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Abstract

Since next-scale prediction was introduced as a new paradigm
for autoregressive image generation, it has attracted extensive
research interest. By progressively increasing resolution in
a draft-to-refinement process, next-scale prediction demon-
strates great potential in both generation quality and effi-
ciency. However, at high resolutions, this paradigm faces a
fundamental challenge: token sequences grow quadratically
and accumulate across multiple scales, resulting in a crit-
ical performance bottleneck. Our systematic study reveals
two key observations: (1) most image regions stabilize dur-
ing early drafting stages, rendering subsequent full-scale re-
finement token-inefficient; and (2) different scales inherently
present efficiency-fidelity trade-offs, suggesting that adaptive
token dispatch across scales can concentrate computational
resources where they yield the greatest quality gains. Moti-
vated by these insights, we propose a training-free Mixture
of Scales (MoSs) method for efficient high-resolution au-
toregressive image generation. MoSs breaks the strict causal
dependency across scales in the final refinement steps by
parallelizing scales of different resolutions, with each scale
responsible for a subset of spatial regions. A lightweight
frequency-based token dispatcher analyzes the drafted im-
age and assigns regions to the appropriate scale. The out-
puts are then composited over the draft to produce the final
high-resolution image. The scale-mixture method achieves
substantial efficiency improvements with minimal impact
on generation quality across various models. For instance,
our implementation achieves 2.05-4.96× speedup on trans-
former backbone, up to 85.62% KV cache reduction, while
incurring only 0.1-2.4% loss on GenEval quality metrics, as
demonstrated on the state-of-the-art Infinity model.

Introduction
Text-to-image generation has emerged as a central challenge
in multimodal intelligence, with wide-ranging applications
in content creation, augmented reality, human-computer in-
teraction, and digital media. While diffusion-based [Ho,
Jain, and Abbeel 2020, Rombach et al. 2022, Chen et al.
2024a] approaches currently dominate due to their supe-
rior perceptual quality, autoregressive (AR) models [Wang
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et al. 2024, Esser, Rombach, and Ommer 2021, Tian et al.
2024] have recently shown competitive potential, partic-
ularly with the emergence of large-scale transformers. In
particular, the paradigm of next-scale (or next-resolution)
prediction, also known as Visual Autoregressive Modeling
(VAR), has achieved remarkable success.

Unlike traditional raster-scan autoregression that gener-
ates tokens sequentially across spatial positions, VAR refor-
mulates image synthesis as a coarse-to-fine process where
complete token maps are predicted at progressively higher
resolutions across different “scales”. This formulation not
only enhances generalization and image quality but also en-
ables parallel token prediction within each scale, signifi-
cantly improving computational efficiency. This paradigm
has enabled AR transformers to surpass diffusion models in
both generation quality and controllability across multiple
benchmarks, subsequently catalyzing extensive research ef-
forts to further explore its potential [Tang et al. 2024, Han
et al. 2024, Gao et al. 2025, Qu et al. 2025, Zhuang et al.
2025].

By viewing VAR as an early drafter and a later refiner
in Fig. 1, we find the drafter extremely fast processing low-
resolution token matrices, but the refiner suffers in perfor-
mance at-high resolution scales. As resolution increases, the
number of tokens per scale grows quadratically over the spa-
tial dimension n. In a typical next-scale prediction paradigm,
such as Infinity [Han et al. 2024], generating a 1024×1024
image involves 13 successive resolution scales. Throughout
this process, a total of 10,521 tokens are decoded and 6,425
tokens need to be cached. Notably, the last four scales alone
decode 8,000 tokens and store 4,928 tokens in the KV cache,
accounting for over 80% of the inference latency and up to
77% of total KV cache consumption, thus constituting the
primary performance bottleneck.

To help mitigate the performance problem, we conduct a
systematic analysis of next-scale prediction model behav-
ior and identify two key insights: First, the early stages
generate a very decent foundation draft, and the refine-
ment stages further provide detailed improvements. We
observe that initial “drafter” stages achieve decent percep-
tual quality with far fewer tokens, whereas subsequent “re-
finer” stages with higher computation provide only marginal
quality improvement. Second, refining itself is spatial-
heterogeneous and highly correlated with frequency.
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Figure 1: (a) standard next-scale prediction method of
drafter-refiner. (b) mixture of scales method of drafter-
MoSs.

