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Abstract

Autoregressive models have emerged as a powerful ap-
proach for visual generation but suffer from slow infer-
ence speed due to their sequential token-by-token predic-
tion process. In this paper, we propose a simple yet ef-
fective approach for parallelized autoregressive visual gen-
eration that improves generation efficiency while preserv-
ing the advantages of autoregressive modeling. Our key
insight is that parallel generation depends on visual to-
ken dependencies—tokens with weak dependencies can be
generated in parallel, while strongly dependent adjacent
tokens are difficult to generate together, as their indepen-
dent sampling may lead to inconsistencies. Based on this
observation, we develop a parallel generation strategy that
generates distant tokens with weak dependencies in paral-
lel while maintaining sequential generation for strongly de-
pendent local tokens. Our approach can be seamlessly in-
tegrated into standard autoregressive models without mod-
ifying the architecture or tokenizer. Experiments on Ima-
geNet and UCF-101 demonstrate that our method achieves
a 3.6× speedup with comparable quality and up to 9.5×
speedup with minimal quality degradation across both im-
age and video generation tasks. We hope this work will
inspire future research in efficient visual generation and
unified autoregressive modeling. Project page: https:
//yuqingwang1029.github.io/PAR-project.

1. Introduction

Autoregressive modeling has achieved remarkable success
in language modeling [2, 29, 30, 45, 46], inspiring its appli-
cation to visual generation [5, 6, 9, 19, 26, 27, 31, 32, 34,
42, 44, 48, 49, 58]. These models show great potential for
visual tasks due to their strong scalability and unified mod-
eling capabilities [11, 43, 54]. Current autoregressive visual
generation approaches typically rely on a sequential token-
by-token generation paradigm: visual data is first encoded
into token sequences using an autoencoder [9, 50, 60],
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Figure 1. Comparison of different parallel generation strate-
gies. Both strategies generate initial tokens [1,2,3,4] sequentially
then generate multiple tokens in parallel per step, following the
order [5a-5d] to [6a-6d] to [7a-7d], etc. (a) Our approach gener-
ates weakly dependent tokens across non-local regions in paral-
lel, preserving coherent patterns and local details. (b) The naive
method generates strongly dependent tokens within local regions
simultaneously, while independent sampling for strongly corre-
lated tokens can cause inconsistent generation and disrupted pat-
terns, such as distorted tiger faces and fragmented zebra stripes.

then an autoregressive transformer [51] is trained to pre-
dict these tokens following a raster scan order [6]. How-
ever, this strictly sequential generation process leads to a
slow generation speed, severely limiting its practical appli-
cations [23, 54]. In this work, we aim to develop an ef-
ficient autoregressive visual generation approach that im-
proves generation speed while maintaining the generation
quality.

An intuitive way to improve generation efficiency is to
predict multiple tokens in parallel at each step. In lan-
guage modeling, methods like speculative decoding [4, 20,
22] and Jacobi decoding [17, 38] achieve parallel genera-
tion through auxiliary draft models or iterative refinement.
In the visual domain, approaches like MaskGIT [3] em-
ploy non-autoregressive paradigms with masked modeling
strategies, while VAR [44] achieves faster speed through
next-scale prediction that requires specially designed multi-
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PAR-4x: 147 steps, 3.46s per image 

PAR-16x: 51 steps, 1.31s per image 

LlamaGen: 576 steps, 12.41s per image 

Figure 2. Visualization comparison of our parallel generation and traditional autoregressive generation (LlamaGen [42]). Our
approach (PAR) achieves 3.6-9.5× speedup over LlamaGen with comparable quality, reducing the generation time from 12.41s to 3.46s
(PAR-4×) and 1.31s (PAR-16×) per image. Time measurements are conducted with a batch size of 1 on a single A100 GPU.

scale tokenizers and longer token sequences. However, the
introduction of additional models and specialized architec-
tures increases model complexity, and may limit the flexi-
bility of autoregressive models as a unified solution across
different modalities.

