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Abstract

Crafting prompts via Prompt Engineering that steer a
model’s internal representations toward specific and pre-
defined outcomes can be time-consuming, often requiring
multiple iterations. Hard Prompt Inversion offers a comple-
mentary workflow: start from a reference image and gener-
ate a prompt that conditions a text-to-image (T2I) model to
reconstruct the reference image. Existing inversion methods
either yield incoherent text, or produce prompts that are
overly sensitive to downstream token edits. We propose a
dLLM-based prompt inversion framework that yield prompts
that are (i) more interpretable to humans, (ii) better aligned
with the reference image, and (iii) designed for downstream
token swap and token append operations (aka edit-friendly
prompts). The method is plug-and-play, requiring no finetun-
ing of either the T2I model or the dLLM. Experiments across
three datasets show a ∼ 10× reduction in inversion time
relative to existing prompt-inversion baselines, higher inter-
pretability scores, and significantly higher prompt editability,
as measured by TIFA, GPT-V preference scoring, and con-
trolled user studies, all while preserving high-fidelity image
generation. By coupling diffusion-time sampling with token-
similarity control inside a dLLM decoder, our approach
extends prompt inversion beyond reconstruction to down-
stream token-editing tasks, enabling faster, more transfer-
able prompts that generalize across multiple T2I models.

1. Introduction

Text-to-image (T2I) generative models [9] have advanced
rapidly in recent years, enabling users to create diverse
and high-quality images from natural-language descriptions.
Modern diffusion-based systems such as DALL-E 2 [27], Im-
agen [30], and Stable Diffusion [28], built on denoising dif-
fusion probabilistic models [9], can synthesize photorealistic
images with fine-grained control over style and content. De-
spite this progress, crafting an effective text prompt remains
non-trivial: users often rely on ad-hoc “prompt engineer-
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Figure 1. What makes a prompt edit-friendly? Compared to
existing hard prompt inversion methods, our approach produces
structured, interpretable prompts that align more accurately with
image content. This enables successful prompt-level edits, like
swapping “horse” with “zebra” (in the above figure), while main-
taining background consistency and fine-grained attributes like
clothing, pose, and environment.

ing” with extensive trial-and-error, repeatedly querying the
model until the output roughly matches their intent. This is
costly both for users, who must iteratively probe the model
to translate their creative vision into images, and for sys-
tems, which must repeatedly perform expensive inference,
increasing latency, compute, and energy consumption.

Prompt inversion offers a principled way to automate
prompt design: given a reference image I , the goal is to find
a textual prompt T that makes a text-to-image (T2I) model
reproduce I’s content and style. Existing methods fall into
soft and hard inversion. Soft approaches such as Textual
Inversion [5] and DreamBooth [29] learn continuous embed-
dings in the diffusion model’s text-encoder space; while ex-
pressive, these representations are opaque and non-editable,
often overfitting fine appearance details and limiting con-



trollability. Hard inversion instead seeks a discrete token
sequence T=[x1, . . . , xN ] that directly reproduces the ref-
erence image. Gradient-based methods optimize tokens or
embeddings using CLIP [26] similarity but frequently yield
awkward or near-nonsense strings, and more recent gradient-
free or autoregressive variants improve fluency yet remain
brittle: small token edits can drastically distort the gener-
ated image, undermining interactive or compositional use.
Evaluation has similarly focused on reconstruction under
CLIP-based or captioning metrics, largely ignoring robust-
ness to token-level edits, despite newer tools like TIFA [11]
and GPT-4V-based assessments [23] that can directly probe
edit behavior.

We revisit hard prompt inversion from the perspective
of edit-friendly prompt design. Building on discrete diffu-
sion language models [2, 16] and CLIP guidance [26], we
construct an inversion procedure that explicitly encourages
(i) high alignment between the inverted prompt and the ref-
erence image, and (ii) consistent alignment under textual
edits such as token swaps and appends. Our method pro-
duces human-interpretable prompts that can be meaningfully
modified without collapsing the underlying image semantics,
narrowing the gap between automatic inversion and how
users actually utilize inverted prompts in practice.
Our main contributions are:
• Edit-friendly prompt inversion. A hard inversion objec-

tive that directly optimizes alignment under token-swap
and token-append edits, evaluated on three datasets with
TIFA, GPT-4V-based metrics, and human studies.

• CLIP-guided discrete diffusion. A CLIP-guided discrete
diffusion language model that improves text-image faith-
fulness while maintaining coherent prompts.

