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Figure 1. Results of SaaS. OmniGen [43] has a tendency to overlook some sub-instructions, while our SaaS can effectively mitigate this

issue. Notably, SaaS does not require any extra training or test-time optimization. Zoom in for better visualization.

Abstract

Recent advancements in unified image generation mod-
els, such as OmniGen, have enabled the handling of diverse
image generation and editing tasks within a single frame-
work, accepting multimodal, interleaved texts and images
in free form. This unified architecture eliminates the need
for text encoders, greatly reducing model complexity and
standardizing various image generation and editing tasks,
making it more user-friendly. However, we found that it
suffers from text instruction neglect, especially when the
text instruction contains multiple sub-instructions. To ex-
plore this issue, we performed a perturbation analysis on
the input to identify critical steps and layers. By examin-
ing the cross-attention maps of these key steps, we observed
significant conflicts between neglected sub-instructions and
the activations of the input image. In response, we pro-

� Tianyi Wei is the corresponding author.

pose Self-Adaptive Attention Scaling (SaaS), a method that
leverages the consistency of cross-attention between adja-
cent timesteps to dynamically scale the attention activation
for each sub-instruction. Our SaaS enhances instruction-
following fidelity without requiring additional training or
test-time optimization. Experimental results on instruction-
based image editing and visual conditional image genera-
tion validate the effectiveness of our SaaS, showing superior
instruction-following fidelity over existing methods. The
code is available at https://github.com/zhouchao-ops/SaaS.

1. Introduction

In recent years, image generation models have advanced

rapidly. Using the Latent Diffusion Model (LDM) se-

ries [9, 24, 28] as a benchmark, researchers have continu-

ously improved the generated image quality. However, this

progress has come at the cost of increasing model size and

a growing reliance on larger, more complex text encoders

This ICCV paper is the Open Access version, provided by the Computer Vision Foundation.
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the final published version of the proceedings is available on IEEE Xplore.
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Figure 2. Cross-attention maps for the input image and different sub-instructions. We can get three key observations: (a) we can

pre-identify the regions where each sub-instruction will appear according to the corresponding cross-attention map; (b) the regions of

activation for the neglected sub-instruction are highly conflicting with those for the input image, where the input image dominates (red

box); (c) the cross-attention maps remain highly consistent across adjacent timesteps.

[26, 27] to process text instructions. Moreover, for complex

downstream tasks such as image editing and visual condi-

tional image generation, these models often require addi-

tional structures [30, 49] or specialized methods [3, 11, 35],

making them less accessible and user-friendly.

Unlike the LDM series, unified image generation mod-

els such as OmniGen [43] are trained on large unified out-

put datasets, enabling them to handle diverse and complex

downstream tasks within a single diffusion framework. No-

tably, OmniGen achieves this with remarkable efficiency,

featuring a minimalistic yet powerful architecture com-

posed of only two core components: a VAE [22] and a trans-

former model, without relying on additional text encoders.

This streamlined architecture allows OmniGen to accept in-

terwoven text prompts and image inputs as conditions for

guiding image generation. Achieving comparable genera-

tion quality, OmniGen balances a lightweight design with

enhanced user-friendliness.

As an all-in-one editing model, OmniGen demonstrates

strong instruction-based image editing capabilities. How-

ever, as shown in Fig. 1, it frequently overlooks specific

text instructions, particularly when handling multiple sub-

instructions within a single prompt. To uncover the root

causes of this issue, we conducted input perturbation exper-

iments to pinpoint critical steps and layers in the denois-

ing process. By further analyzing cross-attention maps at

these key stages, we examined how generated pixels corre-

late with different input tokens, shedding light on the under-

lying mechanisms behind instruction adherence and omis-

sion.

