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Figure 1: Mind-the-Glitch is the first pipeline that enables computing visual correspondences
based on the backbone features of pre-trained diffusion models. The pipeline separates backbone
features into semantic and visual components, allowing for visually matching keypoints across images,
analogous to the well-established semantic correspondence task. This provides the first empirical
framework for evaluating and localizing visual inconsistencies in subject-driven image generation.

Abstract

We propose a novel approach for disentangling visual and semantic features from
the backbones of pre-trained diffusion models, enabling visual correspondence
in a manner analogous to the well-established semantic correspondence. While
diffusion model backbones are known to encode semantically rich features, they
must also contain visual features to support their image synthesis capabilities.
However, isolating these visual features is challenging due to the absence of anno-
tated datasets. To address this, we introduce an automated pipeline that constructs
image pairs with annotated semantic and visual correspondences based on existing
subject-driven image generation datasets, and design a contrastive architecture to
separate the two feature types. Leveraging the disentangled representations, we
propose a new metric, Visual Semantic Matching (VSM), that quantifies visual
inconsistencies in subject-driven image generation. Empirical results show that
our approach outperforms global feature-based metrics such as CLIP, DINO, and
vision—language models in quantifying visual inconsistencies while also enabling
spatial localization of inconsistent regions. To our knowledge, this is the first
method that supports both quantification and localization of inconsistencies in
subject-driven generation, offering a valuable tool for advancing this task. Project
Page: https://abdo-eldesokey.github.io/mind-the-glitch/

39th Conference on Neural Information Processing Systems (NeurIPS 2025).
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1 Introduction

Recent advances in diffusion models have transformed the landscape of image generation, delivering
exceptional quality, fidelity, and diversity [18, 15,132,136} 127, 30]. These capabilities have revolutionized
several domains, including artistic creation, advertising, content production for video games, and
storyboards for movies. In many of these applications, maintaining visual consistency of a subject,
whether a character or an object, across different generations is crucial. For example, in cinematic
and advertising workflows, preserving the identity and appearance of a subject across multiple scenes
is essential for narrative coherence and branding. However, most diffusion models operate in a latent
space where semantic and visual concepts are entangled, making it challenging to control or preserve
specific content using text prompts alone.

To address these limitations, a growing research direction has focused on subject-driven generation,
which aims to guide diffusion models to produce consistent images of a given subject in different
scenes while preserving fine-grained visual details [[13}[33}128. 13, 149]. Nonetheless, a major bottleneck
in this line of research has been the lack of reliable evaluation metrics for subject consistency. Since
subjects may appear in varying poses and spatial configurations, traditional image similarity metrics
such as LPIPS [53]], or structural similarity (SSIM) are not well-suited for this task. As a result,
many works have relied on feature-based similarities using models like CLIP [29] or DINO [4] as
approximations of overall appearance. However, these metrics capture global semantics and tend to
overlook subtle visual inconsistencies in object details [26].

Recent works [41} 26] have explored the use of Vision-Language Models (VLMs), such as ChatGPT,
to assess consistency between a reference and a generated image. While these approaches are
promising, they remain limited to global assessments, and it is often unclear which visual cues or
criteria the models rely on to judge consistency. Furthermore, VLM-based metrics lack the ability
to localize inconsistent regions within the subject. To enable robust evaluation of subject-driven
image generation, it is essential to develop methods that can reliably match the visual appearance of
a subject across images, irrespective of variations in pose, scale, or context, and accurately localize
inconsistencies for potential correction through post-processing.

This challenge bears similarities to the task of semantic correspondence, where corresponding points
are matched across image pairs of objects with varying poses, scales, and contexts. Diffusion
models have been shown to encode semantically-rich features that have demonstrated great success
in computing semantic correspondences across images [39, 42} 152, 22 51]]. However, as illustrated
in Figure[T] these semantic features are typically insensitive to appearance-level variations, as they
focus primarily on structural or categorical semantics rather than fine-grained visual details. Given
that diffusion models are trained for image synthesis, it is reasonable to assume that their internal
representations should encode both semantic and visual information, yet only the semantic component
has been extensively leveraged so far.

