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Abstract. Autoregressive (AR) visual generation has emerged as a pow-
erful paradigm for image and multimodal synthesis, owing to its scalabil-
ity and generality. However, existing AR image generation suffers from
severe memory bottlenecks due to the need to cache all previously gener-
ated visual tokens during decoding, leading to both high storage require-
ments and low throughput. In this paper, we introduce Line AR, a novel,
training-free progressive key-value (KV) cache compression pipeline for
AR image generation. By exploiting the intrinsic characteristics of visual
attention, LineAR manages the cache from a 2D line-level perspective,
preserving the visual dependency regions while progressively evicting
less-informative tokens under inter-line attention guidance, leveraging
the spatial continuity prior of images to ensure that each eviction step
is harmless to subsequent line generation. Experiments across seven AR
image generation models validate that LineAR achieves lossless or even
improved generation quality with only a few cached lines. It improves
ImageNet FID from 2.77 to 2.68 on LlamaGen-XL and COCO FID from
23.85 to 22.86 on Janus-Pro-1B at 1/6 budget ratio, and also improves
DPG and HPSv2.1 scores on Lumina-mGPT-768 with just 1/8 KV cache.
Additionally, LineAR achieves significant memory and throughput gains
across devices, e.g., up to 67.06% memory reduction and 4.17 x speedup
on LlamaGen-XL, and 73.65% memory reduction and 4.34x speedup
on Janus-Pro-1B, evaluated on NVIDIA RTX PRO 6000 GPUs.
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1 Introduction

Autoregressive (AR) models with the “next-token” prediction paradigm have
achieved remarkable success in large language models (LLMs) [1, 28] and have
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Fig. 1: LineAR enables efficient autoregressive image generation, preserving only lines
of KV cache, achieving up to 2.24x, 4.34x, and 4.17x speedup on Lumina-mGPT,
Janus-Pro, and LlamaGen, with improved or comparable generation quality.

recently been extended to visual generation, producing high-quality results com-
parable to state-of-the-art diffusion models [17,40]. Their inherent scalability
and generality position AR models as a promising foundation for unified multi-
modal understanding and generation [29,49]. Despite these advances, AR image
generation suffers from severe inference inefliciencies. The greedy accumulation
of a heavy key-value (KV) cache from all previously generated tokens leads to
a memory overhead that scales linearly with sequence length. For instance, gen-
erating a 1024 1024 image with Lumina-mGPT [29] requires caching over 4K
tokens, resulting in excessive memory consumption and significantly degraded
throughput, which severely complicates practical deployment.

A natural remedy is to constrain the continuous growth of the KV cache dur-
ing decoding, yet directly transplanting KV cache compression techniques from
LLMs [10,11,34,61] to visual generation is non-trivial. The core difficulty lies
in two fundamental gaps. Stage mismatch: KV cache compression in LLMs
mainly targets redundant long textual contexts in the prefill phase via one-shot
truncation, whereas AR visual models build their cache progressively during
decoding, with token importance shifting dynamically as spatial generation pro-
ceeds. Modality gap: treating the visual cache as a flat 1D sequence, as in
text, neglects the two-dimensional structure of images. As illustrated in Fig. 2,
1D token-level eviction [53,61] greedily retains globally “informative” tokens but
shatters spatial proximity, easily causing structure collapse (Fig. 2(a)); 1D local-
window eviction [54] preserves recent context but discards distant anchors, in-
curring semantic loss (Fig. 2(b)). Neither strategy is satisfactory.

