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Abstract

Visual Autoregressive (VAR) modeling inefficiently ap-
plies a fixed computational depth to each position when
generating high-resolution images. While existing meth-
ods accelerate inference by pruning tokens using frequency
maps, their binary hard-pruning approach is fundamen-
tally limited and fails to improve quality even with bet-
ter frequency estimation. Observing that VAR models pos-
sess significant depth redundancy, we propose a paradigm
shift from pruning entire tokens to adaptively allocating
per-token computational depth. To this end, we intro-
duce DepthVAR, a training-free framework that dynam-
ically allocates computation. It integrates an adaptive
depth scheduler, which assigns computational depth via
a cyclic rotated schedule for balanced, non-static refine-
ment, with a dynamic inference process that translates these
depths into layer-major masks, selectively applies trans-
former blocks, and blends the resulting codes to ensure
each token’s influence is proportional to its processing
depth. Extensive experiments show that DepthVAR achieves
2.3x-3.1x acceleration with minimal quality loss, offer-
ing a competitive compute-performance trade-off compared
to existing hard-pruning approaches. Code is available at
https://github.com/STOVAGtz/DepthVAR.

1. Introduction

Recent advances in Autoregressive (AR) models use ‘next-
token’ prediction to enable the step-by-step synthesis of
complex visual structures, offering a unified probabilistic
framework for text-to-image generation. However, the se-
quential nature of AR modeling leads to long token chains,
which increases computational cost and memory demands,
especially for high-resolution images. Visual Autoregres-
sive (VAR) modeling [25, 54, 58] mitigates this issue by
shifting to ‘next-scale’ prediction and generating images
hierarchically across scales. This substantially reduces
sequence length and prediction latency, yet tokens grow

*“Equal contribution
Corresponding author

4213

2Beijing Institute of Technology, Zhuhai

{caotianze, zhaosanyuan}@bit.edu.cn

Anchor

Preserved Tokens

Tokens

Pruned
Tokens

<

@
@

X5y

&
X

)

e

AV

5

(a) Hard

) (b) Sparse
Pruning

Selection

s

*

&
Tokens w/ .’ ."
Depth

(c) Our DepthVAR
Figure 1. Comparison of VAR acceleration paradigms. (a) Hard
token pruning (e.g. [24]) discards tokens. (b) Sparse token selec-
tion (e.g. [5]) retains anchor tokens to preserve background struc-
ture. (c) We adaptively vary the layers processed per token.

quadratically with each scale, creating significant compu-
tational overhead from the inefficient uniform processing of
tokens that represent regions requiring less computation.

In pursuit of non-uniform processing for efficient VAR
inference, prior works [5, 24] prune tokens at larger scales,
assuming high-frequency tokens are more critical for later-
stage refinement. These methods estimate high-frequency
distributions from intermediate outputs to identify and dis-
card less important tokens. However, such hand-crafted fre-
quency estimations are often inaccurate, degrading quality
in pruned regions, which is sometimes mitigated with sparse
background grids [5]. Specifically, as shown in Fig. 2, we
find that more accurate frequency estimation does not guar-
antee improved generation quality, suggesting a fundamen-
tal limitation in the hard-pruning paradigm.

These frequency-based methods [5, 24] dichotomize to-
kens into a ‘keep’ or ‘prune’ status. This motivates our in-
vestigation into a more continuous form of computational
scaling, where we find that VAR models exhibit exploitable
token-wise and layer-wise depth redundancy, diverging
from previous findings [38], which suggests that reducing
per-token depth rather than hard-pruning tokens can poten-
tially save computation while better preserving image qual-
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(a) Frequency approximation vs. image quality.

(b) Qualitative results of hard-pruning with an oracle frequency mask.

