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Abstract

Visual autoregressive modeling (VAR) via next-scale predic-
tion has emerged as a scalable image generation paradigm.
While Key and Value (KV) caching in large language models
(LLMs) has been extensively studied, next-scale prediction
presents unique challenges, and KV caching design for next-
scale based VAR transformers remains largely unexplored. A
major bottleneck is the excessive KV memory growth with
the increasing number of scales—severely limiting scalabil-
ity. Our systematic investigation reveals that: (1) Attending
to tokens from local scales significantly contributes to gener-
ation quality (2) Allocating a small amount of memory for
the coarsest scales, termed as condensed scales, stabilizes
multi-scale image generation (3) Strong KV similarity across
finer scales is predominantly observed in cache-efficient lay-
ers, whereas cache-demanding layers exhibit weaker inter-
scale similarity. Based on the observations, we introduce
AMS-KV, a scale-adaptive KV caching policy for next-scale
prediction in VAR models. AMS—KV prioritizes storing KVs
from condensed and local scales, preserving the most relevant
tokens to maintain generation quality. It further optimizes
KV cache utilization and computational efficiency identifying
cache-demanding layers through inter-scale similarity analy-
sis. Compared to the vanilla next-scale prediction-based VAR
models, AMS—KV reduces KV cache usage by up to 84.83%
and self-attention latency by 60.48%. Moreover, when the
baseline VAR-d30 model encounters out-of-memory failures
at a batch size of 128, AMS-KV enables stable scaling to a
batch size of 256 with improved throughput.

Introduction

Autoregressive (AR) models have demonstrated remarkable
success in natural language processing (NLP), underpinning
the development of large language models (LLMs). Scaling
laws (Achiam et al. 2023; Kaplan et al. 2020) reveal that
AR models benefit significantly from increased model size,
larger datasets, and expanded computational resources, mak-
ing them the foundation of the state-of-the-art NLP systems.
However, their efficiency remains a critical challenge, par-
ticularly due to the large memory overhead introduced by
storing key-value (KV) caches during inference.
Encouraged by the success of AR models in NLP, ef-
forts have been made to extend AR modeling to vision
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tasks, leading to promising results in image and video gen-
eration. Among these, VQ-VAE (van den Oord, Vinyals,
and Kavukcuoglu 2017) introduced quantized latent to-
kens to greatly improve computational efficiency over pixel-
level AR modeling (van den Oord, Kalchbrenner, and
Kavukcuoglu 2016; van den Oord et al. 2016; Chen et al.
2020). Follow-up works have enhanced quantization qual-
ity via hierarchical structures (Razavi, van den Oord, and
Vinyals 2019), residual quantization (Lee et al. 2022), or
generative adversarial frameworks (Esser, Rombach, and
Ommer 2020). Nevertheless, token-level AR models have
historically underperformed compared to diffusion models
(Sohl-Dickstein et al. 2015; Song and Ermon 2019; Peebles
and Xie 2023; Esser et al. 2024), which however require
multiple expensive iterative sampling steps.

The recently developed visual autoregressive (VAR) mod-
els (Tian et al. 2024) have adopted GPT-style next-token
prediction through next-scale prediction, enabling a new
coarse-to-fine progressive image generation paradigm and
surpassing diffusion-based generative models in perfor-
mance. VAR models offer a more structured and control-
lable generative process (Tian et al. 2024; Xie et al. 2024;
Chen et al. 2024b), and have been successfully generalized
to tasks like text-to-image synthesis (Voronov et al. 2024;
Zhang et al. 2024; Ma et al. 2025; Han et al. 2024), 3D re-
construction (Zhang, Xiong, and Xu 2024; Chen et al. 2025),
and multi-modal generation (Qu et al. 2024). However, prac-
tical scalability of VAR remains a challenge.

