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Figure 1. Given text prompts on the left of parts of objects, we show results from (a) a baseline, Stable Diffusion (SD) 1.5, showing that:
generated parts can 1) be unrealistic (top), 2) include unwanted information, such as obfuscated content (middle) and 3) show the entire
object, rather than just the part of interest (bottom). In contrast, results from (b) our method consistently produce realistic parts on neutral
backgrounds, isolated from their parent objects.

Abstract

Design prototyping involves creating mockups of products001
or concepts to gather feedback and iterate on ideas. While002
prototyping often requires specific parts of objects, such as003
when constructing a novel creature for a video game, exist-004
ing text-to-image methods tend to only generate entire ob-005
jects. To address this, we propose a novel task and method006
of “part sticker generation”, which entails generating an007
isolated part of an object on a neutral background. Experi-008
ments demonstrate our method outperforms state-of-the-art009
baselines with respect to realism and text alignment, while010
preserving object-level generation capabilities. We release011
our code and models at https://anonymous.com to012
encourage community-wide progress on this new task.013

1. Introduction014

Design prototyping involves creating mockups of products015
or concepts to gather feedback and rapidly iterate on ideas,016
ultimately refining the final outcome [6, 8, 64]. This low-017

fidelity approach minimizes the need for polished assets 018
at each step, accelerating creativity and decision-making 019
in fields such as product design, education, and entertain- 020
ment [3, 12, 54, 55]. Generative AI tools have emerged as 021
a popular tool in rapid prototyping due to their proficiency 022
in generating diverse objects and scenes from linguistic in- 023
put [4, 7, 23, 37, 48, 58]. 024

Towards increasing the applicability of generative AI for 025
design prototyping, we aim to address three limitations of 026
existing methods. First, most text-to-image pipelines can- 027
not directly generate isolated parts (e.g., a wing detached 028
from a bird). Yet, such finer-grained, part-level renderings 029
can also be valuable for prototyping, such as for product 030
development. Second, existing approaches supporting part- 031
level generation often either compromise on realism or in- 032
clude extra, unwanted regions (e.g., head and shoulders in- 033
stead of just the head), necessitating extra work before such 034
rendered parts can be incorporated into a design. Third, 035
text-to-image pipelines typically produce non-neutral back- 036
grounds, necessitating extra work to isolate rendered parts 037
from the backgrounds. These three limitations are high- 038
lighted in Figure 1(a), with results from an existing state- 039
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of-the-art model (Stable Diffusion): the top row shows un-040
realistic parts; the middle row includes incomplete regions,041
such as a fraction of the desired tire of the bicycle; and the042
bottom row displays unwanted extra regions, such as the043
entire object.044

To overcome these limitations, we propose the novel task045
of part sticker generation, which requires a system to cre-046
ate a single, accurately isolated part on a plain background047
given only a textual prompt. While numerous pay-per-048
use datasets exist for object-level “stickers” (e.g., Adobe049
Stock, Noun Project), free alternatives are limited,050
and few, if any, offer the ability to generate parts on de-051
mand. Our contributions are three-fold. First, we intro-052
duce PartSticker, the first dedicated method for isolated053
part generation that simultaneously provides realism and di-054
versity. Second, by generating parts against a neutral back-055
ground, PartSticker removes the need for manual segmen-056
tation to isolate rendered parts, enabling drag-and-drop ca-057
pabilities that could streamline rapid design prototyping.058
Third, we benchmark our approach against state-of-the-art059
text-to-image models, identifying common failure modes060
and discussing avenues for future improvements. As shown061
in Figure 1(b), our method produces realistic, complete,062
and precisely isolated parts.063

Success in our proposed task can yield numerous bene-064
fits for the design space. For instance, designers can assem-065
ble different generated parts to rapidly prototype novel con-066
cepts, similar to how physical LEGO blocks can be com-067
bined to create unique structures. Additionally, by simply068
varying the text prompt, users can quickly produce multiple069
variations (e.g., shapes, textures, or styles) of a specific part070
and select the best fit. This low-cost, on-the-fly variation071
supports rapid A/B testing of design ideas in a visual man-072
ner. It also encourages remixing and exploration: for exam-073
ple, a game artist could generate bird, dragon, or airplane074
wings and attach them to a creature concept, thereby ex-075
panding creative possibilities beyond conventional assets.076