Figure 2. Limitations of frequency-based pruning. (a) The accuracy of frequency map approximation, a common heuristic for token
pruning, correlates poorly with final image quality. (b) Employing a perfect oracle frequency mask for hard-pruning still results in signifi-
cant quality degradation, which points to an inherent flaw in the strategy.

ity. While depth redundancy [11, 14, 16] motivates mod-
ern early exiting [16, 47] and dynamic depth [11, 26, 43]
methods, differences in the saturation behavior make direct
transfer to VAR models non-trivial. Accordingly, we hy-
pothesize that computational resources should be allocated
in a more continuous manner across tokens, allowing for
a non-binary approach to non-uniform processing at larger
scales.

Based on these observations, we propose DepthVAR,
a training-free inference acceleration framework that pre-
cisely controls per-token inference depth. As illustrated in
Fig. 1, DepthVAR extends beyond prior hard token pruning
and sparse selection paradigms by introducing a continuous
depth allocation scheme. To exploit depth redundancy, our
dynamic inference framework converts token depth scores
into a layer-major mask via bit-reversal to ensure unbi-
ased layer utilization, selectively applies transformer blocks
while reusing cached layer behaviors to maintain continu-
ity, and blends the resulting codes to ensure each position’s
influence is proportional to its processing depth. These per-
position depths are determined by an Adaptive Depth Score
Scheduler, which applies a cyclic rotated schedule to prior
decision rank maps. This process generates non-static depth
scores to ensure balanced, continuous refinement across the
image. Integrating these components, DepthVAR adap-
tively achieves efficient and fine-grained dynamic infer-
ence. We demonstrate that our DepthVAR can accelerate
VAR inference with a better performance trade-off than pre-
vious hard prune approaches and achieves 2.3x-3.1x ac-
celeration with minimal quality loss.

In a nutshell, our contributions are as follows,

* We reveal the limitations of frequency-based hard-
pruning and identify exploitable depth redundancy in
VAR models as a more effective path toward acceleration.

e We propose DepthVAR, a training-free framework that
enables continuous depth allocation by integrating a
cyclic adaptive depth scheduler with a dynamic inference
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mechanism for selective computation and code blending.

* Experiments on multiple benchmarks demonstrate
that DepthVAR achieves 2.3x-3.1x acceleration
and marginally superior quality compared with prior
hard-pruning acceleration methods.

2. Related Work

Dynamic Depth in Transformers. A key strategy for
accelerating Transformer inference [7, 56, 59] is to dy-
namically activate input-specific sub-networks, rather than
static methods like quantization [1, 39, 51, 53] or distilla-
tion [23, 28, 45], including Mixture-of-Experts (MoE) [18,
34, 50] and adaptive depth methods [10, 13, 16, 47] that
vary layer usage per token. As a form of adaptive depth,
early exiting was first introduced for DNNs and CNNs [2,
30, 57], and was later applied to encoder-only Transform-
ers like BERT [12, 29, 48, 62, 64, 65], where most meth-
ods rely on model confidence scores or small exit classi-
fiers [46, 48, 62], and subsequently extended to decoder-
based LMs [11, 14, 43, 47, 49]. Specifically, Universal
Transformer [10] introduced position-wise stopping with
ACT [21], while Depth-Adaptive Transformer [13] trained
auxiliary exits. Furthermore, LayerDrop [16] demonstrated
that dropping layers during training enables inference over
sub-networks, and CALM [47] aligns token-level exit de-
cisions with sequence quality targets. More flexible ap-
proaches learn to allocate depth per token [11, 17, 26, 43],
e.g., Mixture-of-Depths(MoD) [43] trained block routers to
bypass certain blocks, later extended by Router-Tuning [26]
to a retro-fit framework. Methods like SkipDecode [11]
and Depth Decay Decoding [17] determine depths via de-
cay rules, offering more flexibility over early-exiting. The
emergence of similar strategies in vision models [19, 38, 55]
further underscores their potential for accelerating VARs.