To bridge these gaps, we systematically investigate how attention behaves
inside AR visual models and uncover three key observations (Fig. 3). (i) Vi-
sual attention dilution: as decoding progresses, per-token visual attention
steadily dilutes while conditional tokens absorb an increasing share, revealing
heavy redundancy in the cached visual tokens. (ii) Locally concentrated vi-
sual dependency: the generation process relies heavily on adjacent spatial con-
texts and initial visual anchors, leaving the mid-region of the cache largely dis-
pensable. (iii) Inter-line attention consistency: adjacent raster lines share
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Fig. 2: Comparison of KV cache eviction strategies for AR image generation. (a) 1D
token-level eviction preserves isolated informative tokens but destroys spatial proximity,
causing structure collapse; (b) 1D local-window eviction retains recent context but
discards important anchors, leading to semantic loss; (¢) Our LineAR adopts a 2D line-
level perspective with inter-line guided eviction, preserving both structural coherence
and global semantics for lossless generation.

highly similar attention distributions, so the current line’s attention serves as a
reliable proxy for identifying which cached tokens the next line will need.

Building on these insights, we propose LineAR, a novel training-free progres-
sive KV cache compression pipeline tailored for autoregressive visual models.
LineAR departs from traditional 1D sequential processing by managing the KV
cache from a 2D line-level perspective, explicitly dividing the image generation
process into rasterized line stages. This enables efficient cache management that
fully exploits the locality and inter-line consistency inherent in visual generation.
LineAR progressively removes less informative tokens for next line generation
under inter-line guidance (Fig. 2(c)). As a result, LineAR liberates AR visual
models from heavy KV cache dependencies, enabling high-quality image gener-
ation using only a few lines of cached tokens. It achieves substantial memory
reductions and throughput accelerations while maintaining, and in some cases
improving, generation quality, all without requiring any model retraining. The
contributions of our paper include:

1. We conduct an in-depth analysis of AR visual models, revealing inefficiencies
in visual attention during the decoding process and identifying inherent vi-
sual characteristics, including locally concentrated visual dependencies and
inter-line attention consistency.
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2. We introduce LineAR, a simple yet highly e ective decoding-time KV cache
compression pipeline. By performing progressive compression leveraging inter-
line attention guidance, LineAR empowers e cient AR image generation
with only a few lines of cache.

3. We extensively validate LineAR on seven AR visual models spanning class-
conditional and text-to-image generation. Experiments demonstrate that
LineAR achieves signi cant memory and throughput gains while maintaining
lossless or even improved generation quality.

2 Related Work

Autoregressive Visual Generation. Autoregressive (AR) models [1,2, 8, 28,

57] have shown great success in text generation, leading to their extension into
image synthesis. Pioneering works [17,37,40,48,60] paved the way by quantizing
images into discrete tokens [9, 45, 59], decoded autoregressively in a GPT-style
manner. Building on this, recent advances [5, 29, 42,49, 51, 55] adopt architec-
tures closely aligned with text generation, enabling a uni ed framework for mul-
timodal understanding and generation. However, next-token prediction su ers
from severe inference ine ciency, as each token must be generated sequentially.
To alleviate this, alternative designs explore more e cient paradigms, such as
next-scale [16, 39,41, 44,46] and masked autoregressive modeling [4, 24, 25]. De-
spite these, all methods still require caching previously generated tokens, causing
signi cant storage overhead. Our work focuses on the next-token paradigm, the
most general and widely adopted across modalities.

E cient Autoregressive Visual Generation. Recent e orts have focused

on improving the e ciency of visual AR generation. Parallel decoding [18, 19,
22,33,43,50,62] approaches aim to reduce decoding steps by predicting multi-
ple visual tokens simultaneously, thereby accelerating generation. Despite their
e ectiveness, they often require retraining AR models to learn alternative de-
coding orders [19,33,50,62], or trade additional computation [18,43] for reduced
latency. More importantly, they fail to reduce the memory footprint of cached
tokens during generation, resulting in nearly unchanged peak memory usage.
Other strategies, such as token sparsi cation [6, 15, 35] and cache reuse [56], op-
timize generation e ciency but are typically tailored to speci ¢ paradigms such

as next-scale prediction [44] or masked autoregressive modeling [25], making
them unsuitable for the next-token prediction approach that our work targets.