Building on this hypothesis, we propose a novel framework for disentangling semantic and visual
features from the backbone of pre-trained diffusion models. Due to the absence of datasets with
annotated visually similar or dissimilar regions of a given subject, we introduce an automated dataset
generation pipeline that constructs image pairs with annotated semantic and visual correspondences,
derived from existing subject-driven generation datasets. Using this dataset, we propose an archi-
tecture that disentangles semantic and visual features in a contrastive manner. We then leverage the
disentangled representations to derive a metric, the Visual Semantic Matching (VSM) metric, that
quantifies the degree of visual inconsistency in subject-driven generation. Empirical results show
that our approach outperforms existing feature-based metrics such as CLIP and DINO, as well as
the Vision-Language Model (VLM) metric, in quantifying visual inconsistencies, while allowing for
localizing the inconsistent regions as well. We believe our framework offers a valuable step forward
in the evaluation and development of subject-driven image generation.

Our contributions can be summarized as follows:
* We propose a novel framework comprising an automated dataset generation pipeline and an
architecture for disentangling semantic and visual features in diffusion models.

» Based on the disentangled features, we present a new metric for evaluating subject-driven
generation methods that both quantifies and localizes visual inconsistencies.

* We empirically demonstrate that the proposed metric outperforms existing feature-based
metrics commonly used in subject-driven generation.



2 Related Work

In this section, we first provide a brief overview of the semantic correspondence task, which serves as
a key inspiration for our work. Then we review existing subject-driven image generation approaches,
and how consistency is currently evaluated in these methods.

2.1 Semantic Correspondence using Diffusion Models

Diffusion models have been shown to encode semantically rich features within their backbones,
enabling computing semantic correspondence across instances of the same object class and even
among semantically similar categories. Some approaches leveraged intermediate features from the
decoder of diffusion models [42]], and others combine them with features from DINO [4]] to enhance
semantic representation [52]]. Several works [22, 51]] proposed learnable aggregation networks
that automatically select and fuse features from different layers, trained in a supervised manner
using semantic correspondence datasets such as SPair-71k [24]]. CleanDIFT [39] further introduces
a distillation framework to compress diffusion features, allowing for efficient inference. These
semantically rich features have been successfully applied to a range of downstream tasks, including
segmentation [45} 23], controllable editing 25} 12| [7], and object manipulation [20]]. Inspired by
the task of semantic correspondence, we aim to learn feature representations that capture visual
appearance rather than semantics. These visual features enable matching regions based on appearance
and are well-suited for detecting visually inconsistent regions in subject-driven image generation.

2.2 Subject-Driven Image Generation

Early personalized generation techniques using UNet-based diffusion models [32} 27]] primarily
focused on encoding subject identity through full-model fine-tuning [34}[17]] or low-rank adaptation
methods [12} 110, 37, 19]], and even training-free approaches [43]] Other approaches [35} 9} [15} [1]]
learned subject-specific embeddings, without modifying model weights, by associating subjects
with new tokens in an image or text embedding space. To improve the trade-off between efficiency
and fidelity, adapter-based methods [48, 144 [13| 28| 150] introduced zero-shot personalization by
conditioning on reference image features through lightweight network modules. These methods
showed that injecting image-driven signals or selectively updating parameters could effectively
preserve subject identity and visual details, even with limited data.

The emergence of diffusion Transformers (DiTs) [8} 5] introduced a new class of architectures that
replace UNets with Vision Transformers as the denoising backbone, offering greater scalability and
enhanced contextual understanding. These models support more flexible conditioning mechanisms
and exhibit strong in-context learning capabilities, enabling them to generate diverse images of a
subject without explicit fine-tuning 38| [18]]. To further improve fidelity and identity preservation,
several works have applied LoRA-based fine-tuning to DiTs architectures [41} 54} [14} 3]], achieving
more precise control over subject appearance and consistency. More recently, visual autoregressive
models (VARs) have been adopted for subject-driven generation due to their inherently strong
conditional modeling capabilities [40, 47, 6]. For an exhaustive overview of subject-driven image
generation approaches, we refer the readers to [46].