• Efficient, interpretable prompts. Our method achieves
∼ 10× faster inversion than strong hard-prompt baselines,
without sacrificing interpretability or alignment to the ref-
erence image.

2. Related Work
Prompt inversion for text-to-image diffusion has been stud-
ied both in continuous and discrete spaces. Soft personal-
ization methods such as Textual Inversion and DreamBooth
invert reference images into learned embeddings or fine-
tuned weights of a diffusion model, achieving highly faithful
reconstructions but producing non-interpretable representa-
tions that users cannot easily edit at the token level [6, 29].
More recent hard prompt methods instead optimize directly
over discrete tokens, such as gradient-based discrete search
for CLIP prompts [34] and prompt inversion for Stable Dif-
fusion via delayed projection onto the vocabulary, which
yields readable prompts aligned with image semantics [22].
Follow-up work including EDITOR combines captioning,
embedding optimization, and projection back to text to ob-
tain more fluent inversion prompts [15], but all these methods

primarily target reconstruction of a fixed image, rather than
utilization of the inverted prompt under downstream edits.

Text-image alignment has traditionally been evaluated
with CLIP-based similarity measures, but these metrics strug-
gle with fine-grained semantics. TIFA [11] addresses this by
generating question-answer pairs from the text and checking,
via VQA models, whether they hold in the generated image,
providing an automatic, interpretable faithfulness score that
correlates well with human judgments [11]. ImageReward
instead learns a reward model from large-scale human prefer-
ence comparisons to rank text-image pairs and guide model
optimization toward human-desired outputs [39]. In parallel,
multimodal LMs such as GPT-4V(ision) have emerged as
powerful “LLM-as-a-judge” evaluators: early studies show
GPT-4V can perform nuanced visual reasoning and caption
assessment [37], and the GPT-4 system report characterizes
it as a general-purpose multimodal model [1]. Building on
these advances, we use TIFA and GPT-4V-based scoring
to assess not only reconstruction fidelity but also how well
alignment is preserved under systematic token-level edits to
the inverted prompt.

3. Preliminaries
Given a reference image I , hard prompt inversion seeks a
text prompt T =

[
xtxt
1 , xtxt

2 , . . . , xtxt
N

]
such that conditioning

a text-to-image Latent Diffusion Model (LDM) on T makes
it reproduce I (or images that are visually similar to I). Let
p(I | T ) denote the LDM likelihood of I given T . The ideal
inversion prompt T∗ maximizes this likelihood:

T∗ = argmax
T

p(I | T ) = argmax
T

p(I) p(T | I)
p(T )

∝ argmax
T

p(T | I)
p(T )

(1)

that is, hard prompt inversion implicitly trades off an image-
conditioned prompt posterior p(T | I) against a prompt prior
p(T ). Hard prompt inversion methods can be broadly cate-
gorized into gradient-based and gradient-free approaches.

Hard prompt inversion is complementary to modern
image-editing techniques. Image editing maps a source
image to an edited image (Ii → Ie), whereas hard prompt
inversion maps the source image to an interpretable, reusable
prompt (Ii → T∗) that supports text-only downstream gen-
eration and localized token operations such as swap and
append. This distinction matters because prompt-centric
workflows must begin from text rather than carry the source
image at inference time, and inverted prompts can also serve
as reusable handles for downstream personalization (e.g., by
appending learned concept tokens [6]).

3.1. Gradient-Based Inversion
Gradient-based methods directly optimize a continuous rep-
resentation of the prompt with respect to an image-similarity
objective, and then map it back to discrete tokens. For ex-
ample, PEZ [35] performs gradient descent in embedding



space with projection to the vocabulary, while PH2P [21]
incorporates diffusion-aware schedules into the optimization.
Although effective at matching the reference image, these ap-
proaches often produce brittle or non-fluent token sequences
that are difficult to interpret or edit.

3.2. Gradient-Free Inversion
Gradient-free hard prompt inversion instead searches directly
over discrete token sequences using external scores, without
backpropagating through the T2I model. Recent work such
as VGD [13] proposes a gradient-free decoding scheme that
balances visual alignment and linguistic fluency. A typical
objective is

T̂ = argmax
T

pLLM(T ) pCLIP(I |T ) (2)

where pCLIP(I |T ) is a CLIP-based surrogate for image–text
alignment [26] and pLLM(T ) is a language-model score. De-
coding proceeds token-by-token (beam search) over the vo-
cabulary.

