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Figure 1: Our PruneVAR achieves efficient acceleration while preserving high-frequency details without reducing token inputs,
whereas existing token pruning methods introduce noticeable artifacts and texture degradation.

Abstract

Visual Autoregressive (VAR) modeling has attracted attention for
its coarse-to-fine generation via next-scale prediction. However,
higher scale resolutions lead to rapid token growth and substan-
tially increased latency. Existing methods accelerate the late high-
resolution stages by reusing converged tokens, but may discard
high-frequency details in unupdated regions. To address this chal-
lenge, we propose PruneVAR, a training-free VAR acceleration
framework that reduces redundant model computations without
decreasing token inputs to preserve fine-grained texture coherence.
Our approach is motivated by the finding that the redundancy in
VAR transitions from stage-level stability to layer-wise functional
overlap across the multi-scale generation process. Based on this
insight, we introduce a corse-to-fine layer pruning strategy. Specif-
ically, we first prune all layers at specific stages by skipping model
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forward while restoring pruned outputs using cached image incre-
ments from previous scale steps. As generation proceeds to higher
resolutions, we pre-identify redundant layers by analyzing the over-
lap of core update regions and skip only these layers in the late
stages. Experiments show that PruneVAR achieves up to 2x speedup
while maintaining competitive visual quality. More visualization
results are available at https://jiajianxie.github.io/prunevar/.
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1 Introduction

Visual Autoregressive (VAR) modeling [23] introduces a next-scale
autoregressive paradigm for image generation. In stead of conven-
tional next-token prediction [13, 21, 26], VAR represents an image
as a sequence of token maps at multiple scales. During generation,
the model first predicts a low-resolution map that captures global
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Figure 2: Visualization of the observed redundancy patterns in visual autoregressive generation. (a) Upper panels present
spectral energy and frequency components of cross-scale increments, while lower panels show relatively stable cross-scale
increments at intermediate stages. (b) Upper panels present similar modification regions across selected layers, while lower
panels compare random layer pruning with overlap-based layer pruning.

semantics, and then progressively refines it. This method signifi-
cantly reduces the number of autoregressive steps. However, in the
later high-resolution stages, the quadratic growth in token numbers
leads to substantial computation and long inference time [5], which
remains a major bottleneck for real-time generation.

To accelerate VAR inference, existing studies mainly adopt token
pruning strategies [2, 5, 33], which aim to identify and skip redun-
dant token computations. Specifically, these methods detect stable
regions and reuse tokens in these regions from previous stages
or neighborhoods to avoid repeated computation. Although effec-
tive in improving efficiency, these approaches introduce limitations
that compromise generation quality. They fail to sufficiently model
stable regions (typically background textures or smooth surfaces),
which often results in blurring and visible seams that degrade vi-
sual coherence, as shown in Figure 1. Moreover, once tokens are
incorrectly classified as stable, the errors accumulate in subsequent
steps and ultimately degrade the output quality.

To address these limitations, we propose a different acceleration
paradigm that retains full token participation while skipping redun-
dant computations. Our empirical analysis of VAR inference reveals
that the redundancy transitions from global structural stability to
localized layer functional overlap across stages. 1) Cross-scale
increments exhibit structural stability at intermediate stages.
Frequency analysis in Figure 2a (Top) shows low energy and steady
growth high-frequency components during stages 7-10. We further
visualize the increments in Figure 2a (Bottom) and find that struc-
tural patterns can be observed at stages 8-9. These results indicate a
stage-level redundancy at intermediate stages. 2) Certain layers at
high-resolution stages have limited impact on the final out-
put. As shown in Figure 2(a), consecutive layers often concentrate
on highly overlapping spatial regions, indicating repeated local
refinement. An experiment of manually skipping certain layers at
the last two stages still preserves high image fidelity, as shown
in Figure 2(b). This indicates that redundancy shifts to a layer-wise
granularity in the last stages, where certain layers have limited
contributions to the final output.