KV Cache Compression. KV cache compression [23,31,47,61], particularly
eviction-based methods [10 12, 26, 30, 32, 34, 38,58, 61], e ectively mitigates KV
cache memory bottlenecks by enforcing capacity budgets. While successful in
LLMs, they mostly focus on the pre Il phase KV cache compression, truncating
redundant tokens from long inputs in a one-shot manner. In contrast, AR vi-
sual models generate long token sequences progressively during decoding, where
token importance evolves dynamically. Although decoding-time methods like
StreamingLLM [54] and H20 [61] employ local-window or greedy per-token up-
dates, and recent works like R-KV [3] optimize reasoning LLMs [14] by consid-
ering contextual redundancy, they uniformly operate from a 1D sequence-based
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perspective. Consequently, these methods prove suboptimal when directly ap-
plied to AR image generation, as they neglect the critical spatial continuity of
images and fail to exploit inherent visual characteristics. To Il this gap, our
work pioneers a 2D-aware decoding-time KV cache compression pipeline explic-
itly tailored for visual AR models.

3 Method

3.1 Preliminaries

Autoregressive Visual Generation. Autoregressive visual generation follows
next-token paradigm to synthesize visual content in raster order. Given a textual
prompt (or class label) tokenized into a sequence of condition tokens ¢ 2 R, the

is predicted based on the conditional pre x and previously generated tokens:

e
Pxun j€) =  p(Xijcix<i); @

i=1
where N = h w denotes the number of visual tokens on the latent feature
grid. After decoding, the tokens are mapped back to pixel space by a pretrained
visual decoder and rearranged to form an image of size H W.
KV Cache in Visual Generation. Autoregressive visual generation typically
involves two phases: (1) pre Il phase: the model encodes text prompts or class
labels into C conditional tokens, forming the conditional key value (KV) states
fK cond;Veondd 2 R€Y . (2) decoding phase: the model autoregressively gener-
ates subsequent visual tokens in multiple decoding steps. For a single attention

head at decoding step i, the attention is computed as:
|

. . KO
Attention(q ;K @ ;v @) = Softmax %a— vo, )

where g 2R*Y is the query of the i-th visual token, and fK @ ;v () g2 R(C*)d
denote the current KV states consisting of both conditional and visual tokens:

KO = K cond: Kuil; VAR [V cond; Vil (3)

During inference, these KV pairs are cached to avoid recomputing projections
for previous tokens. At any decoding step i, the visual KV cache is updated by
concatenating the previous cache fKy;j; ;V 11 g with the newly generated KV
pair fk i; v;g, forming:

Pui= Kui;Vii = [Kui kil Vi svil 4)

For simplicity, we denote the visual KV cache at step i by P1;. While KV
cache e ectively eliminates redundant computation, its memory footprint grows
linearly with generated visual tokens N, resulting in O(N) storage that domi-
nates inference cost at high resolutions and severely limits decoding e ciency.
This underscores the urgent need for decoding-time KV cache optimization.



6 Z. Qin et al.

Fig. 3: (a)Visualization of attention pattern and allocation. The attention per-

sistently shifts toward the conditional tokens, while visual attention gradually dilutes
as decoding progresses. (b)Attention dynamics within line-wise generation. The
evolving attention demonstrates that generating a line heavily depends on the initial
anchor and neighboring recent lines, thereby leaving the mid-region highly redundant
and compressible. (c) Inter-line attention consistency. (Left) Attention similar-

ity between adjacent lines. (Right) Attention visualization for past generated regions
across two adjacent lines. Inter-line attention shows high consistency.

3.2 Reuvisiting Visual Autoregressive Attention

We rst empirically analyze the attention mechanism using Janus-Pro [5] on
DPG prompts [21] to address three fundamental questions: (1) Is it necessary to
cache all historical visual tokens? (2) If not, which speci c regions of the visual
cache should be the primary targets for eviction? (3) How can we execute this
progressive eviction without degrading subsequent generations?

Observation 1: Visual Attention Dilution. Fig. 3(a) illustrates the atten-

tion patterns and the attention allocation ratio between visual and conditional
tokens in autoregressive visual generation. In early decoding steps, visual tokens
closely align with conditional tokens to establish the overall visual style and color
tone of the generated image [53], thereby receiving a comparable attention allo-
cation. However, as generation proceeds, visual attention becomes increasingly
diluted, persistently sinking toward the conditional tokens (whose average at-
tention allocation grows up to 20 higher than visual tokens in shallow layers).

