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Abstract

Autoregressive image generation has emerged as a
paradigm for multimodal AI systems due to its compatibility
with transformer-based LLM serving infrastructures. However,
generating thousands of visual tokens per request makes
decoding increasingly bottlenecked by KV cache accesses
during attention computation. Sparse attention is particularly
attractive for this workload because many visual generation
applications tolerate moderate quality degradation in ex-
change for improved performance and efficiency. While sparse
attention has been extensively explored for text-based LLM
inference, it remains unclear whether its sparsity assumptions
generalize effectively to autoregressive image generation.

We present the first systematic characterization of at-
tention sparsity in autoregressive image generation across
diverse workloads and representative open-source models. Our
analysis reveals several distinguishing properties, including
a pronounced prefill-decode asymmetry, strong attention
concentration on prompt and local tokens, and a unique
diagonal attention sparsity pattern arising from the spatial
locality of visual tokens. Motivated by these observations,
we propose a diagonal-aware sparse attention mechanism
that selectively skips KV entries along the diagonal attention
direction within a recent window. Implemented on top of
a GPU-based serving system using FlexGen, FlashAttention-
2, and custom kernels, our approach achieves up to 3.1×
throughput and 1.19× latency improvements with less than
2% quality degradation compared to dense inference.

1. Introduction

Recently, multimodal AI systems are increasingly evolv-
ing beyond text generation toward native visual generation
capabilities. Emerging applications such as multimodal
agents [88], interactive image editing [18, 19, 54], and
simulation-based world models [3] increasingly rely on
generating visual outputs within the model interaction loop.
Autoregressive image generation has become a promising
paradigm since it formulates visual synthesis as next-token
prediction, naturally aligning with transformer architectures
and LLM serving infrastructures. However, autoregressive
image generation sequentially generates thousands of visual
tokens per request, leaving the decode phase bottlenecked
by repeated KV cache accesses in attention computation.

Generally speaking, for computationally intensive work-
loads, prior works have extensively explored approximation
techniques that trade modest accuracy degradation for
substantial gains in performance and efficiency [5, 22,
23, 32, 33, 46, 53, 75, 90, 91]. Particularly, many visual
generation workloads are known to tolerate moderate
quality degradation in exchange for improved performance
and efficiency [21, 56, 57, 76], suggesting that such tech-
niques are attractive for autoregressive image generation.
Practical scenarios such as draft image generation and
iterative prompt exploration [2, 51] further reinforce this
characteristic. Among these approaches, sparse attention
has emerged as a promising direction for accelerating
autoregressive transformers by selectively attending to only
a subset of cached tokens during decoding [7, 11, 14, 15,
24, 40, 44, 55, 69, 84, 85, 92, 94].

However, it remains unclear whether sparse atten-
tion techniques originally developed for text-based LLM
inference generalize effectively to autoregressive image
generation. Although both workloads share the same au-
toregressive transformer decoding framework, visual token
generation fundamentally differs from text generation due
to the spatial structure and locality inherent in images. As a
result, the token importance patterns exploited by existing
sparse attention techniques may not directly transfer to
image generation workloads, requiring a characterization-
driven understanding of attention sparsity in autoregressive
image generation. In particular, two important questions
remain unanswered:
• Question 1: What sparsity structures emerge during
autoregressive image generation?

• Question 2: How can such structures be exploited for
efficient sparse attention?
To answer the first question, we systematically charac-

terize the attention sparsity in autoregressive image gener-
ation across diverse real-world image-generation workloads
and representative open-source models. Our analysis reveals
several distinguishing properties that fundamentally differ
from text-based LLM inference. First, autoregressive image
generation exhibits a pronounced prefill-decode asymmetry,
where the KV cache is overwhelmingly dominated by
decode-phase visual tokens rather than prompt tokens.
Second, attention concentrates on prompt tokens and
local visual tokens, making sparse designs that retain
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Figure 1: Overview of autoregressive image generation pipeline.

them particularly effective. Most importantly, we observe
a structural diagonal attention sparsity pattern unique to
image generation, where attention importance propagates
diagonally across decoding steps due to the spatial locality
inherent in visual tokens. These observations reveal that
sparse attention behaviors in autoregressive image gener-
ation fundamentally differ from those of text-generation
workloads, reversing several design intuitions established
in prior sparse attention techniques for LLM inference.

Motivated by these observations, we propose a sparse
attention mechanism that explicitly exploits the diagonal
attention sparsity observed in autoregressive image gen-
eration. Unlike prior sparse attention techniques for LLM
inference that primarily rely on identifying globally impor-
tant tokens, our approach leverages the observation that
attention importance in image generation shifts diagonally
across decoding steps. Based on this insight, we introduce
a diagonal-aware sparse attention policy that selectively
skips KV entries along the diagonal attention direction
within a recent window. Our design extends sliding-window-
style sparse attention with diagonal-aware token selection,
enabling more effective sparse decoding for visual token
generation. Importantly, the proposed approach naturally
follows from the structural properties identified in our
characterization, demonstrating how image-specific sparsity
behaviors can guide the design of efficient sparse attention
mechanisms for autoregressive image generation.

We implement the proposed sparse attention mechanism
on top of a GPU-based autoregressive image generation
serving system built upon FlexGen and FlashAttention-2,
integrating custom Triton kernels for diagonal-aware sparse
attention. We evaluate the design across diverse open-source
autoregressive image generation models and representa-
tive text-to-image benchmarks. Our evaluation shows that
the proposed approach consistently achieves a superior
quality-performance tradeoff compared to existing sparse
attention techniques originally designed for LLM inference.
In particular, diagonal-aware sparse attention preserves
generation quality even under highly aggressive sparsity
levels, achieving up to 3.1× throughput improvement and
1.19× latency improvement with less than 2% quality
degradation compared to dense inference. These results
demonstrate that autoregressive image generation exposes
distinct sparsity opportunities fundamentally different from
those of text-generation workloads. More broadly, our work
suggests that exploiting workload-specific sparsity struc-
tures can substantially improve the efficiency of future GPU-

based image generation serving systems without incurring
significant quality degradation.

