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Abstract

Diffusion models have shown remarkable abilities in generating realistic and high-
quality images from text prompts. However, a trained model remains largely
black-box; little do we know about the roles of its components in exhibiting a
concept such as objects or styles. Recent works employ causal tracing to localize
knowledge-storing layers in generative models without showing how other layers
contribute to the target concept. In this work, we approach diffusion models’ inter-
pretability problem from a more general perspective and pose a question: “How do
model components work jointly to demonstrate knowledge?”. To answer this ques-
tion, we decompose diffusion models using component attribution, systematically
unveiling the importance of each component (specifically the model parameter)
in generating a concept. The proposed framework, called Component Attribution
for Diffusion Model (CAD), discovers the localization of concept-inducing (posi-
tive) components, while interestingly uncovers another type of components that
contribute negatively to generating a concept, which is missing in the previous
knowledge localization work. Based on this holistic understanding of diffusion
models, we present and empirically evaluate one utility of component attribu-
tion in controlling the generation process. Specifically, we introduce two fast,
inference-time model editing algorithms, CAD-Erase and CAD-Amplify; in par-
ticular, CAD-Erase enables erasure and CAD-Amplify allows amplification of
a generated concept by ablating the positive and negative components, respec-
tively, while retaining knowledge of other concepts. Extensive experimental results
validate the significance of both positive and negative components pinpointed
by our framework, demonstrating the potential of providing a complete view of
interpreting generative models. Our code is available here.

1 Introduction

Recent developments in diffusion models [18, 26, 36, 37] have greatly improved the synthesizing
capabilities, in terms of image quality and the diversity of generated knowledge. However, these
models lack interpretability; we do not fully understand how they can translate simple prompts to
coherent visual outputs. To investigate how generative models express learned concepts, a recent line
of work studies which components in the model store knowledge [2, 27]. In language models, Meng
et al. [27] propose causal tracing to locate layers storing facts and reveal that knowledge is localized in
middle-layer MLP modules. Basu et al. [2] transfer this approach to diffusion models and propose the
knowledge distributed hypothesis. They show that, unlike language models, knowledge is distributed
among a set of UNet components and the first self-attention layer of the text encoder. These
works shed light on interpreting generative models, enabling more effective model editing [3, 2].
Nevertheless, they focus only on knowledge storage—modules that are responsible for generating
concepts—and on coarse-grained components, such as layers. This perspective may overlook more
subtle properties and other types of modules that also influence the outputs.
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Figure 1: Overview of our framework. We show
that there exist positive and negative components in
diffusion that increase or decrease the probability
of the target concept, respectively. Removing those
components will have the reverse effect.

To address that limitation, this paper first poses
a more general question: How do components
in diffusion models contribute to a generated
concept? We introduce a framework that pre-
dicts the model’s behavior given the presence
of each component by identifying its contribu-
tion through an efficient linear counterfactual
estimator [35]. Through this framework, called
Component Attribution for Diffusion Model
(CAD), we advance the understanding of how
model components activate concepts (e.g., ob-
jects, styles, or explicit contents) in diffusion
models. In contrast to the prior work that fo-
cuses on the model’s layers, CAD allows anal-
ysis of more fine-grained components. Specifi-
cally, we revisit the distributed hypothesis [2] and leverage CAD to identify concept-inducing (or
positive) components that are similar to knowledge storage. However, by focusing on the most fine-
grained components, i.e., the model’s parameters, we propose the localization hypothesis: knowledge
is localized in a small number of parameters. Surprisingly, besides the positive components, CAD
also reveals the existence of components that contribute negatively to generating the target concept,
which is missing in the previous studies. Ablating positive or negative components decreases or
increases the probability of generating the corresponding knowledge. As one example of its utility,
this holistic understanding of diffusion models enables a lightweight model editing capability, i.e., to
remove (positive) or recall (negative) a concept. Figure 1 illustrates the proposed CAD framework.
In summary, our contributions are:

• We propose CAD, a comprehensive framework, that can compute the attribution scores of
the diffusion model components based on an efficient and effective linear counterfactual
predictor.

• Utilizing CAD, we confirm the existence of the concept-inducing (positive) model’s param-
eters, while revealing their localized nature. CAD is also the first work that uncovers the
existence of another type of components – the concept-amplification (negative) components.

• Leveraging these observations of localized positive and negative components, we develop
two lightweight knowledge editing algorithms for diffusion models, CAD-Erase for concept
erasing and CAD-Amplify for concept amplification, respectively.

• We analyze CAD and evaluate the effectiveness of the proposed editing algorithms with
extensive experiments, demonstrating their practicality and effectiveness.

2 Related Works

Interpreting Neural Networks. Several research has extensively studied the black-box mechanism
of neural networks to explain their behaviors. A line of works [34, 4, 42] visualize important input
regions of classification models by using the gradient of feature map activations. Sundararajan et al.
[38] formalize the problem of attributing the input and propose two axioms to design attribution
methods. Fundamentally different from those studies, we aim to attribute the model components,
specifically parameters, in diffusion models.

Knowledge Localization. Previous work explored how language model components store factual
knowledge [16, 8] or used model attribution to analyze the impact of individual components in
the image classification and language prediction task[35]. However, due to the iterative generative
process and the difference in knowledge storing, applying these approaches to diffusion models is
challenging. Another line of research [2, 3, 17, 27, 39, 7, 49] utilizes causal analysis to identify
critical layers for knowledge in language models and T2I Latent Diffusion variants. For instance,
modifying specific layers can alter factual information or remove unwanted visual elements. While
these methods have shown successes in localizing knowledge, Hase et al. [17] discover that editing
non-causal layers can also modify stored facts in language models. This finding implies that causal
analysis may answer a different question from model editing. Furthermore, these approaches inspect
the activations, which are dependent on the input, whereas our work studies the parameters of the
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model. Dravid et al. [9] examine the weight space of several customized diffusion models; in contrast,
our work offers an efficient approach to studying individual model component roles.

Concept Erasure. Latent diffusion models (LDMs) can generate undesirable content (e.g., nudity,
outdated information, copyrighted artistic styles) due to their large and uncontrolled training datasets.
Early efforts address this problem involved fine-tuning Cross-Attention layers [11, 20, 21, 50, 29] or
editing the text-encoder [1, 2]. In addition, several research [12, 25, 44] highlight the necessity to
remove multiple concepts simultaneously in real-world scenarios. More recent works aim to improve
robustness of erasing methods to red-teaming attacks, including ConceptPrune [5], RECE [13],
RACE [19], and pruning methods [45]. These methods enable efficient erasure of various contents
while ensuring minimal interference with the unedited ones.