Interestingly, our investigation revealed that the tendency

to overlook instructions arises from significant conflicts be-

tween the activated regions on the cross-attention maps for

the neglected sub-instructions and the input image. As il-

lustrated in Fig. 2, the brightness of the maps reflects

the magnitude of the activation values, with brighter re-

gions indicating higher activations. In the red-boxed area

(the bike region of the generated image), the input image

exhibits much stronger activations than the neglected sub-

instruction, effectively suppressing its influence. Addition-

ally, we made two key observations: first, the regions with

high activation values correspond roughly to areas where

the sub-instructions influence the generated image; second,

there is notable consistency in cross-attention between ad-

jacent timesteps.

To address the issue of neglected sub-instructions,

we propose Self-Adaptive Attention Scaling (SaaS), a

method that enhances the instruction-following fidelity of

unified image generation models like OmniGen without re-

quiring additional training or test-time optimization. Build-

ing on the previously observed conflicts between the ac-

tivation regions of text instructions and input images in

the cross-attention maps, we adaptively scale the cross-

attention values corresponding to the instructions during

the denoising process. This approach is essentially a free

lunch for inference-time scaling, as it leverages the con-

sistency of the cross-attention maps between adjacent de-

noising timesteps. At timestep t, we extract the mask for
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each sub-instruction and calculate the scaling factor. At

timestep t− 1, we apply the scaling factor to the activation

values within the masked region of the corresponding sub-

instruction. Masks scaling factors are iteratively updated

throughout the denoising process.

Experimental results demonstrate that SaaS significantly

enhances instruction-following fidelity across both image

editing and visual conditional image generation tasks, en-

suring more precise and consistent outputs.

Our contributions can be summarized as follows.

• We identified for the first time that unified image genera-

tion models like OmniGen tend to overlook text instruc-

tions and confirmed the vital steps and layers in the de-

noising process through input perturbation analysis.

• We attributed the tendency to overlook instructions to

conflicts between the activated regions of the neglected

sub-instructions and the input image in the cross-attention

maps, as revealed by analyzing the cross-attention maps

of vital steps and layers.

• We propose SaaS, a novel self-adaptive attention scaling

method to enhance instruction-following fidelity without

any additional training or test-time optimization.

• Qualitative and quantitative results demonstrate the effec-

tiveness of the proposed SaaS.

2. Related Work
Unified Image Generation. Unified input has long been

a key goal in image generation. Early methods like T2I-

Adapter [20] and ControlNet [49] rely on additional struc-

tures, while inversion methods [12, 19, 29] embed input im-

age information by finding a suitable starting point in dif-

fusion. After years of development [2, 4, 8, 32, 36, 39],

unified image generation models [33, 38, 43, 44, 51] have

demonstrated significant potential. These models typically

tokenize text and image inputs to form a unified sequence.

Specifically, Emu3 [38] generates both text and image au-

toregressively, while Show-o [44] generates text autoregres-

sively and images via discrete diffusion separately. Omni-

Gen [43] focuses on the field of image generation, utilizing

a flow-matching diffusion method [18] for high-quality im-

age output. Compared with those models that unify text

and image generation, OmniGen demonstrates stronger im-

age generation capabilities with faster processing speeds. In

this paper, we focus on enhancing OmniGen’s instruction-

following fidelity and investigate underlying challenges in

this new unified image generation framework.

Efforts to Instruction-following Fidelity. In diffusion

models, refining attention maps has been shown to enhance

instruction-following fidelity to some extent [40, 41, 46].

Guo et al. [10] by adjusting cross-attention, ensuring that

instructions are properly aligned with relevant image re-

gions. In Visual-Language Models [1, 6, 7, 34, 37], some

visual tokens are redundant [14, 47], and reducing token re-

dundancy can achieve better instruction-following fidelity.

In particular, Yang et al. [45] address this by condensing

redundant image tokens, directing the model’s focus to key

visual features, and thereby improving fidelity. However,

these approaches are model-specific and not directly ap-

plicable to OmniGen. In this paper, we bridge the gap in

the instruction-following fidelity of the latest unified image

generation models represented by OmniGen.