2. Related Work077

Text-to-Image Generation. Text-to-image generation078
methods aim to synthesize realistic images from natural lan-079
guage descriptions. There has been rapid progress on this080
task since the introduction of Generative Adversarial Net-081
works [14] (GANs), an adversarial training framework that082
pits a generator against a discriminator to produce increas-083
ingly plausible images. Building on these foundations, sub-084
sequent works incorporated text encoders [27, 44, 47, 57,085
66] and attention mechanisms [10, 13, 36, 65] to better align086
generated content with linguistic input, improving visual fi-087
delity and text relevance. More recently, diffusion [2]-based088
models have achieved impressive results by iteratively de-089
noising randomly sampled noise [19, 33, 53, 68], leveraging090
large-scale image-text datasets to produce high-fidelity out-091

puts [43, 49]. While these methods excel at generating en- 092
tire scenes or objects, they offer limited control when users 093
only need to generate specific components, such as parts of 094
an object [51, 60]. In contrast, our work focuses on generat- 095
ing standalone parts directly against a neutral background, 096
eliminating the need for manual intervention while main- 097
taining fidelity to the text prompt. 098

Segmentation-Based Generation Models. Numerous 099
approaches leverage segmentation to guide image synthe- 100
sis [9, 15, 31, 67]. Early works introduced semantic masks 101
or label maps as constraints to control layouts [34, 62], 102
enabling users to define rough outlines of objects before 103
rendering them [24]. For example, segmentation-aware 104
GANs [25] and conditional architectures can produce im- 105
ages aligned with user-provided masks [41, 52, 68, 69], im- 106
proving structural accuracy. Although these methods im- 107
prove realism and controllability, they generally expect ex- 108
plicit segmentation inputs from users (i.e., the models rely 109
on this guidance) and still focus on generating entire objects 110
or complex scenes, rather than just requiring text input. In 111
contrast, our approach capitalizes on part-level annotations 112
during training to directly generate isolated object parts on 113
plain backgrounds when only given text prompts (i.e., no 114
segmentation mask inputs). 115

Generation of Images with Plain Backgrounds. Many 116
works aim to produce images with plain or fully controlled 117
backgrounds to support diverse, often creative, tasks like e- 118
commerce photography and compositing. Early techniques 119
often relied on segmentation masks or ‘green screen’ setups, 120
requiring users to remove unwanted backgrounds by hand 121
before compositing the subject on a plain canvas [1, 39]. 122
More recently, GAN-based methods like SPADE [34] have 123
enabled semantic image synthesis from user-defined seg- 124
mentation maps, effectively granting fine-grained control 125
over foreground and background regions. Inpainting ap- 126
proaches like InstructPix2Pix [5] use textual prompts to re- 127
fine or erase backgrounds without altering the main subject. 128
Although these methods provide adjustable backgrounds, 129
many still require substantial user input (e.g., drawing seg- 130
mentation outlines) or do not offer mechanisms for gener- 131
ating plain backgrounds. In contrast, our work automates 132
the plain-background process by directly generating ‘stick- 133
ers’, isolated parts placed against a neutral canvas that can 134
be trivially separated by automated methods, thus removing 135
the manual overhead of removing backgrounds by hand. 136

3. Method 137

We now introduce our PartSticker framework, describing 138
its model architecture, data generation pipeline, and training 139
strategies. An overview is shown in Figure 2. 140
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3.1. Background: Diffusion141

Our proposed framework leverages fundamental advance-142
ments in diffusion modeling [2, 45]. Diffusion approaches143
frame image generation as a process of gradually denoising144
samples, beginning from pure noise and iteratively refining145
them into coherent images. Following [19], let x0 ∼ q(x0)146
be an image sampled from the ground truth distribution147
(e.g., dataset) q. Forward diffusion processes progressively148
add Gaussian noise over T timesteps, forming a Markov149
Process with latent variables x1, . . . ,xT. For every time150
step t ∈ {1, 2, . . . , T}, we sample151

q(xt | xt−1) ∼ N (
√
1− βtxt−1, βtI), (1)152

where βt is the variance scheduler controlling the noise at153
time step t and I is the identity matrix with the same dimen-154
sion as the latents, ensuring that noise is added isotropically155
(all latent channels are treated equally). This process yields156
a nearly Gaussian latent vector xT after T timesteps, irre-157
gardless of x0.158