In this work, we ask: can we achieve parallel visual
generation while maintaining the simplicity and flexibility
of standard autoregressive models? We find that parallel
generation is closely tied to token dependencies—tokens
with strong dependencies need sequential generation, while
weakly dependent tokens can be generated in parallel. In
autoregressive models, each token is generated through
sampling (e.g., top-k) to maintain diversity. Parallel gen-
eration requires independent sampling of multiple tokens
simultaneously, but the joint distribution of highly depen-
dent tokens cannot be factorized for independent sampling,
leading to inconsistent predictions, as demonstrated by the
distorted local patterns in Fig. 1 (b). For visual data,
such dependencies are naturally correlated with spatial dis-
tances—while locally adjacent tokens exhibit strong depen-
dencies, spatially distant tokens often have weak correla-
tions. This motivates us to reconsider how to organize to-
kens for generation: by identifying spatially distant tokens
with weak correlations, we can group them for simulta-
neous prediction. Such non-local grouping allows us to
maintain sequential generation for strongly dependent lo-
cal tokens while enabling parallel generation across differ-

ent spatial regions. Moreover, we observe that initial tokens
in each local region play a crucial role in establishing the
global structure - generating them in parallel could lead to
conflicting structures across regions, such as repeated parts
in different regions without global coordination(see middle
row of Fig. 5). Therefore, the initial tokens in each local re-
gion should be generated sequentially to establish the global
visual structure.

Based on these insights, we propose a simple yet effec-
tive approach for parallel generation in autoregressive vi-
sual models. Our key idea is to identify and group weakly
dependent visual tokens for simultaneous prediction while
maintaining sequential generation for strongly dependent
ones. To achieve this, we first divide the image into local
regions and generate their initial tokens sequentially to es-
tablish global context, then perform parallel generation by
identifying and grouping tokens at corresponding positions
across spatially distant regions. The process is illustrated
in Fig. 1 (a). Our approach can be seamlessly implemented
within standard autoregressive transformers through a re-
ordering mechanism, with a few learnable token embed-
dings to facilitate the transition between sequential and par-
allel generation modes. By ensuring each prediction step
has access to all previously generated tokens across regions,
we maintain the autoregressive property and preserve global
context modeling capabilities. With non-local parallel gen-
eration, our approach significantly reduces the number of
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inference steps and thereby accelerates generation, while
maintaining comparable visual quality through careful to-
ken dependency handling.

We verify the effectiveness of our approach on both im-
age and video generation tasks using ImageNet [7] and
UCF-101 [39] datasets. For image generation, our method
achieves around 3.9× fewer generation steps and 3.6× ac-
tual inference-time speedup with comparable generation
quality. With more aggressive parallelization, we achieve
around 11.3× reduction in steps and 9.5× actual speedup
with minimal quality drop (within 0.7 FID for image and
10 FVD for video). The qualitative comparison of genera-
tion results between our method and the baseline is shown
in Fig. 2. The experiments demonstrate the effectiveness
of our approach across different visual domains and its
compatibility with various tokenizers like VQGAN [9] and
MAGVIT-v2 [60].

In summary, we propose a simple yet effective paral-
lelized autoregressive visual generation approach that care-
fully handles token dependencies. Our key idea is to iden-
tify and group weakly dependent tokens for simultane-
ous prediction while maintaining sequential generation for
strongly dependent ones. Our approach can be seamlessly
integrated into standard autoregressive models without ar-
chitectural modifications. Through extensive experiments
with different visual domains and tokenization methods, we
demonstrate considerable speedup while preserving gener-
ation quality, making autoregressive visual generation more
practically usable for real-world applications.

2. Related Work
Autoregressive Visual Generation. Autoregressive mod-
eling has been explored in visual generation for years, from
early pixel-based approaches [34, 48, 49] to current token-
based methods. Modern approaches typically follow a two-
stage paradigm: first compressing visual data into compact
token sequences through discrete tokenizers [9, 50, 60],
then training a transformer [51] to predict these tokens
autoregressively in raster scan order [19, 31, 58]. This
paradigm has been successfully extended to video gener-
ation [16, 55, 56], where tokens from different frames are
predicted sequentially. However, the strictly sequential gen-
eration process leads to slow inference speed that scales
with sequence length.
Parallel Prediction in Sequential Generation. Vari-
ous approaches have been proposed to accelerate sequen-
tial generation. In language modeling, speculative decod-
ing [4, 20, 22] employs a draft model to generate candi-
date tokens for main model verification, while Jacobi de-
coding [17, 38] enables parallel generation through itera-
tive refinement. In visual generation, MaskGIT [3] adopts a
non-autoregressive approach with BERT-like masked mod-
eling strategies, taking a different modeling paradigm from