3. Method
3.1. Preliminaries
OmniGen. OmniGen is built on the Phi-3 framework [1],

which consists of 32 encoder layers and uses Phi-3’s tok-

enizer to process text without modifications. For image pro-

cessing, OmniGen employs a VAE to extract latent repre-

sentations, which are flattened into a sequence of visual to-

kens with standard frequency-based positional embeddings

[23]. During inference, OmniGen samples a Gaussian noise

N and applies the flow-matching method [18] to generate

the final image.

Attention Mechanism in OmniGen. OmniGen applies

causal attention to each element in the sequence but applies

bidirectional attention within each image sequence. The or-

der of the input image and text instruction has minimal im-

pact on the generated image [43]. Therefore, in this paper,

we focus solely on how the input image and text instruction

influence the denoising process, specifically cross-attention,

without considering the mutual influence between the im-

age and text. OmniGen’s attention mechanism does not ex-

plicitly include cross-attention. For clarity in the following

discussion, we extract the cross-attention component from

the joint self-attention as follows:

Ac = {Aij i ∈ N, j ∈ I+ T} (1)

where A is the attention matrix, N represents the noise la-

tent tokens, I is the input image tokens and T represents the

text instruction tokens. Unless otherwise specified, the term

“cross-attention” in the following refers to this definition.

3.2. Vital Steps and Layers
Step-wise input perturbation. We replaced the raw input

with a blank one (a pure white image with a blank instruc-

tion filled with padding tokens) at different diffusion steps

to perturb the denoising process. As shown in Fig. 3, pertur-

bations after 20 steps have minimal impact on the generated

images, indicating that the input becomes negligible in later

stages.

Layer-wise input perturbation. We extended our input

perturbation experiments by replacing layer inputs with

blank ones, progressively increasing the number of per-

turbed layers from top to bottom and vice versa. As shown

in Fig. 4, perturbing from bottom to top leads to a steady
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Figure 3. Step-wise input perturbation. From left to right,

the images are generated after perturbing the input every 5 steps

within the range of 0 to 50 steps.

drop in DINO-v2 similarity [21], whereas perturbing from
top to bottom has minimal impact in shallow layers. This

suggests that input influence on image generation is negli-

gible in the shallow layers.

Figure 4. DINO-v2 similarity [21] by perturbed layers. Com-

paring the similarity from top to bottom (blue curve) and from

bottom to top (yellow curve), the perturbations in shallow layers

have minimal effect on the image generation process.

3.3. Self-Adaptive Attention Scaling
Given the input image I and the composite instruction T ,

consisting of k sub-instructions {T1, T2, . . . , Tk}, our goal

is to ensure that all of {Ti} are represented in the gener-

ated image. We assume that some sub-instructions are over-

looked due to the high conflict between their activation re-

gions in the cross-attention maps and the activation region

of the input image tokens. To address this, we propose SaaS
framework, as illustrated in Fig. 5. By leveraging the con-

sistency of cross-attention map between adjacent timesteps,

at timestep t, we extract the masks for each sub-instruction

(Sec. 3.3.1) and calculate the corresponding scaling factors

(Sec. 3.3.2). At timestep t− 1, we apply these scaling fac-

tors to scale the activation value of the corresponding sub-

instruction within the masked regions (Sec. 3.3.3).

3.3.1. Instruction Masks Extraction
Inspired by the reasoning capabilities of diffusion models

[15, 17, 42], our analysis of OmniGen reveals that we can

identify the influence regions on the generated image of

the input image and each sub-instruction. For example, as

shown in Fig. 2, we can predict the approximate regions

where ‘graffito’ will appear by analyzing the activation of

the sub-instruction ‘add a graffito on the wall’ within the

cross-attention map.

Previous analysis has shown that the shallow layers have

limited influence on the noise latent N, so we ignore the

cross-attention from these shallow layers. We calculate the

average cross-attention across layers and heads and then

convert this into a 32x32 cross-attention map A[ei] corre-

sponding to each token ei (assuming the generated image

resolution is 512x512).