Concept Amplification. Motivated by Dreambooth [33], Cones [24] inserts new objects into the
model by identifying concept neurons. In contrast, CAD-Amplify locates components to magnify
existing knowledge in diffusion models. Dai et al. [8] also proposes a method to amplify facts, but
relies on amplifying positive neurons. Our work is the first study showing the existence of negative
components and how to systematically locate them.

Red-Teaming Attacks. Although fine-tuning eliminates undesirable concepts in text-to-image
models, recent studies [47, 6, 51, 46, 48, 41, 30] show that this approach remains unreliable against
adversarial prompt attacks. These safety mechanisms can be bypassed by both black-box (e.g.,
SneakyPrompt [47], Ring-A-bell [41]) and white-box attacks (e.g., P4D [6], UnlearnDiff [51]),
leading to the regeneration of sensitive content. These attacks highlight the need for robust defenses
that fully remove concepts while preserving image quality. More importantly, we can also employ
these attacks to test if a concept has been truly erased from a model.

Pruning Approaches. Similar to our algorithms, many studies [14, 10] have investigated pruning
neural networks, primarily for time and memory efficiency. Specifically, [28, 22, 40] use gradient
information to identify and remove less important parameters, thereby improving inference speed.
In contrast, our approach removes parameters that have the most significant positive or negative
contributions to either erase or amplify knowledge.

3 Preliminaries

Diffusion Models. Diffusion models [18, 26, 36, 37] are generative models that perform a denoising
process, starting from random Gaussian noise, over several time steps T . Particularly, the forward
Markov process first transforms a real image x0 into a noisy image xt =

√
atx0 +

√
1− atϵ at time

step t, where at is a decaying parameter and ϵ ∼ N (0, I). Then in the reverse process, a denoiser is
trained to predict the noise ϵt at each time step t, thereby generating a noisy image xt. After a series
of discrete time steps, the diffusion model generates the final reconstructed image x0.

Latent Diffusion Models. LDMs [32] help accelerate the denoising process by employing a pre-
trained variational autoencoder with an encoder E and a decoder D and performing the denoising
process in the latent space. At each time step t, LDMs predict the noise Φθ(·|c), conditioned by
a text prompt c and parameterized by θ. The objective function is L = Ezt∼E(x),t,c,ϵ∼N (0,I)∥ϵ −
Φθ(zt, c, t)∥22, where ϵ is Gaussian noise, and Φθ(zt, c, t) is the estimated noise added to latent zt at
time step t by LDMs.

4 Concept Attribution in Diffusion Models

In this section, we provide the general formulation of concept attribution in diffusion models, discuss
the challenge of solving this problem, and propose our CAD framework.

4.1 Decomposing Knowledge in Diffusion

We consider the diffusion model as a combination of building blocks wi. Let J(c, w) be any function
that returns a real number representing how well the model f , with a set of components w, generates
the concept c. We can inspect the model at different levels of granularity; for example, a component
can be a parameter, a layer, or a module. Our paper, however, focuses on the model parameters,
which are the most fine-grained components; nevertheless, our work can generally be extended to
other types of components (i.e., layers or modules).
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Our goal is to interpret how each component wi contributes to generating a concept, quantified by
J(c, w). Similar to prior research in causal mediation analysis [27, 43], our study also focuses on
“intervening” by “knocking out” to measure the counterfactual effect; i.e., we examine if model
parameters induce a certain ability by removing them from the model. Specifically, we estimate how
J(c, w) changes if we set the value of a component wi to 0. Let w̃ be the new set of components
obtained by adjusting some components to 0, we want to find a function g(0w̃; c) = J(c, w̃) where
0w̃ ∈ {0, 1}d, d is the number of components, and

(0w̃)i =

{
0 if w̃i = 0

1 if w̃i = wi.
(1)

Diffusion models are constructed from deep neural networks with non-linear activation between
layers, and iterative processes to generate images. Consequently, the function g might be complex
and difficult to learn. Interestingly, Shah et al. [35] show that a simple linear function can well
approximate g in image classification models and language models. Here, we similarly approximate
g with a linear model:

J(c, w̃) = g(0w̃; c) ≈ αT
c 0w̃ + bc, αc ∈ Rd. (2)

Each coefficient αc,i represents how the component wi contributes to the concept c. Another way to
intervene is to amplify the effect of wi by rescaling its magnitude; however, unlike knockout, which
removes the component completely, scaling may preserve interactions, and deciding the magnitude of
the change can be non-trivial. Nevertheless, we investigate this type of intervention in the Appendix.

4.2 CAD: Component Attribution for Diffusion Model

The challenge of learning αc. One way to find αc is by treating Equation (2) as a machine learning
model [35]. We can create a size-N dataset Dc = {(0w(i) , J(c, w(i))) : 0w(i) ∈ {0, 1}d}Ni=1 by
randomly masking out some components of the diffusion model (i.e., to create the input w(i)).
Then, we train a linear regression model and obtain αc as the coefficient in the model. Considering
the number of components, this approach requires a significantly high number of data points and
thus function evaluations. For instance, Shah et al. [35] created 100, 000 data points for image
classification and 200, 000 for language modeling to examine a single prediction. Furthermore,
since diffusion models require an iterative process to generate data, generating such data points is
significantly more time-consuming. Therefore, this approach of generating data to learn αc for a
concept is prohibitively expensive or inefficient.

Our approximation method. Instead, we propose to approach Equation (2) from a different
perspective. Assuming our focus is on a small subset of components wi, i ∈ S and we want to
examine how J(c, w) changes if wi = 0, we can apply first-order Taylor expansion as follows∑

i∈S

αc,i = J(c, w)− J(c, w̃) ≈ (w − w̃)∇wJ(c, w) =
∑
i∈S

wi
∂J(c, w)

∂wi
. (3)

From Equations (2) and (3), we see that the coefficient αc,i of wi can be approximated by wi
∂J(c,w)

∂wi
.

For the rest of the study, we will use this formulation to attribute a component in the model. In
particular, our method measures the contribution of a component wi to the objective J , or the
attribution score, by wi

∂J(c,w)
∂wi

, which only requires a single forward and backward pass instead of
creating the training data for the model in (2) with many forward passes.

5 Editing Diffusion Models with CAD

In this section, we discuss the importance of studying parameter attributions in concept generation
via two applications of CAD. Specifically, we propose and empirically evaluate two lightweight,
inference-time editing algorithms that remove (CAD-Erase) or amplify (CAD-Amplify) a concept in
diffusion models.

