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1. Additional Qualitative Reconstruction Com-
parisons with Baselines

In Fig. 2 of the main paper, we provided qualitative recon-
struction comparisons on SD 3.5 Medium to highlight that
our prompt inversion method generates aligned images while
baseline methods miss salient attributes and/or introduce un-
intended artifacts compared to reference images. Fig. | pro-
vides additional samples under the same evaluation protocol.
Across a broad set of scenes, our dLLM-based inversion

produces prompts that remain highly aligned to the refer-
ence image, which in turn yields reconstructions that are
consistently more similar to the reference than those from
baseline prompts. Baselines often miss salient entities, in-
troduce spurious attributes, or entangle multiple concepts
within a single span, leading to reconstruction drift.

These results reinforce that our method generates inter-
pretable, aligned text prompts that are suitable for down-
stream text-to-image generation.

2. Image Reconstruction Across Different Text-
to-Image Pipelines

We extend reconstruction evaluation beyond Stable Diffusion
(SD) 3.5 to SD 2.1, SDXL and FLUX, in order to show the
gains in alignment of our method across various text-to-
image backbones. For each reference image I, we reuse the
same inverted hard prompts produced by our method and
baselines, and only swap the downstream generator. This
isolates prompt quality from generator choice.

Given an inverted prompt 7" for a reference image I, we
generate a reconstruction I with each T2I backbone and
measure CLIP-Image similarity:

CLIP-I(I, 1) = cos (f1(I), f1(I)), (1)

where f7 is a fixed CLIP image encoder used consistently
across all architectures.

Figs. 2, 3, and 4 show qualitative reconstructions on
SD 2.1, SDXL, and FLUX, respectively comparing our
method with two interpretable baselines (CLIP Interroga-
tor 2.1 [5], and VGD [3]). Across all three backbones, our
prompts preserve global composition and object identity
while remaining robust to architectural changes, including
different tokenizers and diffusion inductive biases. Baseline
prompts degrade more noticeably when transferred, partic-
ularly on FLUX, where minor phrasing entanglements can
cause strong background or style drift as shown in Fig. 4.

Table 1 summarizes CLIP-I for each backbone.

3. Concept Swap Comparison with VGD Across
T2I Pipelines

Our objective is to obtain prompts that support reliable token-
level edits to consistent, localized image-level edits. To test
generalization, we evaluate concept swap across SD 2.1,
SDXL, and FLUX. As mentioned in our paper and in section
Sec. 6, we perform a token-level swap at the prompt level and
utilize this new prompt as input to a text-to-image generation
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An Australian football
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on the front, running
towards a soccer ball.
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a soccer player in a red
jersey with the number 6
dribbling a ball on a
grass field, with a crowd
and advertising banners

in the background.

Figure 1. Additional qualitative reconstruction comparisons on SD 3.5 Medium. We compare reconstructions obtained from inverted
prompts produced by our method versus all baselines (Captioning [11], BLIP-2 [4], CLIP Interrogator 2.1 [5], PEZ [9], and VGD [3]) using
the Stable Diffusion 3.5 Medium backbone. For each reference image, we show the reconstructed images generated from the inverted prompts
together with the corresponding prompts. Our method yields more descriptive, structured, and aligned prompts, leading to reconstructions
that more faithfully preserve object identity, global layout, and fine-grained attributes relative to baseline inverted prompts.

model to generate a new image (unlike editing where the
image before editing is utilized) and then compare concept

swap success with the reconstructed image.

Setup. For each reference image I, we invert to a hard
prompt 7 using either VGD or our method. We then replace
a target concept token x; with a new concept & to form:

5V = Swap(T*, T; — 57),

and regenerate images with each T2I backbone.

Evaluation.

Swap success is measured via:
e TIFA [2]: QA-based faithfulness for concept swap.

e GPT-V: LLM-as-a-judge scoring for swap correctness and
background preservation.

