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Fig. 1: (a) Existing editing models rely on static textual features, causing weak align-
ment and unwanted changes. (b) TABEdit improves both alignment and preservation
through gradient-enabled semantic supervision. (¢) Examples show IABEdit’s stronger
semantic grounding and localized edits compared to prior methods.

Abstract. Instruction-guided image editing has a training-time blind
spot. Generative editors are never required to semantically verify whether
their outputs actually satisfy the instruction. Supervision stops at recon-
struction and input textual-level conditioning. This produces incomplete
edits, spatial spillover, and poor localization. We present IABEdit, a
model-agnostic framework that embeds differentiable semantic verifica-
tion into training. A frozen vision-language model extracts spatially-
aware descriptors from the ground-truth edit. A trainable aligner then
reproduces them from the generated output. The residual between the
two becomes a gradient that teaches the generator both what to edit
and where, with no inference-time VLM cost. IABEdit is compatible
with diverse backbones, including U-Net (Stable Diffusion) and MMDiT
(FLUX), without altering their inference pipelines. On MagicBrush, it
improves structural fidelity by +3.49 DINO-I over the best diffusion base-
line and +1.26 over the best overall baseline, while remaining competitive
on instruction alignment. It also achieves state-of-the-art instruction ad-
herence performance on RealEdit and EMU Edit benchmarks based on
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embedding-based metrics. Most consequentially, on the D-LORD surveil-
lance benchmark, it surpasses the proprietary Gemini agent by +5.13
DINO-P under heavy occlusion, where preserving identity is hardest.
This shows that gradient-aligned VLM distillation holds up under real-
world-like surveillance and occlusion conditions. Human and GPT-40
evaluations confirm perceptually precise, well-localized edits.

Keywords: Image Editing - Semantic Alignment - VLMs

1 Introduction

Recent advances in generative image modeling, including diffusion models |8}[13]
23),30] with U-Net and transformer-based generators, and flow-matching frame-
works such as FLUX [18] have enabled high-quality and flexible image manip-
ulation. Instruction-guided image editing extends these capabilities by allowing
users to modify images through natural language, supporting tasks such as ob-
ject removal, attribute modification, scene transformation, and semantic style
transfer. Earlier approaches relied on manually specified spatial masks, limit-
ing scalability and usability. Modern generative models [9}/18}25},27-29| instead
condition directly using textual instructions, enabling language-based editing.

Despite their realism, existing instruction-guided editors are weak in instruc-
tion—edit alignment as shown in Figure (b), and share a fundamental limitation:
the training objective does not explicitly verify whether the generated image
semantically satisfies the intended edit. While instructions influence the genera-
tion process, there is typically no mechanism that measures alignment between
the desired transformation and the produced output beyond reconstruction or
token-level supervision. Crucially, the model is never required to verify whether
the progressively denoised image actually satisfies the instruction. As a result,
this design leads to systematic failure modes: (1) incomplete semantic realization
(under-editing), (2) spatial mislocalization of edits, and (3) unintended modifica-
tion of non-target regions (over-editing). The underlying issue is not architectural
- it is the absence of explicit semantic supervision that enforces instructions.

We argue that instruction-guided editing should be formulated as a semantic
alignment problem rather than purely a conditioning problem. To this end, we
propose IA BEdit: Instruction-Aligned Backpropagation Image Editing. IABE-
dit introduces differentiable semantic verification into the training of generative
image editors. Instead of relying solely on textual conditioning for obtaining in-
tended edits, we incorporate high-capacity vision-language reasoning to define
what a successful edit should represent at a semantic level. The overview of
IABEdit is shown in Figure [Ia).

This semantic supervisor evaluates whether the generated image reflects the
intended transformation, capturing both global changes and localized attributes.
By making this evaluation differentiable, the generative model is guided by an
explicit measure of instruction satisfaction during optimization. Editing thus
becomes a process of minimizing the semantic discrepancy between the intended
outcome and the generated image. This training paradigm encourages the model
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to learn not only what must change, but also what must remain preserved,
resulting in improved localization, stronger instruction adherence, and better
structural consistency. IABEdit facilitates better alignment using supervision.

Importantly, TABEdit operates as an architecture-agnostic training-time su-
pervision layer. It can be integrated into diffusion models, transformer-based gen-
erators, including MMDIiTs in flow-matching frameworks, without altering their
inference pipelines. Rich vision-language reasoning supervision is used only dur-
ing training; at deployment (testing phase), editing remains a standard genera-
tive process with no additional computational overhead. By reframing instruction-
guided editing as semantic alignment optimization, IABEdit establishes a prin-
cipled and scalable framework for semantically grounded image editing. Across
diverse benchmarks and generative backbones, we demonstrate that enforcing
semantic consistency during training yields more faithful, localized edits, inde-
pendent of the underlying architecture. Our key contributions are:

1. Differentiable Semantic Reasoning-based Verification: We introduce
a gradient-based training objective that backpropagates VLM-derived se-
mantic descriptors through the generative backbone, explicitly teaching both
what to edit and where to edit. To the best of our knowledge, IABEdit is
among the first methods to embed textual semantic reasoning-oriented in-
struction verification directly into the diffusion and flux training loop.