traditional autoregressive generation. VAR [44] proposes
next-scale prediction that progressively generates tokens at
increasing resolutions, though requiring specialized multi-
level tokenizers and longer token sequences. In contrast,
our approach enables efficient parallel generation while pre-
serving the autoregressive property and model simplicity,
readily applicable to various visual tasks without special-
ized architectures or additional models.

3. Method

In this section, we present our approach for parallelized vi-
sual autoregressive generation. We first discuss the relation-
ship between token dependencies and parallel generation in
Sec. 3.1. Based on these insights, we propose our paral-
lel generation approach in Sec. 3.2. Finally, we present the
model architecture and implementation details that realize
this process within autoregressive transformers in Sec. 3.3.

3.1. Token Dependencies and Parallel Generation
Standard autoregressive models adopt token-by-token se-
quential generation, which significantly limits generation
efficiency. To improve efficiency, we explore the possibil-
ity of generating multiple tokens in parallel. However, a
critical question arises: which tokens can be generated in
parallel without compromising generation quality? In this
section, we analyze the relationship between token depen-
dencies and parallel generation through pilot studies, pro-
viding guidance for designing parallelized autoregressive
visual generation models.
Pilot Study. In language modeling, researchers have at-
tempted to group adjacent tokens for multi-token predic-
tion [4, 17, 20, 22, 38, 40, 52]. However, our pilot study re-
veals that directly predicting adjacent tokens leads to signif-
icant quality degradation in visual generation (see Fig. 1(b)
and Tab. 4 (d)). In autoregressive generation, each token is
generated through sampling strategies (e.g., top-k) to main-
tain diversity. When generating multiple tokens in parallel,
these tokens need to be sampled independently. However,
for adjacent visual tokens with strong dependencies, their
joint distribution cannot be factorized into independent dis-
tributions, as each token is heavily influenced by its neigh-
bors. The impact of such independent sampling is clearly
demonstrated in the figure, where generating adjacent to-
kens in parallel leads to inconsistent local structures like
distorted tiger faces and fragmented zebra stripes, as tokens
are sampled without considering their neighbors’ decisions.
Design Principles. These observations suggest that paral-
lel generation should focus on weakly correlated tokens to
minimize the impact of independent sampling. For visual
tokens, dependencies naturally decrease with spatial dis-
tance - tokens from distant regions typically have weaker
correlations than adjacent ones. This motivates us to per-
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(1) Next token prediction for the initial tokens of different regions (2) Multi token prediction at aligned positions across regions
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Figure 3. Illustration of our non-local parallel generation process. Stage 1: sequential generation of initial tokens (1-4) for each region
(separated by dotted lines) to establish global structure. Stage 2: parallel generation at aligned positions across different regions (e.g.,
5a-5d), then moving to next aligned positions (6a-6d, 7a-7d, etc.) for parallel generation. Same numbers indicate tokens generated in the
same step, and letter suffix (a,b,c,d) denotes different regions .

form parallel generation across distant regions rather than
within local neighborhoods. However, we find that not all
distant tokens can be generated in parallel. The initial to-
kens of each regions are particularly crucial as they jointly
determine the global image structure. Parallel generation
of these initial tokens, despite their spatial distances, could
lead to conflicting global decisions, resulting in issues like
repeated patterns or incoherent patches across regions (see
the middle row in Fig. 5).

Based on these insights, we propose three key design
principles for parallelized autoregressive generation: 1)
generate initial tokens for each region sequentially to es-
tablish proper global structure; 2) maintain sequential gen-
eration within local regions where dependencies are strong;
and 3) enable parallel generation across regions where de-
pendencies are weak through proper token organization.