For each sub-instruction Ti, at the denoising step t, we

begin by applying a Gaussian filter [5, 10] to the corre-

sponding cross-attention map At[ei] ∈ R
32×32 to smooth

the map. Subsequently, we obtain the map of the entire sub-

instruction Ti by summing the maps of all tokens in Ti, as

described by the following equation:

At[Ti] =
∑

ei∈Ti

G(At[ei]) (2)

where G represents the Gaussian filter.

To extract the mask Mt[Ti], we apply a min-max nor-

malization to scale the values in At[Ti] to [0, 1] range. We

then apply a threshold τ to compute the mask as follows:

Mt[Ti] = � (norm (At[Ti]) ≥ τ) (3)

The resulting mask, denoting the region of interest of

sub-instruction Ti, has dimensions ∈ R
32×32. Fig. 5 shows

the mask of each sub-instruction.

3.3.2. Scaling Factor Calculation
In our previous analysis, we identified that some sub-

instructions are overlooked due to the conflict between their

activation regions in the cross-attention map and those of

the input image. As shown in Fig. 2, both the sub-

instruction “make the bike rusty” and the input image have

activation regions concentrated on the bicycle in the gen-

erated image, which leads to the editing instructions being

suppressed by the activations of the input image.

To mitigate it, we calculate the ratio αt[Ti] of the ac-

tivation values for the input image relative to those of the

sub-instruction within the masked region, as detailed as fol-

lows:

αt[Ti] =

∑
(At[I] ·Mt[Ti])∑
(At[Ti] ·Mt[Ti])

(4)

where
∑

denotes the summation of all patches in cross-

attention map At ∈ R
32×32 and At[I] represents the map

of input image I , calculated as At[I] =
∑

ei∈I G(At[ei]).
This ratio serves as the scaling factor, helping to balance

the influence of the input image and the sub-instruction. By
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Figure 5. Framework of SaaS. SaaS is designed to enhance the instruction-following fidelity of unified image generation models. At

the denoising step t, a unique mask of each sub-instruction is extracted according to the cross-attention map averaged by the vital layers.

Subsequently, we calculate the ratio of the attention map values of the input image in each masked region to the corresponding sub-

instruction’s map values, which we term as the scaling factor. At the next denoising step t − 1, we scale the cross-attention map values

within each masked region corresponding to each sub-instruction according to the scaling factor. With our SaaS, the previously overlooked

“rust” appears on the bicycle.

adjusting this factor, we ensure that each sub-instruction is

appropriately reflected in the generated image. Fig. 5 il-

lustrates the scaling factor of each sub-instruction. Notably,

scaling factors for neglected instructions are much higher

than those for well-processed instructions.

3.3.3. Dynamic Attention Scaling
Building on the observed consistency of cross-attention

maps across adjacent timesteps, we leverage the masks and

scaling factors computed at timestep t and apply them to the

corresponding sub-instruction tokens at timestep t− 1. The

weighted cross-attention maps based on the scaling factors

are formulated as follows:

A
′
t−1[ei] = ξt ·αt[Ti] ·At−1[ei] ·Mt[Ti] if ei ∈ Ti (5)

Here, the coefficient ξt is a timestep-related hyperparam-

eter, and for simplicity, we set it to 1. After applying the

scaling, the new cross-attention maps are passed through

the attention mechanism. We then normalize the attention

to ensure it follows the standard formulation, i.e., the sum

of each column in the attention matrix equals 1.

4. Experiments
We conducted experiments on two classic visual process-

ing tasks: instruction-based image editing and visual con-

ditional image generation. In instruction-based image edit-

ing, we performed experiments on both single instruction

and multiple sub-instruction editing. In visual conditional

image generation, we carried out two sub-experiments: im-

age generation from depth map and image generation from

segmentation map. We also validated the effectiveness of

SaaS through ablation studies.