Based on the above observations, we propose PruneVAR, a two-
stage acceleration framework for VAR models that reduces redun-
dant computation without decreasing token inputs. In the structure-
stabilization stage, we introduce a cache-then-prune strategy that
leverages cached image increments from preceding scales to ap-
proximate subsequent updates, allowing approximately half of the
forward passes in this stage to be completely pruned, while peri-
odically incorporating newly computed increments to refine the
approximation. In the quality refinement stage, we introduce a
cross-scales layer pruning strategy tailored for high-resolution
scales. We first quantify the per-layer modification regions by mea-
suring feature changes between inputs and outputs, emphasizing
tokens with the most significant updates. Layers with highly over-
lapping modification regions across consecutive layers are then
pre-selected for pruning. Leveraging the consistency of layer be-
haviors across adjacent high-resolution scales, redundant layers
are determined once before this stage and reused throughout sub-
sequent inference. Overall, our contributions are as follows:

e We propose a cache-then-prune strategy for structure-stabilization
stages, which leverages cached image increments to skip inter-
mittent model forward passes while periodically refining with
newly computed increments.

e We introduce a cross-scales layer pruning strategy for high-
resolution stages, identifying layers with overlapping high-impact
modification regions and reusing the pruning configuration across
adjacent scales to reduce redundant computation.

e Extensive experiments show that PruneVAR achieves up to 2x
speedup while maintaining competitive global image quality.

2 Related Work

2.1 Autoregressive Visual Generation

Autoregressive models (AR) [9, 19, 24, 31] typically treat image gen-
eration as a sequence modeling task, where pixels or visual tokens
are flattened into a sequence. These models predict the next token
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conditioned on the previously generated tokens. However, the infer-
ence speed is limited by the strictly sequential generation [27]. Dif-
ferent from traditional next-token prediction, Visual Autoregressive
(VAR) modeling [23] introduces a next-scale prediction paradigm.
VAR reformulates image generation as a hierarchical, multi-scale
autoregressive process, generating low-resolution token maps in
the initial stages and progressively refining them into higher reso-
lutions. Building upon this, several work has proposed high-quality
text-to-image generation. HART [22] improves generation quality
and efficiency by decomposing the continuous latent variables of
an autoencoder into discrete tokens representing the global struc-
ture and continuous residual tokens capturing fine-grained details.
Infinity [6] moves beyond fixed-vocabulary constraints by employ-
ing bit-wise visual tokenization, which theoretically enables an
infinite vocabulary size for synthesizing high-fidelity images. Al-
though VAR significantly reduces the number of autoregressive
steps compared to standard AR models, the computational overhead
in the later high-resolution stages remains a critical bottleneck for
real-time inference [5, 10].

2.2 Visual Autoregressive Acceleration

Existing efforts to improve the inference efficiency of the VAR
models include both training-based [1, 3, 10, 14, 32] and training-
free [12, 15, 29] approaches. Training-based methods reduces com-
putational redundancy by modifying model architectures [1, 25]
or introducing specialized training strategies [14]. However, they
incur substantial training costs and lack cross-model adaptabil-
ity. In contrast, training-free methods have become a research fo-
cus, due to plug-and-play deployment without. These training-free
techniques generally follow two directions. KV cache compression
methods [11, 17, 30] reduce memory and computation by allocating
cache budgets based on the sensitivity of different scales and layers.
Token pruning methods [2, 5, 33] focus on dynamically identifying
and skipping redundant tokens during high-resolution stages, and
reusing neighboring or previous tokens. Despite improving effi-
ciency, token pruning-based approaches still face limitations. Reuse
of tokens often leads to blurred or missing fine-grained details and
introduces visible seams at the boundaries between updated and
reused regions. Moreover, once tokens are incorrectly classified
as stable, the error cannot be corrected in subsequent steps. Such
errors accumulate over stages and degrade the quality of the final
output. In this paper, we focus on training-free acceleration with-
out reducing tokens, and instead improve efficiency by reducing
redundant computations within the model.