3.2. Non-Local Parallel Generation
Based on the above principles, we propose our approach
that enables parallel token prediction while maintaining au-
toregressive properties. The process is illustrated in Fig. 3.
Cross-region Token Grouping. Let {vi}H×W

i=1 denote a
sequence of visual tokens arranged in a H × W grid. We
first partition the token grid into M × M regions. Each
region contains k :=

(
H
M × W

M

)
tokens. We then group

tokens at corresponding positions across different regions.
Let v(r)j denote the token at position j in region r, where
r ∈ {1, ...,M2} and j ∈ {1, ..., k}. We then organize these
tokens into groups based on their corresponding positions
across regions:{
[v

(1)
1 , · · · , v(M

2)
1 ], [v

(1)
2 , · · · , v(M

2)
2 ], · · · , [v(1)k , · · · ., v(M

2)
k ]

}
.

(1)
This organization groups together tokens at the same rela-
tive position across different regions, facilitating our paral-
lel generation process.
Stage 1: Sequential Generation of Initial Tokens of Each
Region. We first generate one initial token for each re-
gion sequentially (marked as “1-4” in Fig. 3) to establish
the global context. As shown in Fig. 3 (1), we start with the
top-left region and generate the initial token for each region

by sampling from the conditional probability distribution:

v
(i)
1 ∼ P(v(i)1 |v(<i)

1 ), i ∈ {1, ...,M2}, (2)

where v(i)1 denotes the initial token of the i-th region. Since
the number of regions (M2) is small and fixed, this sequen-
tial generation introduces minimal overhead while provid-
ing crucial global context for subsequent parallel genera-
tion.
Stage 2: Parallel Generation of Cross-region Tokens.
After initializing tokens for all regions, we proceed with
parallel generation of the remaining tokens. As illustrated
in Fig.3 (2), at each step, we identify the next position j
within each region following a raster scan order and simul-
taneously predict tokens at this position across all regions
(e.g., tokens 5a-5d are generated in parallel). The parallel
generation at each step can be formulated as:

{v(r)j }M
2

r=1 ∼ P({v(r)j }M
2

r=1|v<j), (3)

where {v(r)j }M2

r=1 represents the set of tokens at position j
across all regions to be generated in parallel, and v<j in-
cludes both initial tokens and tokens from previous paral-
lel steps. For example, with M = 2 on a 24 × 24 token
grid, after generating 4 initial tokens sequentially, we pre-
dict M2 = 4 tokens in parallel at each subsequent step,
reducing the total number of generation steps from 576 to
147 (i.e., 4+ 576−4

4 ). While enabling parallel prediction, our
approach maintains the autoregressive property as each pre-
diction is still conditioned on all previous tokens. The key
difference is that tokens at corresponding positions across
regions, which exhibit weak dependencies, are now gener-
ated simultaneously instead of sequentially.

3.3. Model Architecture Details
We illustrate our parallel generation framework using a
standard autoregressive transformer for class-conditioned
image generation.
Framework Implementation. As shown in Fig. 4 (a),
our model architecture consists of an autoregressive trans-
former that processes the input sequence and generates vi-
sual tokens. The input sequence begins with a class token
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Figure 4. Overview of our parallel autoregressive generation framework. (a) Model implementation. The model first generates initial
tokens sequentially [1,2,3,4], then uses learnable tokens [M1,M2,M3] to help transition into parallel prediction mode. (b) Comparison
of visible context between our parallel prediction approach (left) and traditional single-token prediction (right). The colored cells
indicate available context during generation. In traditional AR, when predicting token 6d, the model can access all previous tokens
including 6a− 6c. Without full attention, our parallel approach would limit each token (e.g., 6b) to only see tokens up to the same position
in the previous group (e.g., up to 5b). We enable group-wise full attention to allow access to the entire previous group.

(C) followed by visual tokens to be generated. To achieve
n-token parallel prediction, we design a special sequence
structure with three distinct parts: 1) initial sequential to-
kens [1,2,...,n] that are generated one at a time, 2) a tran-
sition part with n − 1 learnable tokens [M1,M2,M3] that
helps the model enter parallel prediction mode, and 3) sub-
sequent token groups that are predicted n tokens at a time
(e.g., [5a, 5b, 5c, 5d], [6a, 6b, 6c, 6d]). For predicting each
group, the model takes all previous tokens as input while
maintaining a fixed offset of n tokens between input and tar-
get sequences. The learnable tokens share the same dimen-
sion as regular tokens for seamless integration. To maintain
spatial relationships under our reordered sequence, we em-
ploy 2D Rotary Position Embedding (RoPE) [41], which
preserves each token’s original spatial position information
regardless of its sequence position. The above designs en-
able parallel prediction while preserving the standard au-
toregressive transformer architecture.