2. Background and Motivation

2.1. Applications of Text-to-Image Generation

Recent advances in text-to-image generation have en-
abled high-fidelity image synthesis from natural language
prompts, fueling its adoption across a wide range of
services. These services impose diverse quality require-
ments depending on the target application. While some
applications demand high visual fidelity [25], others tolerate
moderate quality in exchange for higher throughput or
lower latency. For example, draft generation produces low-
resolution previews that let users iterate on prompts before
committing to a full-quality generation [2, 51]. Since drafts
are intermediate artifacts rather than final deliverables,
their fidelity matters far less than the exploration speed. As
another example, safety filtering feeds generated images to
a classifier that only needs category-level recognition rather
than user-facing quality [12, 43]. These quality-tolerant use
cases open a design space for aggressive efficiency opti-
mizations, motivating efficient image generation paradigms.

2.2. Autoregressive Image Generation

Emergence of autoregressive image generation. Earlier
image generation models [6, 50, 64] produce high-fidelity
outputs. However, their architectures are not naturally com-
patible with existing LLM inference stacks. As a result, mul-
timodal AI systems integrate them as standalone generation
pipelines, requiring concurrent serving of heterogeneous
models. To overcome this incompatibility, autoregressive
(AR) image generation [10, 42, 47, 68, 71, 77] has emerged
as a promising direction because it inherits the core mod-
eling principles of LLMs and formulates visual synthesis
as next-token prediction, making it naturally compatible
with existing LLM inference stacks. Consequently, frontier
AI platforms [19, 54, 81] increasingly adopt AR image
generation as an effective integration approach.
Autoregressive image generation pipeline. AR image
generation follows sequential visual token decoding, which
consists of three stages, as illustrated in Fig. 1. First,
the system begins with ❶ Prompting, which provides
detailed information about the target image. Second, the
system proceeds with ❷ Sequential token generation, which
iteratively generates each visual token conditioned on the
input context and previously generated visual tokens until
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Figure 2: Categories of existing KV sparsity techniques.

the full token grid is filled. Finally, the system performs ❸
Visual token decoding, which converts the completed token
grid into the output image using a visual decoder, often
borrowed from VQ-VAE autoencoders [63, 73].
LLM-aligned decoding behavior. AR image generation
follows the same decoding process as LLMs. The decoder
transformer iteratively generates tokens through repeated
layers of QKV projection, causal self-attention, and Feed-
Forward Network. This LLM-aligned decoding structure
allows AR image generation to be analyzed through the
lens of LLM inference, opening the door to performance
gains from decoding-phase techniques originally proposed
for LLMs. To provide this background, we next review prior
work on efficient LLM inference during the decoding phase,
with a particular focus on KV cache-related techniques.

2.3. KV Cache Optimizations for LLM Decoding

Decode bottleneck and optimization opportunity. Dur-
ing LLM decoding, KV caching reuses the keys and values
of previously generated tokens to avoid redundant computa-
tion. However, each decoding step still needs to retrieve the
accumulated KV pairs from prior tokens, making KV access
a growing overhead as the sequence length increases. As a
result, decoding performance increasingly bottlenecked by
the KV cache. Prior work [38, 44, 55, 85, 92] has observed
that only a subset of cached key-value pairs are critical
for generating the token. This observation has motivated a
class of approaches that exploit sparsity in the KV cache
by selecting only the relevant pairs at each step, thereby
reducing the cost of attending to the KV cache.
KV cache sparsity techniques. We categorize KV cache
sparsity techniques by their selection criterion for retained
KV pairs, as illustrated in Fig. 2. ① No sparsity serves as the
baseline and retains all KV pairs throughout decoding after
the prefill stage. ② Position-based sparsity retains KV pairs
according to their positions in the cache, yielding retention
patterns with positional regularity. Representative methods
include SlidingWindow [5], which keeps only the most
recent KV pairs, and StreamingLLM [85], which augments
the local window with a small number of attention-sink
tokens (i.e., the first few tokens). In contrast, ③ Score-
based sparsity selects KV pairs by importance metrics such
as attention scores, producing irregular retention patterns
scattered across the cache. These methods implicitly assume
that a token’s importance persists across subsequent queries,
corresponding to vertical patterns in the attention score
map. Methods in this category include H2O [92], TOVA [55],
and ALISA [94], which select KV pairs using accumulated
or per-step attention scores.

101 102 103 104 105

Number of prompt tokens

0

50

100

CD
F 

(%
)

AzureLMM2025
AzureLLM2024
-Coding
AzureLLM2024
-Conversation
DiffusionDB
JourneyDB
Civitai

Figure 3: Prompt token length distribution in various Text-

to-Image and LLM workloads.

Open questions for autoregressive image generation.

Leveraging existing KV cache sparsity techniques from
LLM decoding is a natural starting point for accelerating
AR image generation. However, whether these techniques
remain effective under visual-token generation workloads
remains an open question. Unlike text decoding, where
token dependencies follow sequential linguistic order, AR
image generation produces visual tokens whose attention
patterns reflect spatial locality and spatial structure. These
structural differences may fundamentally shift the efficiency-
quality tradeoff of KV cache sparsity. Accordingly, the
following sections first characterize autoregressive image
generation. Building on this analysis, we then revisit
existing KV cache sparsity techniques and explore extension
directions grounded in visual-token characteristics.

3. Characterization of Autoregressive Image

Generation

In this section, we characterize autoregressive image gener-
ation for sparse KV cache design. Section 3.1 describes our
methodology, Section 3.2 and 3.3 analyze sequence lengths
and the resulting decoding bottlenecks. Then Section 3.4
identifies attention sparsity properties that distinguish AR
image generation from text decoding.