Model efficiency has been extensively studied in NLP,
with techniques such as pruning (Ma, Fang, and Wang 2023;
Muralidharan et al. 2024; Zhu et al. 2024), quantization
(Han, Mao, and Dally 2016; Lin et al. 2024; Gao et al. 2024,
Rokh, Azarpeyvand, and Khanteymoori 2023), and cache
optimization (Xiao et al. 2024; Zhang et al. 2023; Wu and
Tu 2024; Sun et al. 2024; Zirui Liu et al. 2023; Hooper
et al. 2024; Brandon et al. 2024; Liu et al. 2024; Chen et al.
2024a). In vision, techniques of improving diffusion model
efficiency have also been well developed, including reducing
the number of sampling steps (Luo et al. 2023; Salimans and
Ho 2022) and accelerating solvers (Lu et al. 2022, 2023).
However, similar optimizations for VAR remain relatively
scarce (Xie et al. 2024; Chen et al. 2024b).

Notably, the progressive nature of VAR significantly ex-
tends the overall sequence length compared to conventional



Figure 1: Top: The 256 x 256 images generated by VAR-
d30(Tian et al. 2024) and 1024 x 1024 images gener-
ated Infinity-2B(Han et al. 2024). Bottom: generated us-
ing tuning-free AMS—-KV with 4.7 x less KV Cache Memory
consumption.

AR models. This results in excessive memory usage, pri-
marily due to the KV cache, a fundamental bottleneck lim-
iting the scalability of VAR models. Unlike LLMs, which
only maintain a single sequence of KV cache storage, VAR
models operate across multiple scales, requiring progres-
sively larger cache storage as the generation process unfolds.
This multi-scale dependency significantly amplifies the KV
cache footprint, making VAR models memory-intensive and
challenging to scale to higher resolutions or more complex
scenes.

However, addressing KV cache efficiency in VAR mod-
els has received little attention, despite its critical role in
enabling scalable deployment. In this work, we bridge this
gap by systematically investigating KV cache redundancy
in VAR models and proposing an Adaptive Multi-Scale
KV caching strategy, called AMS-KV, to significantly re-
duce memory consumption while maintaining model perfor-
mance. Our main contributions are:

* We conduct in-depth studies of KV caching behavior
across different scales and layers in VAR models, reveal-
ing key insights into non-uniform cache requirements,
scale-wise importance and layer-wise cache preference.

We propose a novel KV caching policy to dynamically
allocate cache storage based on scale types across layers
with heterogeneous cache demands. This enables sub-
stantial memory savings as shown in Figure 1 and sup-
ports larger batches while keeping generation quality.

We perform extensive experiments and ablation studies
to validate the performance of AMS—-KV, demonstrating
significantly improved memory efficiencies.

By addressing KV cache inefficiencies in VAR models,
AMS-KV facilitates the scalable deployment of AR-based
vision models, enabling broader applicability in real-world
scenarios.

Related Works
Autoregressive Vision Modeling

Autoregressive (AR) models have achieved remarkable suc-
cess in natural language processing (NLP), leading to the de-
velopment of influential foundation models (Radford et al.
2019; Touvron and et al. 2023; Jiang and et al. 2023;
DeepSeek-Al and et al. 2025). Recently, significant effort
has been dedicated to adapting AR modeling to vision tasks.
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Early attempts focused on pixel-level AR modeling
(van den Oord, Kalchbrenner, and Kavukcuoglu 2016;
van den Oord et al. 2016; Chen et al. 2020), demonstrat-
ing feasibility but facing scalability challenges in gener-
ating high-resolution images. To overcome this, VQ-VAE
(van den Oord, Vinyals, and Kavukcuoglu 2017) introduced
quantized latent tokens, greatly improving computational
efficiency. Follow-up studies have enhanced quantization
quality via hierarchical structures (Razavi, van den Oord,
and Vinyals 2019), residual quantization (Lee et al. 2022),
or generative adversarial frameworks (Esser, Rombach,
and Ommer 2020). Parallel developments directly leverage
transformer architectures for visual modeling (Dosovitskiy
et al. 2020; Yu et al. 2021), opening opportunities for down-
stream tasks such as text-to-image generation (Yu et al.
2022; Ramesh et al. 2021; Li et al. 2024; He et al. 2024).