4.1. Experimental Settings
Dataset. For instruction-based image editing, we utilized

the EMU-Edit [31] dataset, which consists of over five thou-

sand images and features seven distinct editing operations,

including background alteration and object addition, for

single-instruction tasks. For multiple sub-instruction edit-

ing, we randomly selected 200 images from the PIE-Bench

[13]. For each image, we used Qwen2.5-VL [34] to gen-

erate a detailed instruction containing 2-4 sub-instructions,

along with the target descriptions. We then performed a

manual secondary inspection to verify the quality of the in-

structions.

For visual conditional image generation, we randomly

selected 2,000 examples from the MultiGen-20M [25]

dataset for generation from the depth map and 2,000 ex-

amples from the ADE20K [50] test dataset for generation

from the segmentation map.

Metrics. For evaluation, we focus on four primary metrics:

CLIP-I [26], DINO-v2 [21], CLIP-T [26], and PickScore

[16]. CLIP-I and DINO-v2 are used to measure image sim-

ilarity between the generated image and the input image
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in instruction-based editing tasks, as well as the similarity

between the generated image and the ground truth in the

dataset for visual conditional image generation tasks. CLIP-

T calculates the text-image similarity between the gener-

ated image and the target caption. PickScore is employed

to evaluate how well the generated image aligns with hu-

man preferences.

Baseline. For instruction-based editing, we compare our

method with several state-of-the-art (SOTA) instruction-

based image editing approaches, including IP2P [2], Mag-

icBrush [48], and OmniGen [43]. IP2P serves as the foun-

dational model for instruction-based image editing meth-

ods. MagicBrush builds upon IP2P by fine-tuning it on a

high-quality, custom dataset. For visual conditional image

generation tasks, we compare our method with OmniGen.

Implementation details. In all our experiments, we utilize

the OmniGen-v1 model with a total of 50 denoising steps.

The default OmniGen sampling settings of image guidance

SI = 1.6 and text guidance ST = 2.5 are used unless spec-

ified otherwise. The resolution of the input image and the

generation setting is 512×512. For the mask extraction de-

scribed in Sec. 3.3.1, in instruction-based image editing, the

threshold τ = 0.4, while in visual conditional image gen-

eration, the threshold is set to 0.2. The SaaS is employed

for the initial 20 steps, and for the remaining 30 steps, we

switch to the standard OmniGen sampling.

4.2. Instruction-Based Image Editing Results
For instruction-based image editing, we conducted experi-

ments on two sub-tasks: single instruction editing and mul-

tiple sub-instruction editing.

Qualitative Evaluation. We present qualitative results in

Fig. 6. From top to bottom, each image shows the input

image, the result from our method, OmniGen, IP2P, and

MagicBrush, respectively. The text above each column rep-

resents the corresponding editing instructions.

The first three columns illustrate results for single-

instruction tasks. In object addition (Fig. 6 (a)) and object

removal (Fig. 6 (b)), OmniGen and MagicBrush overlook

the instruction, while IP2P tends to over-edit. Notably, even

for small-scale edits such as “Remove the green street sign”

in Fig. 6 (b), our method adheres closely to the instruc-

tion. In background alteration (Fig. 6 (c)), OmniGen only

changes the chairs in the background to stones, whereas our

method successfully alters the entire background. IP2P and

MagicBrush both exhibit some over-editing and lower im-

age quality.

The last four columns show results for tasks involving

multiple sub-instructions. The baseline methods neglect

some sub-instructions, while our method follows each sub-

instruction effectively. For example, in Fig. 6 (d), Omni-

Gen causes region leakage for the sub-instruction “change

the rose’s color to golden”, producing a flat yellow color

that lacks the specified metallic luster. Our method exe-

cutes this sub-instruction correctly, while IP2P and Mag-

icBrush ignore it entirely. In Fig. 6 (e), OmniGen fails to

add the saddle; in Fig. 6 (f), OmniGen doesn’t turn the dog

black as instructed; and in Fig. 6 (g), OmniGen completely

overlooks the instruction, with the other two baselines also

exhibiting varying levels of instruction neglect.