The concept-swap portion of Table 2 (upper block) re-
ports per-backbone TIFA and GPT-V scores for VGD and our
method. Figs. 5 and 6 show qualitative CS results on SDXL

and FLUX, respectively. Across backbones, our prompts

@

yield localized swaps (correct subject/object replacement)

with stable preservation of other attributes. VGD prompts
exhibit higher leakage, where swapping one token perturbs
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Figure 2. Reconstruction on SD 2.1. Reconstructions from the
same inverted prompts using the SD 2.1 backbone, comparing our
method against CLIP Interrogator and VGD.

Table 1. Image reconstruction quality across different T2I back-
bones. We report CLIP-Image similarity (CLIP-I; 1) between refer-
ence images and reconstructions generated from inverted prompts.

Method CLIP-Image Similarity 1
SD2.1 SDXL FLUX
Captioning [11] 0.46 0.49 0.56
BLIP-2 [4] 0.49 0.51 0.57
CLIP Interrogator [5] 0.49 0.51 0.59
PEZ [9] 0.58 0.59 0.65
VGD [3] 0.60 0.62 0.67
Ours 0.64 0.65 0.68

background, lighting, or secondary objects, and such ef-
fects can be consistently observed across SD 2.1, SDXL
and FLUX.
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A large brown dog is
walking on green grass,
surrounded by bubbles
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appears to be enjoying its
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Figure 3. Reconstruction on SDXL. Reconstructions from identi-
cal inverted prompts transferred to SDXL without re-inversion.

4. Concept Append Comparison with VGD
Across T2I Pipelines

We next evaluate concept append to test whether prompts
remain modular under additions, again transferring identical
prompts across SD 2.1, SDXL, and FLUX.

Setup. Starting from 7™, we append a phrase Pippeng (Style
or secondary concept):

avrend — Cgneat (T*; P, append)’ 3)

and regenerate with each backbone.

Evaluation. Append success is measured by:
* TIFA: QA-based faithfulness for concept append.
¢ GPT-V: llm-as-a-judge-based correctness and preserva-
tion scoring.
Table 2 (lower block) reports per-backbone TIFA and
GPT-V scores for concept append. Figs. 7 and 8 show qual-
itative Concept Append results on SDXL and FLUX. Our
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Figure 4. Reconstruction on FLUX. Reconstructions using the FLUX backbone from the same inverted prompts, demonstrating strong

cross-architecture robustness of our prompts.
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Figure 5. Concept swap on SDXL. Swapped generations from VGD versus our edit-friendly prompts. Our method yields localized swaps

while preserving background and non-affected attributes.

prompts reliably incorporate new content (objects shown,
styles evaluated in Tab. 3) while preserving the base scene.
VGD frequently under-applies the append or causes broader
drift, reflecting higher token entanglement.

5. User Study Interface and Results

We conducted four controlled user studies to validate in-
terpretability, reconstruction quality, and editability under
concept swap and append, comparing to the strongest inter-
pretable hard-prompt baseline, VGD [3]. Each study uses
200 samples and 25 users, with randomized anonymized
A/B trials.

All studies share a common web-based interface: a land-
ing page explaining the task with an example trial, followed

Table 2. Concept swap (CS) and concept append (CA) evaluation
across architectures. We report TIFA and GPT-V scores (1) per
backbone for VGD and our method.

SD 2.1 SDXL FLUX
Method
TIFA1+ GPT-V1 TIFA1 GPT-V{ TIFA1T GPT-V 1
CS (Concept Swap)
VGD 0.63 0.69 0.65 0.72 0.71 0.74
Ours 0.83 0.83 0.89 0.85 0.90 0.91
CA (Concept Append)

VGD 0.61 0.70 0.66 0.71 0.69 0.73
Ours 0.83 0.82 0.87 0.88 0.89 0.90
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Figure 6. Concept swap on FLUX. The same swapped prompts applied on FLUX. Our prompts generalize across architectures, producing

faithful swaps with minimal leakage.
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Figure 7. Concept append on SDXL. Appending new objects or styles to inverted prompts and regenerating on SDXL. Our prompts support

faithful additions while preserving original scene structure.

by randomized A/B trials where participants choose between
two anonymized options (A/B) or indicate no preference.