3.1. Characterization Methodology

We design our methodology to expose workload properties
that distinguish autoregressive image generation from text
decoding. To this end, we evaluate representative autore-
gressive image generation models and LLMs using datasets
that reflect their respective serving workloads. We conduct
all experiments on a server-class platform equipped with
an NVIDIA RTX A6000 GPU with 48GB of memory and
an Intel Xeon Gold CPU.
Models. We analyze three representative open-source
autoregressive image generation models: Janus-Pro-1B and
7B [10], Lumina-mGPT-7B [42] in resolution 512, and
NextStep-1-14B [71]. For comparison with text decoding,
we include three open-source LLMs of similar scale: Qwen3-
8B [86], Llama3.1-8B [20], and Gemma3-4B [70].
Datasets. For image generation, we analyze prompts
from three real-world text-to-image traces, including Dif-
fusionDB [78], Civitai-prompts [1], and JourneyDB [67],
which span Stable Diffusion deployments, Civitai posts, and



TABLE 1: Output token length of image models.

Model Resolution VAE latent ratio Output length
Janus-Pro [10] 384x384 1/16 576
Llamagen [68] 512x512 1/16 1024

Lumina-mGPT [42] 512x512 1/16 1024
1024x1024 1/16 4096

Emu3 [77] 512x512 1/8 4096
720x720 1/8 8100

NextStep-1 [71] 512x512 1/16 1024
TokenShuffle [47] 2048x2048 1/32 4096
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Figure 4: Breakdown of prefill and decode token lengths

for image model across different target image resolutions.

Midjourney generations, respectively, to capture prompt-
length distributions across diverse real-world text-to-image
platforms. For text-generation workloads, we characterize
text-generation workloads using three Azure inference
traces [49]: AzureLMM2025, AzureLLM2024-Coding, and
AzureLLM2024-Conversation, which cover multimodal, cod-
ing, and conversational serving requests, respectively.

3.2. Sequence Length Analysis

We first analyze sequence lengths to understand how
prefill and decode contribute to KV cache pressure in
autoregressive image generation across the workloads.
Short prompts compared to text generation. We an-
alyze prompt token lengths and compare them against
representative text generation workloads. Fig. 3 shows the
cumulative distribution function (CDF) of prompt token
lengths, with red lines representing LLM workloads and
blue lines representing image generation workloads. Those
workloads exhibit much shorter prompt lengths, with most
prompts falling below 100 tokens, whereas LLM work-
loads have average prompt lengths exceeding 1K tokens.
Compared to text generation, where long prompts place
substantial pressure on the KV cache, autoregressive image
generation workloads incur relatively low prefill-time KV
cache pressure due to their short prompt lengths.
Long decode lengths in image generation. In contrast
to their short prompts, image generation workloads involve
substantially longer decode sequences, whose lengths are
fixed by the output resolution and the VAE latent down-
sampling ratio. As summarized in Table 1, most existing
models produce roughly 1K to 4K visual tokens under a
1/16 latent ratio, and higher-resolution settings can increase
the decode length up to 8100 tokens. Combined with the
prompt-length analysis above, this creates a pronounced
prefill-decode asymmetry. Fig. 4 illustrates this asymmetry
for models using a typical 1/16 VAE downsampling ratio,
where the decode length exceeds the prompt length by
up to 40× at 1024×1024 resolution. Consequently, visual
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(a) Latency breakdown in image models

(b) Latency breakdown along decoding steps
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Figure 6: Transformer latency breakdown in autoregressive

image models. (a) Janus-Pro-7B and Lumina-mGPT latency

breakdown across batch sizes, averaged over decoding steps.

(b) Per-step latency breakdown for Janus-Pro-7B at batch

size 32 (left) and Lumina-mGPT at batch size 16 (right).

tokens accumulated during the decode phase dominate the
KV cache in autoregressive image generation.

Takeaway #1: Sparse KV design should focus on reduc-
ing accesses to the long and continuously accumulating
decode KV cache, rather than the already short prefill
KV cache.

3.3. Decoding Phase Bottleneck Analysis

Building on the prefill-decode asymmetry, we next analyze
how long visual decode sequences drive memory and
compute pressure during decoding.
KV cache capacity bottleneck in image generation.

Image generation services use batched inference to generate
multiple images per prompt or improve throughput across
concurrent requests. From this batching perspective, we
analyze the per-request memory footprint of representative
autoregressive image generation models across resolutions
and batch sizes. As illustrated in Fig. 5, we separate model
weights from the KV cache and compare the total footprint
against RTX 3090 (24GB) and RTX A6000 (48GB) memory
budgets. While lower resolutions allow moderate batching
for some models, higher resolutions quickly push the
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memory footprint beyond practical GPU capacity. These
results show that KV cache capacity becomes a practical
bottleneck when autoregressive image generation requires
both high batching and high output resolution.
Attention computation bottleneck during decoding.

Beyond KV cache capacity, we further examine how dif-
ferent transformer components contribute to end-to-end
generation latency. We break down per-layer latency into
three stages using two representative autoregressive image
generation models under different batch sizes, as shown
in Fig. 6(a). The results show that attention accounts for
a non-negligible portion of decoding latency, reaching up
to 40%. To further understand how this overhead evolves
during decoding, we analyze the per-step latency breakdown
in Fig. 6(b). Attention initially accounts for 22.3% and
12.1% of per-step latency for Janus-Pro-7B and Lumina-
mGPT respectively, but its portion gradually increases to
53.3% and 50.8% as decoding progresses. Long visual decode
sequences not only increase KV cache memory usage but
also amplify attention computation, making KV access a
central efficiency bottleneck.

Takeaway #2: KV cache pressures both memory capac-
ity and attention latency, motivating sparse attention
that reduces both axes simultaneously.

3.4. Attention Sparsity Analysis

We next characterize attention sparsity as an opportunity
to reduce memory footprint and attention cost. We begin
by revisiting existing sparse KV caching methods under AR
image generation, and then analyze the attention sparsity
underlying their behavior.

(a) Attention score in image models

(b) Attention score in LLM models
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Figure 9: Attention score in (a) image models and (b) LLMs.

