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Figure 1. QK-Edit: A training-free, text-guided framework for high-fidelity image and video editing. Our method leverages strategic
query-key manipulation within the vision components of Multimoda Self-Attention (MM-SA) in MM-DiTs to seamlessly perform diverse
edits (e.g., object addition, object removal, object replacement, changing background, changing material, changing color, and style trans-
formation etc.), while preserving structural consistency and visual details. Please refer to the supplementary material for more video results
at higher resolutions (1K), different aspect ratios (landscape and portrait formats) and longer lengths (129 frames).
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Abstract

Multimodal Diffusion Transformers (MM-DiTs) have re-
cently emerged as a powerful framework for unified text-
vision synthesis, surpassing traditional U-Net architectures
in generative tasks. One key innovation lies in its Mul-
timodal Self-Attention (MM-SA) interaction where image
and text tokens are concatenated and processed via self-
attention. However, this mechanism poses significant chal-
lenges for editing, rendering conventional U-Net-based at-
tention manipulation methods ineffective. To address this
limitation, we propose QK-Edit, a training-free framework
that exploits the unique attention dynamics of MM-DiTs
for precise text-guided image and video editing. By in-
troducing a novel query-key manipulation strategy, our
method isolates and adjusts critical attention components
to achieve an optimal balance between prompt fidelity and
structural consistency. This enables seamless edits across
various tasks, including object addition, object removal,
object replacement, changing background, changing ma-
terial, changing color, and style transformation. Notably,
it can be easily implemented with feature replacement in
inference. QK-Edit demonstrates superior editing perfor-
mance on state-of-the-art models, such as FLUX and Hun-
yuanVideo, effectively bridging the gap between generative
power and editable flexibility in MM-DiTs, and paving the
way for scalable multimodal content creation.

1. Introduction

The emergence of Transformer-based diffusion mod-
els [50], particularly Multimodal Diffusion Transform-
ers (MM-DiTs)[5, 16, 34, 70], has redefined the land-
scape of generative models for image and video syn-
thesis. Unlike U-Net architectures[55], which separate
text-vision Cross-Attention (CA) and vision-vision Self-
Attention (SA), MM-DiTs leverage a Multimodal Self-
Attention (MM-SA) mechanism to process multimodal in-
puts in a unified embedding space. MM-SA concatenates
text and vision embeddings and computes self-attention on
the joint embedding1. This integration enables nuanced
and coherent outputs, making MM-DiTs a cornerstone in
models such as FLUX [5], Stable Diffusion 3.0 [16], Hun-
yuanVideo [34], and CogVideo-X [70]. However, MM-
SA introduces complexities that challenge existing editing
paradigms based on attention manipulation [22, 61]. Specif-
ically, due to the joint attention mechanism, textual and vi-
sual interactions become deeply intertwined within a single
attention matrix, complicating the independent manipula-
tion of textual and visual information. As a result, such edit-
ing methods for U-Net models become ineffective in Fig. 2.

1In this paper, “vision” refers to video or image data.
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Figure 2. Directly applying CA-based and SA-based editing tech-
niques designed for U-Net diffusion models to MM-DiTs can lead
to undesirable results.

These complexities arise because such previous editing
methods rely heavily on the modular nature of U-Net archi-
tectures [54], where cross-attention facilitates precise text-
guided modifications, and self-attention ensures spatial con-
sistency. In contrast, MM-DiTs integrate these attention
mechanisms into a unified structure, making it challeng-
ing to independently control text-vision and vision-vision
interactions without one adversely affecting the other. A
naive solution is to decompose the MM-SA map into four
quadrants, each representing a specific interaction between
text and vision embeddings and directly apply previous CA-
based or SA-based editing techniques such as P2P [22] or
PnP [61] to the respective attention maps. However, this
often leads to undesirable outputs, as illustrated in Fig. 2.

Through systematic analysis, we observe: (1) text-to-
vision attention has negligible impact on the final genera-
tion, (2) vision-to-text attention relates vision region to the
text token, and finally (3) vision-vision attention defines
both spatial and temporal consistency within visual embed-
dings. As a result, simultaneous replacement of vision-to-
text and vision-to-vision attention is necessary to enable
precise control over spatial and temporal properties while
adhering to the target prompt. Building upon these insights,
we propose QK-Edit, a training-free editing framework that
manipulates the attention quadrants of MM-DiTs to achieve
high-fidelity edits. In practice, we leverage the fact that text-
to-vision attention has minimal impact on the generation
and replace the vision component in query and key embed-
dings of the target image or video with that of the source
image or video during the denoising process. In practice,
our proposed strategy is straightforward to implement, re-
quiring only minimal code modifications.