As J(c, w) describes how well the model generates a concept c, observing its changes allows us to
edit diffusion models. Given the attribution scores of model components computed using the proposed
approach in Section 4.2, we can increase or decrease J by ablating components with positive or
negative attributions.
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5.1 Localizing and Erasing Knowledge

Algorithm 1: CAD-Erase
Input: Diffusion model Φ, target concept c, base

condition cb, the number of components k.
Output: Diffusion model Φ′ with a lower chance

to generate concept c.
Generate a set of x conditioned on c.
Compute the scores wi

∂J
∂wi

with Eq. (4).
Locate top-k components wi ∈ S with the
(positive) attribution.
Set wi ← 0, wi ∈ S.

Previous works [27, 2, 3] apply causal tracing
to study which layers in generative models store
knowledge. While this approach gives some
insights into the model, it does not allow a fine-
grained understanding of parametric knowledge,
i.e., more fine-grained components in the causal
layers may play different roles. In contrast,
CAD allows us to focus on the most fine-grained
components, i.e., the model parameters, and ex-
amine the influence of each parameter on gen-
erating a concept. Formally, we define positive
components for a concept c as those that when
being ablated, the model has a lower probability of generating c.

Concept Erasure. We consider these positive components as knowledge storage, and finding them
allows us to locate knowledge in generative models. We hypothesize that knowledge is localized:
there exists a small subset of components that makes the model not generate the concept when being
ablated. This hypothesis also leads to a more accurate approximation discussed in Section 4.2, due to
its first-order expansion.

Hypothesis 1. Knowledge is localized in a small number of components. If we remove those
components representing a concept c, the model will not generate c and other concepts are unaffected.

Concept Attribution Objective. Another question is which objective function J should be used.
A naive choice is to directly use the training loss. However, previous work in concept erasing [21]
shows that optimizing this objective to ablate concepts leads to sub-optimal performance. Instead, we
rely on the following objective function (also used in [21]):

Jcb(c, w) = Ext,t,ϵ∥Φ(xt, cb, t;w).sg()− Φ(xt, c, t;w)∥2 (4)

Algorithm 2: CAD-Amplify
Input: Diffusion model Φ, target concept c, the

n.o. components k, images x of concept c.
Output: Diffusion model Φ′ with a higher

chance to generate concept c.
Compute the scores wi

∂J
∂wi

with Eq. (5).
Locate top-k components wi ∈ S with the
lowest (negative) attribution.
Set wi ← 0, wi ∈ S

where c is the target concept, e.g. the object
“parachute”, cb is the base condition, e.g. the
empty string “”, sg() is the gradient stopping op-
erator. Intuitively, we force the predicted noise
conditioned on the target concept to be close to
the unconditioned noise, thus preventing the re-
verse process from approaching the conditional
distribution of the concept.

CAD-Erase. We propose Algorithm 1, which
erases a concept from generative models, to val-
idate Hypothesis 1. In general, we compute the
attribution value of components by Equation (3) and remove the top-k positive components. Note
that, although there could exist a more effective algorithm than masking the top-k positive or negative
components to erase or amplify (which we will introduce next) concepts, respectively, our paper
focuses on proposing a general approach and its analysis on answer the question of “How do compo-
nents in diffusion models contribute to the generated image?”. For example, one can finetune these
positive or negative components to achieve even better concept erasure or amplification, respectively;
however, this is beyond the scope of our study and we leave it for future works.

5.2 Amplifying Knowledge in Diffusion Models

Our attribution framework offers a complete view of interpreting the model: besides positive com-
ponents that are responsible for generating a concept, there also exist components with negative
coefficients. We hypothesize that these components suppress knowledge, i.e., decreasing the proba-
bility of inducing a concept. If we ablate these negative components, the model will become more
likely to generate an image with the concept.

Hypothesis 2. Negative components exist, and ablating them will amplify knowledge.
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Figure 2: The attribution scores pre-
dicted by CAD and the actual values of
the objective.

Previous works in knowledge localization [27, 2] edit the
model at modules storing knowledge. If Hypothesis 2 is
correct, we can also edit the model at those negative compo-
nents. For instance, a user, perhaps with malicious intention,
can remove negative components of a harmful concept to
increase the chance that the diffusion model generates this
concept.

CAD-Amplify. We propose Algorithm 2 to amplify knowl-
edge by ablating negative components. This approach as-
sumes access to some images of the target concept and uses
the training loss of diffusion models as the objective J :

J(c, w) = −Ext,t,ϵ[∥ϵ− Φ(xt, c, t;w)∥22]. (5)

6 Experiments

In this section, we aim to verify and provide a comprehensive empirical analysis of the knowledge
localization hypothesis in Section 6.2 and the existence of negative components in Section 6.3. We
provide additional results on other diffusion models, different intervention, and ablating on different
modules in the Appendix.

6.1 CAD Well Approximates the Change in the Objective

Table 1: The accuracy of generated images on target classes and other classes, predicted by the
pre-trained ResNet50 model.

Classes Accuracy on target classes ↓ Accuracy on other classes ↑

SD-1.4 ConceptPrune ESD RECE UCE CAD-Erase SD-1.4 ConceptPrune ESD RECE UCE CAD-Erase

Cassette player 7.20 2.60 0.00 0.00 0.00 0.40 86.07 76.73 57.53 89.13 89.13 80.13
Chain saw 69.00 1.00 0.40 0.00 0.00 0.00 79.20 63.97 29.24 75.69 75.69 69.22
Church 76.20 21.00 3.60 1.20 15.20 1.60 78.40 65.00 65.24 80.50 80.20 73.49
English Springer 93.80 1.00 0.20 0.00 0.10 1.40 76.44 62.00 47.48 77.80 78.00 71.91
French horn 98.60 7.40 0.20 0.00 0.00 4.40 75.91 63.17 45.11 74.33 74.33 70.87
Garbage truck 85.60 1.40 0.00 0.00 15.60 3.80 77.36 65.62 47.36 65.40 77.51 63.69
Gas pump 79.00 36.80 0.00 0.00 0.00 0.20 78.09 68.28 48.58 79.02 79.02 67.69
Golf ball 95.80 28.60 0.20 0.00 0.60 4.20 76.22 65.55 48.90 79.00 78.78 73.27
Parachute 96.20 30.00 0.80 0.00 1.00 2.00 76.18 62.17 61.28 78.20 77.87 68.91
Tench 80.40 2.80 1.40 0.00 0.00 0.20 77.93 67.57 60.80 78.56 78.56 72.67

In diffusion models, as mentioned in Section 4, attributing the components is time-consuming and
more complicated due to their iterative generation process. Our approach mitigates the computational
challenge of learning the regression model by first-order approximation, balancing the trade-off
between efficiency and effectiveness.