3 Method

3.1 Preliminary

The Visual Autoregressive (VAR) modeling [23] reformulates au-
toregressive generation by shifting from a "next-token prediction"
to a "next-scale prediction". Instead of predicting individual tokens
sequentially, VAR treats each autoregressive unit as a token map
at a specific resolution. For a given image feature map, VAR first
quantizes it into K multi-scale token maps R = {ry,rs,...,rx},
where each token map ry is associated with a predefined resolution
(hg, wi) that increases progressively with k. The joint distribution

over these token maps is factorized autoregressively as:

K
p(ri,re, ..., 1K) :Hp(rk | 71,y Thlt). (1)
k=1

To improve training stability, existing methods [6, 16, 22] usually
adopt a residual prediction mechanism. At each scale k, the model
predicts a residual term f; based on previously generated token
maps. The current prediction is obtained by adding this residual to

the upsampled result from the previous scale:

Fi. = interpolate(F_1, (h, wi)) + f, @)

where the "interpolate(-, (hx, wr))" denotes upsample a token map
to the size of (hg, wi). By unrolling the recursive formulation, the
prediction at scale k can be expressed as the accumulation of all
previous residuals:

k
7 = Z interpolate(f;, (h, wi)). 3)
i=1
During inference, generation proceeds sequentially from coarse
to fine scales. Although KV cache can reuse intermediate compu-
tations, the computational cost still increases significantly as the
resolution grows.

3.2 Motivation

In this work, we aim to improve the efficiency of VAR inference by
reducing redundant model computations. To this end, we investi-
gate the stage-wise and layer-wise behaviors of a pre-trained VAR
model [6]. Specifically, we analyze the evolution of image incre-
ments across stages and examine the functional roles of layers at
different resolutions. Conclusions are summarized as follows.
Observation 1: Cross-scale increments are structural stable
during the intermediate stages. As shown in Figure 2a (Top), the
spectral energy of cross-scale increments decreases rapidly after
the early stages, remains at low level during the intermediate stages
(e.g. stages 6-10), and rises again in the final stages. Meanwhile,
the high-frequency components of the increments increase con-
sistently during stages 7-11, showing a notably stable trend. We
also find that the global structure remains recognizable at stage 8
and stage 9, but becomes difficult to discern at the last two stages,
as shown in Figure 2a (Bottom). These results suggest that VAR
generation transitions through distinct redundancy phases. In the
intermediate stages, the foundational global structure has been es-
tablished, and the model enters a state of structural stability where
cross-scale increments become stable and predictable. This high
degree of consistency implies a maximal redundancy at the stage
level, providing a foundation for 100% layer pruning (i.e., stage-
level skipping) through increment reuse without compromising the
established layout. However, as the generation proceeds to high-
resolution stages, the token granularity becomes too fine to support
coarse-grained stage-level reuse.

Observation 2: Certain layers at high-resolution stages have
limited contributions on the final output. Since the scale-wise
stability does not exists in the last stages, we instead analyze redun-
dancy from a layer-wise perspective. As shown in Figure 2(a), we
find that many consecutive layers repeatedly focus on highly over-
lapping regions for local refinement, suggesting that their functions
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Figure 3: Overview of the proposed PruneVAR method. Subfigure (a) illustrates the cache-then-prune strategy in the structure-
stabilization stage (SS), where model inference alternates with reuse of cached outputs. Subfigure (b) shows the process of
identifying redundant layers by analyzing overlapping modification regions across adjacent layers. Subfigure (c) demonstrates
the application of the identified redundant layers to perform layer pruning during the quality refinement stage (QR).

are redundant. We further manually select a subset of layers with
highly overlapping focus regions and skip them during inference.
This simple strategy produces results that remain highly consistent
with the original outputs, as shown in Figure 2(b). These results
indicate that the skipped layers contribute marginally to the final
visual quality. In the late stages, the model shifts to fine-grained
local refinement, where redundancy appears among certain groups
of layers that repeatedly refine similar regions. As a result, layer
redundancy decreases from a global pattern to a more localized one,
meaning that part of the layers can be pruned without reducing
generation quality.

