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tionally expensive. In addition, the inherently sequential
nature of autoregressive modeling prevents parallel infer-
ence across scales, which further increases latency. To ad-
dress these challenges, we propose LazyVAR, a training-
free and plug-and-play acceleration method for VAR mod-
els. Our key observation is that the similarity of aggre-
gated latent features between adjacent scales progressively
increases with the scale index, reaching particularly higher
values at larger scales. We treat this similarity as a Scale-
wise Update Index, which serves as the pruning criterion.
Consequently, more tokens can be pruned at larger scales
to improve efficiency. Furthermore, we propose Parallel
Group Decoding, which leverages this high similarity at
larger scales to decode tokens from different scales in par-
allel, further accelerating inference. Experimental results
show that the proposed LazyVAR achieves up to a 2.94x
speedup of recent VAR models with negligible performance
degradation, allowing the Infinity-2B text-to-image model
to generate 1024x 1024 resolution images in 0.5 seconds
on a single RTX 4090 GPU.

1. Introduction

In recent years, diffusion-based models have emerged as the
dominant paradigm in image generation [ 14, 27, 44, 46, 51].
Despite their remarkable success, an alternative line of re-
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Figure 1. LazyVAR can achieve a noticeable speedup with negli-
gible performance drop.
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Figure 2. Distribution of the cosine similarity between adjacent
aggregated latent features across scales.

search based on autoregressive (AR) generation [15, 54, 61]
has shown a level of generation quality that is compa-
rable to, and in some benchmarks even surpasses, that
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of diffusion-based methods. Moreover, AR models offer
several distinct advantages, including a unified generative
formulation [56, 66], compatibility with advanced train-
ing techniques developed for large-scale language mod-
els [1, 59], and strong scalability [25, 29].

Among recent autoregressive frameworks, the VAR [58]
model has attracted particular attention for reformulating
the autoregressive paradigm from next-token prediction to
next-scale prediction, achieving superior visual fidelity and
semantic consistency. However, due to the inherently se-
quential nature of autoregression, the decoding steps in
VAR cannot be executed in parallel. Moreover, as the scale
expands, the number of tokens increases quadratically with
respect to n, resulting in O(n?) complexity growth, while
the attention computation introduces an even higher O(n?)
complexity, significantly inflating the overall computational
cost. Prior work such as FastVAR [21] adopts a frequency-
domain-based pruning strategy to accelerate VAR models.
In contrast, our approach leverages the model’s token up-
date dynamics to determine pruning decisions. Further-
more, we exploit our observations to group the pruned steps
for parallel inference, thereby achieving further accelera-
tion.

In the VAR framework, a latent space variable f(h, w) is
maintained to aggregate the residual predictions across all
scales. We refer to this variable as the aggregated latent fea-
ture. Previous studies seeking to interpret VAR have primar-
ily focused on two aspects: decoding the aggregated latent
feature at various steps [21] into the pixel space using a VQ-
VAE [61] decoder, and analyzing attention patterns in VAR
blocks [33], which are based on the Transformer architec-
ture [62]. In contrast, our study focuses on investigating the
similarity of f between adjacent scales. Motivated by the
key findings (see Section 3.2 for more details), we design
LazyVAR, which integrates two complementary strategies
to enhance inference efficiency: (1) At larger scales, Lazy-
VAR determines whether each token should be activated
based on its update behavior in the previous scale, thereby
reducing the number of active tokens. (2) It further enables
multiple steps that are originally non-parallel across scales
to be grouped for parallel decoding. Experimental results
show that Lazy VAR accelerates the original Infinity model
by 2.94 x with negligible degradation in generation quality.