Efficient Visual Autoregressive Modeling. The scale-by-
scale generation paradigm of Visual Autoregressive Mod-
eling (VAR) [4, 25, 54, 58] prevents the direct applica-
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Figure 3. Evidence of depth redundancy in pretrained VAR
models. (a) Token-wise representation similarity between consec-
utive layers shows saturation at different depths (darker colors for
smaller scales). (b) Generation quality peaks before the final layer
with early exiting, confirming full depth is not always optimal.

tion of parallel decoding strategies from sequential gener-
ation, such as Speculative Decoding [35] and Block-wise
Parallel Decoding [52]. Theoretically, VAR improves time
complexity from O(n%) to O(n?*) [58], with a potential
near-quadratic limit of O(n?t°(1)) [31], and LiteVAR [61]
achieves near O(n?) in practice. Some approaches reduce
memory [37] or employ linear complexity mechanisms like
Mamba [22] to decouple inter-scale computations [44]. In-
spired by Speculative Decoding [35], CoDe [6] uses a large
and a small model to reduce redundant computations on
larger scales. FastVAR [24] and SparseVAR [5] leverage
the frequency characteristics of scale prediction to reduce
computation by lowering the coefficient « in the time com-
plexity O(a x n*), and SkipVAR [36] further explores
this by exploiting high-frequency differences across differ-
ent samples. Architectural improvements to VAR, such as
HMAR [33] and HART [54], require extra training or struc-
tural changes. To the best of our knowledge, the closely re-
lated FreqExit [38] is a training-time early-exiting method.
In contrast, our approach is training-free and dynamically
adjusts the network depth token-wise during inference.

3. Methodology

3.1. Empirical Observations

Limitations in Frequency Approximation. Previous
works [5, 24] accelerate inference by pruning low-
frequency tokens identified via approximated frequency
maps, based on the observation that different frequency
components converge at different rates during generation.
Contrary to intuition, our empirical analysis shows that
more accurate frequency map approximations do not guar-
antee better image quality. On hard-pruning [5], we eval-
uated 800 samples by comparing its predicted frequency
mask with a Sobel-filtered ground-truth. As shown in
Fig. 2a, the approximation accuracy exhibits only a weak
positive correlation with final image quality (SSIM; Pear-
son’s r = 0.138), indicating that refining frequency maps
does not reliably improve results. To further investigate, we
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conducted an oracle experiment using a perfect frequency
mask derived directly from the ground-truth image. As
shown in Fig. 2b, even this ideal hard-pruning degrades
quality, revealing a deeper issue with the assumption that
low-frequency regions can be safely omitted. These ob-
servations suggest that binary hard-pruning is inherently
limited, motivating a shift towards more granular compu-
tational allocation strategies.

Depth Redundancy in Pretrained VAR. To improve gen-
eralization and prevent overfitting, VAR models [25, 54, 58]
often employ LayerDrop [16] during training. This regular-
ization strategy introduces depth redundancy [14, 16] into
the pretrained model, which can be leveraged for faster in-
ference. To confirm this redundancy, we follow [25] and
measure performance when forcing all tokens to exit at ear-
lier layers. As shown in Fig. 3b, generation quality on
two benchmarks peaks before the final layer rather than in-
creasing monotonically, indicating that the model is over-
parameterized in depth and can be accelerated by trimming
layers without harming quality. We further examine token-
wise similarity across consecutive layers (Fig. 3a) and ob-
serve that token representations saturate at some layers, re-
vealing token-specific depth redundancy. This contrasts
with prior findings [38] based on cosine-similarity satura-
tion used in classical early-exit methods [47], suggesting
that VAR models exhibit a distinct form of redundancy that
may require tailored exploitation strategies. These observa-
tions imply that simpler tokens may not benefit from full-
depth processing, motivating our approach to adaptively re-
duce layer depth to better harness this property.

