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ABSTRACT

Recent text-to-image diffusion models leverage cross-attention layers, which have
been effectively utilized to enhance a range of visual generative tasks. However,
our understanding of cross-attention layers remains somewhat limited. In this
study, we introduce a mechanistic interpretability approach for diffusion models
by constructing Head Relevance Vectors (HRVs) that align with human-specified
visual concepts. An HRV for a given visual concept has a length equal to the total
number of cross-attention heads, with each element representing the importance
of the corresponding head for the given visual concept. To validate HRVs as in-
terpretable features, we develop an ordered weakening analysis that demonstrates
their effectiveness. Furthermore, we propose concept strengthening and concept
adjusting methods and apply them to enhance three visual generative tasks. Our
results show that HRVs can reduce misinterpretations of polysemous words in im-
age generation, successfully modify five challenging attributes in image editing,
and mitigate catastrophic neglect in multi-concept generation. Overall, our work
provides an advancement in understanding cross-attention layers and introduces
new approaches for fine-controlling these layers at the head leve

1 INTRODUCTION

Recent advancements in Text-to-Image (T2I) models have demonstrated an unprecedented ability to
generate high-quality images with strong image-text alignment. These models often leverage power-
ful pre-trained text encoders; for instance, Stable Diffusion (Rombach et al., 2022} uses CLIP (Rad-
ford et al., 2021), while Imagen (Saharia et al., [2022) uses T5 (Raffel et al., 2020). Given that
language is more expressive than previously used supervision signals (Gandelsman et al., |2023),
text representations have empowered visual generative tasks, allowing for a high degree of con-
trol over the generation process. However, our understanding of the inner workings of T2I models
remains limited, and even the latest models continue to struggle with certain failure cases.

Significant progress has been made in understanding the inner workings of deep neural networks.
Olah et al.| (2018) demonstrated numerous examples showing interpretable features at various levels
in neural networks; Olah et al.|(2020) expanded this analysis by exploring connections between units
in the networks. Notably, Templeton et al.|(2024) identified interpretable features in the cutting-edge
large language model (LLM)—Claude 3 Sonnet—and used these features to guide the model’s genera-
tion towards safer outcomes. Building on this line of work, we analyze T2I generative models with a
focus on their cross-attention (CA) layers. We introduce a novel method to construct head relevance
vectors (HRVs) that align with human-specified visual concepts. An HRV for a given visual concept
is a vector whose length equals to the total number of CA heads, with each element representing the
importance of the corresponding head for that concept. We demonstrate that these vectors reflect
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(b) Enhancing three visual generative tasks with our head relevance vectors.

Figure 1: We develop a method for constructing head relevance vectors (HRVs) that align with useful
visual concepts. For a specified visual concept, an HRV assigns a relevance score to individual
cross-attention heads, revealing their importance for the visual concept. Our analysis shows that
the constructed HRVs can serve as interpretable features. We also demonstrate that HRV can be
effectively integrated for improving three visual generative tasks.

human-interpretable features by using ordered weakening analysis, where we sequentially weaken
the activation of CA heads and examine the resulting generated images (Figure [Ta).

To demonstrate the utility of HRVs, we propose concept strengthening and concept adjusting meth-
ods to enhance three visual generative tasks (Figure [Ib). In image generation, our approach sig-
nificantly reduces the misinterpretation of polysemous words. When generating images from text
prompts containing such words, our method decreased the misinterpretation rate from 63.0% to
15.9%. In image editing, our method enhances the widely used Prompt-to-Prompt (P2P)
2022) algorithm in modifying object attributes (color, material, geometric patterns) and image
attributes (image style, weather conditions), achieving 2.32% to 11.79% higher image-text align-
ment scores compared to state-of-the-art methods. Additionally, in human evaluations, it received
more than twice the preference scores compared to existing methods. In multi-concept generation,
our method improves upon the state-of-the-art Attend-and-Excite (Chefer et al.| 2023) algorithm.
By reducing catastrophic neglect — the omission of objects or attributes in generated images — our
approach enhances performance by 2.3% to 6.3% across two benchmark types.

We use Stable Diffusion v1.4 (Rombach et al} 2022) as the primary model for our analysis and
experiments. To show that our findings are not limited to a single model, we also show that they
are consistent in Stable Diffusion XL (Podell et al., 2024). Furthermore, we show that our approach
allows for flexible adjustment of human-specified concepts. These results indicate that our method
of constructing HRV's can be also useful for different model architectures and target concept.