Some image regions (background, bulks) have stabilized
early in the drafter, while high-frequency regions (textures
and edges) require fine-grained updates. The need for refine-
ment varies significantly across spatial regions. Prior work
in image encoding and decoding has shown that the fre-
quency characteristics of image regions are strongly corre-
lated with their computational requirements [Siddeq and Ro-
drigues 2017, Rhee et al. 2022].

These insights reveal substantial redundancy in the re-
finement process, indicating significant opportunities to ex-
ploit spatial sparsity for enhanced computational efficiency.
We introduce a novel refinement framework, the Mixture
of Scales (MoSs), which is training-free and can be seam-
lessly integrated into various existing VAR models. In this
approach, the drafting stages of the original VAR model re-
main unchanged to generate the initial coarse draft. Subse-
quently, MoSs employs a frequency-aware token dispatcher
that partitions image regions based on their refinement re-
quirements, as determined by frequency analysis. Specifi-
cally, regions with higher spatial frequency are assigned to
finer resolution scales, while those with lower frequency are
mapped to coarser scales.

These regions, represented as distinct token sets, con-
stitute a mixture of resolution scales. Unlike the original
VAR paradigm, which requires multiple sequential refine-

ment stages, MoSs reuses the transformer backbone to pro-
cess the mixed-resolution token sets in parallel, reducing
computational overhead to a single forward pass. The output
tokens from each scale are scattered to empty token maps
corresponding to their assigned resolutions and then inter-
polated to the final output size. Finally, the parallelly refined
results are composited onto the initial draft using the image
decoder, producing the final high-resolution image.

Our contributions are summarized as follows:

1. We identify the key performance limitations of the next-
scale prediction paradigm and provide comprehensive
qualitative and quantitative analyses that motivate our
Mixture of Scales (MoSs) approach.

2. We propose a training-free MoSs framework that adap-
tively distinguishes, partitions, and parallelizes the com-
putation of spatial regions in VAR-based image genera-
tion, thereby achieving substantial improvements in both
efficiency and image quality.

3. MoSs can be seamlessly integrated into VAR-like
models, and our implementation achieves 2.05-4.96×
speedup, up to 85.62% KV cache reduction, incurring
only 0.1-2.4% loss on GenEval, based on the state-of-
the-art Infinity model.

Related Work
Autoregressive Image Generation Early autoregressive
image generation models synthesize images by predict-
ing pixels sequentially in raster scan order [Gregor et al.
2014, Van Den Oord, Kalchbrenner, and Kavukcuoglu
2016, Van den Oord et al. 2016, Parmar et al. 2018,
Chen et al. 2018, 2020], using architectures such as
RNNs, masked CNNs, or Transformers. Subsequent ap-
proaches [Van Den Oord, Vinyals et al. 2017, Razavi,
Van den Oord, and Vinyals 2019, Ramesh et al. 2021,
Esser, Rombach, and Ommer 2021] compress spatial image
patches into tokenized latent spaces, typically arranged in
raster order. More recent work [Chang et al. 2022, Li et al.
2023, 2024a, Fan et al. 2024] propose bidirectional attention
mechanisms that generate masked token subsets iteratively,
breaking the raster order constraint.

Most recently, VAR and subsequent work [Tian et al.
2024, Han et al. 2024] introduce scale-wise autoregression,
progressively increasing image resolution and generating to-
kens at coarser-to-finer scales. This redefines generation or-
der between resolution scales rather than pixels or patches.
FratalAR [Li et al. 2025] approaches next-scale prediction as
a fractal generation process with parallel synthesis and local
attention. Next-scale prediction has expanded across text-to-
image synthesis [Han et al. 2024, Ma et al. 2024, Tang et al.
2024, Zhang et al. 2024], conditional generation [Li et al.
2024b,c], and other modalities like audio and 3D [Qiu et al.
2024, Zhang, Xiong, and Xu 2024].

Autoregression Efficiency Autoregressive transformers
for image generation follow scaling laws [Tian et al. 2024,
Shukor et al. 2025] analogous to large language mod-
els [Henighan et al. 2020, Kaplan et al. 2020]. However,
quadratic self-attention complexity [Vaswani et al. 2017] is
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Figure 2: (a) Quaquatically accumulating sequence length versus diminishing quality gains, indicating quality gain per
token drops significantly during the refinement stages. (b) Qualitative demonstration of drafter and refiner results, the
drafter is the first 8 stages of Infinity, and the refiner is the last 5 stages.

more pronounced for 2D image tokens than 1D text. Vision
transformers typically partition images into patches [Doso-
vitskiy et al. 2020, Liu et al. 2021], while token-reduction
strategies through pruning or merging further shorten se-
quences [Bolya et al. 2022, Rao et al. 2021, Liang et al.
2022]. Speculative decoding methods have been adapted for
parallel token prediction [Jang et al. 2024, Teng et al. 2024].

