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Abstract

Different visual patterns appear with different frequencies
in the world: e.g., beach balls appear on sand more often
than they do on a road. These statistics are reflected in vi-
sion datasets, and as a result trained models more easily
recognize objects in common scenarios. However, recog-
nizing a beach ball on a road may arguably be even more
important than recognizing it on sand. We study how to
mitigate this discrepancy. Since collecting uncommon im-
ages in the real world may be difficult, we explore whether
generating images with less frequent contexts can serve as
effective training augmentation. A key challenge is guiding
generations to remain close to the original dataset distri-
bution while creating diverse images with uncommon con-
texts. We introduce Decoupling Contextual Patterns with
Generations (DecoupleGen), a method that personalizes
text-to-image diffusion models to facilitate coherent synthe-
sis of images with rare contexts while preserving original
visual details. The generated images contain semantically
meaningful content and remain visually aligned with the
original datasets. We further apply verification constraints
to ensure relevance of the augmented data. We evaluate
our approach on object classification and recognition tasks
on complex scene datasets. Our experiments demonstrate
consistent improvements over previous approaches, and our
analyses identify factors underlying these improvements.

1. Introduction

Improvements in computer vision models are fueled, in
part, by advances in data collection methods, resulting in
ever-larger datasets. However, despite diverse curation
strategies, these datasets still contain multiple forms of
bias [9, 10, 51, 58, 64]. One way these biases can man-
ifest is through common co-occurring patterns; for exam-
ple, skis frequently appear with people, while images of
skis alone are rare. These contextual biases often cause
models to fail to generalize to uncommon scenarios; go-
ing back to our example, these models often have low ac-
curacy on images of skis without people [53]. While re-
cent general-purpose vision-language models may exhibit
greater robustness to such biases due to large-scale pretrain-

Figure 1. An example illustrating challenges in contextual de-
biasing. Our goal is to generate an image of skis without a per-
son. Using common Txt2Img models typically produces images
with visual appearances that differ substantially from those in the
original dataset (Figure 1b). Applying existing local image edit-
ing methods, e.g. inpainting, often generates less plausible results
(Figure 1c). Modifying other elements related to person is neces-
sary to ensure visual coherence of the entire image (Figure 1d).

ing [7, 52], many real-world and industrial applications still
utilize smaller specialized models given compute and mem-
ory constraints [12, 36], motivating the need to improve
generalization of compact classifiers.

One way to address these biases is through training ob-
jectives, such as reweighting, that penalize models for over-
relying on contextual cues [8, 14, 17, 53]. However, these
methods are limited to using only the original datasets and
can often result in poorer performance on in-context sam-
ples. An alternative way to tackle these biases is to leverage
recent advances in generative models [24, 25, 41, 45, 47]
to synthesize images with diverse content. These models
can be used to edit images to remove common contexts, or
generate images with difficult contexts. Recent works ex-
plore the potential to incorporate these generations as data
augmentation to improve recognition performance. How-
ever, they usually focus on classifying a single object in an
image [6, 15, 21, 23], thus are not well equipped to handle
interactions between multiple objects in real world scenar-
i0s, limiting their potential scope and applicability.

Constructing images that contain objects in uncommon
contexts using generative models can be challenging. Since
objects and scenes usually interact with each other in real
images, manipulating contextual patterns requires handling
their complex relationships in order to generate natural
looking images. Furthermore, in order for these samples
to improve model performance, the resulting generations
should ideally remain close to the distribution of the original



dataset. Consider the COCO [11] dataset and, in particulartrained on them to struggle to generalize to uncommon sce-
images containing skis, the person within the image usu-narios. We focus speci cally on failures where vision mod-
ally interacts with the skis in some way (Figure 1a). When els cannot recognize objects without their co-occurring con-
generating images with rare contexts such as skis withouttexts, a limitation observed in both deep neural network
people, pre-trained text-to-image (Txt2Img) models often classi ers [13, 53] and recent large vision-language mod-
produce images with viewpoints and backgrounds back-els [34, 35]. One approach to address these limitations is
grounds that differ substantially from the original dataset to rebalance training datasets through methods such as re-
(Figure 1b), which may not be relevant to downstream tasks.weighting [14, 29], which assigns higher loss weights to un-
On the other hand, local editing methods, e.g. inpaint- derrepresented samples, and over-sampling [8, 17], which
ing [9, 47], which takes mask as input to explicitly remove duplicates such samples during training. While these meth-
or replace the context, are unable to deal with interactionsods manipulate the effective training distribution using real
among objects. Removing the person in this manner re-images, we instead use synthetic samples generated by dif-
sults in the skis oating (Figure 1c). Instead, generating a fusion models to achieve similar goals. Unlike Ramaswamy
plausible version of the image without the person requireset al. [44], which generates additional samples for facial
repositioning the skis as well, as shown in Figure 1d. recognition, our method focuses on manipulating contex-