5.1. Text Quality User Study

This study evaluates prompt interpretability and semantic
alignment. Participants are shown two inverted prompts
corresponding to the same reference image (VGD vs. Ours,
identity hidden) and answer: “Which of the two prompts
provides a coherent, interpretable description of the objects,
attributes, background, and style in the input image so that
the original image could be reconstructed?” Users con-
sistently prefer our prompts, citing better structure, clearer
entity descriptions, and reduced ambiguity. We provide our
results from our user study in Fig. 4 in our main paper.

5.2. Image Reconstruction User Study

Participants see a reference image and two reconstructions
(A/B) generated from inverted prompts of different methods,
and answer: “Which image better matches the reference
image?” Preferences align with our CLIP-I trends (Table 1),
favoring reconstructions from our prompts.

5.3. Concept Swap User Study

For each trial, participants see the reference image and a
swap instruction (e.g., “swap horse to zebra”) with two
swapped generations (A/B). They answer: “Which edited
image better satisfies the requested concept change while
preserving the rest of the scene?” Users prefer our swaps
due to improved localization and lower background drift,
consistent with the Concept Swap block of Table 2.
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Figure 8. Concept append on FLUX. The same appended prompts applied on FLUX. Our method remains robust, enabling successful

additions with minimal disruption to non-edited content.
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Prompt Inversion A/B Study
Enter your name and click Start. For each image, answer the following:

1) Which of the two prompts provides a coherent, interpretable description of the objects, attributes, background, and style in the input image so that the original image
could be reconstructed?

Click on a prompt (or use Neither) to submit your choice.

Loaded 200 images. Session ID: 7cd196c969 | Participant: Userl

Prompt Provided to the User

23 % 1) Which of the two prompts provides a coherent, interpretable description of the objects,
attributes, background, and style in the input image so that the original image could be
reconstructed?

Pick A

OPTION A

Ayoung skateboarder in mid-air, performing a trick on a concrete ramp at a
skate park, with a clear sky and lush greenery in the background.

Pick B

OPTION B

A skateboarder wearing a black shirt and dreadlocks is performing a trick on a

ramp at a skate park. The skate

Neither

Figure 9. UI for text quality user study. Participants see two inverted prompts (A/B) for the same reference image with method identities
hidden, and select the prompt that is more interpretable and better aligned with the image.

5.4. Concept Append User Study

Participants see an append instruction (style or object ad-
dition) and two appended generations (A/B), and answer:



Loaded 200 triplets. Session ID: e12140c308 | Participant: Userl

Original

) Option 1 (middle)

= Original

Neither.

Pick Option 1 (middle)

Option 1

Which generated image matches the original better (content/style/background)? Click Option 1 (middle) or Option 2 (right), or select

Pick Option 2 (right)

Option 2

@ Option 2 (right)

Prompt Provided to the User

Neither

Figure 10. UI for reconstruction user study. Participants see the reference image and two reconstructions (A/B) generated from different
inverted prompts, and choose the reconstruction that better matches the reference image.

“Which image better satisfies the requested concept/style ad-

dition while preserving the original scene?” Our method is
preferred in the majority of trials, supporting the Concept
Append block of Table 2 and the style-consistency trends in
Section 8.

6. Additional Details on Concept Swap and Con-
cept Append Pipelines

We clarify the prompt-level edit pipeline used throughout
the paper. Swap/append are treated as fext edits only; the
generator never receives an edited image.

Pipeline description. Given a reference image I, a T2I
model G, and inversion method F (ours or VGD):

1. Prompt inversion.

T = F(I). 4)

2. Base reconstruction.

I=g(T"). (&)

I is used only for evaluation and visualization.

3. Concept swap. Select a concept token x; and a new
concept x, and form

T%® = Swap(T*,x; — ), IV = g(T3v®),
(6)
4. Concept append. Choose an append phrase Pippend (style

or object addition) and form

Tappend = Conc at(T* , Pappend ) , fappend —_ g (Tappend) .

(7

Difference from image editing. Unlike Prompt-to-Prompt
[1], or other image editing techniques, we do not condition
onlorl during image generation. Edit success is therefore
a direct test of modularity of 7 localized text edits should
induce localized, predictable changes in the generated image.
We evaluate against I to isolate (i) edit correctness and (ii)
preservation of non-edited content. Our token-similarity re-
duction objective in dLLM is tailored to encourage precisely
this behavior.