While such methods usually produce interpretable
prompts, they provide little control over downstream text-
to-image generation: small edits to T̂ (such as swapping or
appending a style or attribute token) can induce large, un-
predictable changes in the generated image. In other words,
current gradient-free hard inversion yields prompts that are
readable but not reliably edit-friendly, limiting their useful-
ness as building blocks for user-driven prompt design.

4. Method
4.1. Overview
Given a reference image I , we seek an inverted prompt
T∗ that (i) is well aligned with I , (ii) is fluent and human-
readable, and (iii) yields predictable image changes under
simple token edits (swap/append of style or attributes). As
illustrated in Fig. 1, an edit-friendly prompt acts as a stable
handle for downstream text-to-image editing rather than a
brittle one-shot description.

To encode this goal, we augment the gradient-free objec-
tive with an explicit editability term:

T∗ = argmax
T

pLLM(T ) pCLIP(I |T ) pedit(T ) (3)

where pCLIP(I |T ) measures image-text alignment, pedit(T )
measures how well T behaves under token-level edits. Flu-
ency is enforced implicitly by the language prior used during
decoding by pLLM(T ) term. Section 4.4 describes pedit in
detail; below we outline how we instantiate the prior and the
CLIP-alignment term.

4.2. Discrete Diffusion Language Model Prior
To avoid slow token-by-token beam search, we replace the
Autoregressive (AR) LLM used in prior work with a discrete

diffusion language model (dLLM) that generates text via
iterative parallel refinement [2, 3, 17, 31]. Starting from
a fully noised sequence xT , the dLLM defines a reverse
Markov chain

pdLLM(xT , . . . , x0) = πprior(xT )

0∏
t=T−1

p(xt | xt+1) (4)

where πprior is a dLLM prior and p(xt | xt+1) are learned
denoising transitions in token space. Each step updates
all positions in parallel, and we decode xt to text as T̃t =
decode(xt).

Compared to AR decoding, which grows one token at a
time and repeatedly scores partial prefixes, dLLM decoding
refines full-length sequences in T ≪ N steps and naturally
enforces global coherence. In our setting, the dLLM serves
as the fluency prior that proposes globally consistent can-
didate prompts; the CLIP and editability terms in Eq. (3)
then bias these candidates toward better alignment and edit
behavior.

4.3. CLIP-Guided Steering
We incorporate CLIP guidance directly into the dLLM
sampler to realize the alignment term pCLIP(I |T ). Let
rCLIP(T ; I) = cos

(
fI(I), fT (T )

)
denote the CLIP simi-

larity between image I and text T , with fixed encoders fI
and fT [26]. We adopt Feynman-Kac (FK) steering [32] to
reweight each reverse step of the diffusion chain.

Given decoded text T̃t = decode(xt) at step t, we define
a difference potential [32]:

Gt(xT :t) = exp
(
λCLIP

[
rCLIP(T̃t; I)− rCLIP(T̃t+1; I)

])
(5)

with tilt parameter λCLIP ≥ 0. The telescoping form en-
sures

∏T−1
t=0 Gt = exp

(
λCLIP rCLIP(T̃0; I)

)
, so trajectories

that end with higher CLIP similarity receive higher overall
weight. In practice, each denoising step draws candidate
sequences from p(xt | xt+1), decodes them to text, evalu-
ates rCLIP, and resamples candidates according to Gt. This
preserves the efficiency of dLLM decoding while steering
the sampler toward prompts that are strongly aligned with
the reference image.

4.4. Edit-Friendly Inversion
The term pedit(T ) in Eq. 3 is a surrogate editability score
for a prompt T , rewarding prompts whose token-level edits
induce controlled, localized image changes (e.g., style or
attribute changes) without collateral drift in content.

A natural but costly strategy is to keep a full text-to-image
(T2I) diffusion model in the inversion loop and optimize
cross-attention maps, as done in prior work on word-region
alignment and style editing [4, 8, 18, 40]. However, such
methods, including PH2P [21] and PRISM [7], require re-
peated model queries, rely on high-dimensional attention
tensors, and are tightly coupled to specific architectures
and tokenizers, resulting in high memory and latency costs.