2. Related Work

Autoregressive Image Generation. Early works [7, 60]
performed autoregressive generation in the pixel space.
Subsequent methods [45, 61] such as VQVAE introduced
vector quantization to learn discrete latent representa-
tions, and VQGAN [15] extended this framework us-
ing Transformer architectures. MaskGIT [4] proposed a
masked modeling strategy analogous to BERT [13], and
the MAR [36] framework unified autoregressive (AR) and

masked image modeling (MIM) [2, 5, 23, 35, 71], refer-
ring to it as masked autoregressive modeling and highlight-
ing the crucial role of bidirectional attention. Later works,
including RAR [74] and RandAR [43], explored random-
order token generation, enabling partial parallelization dur-
ing inference. Unlike patch-level autoregressive models,
VAR proposed predicting the next scale, while FAR [73]
adopted a similar principle for frequency-domain genera-
tion. Nonetheless, VAR models still face the challenge of
handling a large number of tokens at larger scales.

The VAR Family. The original VAR paper demonstrated
strong class-conditional generation performance on Ima-
geNet [47], inspiring a series of subsequent extensions. In-
finity [22] introduced a discrete autoencoder with an in-
finitely large codebook size, while HART [55] investigated
hybrid discrete and continuous tokenization schemes. An-
other variant, MVAR [76], formulated next-scale predic-
tion as a Markov process. Further developments have ex-
panded the VAR family: AREdit [67], VARIN [10], and
EditInfinity [64] enabled training-free image editing; Cycle-
VAR [39] adapted the framework for image-to-image trans-
lation; ScaleKV [33] optimizes Key-Value (KV) cache al-
location to reduce memory consumption during inference;
and CoDE [8] achieved accelerated generation by combin-
ing VAR models of different sizes in cooperative inference.
FastVAR [21] introduced Pivotal Token Selection (PTS) to
prune redundant tokens based on the deviation between in-
dividual token norms and the average token norm, as well as
Cached Token Restoration (CTR) to preserve spatial coher-
ence. Sparse VAR [9] distinguishes high- and low-frequency
regions based on the observation that different blocks in
next-scale prediction models tend to focus on distinct re-
gions. SkipVAR [32] selectively skips certain scales or CFG
branches by training an additional classifier.

Efficient Image Generation. The widespread adoption of
diffusion models has stimulated extensive research on ac-
celerating their inference [3, 18, 34, 40, 63, 75, 77]. Some
studies have applied commonly used deep learning accel-
eration techniques, such as model pruning [63], quantiza-
tion [20, 37, 50], and knowledge distillation [42, 48], to
diffusion models. Other approaches exploit the intrinsic
properties of diffusion models. For example, DDIM [52]
accelerates sampling by generating intermediate denoised
images in a non-Markovian manner, and DeepCache [41]
reduces computational cost by reusing high-level semantic
representations across adjacent denoising steps. In a sim-
ilar spirit, our work aims to exploit the intrinsic properties
of VAR models to accelerate the generation process, instead
of depending on general-purpose deep learning acceleration
methods. Nevertheless, due to fundamental architectural
and generative differences, acceleration methods developed
for diffusion models cannot be directly applied to VAR.

In parallel, the autoregressive modeling community,
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Figure 3. Investigation of the cosine similarity of aggregated latent features between adjacent scales in two families of VAR-based text-
to-image models, Infinity [22] and HART [55]. The text prompts are randomly sampled from a publicly available Midjourney v6 prompt
dataset, with a total of 10,000 samples. In subfigure (b), Ours employs the cosine similarity of adjacent aggregated latent features as the
pruning criterion, whereas PTS follows the approach proposed in FastVAR [21].

particularly in the context of large language models
(LLMs), has developed a diverse range of acceleration tech-
niques [17, 24, 28, 30, 49, 57, 69]. However, these ap-
proaches are designed for next-token prediction rather than
next-scale prediction, limiting their applicability to VAR.
Efforts to accelerate MAR-like models, such as ReCAP [38]
and LazyMAR [72], integrate KV-cache into non-causal at-
tention mechanisms to reduce computation. In contrast,
VAR already utilizes the KV-cache effectively, necessitat-
ing novel strategies specifically tailored to its hierarchical
and scale-autoregressive generative paradigm.

3. Method

3.1. Preliminary

The VAR framework reformulates conventional autoregres-
sive generation by shifting the prediction target from the
next token to the next scale. Instead of generating a sin-
gle token at each step, VAR operates on multi-scale token
maps, where each autoregressive unit corresponds to a spe-
cific spatial resolution level.

