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Abstract

The remarkable generation quality of modern diffusion
models often comes at the cost of massive parameter
counts, which necessitate server-side inference with sig-
nificant computational costs and potential privacy risks.
Consequently, there is growing momentum toward devel-
oping efficient on-device alternatives. While recent efforts
have optimized text-to-image models for mobile hardware,
they remain relatively bulky, typically ranging from 0.5B
to 1B parameters. We present BlazeEdit, a highly effi-
cient, generalist image-to-image diffusion model tailored
for on-device deployment. By identifying that many practi-
cal image editing tasks do not require text-based guidance,
we eliminate the text-conditioning components and develop
a multi-task architecture that consolidates object removal,
outpainting, tone correction, relighting, and sticker gener-
ation into a single, compact model of only 195M parame-
ters. BlazeEdit achieves a substantial reduction in down-
load size and memory overhead while maintaining compet-
itive generation quality. It completes a full inference pass
in just 290ms on a Pixel 10, delivering a seamless, privacy-
preserving, and lightning-fast experience for generalist im-
age editing on the edge.

1. Introduction

Diffusion and flow-based generative models [1, 9, 14, 15,
20, 21] have achieved remarkable visual quality across a
variety of digital content creation domains. However, many
state-of-the-art diffusion models [4] employ heavy multi-
modal transformers whose parameter counts can reach up
to 20B [25], requiring server-side inference on high-end
GPUs/TPUs. This not only incurs significant computational
costs, but also raises potential concerns regarding the pri-
vacy of uploaded personal photos.

Consequently, there is growing interest in developing on-
device diffusion models that can run locally and efficiently.
Recent efforts, such as SnapFusion [13], SnapGen [3], and

MobileDiffusion [32], have made impressive strides in re-
ducing the denoiser size and latency for text-to-image gen-
eration. Nevertheless, these models remain relatively heavy,
as the text encoder increases the total model size. For in-
stance, SnapGen leverages multiple text encoders including
CLIP [17] and Gemma-2-2B [22], adding ~2B parameters
to its 0.38B denoiser. The large model size often presents a
download barrier for mobile applications, where bandwidth
is frequently limited.

In this paper, we challenge the prevailing assumption
that a general-purpose mobile editing tool must be built
upon a text-to-image foundation. We observe that a sig-
nificant subset of common image editing actions, such as
removing background objects, changing the aspect ratio of
an image (e.g., portrait to square or landscape), and creating
stylized stickers from photos, can be sufficiently guided by
the input image plus a user-provided mask, bypassing the
need for text-based conditioning.

Building on this insight, we develop a pure image-to-
image framework and introduce BlazeEdit, a highly effi-
cient, generalist image editor tailored for mobile devices.
Our contributions are summarized as follows:

* We develop a pretraining pipeline specifically for image-
to-image diffusion models. By leveraging masked recon-
struction as the pretraining objective, we endow the base
model with foundational inpainting and outpainting capa-
bilities, facilitating data-efficient downstream finetuning.

* We repurpose the mask value as a universal task indica-
tor. Combined with a jointly trained image-and-mask en-
coder, this allows for simultaneous multi-task finetuning
that enables knowledge transfer across tasks.

* We achieve a single, compact model of only 195M pa-
rameters that consolidates five distinct editing tasks—
object removal, outpainting, tone correction, relighting,
and sticker generation. With an inference latency of just
290ms on a Pixel 10, our model delivers a highly interac-
tive user experience.
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Figure 1. (Left) BlazeEdit is a generalist image-to-image editing framework designed for mobile devices. We achieve a single, compact
model that consolidates five distinct editing tasks. (Right) BlazeEdit follows the latent diffusion paradigm, and employs a trainable image-
and-mask encoder to provide the conditioning signal to the denoiser. The input resolution is 512x 512, and latent resolution is 64 x 64.

2. Related Work

There have been significant recent advancements in devel-
oping generalist text-to-image diffusion models that unify
diverse, multi-modal editing tasks within single architec-
tures [5, 12, 16, 25-28, 31]. However, their reliance
on heavy multi-modal transformers and massive parameter
counts renders them impractical for on-device execution.
A growing body of research has focused on compressing
text-to-image diffusion models for mobile devices. Pioneer-
ing works such as SnapFusion [13], SnapGen [3], and Mo-
bileDiffusion [32] have significantly reduced the model pa-
rameters to the 0.5B ~ 1B range through extensive architec-
tural investigation and advanced distillation. Our work fur-
ther shrinks the model size by shifting to an image-to-image
framework that still supports a wide variety of practical
editing tasks. Compared to the pixel-space image-to-image
framework presented in Palette [ 19], our model works in la-
tent space and introduces a task-agnostic pretraining phase,
enabling fast inference and data-efficient finetuning.