To address this issue, we introduce Decoupling tual patterns and is therefore more broadly applicable to
Contextual Patterns with Generations (DecoupleGen) (Fig- real-world scene images.

ure 2). We adapt pre-trained diffusion models to down- | everaging generated data for downstream tasks.
stream datasets by ne-tuning them on images containing\yjith recent advances in generative models, using synthetic
common contextual patterns, and then generate samplegata for model training or evaluation is not entirely new.
containing uncommon contextual patterns. Speci cally, in- previous works [16, 27, 37, 54, 55] develop self-supervised
spired by personalization methods of diffusion models for representation learning methods using generations from
subject-driven generations [18, 48], we learn new word GANs [19] or diffusion models [25]. Synthetic images and
tokens that capture visual details from original images. |apels from generative models have been used effectively
We then prompt the ne-tuned diffusion models with the iy providing diverse augmentations and improving model
learned text embeddings to manipulate contextual patternsperformance in classi cation tasks [6, 15, 21, 23, 57]. Gen-
The resulting generations are natural looking and visually erated images can be used to create test sets for classi er
similar to images from the original datasets. To obtain gen- eyaluations [43, 62]. Our work falls into this category of
erations more relevant to downstream recognition tasks, Weapproaches using generated data for model training. While
further select synthesized images that do not contain com-+hese works perform generation or editing at the image level
mon contextual pattel’ns, enSUring that the additional train'for classi cation or Se'f-supervised taskS, our method in-
ing samples capture underrepresented groups in the originaktead considers relationships between multiple objects and

datasets and supplement out-of-context samples. scenes captured in real images during generation.
We evaluate our method on visual recognition tasks US- senerative models for local image editing. A natural

ing real-world object and scene datasets [11, 22]. Ourapproach for manipulating contextual patterns is to provide

experiments show tha.‘t DecoupIeG_en outperforms eXiStingobject masks to generative models such as inpainting [42].
approaches that modify loss functions or leverage 9ENera-rya task of local image editing has recently received signif-

tive models for Qata augmentation by 1.5%, improving over icant attention and seen substantial progress [1, 3, 38, 47].
stagdard classi er by 14.2% on the NICO dataset ar?d.by Consider an image of a person jumping on a skateboard in
5.4% on the COCO dataset. Our analyses show two distinc- . i \while such models can feasibly modify local con-

;'Ve advanta?he S dOf Dec_ourI)IeGe?: ﬂr]st, dsynthi.\sued ('jmtageftent — for example, the jumping person — they cannot ade-
rom our method remain closer 1o the downstream datase 'quately adjust related information in the remaining regions,

Indicating better alignment; aqd sec_ond, our metho_d Is bet- uch as the skateboard suspended in the air, due to the com-
ter account; for qomplex rglatlonshlps between objects an lex relationships between objects and scenes. In contrast,
scenes depicted in natural images. our method can generate more realistic images with physi-
cally plausible scenes (as discussed in Section 4.2).

2. Related Work . o o
Finetuning diffusion models for personalization. Re-
Addressing model bias via dataset manipulations. cent works, e.g., Textual Inversion [18], DreamBooth [48],
Prior work has shown that existing datasets are not fully and Custom Diffusion [32], explore ne-tuning text-to-
representative of the real world [31, 56], causing models image diffusion models for personalization using a small
T - o, , . . set of images and learning new word embeddings. These
In this work, “personalization” refers to subject-driven visual gener- . . . :
ation techniques that extract and reproduce speci ¢ visual concepts from Methods reconSt_rUCt visual qeta”S of a single subject — SEJCh
one or a few reference samples. as a person, animal, or object — from one or a few train-




Figure 2. Overview of DecoupleGen. We rst ne-tune text-to-image diffusion models on each co-occurring image by learning new
word tokens to describe visual details. We then synthesize images by combining these learned text embeddings to manipulate contextual
patterns. Our generations are visually coherent and maintain visual information similar to original image. Finally, we select relevant and
meaningful generations via a veri cation process and incorporate them in classi er training.