3.2. Preliminaries

At a high level, the visual autoregressive modeling
(VAR) [25, 54, 58] predicts K multi-scale residual maps
(ro,71,-..,7K—1) and accumulates the upscaled resid-
ual maps to gain a feature map f; at each scale ¢ €
{0,..., K —1}. With encoded start token 7y from text
prompts [25, 40, 54], given a VAR model with L stacked
transformer layers [59], the parallel prediction of h; X w; to-
kens in r; € [V]h*%i starts from scale-conditioned down-
sampled feature embeddings:

r; = Layer, ;(embed(down(f;_1))) (1)

where down is bilinear downsampling [25] and Layer, |
is the cumulative form of using rf = Layer,(r; '), where
Layer, is the /-th block. Upsampling retrieved features z;
from the codebook at the predicted logits p; = head(r;)
gives the intermediate feature maps:

2

where z; = lookup(p;). In the last prediction step, fx_1
is used for generating the prediction image. This standard
prediction process utilizes all model layers and naturally al-
locates equal computation for each position on the image.

fi= fic1 +up(zi,hg—1,wk—1)
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Figure 4. Overview of dynamic depth inference in DepthVAR. Left: At each scale i, we first use Adaptive Depth Score Scheduler
to generate adaptive depth scores S; using layer-wise changes from the previous scale, which are converted to a layer-major mask M;
via bit-reversal. The dynamic depth inference performs masked prediction using M, reinstating cached layer behaviors from the last
scale, and blends the resulting codes based on S; to produce each scale’s final output. Right: Early steps follow standard inference, while

dynamic depth is applied in later stages.

3.3. DepthVAR: Predicting with Dynamic Depth

As shown in Fig. 4, our key intuition is to adaptively reduce
computational depth by assigning each token map position
a specific score, which are translated into layer-major masks
to selectively activate transformer blocks, while masked po-
sitions are restored and resulting codes are blended to en-
sure each token’s influence is proportional to its process-
ing depth. Specifically at scale ¢, given precomputed depth
scores S; € [0, 1]7*wi (Sec. 3.4), we first obtain the integer
depth map D; = |S; - L] to guide the mapping process.
Depth Map to Layer-major Mask by Bit-reversal. We
then permute position-wise depths D; € N"#*¥i to layer-
major masks M; € {0, 1}£*h:*wi for easier computation,
by distributing per-token depths uniformly across layers for
each position (m,n) to achieve unbiased layer utilization.
This prevents layers of shallower tokens from being dis-
proportionately pruned. Let k = [log, L], and we de-
fine the bit-reversal permutation 7y, : {0,...,L — 1} —
{0,...,L —1} by:

7 (x) 3)

where x = Z;:é b;27, revy(x) Z;:é b;2k1-7. Bit-
reversal is also the index ordering used in radix-2 Coo-
ley—Tukey FFTs [8, 15]. For each token index (m,n) €

[0, h;) x [0,w;) N N2, we choose the set of active layers
di(m,n)—1
}.'1720

revg(x)

as Li(m,n) = {mp(x) and define the layer-
major binary mask M; € {0, 1}L>hixwi ag;

Mi(t,m,n) = 1{0 € Li(m,n)} . )

For example, with L = 32 and d;(m,n) = 5, one obtains
L;(m,n) ={0,16,8,24,4}.
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Masked Layer Behavior Approximation. At each layer /,
we reduce computation by processing only the active posi-
tions defined by the spatial mask slice M (¢), and restore
the cached proxy from the last scale at masked positions:

r; =Layer,(r; "' © Mi(0)) +

sparse prediction

5
T hw) o (1= M)

up(ri_,

cached proxy restoration

where up(+, -, -) is the bilinear upscale. Eq. (5) ensures that
subsequent layers receive a spatially complete feature map,
allowing the upscaled residuals cached from the previous
scale to serve as a consistent and continuous layer behav-
ior proxy for masked regions. We use the original posi-
tions (m,n) as embedding positions in each layer block’s
RoPE2d [25, 27], and restore (1 — M;(0)) by the similarity
criteria following [5] after the last layer ¢ = L — 1, empiri-
cally minimizing the impact of masked tokens omitted from
the attention context by exploiting inter-scale local stability.
Depth-based Code Blending. Finally, to let the residual
added to the intermediate feature map be affected more
by deeper tokens and less by shallower ones, we reweight
the predicted codes z; by the depth scores map S;
[[si(m,n)] fn;;] = §; - lookup(p; ), where p;
head(rF). This ensures that the contribution of each token
is proportional to its computational investment.

