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ABSTRACT

Large-scale diffusion models have made significant advances in image genera-
tion, particularly through cross-attention mechanisms. While cross-attention has
been well-studied in text-to-image tasks, their interpretability in image-to-image
(I2I) diffusion models remains underexplored. This paper introduces Image-to-
Image Attribution Maps (I?AM), a method that enhances the interpretability of
121 models by visualizing bidirectional attribution maps, from the reference image
to the generated image and vice versa. I2AM aggregates cross-attention scores
across time steps, attention heads, and layers, offering insights into how criti-
cal features are transferred between images. We demonstrate the effectiveness of
I? AM across object detection, inpainting, and super-resolution tasks. Our results
demonstrate that I?’AM successfully identifies key regions responsible for gener-
ating the output, even in complex scenes. Additionally, we introduce the Inpaint-
ing Mask Attention Consistency Score (IMACS) as a novel evaluation metric to
assess the alignment between attribution maps and inpainting masks, which corre-
lates strongly with existing performance metrics. Through extensive experiments,
we show that I AM enables model debugging and refinement, providing practical
tools for improving 121 model’s performance and interpretability.

1 INTRODUCTION

Latent diffusion models (LDMs) have recently gained popularity as powerful methods for generat-
ing images from random noise with textual description (text-to-image, T2I) (Ramesh et al., 2022;
Saharia et al.| [2022b} |[Esser et al., [ 2024), or image (image-to-image, I121) (Song et al., [2024; Morelli
et al.| 2023} [Koley et al., [2024). Despite their prevalent adoption, these models have often been
developed without a comprehensive investigation into their reliability and interpretability. As these
methods are increasingly applied in various fields, ensuring their trustworthy and understandable
operation becomes critical. Explainable Artificial Intelligence (XAI) plays a crucial role in address-
ing this need by providing insights into how and why AI models produce their outputs. For LDMs,
XAI methods offer the opportunity to interpret complex internal processes, enabling researchers to
identify and mitigate potential issues, enhance model performance, and build user trust. Recent
XAl efforts |Hertz et al.| (2022); |Tang et al.| (2022); [Tumanyan et al.| (2023) have largely focused on
T2I models, where text inputs are segmented into tokens, allowing for straightforward analysis via
cross-attention maps, i.e., how individual tokens influence different parts of the generated output.
However, applying similar interpretability methods to I2I models, while promising, presents signif-
icant challenges. The spatial and contextual continuity between the input (which we call reference)
image and the output (which we call generated) image complicates this token-wise approach in 121
models. Unlike T2I models, where tokens have discrete and non-spatial relationships, 121 models
must account for the complex correlations within and between the reference and generated images.
This continuity reveals a considerable gap in our understanding and ability to interpret 121 models
from both perspectives: from reference to generated and vice versa.

Despite the challenges of applying token-based methods to 121 models, the shared image domain
between the reference and generated images opens new possibilities for bi-directional attribution
mapping. Such an approach provides deeper insights into how I2I models capture and transfer vi-
sual information between input and output domains, offering a more comprehensive understanding
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of the model's internal processes. In this paper, we address two key research questions that guide
our approach to bi-directional attribution. The rst questi@il) asks,“Which regions of the gen-

erated image are in uenced most by the reference imagéRis focuses on the generated image's
perspective, exploring how the model utilizes the reference image during generation. The second
guestion(Q2) asks,"Which parts of the reference image contribute most to the generated image?”
This shifts the focus to the reference image, assessing whether the model captures and effectively
transfers critical speci cs from the input for generating the output. To answer these questions, we
introduce the Image-to-Image Attribution ma(p$AM) method. ¥AM consolidates cross-attention

maps across various axes - such as time steps, attention heads, and layers - to provide a detailed un-
derstanding of how the LDM operates. This approach allows us to visualize attribution maps from
two perspectives(i) from the reference to the generated image; @hdrom the generated image

back to the reference. The distinction between these two maps is crucial: while the former focuses
on how the reference image affects speci ¢ parts of the generated image, the latter examines how the
generated image relates back to the reference. This dual approach enhances our ability to interpret
the intricate behavior of 121 diffusion models in various tasks, highlighting the key contributions
from each perspective.