First, we evaluate how good the proposed first-order approximation is and whether CAD can accu-
rately capture component attributions. We randomly ablate a small portion of parameters wi, i ∈ S,
in Stable Diffusion-1.4 and obtain the corresponding change in the objective. We also use CAD to
compute the predicted change, indicated by

∑
i∈S wi

∂J
∂wi

. We repeat this process 1000 times and
evaluate CAD. Figure 2 illustrates that our predicted values estimate well the actual changes in the
objective with a good Pearson correlation. This analysis confirms the reliability of the proposed
approximation, and consequently CAD, as a useful tool for analyzing the contribution of each
component to a concept.

6.2 CAD Can Locate Positive Components and Erase Knowledge

The analysis in the previous section shows that CAD can successfully identify positive and negative
components. We now utilize CAD to verify Hypothesis 1: knowledge is localized in diffusion models.
We conduct experiments on Stable Diffusion-1.4 with different types of knowledge, in particular,
objects, nudity content, and art styles.
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We focus on the UNet of diffusion models, which is responsible for processing visual information.
For each linear layer, we remove no more than the top p% positive components in each row.
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Figure 3: The qualitative results of CAD. Remov-
ing positive components to “English Springer”
avoids generating that concept. Meanwhile, the
model still retains knowledge of other classes
such as “Church” and “Parachute”.

Original SD ConceptPrune ESD RECE UCE Ours

Er
as

ur
e 

of
 n

ud
ity

(P
ro

m
pt

s f
ro

m
 I2

P)
In

te
rf

er
en

ce
 w

ith
 o

th
er

s

(2
)

(1
)

*
*

*

*
*

* * * *
*

Figure 4: The first two rows contain images gen-
erated by the original model and erasing methods
on I2P prompts. We add * for publication. The
last two rows contain generated images condi-
tioned on other knowledge.

Erasing objects. We study how CAD can identify object classes in diffusion models and whether
CAD can erase them. We select 10 classes from ImageNette, “cassette player”, “chain saw”,

“church”, “English springer”, “french horn”, “garbage truck”, “gas pump”, “golf ball”, “parachute”,
and “tench”. For each class, we compute component attributions and ablate 0.1% components using
Algorithm 1. We generate 500 images per class and employ the pre-trained ResNet50 model to
classify the generated images. We compare CAD with other state-of-the-art erasing methods, in
particular ConceptPrune [5], ESD [11], UCE [12], and RECE [13]. Table 1 reports the accuracy on
the erased class and other classes of CAD and the other baselines.

Table 2: The number of nudity content classified by Nudenet on images generated from I2P prompts.
We also provide CLIP-Score and FID computed on the COCO dataset to evaluate the quality of
generated images on normal prompts.

Model Armpits Belly Buttocks Feet Breast (F) Genitalia (F) Breast (M) Genitalia (M) Anus Total↓ CLIP-Score↑ FID ↓

SD-1.4 169 197 26 28 271 29 60 18 0 798 31.32 14.127
ConceptPrune 21 5 3 13 11 1 0 8 0 62 31.16 15.260
ESD 17 15 6 4 22 12 1 11 0 88 30.27 14.495
RECE 19 27 4 5 17 4 13 9 0 98 30.94 14.633
UCE 60 65 7 5 60 7 14 11 0 229 31.25 14.561
CAD-Erase 6 3 3 6 6 6 0 13 0 43 31.30 12.440

CAD-Amplify 229 242 31 34 360 33 44 18 0 991 – –

First, we evaluate the capability of the base diffusion model to generate images conditioned on text
prompts. Table 1 shows that diffusion models can create high-fidelity images that are correctly
classified by ResNet50, except for some hard classes such as “cassette player”. However, by ablating
a small portion of parameters, CAD can successfully erase objects, illustrated by low accuracies
for the target class. On the other hand, the accuracies for the other classes are still high, implying
that removing positive components located by CAD do not have a significant impact on other
knowledge. We also provide qualitative results in Figure 3, demonstrating that CAD erases the target
concept without affecting the other concepts. This observation verifies the knowledge localization
hypothesis 1.

Table 1 also implies that CAD-Erase, the model erasing algorithm based on CAD, can serve as
a competitive erasing method. Specifically, CAD-Erase performs better in erasing objects than
ConceptPrune, another method that removes parameters in the model. ESD yields similar accuracies
on the target classes to CAD-Erase; however, this method sacrifices knowledge of the other concepts,
leading to low accuracies on the other classes. CAD-Erase’s performance is on par with UCE and
RECE, two state-of-the-art concept erasing methods that update the linear layer in cross-attention
to map the target concept in the prompt to other concepts. In some cases, such as “church” and

“garbage truck”, UCE still fails to completely erase the concept while CAD-Erase reduces the accuracy
on those classes to no more than 3%.
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Table 3: The attack success rate of white-box
attacks on the erased models. Lower is better.

Model Nudity
Object

Church Parachute Tench

P4D UD P4D UD P4D UD P4D UD

ConceptPrune 0.76 0.78 0.84 0.76 0.92 0.92 0.39 0.34
ESD 0.69 0.76 0.56 0.60 0.48 0.54 0.28 0.36
RECE 0.63 0.68 0.42 0.54 0.28 0.30 0.10 0.10
UCE 0.83 0.84 0.50 0.60 0.42 0.48 0.10 0.20
CAD-Erase 0.69 0.68 0.40 0.48 0.46 0.56 0.18 0.22

Table 4: The number of nudity content and
the drop from the original model classified by
Nudenet on images generated from adversarial
prompts. Lower is better.

Model MMA Ring-a-bell

SD-1.4 1941 (−00.00%) 414 (−00.00%)
ConceptPrune 98 (−94.95%) 83 (−79.95%)
ESD 279 (−85.62%) 95 (−77.05%)
RECE 481 (−75.22%) 4 (−99.03%)
UCE 971 (−49.97%) 64 (−84.54%)
CAD-Erase 62 (−96.81%) 5 (−98.79%)

Erasing nudity. Next, we investigate the other abstract concepts, in particular explicit content. We
locate and ablate the top 0.075% positive components with the prompt “naked”. To assess the
performance of the new model, we generate images from 4702 prompts in the I2P benchmark and
detect nudity content by Nudenet. We validate the performance on unrelated knowledge by generating
images with 30, 000 prompts in the COCO dataset [23]. Table 2 shows the results of CAD and the
other baselines. As can be observed, CAD-Erase achieves the highest performance in erasing nudity
content compared to other state-of-the-art methods, illustrated by the lowest number of nudity classes
predicted by Nudenet. Meanwhile, CAD-Erase still well preserves unrelated knowledge, resulting in
low FID (12.440) and a high CLIPScore (31.30), similar to that of the base model and better than all
other erasing methods. Figure 4 illustrates images generated by the original model and the ablated
model from our method. As can be observed, CAD-Erase successfully erases explicit content and
keeps other knowledge intact, while other methods fail to erase in some cases and also change the
content on normal prompts. These results confirm knowledge localization of nudity content.
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Figure 5: Qualitative results of CAD on erasing
artist styles. CAD erases the style of “Picasso”
from diffusion but keeps the style of other artists
such as “Rembrandt” and “Van Gogh”.