Diffusion models generally learn the reverse process:159

pθ(xt−1 | xt), (2)160

where p is parametrized by the parameters θ belonging to a161
denoising network (e.g., a UNet [46] in our setting). This162
reverse process iteratively removes noise to reconstruct a163
de-noised latent vector, x0. A common realization of this164
objective is expressed via the simplified denoising loss:165

Ldenoise = Eϵ∼N (0,1),t∼U({1,...,T})
[
||ϵ− ϵθ(xt, t)||22

]
,
(3)166

where ϵθ is a time-conditioned network that predicts the167
Gaussian noise ϵ at timestep t, where t is uniformly sam-168
pled from {1, . . . , T}. Once the model learns to remove the169
added noise, the resulting vector x0 can be decoded back to170
image space, thereby completing image generation.171

3.2. PartSticker Framework172

The core contribution of our framework is our training data173
generation pipeline. We design it to support our task of part174
sticker generation, by generating a single part specified in a175
text prompt that is ‘pasted’ on a neutral, gray background.176
The pipeline is exemplified in Figure 2, and consists of two177
key steps. First, given an image with associated object and178
part segmentation masks, we localize each desired part and179
place it in the center of a gray background. Second, for each180
localized image region, we pair it with a prompt describing181
the region. All resulting image-prompt pairs are then used182
to train a text-to-image diffusion model. We hypothesize183
that such a pipeline would enable a trained model to gen-184
erate diverse renderings for each part type because existing185
datasets offer many diverse part segmentations, including186
of the same types observed across different objects (e.g., an187
eye can be found in a frog and dog).188

Sticker Construction. Given a part segmentation dataset 189
with associated images, we create our part stickers by us- 190
ing a templated approach. First, we obtain a binary seg- 191
mentation for a desired part (e.g., the leg of a dog). We 192
then multiply this binary segmentation with the associated 193
image to obtain a RGB image where pixels outside of the 194
desired region are black and pixels inside are the original 195
content from the image. We then create a blank canvas of 196
square aspect ratio where the background of the canvas is 197
blank and ‘paste’ the masked content onto the center of the 198
canvas. This design choice stems from the fact that saliency 199
variations are undesired in our setting. Rather, we aim to 200
generate a single, easy-to-extract salient part per image. 201

Prompt Generation. To provide textual conditioning 202
during training, we construct prompts that reflect both the 203
part and the object. Specifically, given an (object, part) 204
pair, such as (dog, leg), we construct our input prompts 205
with the template “a [PART] of a [OBJECT].” We 206
choose this prompt over other choices (e.g., “[OBJECT] 207
[PART].”) as language models have shown better hierar- 208
chical understanding with the former prompt [30]. How- 209
ever, we hypothesize at test time that users do not need to 210
strictly abide by these prompts due to the model learning 211
the object-part association, and we provide ablation study 212
results that support this hypothesis in Section 4. 213

Training Approach. We fine-tune Stable Diffusion 1.5 214
with our training data in order to extend its powerful base 215
capabilities. We achieve this with Low-Rank Adaptation 216
(LoRA) fine-tuning, by attaching LoRA adapters [20, 40] 217
to the attention layers of the U-Net. LoRA adds low-rank 218
trainable parameters (i.e., matrices of rank r) into Q,K, V 219
matrices and output projections (i.e., last linear layer of 220
the attention blocks), which we unfreeze for gradient up- 221
dates. The rest of the network remains frozen, reducing 222
memory consumption and training time compared to full 223
fine-tuning while preventing catastrophic forgetting. Im- 224
portantly, this fine-tuning strategy allows us to adapt the 225
network to our part-sticker generation task without discard- 226
ing the foundational parameters. This approach maintains 227
the model’s general “world knowledge” while enabling it to 228
learn domain-specific behaviors pertinent to generating iso- 229
lated parts on a gray background. During training, we opti- 230
mize the standard diffusion loss presented in Equation 3. 231

4. Experiments 232

We now assess the performance of our proposed PartSticker 233
framework against modern text-to-image generation base- 234
lines, both qualitatively and quantitatively. 235
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Figure 2. Overview of our proposed PartSticker framework. We train a base model on ‘part stickers’ (i.e., masked out parts of an
object pasted on a neutral background) with text prompts describing the region, both of which are derived from existing part segmentation
datasets. Text prompts are created by combining the part class labels with their object-level superclasses, leveraging the following template:
“a [PART] of a [OBJECT]”. We leverage LoRA [20] to achieve parameter-efficient fine-tuning.