We used attention score map of layer 10 and head 5.

Revisiting LLM sparse KV caching works. Fig. 7
compares two categories of LLM sparse KV baselines defined
in Section 2.3: blue lines for position-based methods [5, 85,
91] and red/orange lines for score-based methods [55, 92, 94].
Prior LLM studies have shown that score-based selection
preserves accuracy better than position-based methods
because important tokens are distributed irregularly across
the sequence [69, 92]. In image generation, this ordering
reverses: position-based methods consistently outperform
score-based methods across all sparsity levels. We show
that this reversal stems from two structural properties of
autoregressive image generation: attention concentrates on
prompt and recent tokens, and attention sparsity follows
a diagonal pattern. Together, these properties make the
irregular middle-token importance patterns exploited by
score-based methods in LLMs less effective for image
generation workloads.

Takeaway #3: Unlike in LLM decoding, position-based
sparsity outperforms score-based sparsity in image
generation.

Skewed attention toward prompt and local tokens.

Fig. 8 reports cumulative attention scores over three token
groups: prompt tokens, local tokens, defined as the most
recent 10% of decoded tokens, and middle tokens, defined
as the remaining decoded tokens. Although prompt tokens
occupy only a small fraction of the full sequence, as shown
in Section 3.2, they capture more than half of the total
attention score. Local tokens account for most of the
attention mass outside the prompt region, while middle
tokens contribute only a small fraction. Across the three
models, middle tokens capture only 6.2%, 8.1%, and 8.5%
of the total attention score on Janus-Pro, NextStep-1, and
Lumina-mGPT. This skewed pattern reflects the structure
of autoregressive image generation. Each visual token must
remain aligned with the prompt while also preserving
spatial consistency with nearby generated tokens.
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Takeaway #4: Attention in image models concentrates
on prompt and local tokens, making sparse attention
designs that retain them particularly effective.

Diagonal attention sparsity pattern. Fig. 9 visualizes
attention scores across three image models and LLMs.
Beyond the prompt region on the left, all three image models
exhibit pronounced diagonal stripes spanning the decode
region. In contrast, LLM attention maps show no such
structure. To quantitatively confirm this diagonal structure,
we measure the cosine similarity between attention score
vectors in two ways, as illustrated in Fig. 10(a). Vertical
similarity compares attention score vector of query i and
query i + d over their common key range [0, i], capturing
how two queries separated by query distance d attend
to the same keys. Diagonal similarity compares attention
score vector of query i with query i + d over key range
[d, i + d], measuring how similar attention scores are along
the diagonal direction of the score map. As shown in
Fig. 10(b), diagonal similarity consistently exceeds vertical
similarity in image models, contrast to LLMs. Diagonal
alignment is therefore a structural characteristic specific to
the image generation.
Why diagonal patterns emerge. In LLMs, attention
concentrates on a few globally important tokens, producing
vertical patterns in the attention map. In image generation,
however, no comparably dominant tokens emerge. Due to
spatial locality, the keys most relevant to each query lie in
its neighborhood. As the query advances, this neighborhood
shifts together with it, preserving the relative position

Attention score map
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Figure 11: Relative position similarity in images projects
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Figure 12: Diagonal-aware sparse attention algorithm.

between important query-key pairs. And this repeated
structure manifests as the diagonal pattern observed in
the attention score map shown in Fig. 11. This confirms
that attention in image models is governed by the relative
position between query and key, rather than by absolute key
positions. As a result, existing score-based methods fail to
capture diagonal sparsity, while conventional position-based
methods exploit it only implicitly through local windows.

Takeaway #5: Spatial locality induces diagonal at-
tention sparsity patterns, motivating sparse attention
designs that exploit diagonal structure.

4. Diagonal-Aware Sparse Attention

Our analysis reveals a diagonal attention pattern in au-
toregressive image generation beyond simple prompt and
local-token concentration. Existing position-based methods
partially exploit this through local windows, but degrade
sharply at high sparsity. We therefore propose a sparse
attention scheme that explicitly exploits diagonal sparsity
to further improve the quality-latency tradeoff.
Design rationale. First, decode KV dominates the cache,
so sparsity must target the decode region rather than the
prompt. Second, attention concentrates on prompt and
local tokens while middle tokens contribute negligibly,
suggesting that a recent window combined with always-
attended prompt KV captures most of the attention weight.
Third, attention exhibits a diagonal sparsity pattern within
the decode region, suggesting that important attention
regions can be tracked along diagonal directions rather
than simple local windows.
Algorithm overview. Based on the design rationale, our
algorithm maintains a wider recent window and computes
attention with diagonal token selection. Within the recent
window, we skip a growing set of positions that trace



Algorithm 1: Diagonal-Aware Sparse Attention
Input: Recent window size Nr
Input: Number of tokens to attend Natt
Input: Decode KV cache K, V
Input: Prompt KV cache Kp, Vp

1 skip_idx← [ ]
2 for each decode step t do
3 window← [max(0, t − Nr), . . . , t]
4 if t < Natt − 1 then

// Phase 1: full attention
5 idx← window
6 outt ← Attn(Qt, Kp + K[idx], Vp + V[idx])
7 else if t < Nr then

// Phase 2: grow diagonal skip set
8 skip_idx← [j + 1 for j ∈ skip_idx]
9 idx← window− skip_idx

10 outt ← Attn(Qt, Kp + K[idx], Vp + V[idx])
11 if |skip_idx| < Nr − Natt then

// select newly skipped KV
12 w← softmax(Qt · K[idx]⊤)
13 j∗ ← arg minj w[j]
14 skip_idx.append(idx[j∗])
15 else