ing images and enable diverse generations through differenperson) by generating images that remove common co-
text prompts. Unlike these approaches, which reconstructoccurrence patterns. Speci cally, we formulate contextual
the primary subject from training images, our goal is to pre- debiasing as editing images containing (b, c¢) by either
serve visual details from regions unrelated to the manipu-removing c or replacing it with alternative semantic cate-
lated class categories and use them to generate new objectyories while preserving the remaining visual content.
context combinations. Following Avrahami et al. [4], our What is hard about this problem? Images encode com-
method learns new word tokens to describe correspondingplex object—scene relationships, making direct edits prone
regions in the training image and reconstruct similar contentto producing implausible results (e.g. a oating skate-
during generation (as discussed in Section 3.2). board). Meanwhile, off-the-shelf Txt2lmg models often fail
to preserve viewpoint and other image-speci ¢ details. Our
goal is therefore to generate images that reposition objects
We aim to augment the original dataset with generationswh”e maintaining the original visual characteristics.
that do not contain common contextual patterns, while en- . . i .
couraging these generations to be visually coherent and3-2- Adapting Personalized Diffusion Models
close to the Original dataset distribution. To achieve this We take inspiration from recent persona”zation methods
goal, we perform text-to-image generations while maintain- [18, 32, 48] that ne-tune special tokens to reconstruct sub-
ing visual information by adapting personalization methods jects. Speci cally, we learn a new “background” token that
for diffusion models on individual samples. captures visual details of the remaining pixels.

We propose Decoupling Contextual Patterns with At training time, given an image with masks of b and c,
Generations (DecoupleGen) and provide an overview of e |earn a new [Vbackground] token to reconstruct vi-
the approach in Figure 2. Our method consists of threegya) details speci ed by remaining pixels not belonging to
steps: Starting from real images with common contextual gjther b or c. We use the masks of b and ¢ as input, while
patterns, we rst ne-tune text-to-image diffusion models  the background mask is de ned as all remaining pixels out-
to learn new word tokens that describe differentimage com- gjde the two classes. The word tokens and the diffusion
ponents (biased object, contextual object, and background)model are optimized to reconstruct the image from the text
We then guide generation process to create images withouprompt “a photo of [Vhandbag] and [Vperson] and
common contextual patterns by composing these |eame$Vbackground]”. Following Avrahami et al. [4], we use
word tokens. Finally, we lter the synthesized images using the training objective L = Lnaskrect L crossatn Where
a pretrained object detector to remove samples that may still
contain common contextual patterns. We augmentthereal | . =-F amt K M (Z:t;Vm) M mk?
dataset with generated images for classi er training.

3. Contextual Debiasing via Generative Model

is the variational lower bound loss between the predicted
noise and the added noise N (0; 1), where z denotes
We aim to teach the model to separate biased object classethe noisy latent at diffusion timestep t. This objective en-
b (e.g., skateboard) from their contextual categories c (e.g., courages faithful reconstruction of each masked regign M

3.1. Problem Formulation: Image Generation



from the corresponding text token,V In addition, modify training objectives on original datasets, as well as
_ . approaches that leverage generative models to synthesize

Lcrossatr™ E zme KCIOSSAIN (26, Vim) M mk® additional training samples (Section 4.1). We then analyze
is the cross attention loss that encourages each word tokeffiactors contributing to the advantages of our method over
Vi, to attend only to its corresponding masked regiop M alternative generation-based approaches (Section 4.2).
and not to other regions.

Atinference time, we generate images from the netuned
diffusion model by composing the learned background to-
ken with standard text tokens describing object categories.
The custom token [Vbackground] captures contextual
visual details and scene appearance, while object categorieg
are represented using regular text tokens. For example, t
remove the common contextual class person from hand-
bag images, we use the prompt “a photo of handbag at
[Vbackground]”. To replace the contextual class with 4.1. Quantitative Comparisons
another category, we use prompts such as “a photo of hand-
bag and dog at [Vbackground]”, where dog canbe sub- ~ 4.1.1. Image Classi cation

stituted with other alternative classes. Experimental setup. We use NICO dataset [22] for