Group-wise Bi-directional Attention with Global Au-
toregression. Our framework combines sequential genera-
tion of initial tokens with parallel generation of subsequent
token groups. As illustrated in Fig.4 (b), in traditional au-
toregressive models, when predicting token 6d, the model
can access all previous tokens including 6a − 6c. How-
ever, naive parallel generation with causal masking would
restrict each token (e.g., 6b) to only see tokens up to the
same position in the previous group (e.g., up to 5b), limit-
ing the available context. To address this limitation while
maintaining parallelism, we enable bi-directional attention
within each prediction group while preserving causal atten-
tion between groups. This allows each token in the current
group to access the entire previous group as context (e.g.,
all tokens [5a − 5d] are visible when predicting any to-
ken in [6a − 6d]). This design enriches the local context
for parallel prediction while maintaining the global autore-
gressive property, ensuring compatibility with standard op-
timizations like KV-cache.

Model Params Layers Hidden Heads

PAR-L 343M 24 1024 16
PAR-XL 775M 36 1280 20
PAR-XXL 1.4B 48 1536 24
PAR-3B 3.1B 24 3200 32

Table 1. Model sizes and architecture configurations of PAR.
The configurations are following previous works [25, 30, 42, 45].

Extension to Video Generation. Our parallel generation
framework can be naturally extended to video generation.
The tokenization process reduces both spatial and temporal
dimensions, resulting in tokens arranged in a T × H × W
grid, where each latent frame aggregates information from
multiple input frames. We treat these temporally com-
pressed tokens similarly to image tokens and apply our par-
allel generation strategy along the spatial dimensions, with
the only modification being the use of 3D position embed-
dings. While we also explored parallel generation along the
temporal dimension, we found it less effective than spatial
parallelization. This is because temporal dependencies ex-
hibit stronger sequential characteristics that are fundamen-
tal to video coherence, making them less suitable for par-
allel prediction compared to spatial relationships. The ex-
ploration of effective temporal parallel strategies remains as
future work.

4. Experiments

4.1. Experimental Setup

Image Generation. For fair comparison with existing
token-by-token autoregressive visual generation methods,
we adopt similar settings as [42], using a VQGAN tok-
enizer [9] with a 16,384 codebook size and 16× downsam-
pling ratio. Models are trained on ImageNet-1K [7] for
300 epochs, with 384×384 images tokenized into 24×24
sequences. We evaluate on the ImageNet validation set at
256×256 resolution using FID [12] as the primary met-
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Ours: sequential initial tokens + parallel distant tokens

Naive parallel: all distant tokens in parallel without sequential initialization

Local parallel: parallel prediction of adjacent tokens

Figure 5. Qualitative comparison of parallel generation strategies. Top: Our method with sequential initial tokens followed by parallel
distant token prediction produces high-quality and coherent images. Middle: Direct parallel prediction without sequential initial tokens
leads to inconsistent global structures. Bottom: Parallel prediction of adjacent tokens results in distorted local patterns and broken details.

Type Model #Para. FID↓ IS↑ Precision↑ Recall↑ Steps Time(s)↓

GAN
BigGAN [1] 112M 6.95 224.5 0.89 0.38 1 −
GigaGAN [15] 569M 3.45 225.5 0.84 0.61 1 −
StyleGan-XL [35] 166M 2.30 265.1 0.78 0.53 1 0.08

Diffusion

ADM [8] 554M 10.94 101.0 0.69 0.63 250 44.68
CDM [13] − 4.88 158.7 − − 8100 −
LDM-4 [33] 400M 3.60 247.7 − − 250 −
DiT-XL/2 [28] 675M 2.27 278.2 0.83 0.57 250 11.97