VAR [Tian et al. 2024] significantly improves efficiency
by reducing time complexity from n6 to n4, where n denotes
the spatial dimension of the token map. To address the per-
formance degradation observed in refinement scales of VAR,
CoDe [Chen et al. 2024b] introduces a collaborative infer-
ence using both large and small models. LiteVAR [Xie et al.
2024] builds on VAR by identifying locality properties in vi-
sual attention patterns, drawing parallels to efficient mech-
anisms developed for large language models [Xiao et al.
2023]. Most recently, FastVAR [Guo et al. 2025] enhances
decoding efficiency by pruning redundant tokens in the later
stages, leading to additional performance gains. While both
FastVAR and our approach leverage frequency analysis to
determine which tokens to process, a key difference lies in
our method’s core innovation: we utilize spatial partitioning
to enable parallel multi-scale acceleration.

Methodology
Preliminary
Visual Autoregressive Modeling (VAR) formulates image
synthesis as a multi-stage, coarse-to-fine process, where
each stage corresponds to a specific resolution scale. Given
K scales, VAR models the joint distribution of multi-scale
outputs {r1, ..., rK} as follows:

p(r1, ..., rK) =
K∏

k=1

p(rk | r<k), (1)

where rk denotes the token map (or residual) at the k-th
scale, and r<k = {r1, ..., rk−1}.

At each stage k, rk has resolution hk × wk, which in-
creases with k. The cumulative output Rk at stage k is con-
structed by upsampling each residual to the final resolution
and summing them. After generating Rk, the output is down-
sampled and fed as context to the next stage k + 1. This

autoregressive chain enforces strict sequential dependency
across stages, that every scale refines the output from its pre-
vious stage. All the tokens in the same scale are processed
in parallel, regardless of whether the token has actually sta-
bilized.

Text prompts, encoded by language models, can be con-
sumed before all stages to generate R1 or used by cross-
attention blocks in the transformer, depending on the spe-
cific model design. KV-Caching is usually performed for all
tokens processed by all previous stages, and no masking is
necessary at inference time. VAR is extremely efficient at
the early drafting stage with a low-resolution token matrix,
while late-stage high-resolution refinement is both compu-
tationally and memory-expensive.

Key Observation
To elucidate the sources of inefficiency in late-stage refine-
ment, we conduct a stage-wise empirical analysis over sev-
eral pretrained VAR models. Our study reveals two funda-
mental findings that motivate the MoSs framework.

Observation 1: Imbalance between contribution and
cost. As illustrated in Fig. 2(a), the GenEval score in-
creases significantly during the initial (early) scales but
quickly saturates at later stages, even as the number of to-
kens continues to grow quadratically. To quantify the contri-
bution of each generation stage to the final image, we project
each stage’s token embeddings onto the final output token
vector. For token t, the contribution from a given stage Sk is
defined as:

Ct =
⟨hk

t , h
final
t ⟩

|hfinal
t |2

, (2)

where hk
t and hfinal

t denote the token embeddings at stage
Sk and the final output respectively. Using this formula-
tion, we construct token-wise contribution heatmaps. Our re-
sults show that the drafter stage (the first 8 stages) achieves
an average contribution score of 0.615, whereas the refiner
stage (the last 5 stages) achieves only 0.385. Despite this,
the drafter accounts for merely 9% of total FLOPs, while
the refiner consumes over 90%. Fig. 2(b) demonstrates that
an 8-scale drafter already constructs the majority of the im-
age’s global layout, such as the structure and background,
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(a) Generated Image (d) Frequency Analysis(b) Drafter Contribution (c) Refiner Contribution (e) Freq-Contribution Corr

r=-0.447

r= 0.447

Figure 3: A sample image generated by the Infinity model. (a) Generated Image, prompt: “Area of Effect Healing tree, real-
ism, welcoming, marketable”. (b) Drafter Contribution, per-token contribution of drafting stages over all stages. (c) Refiner
Contribution, per-token contribution of refining stage over all stages. (d) Frequency Analysis, token-wise frequency analysis
based on local region variance. (e) Frequency-Contribution Analysis, correlation between token frequency and drafter/refiner
contribution, indicating drafter mostly work on low-frequency regions, while refiner mostly work on high-frequency regions.

whereas the later 5-scale refiner is primarily responsible for
sharpening fine-grained details, such as textures and edges.
This indicates that many regions of the image have already
stabilized after the drafter, yet are repeatedly processed in
the refinement stages, resulting in substantial computational
redundancy.