Model Ours SD1.5 [45] SDXL [38] InstanceDiffusion [61] GLIGEN [26]

# Total Parameters 1.06B 1.06B 3.2B 1.2B 1.2B
Neutral Background Generation ✓ ✗ ✗ ✗ ✗
Part-only Generation ✓ ✗ ✗ ✗ ✗

Table 1. Comparison of our proposed method with other baselines in terms of total parameters, ability to generate regions of interest on
a neutral background, and ability to generate solely the region of interest. Out of all methods, PartSticker is the only method capable of
achieving the latter two capabilities, and achieves this while also relying on the fewest amount of parameters.

4.1. Experimental Design236

We evaluate our framework by providing a model with a237
text prompt describing the part to be generated. We use238
the prompt introduced in Section 3. For each prompt, we239
consider 100 generated samples from each baseline method.240

Baselines. We compare our proposed PartSticker frame-241
work against numerous popular text-to-image models. A242
summary of each model’s capacity and capabilities is pro-243
vided in Table 1.244

First, we leverage Stable Diffusion 1.5 [45] (SD 1.5),245
which also serves as our base model. SD 1.5 follows a latent246
diffusion architecture, that compresses images into lower-247
dimensional latent space via a variational autoencoder [22],248
then denoises these latent codes with a time-condition U-249
Net [46], and conditions on text using CLIP [42]. We use250
the variant of SD 1.5 trained on the large-scale LAION 5B251
dataset [50], which contains roughly five billion image-text252
pairs. We include SD 1.5 as a baseline for its proven com-253
petence in generating high-fidelity images from text alone254
while maintaining a relatively lightweight architecture.255

We also evaluate Stable Diffusion XL [38] (SDXL), a256
more parameter-rich extension of SD 1.5 that introduces a257
refined architecture, multiple text encoders for better lan-258
guage alignment, and a refiner module for enhanced image259
detail. Trained on an expanded LAION-5B dataset with260

higher-quality image-text pairs, SDXL offers near state- 261
of-the-art text-to-image performance but demands signifi- 262
cantly more computational resources. In our experiments, 263
we compare only to its base model (excluding the refiner) 264
to conserve memory and boost inference speed, while pro- 265
viding a more fair comparison with the other baselines. 266

Besides text-to-image foundation models, we also com- 267
pare our method with controllable generative models, which 268
typically offer more precise manipulation of entities in a 269
generated image. We leverage two top-performing mod- 270
els, GLIGEN [26] and InstanceDiffusion [61]. GLIGEN 271
augments a U-Net backbone with learnable ‘condition’ em- 272
beddings and auxiliary modules that take in as input spa- 273
tial annotations. We use the variant of GLIGEN trained on 274
multiple image-text datasets with spatial annotations. Sim- 275
ilarly, InstanceDiffusion integrates a module to handle four 276
types of grounded conditions: bounding boxes, segmen- 277
tation masks, scribbles, and points, relying on large-scale 278
multimodal annotations. Both models accept text prompts 279
plus one or more conditioning inputs. We use a centered 280
bounding box in all experiments, to yield spatially con- 281
strained images. 282

Implementation Details. We implement our PartSticker 283
model using the Diffusers [59] library, alongside Py- 284
Torch [35] for model training. To increase training speed, 285
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we leverage mixed-precision. We train our model for 10286
epochs using a batch size of 16 text-part sticker pairs and287
keep the model with the best validation loss. For our288
LoRA fine-tuning, we use a rank of 16 using a learning289
rate of 1e−4 with the AdamW [28] optimizer with β1 =290
0.9andβ2 = 0.999. We resize all images to a spatial reso-291
lution of 512x512. All experiment were conducted on two292
NVIDIA A100 GPUs. At training time our model takes as293
input a text prompt and image, while at inference it takes as294
input a prompt alone.295