Mask MaskGIT [3] 227M 6.18 182.1 0.80 0.51 8 0.13

VAR VAR-d30 [44] 2B 1.97 334.7 0.81 0.61 10 0.27

MAR MAR [21] 943M 1.55 303.7 0.81 0.62 64 28.24

AR

VQGAN [9] 227M 18.65 80.4 0.78 0.26 256 5.05
VQGAN [9] 1.4B 15.78 74.3 − − 256 5.05
VQGAN-re [9] 1.4B 5.20 280.3 − − 256 6.38
ViT-VQGAN [57] 1.7B 4.17 175.1 − − 1024 >6.38
ViT-VQGAN-re [57] 1.7B 3.04 227.4 − − 1024 >6.38
RQTran. [19] 3.8B 7.55 134.0 − − 256 5.58
RQTran.-re [19] 3.8B 3.80 323.7 − − 256 5.58

AR

LlamaGen-L [42] 343M 3.07 256.1 0.83 0.52 576 12.58
LlamaGen-XL [42] 775M 2.62 244.1 0.80 0.57 576 18.66
LlamaGen-XXL [42] 1.4B 2.34 253.9 0.80 0.59 576 24.91
LlamaGen-3B [42] 3.1B 2.18 263.3 0.81 0.58 576 12.41

AR

PAR-L-4× 343M 3.76 218.9 0.84 0.50 147 3.38
PAR-XL-4× 775M 2.61 259.2 0.82 0.56 147 4.94
PAR-XXL-4× 1.4B 2.35 263.2 0.82 0.57 147 6.84
PAR-3B-4× 3.1B 2.29 255.5 0.82 0.58 147 3.46

PAR-XXL-16× 1.4B 3.02 270.6 0.81 0.56 51 2.28
PAR-3B-16× 3.1B 2.88 262.5 0.82 0.56 51 1.31

Table 2. Class-conditional image generation on ImageNet 256×256 benchmark. “↓” or “↑” indicate lower or higher values are better.
“-re” means using rejection sampling. PAR-4× and PAR-16× means generating 4 and 16 tokens per step in parallel, respectively.
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ric, complemented by IS and Precision/Recall [18]. We ex-
periment with model sizes from 343M to 3.1B parameters
(Tab.1), reporting both generation steps and latency time.
Video Generation. We evaluate on the UCF-101 [39]
dataset using MAGVIT-v2 tokenizer [60] reproduced by
[32]. Each 17-frame video (128×128 resolution) is com-
pressed by 8× spatially and 4× temporally into a 5×16×16
token sequence (1280 tokens per video). For fair compari-
son, we implement both next-token prediction and our par-
allel generation approach using the same architecture. The
position of video codes is encoded via 3D positional embed-
dings. Our reproduced MAGVIT-v2 tokenizer uses a 64K
visual vocabulary instead of the original 262K to facilitate
model training. We use Fréchet Video Distance (FVD) [47]
to evaluate generation quality.

Detailed training configurations for both video and im-
age generation are provided in the supplementary material.

4.2. Main Results
4.2.1. Image Generation
Tab. 2 presents comprehensive comparisons of class-
conditional image generation with various state-of-the-art
methods, including GAN [1, 15, 35](one-shot generation),
Diffusion [8, 13, 28, 33] (iterative denoising), Mask [3]
(mask token prediction), VAR [44] (next-scale prediction),
MAR [21] (continuous mask token prediction), and AR [9,
42, 57] (autoregressive generation). Our PAR achieves
competitive performance while maintaining faster infer-
ence speed than most state-of-the-art models. Specifically,
when comparing with representative models from differ-
ent categories, our method shows advantages. Compared
with the mask-based method MaskGIT [3], our method
achieves substantially better generation quality (FID 2.29
vs. 6.18) despite requiring more steps. For VAR [44], while
it achieves slightly better FID (1.97 vs. 2.29), our method
maintains a simpler framework with fewer tokens per im-
age and preserves the pure autoregressive nature, making it
more flexible for multi-modal integration.