A veri cation step on synthesized samples is helpful, single-object image classi cation. The dataset contains 60
since our approach for manipulating contextual patterns gpject classes across 6 contexts, with a highly imbalanced
does not guarantee successful generations in all cases. Afgistribution of object-context combinations (which we treat
ter generation, we annotate each image using an off-the-55 groups). Our goal is to improve performance on under-
shelf pre-trained semantic segmentation model [28] to Pre-represented groups. We apply our pipeline independently
dict class labels. We discard images that do not have the exyq each training image, learning image-speci c [Vclass]
pected labels during sample selection. For example, givengq [Vcontext] tokens during ne-tuning. At inference
an image with both skateboard and person, successful gengime we preserve the learned [Vclass] token while re-
erations containing skateboard but not person will be in- placing [Vcontext] with alternative textual context de-
cluded. This verication process ensures that generatedscriptions to generate new object-context combinations.
samples contain information useful for downstream tasks. Following previous work Hemmat et al. [23], we syn-

Similarly, our pipeline can be applied to image classi - hagj,e images such that the combined dataset is balanced
cation tasks in which each image contains an object from ;..o groups, resulting in a total of 229k synthetic sam-

a single class. Our goal in this case is to generate images)es consistently used across different methods. We do not
that preserve the visual appearance of objects to the origsther apply veri cation constraints, since we found that

inal image but place them in diverse background scenes.qymnjes generated by all methods considered in our experi-
Accordingly, our netuning process learns two new word

ments are visually plausible for single-object generation.
token; [Vglass] and [Vconte>§t].. The word tokens . We compare our method against classi ers trained with
and diffusion models are op?"umlzed to reconstruct the im- e oo categories of learning algorithm [60]: (1) sub-
age from "the. text prompt "a photq of [Vclass] and group robust methods: GroupDRO [50], LISA [61]; (2)
_[Vcontext] .W'th the same loss function as abc:ve. AL domain invariant learning: IRM [2]; (3) imbalanced learn-
inference time, we use prompts of the form “a photo of ing: BSoftmax [46], CRT [30]; and (4) data augmenta-

R]/.Cl?ssﬂl n coqtext-name .for gtenelr?hnon.hWe use i tion: Mixup [63]. We use benchmarking results reported in
IS lechniquein our experiments, afthough our pipeline can previous work [60]. We also compare to models that uti-
be integrated with other approaches that learns to recon-

truct visual details ked redi fasinale lize generative models to obtain additional training sam-
struct visual details from masked regions of a singie |mage.p|es: Txt2lmg with captions formatted as “a photo of

class-name in context-name” as text prompt, and
Feedback Guidance [23] that uses the same captions as
We aim to generate synthetic images to increase samplinglxt2lmg and additional entropy guidance from a standard
of the underrepresented regions of the dataset, while keepclassi er. We implemented both methods and our repro-
ing generations as close to the original training data distri- duced results match those reported in previous work [23].
bution as possible. Our goal is to improve model accuracy  To evaluate model performance, we use overall accuracy
on underrepresented groups while preserving the accuracyAcc) and worst group accuracy (WGA) following previ-
on well-represented groups. In this section, we rst demon- ous work [23, 60]. Overall accuracy is computed over all
strate that our method outperforms existing approaches thasamples, while worst-group accuracy is computed over all
subgroup accuracies.

Implementation Details. For image generation, we use
Stable-Diffusion-v2 [47] as the base model with default
hyperparameters. For classier training, we initialize a
ResNet50 [20] with ImageNet [49] pre-trained weights and
erform end-to-end training on each downstream dataset.
or all classication models, we tune learning rate and
QNeight decay hyperparameters based on validation perfor-
mance and report the best results.

4. Experiments



Experimental results. Our results in Table 1 show that method against two sets of previous work. The rst set in-
DecoupleGen either matches or outperforms existing ap-cludes approaches that modify training objectives on origi-
proaches on NICO dataset, while also improving upon the nal datasets in order to improve performance on underrep-
overall accuracy of the standard classi er, which previous resented groups. Following Singh et al. [53], we consider
methods failed to achieve. DecoupleGen achieves an overClass balancing loss, Negative penalty, Weighted loss,
all accuracy of 85:8% 0:1, compared to 85:3% 0:3for Remove cooccur labels, Remove coocccur images, CAM,
the standard classi er, while matching the state-of-the-art which uses class activation map [65] as weak localization
worst-group accuracy of 49:2%, previously achieved by the supervision during classi er training, and Feature split,

feedback-guided generation approach [23]. which enforces classi er to learn separate feature spaces for
objects and their contexts.