7. Implementation Details of the LLaDA dLLM

We provide additional implementation details for the discrete
diffusion language model (dLLM) used in our inversion
procedure, referred to as LLaDA.



Swap Success

Judge Top and Bottom rows independently. We show base & swapped images with prompts under eachimage and bold the swapped terms. Pick Successful, Failed, or Discard (if the swapped promptitself doesn't make sense). Discarded rows are excluded from success-rate denominators,

Loaded 200 images. Session: 012c8ce594 | Participant: Userl

Base Prompt

Acozy bedroom with a large bed with a mosquito net, a small table, a lamp, and a picture, all set against a natural light background.
Top Row
Swap: subject — bedroom — kitchen

Top row verdict

Successful Failed Swap prompt does not make sense, Discard

Base Prompt.

Abedroom with green insect netting covering the bed. The netting is hanging from the ceiling, creating a unique canopy over the bed
Bottom Row
Swap: subject — bedroom = kitchen

Bottom row verdict

Successful Failed Swap prompt does not make sense, Discard

=

=

Swapped Prompt

Acozy kitchen with a large bed with amosquita net, a small table, a lamp, and a picture, all set against a natural light ackground,

=
g

=

Swapped Prompt

AKitchen with green insect netting covering the bed, The netting is hanging from the ceiling, creating a unique canopy over the bed.

Figure 11. UI for concept swap user study. Participants see the reference image, the swap instruction, and two swapped generations (A/B),
and choose the image that best satisfies the requested swap while preserving the rest of the scene.

7.1. Generation Schedule

We use a mask-and-refill generative process with the follow-
ing hyperparameters:

e Number of steps: 7' = 128 reverse diffusion steps.

e Prompt length: gen_length = 32 tokens (main exper-
iments), adjusted elsewhere to match budgets (16, 32, 64,
7).

* Block length: block_length = 32 (parallel refine-
ment of all positions).

* Temperature: deterministic ~ sampling  with
temperature = 0.0.

e Mask token: dedicated mask ID mask_id = 126336.

» Stopping criterion: stop on < | eot_id | > after at least
min_out_tokens_before_stop = 6 tokens.

7.2. Online CLIP Steering and Token-Token Simi-

larity Reduction

We apply FK steering [7] using CLIP alignment and token-
similarity regularization:

CLIP configuration: ViT-H/14.

Guidance frequency: every step
(guidance_interval = 1), with
guidance_positions_per_step = 12 and

top-k candidates guidance_topk = 4.

CLIP tilt: guidance_lambda = 40.0.
Token-similarity penalty:
overlap-penalty.weight = 25.0,
global_decorrelate = true,
global_decorrelate_lambda = 4.0,
lookback k = 48, decorrelation_step_eta
= 0.8.



Concept Append Study (Blind)

Youwill judge Top and Bottom rows independently.

Each row shows a Base image/prompt and an Appended image/prompt.
The appended phrase is bolded inside the appended prompt.
Pick Suecessful, Failed, or Discard (if the appended prompt itself doesn't make sense)

Discarded rows are excluded from success-rate denominators.

Top/Bottom are randomized per item (blind between methods).

Loaded 500 append items. Session: d6e43e34el | Participant; Userl

Top: Base

—

td

Base Prompt

Avibrant red and white kite with black lines and a distinctive bird logo, soaring high in the air set against a backdrop of a clear blue sky.

Top Row

Append: object — with a blue car parked nearby

Top row verdict

Successful Failed Append prompt does not make sense, Discard

Bottom: Base

Base Prompt

Parasailer in a red and white kite with black accents flyingn  blue sky. The sky is clear and there are no clouds. The
Bottom Row

Append: object — with a blue car parked nearby

Bottom row verdict

Successful Failed Append prompt does not make sense, Discard

[

Top: Append

Appended Prompt

Avibrant red and white kite with black lines and a distinctive bird logo, soaring high in the air, set against a backdrop of a clear blue sky., with a blue car
parked nearby

Bottom: Append

4,
—— .}

Appended Prompt

Parasailer in a red and white kite with black accents flying in a blue sky. The sky is clear and there are no clouds. The, with a blue car parked nearby

Figure 12. UI for concept append user study. Participants see the reference image, the append instruction, and two appended generations
(A/B), and select the image that best adds the requested concept/style while keeping non-edited content intact.

e Local temperature bump:
0.15.