Datasets. To generate our training data, we leverage the296
high-quality part segmentation dataset, PartImageNet [17],297
based off of the seminal ImageNet [11] paper. This datasets298
contains 20k images for training, 1k for validation, and299
2k for testing. PartImageNet contains 11 object super-300
categories which can be further expanded into 158 spe-301
cific categories (e.g., quadruped to deer) using their Word-302
Net [29] names. After performing our sticker construction303
algorithm from Section 3.2, we end up with 94k samples304
for training, 5.6k for validation, and 11k for testing.305

Through training and validation, we rely on WordNet-306
derived object names to construct precise text prompts that307
preserve rich semantic detail. However, anticipating that308
real-world users may describe an object region with more309
general terms (e.g., “car” rather than a specific make like310
“Subaru”), we have our test-time prompts adopt these more311
generalized descriptors.312

Evaluation Metrics. We evaluate our generated part313
stickers using Fréchet Inception Distance [18] (FID) and314
Structural Similarity Index Measure [63] (SSIM). FID com-315
pares the feature distributions of real and generated im-316
ages using features extracted from InceptionV3 [56]; values317
closer to 0 indicate greater similarity to the real distribu-318
tion, whereas higher values represent signal poorer fidelity.319
SSIM assesses pixel-wise structural consistency between320
pairs of images on a scale from -1 to 1, where 1 denotes321
identical images and -1 denotes perfect anti-correlation322
(e.g., an inverted version of the image). By examining both323
FID (global distribution alignment) and SSIM (local struc-324
tural fidelity), we capture complementary aspects of realism325
and structural accuracy in our generated outputs.326

4.2. Results327

We now analyze the results of experiments, both quanti-328
tatively using traditional image generation evaluation met-329
rics, and qualitatively, using representative generated sam-330
ples from our baseline methods. We provide quantitative331
results in Table 2, and quantitative results in Figure 3.332

Overall Performance. We report the quantitative perfor-333
mance for our method and all baselines in Table 2. For334

Methods FID↓ SSIM↑
PartSticker 39.52 0.74
Stable Diffusion 1.5 [45] 81.93 0.34
InstanceDiffusion [61] 85.66 0.35
GLIGEN [26] 81.62 0.35
SDXL [38] 58.37 0.48

Table 2. We evaluate using FID and SSIM. Our method outper-
forms prior work across both metrics, indicating its effectiveness
on generating isolated part stickers.

both metrics, FID and SSM, PartSticker consistently outper- 335
forms the baseline methods by a considerable margin. For 336
example, we achieve a 106% relative percentage point in- 337
crease in FID over the next best method, GLIGEN, suggest- 338
ing that our approach more correctly produces images that 339
have a higher degree of realism, as measured by comparing 340
the feature distributions of InceptionV3. Similarly, when 341
observing the next best SSIM scores (i.e., InstanceDiffusion 342
and GLIGEN), we observe a 111% relative percentage point 343
increase in performance. This discrepancy in performance 344
highlights a crucial limitation of existing approaches: they 345
are unable to match patterns in generated images of local- 346
ized parts, as evidenced by both the low SSIM scores as 347
well as the qualitative examples shown in Figure 3. 348

When observing the quantitative performance of base- 349
line methods, we observe little variance in both SSIM and 350
FID scores, with the exception of InstanceDiffusion, which 351
performs nearly four percentage points worse than the re- 352
maining baselines. This poor performance suggests that, 353
while these methods may be able to generate out of distribu- 354
tion objects such as the dinosaur head in Figure 3, they are 355
unable to generalize outside of their training data to novel 356
structures such as solely generating a part. The one excep- 357
tion to this trend is SDXL, which attains significantly bet- 358
ter FID and SSIM scores than the other baselines, although 359
it still does not surpass our results. Notably, SDXL uses 360
nearly three times as many parameters, granting it substan- 361
tially more expressive power. 362