2.3 Evaluating Subject-Driven Image Generation

Visual similarity is often measured using traditional metrics such as Structural Similarity Index
(SSIM), Peak Signal-to-Noise Ratio (PSNR), and LPIPS [53], which assume that the object is
spatially aligned across images. However, in subject-driven generation, this assumption does not
hold, as the subject may appear in different poses, positions, and contexts. As a result, it has become
common to use global feature-based metrics, such as CLIP-Image [29] and DINO [4], which compare
the similarity of image-level embeddings extracted from different models. While these methods are
robust to spatial changes, they are inherently global and often fail to capture fine-grained appearance
details of the subject. A recent trend involves leveraging Vision-Language Models (VLMs) to
evaluate subject-driven generation by prompting them to score specific criteria of the generated
images [41, 26]. However, it remains unclear how VLMs form their judgments, and they lack the
ability to localize the source of inconsistency within the image. In this work, we aim to bridge
this gap by leveraging visual features extracted from the backbones of diffusion models to assess
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Figure 2: Automated Dataset generation pipeline for producing controlled visual inconsistencies.
Access to such pairs of images enables separating visual features from pre-trained backbones in a
contrastive manner.

the appearance similarity across images in subject-driven generation. Our approach enables both
quantification and spatial localization of visual inconsistencies. By providing a reliable metric that
offers fine-grained insight into subject consistency, we take a step toward more robust evaluation and
improvement of subject-driven generation.

3 Method

In subject-driven image generation, assessing whether different parts of a subject are visually consis-
tent across two images requires matching visual representations that are robust to changes in pose,
scale, and environment. This challenge is similar to the semantic correspondence task, where several
approaches [39] 22| 511,152} |42]] were trained on SPair-71k [24], which includes annotated semantic
points between image pairs of given subjects. As demonstrated in Figure[I] semantic features are
insensitive to appearance changes, making them unsuitable for matching visual appearance. To the
best of our knowledge, there exists no dataset with annotated visual correspondences between visually
similar or dissimilar regions, similar to SPair-71k.

To bridge this gap, we first introduce a novel automated pipeline for constructing a dataset with
visual correspondences, leveraging existing datasets of subject-driven image generation such as
Subjects200k [41]] (Section 3.I). Using the data generated from this pipeline, we then propose
an architecture for disentangling semantic and visual representations from the internal features of
diffusion models (Section[3.2). Lastly, we introduce a metric that leverages the disentangled features
for empirically evaluating visual consistency between image pairs, which quantifies the degree of
consistency and localizes inconsistent regions (Section [3.3).

3.1 Data Generation Pipeline with Visual Correspondence

We aim to generate a dataset of image pairs with visual correspondences between visually similar and
dissimilar regions inspired by the SPair-71k dataset. Given a consistent image pair /; and /5 from
a subject-driven dataset, we begin by segmenting the subject in each image using Grounded-SAM
[31]. This isolates the subject from the background and makes the computation of correspondences
more reliable. Next, we compute semantic correspondences between the two images within the
segmented subject regions using the semantic correspondence method CleanDIFT [39]. Specifically,
we extract features from the sixth decoder layer of the diffusion model UNet ¢, which has been
shown to contain semantically rich information [42,39], resulting in F¥ = ®(I;) and FS = ®(I3).
We then compute the pairwise similarity between the two feature maps to form a similarity matrix

D=F} F:,GT. Corresponding points are obtained by selecting locations with the highest similarity
scores using arg max D, to obtain the following correspondence mapping:

Cl = <($%7y%)u7(x{v7y{v)> ) CQ = <(x%7y%)7a(‘rév7yév)> ’ 01702 ERNX2 (1)
where N denotes the number of correspondences.

Based on these correspondences, we aim to match semantically similar regions across both images and
then alter them visually to generate a pair of images with known, localized visual inconsistencies. To
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Figure 3: Examples illustrating how the skewness of the matching scores distribution correlates with
matching ambiguity. High skewness implies a distinct match, while low skewness indicates diffuse or
ambiguous correspondences.

achieve this, we sample a point k from C that has a high similarity score and use the corresponding
point pair (2%, y¥) and (25, y5) as prompts to the SAM model [16], which segments a localized
region in each image. This produces region masks defined as R; = SAM(I;, (z¥, y¥)). We configure
SAM to return multiple candidate masks and select the one with the smallest area, as it is more likely
to correspond to an isolated semantic part rather than the entire object.