Erasing with adversarial prompts. Recent
works [47, 41, 46] show that current erasing
methods do not completely remove knowledge
from the model, and propose attack methods
that create adversarial prompts to induce the
erased model to still generate harmful content.
We evaluate our method on two unsafe prompt
sets, MMA and Ring-A-Bell, in Table 4. MMA
successfully elicits explicit content from Con-
ceptPrune, ESD, RECE, and UCE models, re-
sulting in 98, 279, 481, and 971 predicted nu-
dity classes, respectively. In contrast, CAD-
Erase only generates a small number of nu-
dity classes, implying our method erases sub-
stantially explicit content in diffusion models.
On the other hand, ConceptPrune and UCE are
prone to Ring-A-Bell prompts, while RECE and
CAD only generate around 5 predicted nudity classes. We also evaluate the model with white-box
attacks such as P4D [6] and UnlearnDiff (UD) [15]. Table 3 reports the attack success rate of
white-box attacks in making the erased model generate the target concept. As we can observe,
CAD-Erase is more robust than ConceptPrune, ESD, and UCE, and is on par with RECE. These
results also further support the localization hypothesis, implying that knowledge is stored in a small
number of components that are correctly identified by CAD.

Erasing art styles. We also study whether the localization hypothesis applies to image styles. We
conduct experiments on the styles of 5 famous artists: “Picasso”, “Van Gogh”, “Rembrandt”,

“Andy Warhol”, and “Caravaggio”. For each artist, we generate images with their style from 20
description prompts. We report the LPIPS score of images generated by SD-1.4 and the model
created by CAD and other erasing methods in Table 5. Figure 5 illustrates qualitative results of
CAD on the target artist and other artists. Overall, our method distorts the style in the image while
maintaining other styles of the artists. However, for artists with similar styles, such as “Rembrandt”
and “Caravaggio”, removing one style can affect the other. We hypothesize that some knowledge is
not entirely disentangled and some components can be responsible for many concepts.
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Table 5: LPIPS scores of erasing methods on
different artist styles. Lower scores indicate
more similarity.

Artist LPIPS on the target artist↑ LPIPS on other artists↓

ESD RECE UCE CAD ESD RECE UCE CAD

Picasso 0.332 0.143 0.108 0.258 0.279 0.077 0.056 0.127
Van Gogh 0.412 0.253 0.202 0.198 0.303 0.104 0.075 0.089
Rembrandt 0.417 0.275 0.210 0.320 0.331 0.110 0.084 0.152
Andy Warhol 0.449 0.321 0.294 0.208 0.276 0.109 0.085 0.056
Caravaggio 0.394 0.210 0.178 0.243 0.326 0.093 0.073 0.138

Table 6: Ablating negative components identi-
fied by CAD significantly increases the prob-
ability of generating the target class.

Classes Target class Other classes

SD-1.4 CAD SD-1.4 CAD

Cassette player 7.20 27.60 86.07 82.42
Chain saw 69.00 98.20 79.20 76.29
Church 76.20 93.80 78.40 74.38
Gas pump 79.00 94.60 78.09 77.33
Tench 80.40 93.40 77.93 77.56

6.3 Ablating Negative Components Strengthens Knowledge

This section investigates the ability of CAD-Amplify, which is based on CAD’s attribution framework,
to amplify knowledge, when removing the negative components.

Vault Altar Vault

Church Church Church

Rule ChainSwing

Chain saw Chain saw Chain saw
O
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ed

Figure 6: The first row contains generated images
conditioned on “church” and “chain saw” but are
incorrectly classified by ResNet50. The second
row contains images generated from the model in
which negative components are ablated, with the
same seed as the first row.

Amplify objects. Table 1 shows that Sta-
ble Diffusion still struggles to generate some
classes, such as “cassette player”, “chain saw”,

“church”, “gas pump”. To compute the ob-
jective in Equation (5), we select 5 images,
for each class, from the ImageNette dataset
that are correctly classified by the pre-trained
ResNet50. We compute the attribution scores
and remove the negative components with CAD-
Amplify(Algorithm 2). Table 6 shows that CAD-
Amplify improves the accuracy of the target
classes significantly. More particularly, the ac-
curacy of “cassette player” is increased from
7.2% to 27.6%, and those of the other classes
are more than 90%. These results indicate the existence of the negative components, verifying
Hypothesis 2.

We additionally provide qualitative results in Figure 6 to further demonstrate that CAD-Amplify can
amplify knowledge. This figure illustrates pairs of images generated by the original model and the
ablated model, using the same seeds. As can be observed, CAD-Amplify adds details of the concept
to the images, unleashing the target knowledge.

Amplify nudity content. We also investigate how CAD-Amplify (Algorithm 2) increases the
probability of generating images with explicit content. Similar to previous experiments, we remove
the top 0.1% negative components of the concept “naked” and evaluate on I2P prompts with Nudenet.
We also study to what extent other erasing methods remove knowledge, and whether we can restore
knowledge by ablating negative components with CAD-Amplify. Table 2 illustrates Nudenet’s
detections on images generated by the base SD-1.4 and CAD-Amplify. As can be observed, CAD-
Amplify increases the chance of eliciting nudity images, compared to the base model SD-1.4, by
removing only a small number of parameters.

7 Conclusion

In this work, we study the contribution of each component, i.e., the model parameter, in generating
images in diffusion models. We propose a framework based on the first-order approximation to
efficiently compute the attribution scores and two editing algorithms to erase or amplify knowledge
in the diffusion model. Our empirical analysis confirms the localization hypothesis, showing that
knowledge is localized in a small number of components. We also show the existence of negative
components that suppress knowledge, and ablating them increases the probability of generating the
target concept. Our study provides a complete view of interpreting diffusion models by analyzing
both positive and negative components. This understanding allows us to build more trustworthy and
reliable generative models.
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This Appendix provides additional details, analysis, and quantitative and qualitative results to support
the main paper. Section A and B discuss the limitations and societal impacts of our work. We report
experimental setups and hyperparameters in Section C. Section D shows the performance of CAD on
different modules. Section E discusses the results of CAD with different ablation ratios. We report
the computational cost of our method in Section F. Section G studies the other type of intervention
on model components. We present experimental results for Stable Diffusion v2.1, Stable Diffusion
XL, and Stable Diffusion v3.5 in Section H and additional qualitative results in Section I.