Our QK-Edit can be seamlessly extended to image and
video domains, demonstrating its versatility in various gen-
erative tasks. Extensive experiments validate the effec-
tiveness of QK-Edit on state-of-the-art models such as
FLUX [5] and HunyuanVideo [34], achieving superior re-
sults in tasks ranging from object-level modifications to
global scene transformations. Notably, our method en-
ables high-resolution, long-frame video editing with spatio-
temporal consistency, overcoming the limitations of previ-
ous editing approaches. Furthermore, the training-free na-



ture of QK-Edit ensures computational efficiency and broad
applicability. QK-Edit represents a pivotal step in bridging
the gap between the generative power and editable flexibil-
ity of Transformer-based diffusion models.

2. Related Work
From U-Net to MM-DiT in Diffusion Models. We re-
visit diffusion models, which underpin most recent editing
methods. The U-Net architecture [51, 55] has been exten-
sively studied in generative models, as seen in Lumiere [4]
for text-to-video synthesis and Stable Diffusion [54] for
text-to-image generation. Recently, Transformer-based dif-
fusion models have gained attention for capturing long-
range dependencies and multimodal interactions. For
instance, Peebles and Xie [50] introduce the Diffusion
Transformer (DiT), replacing U-Net with a Vision Trans-
former (ViT) for improved results, while Chen et al.[13]
propose GenTron to overcome CNN-based U-Net limita-
tions. Multimodal extensions, such as MM-DiT [5, 16], in-
tegrate text and vision embeddings to enable sophisticated
multi-prompt generation tasks [10]. For video generative
models, following Sora [48], several works [34, 40, 60]
have open-sourced video diffusion models like Hunyuan
Video [34] and CogVideoX [70]. These advances illustrate
an evolution from U-Net to Transformer-based frameworks,
offering enhanced scalability, flexibility, and performance.
Our training-free technique offers a fast and low-cost solu-
tion to unlock the inherent editing potential of these MM-
DiT-based new-generation models.
Diffusion-based Image Editing. Recent image editing ad-
vances fall into training-free and training-based approaches.
Training-free methods use pre-trained generative models
for direct image manipulation, avoiding costly training [2,
8, 21, 22, 26, 29, 30, 37, 41, 44, 59, 62, 69]. They mainly in-
clude inversion-based and direct manipulation-based tech-
niques. Inversion-based methods, such as Null-Text Inver-
sion [45], StyleDiffusion [65] and KV Inversion [24] en-
code images into a generative model’s latent space, where
edits adjust latent representations. Other methods, such
as pix2pix-zero [49] and SEGA [7], modify latent fea-
tures or noise maps using attention and blending, enabling
precise and efficient editing. In contrast, training-based
approaches [12, 19, 25, 28, 32, 36, 38, 47, 53, 63, 67,
72, 73] enhance editing capabilities by fine-tuning gener-
ative models or training auxiliary networks on task-specific
datasets [9, 27, 72]. These approaches generally offer
stronger semantic fidelity and improved visual quality at the
cost of additional computational overhead. Methods like In-
structPix2Pix [9] and MagicBrush [72] employ instruction-
based editing by fine-tuning generative models to directly
map textual instructions and input images to edited outputs.
Our QK-Edit, built on MM-DiT architectures, requires no
extra training while efficiently unlocking new-generation

models’ editing potential for high prompt fidelity and struc-
tural consistency.

Diffusion-based Video Editing. Diffusion-based Video
Editing. Training-free methods [3, 29, 43, 52, 57, 64] lever-
age pre-trained diffusion models and latent manipulation
to avoid extensive training. For example, Video-P2P [43]
and Vid2Vid-Zero [64] extend the image-based P2P [22]
framework to video by injecting attention maps and us-
ing latent inversion for temporal consistency, while Fate-
Zero [52] enhances spatial coherence by selectively inject-
ing SA and CA maps from the reconstruction branch. Sim-
ilarly, Edit-A-Video [57] and Make-A-Protagonist [75] re-
fine latent manipulations with explicit semantic masks or
advanced attention mechanisms, improving temporal sta-
bility without extra training. In contrast, training-based ap-
proaches [6, 14, 18, 42, 58, 76] fine-tune models specifically
for video data [1, 14, 18, 20, 23], significantly boosting
editing performance at the cost of increased computation.
Tune-A-Video [66] fine-tunes spatial and temporal atten-
tion layers for consistency, while MotionDirector [74] and
Dreamix [46] employ decoupled motion and appearance
fine-tuning to reduce artifacts. ControlNet-based meth-
ods, such as MagicEdit [39] and Ground-A-Video [71], use
depth maps and bounding boxes to guide edits for improved
semantic and temporal coherence, and InsV2 [14] leverages
motion compensation with instruction-based fine-tuning to
handle longer videos with enhanced continuity. Our QK-
Edit can easily generalize to video editing for MM-DiT-
based video generative models [34, 70].