3.3 Two-Stage Redundancy Reduction

Building upon the above observations, we propose PruneVAR to
reduce redundant computations in VAR models. As shown in Fig-
ure 3, denote the semantic-planning stage as SP = {1,2,...,N},
the structure-stabilization stage as SS = {N + 1,..., M}, and the
quality-refinement stage as QR = {M + 1,...,K}. Due to the vari-
ability in the semantic planning stage, which determines the global
structure, we retain the standard VAR process in SP. For the set
S8, we intermittently skip model forward and restore the skipped
outputs using cached image increments from previous stages. For
the set QR, we apply layer pruning by pre-identifying redundant
layers and performing inference with the pruned model. More de-
tails are given below.

Cache-Then-Prune Strategy. In the structure-stabilization stage
(8S), model predictions at each scale step produce stable image
increments. Leveraging this observation, we propose a cache-then-
prune strategy that alternates between full model inference and
reuse of cached outputs. As shown in Figure 3(a), we cache the

model output fi at scale step k. In the following step, instead of
performing full model inference, the cached output fi is upsampled
to the next scale (hy4+1, wkt1) and used as a proxy for fi4;. This
process repeats across S8, alternately caching newly computed
outputs and reusing cached increments for skipped steps:

if step k is computed,

foar = {interpolate(ﬁc, (Pk+1, Wk+1))s @

modelforward (74 1),

if step k is skipped.

Assuming the structure-stabilization stage spans from step N + 1

to M, the proposed cache-then-prune strategy reduces the number
of model forward passes from (M — N) to approximately 5N
under an alternating scheme.
Redundant Layer Identification. In the quality refinement stage
(QR), we further accelerate inference by pruning redundant layers.
As shown in Figure 3(b), the key idea is to identify layers with highly
overlapping modification regions for pruning. To quantify these
regions, we measure the magnitude of feature updates between a
layer’s input and output. Given the input and output of the I-th
layer at scale step k, denoted as x,il) € RBXTXC and y(l) € RBXTXC,
we compute the token-wise update magnitude as:

c
) _ )
Ay _Z‘yk X

c=1

©)

where B is the batch size, T is the number of tokens, C is the feature
dimension and A](Cl) € RBXT represents the aggregated feature
changes for each token. To normalize the update magnitude, we

divide A](Cl) by its maximum value:

AV = —* ©)
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Table 1: Quantitative results of T2I and T2V tasks. The best and second-best results are in bold and underlined.

Quality Efficiency
T2I Model CLIPT SSIMT GenEvall BVOAT T2 [Cjzirg::; nch S-CoT] Latency(s)|  SpeedUpT
Infinity 0.32108 = 0.68122 0.61729 0.40087 77.661 1.72771 =
+FastVAR 0.32149 0.71698 0.67562 0.61867 0.39786 77.575 0.88176 1.959%
+SparseVAR 0.32168 0.72471 0.67065 0.61589 0.39779 77.607 1.33477 1.294%
+PruneVAR 0.32171 0.86966 0.67686 0.61856 0.39992 77.611 0.87609 1.972%
HART 0.31364 = 0.51528 0.50823 0.37567 72.4526 0.90295 =
+FastVAR 0.31103 0.57599 0.51602 0.50611 0.36598 71.9802 0.65131 1.386%
+SparseVAR 0.31305 0.64477 0.51541 0.50735 0.36332 72.0388 0.68201 1.323%
+PruneVAR 0.31348 0.84231 0.51553 0.50796 0.36921 72.2612 0.65097 1.387x
Quality Efficiency
T2V Model CLIPT SSIMT VBench MLIMT TZ\II)eCt(:criiileTnCh Tracking| Latency(s)|  SpeedUpT
InfinityStar 0.30198 = 0.83739 0.42304 0.41084 0.24987 95.77793 =
+PruneVAR 0.30105 0.84348 0.83082 0.41552 0.40856 0.24483 59.03892 1.62X

Based on the normalized update map, we define the core update
region mask for layer [ as:

1 N
M,Q:]I(AL)M), )

where 7 is a predefined threshold and I(-) is the indicator function.
The mask indicates tokens with relatively large feature updates,
representing the regions modified by the layer.