Despite these advancements, token-level AR models have
typically underperformed diffusion models (Sohl-Dickstein
et al. 2015; Song and Ermon 2019; Peebles and Xie 2023;
Bao et al. 2023; Esser et al. 2024). Until recently, VAR (Tian
et al. 2024) introduced a novel AR paradigm based on next-
scale prediction, achieving superior performance compared
to diffusion models. This approach has successfully gener-
alized to tasks like text-to-image synthesis (Voronov et al.
2024; Zhang et al. 2024; Ma et al. 2025; Han et al. 2024),
3D reconstruction (Zhang, Xiong, and Xu 2024; Chen et al.
2025), and multi-modal generation (Qu et al. 2024).

Efficient Language and Vision Models

The success of autoregressive (AR) models in NLP has
driven extensive research on scaling laws (Achiam et al.
2023; Kaplan et al. 2020), revealing that performance scales
effectively with increased model size, data, and computa-
tion. However, the computational cost remains a major chal-
lenge for practical deployment.

To address redundancy in over-parameterized networks
for language modeling, compression techniques such as
pruning (Ma, Fang, and Wang 2023; Muralidharan et al.
2024; Zhu et al. 2024), quantization (Han, Mao, and Dally
2016; Lin et al. 2024; Gao et al. 2024; Rokh, Azarpeyvand,
and Khanteymoori 2023), and knowledge distillation have
been explored. For AR models, attention mechanisms in-
troduce additional bottlenecks due to large key-value (KV)
caches. Recent works mitigate this by discarding less criti-
cal cache entries (Xiao et al. 2024; Zhang et al. 2023; Wu
and Tu 2024; Sun et al. 2024), applying quantization (Zirui
Liu et al. 2023; Hooper et al. 2024), or enabling cache shar-
ing across layers (Brandon et al. 2024; Liu et al. 2024; Chen
et al. 2024a).

In vision models, research primarily focuses on diffusion-
based architectures by optimizing sampling efficiency via
reduced steps (Luo et al. 2023; Salimans and Ho 2022)
and faster solvers (Lu et al. 2022, 2023). In contrast, effi-
ciency improvements for VAR models remain largely un-
derexplored, with only a few initial efforts (Xie et al. 2024;
Chen et al. 2024Db).
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Figure 2: Overview of Adaptive Multi-Scale KV Caching (AMS-KV) for Visual Autoregressive Modeling.
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Figure 3: (a) The growth of attention map. (b) Memory us-
age of VAR across scales during unconditional image gen-
eration on an NVIDIA A100-80G (Batch Size=50)

Preliminaries
Visual Autoregressive Modeling (VAR)

Visual Autoregressive (VAR) models build upon the prin-
ciples introduced by VQ-VAE (van den Oord, Vinyals, and
Kavukcuoglu 2017), but further extends the standard next-
token prediction approach to next-scale prediction. Specifi-
cally, an input image is first encoded into a multi-scale hi-
erarchy of discrete tokens using a Vector-Quantized Varia-
tional Autoencoder (VQ-VAE):

f=£&@im), R:= Q(f), M

where f € Rixwxd denotes the encoded feature map. Each
discrete scale ¥ € [V]h xw* 1 is obtained through a residual
quantizer Q (Lee et al. 2022) that utilizes a shared codebook.

A decoder-only transformer architecture factorizes the
joint likelihood of these scales autoregressively:

K
) =TI o0 | r<),
k=1

which sequentially predicts coarse scales with smaller spa-
tial dimensions to larger fine-grained scales. This next scale
prediction allows VAR to progressively capture information

(Tl,TQ,...,TK) =

@

p(?”l,?"Q, o TK

For simplicity, we let h* = w" in later sections, e.g., we ab-
breviate the spatial size of a scale of 4 x 4 to 4.
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from general structures to finer details, and achieves out-
standing performance in visual representation learning and
image synthesis tasks.