// Phase 3: evict oldest KV and shift
16 K[t − Nr]← ∅
17 V[t − Nr]← ∅

// Shift diagonal positions by +1
18 skip_idx← [j + 1 for j in skip_idx]
19 idx← window− skip_idx
20 outt ← Attn(Qt, Kp + K[idx], Vp + V[idx])

diagonals through the attention score map, as illustrated
in Fig. 12. Once a key receives low attention from Qt,
its diagonal neighbor is likely to receive low attention
from Qt+1, allowing selection decisions to propagate along
the diagonal without re-scoring. We maintain independent
diagonal selections for each attention head.
Detailed explanation. Fig. 12 and Algorithm 1 realize
these principles with two parameters: recent window size
Nr and number of tokens to attend Natt . We illustrate with
Nr = 7 and Natt = 4 as in Fig. 12.
❶ Full attention (lines 4-6) For the first Natt − 1 = 3
steps, there is no skip_idx to exclude in attention. Each
query attends to all available decode KV and prompt KV.
❷ Select diagonal tokens. (lines 7-14) Once decoding
step t ≥ Natt, every step appends one new skip KV. At
t = 3, we compute attention scores over K[0:3], identify the
lowest-scoring key (say K0), and set skip_idx = [0]. This
newly selected entry is not skipped at the current step. In
the next decoding step (t = 4), the skip indices shift by +1, so
skip_idx = [1], tracking the diagonal successor of (Q3, K0).
Q4 then compute attention and score over {K0, K2, K3, K4},
select the new lowest (say K2), and append: skip_idx = [1, 2].
At t = 5, the skip indices shift again to skip_idx = [2, 3],
continuing to trace the diagonal skip pattern. The skip

set grows by one entry per decoding step until |skip_idx|
becomes Nr − Natt(= 3).
❸ Evict and shift (lines 15-19) Once t ≥ Nr = 7, the
window slides forward and no new keys are selected to
be skipped. At t = 7, the oldest one K0 is evicted from
the cache. The existing skip indices in skip_idx shift by
+1, continuing to trace their diagonals. The attended count
stays fixed at Natt = 4 throughout this phase. Throughout
all phases, the prompt KV is always attended in full.
Parameter selection. Both parameters Nr and Natt are
directly determined by the target memory and compute
budgets, without per-model tuning. Nr sets the KV cache
footprint and is chosen as a fraction of the expected
decoding length Ldec; we use Nr = 0.5 × Ldec in our
experiments. Natt sets the per-step attention cost and is
chosen to match the desired sparsity ratio. Together, (Nr ,
Natt) expose two independent knobs: Nr controls memory,
Natt controls compute, allowing the user to navigate the
memory-compute trade-off directly.
Cost analysis. The KV cache footprint is bounded by
Nr + Lp, where Lp is the prompt length. In contrast, dense
attention grows linearly with Ldec + Lp. Per-step attention
cost is O(Natt + Lp), fixed across decode steps. The selection
step adds an O(Nr) argmin, but it runs only for Nr − Natt
steps in phase 2 and is amortized over the remaining
decoding. In evict and shift state, the algorithm reduces
memory by a factor of (Ldec + Lp)/(Nr + Lp) and per-step
compute by (Ldec + Lp)/(Natt + Lp) compared to dense
attention.

5. Evaluation

5.1. Methodology

Implementation. We implement our diagonal-aware
sparse attention on top of FlexGen [65], a high-throughput
transformer inference engine, integrating FlashAttention-
2 [13] for dense attention and custom Triton [72] kernels
for sparse attention with diagonal selection. Our Triton
kernel fuses indirect KV gather from the buffer into the
attention pass itself, eliminating the intermediate gather
buffer. It further fuses the argmin over recent-window logits
into the attention kernel, removing a separate kernel.
Models. We evaluate on three representative AR image
generation models spanning different scales and tokenizer
designs. Janus-Pro [10] is evaluated at both 1B and 7B
parameters with 384×384 resolution (576 visual tokens),
and Lumina-mGPT [42] at 7B parameters with 512×512
resolution (1024 visual tokens). We set the classifier-free
guidance weight to 5.0 for Janus and 4.0 for Lumina-mGPT
as default setting in official repository.
Sparse KV baselines. We compare against dense decoding
and five sparse KV baselines. Position-based methods retain
KV pairs by positional rules: StreamingLLM [85] keeps 4
attention sink tokens together with a recent window, while
SlidingWindow [5] keeps only the most recent window.
For StreamingLLM, we retain the first 4 decode tokens as
attention sinks, since prompt KV is always kept in full in our
setting. Score-based methods retain KV pairs by importance



TABLE 2: GenEval and DPG-bench score.

Model Method
GenEval DPG-bench
Sparsity Sparsity

80% 90% 92.50% 95% 96% 80% 90% 92.50% 95% 96%

Janus-Pro-1B

Dense 0.750 - - - - 82.22 - - - -
ALISA 0.723 0.682 0.621 0.192 0.118 82.17 82.06 79.65 55.07 46.47
H2O 0.722 0.700 0.573 0.048 0.033 82.10 81.74 72.17 39.05 36.72
TOVA 0.690 0.615 0.550 0.422 0.361 81.79 79.78 76.08 72.04 68.14

SlidingWindow 0.735 0.701 0.692 0.679 0.573 82.86 82.67 81.72 81.86 77.70
StreamingLLM 0.720 0.712 0.698 0.665 0.083 82.79 82.58 82.11 81.29 44.70
Diagonal 0.719 0.718 0.692 0.688 0.668 82.04 81.51 82.21 81.46 81.01

Diagonal + sink4 0.716 0.710 0.704 0.682 0.671 81.89 81.39 81.63 81.02 80.75

Janus-Pro-7B

Dense 0.788 - - - - 84.16 - - - -
ALISA 0.760 0.743 0.674 0.230 0.125 83.46 82.83 81.07 60.91 48.83
H2O 0.768 0.746 0.510 0.024 0.019 83.09 83.09 73.12 37.91 34.58
TOVA 0.760 0.658 0.602 0.420 0.307 82.80 80.13 78.15 73.30 67.25