3.4. Adaptive Depth Scores Scheduler

This dynamic depth inference requires depth scores S; €
[0, 1] estimated for each token position. Directly porting

w;—1 . _
n—0 a8 z;



Table 1. Quantitative evaluation on GenEval. Our DepthVAR achieves a superior trade-off between semantic consistency and inference
latency compared to the baseline and other acceleration methods. *: requires additional training; *: w/o last two scales; EE: early exit.

Methods GenEval 1 Avg Acc.
Counting Color Attr. Two Obj. Colors Position Sin Obj. Overall Lat.(ms) | Steps
Infinity [25] 0.6812 0.5375 0.8636  0.8298  0.4300 1.0000  0.7237 2706 /
Infinity-EE-26 [25] 0.6875 0.5925 0.8561 0.8511  0.4750 1.0000  0.7437 2232 0-12
© +ToMe {0505} [3] 06562 04050  0.7854 0.7287 04100 1.0000 0.6642 1284  11-12
+ SparseVAR-0.7 [5] 0.6812 0.5500 0.8131 0.8378  0.4425 1.0000  0.7208 1281 10-12
+ SkipVAR* @0.84 [36] 0.7188 0.5375 0.8460  0.8431 0.3975 1.0000  0.7238 1325 10-12
+ FastVAR™ [24] 0.7000 0.5525 0.8359  0.8245 0.4300 1.0000  0.7238 1080 9-10
"~ +DepthVAR*(R=7) 07188 ~ 0.5600  0.8157 0.8245 04050 1.0000 0.7207 869  8-10
+ DepthVAR(R=7) 0.6906 0.5575 0.8359  0.8271 0.4425 1.0000  0.7256 1168 8-12
+ DepthVAR(R=8) 0.6812 0.5725 0.8333  0.8324 04375 1.0000  0.7262 1295 9-12
+ DepthVAR(R=9) 0.6969 0.5700 0.8333  0.8457  0.4450 1.0000  0.7318 1622 10-12
HARTI[54] 0.3594 0.2550 0.7197  0.8644  0.1475 0.9875  0.5556 1102 /
HART-EE-21[54] 0.3688 0.2550 0.7803  0.8590 0.1575 0.9750  0.5659 987 0-13
© #SparseVAR-0.7[5]  0.3625  0.2200  0.6364  0.8484 0.1275 0.9750  0.5283 636  10-13
+ FastVAR w/o FlashAtn[24]  0.3688 0.2175 0.6995  0.8378  0.1200 0.9750  0.5364 1195 12-13
~ +DepthVAR(R=9)  0.3656  0.2525  0.6869  0.8457 0.1450 0.9781 0.5456 710  10-13
+ DepthVAR(RR=10) 0.3906 0.2750 0.7197  0.8697  0.1425 09875  0.5642 856 11-13
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Figure 5. Adaptive Depth Score Scheduler Pipeline. Feature
changes from scale ¢ — 1 are aggregated, upsampled, and normal-
ized into percentiles, which are then mapped via a schedule func-
tion to continuous depth scores for scale .

language modeling [47] confidence scores is non-trivial:
The visual code space is too large for reliable top-k softmax
estimation; regions may visually saturate while hidden-
state similarities still vary; and additional classifiers re-
quire extra fine-tuning. Prior approaches [5, 24] approx-
imate frequency rank maps either via MSE [5] or mean-
subtraction [24]. However, as we showed in Fig. 2, the is-
sue lies more in how these ranks are used rather than the
precision of the frequency approximation itself.

Hence, we propose to interpret the previous (i — 1)-th
scale’s layer-wise changes as ‘past decisions’ that guides
the current refinement. As illustrated in Fig. 5, this pro-
cess involves aggregating absolute feature responses into
a decision rank map, normalizing these into relative per-
centiles, and applying a schedule function to map impor-
tance to depth. Specifically, given a reference metric £ and
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a reference range [Ebegin, Lena], we aggregate and upsample
reference responses to form a base decision rank map:

Eend
Bi=up( Y E(ri_y—ri1),hi,wi) €RMUL(6)

L=Lbegin

and compute normalized decision rank percentiles by
pi(m,n) = =30 o WBi(p,q) > Bi(m,n)} € [0,1].