Analysis with Respect to Specific Parts. We analyze 363
the effectiveness of our method compared to baseline ap- 364
proaches for generating specific object parts, such as “the 365
tire of a car” or “the wing of a bird,” as shown in Fig- 366
ure 3. Across all evaluations, our proposed framework 367
demonstrates consistent results, whereas baseline methods 368
yield mixed outcomes. PartSticker consistently generates 369
only the intended part for various object classes. For ex- 370
ample, for the prompt “the sail of a boat,” our method reli- 371
ably generates only the sail without including the boat body. 372
Similarly, with the prompt “a foot of a lizard”, our method 373
correctly does not include the lizard’s body in the generated 374
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Figure 3. Qualitative results showing examples of generated images given text prompts (left) and the average image of 100 generated
samples from a given method (left). Overall, we observe that PartSticker is the only method capable of consistently generating only the
requested part on a neutral background with a high degree of realism. The bottom three rows represent out-of-distribution scenarios for
PartSticker: generation of an object and two out-of-distribution parts. (SD stands for Stable Diffusion).

content. In contrast, baseline methods frequently generate375
the entire boat and lizard. Similarly, when prompted to gen-376
erate “the tire of a car,” PartSticker consistently isolates the377
tire, whereas other methods often include extra portions of378
a car, such as its fender in one instance. While Stable Diffu-379
sion 1.5 and Stable Diffusion XL can occasionally generate380
only the target part, such as for the prompt “the wing of a381
bird,” such results are inconsistent with many generations382
containing the full bird. This inconsistency across baseline383
methods highlights a significant drawback: users cannot re-384
liably predict whether a method will generate solely the de-385
sired part. Such unpredictability may necessitate additional386
effort to isolate the desired parts from the generated images,387
which we hypothesize is cumbersome for users. In contrast,388
our method provides consistent and predictable results, re-389
ducing the potential need for extra intervention.390

Analysis with Respect to Realism. Next, we analyze the 391
realism of the generated results with respect to physical ac- 392
curacy and the diversity between artistic (e.g., sketched or 393
illustrated) and photorealistic content. PartSticker consis- 394
tently produces physically accurate results. For instance, 395
when prompted with “the foot of a lizard,” our method ac- 396
curately generates the foot without additional limbs or un- 397
realistic artifacts. Baseline methods, such as Stable Diffu- 398
sion 1.5 and InstanceDiffusion, sometimes generate unre- 399
alistic features, including extra limbs or incorrect replace- 400
ments (e.g., a tail replaced with an additional foot). Like- 401
wise, methods like GLIGEN and Stable Diffusion XL occa- 402
sionally produce unnatural shapes or orientations, such as a 403
distorted car tire or a bird’s wing occupying inappropriate 404
body positions, such as the head or the body. 405

Regarding photorealism, PartSticker consistently gen- 406
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erates photorealistic content, likely benefiting from fine-407
tuning on real images. In contrast, baseline methods exhibit408
inconsistent style, alternating between realistic and artistic409
outcomes, such as sketches. While diversity in style may410
seem beneficial, we argue that photorealism should be the411
default output unless explicitly requested by users, as photo-412
realistic images typically serve broader practical purposes.413
Other methods either share this inconsistency or produce414
visibly artificial images.415

One limitation of our approach is the harsh edges visible416
in some stickers, particularly with round parts such as tires,417
which can appear polygonal. This issue likely arises due to418
inaccuracies in segmentation masks around region bound-419
aries during training. Nonetheless, we believe smoothing420
these edges is less burdensome for users than manually lo-421
calizing the desired parts, and may be sufficient for most422
low-fidelity prototypes where demonstrating concepts takes423
precedence over polished results. Future work could in-424
volve improving the quality of segmentation datasets or425
adding refinement modules directly to the generation pro-426
cess to enhance realism further.427

Analysis with Respect to Saliency. We analyze the428
saliency of generated parts by examining the average im-429
ages on the right of Figure 3. To construct the average im-430
ages, we average 100 generations for each prompt.431