Furthermore, attention is an imperfect proxy for token im-
portance [12, 36], and token interactions in T2I models are
complex and architecture-dependent [20, 33]. To address
these limitations, we adopt a lightweight, model-agnostic
editability signal derived from the dLLM’s predictive distri-
butions, which integrates directly into our steering objective.
Token-Token similarity edit reward. To quantify editabil-
ity at the level of individual tokens, we encourage prompts
whose tokens are disentangled and modular, so that small
token edits correspond to localized semantic changes. At re-
finement step t, let z(t)i ∈ RV be the logits over a vocabulary
of size V at position i ∈ {1, . . . , N}, and

z̃
(t)
i = z

(t)
i − 1

V

V∑
v=1

z
(t)
i (v), p̂

(t)
i = softmax

(
z̃
(t)
i

)
(6)

be mean-centered logits and the corresponding token distri-
bution. Stacking p̂

(t)
i as rows yields P̂(t) ∈ RN×V and the

row Gram matrix

S(t) = P̂(t)
(
P̂(t)

)⊤
, S

(t)
ij =

〈
p̂
(t)
i , p̂

(t)
j

〉
(7)

Large off-diagonal entries S(t)
ij indicate that positions i and

j are predicted with similar token distributions, suggesting
coupled roles and poor editability.

Let Off
(
S(t)

)
= S(t) − IN denote the matrix of off-

diagonal token–token similarities. We summarize off-
diagonal coupling using the mean and variance of these
entries:

µ
(t)
off = Ei̸=j

[
Off

(
S(t)

)
ij

]
, σ

2(t)
off = Vari̸=j

[
Off

(
S(t)

)
ij

]
(8)

High µ
(t)
off indicates globally entangled tokens; high σ

2(t)
off

indicates a few strongly coupled outliers. We define a
bounded stepwise edit reward

r
(t)
edit = 1 −

(
µ
(t)
off + σ

(t)
off

)
(9)

which increases only when both average coupling and its
variability decrease. At termination we use redit(x0) ≜ r

(0)
edit

as the editability score of the final prompt.
Edit reward as a difference potential. We incorporate redit
into decoding via a telescoping potential [32] with strength
λedit:

Gedit
t = exp

(
λedit

[
r
(t)
edit − r

(t+1)
edit

])
, Gedit

T = 1 (10)

so that
∏T

t=0 G
edit
t = exp

(
λedit r

(0)
edit

)
and the terminal distri-

bution is tilted toward low-coupling, edit-friendly prompts.
During decoding we apply both CLIP and edit potentials.

With CLIP reward rCLIP(T̃t; I) as in Sec. 4, the combined
potential at step t is

Gt = exp
(
λCLIP [ rCLIP(T̃t; I)− rCLIP(T̃t+1; I) ]

+ λedit [ r
(t)
edit − r

(t+1)
edit ]

) (11)

which induces the steered final distribution

pfinal(x0 | I) ∝ pdLLM(x0 | I) exp
(
λCLIP rCLIP(x0; I)

+ λedit redit(x0)
) (12)

matching the objective in Eq. 3 with the dLLM prior
providing linguistic fluency and the CLIP and edit rewards
enforcing alignment and edit-friendliness.

Algorithm 1 Steering with CLIP & Edit Potentials

Require: Diffusion model p(x0:T | c); proposal τ(xt | xt+1, c);
steps T ; particles K; strengths (λCLIP, λedit); CLIP encoders
fI , fT

1: Returns: set of decoded prompts {decode(x i
0)}Ki=1 and the

selected prompt T∗

2: Sample: x i
T ∼ τ(xT | c) for i∈ [K]

3: Score (init): G i
T ← 1 for i∈ [K]

4: for t ∈ {T, . . . , 1} do
5: Resample: draw ancestors a i

t ∼Multinomial
(
{G j

t }Kj=1

)
and set x i

t← x
a i
t

t

6: Propose: x i
t−1 ∼ τ(xt−1 | x i

t , c) (one reverse step)
7: Compute rewards:
8: CLIP: T̃ i

t ←decode(x i
t ), T̃ i

t−1←decode(x i
t−1)

9: r
(t)
CLIP(x

i
t )←cos

(
fI(I), fT (T̃

i
t )

)
10: Edit: form P̂

(t)
i and P̂

(t−1)
i ; Eq. (6)

11: S
(t)
i ←P̂

(t)
i (P̂

(t)
i )⊤, S

(t−1)
i ←P̂

(t−1)
i (P̂

(t−1)
i )⊤

12: Compute r
(t)
edit(x

i
t ) and r

(t−1)
edit (x i

t−1) Eq. (9)
13: Compute Gt−1 via Eq. (11)
14: Re-weight: for each i,

G i
t−1 =

p
(
x i
t−1

∣∣x i
t , c

)
τ
(
x i
t−1

∣∣x i
t , c

) Gt−1

(
x i
T , . . . , x i

t−1, c
)