Method Num Generations Acc WGA When comparing against these approaches utilizing al-
Standard 0 85.3 0.3 350 4.1 ternative loss functions, we use all successful generations
Mixup [63] 0 840 06 427 14 containing uncommon contextual patterns (96k) to augment
GroupDRO [50] 0 83.2 0.4 378 18 he original traini i classi - d h
LISA [61] 0 847 03 427 2.2 the original training set in classi er training and report the
IRM [2] 0 84.4 0.7 40.0 0.0 results in Table 2 (top half). Our method achieves better per-
BSoftmax [46] 0 840 05 404 03 formance on all evaluation metrics compared to these loss-
CRT [30] 0 852 03 433 27 function based approaches. In particular, we observe a 1:3%
Txt2img [47] 229 852 01 335 1.1 improvement in exclusive mAP, increasing from 28:21%
Feedback Guidance [23] 229k 85.3 0.3 49.2 1.0 P ’ 9 ;

DecoupleGen (ours) 220K 85.8 0.1 49.2 0.7 with the re-weighting objective to 29:52% with our method,
as well as a 1:6% improvement in cooccur mAP, increasing
Table 1. Quantitative comparisons on NICO dataset. Our from 64:80% for the standard classi er to 66:43% with our
method achieves competitive or better performance in WGA com- method. While previous approaches improve performance
pared to previous work, without sacri cing in accuracy. on exclusive images at the expense of cooccur, unbiased,
4.1.2. Object Recognition and all mAP, our method achieves consistent improvements

. across all evaluation metrics.
Experimental setup. We use COCO-Stuff [11] dataset,

containing complex real-world images, for multi-object Comparison with other generation-based approaches.
recognition. Singh et al. [53] de ned a bias score to identify Since we generates additional training samples for down-
biased categories and their co-occurring context; we use thestream tasks, we compare against several alternative gen-
same set of biased classes for evaluation. Our goal is to im-erative approaches. We rst consider Txt2Img with three
prove model performance on images in which biased classeyariants, where captions describing the target biased classes
appear without their common contextual labels. (Txt2lmg Target Class), co-occurring images (Txt2Img

To generate samples that manipulate contextual pat-Cooccur), or exclusive images (Txt2lmg Exclusive) are
terns, we follow the semantic label hierarchy of the original used to generate synthetic images [33, 47]. We also com-
dataset to identify sets of similar categories within the same pare against Feedback Guidance [23], which uses the same
superclass for replacement. We generate 1 output from eacleaptions as Txt2lmg Target Class together with guidance
replacement or removal prompt to avoid duplicates and en-from a standard classi er, since classi er entropy reduces to
courage diversity in generated semantic content. We thenclassi cation loss in the multi-label classi cation setting. In
consider a generation successful if its annotation labels con-addition, we compare against Stable Diffusion Inpainting,
tain only b (target class) without ¢ (common context label), an inpainting model trained to reconstruct masked regions
and retain only the successful generations. This process refrom the remaining unmasked areas [47], and Blended La-
sults in 96k generated samples in total. tent Diffusion [5], where editing masks are applied in the

We evaluate classi er performance using average preci- down-sampled latent space and masked and unmasked re-
sion (AP) for each class. We consider several evaluationgions are blended throughout the diffusion process.
metrics following previous work [53]: (1) Exclusive mAP To compare the effectiveness of different generation-
computed over 20 biased classes on images where b nevebased methods, we x the number of generated samples
co-occurs with c; (2) Cooccur mAP computed over 20 bi- added to each target biased class across all baselines, match-
ased classes on images where b always co-occurs with c;ing the number of co-occurring images in the original
(3) Unbiased mAP computed over the remaining 60 object dataset (18k in total). This is motivated by the dif culty
classes in COCO; and (4) All mAP is computed over all of successfully removing or replacing contextual classes us-
171 object and context classes. ing local image editing methods (discussed further in Sec-
Comparison with loss-function based approaches. In tion 4.2). We apply a consistent lItering procedure across
addition to the Standard classi er that is trained on the all methods considered in our experiments, retaining only
original dataset with supervised loss, we compare oursuccessful generations.