To validate the effectiveness ofAM method, we conducted extensive experiments across
various tasks and models, including object detection, inpainting, and super-resolution |(Cheng
et all,[2022; Yang et all, 2028a:b). Our results demonstrate eVl Isuccessfully cap-

tures critical attribution patterns in each task, offering valuable insights into the underly-
ing generation process. Fi] 1 provides a clear example of an inpainting task, speci-
cally in a virtual try-on, illustrating both directions of inuence. The top attribution map
shows how different areas of the generated image are in uenced by the reference @iage (
Conversely, the bottom map demonstrates how

different regions of the reference image con-

tribute to the generation proces9%). While

the bottom map seems to indicate that key in-

formation (i.e., logo) is not extracted, the patch-

level analysis in the right map illustrates which

reference information was extracted during the

generation of that grid cell. We also introduced

a new evaluation metric for reference-based im-

age inpainting tasks, measuring the consistency

between the two attribution maps. This met-

ric offers a reliable way to assess how well the

model captures key details from the reference

image, showing strong consistency with down-

stream performance. Finally, we explored the

utility of 12AM for debugging and improving
121 models. By examining bi-directional attri-
bution m"?‘pS* we identi ed |nstar_1ces Where th e reference imag@1), while the bottom map illus-
model failed to ca_pture essential detglls frorﬂ?ates how the reference image contributes to the gen-
the reference or misrepresented certain featutggted imageQ2). The right map highlights speci ¢

in the generated image, adjusting the 12I modgiference-to-output patch contributions.
in a targeted manner.

Figure 1:Cross-attention maps usingAM. The top
ap shows how the generated image is in uenced by

2 RELATED WORK

Perturbation-based attribution methods. Perturbation-based methods explain model predictions

by altering input features and observing changes in the output, making them suitable for black-box
models. Occlusion Sensitivity Zeiler & Ferguis (20[L4b) occludes parts of the input to evaluate their
in uence on predictions. LIME Ribeiro et al. (2016) perturbs inputs and trains an interpretable
local model to approximate the model's predictions, while RISE Petsiuk (2018) generates pixel-
wise saliency maps using randomized input masking. Although these methods are computationally
intensive, they are valuable for analyzing models without requiring access to internal parameters.

Gradient-based attribution methods. Gradient-based attribution methods determine input feature
importance by analyzing the gradients of the model's output. Early work (Zeiler & Fergus, 2014a;
Simonyan, 2013) highlighted the signi cance of individual input pixels in image-based models.
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Class activation maps (Zhou et al., 2016; Selvaraju et al., 2016) further improved visualization by
combining gradient and activation maps. Techniques such as SmoothGrad Smilkov et al. (2017) and
FullGrad Srinivas & Fleuret (2019) enhanced these visualizations through gradient smoothing and
dual importance scoring, while Score-CAM Wang et al. (2020) emphasized global feature contribu-
tions. Despite their utility, these methods face challenges like gradient noise and handling negative
contributions, which can obscure accurate interpretation.

Attention-based attribution methods. With the rise of transformersttention-based attribution
mapshave become a key focus for understanding model behavior, particularly in text-to-image tasks.
These methods intuitively capture the relative importance of tokens, leading to practical applications
in areas like image editing (Hertz et al., 2022; Epstein et al., 2023), where object attributes (e.qg.,
style, location, shape) are adjusted by manipulating attention maps. Layout guidance methods (Cao
etal., 2023; Kim et al., 2023b; Tumanyan et al., 2023) use structural information encoded in attention
maps to re ne image generation layouts, while other approaches (Shi et al., 2024; Tewel et al.,
2024) ensure subject consistency across multiple images by sharing or transferring attention maps.
Semantic correspondence techniques (Zhang et al., 2024; Hedlin et al., 2024) further align cross-
attention maps with image content. DAAM Tang et al. (2022) has been instrumental in interpreting
cross-attention in text-to-image (T2l) models, revealing the insights of text-conditioned interactions.
However, these approaches primarily focus on single-directional token attribution, limiting their
applicability to image-to-image (12I) tasks.