Handling Ambiguous Matches: When segmenting regions, a common challenge arises with flat-
textured subjects, such as a whiteboard, where the selected point k tends to match broadly across
the object (see Figure[3), leading SAM to segment the entire subject rather than a localized part. To
address this, we propose using the skewness of the similarity distribution D[k] to identify ambiguous
matches. The skewness is computed as:

n - D[k],u)g )

Skewness(D[k]) = m Z ( o

=1

where n = |D[k]|, ¢ = mean(D[k]), and o = STD(D[k]). We observe that high skewness corre-
sponds to matches in textured regions, characterized by a long-tailed distribution and low ambiguity.
In contrast, low skewness indicates more uniform similarity scores, suggesting ambiguous matches
typically associated with flat surfaces as illustrated in Figure [3]

Validating Matched Regions: We apply additional heuristics to alleviate segmentation failures and
to ensure that the selected regions in both images correspond to the same semantic part, including
constraints on aspect ratio and relative size with respect to the full object. For regions that pass all
checks, we perform inpainting using a diffusion-based inpainting model (we use SDXL [27] for
efficiency), to obtain two inconsistent images I] and I}. Specifically, we crop a patch around the
region with padding and feed it to the inpainting model to ensure that the model does not observe the
rest of the object, promoting the generation of visually distinct content. To confirm that the inpainted
region differs from the original, we compute the LPIPS score 53] between the original and inpainted
regions in I; and I/. We discard samples with low LPIPS scores to ensure meaningful variation.
Further details on the filtering strategy are provided in the supplementary material. We provide an
illustration for the data generation pipeline in Figure[2} Eventually, each dataset sample comprises
a consistent image pair (I1, I3), an inconsistent pair (17, I}) generated with our data generation
pipeline, subject masks (O1, O2), inpainted region masks (R1, Rz), subject prompt s and target
prompt p.

3.2 Learning Disentangled Semantic and Visual Representations

Given an inconsistent image pair ] and I}, which were generated with our automated pipeline in
Section[3.1] where the inconsistent regions are defined by the masks R; and R, we aim to disentangle
semantic and visual features of the diffusion model backbone. We start by extracting multi-layer
features for both images using the diffusion model backbone ®, yielding feature maps F; = ®(I7)
and F, = ®(I}) that include features from multiple decoder layers [ € L. To aggregate features from
the different layers, we follow the approach of [22], but instead of using a single aggregation network,
we employ two separate networks, U\ and !, to aggregate semantic and visual representations
separately. Each aggregation network encompasses a ResNet [[11]] block per decoder layer that are
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Figure 4: Overview of the proposed architecture for disentangling semantic and visual features from
a frozen diffusion backbone ®. Inconsistent regions between the input image pairs are indicated by
binary masks (left). The semantic branch (blue) encourages the features of corresponding semantic
points in both images, P} and Ps, to align. In the visual branch (yellow), we bring visually consistent
points outside the inpainted regions, P{" and POut closer together, while pushing apart features at
inconsistent points inside the inpainted regions, P" and Pi".

combined using trainable scalar weights w':
L L
Si= 2wk Wil V=D uy, W (F) S;, V; e R (3)
! !

where S;, V; are the semantic and visual features respectively, ¢ € {1,2}, d = w X h denotes the
flattened spatial dimensions, and q is the feature dimensionality. This architecture allows for flexible
selection of features that capture either semantic content or visual appearance. An overview of the
architecture is provided in Figure 4]

Next, we compute cyclic similarity matrices between the aggregated semantic and visual features of
the two images using dot products:

l2=515; , D3 =55, DD e RN, @
Dy, = VleT ) Dy, = V2V1T ) 12, D3y € R4 (5)

Our objective is to encourage semantic features to be similar across all point correspondences, while
visual features should be similar only outside the inconsistent regions R; and dissimilar within them.
To achieve this, we adopt a contrastive learning framework that brings similar features closer and
pushes dissimilar ones apart. As a first step, we partition the set of pre-computed correspondences C;
from Section [3.1]into two subsets: points that fall inside and outside the inconsistent regions:

P ={(@ly}) | @l vd) € iy Rital,ud) =1} ©)
P = { (@l | (@l u]) € Gy Rital,yd) =0} )

Then, inspired by the contrastive objective used in CLIP [29], we define a semantic correspondence
loss as follows:

L, = CrossEntropy(Diy(P1), P») , Pi=P"upP™ . (8)

This semantic loss encourages matched points, whether inside or outside the inconsistent region, to
exhibit similar semantic feature representations.