A Limitations

In this work, we only focus on the most fine-grained model components, i.e., the model parameters,
and study their contributions to concept generation. We do not examine other types of components,
such as layers or modules, which can potentially influence multiple concepts at once. Furthermore,
we study the contribution of model components to a concept represented in the generated image,
which is the final result of the reverse process in diffusion models. Extending our work to analyze
model attribution to a specific stage in the reverse process or a spatial location in the image is an
interesting direction for future work.

In addition, as our work only focuses on identifying and analyzing positive and negative components
in diffusion models, the proposed lightweight erasing and amplification algorithms may not be the
most performant. Nevertheless, one can develop more sophisticated approaches, e.g., fine-tuning the
highly influential components, that may achieve better concept-editing performance than ours. Again,
we leave this for future work.

When removing objects, we observe that CAD-Erase slightly compromises some other knowledge,
i.e., decreases the accuracies on other classes. This means that although knowledge is generally
localized, there could still exist some components of those being removed that are responsible for
multiple pieces of knowledge. Studying the entanglement of parametric knowledge would be an
interesting future direction.

B Societal Impacts

Our work proposes a framework that facilitates the analysis of diffusion models and allows us to
understand how model components work. On the one hand, this framework could be potentially
misused to induce harmful behaviors in generative models, such as amplifying explicit content or
misinformation in generated images. On the other hand, future research could employ our approach
to safeguard the model by identifying harmful components.

C Experimental Setup

In our study, we compare our method with other concept erasure techniques and test its robustness
against red-teaming attacks. We conduct the experiments on RTX A5000 GPUs. To evaluate erasing
methods and prompt attacks, we use their official implementations. We provide details on the
hyperparameters and setups used from these methods as follows:

• For Stable Diffusion v1.4:

– ESD: We follow the setting in the original paper and fine-tune the UNet with a learning
rate of 1e− 5. To compute the objective, we generate images of the target class with a
guidance scale of 3. The scale of negative guidance in the objective is set to 1.

– UCE. We apply UCE across ten objects within the Imagenette class and for the artistic
styles of Picasso, Van Gogh, Rembrandt, Andy Warhol, and Caravaggio, including the
nudity concept. The method includes a “preserve” parameter in artist styles, which
retains styles not targeted for erasure. We follow that setting, by erasing only one artist
style at each checkpoint while keeping the rest.

– RECE. This method continues to fine-tune models using checkpoints previously erased
by UCE. We utilize public checkpoints, which are available at https://huggingface.
co/ChaoGong/RECE. These checkpoints include models fine-tuned to erase concepts
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such as nudity and Van Gogh style, besides 5 objects such as church, garbage truck,
English springer, golf ball, and parachute.

– ConceptPrune. We follow the setting provided by the author. Note that the original
paper only evaluates on SD-v1.5. For the nudity concept, we apply a mask at the initial
denoising step with t̂ = 9 and a sparsity level of k = 1%. For object removal in the
Imagenette classes, we use t̂ = 10 and k = 2%. The same parameters are applied to
the erasure of artist styles. Additionally, the “select ratio” parameter m determines the
threshold for applying the binary mask to the model weights. The method prunes only
those neurons that exceed m% throughout the initial time steps t̂. As this parameter is
not detailed in their work, we set m = 0.5 to balance the removal and retaining ability.

• For Stable Diffusion v2.1:
– UCE. We conduct the same experiments with Stable Diffusion v1.4 for all the concepts:

object, artistic style, and nudity.
– RECE. For nudity content, we set λ at 1e− 1. In object removal scenarios where UCE

has successfully erased four objects with an accuracy of 0.00%, RECE focuses on
the remaining objects. For the difficult object “church”, we use λ = 1e− 3, and for
easy objects like “golf ball”, “parachute”, “cassette player”, “gas pump”, and “garbage
truck”, we use λ = 1e − 1. We fine-tune for 10 epochs for nudity and 5 epochs for
object removal, consistent with the hyperparameters used in the paper.

• For nudity and object evaluation:
– We follow the settings in prior studies.
– To accelerate the benchmark process, we use a batch size of 16 for Stable Diffusion

v1.4 and 8 for Stable Diffusion v2.1. This allows us to evaluate using a single A5000
GPU. We maintain a consistent seed of 0 for all benchmark experiments.

Table 7: The effect of ablating parameters in different modules.

Classes Accuracy on the target class↓ Accuracy on other classes↑

FF Attn1 Attn2 Residual FF Attn1 Attn2 Residual

Cassette player 0.40 0.00 2.00 11.60 80.13 59.38 37.44 34.44
Chain saw 0.00 0.40 13.60 16.00 69.22 44.80 50.13 20.38
Church 1.60 0.80 43.80 3.80 73.49 60.27 39.82 10.20
English Springer 1.40 1.00 21.60 16.20 71.91 61.96 34.49 15.38
French horn 4.40 3.00 30.60 46.40 70.87 66.93 51.47 18.93
Garbage truck 3.80 6.40 1.40 2.20 63.69 50.71 39.64 35.91
Gas pump 0.20 8.20 15.60 16.60 67.69 58.51 31.16 40.49
Golf ball 4.20 29.20 61.60 35.20 73.27 69.40 44.80 5.89
Parachute 2.00 3.80 54.20 28.00 68.91 55.96 36.58 14.33
Tench 0.20 0.00 9.60 13.60 72.67 52.27 57.73 12.73

Average 1.82 5.28 25.40 18.96 71.19 58.02 42.33 20.87

D Ablation Study

In this section, we study our framework in different modules of diffusion models. Specifically,
we prune positive parameters in different modules, such as feed-forward layers (FF), self-attention
(Attn1), cross-attention(Attn2), and residual connections. Table 7 reports the accuracy of images
generated by CAD-Eraseon different modules on the erased class and other classes. As can be
observed, parameters in modules other than feed-forward layers are highly entangled, removing
positive parameters of a concept affects other concepts.

E The Effect of The Ratio of Ablated Components

As mentioned in Section 6, some components may be responsible for many concepts. Thus, ablating
too many positive components can lead to degradation in the generation quality of other concepts.
To investigate this behavior, we evaluate CAD in erasing objects with different numbers of ablated
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Table 8: The accuracy of generated images by SD v2.1 on target classes and other classes, predicted
by the pretrained ResNet50 model.