Given the masks of adjacent layers, we then measure their over-
lap to quantify similarity:

‘M(n A MY
k k
Sim(l,l+1) _

= = 8)

k (
(M) |y

‘Mk UM,

If the overlap exceeds a threshold y, the two layers are considered
to have highly overlapping modification regions. We then mark the
latter layer as redundant for pruning:

1, if Sim{M* >y,
(I+1) :{ k Y; )

k 0, otherwise,

where p*V = 1 indicates that the (I + 1)-th layer at scale step k is
Py Y p

redundant and can be pruned.
Cross-Stage Layer Pruning. We observe that at high resolutions,
the functional behaviors of layers remain consistent across adjacent
stages. Therefore, we perform redundancy analysis at the final step
of the structure-stabilization stage, denoted as ki, and record the
layers to be pruned using:

rg}; = rlglla)sl, (10)

where rgﬁ = 1 indicates that the [-th layer is marked for pruning.

During the subsequent stages in QR, we reuse this pruning config-
uration and perform inference using the pruned model, skipping
layers with rgl% = 1 during forward passes, as shown in Figure 3(c).
To preserve generation quality, we do not prune the initial blocks
and the first and last layers within each block, as these are critical

for maintaining global structure and stable feature transformations.

4 Experiments

4.1 Experimental Setup

Models and Evaluations. We apply PruneVAR to two text-to-
image VAR models, Infinity [6] and HART [22] (1024 X 1024 reso-
lution), the text-to-video model InfinityStar [16] (720P, 81 frames).
For comparison, we use FastVAR [5] and SparseVAR [2] on the
text-to-image models. Since these baselines do not provide ac-
celeration code for InfinityStar, we do not include them in the
video experiments. For evaluation metrics, we compare both in
terms of generation quality and inference efficiency. For generation
quality, text-to-image results are evaluated on GenEval [4] and
T2I-CompBench [7], while text-to-video results are assessed on
VBench [8] and T2V-CompBench [20]. We also evaluate all gen-
eration results with CLIP [18] scores for textual alignment and
SSIM [28] for structural consistency. For efficiency evaluation, we
consider both inference speed and computational cost. Inference
speed is measured by latency and speedup, while computational
cost is evaluated using TFLOPs, total KV-cache tokens, KV-cache
memory, and peak GPU memory.

Implementation Details. For Infinity, SS spans stages 7 to 10,
while for InfinityStar, it spans stages 24 to 27. For HART, no clear
SS is observed, and thus the cache-then-prune strategy is not
applied. For threshold selection, we perform a grid search on Infinity
using 10 prompts. Each candidate setting is evaluated by 0.5 X
SSIM + (1 — Latency/Latency,;,) to jointly account for structural
consistency and inference efficiency. We then adopt 7 = 0.5 and
y = 0.8 as the default settings across all models. For baselines,
FastVAR follows its default settings, while SparseVAR uses a varying
threshold of 0.6 with other settings unchanged. Following FastVAR,
latency is measured without including the VAE decoding time, as it
is shared across all methods. All experiments are conducted on a
single NVIDIA A100.
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Figure 4: Qualitative results of T2I and T2V generation task using different models.

4.2 Quantitative Results

As shown in Table 1, PruneVAR achieves a better quality-efficiency
trade-off. On text-to-image generation, PruneVAR obtains the high-
est speedup among the compared methods, reaching 1.97x on Infin-
ity and 1.39x on HART. Moreover, PruneVAR also preserves better
generation quality, achieving higher SSIM scores than FastVAR and
SparseVAR on both Infinity (0.86966 vs. 0.71698 and 0.72471) and
HART (0.84231 vs. 0.57599 and 0.64477), while maintaining com-
petitive GenEval scores. On text-to-video generation, PruneVAR
achieves a 1.62X speedup on InfinityStar with a VBench score close
to the original model (0.83082 vs. 0.83739), suggesting that the
proposed redundancy reduction strategy generalizes consistently
across image and video generation.

Table 2 further shows that PruneVAR effectively reduces compu-
tational and memory costs. On Infinity, PruneVAR reduces TFLOPs
from 98.05 to 23.64, slightly lower than FastVAR (23.66) and Spar-
seVAR (24.26), while decreasing peak GPU memory from 15.74 GB
to 12.73 GB. Although token-pruning methods achieve lower KV-
cache memory by directly reducing tokens, the memory overhead
of PruneVAR remains modest while it provides better structural
consistency and competitive task-level quality.

