






Direct preference optimization (DPO). Direct preference
optimization simplifies RLHF by training the model di-
rectly from human preferences. Detailedly, let xw and xl

denote the “winning” and “losing” samples generated from
the condition c, then DPO optimizes the model by aligning
its output closer to xw while distancing it from xl, and the
DPO loss [32] LDPO is calculated as below (note that σ(·)
denotes the sigmoid function):

LDPO=−E
c,xw,xl

[
log σ

(
β log

pθ(xw|c)
pref (x

w|c)−β log
pθ(xl|c)
pref (x

l|c)

)]
. (2)

4. PatchDPO
PatchDPO consists of three stages: (1) Data construction;
(2) Patch quality estimation; (3) Model optimization.

4.1. Data Construction
PatchDPO requires constructing a training dataset compris-
ing multiple pairs of reference image and generated im-
age (the generated image is synthesized by the personalized
generation model being optimized). Our preliminary exper-
iments in Table 4 demonstrate that natural images typically
contain images of low-quality, which are not suitable for
the task of PatchDPO. Detailedly, these low-quality images
comprise complex object details with the confused fore-
ground and background, easily misleading the model train-
ing. Therefore, in this work, we choose to construct a high-
quality training dataset generated from the open-source gen-
eration model using three steps.

First, this work utilizes ChatGPT to generate the text
prompt for each image. The text prompt is in the for-
mat of “An {object} in the {background}”, where {object}
and {background} are imagined by ChatGPT. Second, this
work feeds the generated text prompts into the open-source
text-to-image generation model (e.g., Stable Diffusion) to
generate the reference images. Besides, in addition to the
original text prompt, the generation model is also instructed
to generate simple backgrounds for the mitigation of con-
fusion between object and background. Finally, this work
employs the target personalized generation model to gener-
ate images, with the aforementioned text prompts and the
corresponding reference images as input.

4.2. Patch Quality Estimation
Traditional DPO simply estimates the overall quality of the
entire generated image, which does not provide sufficiently
fine and accurate feedback for personalized image genera-
tion, thus resulting in deficient performance. To address this
problem, PatchDPO estimates the quality of each patch in
the generated image to acquire precise feedback for model
optimization. Besides, traditional DPO requires a large
amount of annotation cost to estimate the quality of the sam-
ples. Instead, the patch quality in personalized image gen-
eration is evaluated by comparing the patch details between

reference images and generated images, which can be con-
ducted using the pre-trained vision models. To this end, this
work proposes a patch-to-patch comparison method to
estimate the patch quality, and proposes a self-supervised
training method for further improvement.

4.2.1. Patch-to-Patch Comparison
Inspired by ProtoPNet [5, 13, 15, 16, 44] and SFD2 [43]
that extract patch features from the deep feature maps,
PatchDPO estimates the patch quality with a patch-to-patch
comparison on the patch features extracted from the deep
feature maps.

Specifically, let xref denote the reference image, xgen

denote the corresponding generated image, f denote the
pre-trained vision model, then f(xref) ∈ RH×W×D and
f(xgen) ∈ RH×W×D are the feature maps extracted by
f (note that H , W , D are the size of the feature map). To
ensure the generalizability of PatchDPO, this work acquires
the last feature maps extracted from the vision models pre-
trained on ImageNet as f(xref) and f(xgen). Because the
model does not change the spatial position of feature maps
during feature extraction, f(x)[h,w] ∈ RD represents the
features of the patch x[h,w] within the image x. Note that
x[h,w] denotes the patch in the h-th row and the w-th col-
umn of x, as shown in the right side of Figure 2 (2.2). Next,
the quality of each patch xgen[h,w] is estimated accord-
ing to the existence of a patch similar to it in the reference
image xref . Detailedly, the patch quality p(xgen[h,w]) of
xgen[h,w] is calculated as the maximum similarity between
f(xgen)[h,w] with all elements in f(xref):

p(xgen[h,w])=max
i,j

f(xgen)[h,w] · f(xref)[i, j]

∥f(xgen)[h,w]∥∥f(xref)[i, j]∥
, (3)

where i, j iterate over all the indexes of elements in
f(xref). Therefore, higher p(xgen[h,w]) indicates that
xgen[h,w] is more consistent with the corresponding patch
in the reference image xref .

Verification by Spatch. To guarantee precise patch quality
estimation, this work conducts a quantitative evaluation of
the extracted patch features using the HPatches dataset [3].
Detailedly, the HPatches dataset consists of images from
108 groups, where the images of the same group contain
the same object from different perspectives and scenes. Be-
sides, for the same group of images, the HPatches dataset
annotates the spatial correspondence between their image
patches. Based on this dataset, this work adopts a patch
matching score Spatch to evaluate the extracted patch fea-
tures. Spatch is calculated in three steps: (1) Extract the
patch features of all images in the dataset, using the pre-
trained vision model f . (2) For each patch in the image,
predict its most similar patch (calculated from the patch fea-
tures) in other images from the same group. (3) Calculate
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