15: end for
16: Output: return samples {xi

0}

5. Experiments

5.1. Datasets
We conduct our experiments on three public datasets.
MS COCO [19]: natural photographs with multi-object
scenes and human-written captions; Flickr8K [10]: every-
day scenes with single-sentence captions; JourneyDB [24]:
a collection of text-image pairs curated from community
T2I generations (diverse, stylized, long prompts).† For each
dataset, following [13], we uniformly sample 200 images
and report means across 5 runs.

5.2. Evaluation Metrics
We evaluate our gradient-free, interpretable, and edit-friendly
prompt inversion along three axes: (i) prompt text quality,

†We use a filtered subset of JourneyDB containing unique images and
de-duplicated prompts; details in the Supplement.



Table 1. Text and Source-Image Reconstruction evaluation compared to baselines. Text Metrics are grouped into Prompt Accuracy
(Precision/Recall/F1; ↑), Interpretability (Perplexity, PPL; ↓), and Alignment (CLIP Text Sim., CL-T; ↑ and CLIP Image Sim., CL-I; ↑). We
observe that our method generates Text Prompts with improved Prompt Accuracy, Interpretability, and Alignment scores.

Method
MS COCO Flickr8k JourneyDB

Prompt Acc. Interpret. Alignment Prompt Acc. Interpret. Alignment Prompt Acc. Interpret. Alignment

Pre.↑ Rec.↑ F1↑ PPL↓ CL-T↑ CL-I↑ Pre.↑ Rec.↑ F1↑ PPL↓ CL-T↑ CL-I↑ Pre.↑ Rec.↑ F1↑ PPL↓ CL-T↑ CL-I↑

16 Tokens
Captioning [38] 0.82 0.86 0.84 59.65 0.47 0.46 0.83 0.84 0.83 60.80 0.40 0.48 0.82 0.84 0.83 59.92 0.47 0.46
BLIP-2 [14] 0.89 0.92 0.91 32.49 0.55 0.48 0.89 0.90 0.90 105.39 0.53 0.49 0.87 0.85 0.86 101.39 0.45 0.48
CLIP Int. 2.1 [25] 0.88 0.90 0.89 164.93 0.60 0.51 0.88 0.88 0.88 142.45 0.57 0.47 0.86 0.84 0.85 162.57 0.40 0.51
PEZ [35] 0.77 0.83 0.80 7411.62 0.25 0.68 0.76 0.80 0.78 6770.91 0.15 0.62 0.77 0.81 0.79 6275.60 0.29 0.65
VGD [13] 0.88 0.90 0.89 100.17 0.60 0.67 0.89 0.89 0.89 93.11 0.62 0.49 0.86 0.85 0.86 109.45 0.45 0.57
Ours 0.90 0.92 0.91 54.68 0.64 0.71 0.90 0.90 0.90 67.53 0.64 0.65 0.88 0.86 0.87 99.52 0.49 0.66

32 Tokens
Captioning [38] 0.81 0.86 0.84 36.89 0.49 0.48 0.82 0.84 0.83 37.51 0.44 0.49 0.81 0.85 0.83 34.88 0.41 0.45
BLIP-2 [14] 0.87 0.91 0.89 40.72 0.52 0.48 0.85 0.90 0.87 47.27 0.58 0.50 0.83 0.85 0.84 45.86 0.43 0.49
CLIP Int. 2.1 [25] 0.83 0.89 0.86 142.02 0.55 0.52 0.83 0.88 0.86 123.94 0.54 0.49 0.83 0.84 0.83 163.07 0.45 0.52
PEZ [35] 0.74 0.83 0.78 4946.56 0.21 0.69 0.75 0.80 0.77 4686.81 0.13 0.61 0.75 0.81 0.78 4250.46 0.27 0.67
VGD [13] 0.87 0.91 0.89 37.78 0.56 0.68 0.87 0.90 0.88 37.54 0.59 0.51 0.87 0.87 0.87 47.25 0.48 0.58
Ours 0.87 0.91 0.89 33.16 0.59 0.71 0.87 0.90 0.88 32.44 0.61 0.64 0.86 0.85 0.86 37.94 0.48 0.66