To disentangle appearance-specific features, we define a visual loss that explicitly separates consistent
from inconsistent regions. For inconsistent regions, we use a negative similarity objective:

LI = CrossEntropy( — DY, (P}"), P") . ©)



This term penalizes similarity in appearance features for points known to be visually inconsistent.
For consistent regions, we retain the standard contrastive loss to encourage matching:

L3" = CrossEntropy (D}, (P™"), Ps") . (10)

Additionally, visually corresponding points inside the inpainted regions of the original consistent
pairs I; and I5 can be incorporated into Equation (I0) to provide additional supervision; however, we
omit the formal definition of this part for simplicity. All loss terms are also computed in the reverse
direction as well using D3, and D3, and each loss term is averaged over both directions. The final
training objective combines semantic and visual losses as follows:

L=L,+allm+ L0 (11)

where « is a scaling factor used to prioritize the visual branch, since the semantic branch can already
be extracted reliably even without any aggregation, as shown in [42}|39].

3.3 A Metric for Evaluating Subject-Driven Image Generation

Having disentangled visual and semantic features from the backbone of pre-trained diffusion models
in the previous section, we now aim to leverage these features to estimate and localize visual
consistency in subject-driven image generation. Given two test images /7 and > generated by a
subject-driven generation method, our goal is to evaluate the visual consistency of the subject across
the two images.

We begin by passing both images through our architecture to extract semantic and visual feature
maps, denoted as F;® and F}’, respectively, following the aggregation described in Equation (3). As
in the previous section, we compute pairwise similarities between features to obtain semantic and
visual similarity matrices, denoted by D® and DY, respectively. We then take the maximum similarity
score for each point to obtain D* = max(D?) and D¥ = max(D"), representing the best per-point
match in the semantic and visual domains.

Semantic correspondences are identified by selecting points whose semantic similarity exceeds a

predefined threshold 7, i.e., DS > Ts, resulting in a set of confident semantic matches indexed by .
This filtering ensures that we only consider regions that are both visible and semantically coherent.
We set T, = 0.7 in all experiments.

To assess visual consistency at these semantically matched locations, we use the same index set J; to
retrieve the corresponding visual similarity scores from D?. Given a visual similarity threshold 7,
we define the Visual Semantic Match (VSM) metric as:

VSM(T;) = |71| ) [25; > 7;] (12)
sl jeds

where 4[] is the indicator function, equal to 1 if the condition holds and 0 otherwise.

This metric captures the proportion of semantically aligned regions that are also visually consistent,
providing a quantitative measure of consistency between the two generated images. Inconsistent
regions can be identified by subtracting visually matched locations from the semantically matched

ones, or by examining regions in DV with low visual similarity scores.

4 Experiments

In this section, we evaluate the effectiveness of our approach and compare it against commonly
used feature-based metrics such as CLIP [29] and DINO [4]], as well as VLM-based approaches (e.g.
ChatGPT-40). Then, we provide an ablation study to analyze the impact of key architectural design
choices and provide further insights into the behavior of our model.

4.1 Implementation Details

Dataset: We use the data generation pipeline described in Section [3.1]to construct the dataset used to
train our architecture. The pipeline takes consistent image pairs from the Subjects200k dataset [41]
as input, although any subject-driven generation dataset can be used.



Inpainting Semantic Semantic Visual Visual Visual Matching
Mask Features Correspondence Features Correspondence Scores

Inconsistent Generation

Reference Subject

Subject

Figure 5: Qualitative examples of semantic and visual features, along with their correspondences,
produced by our architecture. Regions that fall within the inpainting mask exhibit visually dissimilar
features, enabling the detection of visual inconsistencies based on feature similarity. Dark Red is
most consistent and is least consistent.

During generation, we apply several filtering steps to ensure high-quality training data. We discard
samples with matching skewness below 1.3 (see Figure[3), and we enforce that the inconsistent region
occupies between 5% and 60% of the subject area. Additionally, we filter out samples where the
inpainted region has an LPIPS score below 0.15 to ensure sufficient visual inconsistency. The final
dataset consists of 5,000 image pairs for training and 500 image pairs for validation.

Testset: We generate a testset of 100 samples using our dataset, and we manually revise it to ensure
the reliability of evaluation.