2. Model-Agnostic, VLM-free Inferencing: IABEdit operates as a training-
time supervision layer requiring no changes to inference pipelines, making
it directly applicable to UNet, transformers in flow-matching architectures
with no additional runtime overhead.

3. State-of-the-Art Results Across Domains: IABEdit demonstrates im-
provements across diverse editing tasks: Scene-level editing and Identity-
sensitive Facial editing. TABEdit achieves leading performance on RealEdit,
MagicBrush, EMU Edit and D-LORD benchmarks.

1.1 Related Work

Earlier image manipulation approaches relied on mask-based editing [5,[32}[33],
which provided explicit localized control but required manual spatial annota-
tions. Instruction-based editing methods instead use image generation mod-
els [210,11}/19] to embed textual conditions, typically following a triplet setup of
source image, instruction, and target edited image. Many earlier works [12,[19]
generated training data by rectifying instructions with LLMs and producing
edited images via diffusion models. However, current T2I models apply edits in
unintended regions, resulting in noisy supervision. To improve quality, |104/19,34]
introduced high-quality editing datasets through image filtering [17]. Despite
these efforts, most methods still rely on static textual CLIP embeddings |26,
used purely as external conditioning. This often leads to misalignment between
fine-grained instructions and edited regions. Accurate localization of instruction-
relevant elements (e.g., power lines) is crucial for targeted edits (Figure [Lp).
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Fig. 2: TABEdit enables instruction-based image editing through a semantic-supervised
distillation mechanism. A frozen Descriptive Anchor extracts rich guidance from the
instruction and ground-truth edit, while an Instruction Aligner learns to align the
generated image with this guidance. The alignment is enforced via backpropagation,
guiding the diffusion model toward faithful and controllable edits.

To improve semantic understanding, recent methods incorporate re-
ward information into text conditions. replace CLIP with VLMs to
obtain richer textual understanding. However, these approaches still treat the in-
struction only as a prior conditioning signal in the diffusion process, without pro-
viding active or corrective understandings, limiting fine-grained alignment. They
also incur high inference cost due to VLM-based conditioning. SuperEdit
addresses misalignment through rectified prompts and contrastive supervision,
building a discriminative link. Yet, this operates mainly at the prompt level,
leaving instruction semantics out of the generation process. Overall, existing
methods remain constrained by static conditioning, weak localization, and costly
inference, underscoring the need for methods that achieve deeper, more reliable
instruction-to-image alignment.

2 TABEdit: Instruction-Aligned Editing

We propose IABEdit, which provides a balance between context preservation
and semantic editing. As illustrated in Figure [2] our approach consists of two
components: (1) image context conditioning, which maintains structural fidelity
through encoder and conditioning-level preservation, and (2) editing through
gradient-enabled alignment feedback, which provides semantic supervision dur-
ing training to enforce instruction-consistent modifications.

2.1 Editing using context as condition

We formalize successful image editing as a balance between two competing ob-
jectives: faithful realization of the instruction and preservation of the original
visual context. In practice, many editing models rely primarily on static textual
conditioning while using the input image only as a spatial prior, which conditions
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what needs to be edited but does not focus on what needs to be preserved. Thus,
edits may propagate beyond the intended regions or alter unrelated content.

To explicitly enforce context preservation, IABEdit introduces structured
conditioning that separates transformation cues from context cues. The genera-
tion process is guided by three complementary signals: (i) a textual instruction
embedding c¢;,s that specifies the desired modification, (ii) a source-image em-
bedding c,. that encodes high-level visual attributes and context information,
and (iii) the latent representation s of the source image to retain spatial struc-
ture. By decoupling edit intent from contextual cues, this formulation encourages
precise modifications while minimizing unintended changes.

The instruction embedding c;,, is obtained from a text encoder, while the
source-image embedding cg.. is derived from visual features of the input im-
age and projected into a conditioning space using a multi-layer linear projector
(MLP). These signals are injected into the generative model (e.g., via cross-
attention) to guide the editing process. For clarity, we present the diffusion-
based formulation in the main paper, while flow-based variants are provided in
the supplementary material:

¢ins = CLIP(instruction), cspe = MLP(¢p(Isrc)),
2t = Vagzo + V1 —aze, e~N(0,1), (1)
Ly =E|lle—eo(z @5, e O3]

Here, z; denotes the noisy latent at timestep t, ¢ denotes all conditioning
inputs, ¢ = {¢ins, Csrc}- and Ly is the standard denoising objective. During
training, we apply dropout to the instruction embedding c;,s and spatial latent
s to enable classifier-free guidance. In contrast, the source-image embedding cg;c
is always preserved, as it encodes identity and contextual cues that must remain
consistent—particularly in tasks such as face editing.