Method Num Generations Exclusive mAP  Cooccur mAP  Unbiased mAP All mAP
Standard 0 24.10 0.13 64.80 0.08 7254 0.04 55.97 0.02
Real Cooccur 0 22.69 0.53 64.00 0.57 71.28 0.24 54.82 0.31
Class balancing loss [14] 0 25.03 0.06 64.67 0.05 72.35 0.04 55.79 0.02
Negative penalty [53] 0 23.71 0.03 64.61 0.07 72.19 0.05 55.68 0.02
Weighted loss [53] 0 28.21 0.15 59.89 0.16 72.13 0.01 55.44 0.00
Remove cooccur labels [53] 0 24.17 0.06 64.59 0.06 7159 0.04 55.30 0.01
Remove cooccur images [53] 0 28.09 0.34 60.09 0.08 72.25 0.04 55.50 0.04
CAM [53] 0 25.09 0.23 64.45 0.04 7245 0.04 55.87 0.01
Feature split [53] 0 26.76 0.52 64.10 0.01 72.39 0.07 55.74 0.02
Txt2lmg Cooccur [47] 18k 24.66 0.36 64.41 0.08 72.87 0.14 56.11 0.20
Txt2lmg Exclusive [47] 18k 25.01 1.04 65.26 0.09 72.66 0.02 55.96 0.04
Txt2Img Target Class [47] 18k 23.90 0.40 64.87 0.15 72.44 0.02 55.92 0.02
SD Inpainting [47] 18k 25.34 1.13 64.77 0.09 72.61 0.01 55.85 0.05
Blended LD [3] 18k 24.87 0.57 64.77 0.05 72.71 0.01 55.94 0.01
Feedback Guidance [23] 18k 25.55 0.01 65.01 0.06 72.68 0.01 56.11 0.01
DecoupleGen (ours) 18k 27.20 0.32 65.56 0.04 73.09 0.03 56.37 0.04
DecoupleGen (ours) 96k 29.52 0.21 66.43 0.04 7352 0.05 57.00 0.06

Table 2. Quantitative comparisons on COCO dataset. We compare the performance of DecoupleGen against methods that modify
training objectives on the original dataset, where we include all successful generations from our method, totaling 96k for classi er training
(top). We also compare DecoupleGen performance to different generation-based approaches, where we keep the number of additional sam-
ples for each target biased class consistent across methods, totaling 18k generations (bottom). DecoupleGen achieves the best performance
across all evaluation metrics compared to existing approaches in both settings. The best result within each block is bolded.

Table 2 shows that DecoupleGen improves over the stan- When a person interacts with objects in the original im-
dard method with 18k additional images, and outperforms age, modifying the person often requires repositioning the
other generative data augmentation approaches across afibjects as well. For example, local image editing mod-
evaluation metrics. The largest improvement is observedels may generate images in which a wine glass appears to
in exclusive mAP: DecoupleGen improves over Feedback oat in the air (Figure 4b), whereas our approach can place
Guidance by 1:6%, achieving an mAP of 27:2% compared the wine glass onto different surfaces, producing physi-
to 25:6%. Thi improvement in exclusive mAP is especially cally more plausible images (Figure 4d). Similarly, when
noteworthy, indicating that our generations provide useful the generation process involves changing the background
information for underrepresented groups in the dataset. =~ scene, local image editing models often fail to maintain

global visual consistency. In contrast, our approach can
4.2. Why are DecoupleGen Images Better? modify contexts such as changing a road into mud while

Our goal in this section is to gain insight into the advantages Preserving image quality and avoiding the visual artifacts
provided by the personalized ne-tuning approach com- observed in alternative approaches.

pared to alternative generative methods. Through qualita-p i aineqd Txt2Img models fail to adapt to downstream

tive apaIyS|S, we rst illustrate with examples that common 4 <et distribution.  We analyze synthetic images gener-
local image editing models perform poorly on the contex- ,q 1y pecoupleGen and by pre-trained Txt2Img models,
tual debiasing problem for complex object and scene im- .y ging Txt2img Target Class and Feedback Guidance.
ages. We then analyze limitations of popular pre-trained \ye compare their distributions to real samples from the val-
Txt2Img models in ensuring that generations remain close;y+i0n split of the original dataset using UMAP [39].

to the downstream dataset distribution. In Figure 3, we show UMAP projections for two repre-

Limitations of local image-editing models. We found  sentative object classes, wine glass and microwave,

that a major limitation of local image editing models is their which have high co-occurrence with person and

low success rate. Through qualitative inspection, we ob- cabinet, respectively, in the real dataset. The UMAP dis-
serve that many generated images either contain visual artributions of the real dataset show that, for wine glass,
tifacts caused by local modi cations, resulting in lower im- exclusive and co-occurring images form relatively distinct
age quality, or fail to produce semantically reasonable con-clusters. For microwave, however, the exclusive and co-
tent that re ects natural scenes. Consequently, these generoccurring images are less clearly separated.

ations are intuitively less helpful for downstream classi er In both cases, compared to DecoupleGen generations,
performance. Figure 4 shows several such examples. Target Class and Feedback-Guided generations based on
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