This configuration implements the joint objective (Eq. 12
in the main paper), tilting the final prompt distribution toward
both CLIP alignment and edit-friendliness while preserving
fluency through the dLLM prior.

local_temp_bump =

8. Style Append Success Rate

We evaluate style append success using a style-consistency
score CSD [8]. In our setting, Higher CSD indicates better
style realization without disrupting base content.

For each method:
1. Invert I to obtain 7.

2. Append a style phrase to form
T#PPend — Concat(T*, Pippend)-

®)

3. Generate [2PPend from 7Tappend

Table 3. Style append success rate via CSD [8] (style-consistency
score; 1). Higher values indicate better realization of the requested
style while preserving scene content.

Method CSD % 1
CLIP Interrogator 0.74
VGD 0.73
Ours 0.82

4. Compute CSD between the requested style and Jeppend

We threshold CSD and calculate the % of successful style
addition and report our results in Tab. 3.

Qualitatively, our prompts support style append opera-
tions that overlay the requested style (color palette, texture,
lighting) on top of the original composition, whereas base-
line prompts either under-encode the style or over-encode it



Table 4. Multi-step regeneration robustness. CLIP-Image similarity
(CLIP-I; T) between [ (©) and the image after k rounds of inver-
sion+regeneration. Stable Diffusion 3.5 Medium Model used for
text-to-image generation.

Method k=0 k=1 k=2 k=3
VGD 0.67 0.63 0.58 0.52
Ours 0.71 0.68 0.63 0.57

in a way that disrupts object identity or background structure.

9. Multi-Step Regeneration Analysis

We evaluate robustness under repeated inversion and regen-
eration. Starting from I(%), we repeat four cycles:

T — ]:(](’f))7

I+ = G(T®), £k =0,1,2,3,
where F is ours or VGD and G is fixed (SD 2.1 in this
experiment).

After each cycle k, we measure similarity to / (0).

CLIP-I®) = cos (fr(I0), fr(I™)). )

Table 4 reports CLIP-I over four rounds. Our method
remains substantially more stable across cycles, while VGD
accumulates drift.

This multi-step regeneration experiment reinforces our
central claim: by explicitly reducing token-to-token simi-
larity during inversion, we obtain prompts that are not only
more interpretable and edit-friendly, but also more robust
under repeated use in iterative workflows where prompts and
images are alternately inverted and regenerated.

10. Comparison to Additional Prompt Opti-
mization Methods

Two recent works, PromptSculptor [10] and STEPS [6], also
study prompt optimization for text-to-image models, but they
address a different problem setting and optimize a different
set of objectives than our method. PromptSculptor proposes
a multi-agent LLM framework that takes a short user text
prompt and iteratively expands it into a longer, more detailed
description, using a self-evaluation and feedback loop to
improve CLIP/PickScore alignment and aesthetics of the
generated images; it does not invert from an image to a
prompt, does not target faithful reconstruction of a specific
reference image, and does not explicitly encourage token-
level disentanglement or editability of individual concepts.
STEPS [6] formulates hard prompt search as a sequential
probability tensor estimation problem on discrete tokens,
optimizing CLIP similarity to a target representation via
a low-rank tensor (TT) parameterization; while effective

Table 5. Mean off-diagonal similarity (O.D.; |) and edit success
(TIFA; 1), averaged across datasets at 32 tokens.

Method O.D.] TIFA®
VGD 0.79 0.66
Ours 0.36 0.87

for discovering high-scoring prompts for a fixed encoder-
generator pair, STEPS also does not seek interpretable, edit-
friendly prompts, and does not evaluate localized concept
swap/append behavior, cross-architecture edit transfer, or
human preference.