Classes Accuracy on target classes↓ Accuracy on other classes↑

SD-2.1 UCE RECE CAD-Erase SD-2.1 UCE RECE CAD-Erase

Cassette player 15.60 0.20 0.00 0.20 88.22 79.17 69.95 87.38
Chain saw 98.40 0.00 0.00 1.40 71.95 71.95 71.95 74.40
Church 90.60 23.20 6.80 38.00 79.88 69.97 65.57 81.60
English Springer 98.60 0.00 0.00 4.00 70.73 70.73 70.73 77.13
French horn 98.80 0.00 0.00 2.40 78.97 74.28 74.28 76.82
Garbage truck 84.00 0.60 0.20 4.20 80.62 74.33 64.17 78.60
Gas pump 90.00 0.20 0.00 6.40 79.95 69.88 57.57 76.98
Golf ball 93.80 0.20 0.00 1.80 79.53 75.68 64.15 79.22
Parachute 63.20 0.80 0.00 0.20 82.93 73.00 69.64 78.87
Tench 76.60 0.00 0.00 1.00 81.44 71.42 71.42 78.29

Table 9: The number of nudity content classified by Nudenet on images generated from I2P prompts.
We also provide CLIP-Score and FID computed on the COCO dataset to evaluate the quality of
generated images on normal prompts.

Model Armpits Belly Buttocks Feet Breast (F) Genitalia (F) Breast (M) Genitalia (M) Anus Total↓ CLIP-Score↑ FID ↓

SD-2.1 232 106 35 116 225 13 15 19 0 761 31.58 12.860
RECE 4 0 1 7 4 0 0 2 0 18 29.32 15.760
UCE 93 42 2 48 79 1 18 21 0 304 31.33 12.785
CAD-Erase 79 19 13 74 73 1 0 18 0 277 31.57 12.872

CAD-Amplify 230 106 36 124 240 13 19 18 0 786 – –
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Figure 7: The accuracy on CAD with different ablation ratios on the erased class and other classes.

components. Figure 7 illustrates the accuracy with different ablation ratios, showing that high ratios
decrease the accuracy of other classes. However, this drop occurs after the accuracy on the erased
class reaches almost 0%, thus, we can expect a high disentanglement of knowledge in the model.

F Computational Cost of Our Methods

In this section, we investigate the computation overhead of our editing methods. Since CAD edits
diffusion models by only updating their weights once, it does not incur any computational overhead.
In addition, as discussed in Section 4, unlike other methods such as ESD, CAD does not require
training but instead leverages first-order approximation to efficiently compute model attribution.
Therefore, the time and memory for editing are insignificant. We quantify the computational cost of
CADand different editing methods in Table 10. We observe that ESD takes a significant amount of
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time since it requires training for 1000 epochs. ConceptPrune requires generating several images to
collect activations for a single concept, leading to high editing time. UCE and RECE offer fast editing
due to the closed-form update; however, for a certain type of knowledge, such as artistic styles, they
require additional computation to preserve many unrelated concepts. Meanwhile, CAD consumes a
small amount of computation, enabling scalability to larger models while maintaining zero impact on
final inference speed.

Table 10: Time (second) and memory (MB) comparison across editing methods.
Method Object Nudity Artist

Time Memory Time Memory Time Memory

ESD 5,691 10,225 5,624 10,233 5,617 10,238
ConceptPrune 230 4,047 294 4,075 321 4,035
RECE 26 15,561 66 15,562 470 15,665
UCE 9 7,420 19 7,658 386 8,610
CAD 66 8,152 65 8,157 66 8,223

G Intervention by Amplifying Components

Table 11: Intervening diffusion by knocking out or amplifying components.

Classes
Accuracy on target classes↓ Accuracy on other classes↑

Amplifying Knocking out Amplifying Knocking out
scale=1.5 scale=2 scale=3 scale=1.5 scale=2 scale=3

Cassette player 7.80 0.20 0.00 0.40 86.09 80.11 41.42 81.33
Chain saw 69.40 0.20 0.00 0.20 79.24 65.80 6.71 71.87
Church 76.60 1.40 0.00 3.00 78.44 74.47 33.16 74.24
English Springer 93.60 1.20 0.00 0.60 76.56 72.22 42.20 69.36
French horn 98.80 11.40 0.20 0.60 75.98 71.60 51.18 68.09
Garbage truck 85.60 9.00 0.00 2.20 77.44 62.78 27.96 64.73
Gas pump 78.00 0.20 0.00 1.60 78.29 66.71 28.40 66.04
Golf ball 95.80 8.20 1.40 5.40 76.31 73.84 65.13 73.20
Parachute 96.20 2.80 0.00 1.60 76.27 67.56 32.49 67.44
Tench 80.80 0.00 0.00 0.20 77.98 71.33 29.29 67.93

Average 78.26 3.46 0.16 1.58 78.26 70.64 35.79 70.42

In Section 4, we study the causal effect of model components by removing them from the model.
We also perform another intervention that amplifies the effect of model components by rescaling the
magnitude of model components. Intuitively, increasing the magnitude of negative components could
also suppress the target concept, although knowledge may still exist in positive components. The
main problem of this approach is that it’s hard to determine the scale for a meaningful intervention;
choosing a low value may not be enough to erase the target concept, while a high value may affect
other knowledge. We evaluate the performance of the model when model components are scaled
up by different values. Table 11 reports the performance when amplifying negative components or
knocking out positive components, showing that not all scales are suitable to verify the role of model
components. With an appropriate value, i.e., 2, intervening negative components also remove the
target knowledge while retaining other knowledge, confirming the effect of those components.

H Additional Results on Other Diffusion Models

In this section, we report the performance of our two algorithms on other diffusion models, including
Stable Diffusion v2.1, Stable Diffusion XL [31], and Stable Diffusion v3.5 to further support our
analysis.

H.1 Stable Diffusion v2.1

Erasing objects. Table 8 shows the accuracy of SD-2.1 erased by Algorithm 1 on the target class and
other classes. As can be observed, CAD erases the target knowledge significantly while maintaining
unrelated knowledge.
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Erasing nudity. Table 9 evaluates CAD in erasing nudity, showing that removing positive components
in SD-2.1 also significantly decreases the probability of generating explicit contents and keeps the
quality of generated images on normal prompts.

Amplifying objects. We also apply Algorithm 2 to amplify knowledge in SD-2.1. Table 12
demonstrates that CAD increases objects in SD-2.1. CAD can also amplify knowledge of explicit
contents, as shown in Table 12.

Table 12: Ablating negative components on
SD-2.1.

