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1. Dataset Collection Details

In Section 3 of the main paper, we describe using Custom
Diffusion to generate “add-one-in”” models. Here, we pro-
vide additional details. We follow the hyperparameters and
best practices from Kumari et al. [4]. Since only prompts
related to the input image are used to build the dataset, it is
unnecessary to add regularization to prevent language drifts
for unrelated concepts. Thus, for faster convergence, we do
not train models on the regularization datasets. We train each
model for 125 iterations.

Broad categories in object-centric models. In Sec-
tion 3.2 of the main paper, we describe our object-
centric models, which contain instances drawn from Im-
ageNet classes. We group the 693 ImageNet classes
into 55 broad categories, where the categories are taken
from a public repo'. Example categories are aircraft,
arachnid, armadillo, ball, bear, etc. These broad
category names are more effective for training and prompt-
ing the model for existing model personalization works [4,
6], than the fine-grained category names, which are too
long, descriptive, and do not sound like natural language,
e.g., “yellow lady’s slipper”. We include the com-
plete list in the attached file imagenet_categories.txt
and the category assignment for each ImageNet class is in
imagenet_class_to_categories. json.

Prompt files. We use different prompts for training and test-
ing. We include full lists of prompts for our dataset creation
in the files specified in Table 1. We use different prompts
during training and testing, to facilitate an out-of-distribution
test set.

Prompting for object-centric models. = We generate
prompts in two ways. First, we create 25 prompts for each
category through ChatGPT with the following query:

Provide 25 diverse image captions depicting im-
ages containing <category>, where the word
“<category>" is in each caption as a subject.

https://github.com/noameshed/
novelty-detection/blob/master/imagenet_
categories.csv

Split  Model Prompt File

Object- GPT prompts/train/object-centric/gpt/<category>.txt
Train - CeMrie_ 1 Media _ __prompts/train/object-centric/media.txt _ __ ___
Artist GPT prompts/train/style-centric/gpt.txt

Object (Artchive)  prompts/train/style-centric/object-artchive.txt

Style
Y Object (BAM-FG) prompts/train/style-centric/object-bamfg.txt
Object- GPT prompts/test/object-centric/gpt/<category>.txt
Centric Media prompts/test/object-centric/media.txt
Test - — - - — - - - - S o — - T o S S g m oo —————————-
Artist GPT prompts/test/style-centric/gpt.txt
Slyie Object (Artchive)  prompts/test/style-centric/object-artchive.txt

Object (BAM-FG) prompts/test/style-centric/object-bamfg.txt

Table 1: Prompts used in different splits. In this document, we
provide additional information regarding our prompt collection.
Please see the included files for our prompts used for training and
testing. Each model type and prompting type is separated into
different files. <category> stands for each broad category used
in object-centric models.

Each caption should be applicable to depict im-
ages containing any kinds of <category> in gen-
eral, without explicitly mentioning any specific
<category>. Each caption should be suitable to
generate realistic images using a large-scale text-
to-image generative model.

At times, the generated captions are repetitive or too specific,
so we iterate through the querying process and manually
select 25 suitable captions for each category. It is challeng-
ing to obtain over 25 suitable captions, as repetitions are
likely. For each occurrence of the word <category>, we
replace it with V* <category>, as the Custom Diffusion
framework uses the V* token to refer to the tuned concept
in the exemplar image(s). We also procedurally generate 50
prompts to introduce stylistic variations, where each prompt
is of the form “A <medium> of V* <category>.” The
50 mediums are selected from a public repo”.

Prompting for artistic-style models. In Section 3.3 of the
main paper, we describe our artistic-style models. Similar
to the object-centric models, we generate prompts in two
ways. First, we create 50 prompts to generate painting-like
captions through ChatGPT with the following query:

2https://github.com/pharmapsychotic/
clip-interrogator/blob/main/clip_interrogator/
data/mediums.txt
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Provide 50 image captions that are suitable for
paintings.

We iterate through the querying process and manually select
50 suitable captions. We add “in the style of V* art”
at the end of each caption.