In models such as Lumina-mGPT [29], the number of cached visual tokens can
exceed the conditional ones by more than 200, making the vanilla KV cache
mechanism highly ine cient for autoregressive visual generation.

Observation 2: Locally Concentrated Visual Dependency. We further

study how visual attention evolves by visualizing the attention heatmap in line-
by-line generation, which naturally aligns with the raster-scan order. As shown
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Fig. 4: Overview of the proposed LineAR framework. We illustrate a toy example of
an 8 8 image grid with a budget ratio = 3=8 in one attention head, featuring
(a) 2D View Visual KV Cache Management to spatially organize the cache by
horizontal lines (where each line serves as a natural generating and management unit),
(b) Progressive KV Cache Compression Pipeline to progressively reduce cached
visual tokens, and (c) Inter-line Guided Eviction Strategy to safely discard the

least informative tokens leveraging inter-line attention consistency.

in Fig. 3(b), attention is primarily focused on spatially adjacent tokens and the
initial visual tokens that are strongly linked to the conditional tokens. This high-
lights that visual generation relies heavily on local spatial context and persistent
dependence on the initial anchor tokens that encode the global style and con-
ditional alignment. Consequently, the generation of the current line is mainly
dependent on neighboring lines and initial anchor tokens, while distant visual
tokens from the mid-region contribute little to the prediction of subsequent to-
kens. This redundancy makes it intuitive and feasible to progressively discard
less informative tokens from the mid-region during the generation process.
Observation 3: Inter-Line Attention Consistency. Unlike text generation,

where adjacent sentences often undergo abrupt semantic shifts, images exhibit
a strong spatial continuity that directly manifests in the attention space. As
shown in Fig. 3(c), the attention distributions of consecutive raster lines overlap
substantially: both the heatmap visualization and the cosine similarity curve
con rm that adjacent lines attend to nearly identical regions of the cached his-
tory, with this consistency holding across all layers and generation stages. This
nding is crucial for progressive compression. It indicates that the attention pat-
tern observed during the current line's generation serves as a faithful preview of
what the next line will require. We exploit this inter-line consistency as the core
guiding principle of our compression strategy, ensuring that each eviction step
is safely and reliably informed by the intrinsic generation process itself, rather
than relying on sub-optimal heuristic proxies.
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3.3 LineAR

We present LineAR, a decoding-time KV cache compression pipeline that trans-
lates our analytical insights to enable e cient autoregressive image generation.
Visual KV Cache Management in 2D Line-level View. Departing from

the vanilla 1D sequential view, we manage the visual KV cache from a 2D view,
which fundamentally respects the structural integrity of images. Let the total
number of visual tokens be N = h w = n 2 for simplicity. As illustrated in
Fig. 4(a), the full KV cache is conceptualized as an n n matrix following the
raster order, where each position corresponds to a latent image feature. Under
this view, the generation process can be segmented into a sequence of n raster-
line stages, each corresponding to the generation of one horizontal line consisting
of n visual tokens. We denote by P) ,fK O =K 1., ;VO =V 1, g the state
of the KV cache after the "-th line has been generated. This 2D view introduces
a natural management unit, the raster line, which allows the model to enforce
spatial coherence during progressive compression.

Cache Budget and Budget Ratio. We set the cache budget B as the upper
bound on the number of cached KV pairs and assume that it is an integer
multiple of n, i.e., nj B, so that the cache can be managed at the granularity
of complete raster lines. We further de ne the budget ratio = B=N.

Progressive KV Cache Compression Pipeline. Fig. 4(b) illustrates the

overall pipeline. Given a target budget ratio , we maintain a cache space upper
bounded by j8j N = B during generation. The cache is regulated in a stable
and orderly manner, using the completion of each raster line as a synchroniza-
tion point. Recall that we split AR image generation into n stages, in the early
stages' generation ("=n < ), no compression is applied, allowing the model to
rst establish a consistent global style and remain fully guided by the condi-
tional context. Once the generated context exceeds the prede ned cache bound,
progressive KV compression is activated in the following stages.