These qualitative results demonstrate that our method

achieves better instruction-following fidelity, leading to su-

perior editing outcomes, particularly in tasks with multiple

sub-instructions. More results of instruction-based image

editing are available in the Supplementary Material.

Quantitative Evaluation. As illustrated in Tab. 1, we com-

pared our method with these baselines in terms of quantita-

tive results. Our method achieves state-of-the-art perfor-

mance on both the CLIP-T and PickScore metrics, demon-

strating superior instruction-following fidelity and better

alignment with human aesthetics. Notably, for tasks involv-

ing multiple sub-instructions, our method shows a larger

improvement on the PickScore metric, highlighting its en-

hanced ability to handle complex multi-instruction editing

tasks.

Although our method performs slightly lower than Om-

niGen on image similarity metrics like CLIP-I and DINO-

v2, this is primarily due to OmniGen’s instruction neglect.

As a result, some of its output images are very similar to the

input images, leading to higher similarity scores. This fur-

ther emphasizes that our method offers stronger instruction-

following fidelity.

Edit Task Method CLIP-I ↑ DINO-v2 ↑ CLIP-T ↑ PickScore ↑

Single
Instruction

IP2P [2] 0.810 0.613 0.244 0.146

MagicBrush [48] 0.857 0.706 0.247 0.152

OmniGen [43] 0.915 0.842 0.256 0.233

SaaS (ours) 0.900 0.835 0.282 0.462

Multiple
Sub-instruction

IP2P [2] 0.832 0.580 0.264 0.112

MagicBrush [48] 0.863 0.751 0.261 0.131

OmniGen [43] 0.911 0.809 0.276 0.244

SaaS (ours) 0.892 0.786 0.315 0.513

Table 1. Quantitative comparison of instruction-based image
editing. We compare our method with these baselines in terms

of CLIP-I similarity, DINO-v2 similarity, CLIP-T similarity, and

PickScore. Our method achieves state-of-the-art results in CLIP-T

similarity and PickScore.

User Study. To better reflect human subjective percep-

tion, we conducted a user study with 32 participants, each

tasked with selecting the best-edited image. Each partici-

pant evaluated 50 image pairs across both single-instruction

and multi-sub-instruction editing tasks. As shown in Tab. 2,

the results indicate a strong preference for our method, con-

sistently outperforming alternatives in both task settings.

4.3. Visual Conditional Image Generation Results
For visual conditional image generation, we conducted ex-

periments on two sub-tasks: image generation from depth
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Add the phrase 
"Coca-Cola" in 

stylized 
lettering to the 

snow.

Remove the green 
street sign next 
to the traffic 

light.

Change the 
background to 
appear like a 

caveman's home.

Add snow, and 
add a crown on 
the statue, and 

change the 
rose's color to 

golden.

Add a red saddle 
on the horse, 
and change the 

grass to yellow, 
and make the 
horse bronze.

Make the dog's 
fur black, and 
add a blue sky, 
and remove the 

fence.

Add wings on the 
cat, and make 
the cat in 

cartoon style.

Figure 6. Qualitative comparisons of instruction-based image editing. We present edited images from the baselines using the same

input for each column. From top to bottom: input image, our method, OmniGen [43], IP2P [2], and MagicBrush [48]. The text above

each column represents the corresponding editing instruction. Compared to these baseline methods, our approach demonstrates superior

instruction-following fidelity. Zoom in for better visualization.

Edit Task IP2P MagicBrush OmniGen SaaS (ours)

Single Instruction 10.3% 11.6% 21.8% 56.3%
Multiple Sub-instruction 6.2% 7.6% 21.0% 65.2%

Table 2. Results from a user study with 32 participants. Our SaaS

outperforms others.

map and image generation from segmentation map.