3 PRELIMINARIES

Diffusion models. Diffusion models Sohl-Dickstein et al. (2015); Ho et al. (2020); Song et al.
(2022) are probabilistic generative models that progressively denoise a Gaussian noise sample
N (0;1) to generate data. Starting with a samplefrom an unknown distributiog(xg), the goal
is to train a parametric mode (Xo) to approximateq(xp). These models can be viewed as a
sequence of equally weighted denoising autoencoddps ; t), which operate over a series of time
stepg = 1 :::T. Each step involves predicting a cleaner version of the noisy puterived from
the original inputxy. The training objective is expressed as:
[
Lom( )= Ex; ¢ Kk (Xt:t)K3 ; (1)

Latent Diffusion Models (LDMs) Rombach et al. (2022) function similarly but operate in a com-
pressed latent space rather than in the data space. The eBcodgs the inpuk to a latent code
z = E(x), where noise is added in the latent space to produce (E(x)+ . Inimage-to-
image tasks, the LDM model (z;;t; c,) is trained to denoisg, using a modi ed objective:

h i

Liom( 5 )= Ezc: k (z¢;t; Cl)k% ; 2

wherec, = (1) is a conditioning vector derived from a so-callederenceimagel, i.e., input
image, via the image encoder . During training, both and are jointly optimized to minimize
the LDM loss in (2), yielding a reverse process that gradually denoises the ntmsgenerate the
nal output x, referred to as thgeneratedmage.

4 METHODOLOGY. I?AM

In this work, we introducémage-to-Image Attribution Maps, which we calll?AM, a method

aimed at interpreting latent diffusion models using cross-attention maps. Attribution mapping is a
powerful tool for analyzing the relationship between speci c parts of an image or text (e.g., patches
or tokens) and output features. Unlike text-to-image models, which rely on token-based representa-
tions, image-to-image generation allows for bidirectional analysis - visualizing two distinct attribu-
tion maps - corresponding to two research quest@handQ2, where embeddings of all patches

from both the reference and the generated images are required. This level of detailed attribution is
challenging for T2l models due to the abstract nature of text tokens. In 12] LDMs, reference and
generated images act as both queries and keys in the cross-attention mechanism, allowing us to map
the ow of information between the reference and generated images.
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(a) Inpainting task (b) Super-resolution task

Figure 2:Visualization of layer-level attribution maps (LLAM) for each task. (a) LLAMs for StableVITON
and DCI-VTON models at layei® 5, and8 demonstrate how clothing features are progressively incorporated
during the inpainting process. (b) LLAMs for PASD model show the contribution of reference data in re ning
image resolution at different layers.

Overview of I’AM. The PAM method en-

ables the visualization of bidirectional attribu-

tion maps by dividing reference and generated

images into smaller patches and analyzing their

interactions across three key axes: diffusion

time steps, attention heads, and layers. This ap-

proach can be applied to various tasks such as

segmentation, style transfer, colorization, and

depth estimation. By examining each compo- (a) U-Net layer at time and layer
nent - time, head, and layer - individually, we
gain deeper insights into the model's behavior
and its task-speci ¢ details. For example, Fig. 2
demonstrates how layer-level analysis aggre-
gates information across time steps and atten-
tion heads, revealing broader patterns and attérigure 3: (a) U-Net layer at timet and layerl,

tion ows across layers for different tasks. Irwhere the image embeddings are supplied to the cross-
Fig. 2a, attention scores gradually transit frorfftention. (b) U-Nlet encoder providing multi-scale im-
coarse to ne-grained features as layers deepége embeddings’; and (c) image encoder supplying
starting with basic color information and eVen_xed-sme embeddings, to the cross-attention module.

tually capturing intricate details like logos and buttons. Conversely, in Fig. 2b, since LQ (low-
quality) input signals are provided with the initial noise, the early layers seem to interpret the input
as already containing basic information, leading them to pay less attention to coarse features. Further
details are provided in the Appendix A.7. This analysis applies to generated and reference images,
where maps for generated images are denoted by the sulisaiipd those for reference images by

r.

(b) U-Net encoder (c) Image encoder

4.1 BASIC FUNCTIONS

In this subsection, we describe the core operations involved irféi method.