With a monotonically decreasing schedule function G :
[0,1] — [0,1], we can convert decision rank percentiles to
decayed depth scores s;(m,n) = G(p;(m,n)). To further
generalize, we modify G with a cyclic percentile rotation of
magnitude 7 € (0, 1),

, G&) 0<p<m,
p— 7
g(p) {g(}_Z) n<p<l. @)

which prevents repeatedly updating the same tokens, as pre-
viously lowest ranks are rotated away. By applying the ro-
tated mapping on the normalized rank percentiles, we ob-
tain the adaptive depth scores as S; = G'(p;).

This percentile-based adaptive scheduling resembles dy-
namic depth transformers [13, 21, 42], and we extend it
across multiscale predictions. By aligning the integral area
of G’ on a reference scale r with index R, we constrain
computation allocated for larger scales and achieve earlier
computation reduction than others. In practice, we em-
ploy parameter controlled functions Gggmoid = W,
Gilinear-a = 1 — ¢ and Gjipears = ¢(x — 1), where k is a user-
defined parameter and c is solved from a given integral area.
For the reference metric, we use Evag = | - |, Emse = | - |,
and &, = - — mean(-), we find these metrics behave simi-
larly, while Eyag offering the best overall balance.
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Figure 6. Qualitative visual comparisons between our method, the baseline, and other approaches with relatively fixed inference latency.
Our method achieves a 2.31x acceleration while preserving semantic consistency and delivering rich visual details.

4. Experiments

4.1. Experimental Setup

Models and Metrics. We apply DepthVAR on Infinity-
2B [25] and HART-0.7B [54], both are capable of gener-
ating images up to 1024x1024 high-resolution under text
prompts. We evaluate them across multiple popular bench-
marks: GenEval [20] for measuring high-level semantic
consistency, while HPSv2.1 [60] and ImageReward [63]
for human-preference alignment. Unless otherwise speci-
fied, we conduct ablation studies on Infinity [25] for con-
sistency and computational efficiency, while HART [54]
is used solely for the main results. The performance of
each acceleration method is quantified by reporting both its
benchmark scores and its wall-clock runtime. To ensure a
fair comparison, all methods’ hyperparameters are kept as
their default settings strictly for evaluation.

Implementation Details. For the reference metric, we use
MAE, with the reference range by fyegin, fena = 3,19 for
Infinity and 8,17 for HART. This range is chosen empiri-
cally with reference to layers that only attend to the fore-
ground details [5]. We choose the sigmoid as the schedul-
ing function G by setting k = 12, and set n = 0.8 for
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cyclic percentile rotation. We apply a similarity thresh-
old of 0.9 at a window of 5 for the 1 — M;(0) restora-
tion. For reference scale constrained compute, we align
fon G'(pi)dp;, Vi > R to %, where R is the reference
scale where later scales’ computation is limited to, and we
choose i € {7, 8,9} for Infinity and 7 € {9,10} for HART.
This enables DepthVAR to reduce computation earlier than
other methods by up to two scales. Following previous prac-
tices [5, 24, 36], FlashAttn [9] is applied to Infinity and not
to HART, and the shared VAE latency cost is excluded from
speed measurements. All experiments are conducted on a
single NVIDIA RTX 3090 GPU with 24GB memory.

4.2. Main Results

Comparison on GenEval. We first evaluate DepthVAR
across Infinity [25] and HART [54] on the GenEval bench-
mark [20], comparing it with hard-pruning, token-merging,
and early-exit baselines [3, 5, 24, 25, 54]. As shown in
Table 1, DepthVAR consistently achieves superior speed-
quality trade-offs: on Infinity, it reaches a 2.3x-3.1x
speedup (1168 or 869ms) with negligible quality loss, while
on HART (R=10), it improves the overall score by 1.5%
with ~ 1.3% acceleration. Notably, while global early exit
strategies [25, 54] can improve scores, they offer limited



Table 2. Quantitative evaluation on Human Preference Metrics, including HPSv2.1 and ImageReward. DepthVAR demonstrates a strong
balance between performance and efficiency. ¥: requires additional training; *: w/o last two scales; EE: early exit.