Importantly, context preservation and edit fulfillment play fundamentally dif-
ferent roles during generation. The contextual cues (s) of the source image remain
constant throughout the denoising trajectory, and therefore can be represented
as structurally conditioning latents. In contrast, the degree to which the instruc-
tion has been satisfied evolves dynamically at each iteration of generation. The
regions requiring modification depend on the current state of the image. Static
conditioning alone cannot account for this evolving semantic discrepancy.

This observation motivates the need for a dynamic, output-dependent su-
pervision signal that continuously evaluates how much editing is still required.
IABEdit introduces such a mechanism through semantic feedback, enabling the
model to adaptively refine edits while preserving context.

2.2 Semantic Alignment via Gradient-Enabled VLM Supervision

Conventional instruction-based editing methods encode instructions once via
CLIP and inject them as static conditioning signals. This pre-conditioning ap-
proach suffers from two critical limitations: short CLIP embeddings lack expres-
siveness for complex instructions, and the model never verifies whether generated
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outputs satisfy the instruction. These limitations manifest as systematic failures,
as shown visually in Figure 3] where adding a hat "above" rather than "on" the
cat’s head indicates an abstract semantic understanding of the instruction. Fur-
ther, the image editing remowes both the teddy bear and the child when instructed
to remove only the bear, which shows the lack of spatial localized understand-
ing of the context. Thus, the static conditioning focuses on instruction tokens
but lacks a mechanism to infer the underlying intent of the instruction, such as
determining edit-remaining regions/tokens.

We address this limitation by leveraging the semantic reasoning capabilities of
vision-language models (VLMs). A frozen VLM, Descriptive Anchor, serves as a
semantic reference, extracting detailed descriptors from the ground-truth edited
image to capture the intended transformation. A trainable VLM, Instruction
Aligner, is then optimized to predict these descriptors from the generated output,
effectively measuring the discrepancy between the realized and desired edits. The
resulting semantic alignment loss produces gradients proportional to the residual
discrepancy between the generated image and the intended edit. These gradients
are backpropagated to the image generative model, providing output-dependent
supervision that adaptively guides both what should be modified and where
modifications should be localized.

Through this continuous semantic correction process, IABEdit transforms
instruction following from static conditioning into iterative alignment, enabling
the model to leverage VLM-level understanding during training while learning to
perform precise and efficient edits. Importantly, this semantic feedback operates
only during training; inference remains a standard generative process without
additional computational overhead.

Ground-Truth Semantic Supervision: We employ a frozen vision-language
model (VLM) to extract rich semantic representations from the ground-truth
edited image I.4;; conditioned on the instruction prompt P. Unlike simple cap-
tions, these descriptors encode both global transformations (e.g., “watercolor
style applied throughout") and fine-grained localized attributes (e.g., “blue hat
on the cat’s head, covering the ears"). This captures spatial relationships, colors,
and occlusions far beyond static CLIP embeddings. As they are automatically
generated through image understanding, no additional annotations are required.

Learning Semantic Alignment: A trainable VLM, implemented via lightweight
LoRA adaptation [14], is optimized to reproduce these semantic representations
from the generated image I, ,,,. Matching the generated and reference seman-
tics defines a differentiable alignment objective, enabling gradients to flow back
into the image generative model and enforce instruction-consistent edits.

To obtain z{, without full diffusion sampling, we employ single-step denois-
ing at small timesteps ¢t < 7. At these early timesteps, noisy latent z; closely
approximates clean latent zy since noise level /1 — &; is minimal:

~ ) Z£ —v1—a 69((27; @8)7CinschT'Cat)
ZONZO— — (2)
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This approximation [20] provides precise estimates while avoiding the mem-
ory overhead of 50+ DDIM steps per training batch.
Alignment-Relevant gradient flow: We train our dynamic semantic aligner

via KL divergence minimization:
1(0)
Softmax t? * T?

1®)
Lp = KL (Softmax ( ! )
T
P (i) [log (i) ~ log o (i) + T
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where l;b) and lgb) denote the token-level logits from the frozen Descriptive An-
chor and the trainable semantic aligner for the b-th sample over N tokens. A
temperature 7' is used to soften the probability distributions, enabling the aligner
to learn from fine-grained semantic discrepancies; the T2 factor compensates for
gradient scaling during distillation. The corresponding token probabilities are
denoted as pgcb) (i) and p,(fb)(z').

Crucially, spatial localization emerges through gradient flow. The alignment
loss L£p is computed from the generated image Ig,,,,, which depends on the
predicted latent z{, and ultimately on the model’s noise estimator ey. Backprop-
agating VLp therefore injects semantic discrepancy signals directly into the
generative backbone, guiding updates toward regions that require modification
to satisfy the instruction. Unlike static conditioning, which provides fixed seman-
tic priors, TABEdit embeds semantic reasoning verification into the optimization
objective itself. Instruction adherence is no longer assumed—it is explicitly min-
imized as part of the training landscape.

