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1. Feature injection
We incorporate feature injection across the processes within
a triadic-feedback loop consisting of the source, edited, and
reconstruction processes. Considering that the underlying
diffusion model adopts a U-Net architecture [13], where the
downsampling blocks primarily capture the coarse structure
and layout of the latent representation, the editability with
respect to the edit prompt pe is governed by the text-to-
image alignment capability of the diffusion model. Since
the upsampling blocks are responsible for recovering fine-
grained details, textures, and subtle visual attributes from
the compressed latent, we adopt a feature injection strategy
at the upsampling stages. Specifically, using null-text inver-
sion [9], we obtain the initial noise vector zT and the source
caption prompt pc from the source image. At each timestep
t of the source reverse process, we inject the feature output
from the source upsampling block, denoted as (f c

t ), into the
corresponding feature of the edited reverse process, denoted
as (fe

t ), as follows:

fe
t ← fe

t + f c
t (1)

Likewise, during the edited reverse process conditioned
on the edit prompt pe and noise vector zT , we inject
the edited upsampling feature (fe

t ) into the reconstruction
reverse process’s upsampling block feature (fr

t ) at each
timestep:

fr
t ← fr

t + fe
t (2)

Importantly, we do not apply feature injection throughout
all diffusion timesteps. Since diffusion models such as Sta-
ble Diffusion [12] progressively refine the image from a
coarse structure to fine details as the generation proceeds
[15], only the latter 40 steps out of the total 50 timesteps
are used for feature injection. The initial 10 timesteps are
excluded from injection as these early steps primarily es-
tablish the overall structure and high-level semantic layout
of the image based on the edit prompt pe. Injecting source
image features at this early stage could interfere with the
model’s ability to adapt the coarse structure according to
the desired semantic modifications. As the XA-Conductor
alone is insufficient to fully preserve the fine visual de-
tails of the source image, feature injection plays a comple-
mentary role in enriching these details during the reverse
processes. The XA-Conductor subsequently learns to ac-
commodate and leverage these injected features within the
feedback-driven editing framework.

Figure 1. Results of ablation study on Feature injection. Re-
sults showing that the removal of feature injection causes minor
structural variations but does not significantly impact editability
or source fidelity.

Fig. 1 presents the ablation results for feature injection.
Even without feature injection as the default setting, there
are cases where image editing performs well or even yields
improved results, as shown in the dog image example in
Fig. 1. As mentioned, feature injection helps preserve cer-
tain structural properties but does not significantly impact
adherence to the edited prompt. This observation confirms
that the XA-Conductor module alone is sufficient to iden-
tify editing-relevant cross-attention contribution levels, en-
abling effective image editing while maintaining source fi-
delity.

2. Ablation Studies
To address the contribution of each component, we con-
duct an incremental ablation study as shown in Fig. 2.
While DDIM inversion [14] with BLIP-2 [8] reflects the
target prompt, it fails to preserve the visual appearance of
the source image. Replacing DDIM inversion with null-
text inversion leads to better preservation of object appear-
ance or background. Further incorporating BLIP-2 caption-
ing improves text-image alignment, and the XA-Conductor
with learned attention fusion consistently achieves the most
faithful editing results, confirming the effectiveness of each
component in our framework.

3. Additional qualitative results
To further validate our method against recent approaches,
we conduct additional qualitative comparisons with LED-
ITs++ (2024) [1], AURORA (2024) [6], FlowEdit (2025)
[7] and SwiftEdit (2025) [10]. Following prior work, we
evaluate on TEdBench [5] an image-text pair benchmark
from Imagic which includes challenging non-rigid edit-



Figure 2. Ablation study on individual components. Each component progressively improves editing performance, demonstrating the
contribution of each element to the final result.

Figure 3. Qualitative comparison with recent methods. Our
method demonstrates superior editability and source fidelity
preservation compared to recent baselines.

ing scenarios such as complex semantic changes involv-
ing verb-driven transformations. As shown in Fig. 3, our
method demonstrates accurate editing while effectively pre-

serving source image fidelity, particularly in non-rigid edit-
ing scenarios involving verb-driven semantic changes. Ad-
ditional qualitative results of NEAF are presented in Fig. 4,
showcasing its versatility across various editing prompts ap-
plied to the same source image.

4. User study details
NEAF applies non-rigid changes editing similar to Imagic,
and as such no standard benchmark exists for evaluating
non-rigid text-based image editing. Nevertheless, we con-
ducted a quantitative evaluation using CLIP Score [4] and
CLIP image similarity [2]. CLIP Score evaluates how well
an image and text match based on a pretrained CLIP model
[11]. CLIP image similarity, first utilized in InstructPix2Pix
[2], measures how similar the edited image is to the source
input image. However, we observed a trade-off between
these metrics. Our NEAF ensures source fidelity while gen-
erating images that align with text prompts and achieves
good average CLIP Scores. In contrast, models like In-
structPix2Pix and PnP [15] preserve structure while chang-
ing style, score significantly higher on CLIP Similarity.
This aligns with Imagic’s reasoning that LPIPS [16] and



Figure 4. Additional qualitative results of Different edited
prompt applied to the same image. NEAF generates different re-
sults for the same source image when given different edit prompt.

CLIP Score cannot faithfully assess an editing method’s
performance [5].

To comprehensively evaluate performance on complex
non-rigid image editing tasks beyond simple style transfer
or color changes, we conducted a user study comparing 6
pairs of editing results with Imagic [5], PnP [15], and LED-
ITs++ [1], respectively. Fig. 5 presents a screenshot of the
user interface employed in our user study. To mitigate po-
tential bias, we recruited participants from a broad demo-
graphic range spanning individuals in their 20s to 60s, with
an approximate male-to-female ratio of 2.5:1 among the 50
participants. Each participant was presented with a total of
18 image pairs, consisting of 6 pairs comparing NEAF and
Imagic, 6 pairs comparing NEAF and PnP, and 6 pairs com-
paring NEAF and LEDITs++. Each pair included a source
image, an edit prompt, and the corresponding edited results.
For fairness, we used the TEdBench dataset for Imagic, gen-
erated with hyperparameters carefully tuned to preserve as
much source detail as possible while achieving the desired
edits. The CFG scale was set to 5–7 for all baselines and
NEAF. Notably, PnP and LEDITs++ preserve the surround-

Figure 5. User study screenshot. A question format used in our
human perceptual evaluation.

ing image content but fail to handle complex non-rigid edits,
whereas Imagic is capable of performing such edits but at
the cost of lower source fidelity. Our results demonstrate
a strong user preference for NEAF, with over 70% of par-
ticipants favoring NEAF’s outputs across all comparisons.



Figure 6. User study result. Preference rates for the image editing
quality of NEAF in comparison to PnP.

Additional user preference results comparing NEAF with
PnP are also presented in Fig. 6.

5. Limitations

Figure 7. Failure cases. Fidelity loss and partial edits in challeng-
ing scenarios.

We identify several failure cases of our method as shown
in Fig. 7. In some cases, the edited result successfully fol-
lows the target prompt but fails to preserve the source im-
age fidelity. In other cases, the edit is only partially applied
despite accurate text alignment. As shown in the first row
source fidelity is significantly degraded even when the edit
is well-executed. These limitations partly stem from the
constraints of the underlying Stable Diffusion v1.4 back-
bone and may be mitigated by adopting more recent gener-
ative models such as Stable Diffusion 3 [3]. In future work,
we plan to extend our framework to handle more complex
editing scenarios including multi-object interactions and
fine-grained structural transformations.
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