2 RELATED WORK

Early works on interpretable neurons and interpretable features: Early works on visual gener-
ative models have trained variational autoencoders (VAEs) using specifically designed loss functions
on datasets with distinct attributes (Kulkarni et al 2015}, [Higgins et al., 2017} [Chen et al.| 2018}
2018). While these methods successfully controlled a few attributes present in the train-
ing dataset, they were limited by a lack of fine-grained control, strong dependence on training data,
and possible need for manual supervision of attributes. Another approach is to identify meaningful
features in intermediate layers of neural networks (e.g., generative adversarial networks (GANs)),
and modify those features to control the generation outputs (Plumerault et al., [2020; [Shen & Zhoul,
[2021). Also, a seminal work by demonstrated that interpretable features in neural
networks can be identified at various levels: single neurons, spatial positions, channels, or groups of
neurons across different positions and channels. They presented numerous examples showing how
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these interpretable features emerge at various levels within a neural network’s architecture. While
these efforts successfully revealed meaningful features, they were limited by an inability to cap-
ture user-specified or human-specified concepts. Moreover, the identified features were not always
directly usable for controlling attributes in generative tasks.

Recent works with multi-modal and generative models: Since the development of powerful
multi-modal models that can map images and text to a joint embedding space, few studies have used
text to interpret intermediate representations in vision models (Goh et al., 2021} Hernandez et al.,
2022; |Yuksekgonul et al., [2023b). Most recently, (Gandelsman et al.| (2023) examined self-attention
heads from the last layers of CLIP-ViT (Dosovitskiy et al.l [2021)), identifying meaningful correla-
tions with several visual concepts. While these studies primarily focused on non-generative models,
our study shifts focus to the interpretable features within visual generative models. Regarding the
recently proposed large language model, Claude 3 Sonnet, Templeton et al.|(2024)) demonstrated that
identifying meaningful concepts from model activations provides valuable insights into understand-
ing model behavior. Among the various features identified, their use of safety-related features to
guide text generation towards safer outcomes is particularly relevant for large-scale text-generative
models. Our study also explores large-scale generative models, showing that human-specified visual
concepts can be captured and applied in three distinct visual generative tasks.

Text-to-image diffusion models with cross-attention layers: Building on the large-scale T2I
diffusion models, researchers have developed methods to tackle various visual generative tasks, such
as image editing (Hertz et al., 2022)) and multi-concept generation (Chefer et al. [2023). Many of
these studies utilize the publicly available Stable Diffusion (Rombach et al.,2022)), which efficiently
generates images through a diffusion denoising process in latent space. This model incorporates an
autoencoder and a U-Net (Ronneberger et al.,[2015)) with multi-head cross-attention (CA) layers that
integrate CLIP (Radford et al.| |2021) text embeddings. Researchers have explored these CA layers
to enhance control over text-conditioned image generation (Feng et al., 2022; |Parmar et al., 2023;
Chefer et al., 2023; [Tumanyan et al., 2023} |Wu et al.,|2023). For example, P2P (Hertz et al., [2022)
manipulates image layout and structure by swapping CA maps between source and target prompts.
However, these methods typically update entire CA layers without offering fine-grained control
over individual attention heads. We introduce head relevance vectors and develop two techniques
for head-level control of CA layers, enabling precise steering of human-specified visual concepts.

3  METHOD FOR CONSTRUCTING HEAD RELEVANCE VECTORS

The core idea involves selecting a set of visual concepts of interest, using a large language
model (LLM) to pre-select 10 associated words for each concept, and utilizing random image gener-
ations for updating head relevance vectors (HRVs). The key to a successful update lies in identifying
the visual concept that best matches a particular head and increasing the corresponding element of
the HRVs. Figure 2] illustrates the process of a single update. We begin by providing background on
the cross-attention (CA) layer, followed by detailed descriptions of our methodology for construct-
ing HRVs that correspond to a set of human-specified visual concepts.

Cross-attention in T2I diffusion models: Let P be a generation prompt, Z; be a noisy image at
generation timestep t, and (-) be a CLIP text-encoder. In each CA head, the spatial features of the
noisy image (Z) are projected to a query matrix Q = lg( (Z:)), while the CLIP text embedding
(P) is projected to a key matrix K = I ( (P)) and a value matrix VV = ly,( (P)), using learned
linear layers lg; | x; and ly,. Then, the CA map is calculated by measuring the correlations between
Q and K as
T
QK ; (1
vd
where d is the projection dimension of the keys and queries. The CA output MV is a weighted aver-
age of the value V, with the weights determined by the CA map M. This operation is performed in
parallel across multi-heads in the CA layer, and their outputs are concatenated and linearly projected
using a learned linear layer to produce the final CA output.