Given an image I € R3*#*W VAR first employs a vi-
sual tokenizer to quantize it into K scales token maps R =
{r1,r9,...,rx}, where the resolution of r, is (hx, wy) and
(h1,wy) < (h2,w2) < < (hg,wk). These token
maps are arranged in a coarse-to-fine hierarchy, enabling
the model to learn global structure at smaller scales and re-
fine visual details at larger scales.

Formally, the joint distribution of the multi-scale token
maps is modeled autoregressively as:

K
p(ry,ro,..., 1K) = l_Ip(r;C |ri,ra, ..., r51,¢), (1)
k=1

where c denotes either the class-conditional information or
the text embeddings obtained from a pretrained language
model given a textual prompt.

To facilitate stable learning, VAR adopts a residual for-
mulation that decomposes the final latent representation

into contributions from multiple scales. The aggregated la-
tent feature at scale ¢ can be expressed as the interpolated
cumulative sum of the preceding scales output:

fi = Z Interpolate(ry, (hk, wk)), 2
k=1

where Interpolate(-) denotes the upsampling operator that
aligns the spatial resolution of the lower-scale features to
the final scale (hg,wk) before aggregation. This hierar-
chical prediction mechanism enables the model to progres-
sively integrate coarse semantic and structural information
with fine-grained spatial details.

During inference, although VAR can benefit from the
KV-cache, its autoregressive nature prevents different steps
from being executed in parallel. In addition, each step still
requires processing all hy X wy, tokens at the corresponding
scale. As the spatial resolution increases with the scale, the
overall computational cost grows substantially.

3.2. Key Findings and Motivation

We compute ¢; (h, w) = cos(f;_1(h,w), fi(h,w)). Analy-
sis of this metric reveals key findings regarding the behavior
of aggregated latent features across adjacent scales, moti-
vating our approach.

Finding 1. Similarity of adjacent aggregated latent fea-
tures progressively increases across scales . As shown in
Figure 2, the distribution of ¢;(h, w) exhibit a right-skewed,
long-tailed pattern at all scales (the first scale, denoted as
Scale 1). With increasing scale, the entire distribution grad-
ually shifts toward higher similarity values, indicating a
progressive homogenization of adjacent aggregated latent
features. At larger scales, the distribution becomes sharply
peaked near 1.0, with only a small fraction of tokens resid-
ing in the lower-similarity tail. For instance, at the eleventh
scale, approximately 94% of tokens achieve a cosine simi-
larity greater than 0.95.

Finding 2. The model is aware of high-frequency de-
tails and actively updates the corresponding tokens. As
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Figure 4. Overview of LazyVAR. The smaller scales are kept intact to preserve the semantic and structural integrity of the generated
image. At larger scales, pruning is guided by the Update_Index, and the pruned steps are grouped to enable parallel inference.

shown in Figure 3b, ¢;(h,w) exhibits a significant Spear-
man correlation [53] with the variance o (h, w) of the cor-
responding patches in the final generated image; specifi-
cally, we compute p; = Spearman(—c;(h,w),o(h,w)).
This finding indicates that, at larger scales, tokens undergo-
ing frequent updates tend to correspond to high-frequency
details in the generated image, while the model preserves
the tokens associated with the already well-generated back-
ground regions.

Finding 3. Update patterns remain consistent
across adjacent scales. We further compute s; =
Spearman(c;(h, w), ¢;+1(h,w)) to investigate whether the
model exhibits cross-scale consistency in its token update
patterns. As depicted in Figure 3c, there exists a significant
Spearman correlation between c;(h,w) and c¢;11(h,w).
This indicates that tokens experiencing substantial updates
at scale ¢ tend to undergo similarly large updates at scale
7 + 1. Such behavior reveals the consistency of the model’s
update dynamics, suggesting that the model effectively lo-
calizes tokens associated with fine-grained details and iter-
atively refines them across multiple scales.