At any end of line * when compression triggers,P() can be always parti-
tioned into three parts: (1) Initial anchor tokens |5i(n)n = PN, that main-
tain the global style and conditional alignment; (2) Recent lines' tokens P{Q =
P n+1on that provide local visual context; and (3) The compressible mid-
region tokenslsgzid , which lie between the initial and recent lines. Forlsfr?id , we
then perform the inter-line guided eviction strategy iner (), Which evicts the
least n informative tokens for next line generation, PO 2R We compact

X evict
mid-region cacheP () by purging these evicted tokens:

mid
Plict = imer Plagini Phig Plig nPRice: ®)
After compression, the cacheP () is updated by:
BO PO U B BUj=B n ©

Note that, each compression operation guarantees an n-token bu er for the
next line's generation. At the subsequent stage “+1, the cache dynamically ab-
sorbs the newly generated line "+1:
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P+ - |S(‘); Postcenn (7)

and then the compression operation is repeated iteratively. This completes the
progressive KV cache compression pipeline, maintaining anchors and locality,
enforcing the budget, and leaving a one-line bu er, thus balancing compression
frequency and generation stability.

Inter-line Guided Eviction Strqtegy inter - IN the progressive pompression
pipeline, the initial anchor I5i(n)it is xed and the recent window P{J. advances
line by line. The key challenge is to prudently evict tokens from the mid-region
without a ecting the synthesis of the next line. Leveraging the strong visual
consistency between adjacent image lines, we design the inter-line guided eviction
strategy (shown in Fig. 4(c)), which utilizes similarity information from the
adjacent line to guide token selection. \

For the uncompressed key-value states of the remaining mid token® En)ld =
fR fn)ld V) r(n)ld g, our goal is to evict n tokens that are least informative for the next
line's generation. To this end, we utilize the attention queries of the currently
generated line as an active proxy to evaluate the mid-region's importance for
the upcoming line. Speci cally, we maintain a guide queue of queries from the
current generating line ":

QgLide =[deynsr 5::550n ]ZRnd : 8)

We then compute saliency scores for the mid-region by averaging the atten-
tion cast by current line's queries:

‘ Q0 RO o
sO = %1> Softmax ﬂiﬁaim'd 2 RIP mid I 9)

which ensures that each token from the current line equally votes on the eviction
decision. This prevents any single query token from dominating the selection,
thereby avoiding biased eviction that could compromise the spatial coherence of
the upcoming line. We then select the n least salient tokens to be evicted:

EQ =Bottomk S ;n; BV

evict

= PO EDT: (10)

In this way, we preserve the most important information, achieving lossless
compression for the next line generation.

4 Experimentation

4.1 Experimental Setup

Evaluated Models. We evaluate LineAR on seven state-of-the-art autoregres-
sive image generation models, covering three representative architectures. (1)
Janus-Pro-1B/7B [5], uni ed multimodal models generating 384 384 images
with 576 visual tokens; (2) Lumina-mGPT-768/1024 [29], text-to-image models
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generating 768 768 and 1024 1024 images, with 2352 and 4160 visual tokens;
(3) LlamaGen-L/XL/XXL [40], class-conditional models generating 384 384
images with 576 visual tokens.

Evaluation Metrics. For text-to-image generation, we employ three widely
used benchmarks: GenEval [13] and DPG [21] to assess high-level semantic align-
ment and compositional consistency, and HPSv2.1 [52] for perceptual quality.
We further evaluate image quality and prompt adherence using Fréchet Incep-
tion Distance [20] (FID) and CLIP score [36] on 30k MS-COCO [27] validation
captions. We denote FID for MS-COCO as FID-30k, which remains the de facto
standard metric for benchmarking overall image synthesis quality. For class-
conditional image generation, we follow standard ImageNet evaluation protocols
and report FID-50k, Inception Score (IS), Precision (Prec.), and Recall, com-
puted from 50k generated samples.