3. Method
3.1. Model Architecture

Figure | presents an overview of the BlazeEdit framework.
We detail our design below.

Latent Diffusion with Jointly Trained Encoder. Follow-
ing established practice, we adopt latent diffusion [18] to
reduce the computational overhead of the iterative denois-
ing process. Given a frozen encoder £ and decoder D, we
seek to train a denoiser ¢y that models the conditional distri-
bution p(E(y) | x, m), where x, y, m denote the input im-
age, output image, and mask, respectively. The prevailing
approach in pixel-space image-to-image frameworks, such
as Palette [19], provides the masked image as a condition-
ing input to the denoiser. However, we find this approach

suboptimal when adapted to the latent space. Specifically, if
the conditioning input is simply changed to the latent repre-
sentation of the masked image £(m © x), the denoiser will
struggle to preserve structural fidelity around the masked
region, especially for object removal. This happens even if
the autoencoder has no difficulty reconstructing the masked
image, i.e., D(E(m ©x)) ~ m © x. We attribute this to the
suboptimal latent representations. Since the autoencoder is
optimized mainly for reconstruction, its latent space is not
inherently structured to decouple the original image content
from the superimposed mask.

To address this, BlazeEdit introduces a secondary, train-
able encoder fy(concat[x,m]) that processes the con-
catenated input image and mask. The output of fy is fed
to the denoiser as a conditioning input. Unlike the frozen,
reconstruction-oriented autoencoder, fy is jointly optimized
with the denoiser to extract task-relevant features that the
model can more easily leverage. We find this joint training
critical for maintaining fine-grained details and structural
integrity. Furthermore, for object removal tasks where the
mask specifies the object to be removed, providing fy with
the full input image x allows the model to more effectively
infer and eliminate shadows cast by the object.

Efficient Denoiser and Lightweight Decoder. The de-
noiser follows the U-ViT architecture [10]. Specifically, we
employ ResNet [7] blocks at higher resolutions to maintain
the spatial inductive bias while saving memory, and self-
attention [23] blocks at lower resolutions to capture long-
range dependencies and improve accelerator utilization. To
further reduce model size and inference latency, we prune
the width and depth of the decoder D. We then train it for
image reconstruction with the encoder £ frozen, following
MobileDiffusion [32]. The resulting lightweight decoder
has only 6M parameters, and shows minimal degradation in
reconstruction quality.
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3.2. Pretraining via Masked Reconstruction

A significant bottleneck in developing a generalist image
editor is the scarcity of high-quality, task-specific datasets.
Existing literature typically follows one of two paths: (1)
adapting a pretrained text-to-image model by adding task-
specific LoRAs [11, 32], or (2) training an image-to-image
model from scratch but limited to a small number of tasks,
such as colorization and JPEG restoration [19], where mas-
sive paired data can be easily synthesized. The first ap-
proach inevitably involves parameters for text understand-
ing and text-image alignment, which are unnecessary for
purely image-conditioned tasks. On the other hand, the sec-
ond approach struggles to scale to more complex editing
tasks where the training data are costly to obtain.

To achieve data-efficient scaling across diverse editing
tasks while maintaining a compact model footprint, we pro-
pose to first pretrain an image-to-image base model from
scratch on large-scale task-agnostic datasets, and then fine-
tune it jointly on all available task-specific datasets.

Inspired by the masked image modeling framework [2,
8], we use masked reconstruction as our pretraining objec-
tive. We find it critical to employ a diverse set of masks,
including random patches, geometric shapes, and strokes
within the image, and paddings on the boundary of the im-
age. This not only encourages the model to learn an expres-
sive image representation, but also equips the model with
core inpainting and outpainting capabilities, building a gen-
eralizable foundation for specialized downstream tasks.

We directly leverage the images from existing large-scale
text-to-image datasets for our pretraining. The loss function
can be written as:

Ex.m,etl|€(Xe, fo(concat[m © x,m]),t) — e||2 , (D

where € ~ N(0, 1) denotes the random noise, and X; is the
noised version of £(x) at a randomly sampled diffusion step
t. The mask m is randomly generated on the fly. To prevent
degenerate solutions caused by information leak, we mask
the image x when feeding it to the trainable encoder fy.
This is only necessary during pretraining.

3.3. Multi-Task Finetuning and Distillation

Following pretraining on large-scale, general-purpose im-
age data, we transition to supervised finetuning and step
distillation on task-specific datasets.

