at 0% pre-filling. However, introducing a modest
proportion of pre-filled tokens from the target model has effectively mitigated
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these artifacts. As the pre-filling ratio increases, the advantages conferred by this
approach exhibit diminishing returns.

5 Conclusion

We present continuous speculative decoding to accelerate continuous visual AR
models. We propose denoising trajectory alignment based on proximity in the
reparameterization theorem and token pre-filling to enhance the acceptance rate.
Acceptance-rejection sampling is introduced with a proper upper bound to sam-
ple the modified distribution without analytic expression. The repetitive diffu-
sion model inference is tackled by reusing denoising trajectory alignment. Exten-
sive experiments show that our algorithm achieves over 2x speedup while main-
taining the output distribution. We expect our work will provide more thoughts
and insights into the inference acceleration with continuous autoregressive mod-
els in vision and other domains.
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