4.3 Qualitative Results

To further evaluate the visual fidelity of our approach, we provide a
qualitative comparison between PruneVAR and token-pruning base-
lines in Figure 4. As highlighted by the red boxes, token-pruning

Table 2: Computational cost of different methods.

Model | TFLOPs|  KV/k| KV/GB|  Peak/GB.|
Infinity 98.05 336.67 7.89 15.74
+FastVAR 23.66 101.64 2.38 11.61
+SparseVAR 24.26 11142 2.61 11.19
+PruneVAR 23.64 203.04 4.75 12.73
HART 42.62 234.05 2.74 17.05
+FastVAR 2139 132.62 155 13.95
+SparseVAR 2156 134.11 157 14.04
+PruneVAR 21.32 185.21 1.91 14.74
InfinityStar |  1754.01 2722.64 21.27 58.28
+PruneVAR | 109521 1694.48 13.24 48.47

methods suffer from insufficient modeling of fine-grained details,
as well as structural artifacts in background regions such as visible
seams and blurring. The loss of fine-grained textures and degraded
structural coherence significantly compromise the visual quality of
the generated images. In contrast, PruneVAR maintains high con-
sistency with the original model’s outputs. Specifically, it preserves
delicate textures and fine details while ensuring that background
regions remain free of artifacts. When extended to video gener-
ation, PruneVAR maintains visual consistency with the original
outputs. By employing the two-stage redundancy reduction instead
of token-pruning, our framework improves inference efficiency
while maintaining competitive generative quality.
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Table 3: Ablation of cache-then-prune and layer-pruning.
“Score” denotes GenEval for T2I and VBench for T2V.

Table 5: Ablation experiments on mask threshold 7 and over-
lap threshold y in QR.

Model Variant SSIMT Scorel Latency| SpeedUp?T Model ‘ T Y SSIMT  ScoreT Latency| SpeedUp?
PruneVAR 0.869 0.676 0.876 1.972% 0.5 0.8 0.870 0.677 0.876 1.972x
Infinity w/o layer-pruning 0.885 0.677 1.387 1.245% Infinit 08 0.8 0.874 0.677 0.979 1.764%
w/o cache-then-reuse 0.903 0.678 1.176 1.467X Y 02 08 0.809 0.676 0.773 2.235X
PruneVAR 0.843 0.831 59.038 1.620% 05 05 0.824 0.686 0818 2.100x
InfinityStar w/o layer-pruning 0.863 0.832  84.903 1.128% 05 0.8 0.842 0.516 0.651 1.387%
w/o cache-then-reuse 0.891 0.836  68.319 1.408% 0.8 0.8 0.861 0.515 0.701 1.288%
HART 02 08 0.782 0.510 0.591 1.527x
0.5 05 0.809 0.516 0.633 1.426%
Table 4: Ablation experiments on stage-skipping. 05 0.8 0843 0.831 59.039 1.620%
InfinityStar 0.8 0.8 0.850 0.831 72.932 1.310%
Model ‘ Skipat  SSIMT  ScoreT  Latency| SpeedUpT 02 08 0.760 0.827 53.198 1.800x
0.5 05 0.788 0.827 54.668 1.750%
[8,10] 0.870 0.677 0.876 1.97X
Infinity [57] 0087 0-670 0-993 1oL Table 6: Thresholds (z. i “Total ” d
(7.9] 0.775 0.680 0.927 1.86% : ,y) comparison. “Total score” denotes
[9,11] 0.818 0.666 0.853 2.02% the value of the objective function in grid search.
[24-27] 0.843 0.831 59.039 1.62X% -
InfinityStar (18-24] 0653 0821 67.293 142 T Bestsit(?:g() 8) 3581411\2 L()a::;cy To(t)a;]SSCGOre
[20-26] 0.825 0.829 60.259 1.58% HART s . - .
[27-29] 0.728 0.827 56.663 1.69% Default setting 0.842 0.651 0.7015
InfinityStar Best (0.5,0.7) 0.831 57.911 0.81055
Default setting 0.843  59.039 0.80508