Compared to our baseline model LlamaGen [42], PAR
achieves 3.9× reduction in generation steps (147 vs. 576)
and 3.58× speedup in wall-clock time (3.46s vs. 12.41s)
while maintaining comparable quality (FID 2.29 vs. 2.18).
With more aggressive parallelization, PAR-3B-16× further
accelerates generation to 1.31s (9.5× speedup) with only
0.7 FID degradation compared to the baseline, demonstrat-
ing the effectiveness of our parallel generation strategy in
balancing efficiency and quality.

4.2.2. Video Generation
We evaluate our approach on the UCF-101 [39] dataset for
class-conditional video generation. Table 3 shows com-
parisons with various state-of-the-art methods across dif-
ferent categories. Among recent works, MAGVIT-v2 [60]

Type Method #Param FVD↓ Steps Time(s)

Diffusion
VideoFusion [24] N/A 173 - -
Make-A-Video [36] N/A 81.3 - -
HPDM-L [37] 725M 66.3 - -

Mask. MAGVIT [59] 306M 76 - -
MAGVIT-v2 [60] 840M 58 - -

AR

CogVideo [14] 9.4B 626 - -
TATS [10] 321M 332 - -
OmniTokenizer [53] 650M 191 5120 336.70
MAGVIT-v2-AR [60] 840M 109 1280 -

AR
PAR-1× 792M 94.1 1280 43.30
PAR-4× 792M 99.5 323 11.27
PAR-16× 792M 103.4 95 3.44

Table 3. Comparison of class-conditional video generation
methods on UCF-101 benchmark. FVD measures generation
quality, where lower values (↓) indicate better performance. PAR-
1× represents our token-by-token baseline, while PAR-4× and
PAR-16× indicate our parallel generation variants with different
speedup ratios, achieving competitive FVD scores with signifi-
cantly reduced generation steps and wall-clock time.

achieves strong performance with an FVD of 58 using
masked token prediction, while its autoregressive variant
MAGVIT-v2-AR obtains an FVD of 109 with 1280 gener-
ation steps. Our next-token-prediction baseline (PAR-1×)
achieves a competitive FVD of 94.1, demonstrating the ef-
fectiveness of our implementation. More importantly, our
parallel generation variants significantly reduce both gener-
ation steps and wall-clock time while maintaining compa-
rable quality. Specifically, PAR-4× reduces the generation
steps from 1280 to 323 with minimal FVD increase (99.5
vs. 94.1), achieving 3.8× speedup (11.27s vs. 43.30s). Fur-
ther parallelization with PAR-16× achieves 12.6× speedup
(3.44s vs. 43.30s) with 103.4 FVD, while reducing genera-
tion steps to 95. Due to space limit, we provide visualiza-
tion results of video generation in supplementary materials.

4.3. Ablation Study

In this section, we conduct comprehensive ablation studies
to investigate the effectiveness of our key design choices
on the ImageNet 256×256 validation set (Tab. 4). Unless
specified, we use the PAR-XL model with parallel group
size n=4 as default setting.

Initial sequential token generation. We first evaluate the
importance of initial sequential token generation by com-
paring models with and without this phase in Tab. 4 (a).
Results show that initial sequential generation reduces FID
from 3.67 to 2.61, with only 3 additional steps (147 vs.
144). We also visualize the comparison in Fig. 5. With-
out initial sequential generation (middle row), the generated
images exhibit inconsistent global structures, such as mis-
aligned dogs with duplicated body parts, as initial tokens
are generated without awareness of each other. In contrast,
our approach with initial sequential generation (top row)
produces more coherent and natural-looking images. The

12961



FID↓ IS↑ steps↓
w/o 3.67 221.36 144
w 2.61 259.17 147

(a) Importance of initial sequential token generation. Sequential gener-
ation of initial tokens improves FID by 1.06 with negligible step increase.

n FID↓ IS↑ steps↓
1 2.34 253.90 576
4 2.35 263.24 147

16 3.02 270.57 51

(b) Number of parallel predicted tokens (PAR-XXL). n=1 is the token-
by-token baseline. n=4 reduces steps by 4× with similar FID (2.35 vs.
2.34), while n=16 reduces steps by 11.3× at the cost of 0.67 FID.

attn FID↓ IS↑ steps↓
causal 3.64 228.08 147

full 2.61 259.17 147

(c) Attention pattern between parallel tokens. Full attention allows
complete context access from previous parallel groups (vs. causal atten-
tion’s limited access), bringing 1.03 FID improvement.

order pattern FID↓ IS↑ steps↓
raster one 2.62 244.08 576
distant one 2.64 262.72 576
raster multi 5.64 265.46 147
distant multi 2.61 259.17 147

(d) Comparison of different scan orders under single-token and multi-
token prediction. Our region-based distant ordering shows similar per-
formance with raster scan in single-token setting, but significantly outper-
forms in multi-token prediction (2.61 vs. 5.64 FID).