Implementation Details. For all evaluated models, we use their o cial code-
bases with default inference con gurations and FlashAttention-2 [7] enabled. For
LineAR, we retain the two most recent lines (r = 2, reduced to r = 1 under the
aggressive 1=8 budget ratio) and maintain a queue of queries from the current
line for the inter-line guided eviction strategy. We report results under di erent
budget ratios ( = B=N) in the following evaluations.

4.2 Main Results

Text-to-lmage Generation. Quantitative results. Tab. 1 presents the results

of applying LineAR to four models spanning di erent architectures, model sizes,
and generation resolutions. Across all cases, LineAR consistently achieves lossless
or even improved performance compared to the full-cache baseline. For instance,
on Lumina-mGPT-768, LineAR achieves higher DPG and HPSv2.1 scores with
only 1/8 visual cache retained. Beyond its strong performance on high-resolution
generation, LineAR also performs e ectively on Janus-Pro models, which gen-
erate low-resolution images with only 576 visual tokens. Even when the cache
is compressed to a ratio of 1/6, LineAR maintains nearly identical generation
quality. Speci cally, it exhibits only marginal drops in GenEval (0.02 and 0.01)
and DPG (0.08 and 0.25) on Janus-Pro-1B and 7B, respectively, while achieving
even higher HPSv2.1 scores than the full-cache baseline.

Qualitative results. Fig. 5 presents images generated with Lumina-mGPT-768
and Janus-Pro-7B using LineAR under di erent budget ratios. Across models,
LineAR preserves high visual quality that remains well aligned with textual
prompts, maintaining similar style and color tones to the full cache, even under
high compression ratios. Along with the quantitative results, this demonstrates
the e ectiveness of LineAR. Designed with the characteristics of visual genera-
tion in mind, it e ectively preserves conditional semantics and achieves superior
perceptual quality through attention regularization, overcoming the ine ciencies
of standard full-cache attention.

Class-conditional Image Generation. We further evaluate LineAR on
LlamaGen families of varying sizes from L to XXL on the ImageNet dataset.
As shown in Tab. 2, LineAR consistently achieves comparable FID performance
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Table 1: Quantitative results of text-to-image generation on Janus-Pro-1B, Janus-Pro-
7B, Lumina-mGPT-768 and Lumina-mGPT-1024 with LineAR under di erent budget
ratios. We evaluate using GenEval, DPG and HPSv2.1 benchmarks.

Models Genval DPG HPSV2.1"
Single Obj. Two Obj. Counting Colors Overall Entity Relation Attribute Overall
Janus-Pro-1B Full 0.98 0.83 0.50 090 0.73 89.19 9342 87.19 82.88 21.59
(N = 576) 1/4 0.99 0.86 049 089 0.72 89.14 9319 87.63 82.76 22.22
- 1/6 0.99 0.81 051 089 0.71 89.34 9246 87.59 82.80 22.70
Janus-Pro-78 Full 0.99 0.86 0.57 091 0.79 90.21 9381 87.89 84.72 23.76
(N = 576) 1/4 0.99 0.89 0.58 093 0.80 90.05 9393 87.83 84.84 23.88
1/6 0.99 0.88 0.52 091 0.78 89.84 93.42 87.61 84.47 24.09
Lumina-mGPT-768 Full 1.00 0.73 0.25 0.82 052 8231 87.16 80.67 74.91 28.53
(N = 2352) 1/6 0.99 0.74 0.28 084 052 8194 87.81 79.74 7558 28.56
B 1/8 0.99 0.73 0.24 086 052 8299 87.85 80.51 7524 28.56
Lumina-mGPT-1024  Full  0.98 0.76 029 083 056 8674 90.87 84.06 7954 2893
(N = 4160) 1/8 0.99 0.75 0.30 0.82 0.55 86.58 90.75 83.96 79.50 28.83

Fig. 5: Qualitative results of text-to-image generation by LineAR on Lumina-mGPT-
768 (left) and Janus-Pro-7B (right).

to the full-cache baseline, even when the cache budget ratio is reduced to 1/8
on all models. Notably, LineAR achieves lower FID scores (2.68 vs. 2.77) on
LlamaGen-XL with a 1/6 budget ratio and shows improvements in both FID
and Inception Score on LlamaGen-XXL with a 1/4 budget ratio. These results
demonstrate that LineAR not only signi cantly improves the e ciency of autore-
gressive image generation but also reduces visual redundancy in cached tokens,
thereby enhancing generation quality.