Overall, our findings suggest that our method strikes a432
balance between maintaining a salient focus on the target433
part and accommodating diverse real-world variations. For434
example, for prompts such as “a head of a cat” and “a tire435
of a car,” PartSticker consistently produces blurry yet recog-436
nizable generations corresponding to the specified parts, in-437
dicating strong saliency. In contrast, for “a wing of a bird,”438
the average image reflects significant variation in perspec-439
tive and angle, covering a broad range of real-world scenar-440
ios, an attribute beneficial for design exploration. For the441
out-of-distribution scenario, “a flower of a lotus,” the sta-442
men is consistently centered, yet the petals remain faint or443
absent in the averaged result. We hypothesize that, although444
the model fixes the lotus’s position, frequent changes in the445
petals’ sizes, colors, or viewpoints render their contours less446
defined when averaged.447

Most baseline methods have considerably more variation448
in position than our approach. For example, models such as449
Stable Diffusion 1.5, SDXL, and GLIGEN produce parts450
(e.g., “a tire of a car”) at diverse positions, as evidenced by451
most of the average image being the color of a car tire. The452
one exception is InstanceDiffusion, which is expected be-453
cause InstanceDiffusion relies on a user-provided bounding454
box to determine where the generated part should appear,455
thus consistently centering the target in the image. Interest-456
ingly, despite GLIGEN receiving similar spatial guidance457
(i.e., a bounding box), its content exhibits a greater varia-458

tion in position than InstanceDiffusion. While such spatial 459
variability is potentially desirable for tasks like recognition 460
or segmentation, we hypothesis it is ill-suited for rapid pro- 461
totyping tasks as it may require extra work from a designer 462
to locate the region of interest. 463

Although one could envision a future hybrid approach 464
that combines bounding-box guidance from InstanceDiffu- 465
sion with our PartSticker framework to offer explicit loca- 466
tion control, it would also require an additional user input 467
(i.e., the bounding box). In comparison, PartSticker cen- 468
ters each generated part by default, balancing user needs 469
for predictable placement and minimal configuration over- 470
head. This design choice obviates the need for bounding- 471
box inputs while enabling part generation capabilities on 472
clean backgrounds. 473

Analysis with Respect to Background. We next ana- 474
lyze the backgrounds associated with the generated content. 475
PartSticker consistently places each generated region of in- 476
terest onto a neutral, gray background across all prompts. 477
Although slight hue variations occur between samples and 478
prompts, PartSticker remains the only method that reliably 479
maintains neutral backgrounds. Baseline methods, in con- 480
trast, generally produce non-neutral backgrounds. Stable 481
Diffusion XL and GLIGEN occasionally produce relatively 482
neutral backgrounds, notably when generating “a head of a 483
cat,” but this consistency does not extend to other prompts, 484
creating unpredictable results for end users. InstanceDif- 485
fusion also occasionally generates simpler backgrounds, as 486
seen with in the lizard example, however they often exhibit 487
color gradients or subtle patterns that could complicated au- 488
tomated masking tasks for ‘sticker’ removal. 489

Analysis with Respect to Object Generation. In the 490
third row from the bottom in Figure 3, we show a gener- 491
ated example of an entire object (i.e., a dog) on the left and 492
its ‘average image’ on the right. Notably, even though our 493
model was not fine-tuned on full-object data, it retains the 494
base model’s capacity to generate complete objects. More- 495
over, it exhibits a new capability by placing the dog at the 496
center of a neutral background, suggesting our approach 497
is suitable for rapid prototyping beyond part-level require- 498
ments. The resulting output can be used as is with minimal 499
user intervention, unlike the other methods, which depict 500
the dog against a plausible but non-neutral environment. 501

Observing the average image confirms that most of the 502
generated dog pixels appear near the center, likely a conse- 503
quence of the center-pasting strategy used in our part-sticker 504
training pipeline (Section 3). In comparison, the baseline 505
methods (other than InstanceDiffusion, which conditions 506
on a bounding box in the center) exhibit broader variation 507
in the dog’s position, leaving the user to locate or isolate 508
the object. As expected, all baselines also generate full ob- 509
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jects effectively, aligning with the tasks they were originally510
trained for.511