Attention score. At the core of our approach is the computation of attention score, which quanti es
the interaction between different regions of the reference and generated images. The attention score
is computed as follows:

Attn_ScoréQ; K ) = softmax %de ; 3)
Kk

whereQ is the query matrixK is the key matrix, andy is the dimension of the key vectors. In our
model, both the query and key matrices operate across several axes: time ateppgion heads,
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and layerd. To capture how the model processes information at different levels within the cross-
attention module, we de ne the attribution map at a speci c time $fegitention head, and layer

| asm E;'rf , which encapsulates the relationships between the reference and generated images.
Summation operation. To aggregate information across these axes, we introduce a summation
operation allowing aggregation over any subset of the &es | g. The summation is de ned as:

X
| |
Sum, (M 53 )= m ﬁg ; 4)
A

whereA f t;n;lgrepresents the axes over which the summation is performed. This operation
enables us to analyze the attention behavior across time steps, heads, and layers, providing a com-
prehensive view of how different patches of reference or generated images contribute to one another.

Threshold-based transformation. After the summation, we apply a threshold-based transforma-
tion to re ne the attention maps. The attention mapis normalized to the rangf; 1], and a
threshold is applied to Iter out lower values. The nal attention map is computed as:

m m I(m>); (5)

wherel( ) is an indicator function that retains values greater than the threshold. This operation
ensures that the most relevant attention regions are highlighted while Itering out insigni cant areas.
The threshold is typically set ta0:4 to balance visibility and relevance.

4.2 UNIFIED-LEVEL ATTRIBUTION MAPS

Bidirectional attention scores. In our approach, bidirectional attention scores across time steps,
attention heads, and layers form the basis of our operations. As shown in Fig. 3a, the LDM with an

L -layered cross-attention module derives the pre-cross-attention véf;%g‘,.;l at each time step
t and layed. Image embeddings of the reference imagee obtained from various image encoder

, Which can be multi-scale feature vectcfg from U-Net encoders (as in Fig. 3b) or xed-size
embeddings; from CLIP or DINOv2 (as in Fig. 3c). For simplicity, we use notations of xed-

Bidirectionalattention scores quantify the interactions between the reference and generated images
in two directions. The vectorfsft(')g andc, are conditioned to each other through a multi-head
cross-attention mechanism.

» Reference-to-Generated (R2Gattention scorév g;z;n . This score captures the in uence of

the queryQ (reference patch,) on the keyK (generated patcfg")) in the key vectors (gen-
erated image). This corresponds@d, measuring how each reference patch in uences the
generated image.

* Generated-to-Reference (G2Rattention scord ﬁ;'t);n : This score shows how the query (gen-

erated patch) corresponds to the key (reference patch) in the key vectors (reference image). This
corresponds tQ2, measuring how the generated image relates back to the reference image.

The attention scores are computed as:

ML, = Attn_ScoréW () ci; W L") and M), = Attn_Scoréw ()£ w {) ¢); (6)
whereW é';)n andwW ,((';2] are projection matrices for queries and keys, respectively. While the size of
the attention scores may vary across layers, for consistency in aggregation, we resize all attention
scores to acommon size @W; HW ), whereH andW denote the height and width of the original

imagexo. These bidirectional attention maps allow us to analyze the transfer of information between
the reference and generated images from both perspectives.

Uni ed-level attribution map (ULAM). To obtain a holistic representation of the attention patterns,
we introduce theini ed-levelattribution map (ULAM), which aggregates the attention scores in (6)
acrossft; n; 1 g. Before applying the summation, we rst perform a column-wise averaging of the

attention scoreM g;{n andM E;'t);n , reducing their dimensions frofHW; HW ) to (HW ). This
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step ensures that the attention maps are more compact and interpretable while retaining the key
relationships. The ULAM for R2G and G2R, denotedvig andM ,, are computed as:

M g- SurTh;n;l g(m (gl;z;n ); M r= Sumt;n;l g(m E;lt);n ; (7)

where g;{n M E;'t);n are the column-wise averaged scores, and the summation is applied over all
time steps, heads, and layers. This aggregated ULAM captures the overall contribution of different
regions of the reference image to the generated image, and vice versa, measuring relevance loss by
examining the alignment of concentrated attention score distributions. After summation, these maps
are reshaped to the spatial dimensi¢HsW ) for visualization, and a threshold-based transforma-

tion (5) is applied to lter out lower values, ensuring that the nal maps focus on the most critical
attention regions.