Hyperparameters: We use the backbone of Stable Diffusion 2.1 for all experiments following
CleanDIFT [39]. We set the spatial resolution of the aggregated features in Equation (B) to h = w =
48, resulting in d = 48 x 48 = 2304, following CleanDIFT [39]. The projected feature dimensionality
is set to ¢ = 384, as in [22]. We empirically found that setting v = 10 in Equation (TT)) yields the
best performance. We train the model for 30 epochs using the AdamW optimizer [21] with a learning
rate of le-3 that is divided by 10 every 10 epochs. The training is done on 1 A100 GPU (40GB) and
takes 12 hours. The source code for the dataset generation pipeline and the proposed architecture are
publicly available. El

4.2 Evaluating the VSM Metric

To validate our proposed Visual-Semantic Match (VSM) metric, described in Section [3.3] we first
perform a controlled evaluation where we define an oracle based on the inpainted regions for each
image pair in the test set. This oracle is defined based on the ratio of the inconsistent region R; to the
total object mask O (see Figure[2), computed as:

Oracle = 1 — <§g1) (13)

This oracle reflects the ground-truth degree of visual consistency between the image pair. An effective
metric should produce estimates that strongly correlate with the oracle. We evaluate against commonly

"https://github.com/abdo-eldesokey/mind-the-glitch
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Controlled Inconsistency Subject-Driven Generation
CLIP DINO VLM* VSM (Ours) | CLIP DINO VLM*  VSM (Ours)

-0.053  0.087 0.072 0.448 0.156  0.164 0.079 0.405
-0.005  0.120 0.091 0.582 0.112  0.146 0.073 0.369

Pearson
Spearman

Table 1: Average correlation scores across methods. Our VSM achieves significantly higher correla-
tion with the oracle than other metrics both on controlled and realistic settings. *(ChatGPT-40)

Reference Subject
Figure 6: Qualitative examples of evaluating subject-driven image generation approaches using our
proposed VSM metric and other existing approaches. Our VSM metric can accurately quantify and

localize inconsistency and is more consistent with the oracle. Dark Red is most consistent and
is least consistent.

Diptych [CvPR2025] DSD [CVPR2025] EasyControl [[cCV 2025]

VSM  :0.609
CLIP :0.861
DINO :0.615

Oracle:0.935 oracte:

VSM
CLIP :0.790
DINO :0.766
VLM  :0.850
Oracle:0.749

10.712

VSM  :0.974

W

used metrics in the literature for comparing image pairs: CLIP and DINO image-to-image similarity,
as well as ChatGPT-4o as a representative Vision-Language Model (VLM). For VLM, we adopt the
prompt used in [26]], but modify it to produce a numerical score in the range of 0 to 100.

We report Pearson and Spearman correlations between each evaluated metric and the oracle in Table[T]
(left). Our VSM metric shows significantly higher correlation compared to both feature-based simi-
larity metrics and VLM judgments, indicating its greater reliability for measuring visual consistency.
Qualitative results in Figure [5|illustrate semantic and visual features with their correspondences.
While semantic features align with semantically similar regions regardless of appearance, visual
features differ notably within inpainted areas and do not match across image pairs. This is evident in
the score heatmaps shown in the rightmost column.

4.3 Evaluating Subject-Driven Image Generation

To evaluate the effectiveness of our VSM metric in a realistic subject-driven image generation setting,
we evaluate three recent methods: Diptych [38]], DSD-Diffusion [3]], and EasyControl [54]]. Using the
reference image /; and target prompt p from our test set, we generate 100 images per method and
evaluate them using VSM and other metrics as before. To compute the oracle, we manually annotate
the generated images to mark visually inconsistent regions and calculate the oracle score as defined

in Equation (T3).

Table T|shows that our VSM metric consistently outperforms all other metrics, demonstrating strong
generalization to real-world subject-driven generation. We also present qualitative examples in
Figure [6] illustrating that VSM aligns most closely with the oracle. This is further supported by the
KDE plots in Figure[7} where VSM shows the highest agreement with the oracle, while VLM tends
to score most image pairs between 75-95 regardless of visual discrepancies.
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Figure 7: Score Distribution of different metrics
compared to the Oracle. Figure 8: Aggregation weights.

To=05 T,=07 «a=1 Skewness> 1.0 Skewness> 1.5 VSM (Ours)

Pearson 0.465 0.352 0.118 0.232 0.224 0.448
Spearman 0.454 0.496 0.104 0.250 0.225 0.582

Table 2: Ablation analysis of different hyperparameters.

4.4 Ablation Analysis

We visualize the learned aggregation weights for the semantic and visual branches in Figure[8] Visual
features are primarily derived from decoder layers 8 and 9, while semantic features draw from layers
8 and 10, indicating that certain layers (e.g., layer 8) contribute to both representations. Notably, our
learned semantic weights differ from those in [22]], likely due to differences in supervision: their
model is trained on sparse keypoints, whereas ours uses dense correspondences, favoring later layers
with higher spatial resolution.