We also procedurally generate 40 prompts to in-
troduce object variations, where each prompt is of
the form “A picture of <object> in the style of
V* art” for BAM-FG models and “A painting of
<object> in the style of V* art.” We select 40 ob-
jects from a collection of 50 obtained by ChatGPT using the
prompt:

Provide 50 objects that can appear on a design,
poster, or painting.

We provide attached files with all of our prompts, listed in
Table 1.

Dataset visualization. We visualize a subset of our dataset
in the attached webpages, where we show the training ex-
emplars, along with the samples synthesized using differ-
ent prompting schemes. We show object-centric models
in dataset_vis/object_centric.html and artistic-style
models in dataset_vis/style_centric.html.

2. Additional Analysis
2.1. Visualizing the calibrated influence scores.

In the main paper, we formulate the soft influence score
calibration in section 4.2 and discuss the results in section 5.
Here, we provide additional analysis by visualizing the differ-
ence between calibrated influence score and a plain softmax
applied on the feature similarities. Figure 1 shows the distri-
bution of influence scores before and after calibration. Since
the range of the cosine similarity is small ([—1, 1]), applying
just softmax on the similarities leads to evenly spread influ-
ence scores across the training data. This indicates the need
to find an appropriate temperature to give a more distinctive
influence score. In Figure 1, after calibration, we can assign
higher influence scores to the top-attributed training images.

2.2. Ablation Studies

We provide additional details of the ablation studies in
the main text (Section 5; illustrated in Figure 6), where
we studied the effects of regularization, different mapping
functions, and augmentation strategies for finetuning. Here,
we provide additional details.

Regularization. First, learning the linear mappings without
regularization leads to significant overfitting. Since our regu-
larization encourages linear mapping to be a rigid transform,
the learned mapping with regularization preserves pretrained
features’ properties, resulting in better generalization.

[ DINO (Object+style) 1 [ CLIP (Object+style) 1
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Figure 1: Distribution of influence scores. We collect the influence
scores assigned to the training points from each query and visualize
the distribution of scores. We show the results of our tuned DINO
features (Left) and our tuned CLIP features (Right). Each row
represents a test case. We compare the distribution before and
after calibration, colored in black and green, respectively. The
uncalibrated softmax gives small values close to 0, and temperature
calibration produces more meaningful influence scores.

Mapping functions. Next, we compare two other choices
of mapping functions with increasing capacity. Channel-
wise multiplication (Channel) can only scale the existing
features and is not enough to improve the performance. On
the other hand, we try increasing the capacity using 2-layer
MLP (MLP), resembling the projection head in MoCo v3 [2].
However, this leads to overfitting, resulting in a much worse
generalization on the test set. This validates that our final set-
ting of a well-regularized linear mapping function (Linear)
is a sweet spot, with enough complexity to improve perfor-
mance, without suffering from overfitting.

Data augmentations. Finally, we compare performance
when trained with mild and strong augmentations. Our mild
augmentation consists of random horizontal flips, resizing,
and crops. Our strong augmentation follows DINO [1] (ran-
dom flips, resizing, crops, color jittering, Gaussian blur and
solarization, with multi-crops removed). We find that two
types of augmentation schemes yield similar performance,
where applying mild augmentation is slightly favorable. This
indicates that applying strong augmentation is not necessary,
as we are taking advantage of a pretrained feature extractor
and learning light mapping function on top. Hence, we use
mild augmentation throughout other experiments.
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Figure 2: Copy detection results. We investigate our data attribu-
tion method when a synthesized image query is a “duplicate” of
the training data. We take duplicates found in Somepalli et al. [7],
where the images in the red box are the training image matches re-
ported by the authors. We observe that there exist multiple training
images from LAION that resemble the query, and the attribution
score dropoff (green — orange) is significant between similar im-
ages and other images.

2.3. Additional Stable Diffusion results.

Copy detection for Stable Diffusion. We investigate the
extreme case where the generated sample is a memorization
of a training point. We test with several pairs of memorized
samples and corresponding training image matches reported
in Somepalli et al. [7]. We add the training image matches
into the 1M random LAION subset used in Section 5 of
our main pair, and for each memorized sample, we assign
attribution scores to the augmented set of training images.
Results are shown in Figure 2. Our method assigns high
attribution scores to the matched training images. We also
find that there exist multiple training images similar to the
memorized samples, and that there is a significant attribution
score dropoff between similar images and the other training
images.