4.3 LAYER/HEAD/TIME-LEVEL ATTRIBUTION MAPS

To fully understand the behavior of diffusion models, it is important to break down the model's
core components - time steps, attention heads, and layers. To this end, we introduce three types of
attribution maps that offer insights into the role of each of these components in the image generation
process. For detailed formulas, please see Appendix A.3.

Time-level attribution map (TLAM). Thetime-levehttribution map (TLAM) visualizes the gener-
ation process over time. The TLAM for a given time groufor R2G and G2R directions, denoted
asM g andM . , is obtained by summintj) g;{n andM ﬁ't)n over heads and layers for a speci ¢

timewindow[ t;( +1) t]. Thisresultsilgop= T= ttime-level maps. Leveraging the nal

TLAMs, being applied reshaping and threshold-based transformétibg, ; M . ng'g,“p ! we can

visualize the gradual formation of the generated image over time.

Head-level attribution map (HLAM). The head-levelattribution map (HLAM) reveals the con-
tributions of different attention heads. For R2G and G2R directions, the HLAM is computed by

summingM g;i;n andm E't)n across time steps and layers, denotetMsg:n ; M ., gN_, . After sum-

mation and reshaping, we apply threshold-based transformation to obtain the nal HLAM. Each
head captures different information, enhancing contextual understanding. The model generates se-
mantically aligned outcomes, emphasizing this effect remains unaffected even when integrating the
time and layer axes.

Layer-level attribution map (LLAM). The layer-levelattribution map (LLAM) highlights how
each layer processes and transforms the input features as they propagate through the network. The

LLAMs for R2G direction, denoted &3V g)gle , with L being the number of layers, are obtained

via summation of) (g';{n andM f't)n over time steps and heads. The layer-level maps offer a better
indicator of model performance across different layers and help uncover areas for potential im-

provement. On the other hand, analyzing the LLAMs for G2R direclsi’bﬂ) often proves less
informative. This is because it tends to distribute attention more uniformly across the reference
image in most layers, mixing irrelevant components (e.g., background and unmasked regions) with
relevant information.

Speci c-reference attribution map (SRAM).
Given the challenges associated with interpret-
ing the G2R layer-level attribution map, we
propose a more targeted solution: gpeci c-
reference attribution map (SRAM). SRAM
shows the regions of the reference image that
contribute to the generated patch. While the

layer-level mapvi ﬁ') captures the broad inter-
actions from the column-wise averaged scores,

SRAM re nes this by selecting the relevant

th row from the fundamental attention scorEigure 4:Overview of SRAM, showing how attention
M §;|t);n in (6) that corresponds to a speci cScores from all patch embeddings of the reference im-

atch in the generated image. Bv summir® e (clothing) are calculated to analyze correlation with
P . g d ge. h yd speci ¢ generated patéh The red point on the cloth-
across time steps and attention heaads, We C@flyindicates the reference patch with the highest in u-

struct the SRAM M g).i gl=; , which highlights ence on the generated image.

r
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how each layer of the model re ects information from the reference image during the generation of
a particular (-th) patch in the output image. See Fig. 1 and 4 for illustrative examples.

SRAM provides more concrete positional mapping details between the generated and reference
images, making it a valuable feedback signal for model training. For instance, in object inpainting
tasks, SRAM guides the model in focusing on the relevant object parts without considering irrelevant
background information from the reference image. In super-resolution tasks, it helps improve the
sharpness and structural consistency of the generated image by leveraging spatial correspondences
between the reference and generated images. Leveraging insights from SRAM can guide the model's
learning process by enhancing the roles of speci c layers. For example, in layers responsible for
capturing important features, training can be improved by strengthening attention mechanisms on
patches that are crucial for accurate generation. This focus on critical layers and patches can be used
to introduce useful priors into the model, as further explored in Sec. 5.4.