Motivation 1. As shown in Finding 1, at larger scales, af-
ter incorporating the residuals from the current-scale pre-
dictions, many tokens within the aggregated latent feature
exhibit very high cosine similarity, indicating that their up-
dates are relatively small. This suggests that a consider-
able portion of token forward computations can be skipped
without significantly affecting the overall representation at
larger scales.

Motivation 2. As discussed in Finding 2 and Finding 3,
the cosine similarity between aggregated latent features of
adjacent scales shows a clear correlation across scales and
is also related to the frequency characteristics of the cor-
responding image patches. This property makes it a reli-
able criterion for token pruning. The model can therefore
automatically identify which tokens correspond to high-
frequency details and should be prioritized for updates.
Motivation 3. Since the aggregated latent feature at each
scale is downsampled to initialize the next scale, the re-
quirement to update the aggregated latent feature at every
step prevents parallel inference across scales. As shown in

Finding 1, given that the adjacent aggregated latent features
are highly similar at larger scales, the unupdated aggre-
gated latent feature can be downsampled to generate mul-
tiple scale inputs. Consequently, multiple scales can be de-
coded in parallel, thereby improving efficiency.

3.3. LazyVAR

We propose Lazy VAR, a method that combines Update In-
dex Guided Token Pruning (UIGTP) and Parallel Group De-
coding (PGD) to accelerate inference speed for VAR mod-
els. The core idea is to perform token pruning and paral-
lelize multiple pruned steps within a group.

Scale-wise Update Index Guided Token Pruning. For-
mally, the aggregated latent feature has been defined in
Equation (2), and it can be expressed recursively as

fk = fk,l + Interpolate(rk, (hK,wK)), 3)

where 7, denotes the residual predictions at scale k, and
(hk, wg) corresponds to the largest spatial resolution.

To quantify the scale-wise updates of each token in the
aggregated latent feature, we resort to the token-wise cosine
similarity between adjacent aggregated latent features:

Update_Index;, = 1 — cos(fr_1, fr) € [0,2] X (4)

Tokens exhibiting low cosine similarity values indicate sub-
stantial feature updates at the current scale. At larger scales,
a considerable portion of tokens in the aggregated latent fea-
ture undergoes only minor changes. Consequently, these
tokens can be omitted from the transformer input, substan-
tially reducing the number of active tokens and improv-
ing computational efficiency. Furthermore, by analyzing
the Spearman correlation between Update_Index;_; and
Update_Index,, we observe that tokens showing small up-
dates at one scale tend to exhibit similarly small updates
at the subsequent scales. These observations suggest that
Update_Index;_; can serve as a reliable criterion for to-
ken pruning at scale k.

Parallel Group Decoding. To further enhance inference
efficiency, we propose grouping multiple adjacent steps to-
gether for parallel decoding. Specifically, each group con-
sists of p successive steps beginning at scale k. The original

12132



Table 1. Comparison of inference efficiency and generation quality on GenEval and MJHQ-30K benchmarks. All models were evaluated
on a single RTX 4090 GPU. 7 indicates higher is better, and | indicates lower is better. TModels marked with a dagger can only generate
images up to 512 x 512 resolution; all others support 1024 x 1024 resolution.