Memory Bottleneck in Efficient VAR

Despite its strong performance, VAR models encounter sig-
nificant memory bottlenecks during next-scale prediction.
Standard VAR implementations typically use scales with
spatial dimensions that grow non-linearly, such as [1 x
1],[2 x 2],...,[16 x 16]. This quadratic increase in spatial
dimension results in rapidly growth of computational com-
plexity for the attention mechanism, as illustrated in Figure 3
(a). To mitigate this complexity, VAR adopts the Key-Value
(KV) cache technique, widely used in large language models
(LLMs), which efficiently caches previously computed key
and value matrices to avoid redundant computations (Tou-
vron and et al. 2023). Nevertheless, due to the quadratic
growth of each subsequent scale’s spatial size, the size of
newly computed keys and values also expands quadratically,
ultimately resulting in a cubic growth of the overall KV
cache size. This rapid growth can quickly surpass memory
limitations, particularly during predictions at later scales, as
illustrated in Figure 3(b).

Methodology

The expanding KV cache in VAR models presents a sig-
nificant computational and memory challenge. This neces-
sitates an efficient KV cache management strategy that can
prune redundant information without compromising genera-
tion quality. A critical step toward such a strategy is to under-
stand the roles of different scales existing in different layers.
‘We have observed that due to the sequential nature of scale
generation in VAR, a query at a certain stage often exhibits
similar attention patterns across multiple distinct scales as
shown in Figure 3. This suggests a high degree of semantic
similarity, particularly in later stages, and reveals substantial
redundancy in the information stored across scales.

To address this, we identify two key properties: (1) Not all
scales need to be stored and they do not contribute equally to
generation, a property we refer to as scale-wise importance.
(2) Storing even the most important scales is still challeng-
ing due to the quadratic size complexity. However, we ob-



serve that KV cache requirements are heterogeneous across
different layers. We term this as layer-dependent cache
preference and classify layers as either cache-efficient or
cache-demanding.

Not All Scales Are Equally Important

Inspired by the notion of token importance in LLMs, we
hypothesize that different scales contribute unequally to the
generation process. To analyze this non-uniformity, we ex-
amine the cross-scale attention—the extent to which the
final scale (e.g., 719 in VAR models) attends to tokens
from preceding scales across different heads. We observe
that scales influence the generation process differently, con-
tributing unevenly to next-scale predictions.

As we concern scale-wise patterns and token counts vary
across different scales, directly comparing raw accumulated
cross-scale attention values for each previous scale is not
meaningful. To account for this, we introduce attention den-
sity, defined as the average cross-scale attention score per
token within a previous scale, to compare how attention is
distributed across scales.
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Figure 4: Visualization of the attention density across heads
and scales when generating the last scale 7.

Interestingly, as illustrated in Figure 4, VAR models ex-
hibit a characteristic pattern: the initial scales, despite hav-
ing fewer tokens, exhibit the highest attention density. This
implies that storing such scales are most high cost perfor-
mance. The attention density decreases across intermedi-
ate scales before rising again at the local scales. This trend
suggests that both early and late scales play a critical role
in generation, while intermediate scales contribute less sig-
nificantly. Based on this observation, we categorize scales
into three groups: Condensed scales, referring to the first
two scales; Local scales, comprising the most recent scales
preceding the current scale; and Intermediate scales which
include all remaining scales not covered by the above two
groups.

To further assess the impact of these scale groups, we con-
duct an experiment that selectively removes KV caches for
different scale groups during image generation. The results
reveal distinct effects, as shown in Figure 5. Firstly, con-
densed scales serve as an anchor for modeling the global
structural foundation, removing these scales disrupts the
overall composition of the generated images. Secondly, lo-
cal scales refine the details. Without them, synthesized im-
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Config. |FID| ISt |Precision? Recallf
Baseline(No removal) | 2.07 336.15 0.82 0.58
Remove Intermediate | 2.12 329.60 0.82 0.59
Remove Local 3.04 295.14 0.76 0.60
Remove Condensed | 2.48 298.35 0.80 0.59

Table 1: Comparison of Generation Quality When Remov-
ing KV Caches from Different Scales.