4.4 INPAINTING MASK ATTENTION CONSISTENCY SCORE

We introduce thdnpainting Mask Attention Consistency Sc@&IACS), a metric for evaluating
reference-based inpainting tasks in image-to-image latent diffusion models. IMACS measures the
alignment between attention maps of generated and reference inlagesn@M ;) with their re-
spective masks« andx;). For example, in a virtual try-on test, the inpainting masks for generated

or reference images represent, for example, a clothing-agnostic mask and a cloth mask, respectively.
This metric quanti es the consistency between the bidirectional attention maps and the respective in-
painting/reference masks, evaluating the effectiveness of information transfer between two images.
The score for the R2G attention map, denoted as IMAGScomputed as:

P P
Hy Mg Xg) Hp (Mg (1 Xg)).

IMACS, = ; 8

Hw Xg pw (1 Xg)

where is a penalty factor (defauB), penalizing misaligned attention. The score for the G2R atten-

tion map, denoted as IMAGSis de ned similarly. The higher values of IMAGS indicate better
alignment between the attention maps and the corresponding masks, and thus, superior performance
as an XAl metric. Increasing imposes stronger penalties on attention deviating from mask regions,
helping to detect issues such as overfocusing on irrelevant areas or neglecting critical regions.

5 EXPERIMENTAL RESULTS

We conducted extensive experiments usf@Nl across multiple tasks, including object detection,
inpainting, and super-resolution, to evaluate its effectiveness in interpreting image-to-image LDMs.
These experiments demonstrate the ability’@iVl to enhance interpretability and reveal underlying
model behavior across tasks. Experiment details are in Appendix A.4 and A.5. The ablation study
of and for clear map visualization and IMACS consistency is provided in Appendix A.6.

5.1 OBJECT DETECTION

In this experiment, we evaluattAM's capability in object detection using images generated by the
Paint-by-Example (PBE) model on the COCO Lin et al. (2014) dataset. The goal is to assess how
effectively PAM captures and visualizes critical object features in both reference and generated im-
ages, even in unseen scenarios. We utilize the uni ed-level R2G attributiotMnép analyze how

I2AM retrieves key object regions responsible for object formation and object boundaries obtained
by PBE, particularly in complex scenes with multiple objects (Fig. 5).

The comparison with baseline object detection models is shown in Tab. 1. The metrig#moU
computes the mean Intersection over Union for COCO images where the baseline category score
exceedd):5, evaluating the baseline's object detection ability on real images. For PBE-generated
images, we use migl}.° to assess detection performance. While there is a performance drop for
generated images compared to ground truth, the PBE-generated images still capture key object fea-
tures from the reference image, and furthermore, the baselines such as YOLOVS3, trained on COCO
data, successfully reveal regions critical for object formation. To assess performance in unseen sce-
narios, we use three baselines: DAAM Tang et al. (2022), 'overall', and ‘ragglag,'. DAAM
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Method mioZ7™  mioUgg®
Supervised manné& Seen dataset

Faster-RCNN Ren et al. (2016) 0:3225 02658

Mask-RCNN He et al. (2017) 0:3294 02706

YOLOvV3 Redmon (2018) 0:2448 0:1978
MaskFormer Cheng et al. (2022) 0.3568 0.2932
RTMDet Lyu et al. (2022) 0:3228 02516
Unsupervised manné& Unseen dataset
DAAM Tang et al. (2022) 0:1807
Overall 0:1807
Randomg 309 0:2028
Ours — 0:2416

Figure 5: Object detection pipeline using PBE anBable 1: Performance comparison of object detec-
12AM. ULAM for R2G direction highlights key regionstion methods, with signi cant results highlighted in
for object detection in the generated image. yellow .

is an attention-based T2l method that applies softmax differently ff@| producing 'overall

results in PBE. See the Appendix A.7 for details. The “overall' assumes bounding boxes cover the
entire image, while the “randag 39, cOmpares results with randomly generated bounding boxes
coveringl0  30%of the image. Although COCO is a seen dataset for existing baseline methods
and unseen for PBE and our methoAM achieves a competitive mIOU @2416and even out-
performs YOLOV3 in certain cases. This highlighté\M's ability to extract relevant knowledge

from reference images, even in challenging environments with generated content.

5.2 IMAGE INPAINTING

We evaluate 4AM's interpretability in image inpainting tasks using models like PBE Yang et al.
(2023a), DCI-VTON Gou et al. (2023), and StableVITON Kim et al. (2023a). Image inpainting
involves lling masked regions of an image by referencing another image, making cross-attention
maps essential for understanding how the reference image in uences the inpainting process.