In contrast, our approach is explicitly designed as a
gradient-free interpretable, and edit-friendly hard prompt
inversion method from image to text, built on a discrete diffu-
sion language model (LLaDA) with online CLIP steering and
token-similarity regularization. This design jointly optimizes
(i) image reconstruction fidelity, (ii) prompt interpretability,
and (iii) token-level disentanglement that enables localized
concept swap and concept append operations. Moreover,
we demonstrate architecture-agnostic transfer of the same
inverted prompts across SD 2.1, SDXL, FLUX, and SD 3.5
Medium, and provide both automatic (CLIP-I, TIFA, GPT-V,
CSD) and controlled user-study evaluations on text qual-
ity, reconstruction, and editing behavior. Empirically, our
method consistently outperforms the strongest interpretable
hard-prompt baselines (including VGD) on these metrics,
while operating in a more challenging inversion-and-edit set-
ting that is not addressed by PromptSculptor [10] or STEPS
[6].

10.1. Additional Quantitative Evidence for Token
Disentanglement

To complement the token-token similarity heatmaps in the
main paper, we report the mean off-diagonal similarity of
the token similarity matrix as a scalar summary of token
entanglement. Lower off-diagonal similarity indicates that
token positions play more modular roles during decoding,
which is desirable for localized downstream edits. As shown
in Table 5, our method achieves substantially lower off-
diagonal similarity than VGD while also improving edit
success measured by TIFA. This supports the claim that
reducing token overlap during inversion yields prompts that
are both more disentangled and more edit-friendly.

10.2. Scaling with Evaluation Size and Token Bud-
get

We use 200 images per dataset in the main evaluation, which
is larger than the 100-image protocol used in prior prompt
inversion baselines such as VGD and PEZ. This larger eval-
uation provides a more reliable estimate of prompt quality
while remaining practical because our method substantially



Table 6. Scaling with dataset size and token budget. We report
CLIP-Text similarity (1) and perplexity (PPL; |).

Images, Tokens CLIP-Text? PPL |
600, 77 0.61 73.91
1200, 77 0.60 74.04
1200, 150 0.58 82.29

reduces inversion time. We also examine behavior beyond
the standard 77-token setting to test whether the method
remains stable at longer prompt lengths. Table 6 shows that
text quality remains stable as the evaluation set is increased,
and that longer-token runs remain usable without collapse,
although very long prompts trade some fluency for additional
descriptive capacity.

Choice of editability proxy. A natural alternative to our
approach would be to keep a full text-to-image diffusion
model inside the inversion loop and optimize editability us-
ing image-space signals such as cross-attention separation
or edit consistency after regeneration. While such objec-
tives can be informative, they are computationally expen-
sive, tightly coupled to a specific generator, and require
repeated access to high-dimensional intermediate states dur-
ing optimization. We instead use a lightweight, training-free,
text-side proxy derived from the dLLM predictive distribu-
tions. This design preserves model agnosticism, adds little
computational overhead, and integrates naturally into our
FK-steered decoding framework while still improving down-
stream edit behavior, alignment, and fluency.

Use of CLIP-based alignment metrics. We use CLIP-
based similarity because it is the standard image-text align-
ment metric adopted throughout prior prompt inversion work
and provides a common basis for comparison across caption-
ing, hard inversion, and hybrid baselines. In our evaluation,
CLIP is used together with stronger downstream metrics
such as TIFA, GPT-V-based judgments, and controlled user
studies, so our conclusions do not rely on CLIP alone. We
therefore treat CLIP similarity as one component of a broader
evaluation suite that jointly measures reconstruction fidelity,
prompt interpretability, and edit success.

Effect of token budget on reconstruction detail. The
degree of attribute preservation depends in part on the avail-
able token budget. Short prompts often capture the dominant
objects and scene layout, while longer prompts can encode
additional fine-grained details such as secondary attributes,
interactions, and small objects. In practice, we observe that
increasing the token budget yields more descriptive prompts
and more faithful reconstructions, which helps preserve sub-
tle attributes that may be under-specified at shorter lengths.
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