3. Method

We aim to design a general method to edit images and
videos based on text prompts for MM-DiTs models [5, 34,
35]. Given a source image I src or video V src to edit, a
source prompt Psrc describing the source vision content,
and a target prompt Ptgt describing the desired editing tar-
get, our goal is to generate a modified image I tgt or video
V tgt that exhibits the desired changes specified by Ptgt

while preserving the unedited region. To achieve it, our
QK-Edit leverages the vision part of the query and key em-
beddings in the Multimodal Diffusion Transformer (MM-
DiT) [17]. For synthesized images and videos, the query
and key embeddings are preserved throughout the synthesis
process, whereas for real images and videos, these embed-
dings are derived from the inversion process.

3.1. Preliminaries

U-Net-based diffusion models [4, 54] employ an encoder-
decoder framework with skip connections, where text-
vision cross-attention and vision-vision self-attention are
applied sequentially. In particular, self-attention in Eq. 1 fa-
cilitates the pixel-wise dependencies within the image, en-



suring the ability to control spatial relationships:

Self-Attention = Softmax
! QvisionK !

vision!
d

"
Vvision. (1)

On the other hand, cross-attention (Eq. 2) enables the incor-
poration of external guidance, such as textual prompts:

Cross-Attention = Softmax
! QvisionK !

text!
d

"
Vtext. (2)

Existing editing methods typically make use of the mod-
ular nature of U-Net architecture for editing. For example,
P2P [22] edits images by replacing cross-attention maps, al-
lowing for semantic changes guided by new textual prompts
while preserving the original layout. PnP [61] injects the
features and self-attention maps at specific denoising steps
with those from a reference image to encourage the genera-
tion of images that closely resemble the reference image.
Multimodmal Diffusion Transformers (MM-DiTs), on
the contrary, as implemented in models such as FLUX [5]
and HunyuanVideo [34], adopt a text-vision Multimodal
Self-Attention (MM-SA) mechanism. In this setup, text
and visual inputs are concatenated into a unified embed-
ding space, and a single self-attention operation is per-
formed over this combined representation. Consequently,
text-vision cross-attention and vision-vision self-attention
are integrated within the same attention map, influencing
each other through the softmax operation. Mathematically,
the MM-SA operation is formulated as

MM-SA = Softmax
! QK !

!
d

"
V, (3)

where Q, K and V are the concatenated query, key and
value matrices of text and vision embeddings, respectively.
[á] denotes concatenation operation.

Q = [ Qtext, Qvision], K = [ K text, K vision], V = [ Vtext, Vvision],
(4)

This integrated approach enables more nuanced interac-
tions between textual and visual modalities, enhancing the
model capability to generate coherent and contextually rel-
evant outputs. However, it also introduces complexity, as
the intertwined attention mechanisms can lead to intricate
dependencies that affect the interpretability and controlla-
bility of the model behavior.

3.2. Analysis of MM-DiT
Taking FLUX [5] as an example, if we directly apply the
cross-attention and self-attention manipulation techniques,
the results are not as satisfactory as in U-Net diffusion [22,
61], as shown in Fig.2. Understanding these distinctions is
crucial for developing methods that leverage the strengths
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Figure 3. Removing individual blocks in the MM-DiT architecture
affects different aspects of the generated video.

of each architecture, particularly in tasks requiring precise
control over the generated content.