(a) Time-Level Attribution MagM g, (b) Head-Level Attribution MafM ¢:n

Figure 6:Attribution maps for R2G. (a) TLAMM 4. visualizes changes in attention patterns over time from
t = T tot = 1, highlighting where the model focuses at each step. (b) HLMM) shows the contributions
of the 8 attention heads, comparing how each head focuses on speci c regions of the image.

To addresQ1, we rst analyze the R2G map, focusing on the areas where the reference image
contributes most to the lled-in regions in the generated output. The time-level attribution map
(TLAM) Mg, , illustrated in Fig. 6a, shows how the model progressively re nes object structure
over time, assigning higher attention to crucial details like facial features and clothing logos. As the
inpainting process unfolds, the model transitions from low-frequency to high-frequency features.
The head-level map (HLAMM 4., displayed in Fig. 6b, reveals variations across attention heads,
with some attention extending beyond the masked area. Integrating information beyond the masked
region may resultin the loss of certain features but also improves contextual understanding, enabling
semantically consistent outputs. Since HLAM was expected to capture diverse information, this
behavior is seen as a positive outcome. Fig. 6 demonstrates the capacity of the LDM to recognize
and integrate key patterns throughout the inpainting process.

Next, we extend this analysis in Fig. 7 for StableVITON model, using bidirectional attribution maps.
The time-level G2R maphl .. , shown on the left, indicate minimal changes over time, while the
head-level G2R map¥! .» highlight diversity across heads, with a common focus on logos. In
contrast, the R2G maps in the middle panel show how details such as clothing patterns and textures
are progressively transferred from the reference to the generated image, as re &ttgd.ifrinally,
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Figure 7: Generation ow of StableVITON through? AM. The traits derived from G2R maps are shown
(left), and the usage is displayed in R2G maps (middle). (right) We visuMigé, capturing key blending
features that link basic properties with ner details.

the SRAMM g‘?i , shown on the right, provides positional mapping at |&yéndicating how clothing
colors and patterns from the reference image are integrated into the nal output. Additional results
are provided in the Appendix for further details.

5.3 SUPER-RESOLUTION

In this section, we evaluate the PASD Yang et al. (2023b) model for super-resolution tasks, where
the goal is to enhance the resolution of a low-resolution image by progressively re ning it. Unlike
inpainting, which reconstructs speci ¢ masked regions, super-resolution aims to improve the overall
image resolution while preserving key details from the input. First, Fig. 8 provides insights into both
Q1 andQ2 using bidirectional (R2G and G2R) maps. The HLAKS ¢;n; M ., ) reveal that dif-

ferent heads handle distinct regions of text descriptions from the reference image but work together
to enhance ne details in the nal output. The TLAMM 4. ;M. ) show that the PASD model
consistently focuses on critical image features, e.g., text descriptions, throughout the process, main-
taining stable attention across time steps. The consistent attention distribution across time and heads
highlights the model's reliance on detailed information from the low-resolution input to improve the
high-resolution image.

Fig. 9 extends this analysis to a layer-level view using the SR(WIé.'r?i ), illustrating how patches

at similar positions across different layers contribute to super-resoiution. Laye#show precise
attention alignment, indicating the model's effectiveness in preserving critical image features from
the low-resolution input at appropriate locations. However, attention scores in higher layers (e.g.,
layers9 and 11) display slight misalignments. This suggests that while the lower layers focus on

re ning key structural features and capturing accurate positional information, the higher layers may
struggle with processing more abstract and challenging patterns. As also shown in Fig. 2, each layer
performs a distinct function, with some layers prioritizing ne details while others focus on higher-
level semantics. We note that similar results are observed in another super-resolution model, SeeSR
(see Appendix A.7).

Figure 8:Improvement process of super-resolution, showing how content from the G2R map is meaningfully
incorporated into the R2G map. Progressive re nement of details from low to high resolution is visualized
through head- and time-level maps.

Figure 9: Gradual change in attention within SRAM (s'r), , at corresponding positions in multiple layers.
Lower layers achieve intuitive position alignment, while higher layers manage more complex contexts. Zoom

in to check for position alignment.
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