(@) (b) )

Q] (@)
Figure 5: An eagle generated by VAR-d30 with (a) full KV
cache; (b) intermediate scales removed; (c) local scales re-
moved; (d) condensed scales removed. Red circles highlight
missing fine details; blue circles indicate distorted regions.

ages become blurry and lack sharpness. Finally, intermedi-
ate scales have minimal impact when excluded, indicating
redundancy in the KV cache for these scales. We also com-
pare the image generation quality between the above three
settings in Table 1, which further conforms our conclusion.

These findings highlight that memory allocation for KV
caches in VAR models can be optimized by prioritizing the
condensed and local scales while reducing storage for inter-
mediate scales, thereby reducing overall memory overhead
without degrading generation quality.

Not All Layers are Cache-Demanding

In decoder-only transformer architectures with KV cache
support (Touvron and et al. 2023; Han et al. 2024), the
cache budget is typically allocated uniformly across all de-
coder layers—each layer is assigned the same maximum
cache size. However, this default strategy is suboptimal for
VAR models. Our analysis reveals that cache-demanding
layers—those with low inter-scale KV similarity—play a
critical role in feature expansion and structural propagation,
and thus require larger KV caches to preserve essential gen-
eration context. In contrast, cache-efficient layers exhibit
high KV similarity across scales and mainly perform re-
finement over already-formed representations, making them
more resilient to reduced cache allocation.

Moreover, uniformly storing local scales across all lay-
ers becomes impractical, as the token count within each
scale grows quadratically. Under a fixed total cache budget,
we observe that not all layers should be treated equally in
cache allocation. Specifically, prioritizing cache resources
for cache-demanding layers, to store more local scales, helps
preserve generation quality. In contrast, assigning minimal
cache to cache-efficient layers, limiting them to a few local
or even sub-local scales can further reduce memory usage
without harming performance. Here, “sub-local” scales refer
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Figure 6: Discrepancy between adjacent-scale keys across
layers in the VAR-d30 model.

to earlier scales that are even smaller than the local scales.
This motivates a non-uniform, similarity-aware cache allo-
cation strategy that aligns cache resources with the func-
tional roles of different decoding layers in VAR models.

To validate the observation, we conduct an illustrative ex-
periment under a constrained total cache budget. This total
budget allows one-sixth of layers assigned with a large layer
cache capacity of Cl, .y, sufficient to store the two most re-
cent scales and condensed scales while assigning a smaller
layer capacity of C,i, to the remaining five-sixths layers,
which can exactly store the second most recent and con-
densed scales. These caches are distributed across the decod-
ing layers of a VAR-d30 model. We compare the following
two cache allocation strategies under the same total cache
budget with the same number of layers using larger caches
as described above. In the uniform allocation, S1, the layers
with larger caches are uniformly distributed across model
depth. In contrast, in the similarity-aware allocation, S2, the
larger caches are assigned to the layers exhibiting the lowest
inter-scale similarity, as defined in Equation 3 and identified
in Figure 6.

We evaluate the impact of these two strategies on image
generation quality as summarized in Table 2. The results fur-
ther confirm that low-similarity layers, as cache-demanding
layers, are crucial for feature construction and require larger
cache capacity. Reducing the cache size in these layers leads
to a significant degradation in performance, whereas cache-
efficient layers exhibit greater robustness to cache compres-
sion.

Policy | FID| ISt | Prec.t Rec.t
S1 (Uniform) 6.65 223.65 0.71 0.60
S2 (Sim-aware) 3.37 267.71 0.76 0.61

Table 2: Comparison of generation quality under two alloca-
tion strategies, S1 (uniform) and S2 (similarity-aware).

AMS-KV: Adaptive Multi-Scale KV Caching

The proposed KV caching policy,AMS—KV, is motivated by
the aforementioned observations of scale-wise importance
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and layer-dependent cache preference. First, AMS—KV re-
tains the condensed scales while rolling local scales. Sec-
ond, it employs a similarity-driven approach to classify lay-
ers into cache-demanding and cache-efficient layers, en-
abling cache-demanding layers to store larger and more lo-
cal scales.