Inference Efficiency GenEval MJHQ-30K
Model Category Steps Params. Time| Speed-upf FLOPs| Memory| | Overallf FID| FID*| CLIPT
LlamaGen' [54] AR 1024 0.8B 38.27s - - 5.0GB 0.325 - - -
Show-Of [70] MAR 50 1.3B 16.25s - - 7.4GB 0.528 - - -
PixArt-¥ [6] Diffusion 20 0.6B 3.36s - - 13.9GB 0.583 6.55 - 0.283
SD3.5-M [16] Diffusion 40 2.5B 8.44s - - 19.9GB 0.706 8.48 - 0.281
Infinity [22] VAR 13 2.0B 1.38s 1.00x 101.58T 16.1GB 0.685 9.80 0.00 0.277
+FastVAR [21] VAR 11 2.0B 0.65s 2.12x 44.15T 11.9GB 0.683 10.05 2.03 0.279
+LazyVAR VAR 10 2.0B 0.47 s 2.94x 34.32T 11.2GB 0.686 9.83 1.46 0.277
HART [55] VAR 14 0.7B 0.80s 1.00x 45.59T 20.6GB 0.476 10.98 0.00 0.283
+FastVAR [21] VAR 14 0.7B 0.58s 1.38 % 34.11T 20.5GB 0.458 10.54  8.06 0.280
+LazyVAR VAR 13 0.7B 0.48s 1.67x 32.09T 20.2GB 0.468 11.04 3.77 0.281
input for scale £ is defined as quality. Therefore, we keep the inference process at smaller
~ . scales intact. Specifically, pruning starts from scale 7, and
Tk = Interpolate(f k—15 (P, wk))~ o) the subsequent p — 1 steps are grouped together, where each

We define the approximated inputs for the subsequent scales
within the same group as

T~k+m ~ ;/k+7n = InterpOIate(fk—la (hk-i-nu wk+m))7
(6)
When the aggregated latent features within a group are
highly similar, that is,
Vm € [07]7 - 1]a (7)

fe—1 = frtm—1,

and the downsampling operation further reduces such dif-
ferences, the above approximation 7.4, & gm holds.

Originally, the decoding process across different scales
is sequential, and the residual prediction at scale k is com-
puted through stacked transformer blocks as

®)

rE = Blocks(fl,fg, ey Tl c).

By approximating all interpolated inputs within the group
using ', the decoding of all scales inside the group can be
performed in parallel:

Thy oo s Thtp = Blocks(ﬁ,fg, e Ty ,f’kﬂ,, c).
€))
This strategy enables the p subsequent scales to be de-
coded in parallel rather than sequentially, effectively reduc-
ing computational latency without degrading image gener-
ation quality.
Implementation of LazyVAR. Since the aggregated latent
features undergo larger updates at smaller scales, and these
scales are crucial for determining the structural and seman-
tic content of the generated image while containing rela-
tively few tokens, pruning them yields only marginal accel-
eration and leads to a noticeable degradation in generation
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scale k retains ny tokens after pruning. To avoid updating
the same token position across different scales within the
same group, we assign the tokens with the highest Update-
Index values to the largest scale, while tokens with rela-
tively lower Update-Index values are assigned to smaller
scales. For scale ¢, we compute the cumulative number of
retained tokens across scales ¢ + 1 to ¢ + p as follows:

i+p
cum,; = Z ng - (hK X wK)/(hk X wk)
k=i+1

(10)

For scale 7 + m, Update_Index;_, is first downsampled to
(Ritm, Witm), and then the indices of n;y,, tokens start-
ing from the cum;,,-th largest are selected as the retained
token indices, as illustrated in Equation (11). After the
pruned tokens are output from the blocks, their spatial posi-
tions are restored based on the retained token indices. Since
the Update_Index;,_; values of the pruned tokens are very
small, we set the residual predictions at these token posi-
tions for scale k to zero.

4. Experiment

4.1. Experimental Setup

Models and Evaluations. We conducted experiments us-
ing two trained VAR-based text-to-image generation mod-
els, namely Infinity [22] and HART [55]. To ensure a
fair comparison, all hyperparameters unrelated to this study
were fixed to their default settings during inference. The
GenEval [19] benchmark was employed to evaluate the se-
mantic consistency of generated images, while the MJHQ-
30K [31] benchmark was utilized to assess the perceptual
quality of the images. Additionally, the HPS v2.1 [68]



Tivm = Sort* (Interpolate(Updatelndexi_17 (Ritm, wi+m))) [cumi+m UMy gy + ni+m], Ym € [0,p—1]. (11)

Table 2. Comprehensive quantitative evaluation on the GenEval benchmark.