Joint Optimization of Context Preservation: Distillation gradients also
update the MLP projector mapping ¢(Is.c) to source embedding cg.. Rather
than encoding generic features, the projector learns instruction-aware condition-
ing: emphasizing features in regions requiring edits while preserving unchanged
areas. This joint optimization of textual (via distillation) and visual (via MLP)
conditioning enables spatially precise edits.

This framework enables faithful instruction-guided editing across general scenes;
however, certain domains such as face editing require additional constraints to
preserve subject-specific identity characteristics during modification.

Identity Preservation for Face Editing: For face editing applications in
surveillance and security contexts, maintaining biometric identity under occlu-
sions (masks, sunglasses) is critical. While semantic distillation ensures instruc-
tion alignment, it does not explicitly constrain identity preservation. We there-
fore introduce an identity coherence loss Lo that minimizes cosine distance be-
tween facial embeddings:

B
Lo = éz (1 — cos(¢®) (Igye), o (DVAE(Z(/))))> (4)

b=1
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where ¢ is a pre-trained face recognition model (ArcFace |7]). This encourages re-
tention of biometric features in the generated edit Dyag(z()) despite occlusions or
appearance changes. By operating in the embedding space of a discriminatively
trained face recognition model, this loss ensures that identity-critical features
(facial structure, proportions) remain invariant even when instruction-guided
edits add realistic occlusions that would otherwise distort facial geometry.

The complete loss function combines all components conditionally:

ANCLn+Ap-Lp+ Ao Lo, it

An - Ly, otherwise

L1ABEdit = { (5)

where AN, Ap, and A¢ are scalar weights that balance the contributions of each
loss term. 7 refers to the timestep threshold, which is a hyper-parameter used
to determine whether the generated edited image should be utilized for VLM
fine-tuning and maintaining structural coherence of faces. Distillation (£Lp) and
identity (L¢) losses apply only at small timesteps (¢ < 7) where generated
outputs are available via single-step denoising. For general scene editing tasks,
L is omitted, and the framework optimizes only Ly and Lp.

3 Experimental Details

We present a detailed experimental setup for rigorously evaluating our editing
mechanism with various benchmarks, a model-agnostic generative method and
balanced evaluation criteria.

Datasets: For scene image editing tasks, we use Super-40K [19] as a training
dataset. Evaluation is conducted on RealEdit [12], the MagicBrush [34], and the
EMU Edit [31] test set to assess image preservation and instruction alignment.
To assess the performance of the model in identity-sensitive applications such
as surveillance, we further train and evaluate on the disjoint train-test sets of
D-LORD [22] dataset EI, which includes facial images under occlusion.
Architecture and Implementation Details: The TABEdit framework is
model-agnostic, can work with diffusion and flow-based generative models. Se-
mantic supervision is provided using a LLaVA-based [21] VLM model. Dur-
ing inference, IABEdit functions as a lightweight diffusion-only model. It uses
CLIP-based 77-token instruction embeddings (where instructions comprise 20-
30 effective textual tokens) and conditional image features (CLIP for scene edits
and ArcFace for facial edits) with a learned small set of MLP layers. To in-
corporate deeper semantic guidance with detailed descriptive context, we use
LLaVA-based 1362-token (with 100 effective generated textual tokens) descrip-
tors, enabling fine-grained edits aligned with instruction semantics. Additional
implementation details, and training and testing protocols are provided in the
supplementary.

! The dataset was obtained through: https://dyslai.org/
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Replace the monkey with a | | winter setting, with snow
cat walking on the rope. | | on the lily pads and a thin

layer of ice in water.
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appear as watercolor boy's trousers to be made
painting of denim

Remave the brown teddy
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Fig. 3: Qualitative results on RealEdit dataset showing comparisons across various
editing methods. The instruction adherence can be visualized at the fine-grained level.
The non-targeted regions remain preserved, showcasing precise instruction-aligned edit-
ing generations. More visual results are available in supplementary.