As illustrated in Figure 2, each layer’s KV cache in
AMS—KV operates independently and is governed by three
key hyperparameters: Cl,in, Cnax and Cegs. Specifically,
Chax represents the expanded capacity allocated to cache-
demanding layers, which is the maximum cache size for a
layer; Cnin defines the reserved capacity of cache-efficient
layers which is the minimum cache size for a layer; Cigs
specifies the number of condensed scales retained within the
KV cache during rolling.

The update rule is as illustrated in Algorithm 1. Each
layer is initialized as cache-efficient layer with its cache bud-
get Cpge set to Chin. During finer-grained rolling of KV
pairs, the KV cache always prioritizes storing the condensed
scales, which are locked due to their high cross-scale atten-
tion, as illustrated in Figure 4. In addition, the KV cache dy-
namically appends local finer scales by evicting one or mul-
tiple older intermediate scales. To manage this process, we
introduce the Condensed Least Recently Used (CLRU) pol-
icy, a FIFO-based eviction strategy that removes older scales
while ensuring that condensed scales are retained, thereby
maintaining the cache size within the budget Cj ;.

If the initial cache budget Cyy; = Chyin is exhausted,
AMS-KV invokes a similarity-guided mechanism to deter-
mine whether the current layer should be classified as a
cache-demanding layer. To quantify inter-scale similarity,
the keys from the (i—1)-th scale, denoted as k;_1, are re-
sized via 2D interpolation to match the spatial resolution of

k;, resulting in k;_1. The similarity score is then computed
as the negative /5 distance:

S(/fiaifiq) = —||k; — ];5241”2- 3)

If this similarity falls below a predefined threshold 6, the
layer is classified as cache-demanding.

The cache extends its cache budget Cy4; only when two
conditions are satisfied. First, the current cache size budget
Chg+ can be further increased to Cpax. Second, the layer is
identified as a cache-demanding layer. If the both conditions
hold, the layer’s cache size budget is expanded from Cly;, to
Cmax by allocating the additional memory (Chax — Chin)-
Otherwise, the cache budget remains fixed at Clyiy,.

In this manner, the cache-efficient layers in AMS-KV are
processed with Ci,i,, while the detected cache-demanding
layers are assigned a cache capacity of Cy,,x, particularly as
the cache size of scale r; increases.

Experiments
End-to-End Results
Experimental Setup We conduct experiments using pre-
trained Visual Autoregressive (VAR) models (d = 30, 36)
obtained from (Tian et al. 2024) and Infinity-2B(Han et al.
2024). The primary objective is to compare the image gen-
eration performance of standard VAR models against those



Model Config. | Image Res. | #Para. #Dim | FID| ISt | Prec.t Rec.t | KV Cache Size
VAR-d30(Tian et al. 2024) 256x256 2.0B 1920 2.07 336.15 0.82 0.58 22.41GB
VAR-d30* (Tian et al. 2024) 256x256 2.0B 1920 2.03 305.19 0.82 0.59 22.41GB
VAR-d30 (+AMS—-KV) 256x256 2.0B 1920 2.09  330.50 0.82 0.58 4.77GB (78.72%.)
VAR-d30! (+AMS-KV) 256x256 2.0B 1920 2.09  301.19 0.82 0.58 4.77GB (78.72%)
VAR-d362 (Tian et al. 2024) 512x512 2.4B 2304 3.26 331.13 0.82 0.34 53.15GB
VAR-d36(Tian et al. 2024) 512x512 2.4B 2304 - - - - ooM?
VAR-d36% (+AMS-KV) 512x512 2.4B 2304 3.31 331.18 0.82 0.34 15.26GB (71.29%.)
VAR-d36 (+AMS—-KV) 512x512 2.4B 2304 - - - - 30.52GB

Table 3: Performance Comparison between different model configurations in VAR model families. ! indicates a configuration of
CFG=1.5 and top-k=900; 2 indicates a batch size of 25 on specific models. ¢ denotes an approximately KV Cache requirement

of 117GB, which causes Out-of-Memory(OOM).