Method Speed-upT Acc.i. Acc_p. Single. Two. Colors Col_att. Position Counting Average
PixArt-3 [6] - 56.87% 74.32% 98.44% 66.41% 80.59% 35.00% 18.00%  51.56%  58.33%
SD3.5-M [16] - 69.76% 84.63% 98.44% 85.10% 84.84% 62.25% 31.75%  61.25%  70.61%
Infinity [22] 1.00x 67.41% 80.11% 99.69% 83.84% 81.12% 54.00%  29.00% 63.44% 68.51%
+FastVAR [21] 2.12x 67.31% 79.57% 99.38% 82.58% 81.38% 55.75% 30.00%  60.94%  68.34%
+LazyVAR 2.94 x 67.59% 80.83% 99.69% 82.07% 80.32% 57.25% 30.00% 62.50%  68.64%
HART [55] 1.00x 46.02% 65.28% 94.06% 48.74%  78.46% 17.25% 11.75% 35.31% 47.60%
+FastVAR [21] 1.38 % 4421% 6347% 91.88% 4596% 7633% 15.75% 11.00% 33.75%  45.78%
+LazyVAR 1.67 % 4530% 64.92% 94.38% 47.22% 78.72% 18.50% 10.75%  31.25%  46.80%

Table 3. Quantitative comparisons of FID and CLIP scores on
several categories in the MJHQ-30K benchmark.

vehicles
FID| CLIP}

2291 0.280
21.80 0.283

2476 0.276
2477 0.278
24.23 0.275

29.64 0.276
26.50 0.277
26.75 0.274

people
FID| CLIP}

29.57 0.283
26.18 0.289

30.52 0.281
31.06 0.284
30.52 0.282

30.60 0.285
28.03 0.284
28.60 0.284

plants
FID] CLIPt

29.71 0.274
2295 0.276

29.72 0.265
30.38 0.266
29.97 0.265

30.73  0.279
36.66 0.274
31.23 0.275

logo
FID| CLIPT

31.88 0.287
27.53 0.274

29.79 0.276
31.63 0.277
30.51 0.275

30.19 0.280
4251 0.269
36.49 0.274

Methods

SD3.5-M
PixArt-¥

Infinity
FastVAR
LazyVAR

HART
FastVAR
LazyVAR

benchmark, which aligns more closely with human prefer-
ences in image generation, was adopted to further validate
the quality of our method. For efficiency evaluation, we
report several key metrics, including the inference time (ex-
cluding the time required for processing text prompts using
the pre-trained language model), the total forward FLOPs,
the number of model parameters, the number of sampling
steps, the acceleration ratio compared to the original model,
and the GPU memory consumption. An overview of the
main results is presented in Table 1.

Implementation Details. For Infinity, we grouped scales
10, 11, 12, and 13 into a single group, with token retention
ratios of [20%, 10%, 5%, 1%], respectively. For HART,
scales 12 and 13 were grouped, with token retention ratios
of [30%, 20%]. The selection of grouped scales and their
corresponding retention ratios was primarily guided by the
distribution of Update_Index,. See the ablation study for
a more detailed discussion. All models were implemented
with FlashAttention [11, 12] acceleration, and our pruning
method is fully compatible with it. We used the retained
token indices to recover the original positional encodings,
ensuring that pruning did not disturb the relative positional

relationships among tokens. Additionally, we incorporated
attention masks similar to those used during VAR model
training to preserve causal dependencies between scales
within the same group during decoding. All experiments
were conducted on a single RTX 4090 GPU.

4.2. Comparison Experiments

Comparison on GenEval. We first evaluated the perfor-
mance of our Lazy VAR method on the GenEval benchmark
to assess its capability in high-level semantic 1024 x 1024
text-to-image generation. Input prompts are rewritten us-
ing the Qwen2-VL-7B [65] model. The results are shown
in Tab. 2. The baseline methods include diffusion-based
and AR/MAR-based image generation models. Compared
with other MAR/AR-based models, LazyVAR achieves
significantly faster generation while maintaining superior
image quality. Relative to the original Infinity model,
our Infinity+LazyVAR achieves a 2.94x acceleration with
even a slight performance improvement of 0.3%. For
HART+Lazy VAR, we observe a 1.67 x acceleration accom-
panied by only a marginal performance decrease of 0.8%.
For both VAR families, HART and Infinity, integrating
LazyVAR consistently outperforms FastVAR in terms of
both speed and quality. Moreover, our approach demon-
strates lower memory consumption and fewer FLOPs than
the previous FastVAR method. These results confirm the
effectiveness and generalization capability of our method
compared with existing approaches.