Observation 2: Frequency-sensitive spatial heterogene-
ity. To examine how refinement demand varies across spa-
tial regions, we analyze per-pixel contributions in the final
few stages. As shown in Fig. 3(c), the contributions are un-
evenly distributed: lighter pixels require more refinement,
while darker ones are sufficiently resolved. We further cor-
relate the contribution values with local pixel frequencies
and find a clear positive relationship (r = 0.447, Fig. 3(e)).
Local pixel frequencies are calculated using Eq. 3 as intro-
duced later. We find this decent correlation varies but is ubiq-
uitous across many VAR models and prompts. Furthermore,
Fig. 3(b) shows that low-frequency regions are primarily re-
fined by the drafter, while high-frequency regions are refined
by later stages. This complements Observation 1 and con-
firms a frequency-based division of labor in VAR. It also
suggests that spatial regions can be refined independently
based on their frequency characteristics: low-frequency re-
gions with coarse details can be refined at lower resolu-
tion, whereas high-frequency regions with fine details re-
quire finer scales.

These two observations jointly motivate a frequency-
aware region-to-stage assignment strategy: instead of en-
forcing full serial decoding, each pixel is processed exclu-
sively by the refinement stage most appropriate to its fre-
quency demand. This principle forms the foundation of our
MoSs framework, which we will explain in detail in the fol-
lowing section.

Mixture-of-Scales (MoSs) Architecture
We propose a novel Mixture-of-Scales (MoSs) architec-
ture that substantially enhances the efficiency of late-stage
refinement. The initial drafting stage, which is both fast
and capable of producing high-quality drafts, remains un-
changed. In contrast to existing next-scale prediction (VAR)
models that employ sequential stages for refinement (see

Fig. 4), we replace the multi-stage refiner with a single paral-
lel refinement stage. The key components of our architecture
include the Frequency-aware Token Dispatcher, the MoSs
Stage, and Cross-scale Self-Attention.

Frequency-aware Token Dispatcher. After the drafting
stage, shown in Fig. 4, the frequency-aware dispatcher as-
signs each spatially heterogeneous token region to the most
suitable resolution scale for refinement. We utilize the local
variance of the token embeddings to quantify the frequency
of each token. Specifically, we define the frequency score
F (p) of a token p as the variance within a local spatial win-
dow N (p), averaged over all channels:

F (p) =
1

C

C∑
c=1

(E[I(q, c)2]− (E[I(q, c)])2) q ∈ N (p) (3)

where E[·] denotes the average over all pixels q in the local
window N (p) centered at p, and I(q, c) is the value of pixel
q in channel c. C is the number of channels in the token
embedding. With the frequency score given, high-frequency
tokens are dispatched to higher resolution scales for refine-
ment, while low-frequency tokens are assigned to lower res-
olution scales.

To determine the frequency ranges that each parallel stage
should process, we employ a top-down iterative heuristic
based on binary search. The algorithm begins by assigning
all tokens to the highest resolution scale and iteratively real-
locates lower-frequency, less critical tokens to lower resolu-
tion scales using a grid search strategy. Throughout this pro-
cess, evaluation metrics such as GenEval are used to main-
tain generation quality, and the assignment is performed of-
fline to identify statistically appropriate percentiles for each
frequency scale. Detailed algorithmic procedures are pro-
vided in the supplementary materials.