4.3 Comparison with Baselines

We compare LineAR against representative baselines adapted for AR image
generation: StreamingLLM [54] (local-window updating), H20 [61] (attention-
based eviction), R-KV [3] (redundancy-aware selection), and the sparse attention
method ADSA [53] (diversity-preserving eviction via value cosine similarity).
Quantitative Comparison. We rst conduct quantitative evaluations under
various cache budgets on both class-conditional (ImageNet) and text-to-image
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Table 2: Quantitative results
of class-conditional generation on
LlamaGen-L/XL/XXL with Lin-
eAR under di erent budget ratios.

Models FID-50k# 1S" Prec." Recall"

Full 3.13 257.43 0.83 0.52
LlamaGen-L 1/4 3.11 256.70 0.83 0.51
(N =576) 1/6 3.22 260.12 0.83 0.51
1/8 3.37 264.13 0.82 0.51
Full 2.77 282.41 0.83 0.54
LlamaGen-XL 1/4 264 279.95 0.83 0.55
(N =576) 1/6 268 279.17 0.82 0.55
1/8 295 28291 0.82 0.54
Full 2.47 290.82 0.83 0.56
LlamaGen-XXL ~ 1/4 245 292.47 083  0.56 . o ) . )
(N=576) U6 254 29014 082 056 Fig. 6: Qualitative comparison with baselines

1/8 2.64 292.92 0.82 0.56 .
on Janus-Pro-1B with = 1=6.

Table 3: Quantitative comparison of compression methods on class-conditional and
text-to-image generation. The e ciency comparison is conducted on RTX PRO 6000.

LlamaGen-XL Janus-Pro-1B
Methods
Latency # Through. " Speedup" FID-50k # 1S" Latency # Through. " Speedup" FID-30k# CLIP "

Full 1 71.27s 3.59it/s 1.00 2.77 282.41 87.36s 2.93it/s 1:00 23.85 0.233
Streamin 1/6 16.73s 15.30it/s 4:26 3.09 307.69 19.62s 13.05it/s 4:45 24.80 0.236
9 1/8 14.53s 17.62it/s 4:91 4.37 297.08 16.63s 15.40it/s 5:25 32.17 0.228

H20 1/6 18.49s 13.85it/s 3:85 3.06 287.67 21.99s 11.64it/s 3:97 25.87 0.225
1/8 15.83s 16.17it/s 4:50 3.72 279.05 18.51s 13.83it/s 4:72 29.46 0.214

ADSA 1/6 17.17s 14.91it/s 4:15 3.34 270.89 20.71s 12.36it/s 4:22 23.63 0.236
1/8 14.93s 17.15it/s 4:77 4.90 247.70 17.22s 14.86it/s 5:07 24.98 0.236

R-KV 1/6 17.47s 14.65it/s 4:08 2.77 276.56  20.47s 12.51it/s 4:27 24.63 0.232
1/8 15.13s 16.92it/s 4:71 3.45 271.29 17.70s 14.46it/s 4:94 25.55 0.232
LineAR 1/6  17.10s 14.97it/s 4:17 2.68 279.17 20.12s 12.72it/s 4:34 22.86 0.236
1/8  14.85s 17.24it/s 4:80 2.95 282.91 16.96s 15.09it/s 5:15 24.03 0.237

