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Abstract: Creative image editing tools, such as Photoshop’s Remove or Generative Fill buttons, are central
to everyday customer use and account for a major share of traffic in Photoshop and Lightroom. However,
current generative AI models face significant latency challenges, which become even more pronounced when
transitioning from convolution-based U-Nets to Diffusion Transformers (DiTs). In our evaluation on hundreds
of representative image editing samples spanning a wide range of mask ratios, the DiT module alone accounts
for an average of 73% of the total model latency, even after being distilled from 50 timesteps down to 8
timesteps. To tackle this challenge, we propose HiLo-Token, an input-adaptive token compression framework
that allocates more token budget to high-frequency, rich-context regions while assigning fewer tokens to
low-frequency areas. Specifically, for the editing region specified by the user mask, we retain all tokens within
a dilated mask to preserve strong locality and contextual relevance. Outside the editing region, we introduce
a simple yet effective high-frequency token selection strategy based on spatial frequency to capture important
local details, while using tokens from a 16× downsampled image to represent low-frequency components and
preserve the blurry but global structure. Extensive experiments on production-level evaluation data validate
the effectiveness of the proposed method, achieving 3.13×, 2.59×, and 1.67× DiT speedups on A100-80GB
for image editing tasks across small, medium, and large mask ratio categories with average ratios of 6.38%,
15.92%, and 35.36%, respectively, without any regression in generation quality.

1. Introduction

Creative image editing has received widespread
attention in the era of generative artificial intelli-
gence (GenAI). Representative examples include
specialist editing models such as the Remove
Tool (Adobe, 2025c) and Generative Fill (Adobe,
2025b) in Adobe’s Photoshop, Lightroom, and Ex-
press, as shown in Fig. 1a, which are fine-tuned
on carefully curated high-quality data from pre-
trained generalist Firefly Image models (Adobe,
2024, 2025a), as well as large-scale image gener-
ation and editing models from other companies,
including Google’s Gemini Image (also known
as Nano Banana) (Google, 2025a,b), OpenAI’s
ChatGPT Image (OpenAI, 2025), ByteDance’s See-
dream and SeedEdit (Chen et al., 2025c; Wang
et al., 2025), Black Forest Labs’ FLUX (Black For-
est Labs, 2025), and Alibaba’s Qwen Image (Wu
et al., 2025; Yin et al., 2025), etc. Among these
image editing systems, most companies primar-
ily emphasize improving intrinsic model control-
lability over where to edit or leave untouched,
whereas Adobe’s specialist models or partnered

models explicitly operate on user-defined masks
through Photoshop’s UI interactions to better
align with the needs of users for pixel-level pre-
cise control and established creative workflows.
For example, within 28 days of the release of Pho-
toshop v27.0 on October 28, 2025, 1.1 million out
of 3.3 million users engaged with the Generative
Fill image editing feature, resulting in 36.2 mil-
lion total interactions and 82.8 million generative
credits consumed.
However, serving such GenAI models to mil-

lions of users poses significant challenges, partic-
ularly as the field transitions from convolution-
based U-Nets (Rombach et al., 2022; Podell et al.,
2023) to Diffusion Transformers (DiTs) (Peebles
and Xie, 2023; Chen et al., 2025b; Zhang et al.,
2025) or Transformer-based multimodal models
that combine Vision Language Models (VLMs)
with DiTs (Adobe, 2025a; Chen et al., 2025c)
to achieve higher editing or generation quality.
These models are nearly 6× more expensive to
serve in cloud environments, driven by slower
DiT inference—even when the parameter count
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Figure 1: (a) Representative GenAI features in Adobe products: Remove Tool (Adobe, 2025c) and Generative
Fill (Adobe, 2025b). When no text prompt is provided, Generative Fill invokes the Remove model. (b) Number
of Amazon AWS p5.48xlarge nodes (8� H100) required to serve the Remove feature with and without HiLo-
Token. The p5.48xlarge instance costs $55.04 per hour based on public pricing data (Vantage Instances, 2025).

is 1:8� lower than that of U-Nets�as well as the
need for hardware upgrades, such as switching
from A100 to H100 GPUs, to achieve acceptable
latency. Existing compression techniques, such
as token-level (Bolya and Ho�man, 2023; Wang
et al., 2024; Smith et al., 2024; Chen et al., 2024)
or model-level (Kim et al., 2023; Fang et al., 2023)
compression, activation caching (Xu et al., 2018;
Moura et al., 2019; Ma et al., 2024), and low-bit
model quantization (Chen et al., 2025a; Hwang
et al., 2025), either provide limited bene�ts be-
yond aggressive timestep distillation (Yin et al.,
2024b,a), which is often the most e�ective and
widely adopted approach in industry, or inevitably
introduce quality regression; even small-scale dis-
tortions on a small subset of test images can im-
pact many users and are therefore unacceptable
for production deployment. Also, only a few prior
works consider the unique optimization proper-
ties of user-de�ned mask�based GenAI models in
Photoshop UI interaction settings, such as Lazy-
Di�usion (Nitzan et al., 2024) and Di�CR (You
et al., 2025), which generate content only within
masked regions rather than over the entire image.

To reduce serving costs without quality regres-
sion, we present HiLo-Token, an input-adaptive
token compression framework that allocates a
larger token budget to high-frequency, context-
rich regions while assigning fewer tokens to low-
frequency areas. Our HiLo-Token is built on Lazy-
Di�usion (Nitzan et al., 2024), so by default, we
retain all tokens within a dilated mask to preserve
strong locality and contextual relevance. In addi-
tion, HiLo-Token addresses three key challenges.
First, how can editing quality be preserved under
aggressive token dropping? Retaining only tokens

within the dilated mask inevitably leads to con-
text loss; even with a separate context encoder,
most useful context tokens are discarded to match
the mask's spatial shape, as context and mask to-
kens are concatenated along the feature dimen-
sion (Nitzan et al., 2024). We address this issue
through frequency-aware token selection: high-
frequency tokens are retained to capture impor-
tant local details, while tokens from a 16� down-
sampled image represent low-frequency context
that preserve global structure. These additional
context tokens are concatenated along the token
dimension. Second, how can the overhead of ob-
taining context tokens be reduced? LazyDi�usion
relies on a transformer-based context encoder
that must be fully computed even though most
tokens are later dropped. We replace this costly
model with a lightweight frequency-based selec-
tion mechanism that uses only two convolution
operations to compute a spatial edge/frequency
map for high-frequency token selection, and a
single linear layer to patchify downsampled im-
ages for low-frequency tokens, adding only a few
milliseconds of negligible overhead. Third, how
can token allocation be input-adaptive? Image
complexity varies widely: simple scenes require
minimal context, whereas complex scenes with
rich textures or strong structural symmetry rela-
tive to the masked regions demand more tokens.
Learning-based importance prediction methods,
such as attention-based signals, are costly and
unreliable in this setting because (1) relevant con-
tent may not yet be generated at early di�usion
steps, requiring prediction in the middle of the dif-
fusion process, and (2) attention-based methods
rely heavily on cross-region relationships and can
fail when important content has not yet been gen-
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