Evaluation Metrics (Alignment and Preservation): IABEdit is evaluated
in terms of quantitative metrics, agent-based assessments, as well as human eval-
uations. To assess localized edits and structural preservation, we use feature-level
metrics: CS-P (Content Similarity Preserving) for measuring content retention of
non-edited regions by computing CLIP-similarity between the source and edited
image, CLIP-I for measuring similarity to the target-edited image, and CLIP-
T for instruction alignment that leverages a pre-trained CLIP model. DINO-
I and L1 scores measure structural and pixel-level similarity to the ground
truth edited image, while DINO-P is used to measure the facial identity struc-
tural preservation of the edited face with respect to source face. To capture the
trade-off between instruction adherence and content preservation, we compute
Harmonic Mean (HM) between CLIP-T and CS-P, offering a unified measure
of balanced editing performance. This helps quantify whether an edit faithfully
follows the instruction without significantly altering the non-editing regions. As
traditional metrics often miss perceptual and semantic subtleties that humans
easily identify , we incorporate MLLM agents like GPT-40 to eval-
uate alignment, spatial precision, and realism, complemented by a user study
grounded in the same criteria.
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4 Results and Analysis

We evaluate IABEdit across multiple datasets and compare it with state-of-the-
art instruction-based editing methods. While recent work has improved perfor-
mance through dataset curation [16,|34] and instruction refinement |12}/19], a
fundamental challenge remains: directly aligning textual semantics with precise
spatial editing regions during training. As shown in Figure 3] TABEdit addresses
this challenge through gradient-based semantic distillation, yielding superior in-
struction adherence and localization.

Instruction Alignment and Localized Edit Control: As shown in Figure
Bl existing methods struggle with precise localization. For instance, SuperEdit
removes not only the teddy bear but also the child (column 2), and adds denim
texture to both the boy’s trousers and the goat (column 5). Whereas an au-
toregressive multi-modal generative method, such as BAGEL, also fails to com-
pletely remove the teddy bear from the bridge (zoom in for a better view), and
also just changes the color of the trousers without changing their texture to
denim. Similarly, a lack of understanding of the instructions’ semantics is ob-
served in recent FLUX.1 Kontext Dev method, it over-edits as it not only adds
the hat on the cat’s head, but it also puts a jacket on the cat (see Figure
column 1), similarly, it changes the trousers to denim but also increases the
length of the boy’s legs. These errors reflect weak coupling between instruction
semantics and spatial edits. In contrast, IJABEdit’s gradient-based distillation
enables fine-grained control, modifying only instruction-relevant regions. Quan-
titatively also, as shown in Tables[Ta]and [Ib] IABEdit with diffusion achieves the
highest CLIP-T scores among diffusion-based methods on RealEdit (27.60) and
MagicBrush (30.97) benchmarks, which is superior to recent diffusion models
(UltraEdit and SuperEdit) and perform competitive to computationally heavy
flux-based (FLUX.1 Kontext Dev) and autoregressive (BAGEL) image editing
methods. TABEdit also achieved a CLIP-I score of 92.41 on the MagicBrush test
set, indicating strong alignment between the edited image and the target edited
image, showing the controlled localized edit.

As shown in Table [Ib] IABEdit achieves the best DINO-I score on Mag-
icBrush (88.26), outperforming the strongest diffusion-based baseline (UltraEdit)
by +3.49 points, and attains the lowest L1 distance (0.058), indicating sharper
structural fidelity to the ground-truth edits. Moreover, GPT-40 score evalua-
tions (Table [2| "Following" dimension) also rank TABEdit highly for instruction
adherence (3.63), affirming its semantic precision in fine-grained edits.
Content and Structural Preservation: IABEdit excels at maintaining the
integrity of non-instructed image regions, preserving both visual content and
spatial structure. It can be observed from Figure [3| that recent state-of-the-
art FLUX-based editing method (FLUX.1 Kontext Dev) does not preserve the
context of the image as shown through the distortion in the background con-
text behind the lily flowers (column 3, row 6), and in the ‘watercolor-style edit’,
it fails to preserve the water region present in the original tiger image. Quan-
titatively, this is reflected by achieving high DINO-P and CS-P scores across
datasets, indicating that the original image semantics are retained even after
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Table 1: (a) Comparing performance of IABEdit (Diffusion+LLaVA) with other image
editing methods on the RealEdit dataset. (b) Comparing performance of IABEdit
(Diffusion+LLaVA) with other image editing methods on the MagicBrush benchmark.

(a) (b)
Method CS-P 1|CLIP-T 1|HM 1 Method CLIP-I 1|CLIP-T 1|DINO-I 1| L1 |
MagicBrush [34] 90.25 26.98 41.28 MagicBrush |34] 90.70 30.60 80.60 |0.062
InstructDiffusion |11} 74.20 26.69 38.71 InstructDiffusion |11 89.20 30.20 77.70 -
InstructPix2Pix |2 75.76 27.00 39.78 InstructPix2Pix |2| 85.40 29.20 69.80 |0.112
Reward-InstructPix2Pix [12]| 89.69 27.31 41.67 Reward-InstructPix2Pix [12||  88.90 29.80 - -
MGIE |10} 84.64 26.20 39.58 MGIE |10] 90.90 30.50 - -
SmartEdit _[15] 87.70 26.50 40.64 SmartEdit |15 90.40 30.30 79.70 |0.081
HQ-Edit [16] 66.32 27.09 38.21 HQ-Edit |16] 69.08 25.88 51.62  |0.243
UltraEdit |36] 84.91 27.50 41.39 UltraEdit |36} 90.47 30.86 84.77 ]0.066
SuperEdit_|19] 90.93 26.01 40.24 SuperEdit |19} 90.50 30.30 80.20 | 0.106
BAGEL |6] 90.60 26.69 | 41.00 BAGEL |6] 92.13 31.02 87.00 -
FLUX.1 Kontext Dev |18| 87.64 27.21 41.29 FLUX.1 Kontext Dev |18 91.90 31.28 86.03 -
TABEdit (Ours) 89.65 27.60 |42.00 IABEdit (Ours) 92.41 30.97 88.26 |0.058