SlidingWindow 0.774 0.738 0.743 0.724 0.569 83.77 83.33 84.15 83.88 78.25
StreamingLLM 0.777 0.756 0.739 0.662 0.071 83.42 83.18 83.27 81.09 44.33
Diagonal 0.792 0.758 0.768 0.749 0.738 83.55 83.64 83.62 83.18 82.67

Diagonal + sink4 0.785 0.784 0.774 0.743 0.749 83.81 83.35 82.58 82.28 82.00

Lumina-mGPT

Dense 0.543 - - - - 75.67 - - - -
ALISA 0.557 0.511 0.397 0.051 0.035 76.60 74.25 67.41 46.24 42.12
H2O 0.551 0.248 0.170 0.016 0.037 75.15 60.34 57.11 35.95 40.14
TOVA 0.539 0.474 0.254 0.103 0.058 75.76 69.53 59.36 51.58 48.68

SlidingWindow 0.525 0.520 0.502 0.445 0.432 74.88 74.13 73.17 69.35 68.46
StreamingLLM 0.555 0.538 0.534 0.488 0.479 75.92 75.64 74.57 71.43 71.37
Diagonal 0.542 0.540 0.547 0.520 0.492 75.93 75.15 75.13 74.48 72.89

Diagonal + sink4 0.555 0.541 0.548 0.524 0.504 76.23 75.20 75.23 73.68 72.24

90% 95% 96%

Dense

Diagonal
+sink4

Streaming
LLM

Diagonal
+sink4

Streaming
LLM

Dense

97%

Figure 13: Qualitative result in Janus-Pro-7B at high sparsity.

metrics: H2O [92] selects heavy hitters by accumulated
attention scores, TOVA [55] evicts the minimum-scoring
keys at each step, and ALISA [94] combines sparsity-aware
selection with a recent accumulated scores. Across all
methods, we sweep KV sparsity ratios of 80% to 96% relative
to the dense decode KV, where the ratio denotes the fraction
of decode KV not used for the attention computation.
Our methods. We refer to our two variants as Diagonal and
Diagonal+Sink4 throughout the evaluation. Diagonal+Sink4
retains the 4 initial decode tokens as attention sinks,
following StreamingLLM, and applies diagonal selection
for the remaining slots. Sparsity ratios refer to the fraction
of skipped decode KVs relative to the maximum decode
length, i.e., 1− Natt/Ldec.
Benchmarks. We evaluate generation quality on two
standard text-to-image benchmarks. GenEval [16] measures
object-focused prompt alignment across 553 prompts with
4 images generated per prompt, scoring attributes such as

90% 95% 96%

Dense

Diagonal
+sink4

Streaming
LLM

Diagonal
+sink4

Streaming
LLM

Dense

97%

Figure 14: Qualitative result in Lumina-mGPT at high

sparsity.

object presence, count, color, and spatial relations. DPG-
Bench [30] complements GenEval with dense, compositional
prompts that stress fine-grained semantic alignment.
System setup. All experiments run on a single NVIDIA
RTX A6000 (48GB) with an Intel Xeon Gold CPU. We report
end-to-end per-image latency and throughput (images per
second). Latency and throughput are measured with a fixed
prompt length of 50 tokens, the median prompt length in
DiffusionDB [78]. All latency and throughput results are
averaged over 3 inferences after a warm-up.

5.2. Generation Quality

Quantitative results. Table 2 reports GenEval and DPG-
bench scores across three models. First, score-based base-
lines (ALISA, H2O, TOVA) collapse beyond 90% sparsity,
retaining less than 30% of dense accuracy at 95-96%. This
confirms Takeaway #3: methods tuned for irregular LLM
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Figure 15: Quality-latency tradeoff. Janus-Pro-7B used batch

size of 96, and Lumina-mGPT used batch size of 54.

patterns fail when image attention is dominated by prompt
and local structure. Second, position-based baselines hold
up through 90-92.5% but degrade at 95-96%. StreamingLLM
shows a sharp cliff at 96% on both Janus-Pro models, losing
over 90% of dense accuracy. Third, Diagonal selection holds
the accuracy frontier at extreme sparsity. Across all three
models, Diagonal stays within 1–6% of dense accuracy
even at 96% sparsity, where the best position-based baseline
drops by 10-30% and score-based baselines drop by over 80%.
Position-based baselines reaches high sparsity by shrinking
the recent window itself, restricting attention to a narrow
local region. Our method instead observes a wider recent
window and skips diagonally-aligned attention within it.
Attention covers the same number of keys drawn from a
broader context, which explains the consistent quality gain.
Qualitative results. Fig. 13 and Fig. 14 compare
StreamingLLM and Diagonal selection against dense outputs.
At 90% sparsity, both methods preserve image fidelity. At
higher sparsity, StreamingLLM degrades rapidly with repet-
itive objects and distorted structures. Diagonal selection
retains coherent shapes and prompt-aligned content up to
96-97%, which is consistent with quantitative results.

5.3. Performance

Tradeoff between latency and generation quality.

Fig. 15 plots the quality-latency tradeoff for our method
and StreamingLLM on Janus-Pro-7B and Lumina-mGPT. We
compare against StreamingLLM as it achieves the highest
quality among the baselines and incurs no selection over-
head, making it the strongest reference point on both axes.
The x-axis shows end-to-end latency, and the y-axis shows
the GenEval score. Moving up the plot reflects improved
quality and moving left reflects reduced latency, so the top-
left corner represents the most favorable tradeoff. Diagonal
dominates StreamingLLM across the sweep on both models.
On Janus-Pro-7B at batch size 96, Diagonal+sink4 reaches
dense-level GenEval score at 38s, while StreamingLLM
requires 41s to reach comparable quality. On Lumina-mGPT
at batch size 54, Diagonal sustains 2-3% of quality above
StreamingLLM at every operating point, with the gap
widening as latency tightens. Diagonal selection recovers
structurally important tokens that a fixed local window