(MS-COCO) generation, utilizing LlamaGen-XL and Janus-Pro-1B, respectively.
As shown in Tab. 3, LineAR consistently outperforms the baselines in generation
delity, achieving the best FID scores across all tasks and budget ratios. At a
moderate budget ratio of 1=6, most methods maintain relatively stable perfor-
mance by preserving essential tokens to some extent. However, under a more
aggressive 1=8 ratio, all baselines su er severe quality degradation, exposing the
inherent limitations of their 1D token-level or window-level eviction paradigms in
capturing visual characteristics. In stark contrast, LineAR remains highly robust
with minimal performance drops. Beyond achieving superior generation quality,
LineAR maintains inference e ciency comparable to StreamingLLM. It incurs
negligible overhead via lightweight, once-per-line eviction. Conversely, H20 lags
behind the others in throughput due to the continuous computational burden of
per-step attention accumulation.

Qualitative Comparison. We further present qualitative comparisons in Fig. 6.

In contrast to the signi cant loss of detail and structural distortion exhibited by
baseline methods under low budget ratios, LineAR demonstrates superior ro-
bustness. Across diverse scenarios, including portraits, landscapes, and intricate
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Fig. 7: E ciency evaluation on di erent Fig. 8: Comparison of decoding speed in
NVIDIA GPU devices. the rst and last 50% of the image.

Table 4: E ciency analysis on LlamaGen, Janus-Pro, and Lumina-mGPT models
with lossless compression using LineAR, evaluated on NVIDIA RTX PRO 6000 GPUs.

Models Method Budget Batch Memory Mem. Saving Latency Through. Speedup

LlamaGen-XL Full 1 576 256 63.64GB - 71.27s  3.59it/s 1.00
(N =576) LineAR 1/4 144 256 25.49GB 59.94% 22.14s 11.56it/s  3.22
1/6 96 256 20.96GB 67.06% 17.10s 14.97it/s  4.17
Full 1 576 256 60.25GB - 87.36s  2.93it/s 1.00

Janus-Pro-1B
(N =576) LineAR 1/4 144 256 20.89GB 65.32% 26.88s  9.52it/s 3.25
1/6 96 256 15.88GB 73.65% 20.12s 12.72itls 4.34
Full 1 576 128 85.00GB - 111.49s  1.15it/s 1.00

Janus-Pro-7B
(N =576) LineAR 1/4 144 128 34.80GB 59.06% 36.25s  3.53it/s 3.08
1/6 96 128 28.68GB 66.26% 27.80s  4.60it/s 4.01
Lumina-mGPT-768 Full 1 2352 18 76.69GB - 309.66s  0.06it/s 1.00
(N =2352) LineAR 1/6 392 18 25.54GB 66.70% 154.69s  0.12it/s 2.00

1/8 294 18 22.87GB 70.18% 138.14s  0.13it/s 2.24

objects, LineAR consistently synthesizes images with visual quality on par with
the full-cache baseline. Notably, in portrait scenes, LineAR yields highly realistic
and aesthetically pleasing results, proving its e cacy in maintaining strict struc-
tural integrity, global semantics, and textural delity, even under constrained
memory budgets.

4.4 E ciency Analysis

LineAR's e cient management yields substantial memory savings and robust
inference speedups across diverse architectures and hardware devices.

E ciency Evaluation across Architectures. Tab. 4 presents the results un-

der lossless compression settings. Speci cally, at a 1/6 budget ratio, LineAR
achieves up to 67.06% memory savings on LlamaGen-XL while signi cantly in-
creasing throughput by up to 4.17 compared to the full-cache baseline. Fur-
thermore, on Janus-Pro-1B and Lumina-mGPT-768, LineAR vyields 73.65% and
70.18% memory savings, respectively, accompanied by 4.34 and 2.24 speedups
at 1/6 and 1/8 budget ratios, respectively.

E ciency Evaluation across Devices. Fig. 7 illustrates the speedup ratios
achieved by LineAR across three NVIDIA GPUs with distinct memory band-
widths and compute pro les: A800, H800, and RTX PRO 6000. Despite these
architectural di erences, LineAR consistently delivers around 3 4 inference ac-
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