HPSv2.1 ImageReward
Methods
Anime Photo Painting Concept-Art Overall] Latency (ms)] Scoref Latency (ms)]
Infinity [25] 31.68 29.39 30.44 30.36 30.47 2724 0.9515 2716
Infinity-EE-26 [25] 32.06 29.76 30.48 30.53 30.70 2210 0.8965 2206
© +ToMe{0.5,0.5} 2865 2646 2712 2710 2733 1330 ~  0.7840 1287
+ SparseVAR-0.7 [5] 31.03 28.74 29.57 29.68 29.76 1332 0.8936 1301
+ SkipVAR* @0.84 [36] 31.60 29.19 30.43 30.27 30.37 1692 0.9376 1744
+ FastVAR™ [24] 31.08 28.82 29.97 29.86 29.93 1027 0.9116 1036
~ +DepthVAR*(R=7) 3120 2895 2994 2985 2998 882 08996 876
+ DepthVAR(R=7) 31.33  29.90 30.03 28.99 30.06 1185 0.9088 1174
+ DepthVAR(R=8) 3142 29.97 30.15 29.10 30.16 1285 0.9171 1303
+ DepthVAR(R=9) 31.52  30.12 30.27 29.25 30.29 1625 0.9254 1616
HART [54] 31.30 28.19 29.04 29.56 29.52 1109 0.9013 1103
HART-EE-21 [54] 31.54 28.25 29.41 29.84 29.76 989 0.9004 985
"+ SparseVAR-0.7[5]  27.69 2533 2560 26.12 = 26.18 669 05737 679
+ FastVAR w/o FlashAttn [24]  28.66  26.08 26.95 27.31 27.25 1208 0.7448 1209
~ +DepthVAR(R=9) 2844 2572 2644 2663 2681 729 06573 7271
+ DepthVAR(R=10) 2995 27.04 27.72 28.10 28.20 885 0.7909 880

1.1x-1.2x speedup. Unlike prior methods which suffer se-
mantic instability at higher speedups, DepthVAR leverages
exploitable depth redundancy (Fig. 3b) to maintain fidelity
under constrained compute, and demonstrates competitive
robustness and efficiency as a training-free framework.
Comparison on HPSv2.1 and ImageReward. We eval-
uate human-preference alignment using HPSv2.1 [60] and
ImageReward [63], with results presented in Table 2.
DepthVAR shows a strong balance between quality and ef-
ficiency; on Infinity [25] it remains highly competitive with
the baseline, while on HART [54], it proves more robust
without suffering dramatic score collapses. Overall, Depth-
VAR provides more flexible speed-quality trade-offs than
Sparse VAR [5] and FastVAR [24], and offers a training-free
solution with consistent runtime compared to SkipVAR [36]
which requires extra training and has variable latency.
Qualitative Visualizations. As shown in Figure 6, we
provide qualitative comparisons between DepthVAR, the
baseline, and other acceleration methods at similar la-
tency points. Our approach preserves high image quality
and strong semantic consistency with the original genera-
tion, delivering rich visual details while achieving a 2.3x
speedup. This visual evidence further demonstrates its su-
periority over existing hard-pruning approaches.

4.3. Ablation Studies

Impact of Depth-based Code Blending. To investigate
whether tokens from deeper or shallower layers should con-
tribute differently to image refinement, we conduct ablation
experiments on the codes blending strategy across differ-
ent reference scales. As shown in Tab. 4, with depth-based
codes blending disabled—i.e., when the current-scale codes
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Table 3. Ablation study of schedule functions on GenEval. Result
scores are reported under compute constraints controlled by R.