Params FID↓ IS↑ steps

343M 3.76 218.92 147
775M 2.61 259.17 147
1.4B 2.35 263.24 147
3.1B 2.29 255.46 147

(e) Scaling of model size (4× parallel). Generation quality steadily im-
proves with more parameters, from 343M (FID 3.76) to 3.1B (FID 2.29).

Table 4. Ablation studies on image generation model designs.

results illustrate the importance of initial sequential token
generation for establishing proper global structure.

Number of parallel predicted tokens. The number of to-
kens predicted in parallel (n) controls the trade-off between
efficiency and quality. As shown in Tab. 4(b), with n = 4
(M = 2), our approach reduces generation steps from 576
to 147 while maintaining comparable quality (FID 2.35 vs.
2.34). Further increasing to n = 16 (M = 4) achieves more
aggressive parallelization with only 51 steps, at the cost of
slight quality degradation (FID increase of 0.67). This is
consistent with our analysis that tokens from distant regions
have weaker dependencies and can be generated in parallel.
As shown in Fig. 2, both PAR-4× and PAR-16× preserve vi-
sual fidelity while achieving significant speedup (3.46s and

1.31s vs. 12.41s).
Impact of attention pattern. To enable effective paral-
lel prediction while preserving rich context modeling, we
study different attention patterns between parallel predicted
tokens. With n = 4 parallel tokens, enabling full attention
within groups reduces FID from 3.64 to 2.61 compared to
causal attention, as it allows each token to access complete
context from previous groups. This supports our design of
combining bi-directional attention within groups with au-
toregressive attention between groups.
Impact of token ordering and prediction pattern. We
compare raster scan and our distant ordering under differ-
ent prediction settings. As shown in Tab. 4(d), while both
achieve comparable quality in single-token prediction (FID
2.62 vs. 2.64), their performance differs significantly with
multi-token prediction - raster scan degrades severely (FID
5.64) while our distant ordering maintains quality (FID
2.61). This indicates that the choice of parallel predicted
tokens is critical. When using raster scan, adjacent tokens
with strong dependencies are forced to generate simultane-
ously, leading to distorted local patterns as shown in Fig. 5
(bottom row). In contrast, our region-based distant ordering
groups weakly correlated tokens for parallel prediction, pre-
serving both local details and global coherence (top row).
Model scaling analysis. In Tab. 4(e), we study how our
parallel prediction approach scales with model size. With
n = 4 parallel tokens, increasing model size from 343M to
3.1B parameters steadily improves generation quality (FID
decreases from 3.76 to 2.29). Comparing with sequential
generation baseline (LlamaGen) in Tab. 2, while smaller
models show a noticeable quality gap (343M: FID 3.76
vs. 3.07), larger models achieve comparable performance
(775M: 2.61 vs. 2.62; 1.4B: 2.35 vs. 2.34) while reducing
generation steps from 576 to 147. This demonstrates that
increased model capacity helps mitigate the quality trade-
off from parallel prediction, suggesting stronger capability
in modeling joint distribution of parallel tokens.

5. Conclusion

We propose PAR, a noval autoregressive visual generation
approach that enables efficient parallel generation while
preserving the advantages of autoregressive modeling. Our
key finding is that the feasibility of parallel generation de-
pends on token dependencies - tokens with weak dependen-
cies can be generated in parallel while strongly dependent
tokens lead to inconsistent results. Based on this insight, our
PAR organizes tokens based on their dependency strengths
rather than spatial proximity. The effectiveness of our ap-
proach across different visual domains validates this strat-
egy for efficient autoregressive visual generation. We hope
our work can inspire future research on visual generation
and other sequence prediction tasks.
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