Table 2: Performance comparison on the RealEdit dataset (having a sample size of
560 instruction-image pairs) across various instruction-based image editing methods.
The evaluations are carried out using GPT-4o.

Method Following 1 | Preserving 1 Quality 1 Overall 1
Acc (%) Score|Acc (%) Score|Acc (%) Score|Acc (%) Score
MagicBrush |34] 51.00 2.90 70.00 3.85 50.00  3.67 57.00  3.47
InstructDiffusion [11] 52.00 2.87 54.00 3.17 | 45.00  3.58 50.30  3.21
InstructPix2Pix |2 52.00 2.94 53.00 3.31 50.00  3.69 51.70  3.31
Reward-InstructPix2Pix |12|| 63.00 3.39 58.00 3.43 54.00  3.80 58.30  3.54
MGIE [10] 40.00 2.43 45.00 2.79 38.00 3.35 41.00  2.86
SmartEdit |15] 64.00 3.50 66.00 3.70 45.00  3.56 58.30  3.59
SuperEdit |19 67.00 3.59 | 77.00 4.14 | 65.00 4.01| 69.70 3.91
IABEdit (Ours) 66.00 3.63 | 72.00 4.19| 54.00 3.54 | 64.00 3.78

editing. Moreover, TABEdit achieves superior DINO-P scores, particularly on
the D-LORD dataset, demonstrating its strength in preserving identity-specific
structural features, especially in face editing tasks as compared to a proprietary
image-generation Gemini-Al agent. The framework’s use of cross-attention and
latent conditioning enables localized edits without unintended modifications. To-
gether, these results highlight TABEdit’s ability to perform precise edits while
preserving the non-edited regions of original image.

Balanced Editing: Preserving While Transforming: IABEdit optimally
balances instruction adherence and content preservation, achieving the high-

est Harmonic Mean (HM) between CLIP-T and CS-P metrics (Table [Ta)). On
RealEdit, TABEdit scores HM=42.00, significantly outperforming Reward-InstructPix2Pix
(41.67), UltraEdit (41.39), SuperEdit (40.24), BAGEL (41.00), FLUX.1 Kontext

Dev (41.29) and other baselines. We also performed the Wilcoxon signed-rank

test with n=560 and observed significant results for all models with p < 0.05,

whose detailed values are shown in the supplementary.

TABEdit’s CS-P score of 89.65 is slightly lower than SuperEdit’s 90.93, but
this difference reflects successful editing rather than a limitation. When instruc-
tions require substantial changes, the edited image naturally diverges from the
source. Many competing methods struggle with this balance: they either preserve
too much content and under-edit (high CS-P but low CLIP-T), or they over-edit
and introduce unintended changes (low CS-P with inconsistent CLIP-T). IABE-
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FLUX. 1 Kontext Dev.

(a) Comparing IABEit (trained on UNet-Diffusion) with Distinct Architectural Editing Methodologies. (b) Qualitative Results for IABEit (trained on MMDIT-FLUX1)

Fig.4: (a) Qualitative comparison of IABEdit (+UNet Diffusion) on MagicBrush
test-set with other state-of-the-art editing methods. (b) Qualitative visualization of
RealEdit test-set samples showcasing improvement of FLUX.1 method by training it
with the TABEdit framework.

dit’s gradient-based distillation provides precise spatial control, modifying only
the regions specified by the instruction while leaving other areas unchanged.
Agent-Based and Human-Centric Evaluation: Table [2| reports GPT-40
evaluations on RealEdit across instruction following, content preservation, and
image quality measures. Score measures fine-grained assessment on a 0-5 scale
while Accuracy acts as a binary acceptability criterion. Although SuperEdit is
more consistent at passing the binary baseline, IABEdit attains higher continu-
ous scores in Instruction Following (3.63) and Content Preservation (4.19), indi-
cating more precise edits while retaining non-target regions. IABEdit’s percep-
tual quality score (3.54) is slightly lower than SuperEdit, but the overall score re-
mains competitive at 3.78 (second-best). The quality-based comparisons are dis-
cussed in the supplementary material. Overall, it reveals a trade-off: SuperEdit
offers robustness, while IABEdit provides higher-fidelity edits and preservation.
On D-LORD facial edits, IABEdit attains an instruction-following score of 4.67
with 94.8% accuracy, comparable to Gemini-Al (4.53, 92.19%).