Analysis with Respect to Out-of-distribution Perfor-512
mance. In the bottom two rows of Figure 3, we present513
out-of-distribution examples for all baseline methods.514
These prompts are considered out-of-distribution for Part-515
Sticker because neither the categories (i.e., tyrannosaurus516
and lotus) nor the text prompts were seen during fine-517
tuning. They are also out-of-distribution for the baseline518
methods because their prompts follow the form “a [PART]519
of [OBJECT].” Notably, when generating “a head of a520
tyrannosaurus”, most methods depict the creature accu-521
rately, with only GLIGEN adding extraneous elements such522
as the neck. When examining background contents, Part-523
Sticker remains the sole method to produce a fully neutral524
background. While Stable Diffusion 1.5 and SDXL exhibit525
gray backdrops, they incorporate vignette effects that can-526
not be easily removed without access to the RAW image,527
which is unavailable with generated images since they are528
not captured from the sensor of a camera. For the lotus ex-529
ample, PartSticker successfully generates the flower alone,530
whereas most other methods also produce its stem. De-531
spite these categories being unseen during fine-tuning, Part-532
Sticker maintains strong image quality while preserving a533
consistent, neutral background.534

4.3. Model Design Analysis535

In this section we ablate key design choices for our Part-536
Sticker framework to establish their importance.537

Effect of LoRA rank. Results highlighting the impact of538
the LoRA rank on fine-tuning our base model are shown in539
Table 3. Intuitively, one might expect higher ranks to yield540
better performance, since larger LoRA matrices can provide541
increased capacity. However, our results indicate a more542
nuanced relationship. When using a rank of 4, the model543
appears to lack sufficient representational power, leading to544
the worst performance. Conversely, at rank 32, the model545
exhibits the second poorest results, suggesting it may be un-546
derfitting due to excessive capacity relative to our dataset.547
The best outcomes arise with an intermediate rank of 16,548
presumably because this configuration strikes an effective549
balance between representational capacity and demands for550
our novel task. Notably, all the aforementioned configura-551
tions still outperform all baselines by a large margin.552

Effect of amount of training data. We analyze the im-553
pact of training data size in Table 4, comparing perfor-554
mance when fine-tuning with 50% of the available data ver-555
sus the full dataset. As expected, reducing the training data556
results in a performance drop, consistent with the general557
trend that foundation models benefit from larger datasets.558

Rank FID↓ SSIM↑
4 42.93 0.69
16 39.52 0.74
32 41.48 0.71

Table 3. Ablation study on the effect of LoRA rank and data aug-
mentation strategy. A rank of 16 achieves the best performance.

Amount of Data FID↓ SSIM↑
50% 51.67 0.63
100% 39.52 0.74

Table 4. Ablation study on the effect of the amount of available
training data for fine-tuning. We observe a decrease in perfor-
mance when using half the available data, but an increase com-
pared to the baseline methods.

However, a notable observation is that even with only half 559
the data, our model still outperforms all baselines. This 560
finding suggests that while additional data improves perfor- 561
mance, modern models require only a fraction of the sam- 562
ples to effectively learn our target task. 563

5. Conclusion 564

We introduced PartSticker, a specialized generative frame- 565
work that directly produces isolated object parts with neu- 566
tral backgrounds from textual prompts. By leveraging 567
LoRA-based fine-tuning on part-segmentation data, Part- 568
Sticker outperforms state-of-the-art methods both quantita- 569
tively and qualitatively, which we argue could considerably 570
reduce human effort in rapid prototyping workflows. Fu- 571
ture work could explore some method refinements, such as 572
achieving smoother boundaries, as well as investigate com- 573
positional strategies for creating entirely new objects from 574
generated parts. 575

While our method can greatly benefit designers by 576
speeding up iterative workflows, it also carries potential 577
ethical risks, much like other generative AI tools. For in- 578
stance, such tools can be misused for mass manipulation, 579
disinformation, or producing large volumes of low-quality 580
content [21]. In contrast to image-level generation methods 581
that can instantly generate content for spreading false infor- 582
mation, such as Deep Fakes [32], which undermine trust 583
in media [16], our framework requires manual assembly 584
of individual parts into novel designs. This human-in-the- 585
loop process significantly reduces the likelihood of mass- 586
produced misinformation. Additionally, our approach cen- 587
ters on non-human animals and rigid objects [17], limiting 588
its capacity to generate deceptive human imagery while re- 589
maining well-suited for rapid prototyping tasks. 590
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