The MoSs Stage. At each resolution scale, only a sub-
set of image tokens is selected for refinement. For instance,
the top 25% highest-frequency tokens at the 64×64 scale,
are chosen based on frequency criteria determined by the
dispatcher. The MoSs stage aggregates all selected tokens
across scales and inputs them as a unified sequence to
the MoSs stage transformer, which jointly processes these

6792



Self-Attn

LayerNorm

Cross-Attn

FFN

hN-2 x wN-2

Draft

N-2

Self-Attn

LayerNorm

Cross-Attn

FFN

Scales: N-1

hN-1 x wN-1

Self-Attn

LayerNorm

Cross-Attn

FFN

N

hN x wN

Cross-Scale Self-Attn

LayerNorm

Cross-Attn

FFN
Block1~32

Freq-Aware
Dispatcher

hN-2 x wN-2 x 30%
hN-1 x wN-1 x 10%
hN  x   wN  x 5%

Scatter &
Interpolate

Sum
VS

Block1~32 Block1~32 Block1~32

hN x wN

VS

VAR Refiner(Sequential)

MoSs3 Refiner(Parallel)

Figure 4: Standard VAR refiner versus MoSs.

mixed tokens and outputs the corresponding residual token
sequence. Each token retains its positional embedding, in-
dicating its location within the assigned image scale. Addi-
tionally, tokens at the MoSs stage have access to the drafter’s
KV cache, which provides essential contextual information
from the drafting phase.

MoSs, breaking scale dependencies of the original VAR
design, immediately brings in two benefits: (1) Mixed-
scale refinement eliminates the requirement for sequential
processing across scales, thereby reducing the number of
computation-intensive steps needed by the conventional re-
finer; (2) Since only a small portion of the image is refined at
each scale, the total number of refined tokens and the over-
all FLOPs are significantly reduced. MoSs is to some extent
similar to the Mixture-of-Experts (MoE) approach, which
gates sub-networks based on input semantics, but instead of
activating sub-networks for all inputs, MoSs takes an alter-
native approach, activating only a portion of input tokens,
mixing the tokens between different scales, and processing
them with the full model.

Cross-Scale Self-Attention. The self-attention mecha-
nism in the original VAR model enables each token to
attend to all other tokens within the current scale. How-
ever, as the dispatcher aggressively prunes a substantial
portion of tokens at each scale, we observe that pruning
alone, while efficient, significantly degrades image quality.
To address this, we introduce Cross-Scale Self-Attention
(CSSA). In the CSSA framework, all token features across
different resolution scales are jointly considered during
self-attention computation. This enables tokens from var-
ious resolution stages to attend to one another, resulting
in a unified self-attention space over the combined multi-
scale token set. Consequently, tokens associated with low-
frequency regions, although not directly processed at higher-
resolution stages, can still transmit informative context to
high-resolution tokens, thereby compensating for the poten-
tial information loss introduced by pruning. Notably, this ap-
proach remains training-free: CSSA reuses the original self-
attention weights without any modification, simply extend-

ing the visibility range of tokens.
CSSA not only enhances generative quality but also im-

proves computational efficiency. Instead of launching mul-
tiple self-attention kernels for each scale in the MoSs stage,
CSSA allows combining tokens from different scales and
processing them with a single attention kernel. To maximize
CSSA’s performance, we implement two specialized Triton
kernels for positional embedding: one is designed to apply
appropriate position embeddings of each token in the multi-
scale token set, based on their assigned resolution scale, and
the other precomputes positional embedding for all scales of
different resolutions.

Experiments
Experimental Setup
Models and Evaluations. We evaluate our proposed
MoSs framework on two representative next-scale predic-
tion (VAR-based) models: HART-0.7B [Tang et al. 2024]
and Infinity-2B [Han et al. 2024]. Both models gener-
ate high-resolution 1024 × 1024 images through a pro-
gressive autoregressive process. Our experiments focus on
analyzing MoSs’ impact on generation quality and infer-
ence efficiency. For image quality evaluation, we adopt two
widely used benchmarks: GenEval [Ghosh, Hajishirzi, and
Schmidt 2024] and DPG [Hu et al. 2024], which include
both subjective and objective fidelity assessments across di-
verse prompts. To ensure reliable results, we run each set-
ting with multiple random seeds and report averaged scores.
Computational efficiency is measured by latency and mem-
ory usage on NVIDIA RTX 4090 (24GB) and NVIDIA
A800 (80GB) GPUs, representing both consumer and data
center hardware.