Comparison with Distinct Architectural Editing Methodologies: We
compare TABEdit against fundamentally different architectures: FLUX.1 Kon-
text Dev (flow matching) and BAGEL [6] (unified autoregressive multi-
modal mixture of transformers). Although these methods generate photorealistic
output, they exhibit three failure modes (Figure[dh): Keyword fization: focusing
on isolated words ("fries", "car") rather than full instruction semantics. Spa-
tial misalignment: inserting objects without respecting scene composition (e.g.,
overlaying a car on an existing bike). Global distortion: altering color/lighting
beyond edited regions, and overshooting scale by adding "too large basil leaves"
without respecting the image content’s scale.

We observe that, even with a lightweight UNet-based diffusion method in the
TABEdit framework, it performs better-balanced image editing (refer to Figure
a)—qualitative visualization and quantitative performance observed through
Table and Table as compared to the computationally heavy flux and
autoregressive methods.

Model Agnostic IABEdit Framework: Table [Ta] and [IH] show results with
IABEdit using a UNet-based denoising backbone, which outperforms existing
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diffusion-based methods such as SuperEdit, InstructPix2Pix and Reward In-
structPix2Pix. Moreover, when TABEdit is trained over FLUX.1 model, it im-
proves the image quality of the generated edited image, this property is inherited
from FLUX’s quality. As we noted that FLUX.1 is instruction’s keyword fixated
and does not understand the instruction’s semantics, further it also does not
focus on the image’s context. We solve this problem by training FLUX.1 with
the TABEdit framework, which improves its image-text semantic alignment and
also preserves the image context in the generated edited image. After train-
ing FLUX.1 with TABEdit, it improves FLUX.1 on the RealEdit dataset by
attaining a CS-P score of 90.20, CLIP-T score of 27.78 and performs bal-
anced editing by achieving a HM score of 42.28. While FLUX.1 achieves a
CS-P score of 87.64, a CLIP-T score of 27.21 and performs balanced edit-
ing by achieving a HM score of 41.29. All these scores achieved on [ABE-
dit+FLUX.1 are significantly higher, as they attained a p-value<0.05. It can
be observed that IABEdit+FLUX.1 improves the image context preservation
score compared to the existing FLUX.1 model. Figure b) presents qualita-
tive results of FLUX.14+TABEdit. It can be observed that the context of the
original image is preserved in IABEdit (+FLUX.1) while following the editing
instruction, whereas FLUX.1 (Kontext Dev) destroys the image context. There-
fore, IABEdit is a model-agnostic framework suitable for all kinds of denoising
networks, including UNet in Stable Diffusion and MMDiTs in FLUX.1.

Results on the challenging EMU Edit benchmark [31] across diffusion and
FLUX-based architectures are provided in the supplementary. ITABEdit outper-
forms the strongest baseline by +1.41 in CLIP-based instruction following, +0.84
in target-caption alignment, and +9.98 in DINO-based structural preservation,
demonstrating semantically accurate edits while preserving image structure.

Real-World ~Surveillance Sce- Table 3: Quantitative comparison with
narios: In real-world surveillance agent-based generation models on the real-
scenarios, instruction-based facial world D-LORD dataset for facial editing.
edltlng is particularly Chauenging Generation Technique[CS-P {[{CLIP-T 1[HM 1[DINO-P 1
. . . . SuperEdit |19 79.19 22.96 35.38 51.64
due to realistic transformations like  Gemini-At (Agent) [l | 7867 | 3140 |4479| 50.20
disguises (masks and SunglaSSeS), IABEdit (Ours) 79.93 33.10 46.74 55.33
while preserving identity. As shown in Table[3] IABEdit outperforms the Gemini-
AT (2.5Pro) |4] and SuperEdit methods, achieving higher CS-P (79.93) and
CLIP-T (33.10) scores. We also performed a Wilcoxon signed-rank test on the
harmonic mean scores and achieved a p-value of < 0.05. An improvement of
+5.13 DINO-P points over Gemini-Al (agent) method and +3.69 over SuperEdit
(trained on D-LORD train set and evaluated on disjoint identity test set) indi-
cates stronger preservation of structural identity. We have also evaluated the
effectiveness in terms of face recognition performance. While the detailed results
are included in supplementary, combining the generated edited facial samples
with the real face dataset improved the recognition performance by 2.82%.

Ablation Study: (1) IABEdit’s Component Ablation: Figure [5| presents
the ablation results highlighting the direct impact of the proposed IABEdit
method based on the loss components introduced in our method. The effective-
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Fig.5: Ablation results on Table 4: Comparisons on RealEdit dataset using
the Real-Edit dataset. 3 protocols: (1) with and w/o LoRA-finetuning, (2)

- VLM models, and (3) with and w/o context preser-
vation conditioning.