4.4 Ablation Study

Component contribution. Table 3 shows that both cache-then-
reuse and layer pruning contribute to inference acceleration. When
applied independently, layer pruning achieves higher speedups on
both Infinity (1.467X vs. 1.245X) and InfinityStar (1.408X vs. 1.128X),
indicating that redundant layers in high-resolution stages are a
major source of computational overhead. Meanwhile, cache-then-
reuse also provides consistent acceleration by reusing cross-scale
computations. Although it leads to a slightly larger SSIM drop than
layer pruning alone, the task-level scores remain nearly unchanged
when the two components are combined. This suggests that the
reused intermediate representations still preserve the structural
cues required for effective layer selection, without interfering with
the subsequent pruning process.

Impact of stage-skipping configurations in SS. Table 4 shows
that the skipped stage range affects the quality-efficiency trade-off.
Skipping too early causes a clear drop in structural consistency,
e.g., SSIM decreases from 0.870 to 0.687 on Infinity and from 0.843
to 0.653 on InfinityStar. Skipping later stages can provide slightly
higher speedup, but it also reduces fidelity. In contrast, our selected
ranges achieve near-best acceleration while preserving higher SSIM
and stable task-level scores. This trend is consistent with the obser-
vation in Figure 2a: cross-scale increments are more stable in the
intermediate stages. If cache-then-reuse is applied too early, the
global structure is still being formed, making the cached increment
an unreliable proxy for the next update. If applied too late, the
generation process has shifted to fine-grained refinement, where
direct reuse may skip local corrections. Therefore, the selected in-
termediate ranges align with the stable increment region, leading
to a better quality-efficiency trade-off.

Sensitivity of mask threshold 7 and overlap threshold y in
QR. Table 5 shows these two thresholds jointly control the ag-
gressiveness of the pruning criterion. A more conservative setting,
such as (7,y) = (0.8, 0.8), preserves slightly higher SSIM but yields
lower speedups, since fewer layers are identified as redundant. In
contrast, lowering either 7 or y enables more aggressive pruning
and further improves acceleration, but also leads to a larger drop
in SSIM. Nevertheless, the task-level scores remain relatively stable
across different threshold settings, indicating that the pruned layers
mainly affect fine-grained structural consistency rather than the
overall semantic quality.

Since the default setting is obtained by grid search on Infin-
ity and then applied to all models, we further examine whether
model-specific threshold tuning is necessary. We conduct additional
grid search on HART and InfinityStar and compare the searched
thresholds with the default setting in Table 6. The searched set-
tings, (0.6, 0.8) for HART and (0.5,0.7) for InfinityStar, are close
to the default (0.5, 0.8), and their total-score gains over the default
setting are marginal. This suggests that the performance is not
sensitive to exact threshold values within a reasonable range. Since
redundant layers exhibit consistently high overlap in their modifi-
cation regions, moderate changes in 7 or y mainly affect borderline
cases rather than altering the overall pruning decision, allowing
the default threshold to generalize across different models.
Effectiveness of overlap-based layer pruning. To evaluate the
effectiveness of the proposed overlap criterion in identifying re-
dundant layers, we disable cache-then-reuse and compare overlap-
based layer pruning with random layer pruning under different
pruning rates. Table 7 shows that random pruning causes a much
faster quality drop, especially at high pruning rates, suggesting
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Table 7: Comparison between random layer pruning and our
overlap-based layer pruning under different pruning rates.