M = softmax

Image generation prompts, visual concepts, and concept-words: To generate 2,100 random
images, we used 2,100 generation prompts. Of these, 1,000 prompts were constructed using 1,000
ImageNet classes (Deng et al., 2009), formatted as ‘A photo of a {class name}.” The remaining 1,100
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Figure 2: Overview of a single HRV update for a cross-attention (CA) head positiowhile
generating a random image, the most relevant visual concept is identi ed. Then the concept's head
relevance vector (HRV) is updated to have an increased value in pdsitior illustration purpose,

we are showing only 5 visual concept$ £ 5) and 6 CA headsH{ = 6). In our main experiments,

prompts were adopted from PromptHero (PromptiHero) to enhance diversity. The visual concepts
can be speci ed as an arbitrary set. In our study, we have interacted with GPT-40 (OpenAl, 2024)
to list 34 commonly used visual concepts including object categories and image properties. While
our study mainly focuses on the 34 visual concepts, we demonstrate in Appendix J that a new visual
concept can be exibly and easily added. For each of the selected visual concepts, we have generated
10 representative concept-words using GPT-40. The full list of 34 visual concepts, along with 10
corresponding concept-words for each, can be found in Table 3 of Apgendix A.

T2I1 models and head relevance vectors: We focus on Stable Diffusion v1, which contaids=

main experiments. For each visual conc€pt, we de ne ahead relevance vector (HR\&s an

H -dimensional vector that expresses how each CA head is activated by the corresponding visual
concept. Initially, allN head relevance vectors are set to zero and are iteratively updated following
the process illustrated in Figuré 2. The full iteration involved 2,100 generated images, with each
image used to iterate over &l = 128 heads and = 50 timesteps. Extension to a larger diffusion
model, Stable Diffusion XL, is discussed in Section 6.1.

Concatenation of theN token embeddings: In each HRV update shown in Figure 2, we gener-
ate a concatenation of token embeddings forkhe&isual concepts and use it to identify the best
matching visual concept for theth head. To enhance diversity in the process, we randomly sample
one concept-word for each visual concept from the list provided in Table 3 of Appendix A. The
sampledN concept-words are individually embedded using the CLIP text encog@gr followed

by the learned linear key projection Iaw,%‘) at theh-th CA head position. This producéé key

taining 77 token embeddings, whefeis a feature dimension. For instance, if the sampled word
for the third concep€s is “white,' the corresponding key matri«; would be g SOT>, <white>,
<EOT>, ,<EOT>], where<SOT> and<EOT> are key-projected embeddings of special to-

kens. We only extract the embedding of the semantic teketite> from K 3, denoted a$b3
2 R" F wherenz = 1 since there is only one semantic tokenyhite>. Similarly, we extract

semantic tokens across all conceptsil °= N if each concept-word consists of a single token).

Updating of the head relevance vectors: We calculate the cross-attention (CA) malfds 2
RR® N° whereR is the width or height of the image latent, by applying Eqg. 1 using the con-
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catenated token embeddings2 RN’ F | in place ofK , and the image que®™ 2 RR” F from

h-th head position. This measures the correlation between the visual informatieth Aead posi-

tion and the textual information of tHe visual concepts, resulting iIN groups of CA maps. If a

word consists of multiple tokens, we average the CA maps across the token dimension so that each

word corresponds to a single CA map. This process produces a matrix ofl%ﬁédé. This matrix
is then averaged across spatial dimension (Ré),to yield a single strength value for each visual

visual concept with the largest value, which eliminates the problem of different representation scales
acrossH CA heads (Appendix B.2). Then, we update that visual concept's HRV by increasing its
h-th component by one. This update process is repeated over all head pdsitidns : : ; 128and

to have itsL 1 norm equivalent téd = 128. Pseudo-code is provided in Appendix B.1.