Comparison on MJHQ-30K. To further evaluate the per-
ceptual quality of image generation, we conducted experi-
ments on the MJHQ-30K benchmark. Table | presents the
overall results, while Table 3 shows the results broken down
by category. The results show that our LazyVAR main-
tains the image generation performance while achieving a
high acceleration ratio. Interestingly, HART+FastVAR even
achieves a lower FID [26] than the unpruned HART; how-
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Figure 5. Qualitative comparison among the original models and FastVAR baseline and our Lazy VAR on 1024x1024 image generation.

Table 4. Quantitative comparisons of FID* across all categories in the MJHQ-30K benchmark.Average is computed over the 10 categories.

Methods Speed-up? animals art fashion food indoor landscape logo people plants vehicles Average

Infinity [22] 1.00x 0.00 0.00 0.00 0.00  0.00 0.00 0.00  0.00 0.00 0.00 0.00
+ FastVAR [21]  2.12x 11.19 13.23 1236 12.14 1345 10.64 13.54 1434 13.12 11.14 12.52
+ LazyVAR 2.94 x 777 821 742 736 8.00 7.44 681 894 7.81 7.12 7.69

HART [55] 1.00x 0.00 0.00 0.00 0.00  0.00 0.00 0.00  0.00 0.00 0.00 0.00
+ FastVAR [21] 1.38x 13.29 1597 1935 17.24 16.57 13.51 28.68 20.66 2599 13.76 18.50
+ LazyVAR 1.67x 10.50 13.05 11.40 12.38 12.56 12.79  13.03 13.64 13.80 12.32 12.55

ever, we observed that it introduces visual artifacts in the
background regions, as highlighted by the red boxes in Fig-
ure 5. In contrast, our HART+LazyVAR attains an FID
comparable to that of the original HART and maintains vi-
sually indistinguishable image quality, while achieving a
1.67x acceleration. To further assess the visual consistency
of generated images before and after pruning, we addition-
ally report FID*, which measures the FID between images
generated by the original and the pruned models. As shown
in Table 4, Lazy VAR consistently achieves lower FID* val-

ues than FastVAR across all generation categories. We also
provide qualitative visualizations in Figure 5, which clearly
demonstrate that images generated by LazyVAR preserve
exceptionally high perceptual quality and accurate seman-
tic alignment, confirming the effectiveness of LazyVAR.

Comparison on HPSv2.1. We further evaluate LazyVAR
using the HPSv2.1 benchmark. As shown in Table 5, In-
finity+Lazy VAR achieves a 2.94 x acceleration with only a
0.61 decrease in the metric. Moreover, Lazy VAR surpasses
FastVAR in both speed and generation quality.
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Table 5. Comprehensive quantitative evaluation on HPSv2.1.

Table 7. Ablation on grouping strategy.! means the default setting.

Model Anime Art Paintings Photo Average
Infinity [22] 31.67 30.33 30.42 29.35 30.44
+FastVAR [21]  30.83  29.67 29.73 28.67 29.73
+LazyVAR 31.04 29.72 29.72 28.85 29.83
HART [55] 30.64  28.86 28.68 27.48 28.92
+FastVAR [21]  28.33 2691 26.93 25.48 26.91
+LazyVAR 29.14 27.20 26.94 26.19 27.36

Table 6. Ablation on Pruning ratio. ' indicates the default setting.