Next, we conduct a progressive analysis of the model,
from the main modules to the finer details, to fully un-
derstand the design and functionality of MM-DiT. In the
following experiments, we take FLUX [5] and Hunyuan-
Video [34] as representative image and video generative
models, respectively.
Principal and non-principal blocks. We first examine the
role of each MM-DiT block on HunyuanVideo [34]. Given
the same prompt, we skip one block at a time and observed
that skipping certain blocks significantly affects the gener-
ated videos, while others have different or minimal impacts.
For example, as shown in Fig. 3, skipping the 22nd single
block does not lead to visible change, whereas bypassing
other blocks causes significant changes. This phenomenon
is also consistent with the observations in Stable Flow [2].
Next, we investigate these blocks to better understand the
underlying mechanism.
MM-SA decides the final spatial arrangement. Each
MM-DiT block comprises a MM-SA and a Feed-forward
Network (FFN), connected through residual connections.
As before, we skip one component at a time to inspect its
impact on the final generation. As shown in Fig. 4, MM-SA
decides the final spatial arrangement, while skipping FFN
has negligible effect. This inspires us to focus on the MM-
SA for potential editing. Next, we analyze each attention
quadrant of the MM-SA attention map.
Attention quadrants. The attention map in MM-SA can be
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Figure 4. We study the role of the Multimodal Self-Attention
(MM-SA) and Feed-Forward Network (FFN) components in MM-
DiT blocks by bypassing one at the time. The results underscore
that MM-SA predominantly determines spatial and temporal con-
sistency, while FFN has a negligible impact.

decomposed into 4 quadrants as shown in Fig. 5(a). Based
on this, we conduct two pilot studies: in Fig. 5(b), (c), (d),
and (e), we analyze the effect of each attention quadrant
by setting its values to 0; and in Fig. 5(f), (g), and (h), we
visualize the attention map of the 1st and 3rd quadrants and
the PCA feature of the 4th quadrant.
(i) 1st Quadrant: QtextK !

text controls the relationship among
the text tokens of prompt Pj , " j # { src, tgt } as shown in
Fig. 5(f). It is not symmetrical. And the attention value in
this quadrant is usually $ the other 3 vision-related coun-
terparts.
(ii) 2nd Quadrant: QtextK !

vision is not as important as the
others, although both the 2nd and 3rd Quadrant represent
the text-vision relationship in theory. When removing this
quadrant (i.e. setting this quadrant to 0), there is a negligible
effect in the generated result (Fig. 5(c)).
(iii) 3rd Quadrant: QvisionK !

text is responsible for deciding
the text-vision relationship. Different from the 2nd Quad-
rant, FLUX fails to generate a proper image when setting
the 3rd Quadrant to 0 (see Fig. 5(d)). Every column is re-
lated to the region corresponding to a certain text token as
shown in Fig. 5(g).
(iv) 4th Quadrant: QvisionK !

vision is responsible for deciding
the spatial layout since it defines the pixel affinity (similar-
ity between pixel i and j ) (Fig. 5(h).

3.3. Editing using Multimodal Self-Attention
In the previous section, we empirically found that the MM-
SA determines the spatial arrangement (spatial layout in im-
age, motion in video). Therefore, to achieve desirable edit-
ing, we need to “fix” the elements in MM-SA to preserve
the unchanged elements in the source video V src and mod-
ify the region to change following the target prompt Ptgt .

Based on these observations, we show that text-guided
editing can be performed by manipulating 3rd Quad-
rant and 4th Quadrant, i.e. QvisionK !

text and QvisionK !
vision.

Specifically, we begin with a source prompt Psrc and a
source video V src to edit. In the process of generating
source video from source prompt or inversing real video
to initial noise, we record Qsrc

vision and K src !
vision of selected

time steps. To edit the source video according to the tar-
get prompt, we manipulate the 3rd and 4th Quadrant during
the denoising process by:

Qtgt
visionK tgt !

text % Qsrc
visionK tgt !

text , (5)

Qtgt
visionK tgt !

vision % Qsrc
vision K src !

vision . (6)

However, in practice, attention operation is implemented
in a highly optimized and integrated manner, where atten-
tion maps are often encapsulated within a package (e.g.,
flash-attention 2). As a result, it is challenging to
directly modify the attention maps.

Building on our previous observation that 2nd Quadrant
has little impact on the final output, we can circumvent the
constraints imposed by this encapsulation. Consequently,
manipulating 3rd and 4th Quadrant becomes equivalent to
substituting the vision component of Qtgt and K tgt , i.e.

[Qtgt
text, Qtgt

vision] % [Qtgt
text, Qsrc

vision], (7)

[K tgt
text , K tgt

vision] % [K tgt
text , K src

vision]. (8)

This substitution is illustrated in Fig. 6. Finally, the manip-
ulated QKV is used to generate the target image/ video.
Easy Implementation. QK-Edit is straightforward to im-
plement. It involves only two steps: (1) during real video in-
version or generative video generation, save the Qsrc

vision and
K src

vision; and (2) during target video generation, use the saved
ones to replace the Qtgt

vision and K tgt
vision.