64 Tokens
Captioning [38] 0.80 0.87 0.83 24.22 0.49 0.47 0.82 0.85 0.83 25.16 0.45 0.52 0.80 0.86 0.83 23.86 0.42 0.47
CLIP Int. 2.1 [25] 0.79 0.88 0.83 112.62 0.51 0.51 0.80 0.87 0.83 94.10 0.51 0.52 0.80 0.84 0.82 113.10 0.47 0.50
PEZ [35] 0.72 0.82 0.76 2501.24 0.17 0.67 0.72 0.80 0.76 2366.88 0.10 0.58 0.56 0.72 0.80 2403.29 0.24 0.67
VGD [13] 0.84 0.90 0.87 25.10 0.52 0.67 0.84 0.89 0.86 23.64 0.56 0.53 0.85 0.87 0.86 28.70 0.49 0.58
Ours 0.84 0.90 0.87 19.08 0.57 0.73 0.84 0.89 0.86 19.05 0.59 0.66 0.85 0.86 0.85 20.37 0.49 0.67

∼ 77 Tokens
Captioning [38] 0.80 0.87 0.83 22.08 0.49 0.49 0.81 0.85 0.83 22.96 0.45 0.51 0.80 0.86 0.82 22.06 0.42 0.50
CLIP Int. 2.1 [25] 0.78 0.88 0.83 108.15 0.50 0.53 0.79 0.87 0.83 92.14 0.50 0.50 0.79 0.84 0.81 104.93 0.47 0.51
PEZ [35] 0.70 0.82 0.76 1879.27 0.15 0.66 0.52 0.71 0.79 1811.17 0.06 0.58 0.71 0.80 0.75 1905.68 0.25 0.68
VGD [13] 0.83 0.90 0.86 21.79 0.51 0.68 0.83 0.89 0.86 21.39 0.55 0.54 0.85 0.87 0.86 24.23 0.49 0.59
Ours 0.84 0.90 0.87 17.10 0.56 0.74 0.84 0.89 0.86 17.42 0.59 0.67 0.84 0.86 0.85 18.47 0.49 0.68

(ii) reference image reconstruction, and (iii) prompt ed-
itability. Our goal is to produce prompts whose token-level
edits, including concept swap and concept append, induce
localized and consistent image changes while preserving
unrelated content. We assess how well an inverted prompt
aligns with the source caption using BERTScore (precision,
recall, and F1) and CLIP-Text similarity. For fair compar-
ison with prior work [13], we use separate CLIP models
for guidance and evaluation: CLIP-ViT-H-14 for steering
and CLIP-ViT-G-14 for similarity measurement. We mea-
sure prompt interpretability using GPT-2 perplexity (PPL).
We also report complexity and wall-clock inversion time in
Sec. 6.3, where our method achieves ∼ 10× efficiency gains
over hard-prompt baselines. We evaluate reconstruction fi-
delity using CLIP Image similarity between each reference
image and its reconstruction, and additionally report con-
trolled user studies (see Supplement), following the protocol
of [13]. Our central objective is to generate prompts that
support reliable token-level edits with corresponding image-
level effects. We evaluate text-to-image generation quality
after concept swap and concept append operations using

TIFA [11] and GPT-4V-based scores [41], and further val-
idate these results through controlled user studies (Fig. 4).
In token swap, a subject or concept token xi is replaced
with x̃, for example, “A cat in a park” → “A dog in a park.”
In token append, attribute or style tokens are added to the
prompt.

5.3. Baselines
We compare our method against hard prompt inversion meth-
ods, as well as captioning-based baselines: VGD [13], PEZ
[35], BLIP-2 [14], CLIP-Interrogator [25], and Florence-2
[38]. We report results across prompt inversion token bud-
gets of 16, 32, 64, and ∼ 77 tokens.

6. Results

6.1. Prompt Inversion and Image Reconstruction
Tab. 1 depicts the performance of our method for Prompt In-
version compared to baselines. We observe that our method
that incorporates CLIP-guidance token-similarity regular-
ization outperforms existing soft and hard prompt inversion



Figure 2. Reference-Image reconstructions qualitative results compared to baselines: Top row: Reference-image reconstruction
generated from inverted prompts. Bottom row: Inverted Text Prompt. We observe that our method generates coherent, aligned, structured
prompts that preserve all attributes. We list these attributes in the left-most image (Reference Image). We also provide the reference caption
(not used for inversion) for comparison with the inverted prompt. Our quantitative results are provided in Tab. 1.

baselines on all Text and Reference Image Reconstruction
evaluation metrics. Notably, we observe significant reduc-
tion in PPL Scores (improved interpretability) when com-
pared to interpretable baselines including BLIP-2 [14] and
VGD [13]. We observe that as the token length increases, we
observe consistent reduction in Perplexity scores while the
CLIP-Image similarity (CL-I) between generated image and
reference image increases indicating that descriptive prompts
generate images that are aligned with reference images. We
also observe that the gains of our method at text-level and
image-level evaluation metrics are consistent across datasets.
Summary: Our method generates Text Prompts with im-
proved Prompt Accuracy, Interpretability, and Alignment.