Classes SD-2.1 CAD

Cassette player 15.60 18.60
Parachute 63.20 96.40

Table 13: The CLIP-Score of SD-XL and SD-3.5
with CAD-Erase.

Model Method CLIP-Score

SD-3.5 Base model 32.08
CAD-Erase 30.63

SD-XL Base model 31.93
CAD-Erase 31.67

H.2 Stable Diffusion XL and Stable Diffusion v3.5

We also evaluate the editing performance on Stable Diffusion XL and Stable Diffusion v3.5. We
ablate no more than 0.03% of the model’s parameters and measure the number of nudity content
in images generated from prompts in I2P, Ring-A-Bell, and MMA datasets in Table 14, as well as
CLIP-Score on COCO30k in Table 13. The results show that in different diffusion models, CAD can
locate positive components, and knowledge is still localized. In particular, CAD reduces the number
of nudity labels by 97.39% and 98.63% on SD-XL and jailbreaking prompts such as Ring-A-Bell and
MMA datasets, while inducing minimal impact on CLIP-Score. This experiment further indicates the
generalization and practicality of our framework.

Table 14: The number of nudity content classified by Nudenet on images generated by SD-XL and
SD-3.5 from I2P, Ring-a-bell, and MMA prompts.
Dataset Method Armpits Belly Buttocks Feet Breast (F) Genitalia (F) Breast (M) Genitalia (M) Anus Total

I2P

SD-3.5 Base 158 130 19 41 137 3 16 10 0 514
SD-3.5 CAD Erase 30 32 3 2 64 5 10 11 0 157 (-69.46%)

SD-XL Base 222 169 32 44 211 14 42 14 0 748
SD-XL CAD Erase 46 9 2 7 19 2 1 9 0 95 (-87.30%)

Ring-A-Bell

SD-3.5 Base 66 73 6 30 110 4 25 0 0 314
SD-3.5 CAD Erase 6 7 0 0 14 0 3 0 0 30 (-90.45%)

SD-XL Base 106 110 19 33 203 50 16 0 0 537
SD-XL CAD Erase 3 1 0 0 10 0 0 0 0 14 (-97.39%)

MMA

SD-3.5 Base 216 96 51 21 68 1 49 9 0 511
SD-3.5 CAD Erase 8 13 6 3 7 2 5 4 0 48 (-90.61%)

SD-XL Base 209 185 47 75 212 11 52 12 0 803
SD-XL CAD Erase 0 2 0 6 0 0 0 3 0 11 (-98.63%)

I Additional Qualitative Results

In this section, we provide additional qualitative results to demonstrate how CAD augments knowl-
edge in diffusion models compared to other methods.

Figure 8 illustrates generated images conditioned on sensitive prompts of the original SD-1.4 and
different erasing methods. CAD removes explicit content in the model and maintains the quality on
normal prompts.

Figure 9 shows images generated from a SD-1.4 that has been erased knowledge of ”Van Gogh“ style
by different methods. CAD successfully erases the target art style and maintains the quality of other
styles. RECE and UCE also keep knowledge of other styles but change the original content.
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Figure 8: Qualitative results of erasing sensitive content in SD-1.4 with CAD. We add * for
publication. Prompt (1): “High-detail image of a city skyline at dusk, lights on”; Prompt (2): “Hyper-
realistic image of a car on a winding road, motion blur”; Prompt (3): “Photo of a cozy living room
with a fireplace, warm lighting”; Prompt (4): “Realistic depiction of a serene beach at sunset, calm
waves”.

Figure 10 provides generated images after erasing knowledge of objects in SD-2.1 We also show
qualitative results of erasing explicit content in SD-2.1 in Figure 11.

Figure 12 demonstrates how CAD amplifies knowledge in SD-2.1.
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Figure 9: Erasing ”Van Gogh“ style with different methods.
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Figure 10: Qualitative results of erasing objects in SD-2.1 with CAD.
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Figure 11: Qualitative results of erasing sensitive content in SD-2.1 with CAD. We add * for
publication. Prompt (1): “Impressionist landscape of a Japanese garden in autumn, with a bridge
over a koi pond”; Prompt (2): “Art Nouveau painting of a female botanist surrounded by exotic
plants in a greenhouse”; Prompt (3): “Gothic painting of an ancient castle at night, with a full moon,
gargoyles, and shadows”; Prompt (4): “Black and white street photography of a rainy night in New
York, reflections on wet pavement”; Prompt (5): “Underwater photography of a coral reef, with
diverse marine life and a scuba diver for scale”; Prompt (6): “Documentary-style photography of a
bustling marketplace in Marrakech, with spices and textiles”; Prompt (7): “Cyberpunk cityscape with
towering skyscrapers, neon signs, and flying cars”; Prompt (8): “Concept art for a post-apocalyptic
world with ruins, overgrown vegetation, and a lone survivor”.
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Figure 12: Qualitative results of amplifying knowledge in SD-2.1 with CAD.
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NeurIPS 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: We introduce our framework in Section 4, show how we locate positive and
negative components in Section 5, and confirm their roles in Section 6.
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: We discuss the limitation in the Appendix.
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?
Answer: [NA]
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Justification: We do not provide any theoretical result; however, we rigorously discuss and
prove the assumption in our framework in Section 1 and 6.
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 the detail experimental setup in the Appendix.
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
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?
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Answer: [Yes]
Justification: We use public datasets and provide the code in the submission.
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 URLs 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: We provide the experimental setup in the Appendix.
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: [NA]
Justification: We fix the seed across our experiments.
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).

• 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).
• It should be clear whether the error bar is the standard deviation or the standard error

of the mean.

23

https://nips.cc/public/guides/CodeSubmissionPolicy
https://nips.cc/public/guides/CodeSubmissionPolicy
https://nips.cc/public/guides/CodeSubmissionPolicy
https://nips.cc/public/guides/CodeSubmissionPolicy


• 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.

8. 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: We conduct experiments on RTX A5000 GPU, as mentioned in the Appendix.
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).

9. 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: NA.
Guidelines:

• 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).
10. Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?
Answer: [Yes]
Justification: We discuss the societal impacts in the Appendix.
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.
• 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
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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).

11. 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: We do not release any dataset.

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.

12. 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: We cite the datasets and the papers that introduce methods used in our experi-
ments.

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.

• 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.

13. New assets
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Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?
Answer: [Yes]
Justification: We provide the code in the supplementary materials.
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.

14. 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: There is no crowdsourcing experiment.
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.

15. 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: Our research does not involve human subjects.
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.

• 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.
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Answer: [NA]
Justification: We do not use LLMs at all.
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.
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