4. Experiments
4.1. Implementation details
We implement QK-Edit on state-of-the-art MM-DiT-based
generative models. Specifically, we use FLUX.1-dev [5]
and HunyuanVideo [34] as base model for image and video
editing, respectively. For image editing, we apply our
query-key manipulation during the first 30% diffusion in-
ference steps. For video editing, resolutions vary be-
tween 320&320 (with 65 frames) and 1280&720 (up to 129
frames). We apply query-key manipulation during the first
20% of inference steps, which empirically provides optimal
temporal consistency and editing fidelity. All experiments
are conducted on NVIDIA A100 GPUs.

4.2. Quantitative Evaluation Metrics
To rigorously assess editing performance, we utilize the fol-
lowing metrics following previous works [18, 33, 58, 68].

Specifically, for image editing, we employ CLIPtext
(measures semantic alignment between the edited image
and the text prompt), DINO (perceptual similarity for
structure-alignment) and PickScore (assesses overall edit-
ing quality and realism in a human-like manner).

2https://github.com/Dao-AILab/flash-attention
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Figure 5. Pilot experiments. (left) MM-SA attention map. (middle) prompting the influence of each attention quadrant by setting it to 0.
(right) visualization of attention map of the 1st and 3rd quadrants and PCA feature of the 4th quadrant.
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Figure 6. Query-key manipulation strategy. By substituting the
vision components in Q and K, the approach effectively guides the
editing process to balance prompt fidelity with preservation of the
source structure.

Method CLIP-T! DINO! PickScore!

LEDITS++ [8] 0.207 0.571 19.88
MasaCtrl [11] 0.235 0.696 20.68
RF-Inversion [56] 0.252 0.523 21.31
RF-Solver [62] 0.257 0.769 21.98
QK-Edit 0.264 0.776 22.33

Table 1. Real image editing evaluation on PIE-Bench.

On the other hand, to evaluate video editing perfor-
mance, we use CLIPframes (computes frame consistency
through the average cosine similarity across all video
frames), PickScore (assesses the predicted human prefer-
ence averaged over all video frames), ViCLIPdir(measures
directional video-text alignment) and ViCLIPout (evaluates
overall video-text alignment).

4.3. Quantitative Results
Real image editing. For image editing, we compare
our QK-Edit against LEDITS++ [8], MasaCtrl [11], RF-
Inversion [56], and RF-Solver [62] on the PIE-Bench [31]
(Tab. 1). As shown in Tab. 1, QK-Edit achieves the highest
scores in all metrics, indicating its superiority in aligning
with the text prompt while preserving structural details.

Video editing. For video editing, we evaluate on the

Method CLIPframes ! PickScore! ViCLIPdir ! ViCLIPout !

DiTCtrl [10] 0.904 20.01 0.141 0.242
QK-Edit 0.951 21.24 0.217 0.268

Table 2. Generative video editing performance on TGVE+
dataset.

Method ViCLIPdir ! ViCLIPout ! CLIPframes ! PickScore!

CCEdit [18] 0.159 0.244 0.877 19.73
Flatten [15] 0.204 0.236 0.887 19.91
AnyV2V [35] 0.117 0.228 0.906 20.28
QK-Edit 0.196 0.258 0.921 20.52

Table 3. Real video editing performance on TGVE+ dataset.

TGVE+ benchmark [58] with two settings. In the first
setting, we evaluate on the generative video editing task
(without video inversion. Instead, source video is gener-
ated as the first step). We compare our QK-Edit with DiTC-
trl [10]. Both methods are based on HunyuanVideo [34] for
fair comparison. As shown in Tab. 2, QK-Edit outperforms
DiTCtrl across all metrics, demonstrating better frame con-
sistency and stronger video-text alignment.

In the second setting, we evaluate the performance of
real video editing (requires video inversion as the first step).
We evaluate QK-Edit against CCEdit [18], Flatten [15], and
AnyV2V [35]. As shown in Tab. 3, QK-Edit outperforms
all the baselines, validating that QK-Edit not only produces
visually coherent edits but also maintains semantic consis-
tency across video frames.

4.4. Qualitative Comparisons
In addition to the quantitative evaluation, we also present
some qualitative comparisons. As shown in Fig. 7, we
can see that QK-Edit not only preserves fine-grained de-
tails and structures, but also is capable to integrate target
textual cues into the edited image. On the other hand, for
video editing, QK-Edit maintains excellent frame-to-frame
consistency and temporal continuity. These visual examples
underscore the method’s ability to deliver high-fidelity edits
while remaining temporally coherent.
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Figure 7. Visualizations showcasing QK-Edit’s capabilities in various video editing tasks.