Model Strate; 30% 50% 80%
8y SSIMT ScoreT | SSIMT ScoreT | SSIMT ScoreT
. Random 0.939  0.679 | 0.848 0.676 | 0.810 0.675
Infinity
Overlap-based | 0.951 0.680 | 0.922 0.678 | 0.908 0.677
Random 0.880 0.515 | 0.828 0.514 | 0.779 0.511
HART
Overlap-based | 0.920 0.515 | 0.873 0.515 | 0.844 0.516
. Random 0919 0.832 | 0.845 0.831 | 0.793 0.828
InfinityStar
Overlap-based | 0.950 0.837 | 0.912 0.832 | 0.896 0.831

S5IM distribution vs. original (nfinty, per prompt)

»»»»» m Sparievan PronevaR Infinity PruneVAR

,;/!- _;q-

S5IM distribution vs. original (hart, per-prompt)
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PruneVAR

Figure 5: Box plots and failure modes.

that the redundancy in QR is layer-specific rather than uniformly
distributed. Simply removing layers at random is likely to discard
layers that still contribute to local refinement. In contrast, overlap-
based pruning remains robust as more layers are pruned: the task-
level scores stay nearly unchanged from 30% to 80% pruning, and
the SSIM remains consistently higher than random pruning across
Infinity, HART, and InfinityStar. This confirms that highly over-
lapping modification regions provide a reliable indicator of layer
redundancy, allowing PruneVAR to maximize layer pruning while
preserving generation quality.

Generalization to con-
ditional image genera-
tion. We further evalu-
ate PruneVAR on condi-
tional image generation VAR(d=30) - 211 - 1531
with VAR(d=30) [23] to ex- +FastVAR  0.651 2.28 1.25x 1.218
amine whether the pro- +SparseVAR 0.708 2.21 1.12x 1.353
+PruneVAR 0.795 2.16 1.32x 1.153

Table 8: Comparison on VAR.

Method  SSIMT FID| SpeedT Lat.|

posed acceleration strat-
egy generalizes beyond
text-conditioned generation. Since FastVAR and SparseVAR do not
provide public code for this setting, we re-implement them on
the same VAR backbone for comparison. As shown in Table 8,
PruneVAR achieves the best performance among all accelerated
methods, with the highest SSIM of 0.795, the lowest FID of 2.16,
and the largest speedup of 1.32x. These results indicate that the
proposed two-stage redundancy reduction is also effective for con-
ditional image generation, providing a better quality-efficiency
trade-off than token-level acceleration strategies.

Jiajian Xie, Jie Yang, and Shengyu Zhang
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Figure 6: Frequency analysis of HART and VAR.

Per-prompt robustness. We further analyze the distribution of
SSIM scores across different prompts to evaluate the robustness
of generation quality. As shown in Figure 5, PruneVAR consis-
tently achieves a higher median and mean SSIM than FastVAR
and SparseVAR on both Infinity and HART. More importantly, the
SSIM distribution of PruneVAR is more concentrated and has a
higher lower bound, indicating that its performance is less sensitive
to prompt variations. In contrast, token-pruning baselines show
larger fluctuations and more low-SSIM cases, suggesting that their
token-level decisions may introduce prompt-dependent structural
degradation. These results demonstrate that PruneVAR preserves
structural consistency more reliably across diverse prompts, leading
to more stable generation quality.

5 Conclusion

In this work, we introduce PruneVAR, a training-free acceleration
framework for Visual Autoregressive modeling without decreasing
token input. Our key observation is that redundancy in VAR shifts
from global stage-level stability to localized layer-wise overlap.
Based on this insight, we propose a corse-to-fine layer pruning
strategy. By implementing stage-level skipping during intermediate
phases and selective layer-wise pruning at late stages, PruneVAR
effectively reduces computational overhead while preserving fine-
grained texture coherence. Extensive experiments demonstrate
that PruneVAR achieves efficient acceleration and maintains high
generation fidelity in both text-to-image and text-to-video tasks.

Although PruneVAR achieves consistent acceleration, its two
components still have limitations. For cache-then-reuse, this strat-
egy is not universally applicable to all VAR backbones. As shown in
Figure 6, HART and VAR do not show a clear stable low-frequency
update pattern, possibly because smaller models contain less ex-
ploitable cross-stage redundancy. Thus, cache-then-reuse still re-
quires model-dependent identification, and future work could de-
velop adaptive criteria to determine when it should be activated. For
layer-pruning, visualizing lower-bound cases in Figure 5 shows that
aggressive layer removal may introduce subtle detail distortions,
such as twisted lines or local artifacts. This suggests the need to
adaptively control the number of pruned layers.
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