4 ORDERED WEAKENING ANALYSIS OF HEAD RELEVANCE VECTORS

In this section, we investigate whether the constructed HRVs can effectively and reliably serve as
interpretable features. As our primary analysis tool, we introduce ordered weakening actdss the
cross-attention heads by multiplying2 to a target head's CA maps. This weakening is applied
consistently across all timesteps during image generation, but only to the CA maps of all semantic
tokens, leaving special tokens unchanged. Using this approach, we compare images generated under
two different head-weakening orders. In the most relevant head positions rst (MoRHF), we weaken
H heads starting from the strongest to the weakest, where the strength df reddtermined by

the value of theh-th element in the HRV. In the least relevant head positions rst (LeRHF), the
order is reversed, from the weakest to the strongest. If an HRV reliably represents a visual concept,
we expect MoRHF to impact the corresponding concept in the generated images more quickly than
LeRHF. The head weakening is inspired by a rescaling technique in P2P (Hertz et al., 2022) and the
ordering was inspired by the metrics de ned in Samek et al. (2016) and Tomsett et al. (2020).

Analysis results for three visual concepts are shown in Figure 3. Comparison of generated images
are shown in Figure 3a. In the top case, where the visual concept of Material is weakened, the
characteristics of copper in the generated image already disappeared when the most relevant 11
heads are weakened. In contrast, the copper remains visible until the least relevant 71 heads are
weakened. A similar observation can be made for the visual concepts of Animals and Geometric
Patterns. An additional 33 examples can be found in Figures 11 and 13-15 of Appendix C. It is
noted that a caution is required when analyzing the results, especially for LeRHF. For the HRV of a
given visual concept, the least relevant heads have little effect on the concept of interest but could be
signi cantly relevant to other visual concepts. Therefore, interpreting the changes observed in the
LeRHF-generated images requires careful consideration of other visual concepts.

We have also plotted the trends of CLIP image-text similarity in Figure 3b. CLIP similarity was
measured between the generated images and the concept-words used in the prompts. For each data
point in the CLIP score plots, we used between 30 and 150 images, depending on the speci ¢ visual
concept. The prompt templates and concept-words used for each visual concept are detailed in Ap-
pendix C.1. These plots clearly show that relevant concepts are removed signi cantly faster during
MoRHF weakening, while they are preserved for alonger duration in LeRHF weakening. Additional
similarity plots for six more visual concepts can be found in Figure 12 of Appendix C.2. Addition-

ally, we compare HRV-based ordered weakening with random order weakening in Appendix C.3,
further supporting HRV's concept-awareness.

5 STEERING VISUAL CONCEPTS IN THREE VISUAL GENERATIVE TASKS

Head relevance vectors are not only valuable as interpretable features but can also be used to steer
visual concepts in generative tasks. In this section, we demonstrate that polysemous word challenges
can be addressed and that leading methods, such as P2P (Hertz et al., 2022) for image editing and
Attend-and-Excite (& E) (Chefer et al., 2023) for multi-concept generation, can be signi cantly
enhanced. All of our experiments are conducted using Stable Diffusion v1.4, 50 timesteps with
PNDM sampling (Liu et al., 2022), and classi er-free guidance at a scale of 7.5. All CLIP-based
metrics are calculated using the OpenCLIP ViT-H/14 model (llharco et al., 2021).
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(a) Generated images as weakening progresses in either MORHF or LeRHF order.

(b) Change in CLIP image-text similarity score as weakening progresses in either MORHF or LeRHF order.

Figure 3: Ordered weakening analysis for three visual concepts: The visual concept of interest
disappears signi cantly faster with MoRHF, where the most relevant heads in the corresponding
HRV are weakened rst. Note that 128 corresponds to the weakening of all heads.

Figure 4: Two rescaling vectors for visual concept steerirgft: Concept strengtheningses HRV
of a desired visual concept as the rescaling ve&@amncept adjustingombines HRVs of a desired
and an undesired visual concepts to de ne the rescaling ve2tatiRV of desired concept) 1
(HRV of undesired concept). Herkl = 128 denotes the number of CA headRight: For both
concept steering methods, theh CA map of a target token is rescaled usipgtheh-th element

Two rescaling vectors for visual concept steering — concept strengthening and concept ad-
justing:  We de ne two rescaling vectors as illustrated in Figure 4, both utilizing pre-constructed
HRVs. In Section 3, we have constructed 34 HRVs for the 34 visual concepts listed in Table 3 of
Appendix A. We utilize the pre-constructed HRVSs to steer the corresponding concepts. For some vi-
sual generative tasks, only a desired concept can be identi ed, and wecumgpt strengthening