6.2. Token Editability

We evaluate the effectiveness of inverted hard prompts on
a downstream text to image generation task. Recall from
Sec. 4.4 that our method aims to perform Edit-Friendly
Prompt Inversion. We present our results in Fig. 4. We
choose Captioning [38], VGD [13], and CLIP Interroga-
tor 2.1 [25] for comparison as they generate interpretable

prompts that allow token-level concept swap. For consis-
tency, we choose prompts that have the same concept in
the inverted text. From Fig. 4, we observe that our method
results in modular, disentangled prompts that allow seam-
less token-level Concept Swap and Concept Append image
generation. We also provide qualitative results compared to
VGD (interpretable baseline with best clip-image similarity
with generated and reference image) [13] for Concept Swap
and Concept Append in Fig. 3. We clearly observe that our
method introduces consistent and localized concept swaps
and successful concept append results while preserving other
image attributes such as background without introducing un-
desirable artifacts into the image.
Summary: Our method generates edit-friendly prompt with
improved TIFA and GPT-V scores.

6.3. Prompt Inversion Efficiency

Let N denote prompt length, V vocabulary size, and B beam
size. In autoregressive (AR) decoding, tokens are generated
sequentially, so CLIP-guided search over full prompts scales
as O

(
BN ELM +BN Calign

)
, where ELM is the cost of one



Figure 3. Edit-Friendly evaluation of our method compared to interpretable baseline: Each example: Top-left image is inverted to
prompt (VGD and Ours). This prompt then undergoes token-level Concept-Swap or Concept Append and the final image is generated.
Our prompts introduce localized, consistent image level changes through token-level concept swap and concept append operation. In the
qualitative samples above, we see that our method consistently preserves background and attributes while ensuring swap and append success.

Table 2. Prompt Inversion time and Image Reconstruction Sim-
ilarity across token budgets. Metrics per token: Time (s; ↓) and
CLIP-Image Similarity (CL-I (↑)). We observe that when com-
pared to best performing prompt inversion techniques such as PEZ
[35] and VGD [13], our method demonstrates significant efficiency
improvements. All experiments are run on a single A6000 GPU.

Method 16 tokens 32 tokens 64 tokens 77 tokens

Time↓ CL-I↑ Time↓ CL-I↑ Time↓ CL-I↑ Time↓ CL-I↑

Captioning [38] 2.80 0.46 4.20 0.48 8.20 0.47 9.30 0.49
BLIP-2 [14] 0.80 0.48 1.40 0.48 3.60 0.51 4.80 0.53
CLIP Int. [25] 0.30 0.51 0.60 0.52 0.70 0.67 0.80 0.66
PEZ [35] 191.03 0.68 193.70 0.69 194.47 0.67 194.40 0.68
VGD [13] 18.70 0.67 40.20 0.68 81.72 0.67 104.20 0.68

Ours 2.43 0.71 5.60 0.71 6.90 0.73 10.50 0.74

language-model forward pass and Calign is the cost of one
CLIP evaluation. Since CLIP must be applied repeatedly to
partial prefixes, both costs grow linearly with N . In contrast,
a discrete diffusion language model (dLLM) refines the full

sequence in T parallel denoising steps, giving complexity
O
(
T EdLLM + T Calign

)
, where EdLLM is the cost of one re-

finement step. Because typically T ≪ N , dLLM decoding
replaces many sequential expansions with a small number
of parallel refinements while still enabling CLIP guidance
at each step. Our steering module adds only a lightweight
potential update with cost CSteer ≪ EdLLM, so the overall
asymptotic scaling remains unchanged. Empirically (Tab. 2),
captioning methods such as BLIP-2 are fast but yield much
lower CLIP-Image (CL-I) scores, while our dLLM-based
approach achieves substantial speedups over hard prompt in-
version baselines PEZ [35] and VGD [13] (∼ 10× vs. VGD
and 95× vs. PEZ) while also improving CL-I alignment.
These results support discrete diffusion LMs as an efficient
and accurate backbone for hard prompt inversion.