Algorithm 1: Adaptive Multi-Scale KV Caching

1: procedure CACHE({ (k:, v;) } 125" | Comin, Cinax, Ceds)

2 Coé—@

3 Cpgt < Cmin > Initialized as Cache-Efficient layers
4: for i = 1 — Ncales do

5: if |(ki, vi)| > Cmax then

6: Continue

7 end if

8: Ci < Cpi1y U {(ks,vi)} > Append i-th scale
9: if |Ci| > Chq: then

10: if Chgt == Cnin & S(ki, k(;—1)) < 0 then

11: Chgt + Cmax > Expand Cache Budget
12: end if

13: if |(ki, v:)| > Chpge then

14: C;i < C(;—1) and Continue

15: end if

16: C; + CLRU(C;, Cogt, Ceds) > Rolling
17: end if
18: end for

19: end procedure

integrated with AMS—-KV, focusing on both visual quality,
memory utilization and computation efficiency. Following
(Tian et al. 2024), we use top-k=600 and CFG=2.0 by de-
fault, ensuring a balance between diversity and coherence
in generated samples. Results with top-k=900 and CFG=1.5
are explicitly noted when used. We set the capacity of cache-
demanding layers, C\,,.x to exactly equal the size of the last
two scales and condensed scales, and the capacity of cache-
efficient layers, C\ipn, to the size of the penultimate scale
and condensed scales. This configuration enables a system-
atic analysis of the trade-off between memory consumption
and generation quality. Meanwhile, we set C.45 as the first
two scales.

Evaluation Metrics The evaluation is conducted on the
ImageNet-1K 256 x 256 and 512 x 512 class-conditioned
generation, and object-focused benchmarking framework
GenEval(Ghosh, Hajishirzi, and Schmidt 2023). We adopt
standard metrics to measure generation quality: Fréchet In-
ception Distance (FID) for measuring distributional align-
ment with real images, Inception Score (IS) for evaluat-
ing sample realism and diversity, and Precision and Re-

call to quantify the trade-off between fidelity and coverage.
Memory usage and computation latency is measured on a
single NVIDIA A100 (80GB) GPU, and KV cache stor-
age requirements is obtained with PyTorch CUDA profiling
tools. AMS—KV is compatible with FlashAttention (Dao et al.
2022), so we keep using FlashAttention-2 as default with all
baselines.

Results and Analysis Table 3 presents a comparison of
modeling performance and KV cache utilization between the
baseline model and AMS-KV across different model sizes.
The batch size is fixed at 50 by default. We can observe
that AMS-KV significantly reduces memory consumption
while preserving high generation quality with minimal im-
pact(+0.02 to +0.06 FID) on key evaluation metrics under
different configurations. Across different VAR model vari-
ants, it achieves a reduction in KV cache utilization ranging
from 71.29% to 78.72% (3.48 x to 4.70x compression). No-
tably, it enables inference for the largest VAR-d36 model,
which would otherwise exceed the memory capacity of a
single GPU under standard caching strategies.

These results confirm that AMS—KV is a highly effective
solution for reducing memory overhead while preserving
generation quality, making it particularly advantageous for
scaling autoregressive vision models within limited hard-
ware constraints.

Two Obj.t Position] Color Attr.T Overallt

0.824 0.277 0.592 0.711
0.821 0.278 0.608 0.714

baseline
+AMS—-KV

Table 4: Evaluation of AMS-KV on the Text-to-Image Task
Using Infinity-2B on GenEval

SWA H20 STA AMS-KV
FID| 11.61 8.80 2.81 2.09
ISt 169.94 182.8  276.92 323.7

Table 5: Comparison with other KV cache strategies.