In other tasks, both a desired and an undesired concept can be identi ed, typically in cases where the
generative model fails to meet the user's intention. In such cases, we @ppigpt adjustingThe
rescaling vector of concept adjusting is designed to be closely related to that of concept strengthen-
ing; the two vectors become equivalent when desired and undesired concepts are identical.
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5.1 IMAGE GENERATION— REDUCING MISINTERPRETATION OF POLYSEMOUS WORDS

The same word can have different meanings de-
pending on the context. Stable Diffusion (SD)
models are known for misinterpreting such pol-
ysemous words, often generating images that
do not comply with the user's intended mean-
ing. Two examples are shown in Figure 5. SD
fails to recognize that “lavender' clearly refers
to a color and "Apple' to an electronic device.
This misinterpretation by SD may arise from
limitations in the CLIP text encoder, which

has been reported to exhibit bag-of-words iggure 5: Examples of image generations from
sues (Yuksekgonul et al., 2023a). The problegy,pe piffusion (SD) and SD-HRV (ours) using
can be resolved by adoptir@pncept adjusting ,-omnts frequently misinterpreted by T2I mod-

to SD as shown in Figure 5, where we namgs  sp-HRV effectively reduces misinterpreta-
our method as SD-HRV. For the lavender casg,

SD-HRYV resolves this issue by applying con-on compared to SD.

cept adjusting to the token “lavender,' using Color as the desired visual concept and Plants as the
undesired visual concept. For the Apple case, concept adjusting is applied to the token "Apple,' using
Brand Logos as the desired and Fruits as the undesired. Examples of 10 cases, including the 2 cases
shown in Figure 5, can be found in Figures 18-19 of Appendix D.1. There, we provide 10 images
generated with 10 random seeds for each case. Additionally, we investigated the performance of
concept strengthening compared to concept adjusting and found, as expected, that concept adjusting
performs better. The details can be found in Appendix D.3.

We have also performedfeuman evaluatiorover the 10 cases, each with 10 random seeds, and
the details can be found in Appendix D.2. Based on the human evaluation, the human perceived
misinterpretation rate dropped signi cantly from 63.0% to 15.9% when SD-HRV was adopted.

5.2 IMAGE EDITING — SUCCESSFUL EDITING FOR FIVE CHALLENGING VISUAL CONCEPTS

Image editing involves generating an image that aligns with the target prompt while minimizing
structural changes from the source image. Although recently developed methods excel at image
editing, certain visual concepts remain challenging to edit. For example, concepts related to mate-
rials, geometric patterns, image styles, and weather conditions are known to be particularly dif cult
to edit. To address this problem, we propose applyiogcept strengtheninp P2P (Hertz et al.,

2022). We refer to our method as P2P-HRV. The key idea is to apply concept strengthening to
the edited token, the token that describes how the attribute of the source image should be changed,
thereby strengthening the concept related to the editing target. The detailed explanations of P2P-
HRV method are provided in Appendix E.1.

Experimental settings: We focus on ve challenging visual concepts as editing targets, includ-
ing three object attributes (Color, Material, and Geometric Patterns) and two image attributes (Im-
age Styles and Weather Conditions). We compare P2P-HRV with SDEdit (Meng et al., 2021),
P2P (Hertz et al., 2022), PnP (Tumanyan et al., 2023), MasaCtrl (Cao et al., 2023), and FPE (Liu
et al.,, 2024). For each method, we generate 500 edited images for each editing target (250 for
Weather Conditions) using the prompts described in Appendix E.2. For object attributes (Color, Ma-
terial, and Geometric Patterns), we evaluated performance using both CLIP (Radford et al., 2021)
and BG-DINO scores. The CLIP score evaluates CLIP image-text similarity between the edited
image and the target prompt. The BG-DINO score assesses structure preservation using Grounded-
SAM-2 (Ravi et al., 2024; Ren et al., 2024) for extracting non-object parts from the source and
edited images and then comparing them with DINOv2 (Oquab et al., 2023) embeddings. The BG-
DINO score is inspired by theegment-and-embetdetrics used in prior research (Parmar et al.,
2023; Kim et al., 2024). For image attributes (Image Styles and Weather Conditions), we conducted
a human evaluatiorto assess human preference (HP) scores, as BG-DINO is not well-suited for
these edits, which involve modifying the entire image rather than preserving non-object parts. In the
human evaluation, we compared P2P-HRV with the other methods by asking "Which edited image
better matches the target description, while maintaining essential details of the source image?' We
normalized the HP-score, setting P2P-HRV's preference score to 100.
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