6.4. Token-level Overlap Analysis
We visualize token-level interactions (as mentioned in
Sec. 4.4) during inversion by plotting token-token simi-
larity heatmaps accumulated across denoising time steps.



Figure 4. Edit-friendly prompt inversion enables seamless down-
stream T2I editing. We compare concept swap (top) and concept
append (middle) operations from inverted prompts across datasets.
Interpretable hard inversion (VGD [13]) outperforms captioning
and BLIP-2, while our method achieves further gains on both TIFA
and GPT-4V scores for swap and append. Controlled user studies
(bottom) against VGD show consistent preferences.

Off-diagonal intensity serves as a proxy for entanglement:
when off-diagonals are high, changing one token (a sub-
ject) undesirably perturbs other attributes (background).
We observe that although baseline methods such as VGD
[13] generate interpretable prompts, they exhibit persistent,
off–diagonals, indicating coupled tokens. In contrast, our
similarity-regularized decoding rapidly suppresses these off-
diagonals and “freezes” confident tokens, yielding disen-
tangled words that enable targeted edits without reducing
alignment with reference image. We present a heatmap and
concept swap comparison with VGD [13] in (Fig. 5) to show
that leakage effect in concept swap while our method induces
localized, consistent concept-swap result.

7. Ablation Studies

Tab. 3 provides an ablation to demonstrate the role of CLIP
guidance vs our method. “No Guide” is the plain dLLM de-
coder without external signals. “CLIP Guide” adds steering
with a CLIP-based reward. “Sim. Guide” adds Token-Token
Similarity reduction without CLIP guidance. “Ours” in-
corporates our Token-Token Similarity reduction and CLIP
guidance into prompt inversion. We observe that across set-
tings, adding guidance improves CLIP-I over No Guide but
increases runtime. Ours achieves the strongest text-semantic
scores (Prec/Rec/F1 = 0.87/0.91/0.89) and the highest CLIP-
I (0.71), indicating the best overall alignment to both text and
image with time overhead. However, it is important to note
that our method is ∼ 10× faster than the best performing
interpretable baselines [13]. CLIP Guide attains the lowest
perplexity (PPL = 28.84) with moderate time (3.42s). Sim.

Figure 5. Token–token similarity heatmaps for the VGD prompt
(middle) and our prompt (right). Each entry (i, j) measures simi-
larity between the predicted token distributions at positions i and j
during decoding (Sec. 4.4). VGD shows strong off-diagonal struc-
ture, indicating tightly coupled tokens, whereas our prompt yields a
near-diagonal matrix with lower off-diagonal similarity, reflecting
more modular tokens and enabling localized, edit-friendly word
edits.

Table 3. Role of CLIP guidance and Token-Similarity Steering.
Metrics: BERTScore (Prec/Rec/F1; ↑), Perplexity (PPL; ↓), CLIP
image similarity (CLIP-I; ↑), TIFA (↑), and Time (s; ↓). 32 Tokens

Method CLIP Model Prec↑ Rec↑ F1↑ PPL↓ CLIP-I↑ TIFA↑ Time↓

No Guide — 0.80 0.81 0.80 36.91 0.62 0.74 2.12
CLIP Guide ViT-H-14 0.81 0.83 0.82 28.84 0.68 0.81 3.42
Sim. Guide ViT-H-14 0.78 0.80 0.79 45.93 0.64 0.92 4.98
Ours ViT-H-14 0.87 0.91 0.89 33.16 0.71 0.89 5.60

Guide peaks on TIFA (0.92), suggesting better faithfulness
to fine-grained attributes.

8. Conclusion
We introduce a novel hard prompt inversion framework that
combines discrete diffusion language models (dLLMs) with
CLIP-guided steering to generate edit-friendly, interpretable
prompts. Unlike prior methods, our approach supports down-
stream concept edits such as token swaps and appends while
preserving image attributes unrelated to the modified con-
cept. Across three datasets, our method achieves state-of-the-
art performance in interpretability, alignment, and editabil-
ity, with strong gains in prompt perplexity, CLIP similarity,
TIFA, and GPT-V scores. User studies further confirm better
human-perceived interpretability and editability. The method
also delivers over 10× faster inversion for prompts up to 77
tokens, making it practical for interactive and scalable use.
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