Implementation Details. Our MoSs implementation is
model-agnostic and requires no retraining. In MoSs, we ap-
ply a heuristic frequency-aware strategy to allocate tokens
to refinement stages based on local spatial frequency. For
each MoSsk configuration, we determine optimal frequency
thresholds to assign tokens to k parallel refinement stages.
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Method Inference Efficiency GenEval DPG-Bench

#Scales Latency↓ KVCache↓ SpeedUp↑ TwoObj↑ Counting↑ Colo attr↑ Overall↑ Global↑ Relation↑ Overall↑

Infinity 13 1.29s 3.13GB 1 84.85 67.19 54.00 0.729 90.91 88.40 83.09
FastVAR 11 0.45s 1.42GB 2.87 81.21 67.23 52.39 0.721 86.93 89.57 82.52
+ MoSs2 11+2 0.63s 2.01GB 2.05 83.78 68.75 58.50 0.728 90.64 87.69 82.79
+ MoSs3 10+3 0.45s 1.23GB 2.87 83.59 68.44 54.50 0.724 87.65 89.33 82.68
+ MoSs4 9+4 0.38s 0.73GB 3.39 82.32 65.94 52.75 0.716 83.49 87.15 82.28
+ MoSs5 8+5 0.26s 0.45GB 4.96 80.87 64.53 51.25 0.705 89.72 88.49 82.38

HART 14 1.08s 2.79GB 1 51.26 30.25 17.75 0.498 84.71 86.47 78.99
FastVAR 14 0.72s 1.54GB 1.39 50.21 30.72 22.75 0.491 83.18 86.34 77.51
+ MoSs2 12+2 0.69s 0.90GB 1.56 50.91 30.69 21.50 0.488 82.76 86.63 77.49

Table 1: Quantitative evaluation of inference efficiency and generative quality across various methods. Latency is measured on
an NVIDIA 4090 GPU with batch size 1, excluding VQVAE overhead shared by all methods.

Original Infinity

+MoSs2
2.05x Speedup
64.2% KV Cache

+MoSs3
2.87x Speedup
39.3% KV Cache

+MoSs4
3.39x Speedup
23.3% KV Cache

+MoSs5
4.96x Speedup
14.4% KV Cache

Figure 5: Qualitative analysis of MoSs on the Infinity-2B model.

Specifically, for the infinity model, the percentile thresholds
for token allocation are: [50, 25] for MoSs2, [50, 15, 5] for
MoSs3, [80, 70, 30, 10] for MoSs4, and [90, 50, 15, 10, 5]
for MoSs5. For the HART model, MoSs2 is [80,55]. For
example, in MoSs2 with thresholds [50, 25], the last stage
(highest resolution) refines tokens in the top 0 ∼ 25% fre-
quency range (i.e., those with the highest local frequency),
while the preceding stage handles tokens in the 25 ∼ 50%
range. This assignment ensures that tokens corresponding
to higher local frequencies are processed by stages with
higher spatial resolution. All experiments are conducted on
machines equipped with NVIDIA RTX 4090 (24GB) and
NVIDIA A800 (80GB).

Main Results
Quality-Efficiency Trade-off. As shown in Tab. 1, MoSs
achieves a favorable trade-off between generation quality
and inference efficiency across all settings. On Infinity,
MoSs delivers strong performance across all parallel config-
urations, achieving up to 2.05-4.96× speedup with minimal
quality degradation on GenEval and DPG benchmarks. No-
tably, while GenEval and DPG benchmarks slightly decline
as more computation is skipped, the degradation remains
within tolerable bounds. On HART, MoSs also achieves no-
table improvements, yielding a 1.56× speedup and 67.74%
reduction in KV cache memory usage, but exhibits a slightly
higher quality drop (∼ 1%). We attribute this to HART’s
hybrid architecture that integrates both VAR and diffusion
components. Since diffusion relies on progressively condi-
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Method GenEval DPG-Bench Inference Efficiency

TwoObj↑ Counting↑ Overall↑ Global↑ Relation↑ Overall↑ Latency↓ SpeedUp↑

Infinity - 84.85 67.19 0.729 90.91 88.40 83.09 1.29 1
RoPE 84.85 67.19 0.729 90.91 88.40 83.09 1.14 1.13

+MoSs2 SA 83.59 66.31 0.720 90.53 89.95 82.80 0.72 1.79
CSSA 83.78 68.75 0.728 90.64 87.69 82.79 0.69 1.87

CSSA+RoPE 83.78 68.75 0.728 90.64 87.69 82.79 0.63 2.05

+MoSs3 SA 82.43 66.38 0.715 88.90 86.04 82.83 0.54 2.39
CSSA 83.59 68.44 0.724 87.65 89.33 82.68 0.49 2.63