Qualitative Evaluation. We present some qualitative re-

sults in Fig. 7. As seen, OmniGen also exhibits prompt ne-

glect in this visual conditional image generation task. For

instance, the freckles are not well generated in the first row

of generation from depth map. Additionally, OmniGen suf-

fers from poor generation quality, such as in generation
from segmentation map, where the background is poorly

generated. Our SaaS method not only enhances instruction-

following fidelity but also generates higher-quality im-

ages than OmniGen in visual conditional image genera-

tion. More results of visual conditional image generation

are available in the Supplementary Material.

Quantitative Evaluation. Tab. 3 presents our quantitative

results. The results show that our method outperforms Om-

niGen on all metrics. Notably, unlike image editing tasks,

our CLIP-I and DINO-v2 metrics are calculated by compar-

ing the generated images with the ground truth provided in

the dataset. Given the inherent randomness in generation,

these two metrics are relatively low. However, even so, our

method outperforms OmniGen on them, further indicating

that the quality of the images generated by our method is

superior.
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An old, rusted 
red crane 

sitting in a 
field.

A display case 
filled with 

various types of 
bread.

Natural – Sexy 
Freckled.

FOREST IN THE 
CLOUDS HD Metal 

print with 
Floating Frame 

on Back.

Figure 7. Qualitative comparison of visual conditional image generation. The images on the left are generated from the depth map,

while those on the right are generated from the segmentation map. Our SaaS method outperforms OmniGen in both instruction-following

fidelity and image quality. Zoom in for better visualization.

Visual Condition Method CLIP-I ↑ DINO-v2 ↑ CLIP-T ↑ PickScore ↑

Depth OmniGen [43] 0.762 0.562 0.254 0.342

SaaS (ours) 0.803 0.593 0.296 0.658

Segmentation OmniGen [43] 0.721 0.549 0.274 0.317

SaaS (ours) 0.781 0.583 0.317 0.683

Table 3. Quantitative comparisons of visual conditional image
generation. Our SaaS outperforms OmniGen on all metrics.

4.4. Ablation Study

Effectiveness of Self-Adaptive Attention Scaling. A sim-

pler alternative to our method is applying a fixed scaling

factor to cross-attention maps to address instruction neglect.

However, this approach has fundamental limitations, as our

comparisons in Fig. 8 demonstrate. The core issue is that a

single, fixed factor is rarely optimal. It may be too weak for

some instructions while being too strong for others, creat-

ing a trade-off between instruction neglect and over-editing.

For instance, a scaling factor of 5 may execute one instruc-

tion correctly (Fig. 8, top row) but fail on another (bottom

row). Similarly, within a single image, a factor sufficient for

one sub-instruction (e.g., adding sunglasses) might cause

artifacts in other regions (e.g., the nose). In contrast, our

SaaS method dynamically adjusts scaling factors for differ-

ent sub-instructions. This adaptive strategy ensures high fi-

delity to complex instructions while maintaining overall vi-

sual consistency, effectively resolving the limitations of a

fixed approach.

More ablation studies are available in the Supplementary

Material.

5. Conclusion

In this paper, we focus on the issue of instruction neglect in

unified image generation models. Starting from the genera-

tion process, we identified vital steps and layers through in-

Figure 8. Qualitative comparisons between SaaS and scale with
a fixed factor. We compared SaaS with fixed scaling factors of 2

and 5. The results show that while direct scaling has some effect,

our SaaS method outperforms this fixed scaling approach. Zoom

in for better visualization.

put perturbation analysis. By analyzing the cross-attention

maps at these critical steps and layers, we attributed the in-

struction neglect problem to significant conflicts between

the activated regions of the neglected instructions and the

input image in the cross-attention maps. To address this, we

propose SaaS, a free lunch to enhance instruction-following

fidelity through self-adaptive attention scaling. Experimen-

tal results on both instruction-based editing and visual con-

ditional image generation validate the effectiveness of our

SaaS. We hope that our exploration in unified image gener-

ation models, along with the proposed method, will inspire

future research in related generation and editing tasks.
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