(a) End-to-end Latency speedup over Dense

(b) Latency breakdown in last decoding step
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Figure 16: (a) Latency speedup over dense and (b) latency

breakdown in the last decoding step. Janus-Pro-7B used

batch size 32 and Lumina-mGPT used batch size 16.
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Figure 17: Throughput improvement across different batch

sizes on Janus-Pro-7B and Lumina-mGPT.

would otherwise drop, pushing the quality-latency frontier
beyond the baseline.
Latency speedup breakdown. Fig. 16(a) shows the end-to-
end latency speedup over dense model. Speedup over dense
reaches 1.18× and 1.19× at 95% sparsity for Janus-Pro-7B
and Lumina-mGPT, respectively. Fig. 16(b) breaks down
the per-step latency at the final decoding step into QKV
projection, attention, sparse indexing overhead, and FFN. At
the final decoding step, attention alone speeds up by 4.15×
and 5.03× over dense at 90% and 95% sparsity on Janus-Pro-
7B, and by 6.52× and 9.78× on Lumina-mGPT. Indexing
overhead stays small relative to the attention savings, as our
custom kernel fuses indexing and attention and removed
redundant buffer allocation. The attention latency shrinks
with sparsity while indexing adds only a little overhead,
leaving net latency well below dense.



Throughput. Fig. 17 reports per-second image throughput
across batch sizes. First, the smaller KV footprint admits
larger batches: dense Janus-Pro-7B runs out of memory at
batch size 64 and beyond, while Diagonal scales to batch
size 96. Lumina-mGPT shows the same pattern, with dense
capped at batch size 16 while Diagonal reaches batch size 54.
Second, within feasible batch sizes, per-image throughput
improves with sparsity. On Janus-Pro-7B at batch size 32,
Diagonal at 95% sparsity reaches 1.38 img/s versus 1.17
img/s dense. At the largest feasible batch size, the combined
effect yields up to 2.65 img/s on Janus-Pro-7B and 1.03
img/s on Lumina-mGPT, a 2.3× and 3.1× higher throughput
over the dense configuration. Overall, by keeping only the
recent-window KV on the GPU, our method enables higher
batch sizes, while its efficient sparse attention also raises
throughput at a fixed batch size.

6. Related Works

Image generation model. Diffusion models [9, 52, 64, 79]
have enabled the practical deployment of image generation
systems by overcoming major limitations of earlier GAN [17,
35, 62] based approaches, including low fidelity and training
instability. However, as discussed in Section 2.2, diffusion
backbones such as U-Net [28, 59, 66] and DiT [4, 58,
87] remain architecturally distinct from LLMs, forcing
multimodal serving frameworks to provision diffusion and
LLM workloads separately, often partitioning GPU resources
across different model pipelines [61, 89]. In this respect, AR
image generation [10, 30, 42, 47, 48, 68, 71, 77, 80] offers
greater compatibility with LLM-centric serving infrastruc-
tures. Rather than replacing diffusion, AR image generation
represents an orthogonal design point, and industry systems
increasingly choose between diffusion and AR models based
on serving-stack requirements [19, 31, 81].
KV sparsity for LLM. The decoding phase of LLMs is
memory-bandwidth-bound, and KV sparsity [38, 44, 55, 85,
92, 94] mitigates this by reducing the number of cache
entries accessed at each step. Beyond the basic position-
and score-based schemes covered in Section 2.3, prior work
has refined KV sparsity along several axes. SnapKV [40] and
NACL [11] move selection to the prefill stage to avoid per-
step decisions, using a prompt-end observation window and
proxy tokens. PyramidKV [7] and Ada-KV [15] distribute
cache capacity unevenly across layers and heads. LESS [14]
keeps a low-rank summary of dropped KV, DuoAtten-
tion [84] and CateKV [34] splits heads into retrieval and
streaming. Quest [69] and OmniKV [24] go further by
preserving the full cache, reducing only per-step access via
per-page key bounds and inter-layer selection reuse. All of
these designs target the attention patterns of text LLMs; our
characterization in Section 3 shows these patterns shift in
autoregressive image generation, motivating the diagonal-
aware policy in Section 4.
KV quantization for LLM. KV quantization [37] addresses
the same bandwidth bottleneck, lowering per-entry bit-
width. KIVI [45] and KVQuant [29] enable 2-bit KV caches
through per-channel key and per-token value quantization,

and Atom [93] and QServe [41] support low-bit KV serving
through outlier-aware quantization. KV quantization is
orthogonal to our method and can be applied on top of it
for further bandwidth savings.
AR image generation optimizations. Image generation
specific properties have been widely exploited to accelerate
vision inference [8, 36, 39, 46], and recent work extends
this principle to AR image generation [26, 27, 74, 82].
ZipAR [26], PAR [74], and NAR [27] all exploit the spatial
locality of image tokens to decode multiple tokens in
parallel, by overlapping or reordering the token sequences.
These approaches improve decoding parallelism, so they
are orthogonal to our method and can be combined with it.
Closer to our work, HACK [60] and ADSA [83] illustrate
diagonal attention behavior of autoregressive image models.
HACK classifies heads by sparsity variance and falls back
to score-based selection within a local window, while
ADSA selects diverse middle tokens per step. In contrast,
we turn the diagonal into an explicit selection rule, and
quantitatively characterize the pattern across multiple AR
image generation models.

7. Conclusion

This paper presents the first characterization of attention
sparsity in autoregressive image generation and shows
that its sparsity behaviors fundamentally differ from those
established in text-based LLM inference. Our analysis
reveals that autoregressive image generation exhibits unique
structural properties, including diagonal attention sparsity
arising from the spatial locality of visual tokens. Building
on these observations, we demonstrate that exploiting
workload-specific sparsity structures enables substantial
throughput and latency improvements with minimal quality
degradation. As multimodal AI systems continue evolving
toward agentic and physically interactive workloads, effi-
cient visual generation becomes an increasingly important
systems challenge. We believe this work represents an
initial step toward a broader direction of approximation-
aware image generation serving, where practical efficiency
is achieved not only through hardware scaling, but also
through workload-specific compromises guided by the
structural properties of visual generation workloads.
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Appendix

1. Abstract

Our artifact provides scripts to reproduce the image quality,
latency, and throughput results of diagonal sparse attention
and the baseline methods. It contains the source code and
a README that describes the exact commands to build the
environment, run the experiments, and regenerate Figures
15–17 and Table 2 from the paper.