Schedule Avg

Methods Function G Scoret Latency (ms)J
sigmoid@k=12  0.7256 1168
sigmoid @k=3 0.7175 1139
Di‘;;h_\;‘)m sigmoid @k=256  0.7212 1199
- linear-a 0.7218 1177
linear-b 0.7250 1120
sigmoid@k=12  0.7262 1295
sigmoid@k=3  0.7200 1285
De(%h_\é’)m sigmoid@k=256  0.7268 1314
- linear-a 0.7228 1316
linear-b 0.7233 1284
sigmoid@k=12  0.7318 1622
sigmoid@k=3  0.7316 1576
De(%h_\;[;R sigmoid@k=256 0.7310 1664
- linear-a 0.7310 1573
linear-b 0.7291 1564

residual prediction is directly added to the feature map—the
model performance drops by 0.002-0.015. Rather than con-
tributing equally, this result suggests that deeper tokens
should drive the primary updates, while shallower tokens
provide fine-grained adjustments.

Choice of Schedule Functions. The choice of the sched-
ule function G determines how computational depth is dis-
tributed across tokens. To investigate the impact of different
allocation strategies, we experiment with several functional
forms for G. As illustrated in Figure 8, these functions cre-
ate distinct profiles for assigning layer depths based on to-
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Table 4. Ablation study on the im-
pact of Depth-based Code Blend-
ing. Disabling it degrades perfor-
mance on GenEval.

Table 5. Ablation study on Cyclic Percentile Rotation.
The table reports results with and without this compo-
nent, illustrating its impact on overall performance.
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0.9133 1231 Figure 8. Profiles of different schedule
0.9254 1616 functions under the same constraint. Lin-
0.9231 1546 ear ¢ and b pass (0,1) and (1, 0).

ken rank, ranging from gradual tapering (sigmoid) to lin-
ear decay. We evaluate their effectiveness by comparing
GenEval scores across different compute constraints (Table
3). The sigmoid function (Gggmoia With & = 12) almost
consistently achieves the best performance, validating our
approach of assigning varied layer depths across tokens. It
also suggests that it is not necessary to enforce that all to-
kens are processed (as in Giipear-b) Or that some tokens al-
ways traverse the full network depth (Gjineara)- This vali-
dates our continuous compute allocation strategy, demon-
strating the effectiveness of a balanced schedule profile.
Impact of Cyclic Percentile Rotation. Cyclic percentile
rotation plays a critical role in re-ranking tokens for map-
ping depth scores, breaking the self-reinforcing top selec-
tion pattern that often emerges in hard-pruning. An ablation
study in Tab. 5 shows that incorporating cyclic percentile ro-
tation consistently yields quality gains. Moreover, as illus-
trated in Fig. 7, applying it enables regions with originally
low scores in the decision map to receive substantive up-
dates. With compute constraints relative to reference scales,
cyclic percentile rotation ensures that tokens across spatial
regions are iteratively and more evenly updated, rather than
focusing updates only on a small subset.
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5. Conclusion

In this paper, we introduce DepthVAR, a training-free
framework that enables dynamic and continuous compu-
tational allocation for each token in Visual Autoregressive
models. We analyze the limitations of frequency-based as-
sumptions in hard-pruning acceleration methods and iden-
tify exploitable depth redundancy in VAR models. To
leverage this redundancy and overcome the pitfalls of bi-
nary pruning, DepthVAR employs an adaptive depth sched-
uler with a cyclic rotated schedule function to heuristically
assign computational depth per token. This is realized
through a dynamic inference process using a bit-reversal
layer-major mask and depth-based code blending. Exper-
iments validate that DepthVAR achieves a superior trade-
off between inference latency and performance on various
semantic and human preference benchmarks compared to
prior hard-pruning approaches, confirming its effectiveness.
Limitations and Future Work. A limitation of our work is
the fixed per-sample compute budget. Future work could
explore dynamic total compute allocation via routing or
early-exiting, and investigate more advanced strategies for
exploiting depth redundancy.
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