100

a8z | 8965

CS-P (1)|CLIP-T (1)|HM (1)

Without LoRA-finetuning 83.44 24.44 37.58

" 3045 | 200 With LoRA-finetuning (IABEdit) 89.65 27.60 42.00
L TABEdit (LLaVA-7B) 89.65 27.60 42.00

0o — TABEdit (Qwen-VL 2.5-7B) 89.33 27.91 42.27
cs® e " TABEdit (w/o context preservation) 88.91 25.90 40.19
TABEdit (w/ context preservation)| 89.65 27.60 42.00

ness of our method for balanced editing is demonstrated by higher HM scores
achieved when training the model with combined Denoising (L) and Distilla-
tion (Lp) loss functions. Incorporating both objectives results in +2.47 perfor-
mance improvement compared to training with only Denoising loss (£y). This
underscores the importance of the distillation component with gradient-enabled
meaningful supervisory signals. It enhances the image generation model’s ability
to perform semantically aligned edits with natural language instructions.

(2) Impact of LoRA fine-tuning: Table [ (first two rows) shows ablation
results for highlighting the utilization of LoRA adapter for fine-tuning the pre-
dicted semantic VLM descriptor. Without LoRA adaptation, the Instruction
Aligner operates on noisy intermediate denoised outputs and produces unsta-
ble semantic descriptors, resulting in inaccurate gradient updates from V.Lp.
LoRA adaptation significantly improves robustness to intermediate generations,
enabling semantic supervision, while the frozen supervisor is a stable reference.
This "clean expert + noise-robust learner" design outperforms using a single
frozen VLM for both roles. LoRA-based finetuning results in balanced image
editing, with a large improvement of +4.42 HM scores compared to w/o LoRA.

(8) Stronger VLM backbone: To study the impact of different VLMs, we
replaced LLaVA-7B with Qwen-VL-2.5-7B [1], later further improves alignment
(CLIP-T: 27.60 — 27.91) and balanced editing (HM: 42.00 — 42.27), indicating
that stronger semantic reasoning translates to better guidance.

(4) Context-preservation conditioning: Table last two rows) present re-
sults with and without context-preservation conditioning to highlight its effec-
tiveness. With conditioning, CS-P improves by +0.74, CLIP-T by +1.70, and
HM by +1.81, demonstrating more balanced image editing.

Human Study: We have conducted a user study to understand the human-
centric evaluations on the image editing task. The user study is conducted on
the challenging RealEdit dataset with 30 subjects aged 20 — 45. Evaluations
are carried out across three dimensions: Instruction following, Non-instructed
region preservation and Quality of generated edited image. Each participant se-
lected the best-performing model in each evaluation metric case for the randomly
provided 30 triplets of generated edited image, original image and the editing in-
struction. The triplets are provided for multiple instruction-based models such as
InstructPix2Pix 2], MagicBrush [34], SuperEdit [19] and the proposed IABEdit.
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Figure [6] shows the user responses
for the best-performing model on 30 N E T ——
randomly selected images across all
four instruction-based models. IABEdit
achieves the highest Instruction Follow-  «

ing rate of 50.00%, demonstrating more

accurate adherence to editing instruc- [

tions than the competing methods. It | L |

also best preserves the non-instructed et rton Pl e Contn e St sty et

regions, achieving the highest preserva- Fig. 6: User study results on RealEdit
tion rate of 29.83%. In terms of image (ataset. The values indicate the best

quality, [ABEdit attains 37.58%, out- performing model in randomly selected
performing SuperEdit (31.45%). The 30 images. Three metrics for human
slight variation in performance as com- evaluations: Instruction Following, Non-
pared to the GPT-40 model is observed Editing Content Preserving and Quality
due to the variation in sample size (i.e., of Generated Edited image.

30 for human evaluation and 560 for GPT-4o evaluation) used for both evalua-
tion methods. Human study results are in the supplementary.

Training cost and Limitations: The limitations and training time compar-
isons are mentioned in the supplementary material.

5 Conclusion

TABEdit reframes instruction-guided editing as a problem of semantic alignment
rather than conditioning. The argument is simple, a generative editor should not
be trusted to follow an instruction it was never asked to semantically verify. By
distilling spatially-aware descriptors from a frozen vision-language model and
turning the residual into a gradient, IABEdit makes instruction satisfaction part
of the training objective itself. Adherence is no longer assumed, it is measured,
and minimized. Because this signal acts only during training, it leaves inference
untouched and transfers across architectures, strengthening U-Net and MMDiT
backbones alike. It even surpasses a proprietary baseline on the hardest case we
tested, identity preservation under heavy occlusion, where curated benchmarks
give way to real-world conditions. More broadly, IABEdit shows that gradient-
aligned VLM distillation is a general way to supervise generation against mean-
ing, not just pixels. The same principle extends naturally to video editing, 3D
generation, and multimodal content creation, wherever verifying what was pro-
duced matters as much as producing it.
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