CSSA+RoPE 83.59 68.44 0.724 87.65 89.33 82.68 0.45 2.87

+MoSs4 SA 79.60 66.41 0.696 87.46 89.94 82.44 0.45 2.87
CSSA 82.32 65.94 0.716 83.49 87.15 82.28 0.43 3.00

CSSA+RoPE 82.32 65.94 0.716 83.49 87.15 82.28 0.38 3.39

+MoSs5 SA 74.31 60.80 0.674 86.95 89.92 81.94 0.31 4.16
CSSA 80.87 64.53 0.705 89.72 88.49 82.38 0.29 4.45

CSSA+RoPE 80.87 64.53 0.705 89.72 88.49 82.38 0.26 4.96

Table 2: Impact of Cross-Scale Self-Attention (CSSA) and RoPE in MoSs framework

tioned denoising steps, introducing parallel refinement dis-
rupts its sequential generation process, leading to perceptual
degradation. These results confirm that our frequency-based
allocation achieves strong overall performance with minimal
perceptual compromise.

Inference Speed and Memory Usage. We further ana-
lyze the inference latency and memory usage. On NVIDIA
RTX 4090, for the Infinity model, MoSs reduces inference
latency from a baseline of 1.27s to as low as 0.26s with the
MoSs5 configuration, achieving a speedup of up to 4.96×.
Concurrently, the KV cache size decreased from 3.13 GB
to 0.45 GB. For the HART model, under the MoSs2 con-
figuration, inference latency was reduced by 1.56× com-
pared to the baseline, with latency decreasing from 1.08s to
0.69s. Meanwhile, the KV cache size was significantly re-
duced from 2.79 GB to 0.90 GB. Furthermore, on a server-
grade NVIDIA A800 (80GB) GPU, MoSs demonstrates
1.64-2.50× acceleration for the Infinity model and 1.39×
acceleration for the HART model. Notably, the reported
speedup ratios are based on the backbone model, with the
decoder time overhead for both the Infinity and HART mod-
els being approximately 0.25s.

Qualitative Results. Fig. 5 showcases the visual outputs
generated by the original Infinity model and its various
MoSs variants. As illustrated, MoSs maintains high visual
fidelity while providing substantial acceleration and a reduc-
tion in KV cache usage.

Efficiency Analysis
Cross-scale Self-Attention. Experimental results pre-
sented in Tab. 2 demonstrate that, on the Infinity model,
CSSA consistently improves quality while enhancing ef-
ficiency. Across all MoSs2 ∼ MoSs5 configurations,
CSSA outperforms standard self-attention (SA) on GenEval
metrics and maintains comparable or better results on
DPG-Bench. More importantly, it achieves lower latency
and higher speedup across the board. For example, in
MoSs5, GenEval-Overall improves from 0.674 to 0.705, and
speedup increases from 4.16× to 4.45×. These findings in-

dicate that CSSA serves as a vital component for efficient
and high-fidelity refinement in the MoSs pipeline.

RoPE2D. To further improve inference efficiency, we de-
velop a Triton-based implementation of RoPE2D. The ex-
perimental results show that with the addition of the opti-
mized kernel to CASS, the inference is accelerated by 2.05×
to 4.96× overall. This optimization ensures that the CSSA
module remains computationally efficient and well-suited
for practical deployment.

Conclusion and Future Work

We propose Mixture of Scales (MoSs), a lightweight,
training-free framework for efficient high-resolution autore-
gressive image generation. MoSs addresses refinement in-
efficiencies through a parallel multi-scale strategy that in-
corporates frequency-aware token dispatch and cross-scale
self-attention. On the state-of-the-art Infinity model, MoSs
achieves 2.05-4.96× speedup, up to 85.62% KV cache re-
duction, incurring only 0.1-2.4% loss on GenEval quality.
Our method delivers substantial efficiency gains with mini-
mal impact on image fidelity, enabling the practical deploy-
ment of large-scale autoregressive models. While MoSs pro-
vides strong performance benefits on high-resolution VAR
networks, we observe that, for low-resolution VAR networks
or hybrid models that combine VAR with diffusion mod-
els, directly applying training-free MoSs presents certain
challenges with some degradation in image quality. We be-
lieve that with appropriate fine-tuning, both the accuracy and
speed of the model can be further improved, enhancing its
applicability to a wider range of architectures and scenarios.
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