Table [2] presents an ablation study of key hyperparameters. For the VSM similarity threshold 75,
both low (0.5) and high (0.7) values reduce correlation with the oracle, with 7,, = 0.6 yielding the
best performance. Setting & = 1 in the training loss significantly degrades performance by reducing
emphasis on visual features in favor of semantic features, which are easier to learn and already present
in diffusion backbones without additional training [42, 39]]. In the dataset pipeline, high skewness
thresholds overly restrict sample diversity, while low thresholds allow ambiguous matches—both
leading to performance drops.

5 Limitations and Future Work

Our feature disentanglement is inherently partial, as visual features may still carry semantic infor-
mation. Achieving full disentanglement, enabling visual matching across semantically different
objects, remains a promising future direction. The quality of the learned features also depends on the
reference dataset used in the automated pipeline. The Subjects200k dataset [41], while large-scale,
was validated automatically and may include noisy pairs. Manual curation or improved filtering could
enhance supervision quality. Additionally, detecting fine-grained inconsistencies is further limited by
the spatial resolution of the diffusion features. We plan to address this via multi-scale aggregation and
higher-resolution extraction. Lastly, our current framework targets structural and appearance-level
inconsistencies. Extending it to handle broader variations, such as artistic style or color, may require
further decomposing. We include failure cases in the supplementary to guide future work.

6 Conclusion

We proposed a framework for disentangling diffusion model features into semantic and visual com-
ponents. Using an automated dataset pipeline with controlled visual inconsistencies, we trained a
contrastive architecture to separate the two. This enables visual correspondence across images, com-
plementing semantic matching, and supports fine-grained analysis. Leveraging this, we introduced
a metric that quantifies and localizes inconsistencies in subject-driven generation. Our approach
outperforms existing metrics, offering a more reliable and interpretable evaluation framework.

10
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: Both the abstract and Section 1 (the introduction) summarize the scope and all
contributions of the paper.

Guidelines:

* The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: Section 5 provides a discussion on the limitations of the proposed approach
and how it can potentially be improved in future work.

Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

 The authors are encouraged to create a separate "Limitations" section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
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Answer: [NA]
Justification: The results in the paper are either empirical or qualitative.
Guidelines:

* The answer NA means that the paper does not include theoretical results.

* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: We provide exhaustive details about the proposed approach in section 3
(Method), and we provide all used hyperparameters in section 4.1 (implementation details).

Guidelines:

* The answer NA means that the paper does not include experiments.

* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.
Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
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Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: Yes the source code and the data need to reproduce the results in the paper will
be made publicly available.

Guidelines:

» The answer NA means that paper does not include experiments requiring code.

¢ Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.
6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]
Justification: All these details are provided in section 4.1.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

 The full details can be provided either with the code, in appendix, or as supplemental
material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer:

Justification: We provide 1-sigma experiments due to the cost of training and since the gap
to the competing methods is significant.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).
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8.

10.

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

e It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

* It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

» For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.
Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]
Justification: Details are provided in section 4.1.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines]?

Answer: [Yes]
Justification: Code of Ethics was reviewed an followed.
Guidelines:

e The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]

Justification: The proposed approach can benefit the research community in subject-drive
image generation.

Guidelines:

* The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.
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» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

« If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]
Justification: The proposed method is analytical and does not impose any risk.
Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]
Justification: All used models, data, and code were referenced and credited.
Guidelines:

* The answer NA means that the paper does not use existing assets.

* The authors should cite the original paper that produced the code package or dataset.

 The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

* If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.
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* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]

Justification: Exhaustive details on the new data were provided, and the data will be made
publicly available.

Guidelines:

» The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justification: No human subject were used in the paper.
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with

human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justification: No human subject were used in the paper.
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with

human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.
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* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [NA]
Justification: The core method does not include any use of LLMs
Guidelines:

* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

¢ Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.

20


https://neurips.cc/Conferences/2025/LLM

	Introduction
	Related Work
	Semantic Correspondence using Diffusion Models
	Subject-Driven Image Generation
	Evaluating Subject-Driven Image Generation

	Method
	Data Generation Pipeline with Visual Correspondence
	Learning Disentangled Semantic and Visual Representations 
	A Metric for Evaluating Subject-Driven Image Generation

	Experiments
	Implementation Details
	Evaluating the VSM Metric
	Evaluating Subject-Driven Image Generation
	Ablation Analysis

	Limitations and Future Work
	Conclusion