2. Artifact check-list (meta-information)

• Algorithm: Diagonal-aware sparse attention algorithm.
• Compilation: CUDA toolkit, PyTorch, Triton
• Model: Janus-Pro-1B, Janus-Pro-7B, Lumina-mGPT-7B-512
• Data set: GenEval, DPG-Bench
• Run-time environment: Docker with NVIDIA Container
Toolkit; base image: nvcr.io/nvidia/pytorch:23.12-py3

• Hardware: NVIDIA RTX A6000(48GB), Intel Xeon Gold.
Evaluators need Ampere-or-newer GPU with at least 48GB
memory.

• Execution: End-to-end bash scripts; environment initializa-
tion, experiments, figure generation.

• Metrics: Image quality(GenEval score, DPG-bench score),
Latency, Throughput(img/s)

• Output: Generated images, figures and table.
• Experiments: Figure 15, 16, 17 and Table 2 reported in the

paper.
• How much disk space required (approximately)?: 80GB

free storage.
• How much time is needed to prepare workflow (ap-

proximately)?: 1 hr
• How much time is needed to complete experiments

(approximately)?: 1 week for quality experiments(Table
2), 1.5 hr for speedup experiment(Fig 15-17).

• Publicly available?: Yes
• Code licenses (if publicly available)?: Creative Commons
Attribution 4.0 International, MIT License

• Archived (provide DOI)?:

https://doi.org/10.5281/zenodo.21712898

3. Description

3.1. How to access. Clone our public Github repository:

$ git clone \
https://github.com/casys-kaist/DiagonalAttn

3.2. Software dependencies. We distribute the artifact
as a Docker image, so evaluators need Docker and the
NVIDIA Container Toolkit. We assume the host has CUDA
12.3, matching the version used by the provided base image.
Python dependencies are installed with uv, using a provided
initialization script.

3.3. Datasets. The prompt datasets for GenEval and DPG-
bench are already included in the repository.

3.4. Models. We provide a helper script that automatically
downloads all required model weights.

4. Installation

❶ Set up the Docker Container. Before launching the
Docker container, set the correct HOST_CACHE_DIR path in
launch.sh.

$ cd DiagonalAttn/docker
$ sh launch.sh

❷ Initialize environment. After attaching to the running
container, set the environment variables and install the
required packages.

$ source /workspace/setup/env.sh
$ source /workspace/setup/uv_env.sh

❸ Download models. Download the model weights from
Hugging Face. Evaluators should log in to Hugging Face
before downloading.

$ hf auth login
$ cd /workspace
$ bash setup/download_models.sh

5. Experiment workflow

Quality Experiment. This experiment reproduces Table 2,
comparing image quality across the baseline methods and
diagonal attention. The scripts first generate images for the
baseline methods and diagonal attention. Then, it aggregates
the score results written in /workspace/results and
render them into table. Evaluating all prompts(--ratio
1.0) for quality takes multiple GPU-weeks; it may take
∼40 days on 4 RTX A6000 GPUs. We provide --ratio
to control the fraction of prompts evaluated. The results
reported in the paper used --ratio 1.0.

$ bash evaluation/quality/run_table2.sh \
--all-cells --gpus 0,1,2,3 --ratio 0.1

$ python evaluation/quality/render_table2.py

Speedup Experiment. Each script generates a PDF for
its corresponding figure among Figures 15, 16, and 17. For
Figure 15, fig15_quality.sh must be run first to produce
the quality-axis results, which fig15.sh then joins with
the latency-axis measurements. The script then measures
the speedup and automatically renders the figure as a PDF.

$ bash speedup/figure/fig15_quality.sh \
--gpus 0,1,2,3 --ratio 0.1

$ LOCK_GPU_CLOCKS=1 bash speedup/figure/fig15.sh
$ LOCK_GPU_CLOCKS=1 bash speedup/figure/fig16.sh
$ LOCK_GPU_CLOCKS=1 bash speedup/figure/fig17.sh

6. Evaluation and expected results

After running the scripts, the artifact generates the table
and figures under ./results, matching the expected results
below:

◦ Table 2
- results/table2.md

◦ Figure 15
- results/figures/fig15.pdf



◦ Figure 16
- results/figures/fig16a.pdf
- results/figures/fig16b.pdf

◦ Figure 17
- results/figures/fig17.pdf

The PDF figures and Markdown table correspond to the
plots and table reported in the paper. In addition to these
final outputs, each experiment also stores raw logs under
results/logs and results/speedup, and image outputs
under results/images.

7. Experiment customization

We provide several input parameters for customizing the
experiments.
evaluation/quality/run_table2.sh

• --gpus: CUDA GPU IDs to round-robin parallel
execution of each cells.

• --models: Restrict to specific model (januspro1b,
janus7b, lumina).

• --benchmarks: Restrict to specific benchmarks
(geneval, dpg).

• --methods: Restrict to specific attention methods
(dense, alisa, h2o, tova, window, streamingllm,
diagonal, diagonal_sink4).

• --sparsity: Restrict to specific sparsity levels (e.g.
0.950).

• --ratio: Override the benchmark prompt ratio for
reduced runtime.

evaluation/quality/render_table2.py

• --ratio: Select which recorded benchmark-ratio tier’s
rows to render.

• --precision N: Number of decimal places shown in
the rendered table.

• --out-md, --out-tex: Output table Markdown/LaTex
table paths.

speedup/figure/fig15_quality.sh

• --gpus: CUDA GPU IDs to parallelize the GenEval
quality cells across.

• --ratio: Subsample GenEval prompts to for reduced
runtime.

8. Notes

More information can be found in the README file of each
directory.
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