Robustness of AMS—-KV To demonstrate the robustness of
AMS-KV beyond intuitive hyperparameters, we explore a
broader range of configurations for the tunable parameters
Chin and Chyax. We perform ablation studies by sweeping
across valid combinations, as shown in Figure 7, and ob-
serve a variety of memory—performance trade-offs. Notably,
most configurations achieve substantial memory savings
with minimal generation quality degradation, suggesting
significant redundancy in VAR and robustness of AMS-KV.
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212 @1105. 274} @
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Figure 7: Robustness of AMS—KV across different cache size
configurations. (a) FID vs. Attention Latency; (b) IS vs. KV
Cache Memory Usage.

Evaluation on Infinity-2B We evaluate AMS-KV on
Infinity-2B as shown in Table 4. AMS—-KV reduces memory
consumption from 28.12GB to 18.02GB(35.6% /) and in-
creases throughput from 0.826 images/s to 0.885 images/s,
while slightly improving overall generation quality from
0.711 to 0.714.

Comparison with Other KV Cache work We compare
the generation performance of a KV cache strategy for
LLMs under a fixed compression ratio of 75%. As shown
in Table 5, AMS—KYV significantly has better generation qual-
ity at the same memory budget over SWA (Beltagy, Peters,
and Cohan 2020), H20 (Zhang et al. 2023), and STA (Xiao
et al. 2024)). Meanwhile, AMS—KV operates independently
of attention scores, making it fully compatible with memory-
efficient attention kernels.

Reduced Memory Footprint with AMS-KV

We further analyze the memory footprint of AMS-KV com-
pared to the baseline model as batch size increases—an im-
portant factor for the practical deployment of VAR models.
Using the same setup as in Section , we evaluate the VAR-
d30 model with batch sizes ranging from 16 to 256. In ad-
dition to reporting the KV cache memory footprint, we also
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measure the change in throughput, defined as the number of
images generated per second (img/s).

Batch Size Model KV Mem. Thr.(img/s)
16 VAR-d30 7.17GB 18.73
16 +AMS—-KV 2.81GB 18.86
32 VAR-d30 14.34GB 21.07
32 +AMS—-KV 5.62GB 21.10
64 VAR-d30 28.69GB 22.21
64 +AMS—-KV 11.23GB 22.32
128 VAR-d30 OOM OOM
128 +AMS-KV 22.47GB 23.00

256 VAR-d30 OOM OOM
256 +AMS—-KV 44.94GB 23.88

Table 6: The Optimization of VAR-d30 Memory Footprints
and Throughput Across Batch Sizes.

Results and Analysis: Table 6 shows that as batch size
increases, the KV cache size grows rapidly and eventu-
ally dominates overall memory utilization. Notably, at batch
sizes of 128 and 256, the baseline model of VAR-d30 en-
counters Out-Of-Memory(OOM) failure, making inference
infeasible. In contrast, AMS—KV significantly reduces KV
cache requirements, allowing inference under 4 x batch size.

Despite the substantial memory savings, AMS—KV yields
only a modest throughput improvement of 7.5%. This is ex-
pected, as the attention computation latency is not dominant
factors compared to FFNs in VAR models, and thus does not
significantly constrain overall throughput as memory usage
does. However, the ability of AMS—KV to support inference
at high batch sizes without memory overflows highlights its
practical advantage for real-world deployment, where large-
batch processing is often essential for efficiency.

Conclusion

We address the challenge of KV caching inefficiency in
visual autoregressive models, a major bottleneck for scal-
ability. While VAR models achieve state-of-the-art gen-
erative performance with low latency, their growing KV
cache footprint limits practical deployment. To mitigate this,
we propose AMS—KV, an adaptive multi-scale KV caching
strategy that significantly reduces memory consumption
while preserving model performance. Experiments show
that AMS—KV reduces KV cache utilization by up to 78.72%,
enabling inference at 4 x batch sizes and preventing OOM
failures. Despite this reduction, it maintains highly com-
petitive image generation quality. Our analysis further re-
veals that early layers require larger caches, while later lay-
ers tolerate compression, offering valuable insights into effi-
cient cache management. By alleviating KV cache overhead,
AMS-KV enhances the scalability of VAR models, facilitat-
ing deployment in memory-constrained settings. We hope
this work inspires future research on optimizing AR-based
vision models for improved efficiency and scalability.
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