Inference Efficiency GenEval MJHQ-30K
Model Time| Speed-up? | Overallt | FID| FID*| CLIP{
Infinity [22] 1.38s 1.00x 0.685 9.80 0.00 0.277
[20%, 10%] 0.47s 2.94x 0.686 9.83 1.46 0.277
[0%,0%] 041s 3.37x 0.658 10.81  2.67 0.277
[40%, 20%] 0.51s 2.71x 0.686 9.87 1.65 0.276
[60%, 30%] 0.56s 2.46x 0.685 9.82 1.52 0.277
FastVAR* [21]  0.55s 2.51x 0.662 10.15  2.38 0.278

4.3. Ablation Studies

Different pruning ratios. Consistent with prior work,
pruning is applied only at the larger scales. We ablate the
proportion of tokens retained at scales 9 and 10 of the In-
finity model. As shown in the table, removing all tokens
at these two steps causes a severe degradation in genera-
tion quality, whereas retaining a moderate fraction yields
a favorable trade-off between quality and efficiency. Our
default retention ratios are [20%, 10%)]. Increasing the re-
tention ratios increases latency but does not always lead
to improved generation performance. This observation is
consistent with the analysis above because many tokens at
the larger scales receive only very small updates; exclud-
ing them from update does not harm perceptual quality. For
a more stringent comparison, we also increased the pruning
ratios of FastVAR to further reduce latency, denoted as Fast-
VAR*. Due to the lack of parallelism, FastVAR* could not
achieve the same acceleration ratio as LazyVAR and suf-
fered a marked decline in generation quality.

Different grouping strategy. We ablate the effect of
grouping parallel scales for decoding. The grouping
[9,10, 11,12, 13] denotes treating these scales as a single
group. Grouping more steps increases throughput but may
degrade image quality. Compared with decoding without
grouping, Lazy VAR attains a 1.45x speedup while preserv-
ing nearly identical generation quality.

Effectiveness of the pruning criterion. Replacing our
pruning criterion with the PTS used in FastVAR results in
a substantial deterioration of image quality. Omitting the
use of the cumulative retention tokens derived from Equa-
tion (10), which ensures that the same token position is not
updated across different scales within the same group, re-
sults in a slight performance drop.

Inference Efficiency GenEval MJHQ-30K
Model Time| Speed-upt | Overallt | FID| FID*| CLIP{
Infinity [22] 1.38s 1.00x 0.685 9.80 0.00 0.277
[10,11,12,13]7  0.47s 2.94x 0.686 9.83 1.46 0.277
w/o PGD 0.68 s 2.03x 0.690 9.74 1.48 0.277
[9,10,11,12,13] 0.42s 3.29x 0.678 9.83 2.21 0.276
[10,11],[12,13]  0.52s 2.65x 0.680 9.74 1.52 0.277

Original 50% 60% 70% 80%

FastVAR

z
=3
S
g
3
N
©
-

FastVAR

LazyVAR(Ours)

Figure 6. Visualization of pruned tokens under different ratios.

Table 8. Ablation on Pruning criterion.” means the default setting.

Inference Efficiency GenEval MJHQ-30K
Model Time| Speed-upt | Overall? | FID| FID*| CLIP{
Infinity [22]  1.38s 1.00x 0.685 9.80 0.00 0.277
w UIGTP! 047s 2.94x 0.686 9.83 1.46 0.277
w/o Cum 047s 2.94x 0.681 9.88 1.54 0.277
w PTS 0.48s 2.88x 0.665 1012 2.29 0.278

5. Conclusion

In summary, this work presents LazyVAR, a method to
accelerate text-to-image synthesis with VAR models. We
show that the cosine similarity of aggregated latent features
between adjacent scales exhibits a characteristic long-tailed
distribution, with the vast majority of tokens displaying
high similarity at larger scales. Based on this observation,
we propose a scale-wise update index guided pruning strat-
egy to address the excessive number of tokens processed at
large scales. In addition, we introduce a parallel group de-
coding scheme to overcome the inherent limitation that dif-
ferent steps cannot be processed in parallel. Experimental
results confirm that Lazy VAR achieves substantial acceler-
ation while largely preserving generation quality, demon-
strating its effectiveness for VAR-based text-to-image mod-
els acceleration.
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