Universal Task Signaling. We conduct multi-task finetun-
ing on all available downstream tasks simultaneously, as
this enables knowledge transfer across tasks. To help the
model distinguish between different tasks, we introduce a
universal task signaling mechanism encoded directly within
the mask values. Specifically, each task ¢ is assigned a
unique numerical constant 7;, which is used to scale the bi-
nary mask m. This mask-based conditioning signal allows

the model to switch functional modes dynamically with-
out additional parameters. For an input-mask-output triplet
(x, m, y) belonging to task 4, the finetuning objective is for-
mulated as:

Ec.tll€o (¥4, fo(concat[x, ;- m]),t) — e||2 ,

where € ~ AN(0,1) denotes the random noise, and y; is
the noised version of £(y) at a randomly sampled diffusion
step ¢.

Adversarial Distribution Matching Distillation. After
supervised finetuning, we distill the resulting model for 2-
step inference, significantly reducing latency. We find that
distribution matching distillation [30] combined with adver-
sarial training [29] works well in this few-step regime.

4. Experiments

4.1. Tasks and Datasets

We first describe the range of image editing tasks supported
by BlazeEdit and the task-specific finetuning datasets.

Object Removal aims to remove a user-specified object
from a scene and synthesize a plausible background in its
place, helping to reduce visual clutter. We use a manually
curated dataset of ~20K image pairs. Following [24], each
pair captures a scene before and after an object is physically
removed while minimizing other changes.

Outpainting extends the boundaries of an image, which is
useful for changing its aspect ratio (e.g., portrait to land-
scape). We use a high-quality subset of ~5K images from
our pretraining datasets, filtered for aesthetic and diversity.

Tone Correction enhances an image by refining its white
balance, saturation, and exposure. We synthesize a dataset
of ~3M image pairs by a high-performance teacher model.
Relighting focuses on portrait enhancement by mitigating
unfavorable lighting, such as harsh facial shadows. We use
a dataset of ~100K image pairs synthesized by applying
diverse shadow augmentations to portrait photography [6].

Sticker Generation stylizes user-specified subjects within
an image (e.g., people, pets, and objects), transforming
them into high-quality artistic stickers. We synthesize a di-
verse dataset of ~100K image pairs using a high-capacity
text-to-image generation model adept at identity-preserving
stylization.

4.2. Main Results

Qualitative Results. In Figure 2, we present the input
images and generation samples from BlazeEdit on all five
tasks. BlazeEdit achieves compelling and versatile image-
to-image editing. It exhibits strong structural reasoning
and semantic preservation, seamlessly handling object and
shadow removal, boundary extrapolation, stylization, tone
correction, and lighting adjustment.
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Sticker Generation

Figure 2. Qualitative results of BlazeEdit on five distinct editing tasks. BlazeEdit achieves compelling and versatile image-to-image editing.
It exhibits strong structural reasoning and semantic preservation, seamlessly handling object and shadow removal, boundary extrapolation,

stylization, tone correction, and lighting adjustment.

Efficiency Evaluation. In Table 1, we compare the model
footprint of BlazeEdit with prior works. BlazeEdit achieves
2x reduction in denoiser parameter count while eliminat-
ing the text encoders, which typically range from 0.1B to
2B parameters. Furthermore, Table 2 provides a break-
down of inference latency on Pixel 10 using Edge TPU.
BlazeEdit completes a full inference pass in just 290ms, en-
abling lightning-fast and privacy-preserving image editing
directly on the edge.

5. Conclusion

We presented BlazeEdit, a highly efficient image-to-image
diffusion model designed for edge-native generalist image
editing. We successfully consolidated five diverse editing
tasks into a unified 195M-parameter architecture. Our ex-
periments demonstrate that BlazeEdit achieves competitive

Table 1. Model footprint comparison. BlazeEdit achieves 2 re-
duction in denoiser parameters while eliminating text encoders.

Model ‘ Text Encoder Denoiser #Params
SnapFusion [13] CLIP-ViT-H 848M
MobileDiffusion [32] CLIP-ViT-L 386M
SnapGen [3] CLIP-ViT-L, CLIP-ViT-G, Gemma-2-2B 379M
BlazeEdit ‘ None 189M

Table 2. Inference latency measurements. BlazeEdit completes
a full inference pass in just 290ms, enabling lightning-fast and
privacy-preserving image editing directly on the edge.

Device ‘ Encoder Decoder Denoiser (2 steps) ‘ Overall

Pixel 10 (Edge TPU) | 45ms 55ms 190ms | 290ms

results while delivering highly interactive user experience
on mobile hardware.
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