












Target Image Attented regions in the target image for PH2P prompt inversion

Figure 4. Application of Unsupervised Segmentation. Illustration of the tokens and corresponding regions (that can be used for unsuper-
vised segmentation; see [50]) obtained for the target images. Note the accuracy of both prompts and corresponding attention.
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Figure 5. Application of Evolutionary Multi-concept Genera-
tion with Proposed PH2P. Images generated with the composed
prompts are inverted with PH2P to create prompts which are fur-
ther combined with prompts recovered from the new target image.

images with visual concepts of intent.
When comparing the diversity of the images generated

with our PH2P versus PEZ [49], our PH2P approach yields
higher diversity while maintaining the image semantics.
Our results highlight that our approach recovers the prompts
in the space of the model’s vocabulary; these prompts can
be used to sample diverse yet relevant images with visual
concepts aligned with those of the target image.

Extensive qualitative results in Tab. 2 show that our ap-

Method Precision(↑) Recall (↑) F1 (↑)

PEZ [49] 0.772 0.835 0.802
PH2P (Ours) 0.803 0.838 0.820

Table 3. Quantitative Evaluation of Prompt Quality. Evaluation
of quality of prompts generated on the COCO dataset as captured
bu the BertScore [56]. We compare the similarity between the
inverted prompts and the ground-truth captions.

Method CLIP Similarity(↑) LPIPS Similarity (↓) LPIPS Diversity (↑)

PH2P 0.77 0.462 0.435
LDM+adam 0.65 0.501 0.400
LDM+all t 0.72 0.479 0.423

Table 4. Ablation. Ablations study the significance of optimiza-
tion choices for inversion in PH2P.

proach generates prompts representative of the visual con-
tent in the target images. Unlike PEZ [49], where the gen-
erated images, at times, cannot capture the intended target
concepts (e.g., row 2), our approach consistently generates
images with accurate semantics.
Quality of the prompts. We compare the contextual simi-
larity between the prompts inverted for the COCO dataset
and the ground-truth annotations (captions) of the corre-
sponding images, with the BertScore [56]. Results in Tab. 3
show that our approach outperforms the prompts gener-
ated by PEZ [49] in terms of BertScore, especially with re-
spect to the precision evaluation validating that our PH2P
prompts have greater semantic similarity to the human cap-
tions. Our PH2P provides relatively precise prompts com-
pared to those from PEZ and has better contextual similarity
to the ground-truth captions. We observe from Tab. 2 that
the prompts from our PH2P approach are more crisp and
clear compared to those from PEZ [49]. The prompts gen-
erated with PEZ tend to have a high frequency of special or
uninterpretable characters; see rows 2, 4, 6 in Tab. 2.
Ablations. To justify the optimization choices for PH2P
prompt inversion in diffusion models, we show in Tab. 4 the
performance of prompt inversion with Adam optimizer and
with optimization for all timesteps (as opposed to the se-
lected range). When using Adam optimizer, the approach
yields prompts that generate images with relatively low
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