Stable Diffusion attribution. In Section 5 of the main
paper, we show qualitative results on attributing images gen-
erated by Stable Diffusion. Here we show additional samples
in Figure 4

2.4. Additional Custom diffusion results.

Additional metrics. In Section 5 of the main paper, we use
Recall@10 for the analysis. Here we include more metrics
(Recall@1, Recall@100, mAP) and report the evaluation of
the in-domain and out-of-domain test cases in Table 2 and
Table 3, respectively. We also show that the general trend
and rankings across different methods and feature spaces
hold the same across different metrics in Figure 6.

Qualitative results on Custom Diffusion. In Section 5 of
the main paper, we have included qualitative comparisons
between pretrained and fine-tuned features for attributing

Synthesized
Image

p L]
] & - 23.603%
IS By S R EY
Training ﬁ gb h t_z Va o8
Images . ase : _-_ m ..
° i Sim T |- 0.000%
J \ J

Compute embedding Similarity & Softmax
Figure 3: Inference pipeline. We compute the similarity between
the synthesized and training images, using a base feature extractor
and our learned embedding. The training procedure is illustrated
in Figure 3 in the main paper. Taking a softmax with calibrated
temperature 7 over similarities produces influence scores.

our Custom Diffusion dataset. We provide more qualitative
results in Figure 5.

3. Implementation Details
3.1. Training details for feature mappers

We initialize the linear mapper with an identity weight
matrix and zero bias. We use Adam optimizer [3] with §; =
0.9, B2 = 0.999. We apply an initial learning rate 10~ and
decay the learning rate with a cosine schedule [5]. We set the
batch size to 1024 for all cases except for ViT and ALADIN.
We use 512 due to memory constraints.

We train each model for 100 epochs, where each epoch in-
volves sampling an attribution pair from each model exactly
once. During training, we sample a minibatch of B differ-
ent models. Within each model, we randomly choose the
training image and prompting type, and we then randomly
choose the synthesized image given the prompting type.

We use the same input size and image normalization as
each base feature encoder. During training, we randomly flip,
resize, and crop to the input size. During testing, we apply
center cropping to the input size.

3.2. Soft influence score implementation

In L568 and Equation 5 of the main paper, we de-
scribe how we convert and calibrate feature similarities
to a percentage assignment via softmax S;(x;X,X) =

Softmax({F(x)TF(ﬁ)/T} X). Here x denotes a single
x€E
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training image, X denotes a synthetic image, and X denotes
a set of candidate training images. For reference, we illus-
trate the softmax procedure in Figure 3 here. The calibration
optimizes the temperature 7 to match the ground truth influ-
ence score S(x;X) = \Tlﬂ]l{xE/\”r}' where X" denotes the
corresponding set of training exemplars. Here, we provide
additional details for the procedure.

We optimize the KL-divergences across all queries in
the training set jointly to obtain 7. We denote the synthetic
image query as X, and their corresponding exemplar training
images as X; . The objective in Equation 5 in the main paper
now becomes:

Z Dt [S(x; %) |85 (x: %y, XF U X)

_Z Z ‘X+|]l{xex+}log8 (qu,X UX)

Xq xeX+uX

ZZ X+|log5 (qu,X UX).

Xq XGXJr

ey

To calculate softmax, we denote feature similarity with
the ground truth as d = F(x) " F(X). In addition, we also
need feature similarities between X and all x € XT U X,

writing them in descending order: d(o) > d(l) >0 > d( M)-
The log softmax term from Equation 1 is then:
log S (x; X, X) f—logZeXp( ) 2)

Approximation algorithm. As Xq* UX is a large collection
of images (original dataset A" is 1M images), an exhaustive
calculation would be prohibitively costly. Because the terms
with smaller similarities in the summation contribute less, es-
pecially after the exponential, we keep the top R = 100, 000
similarity scores individually, corresponding to the top 10%,
along with the ground truth if needed (which is typically in
the top-10% matches already). For the remaining N — R
points, we store their average similarity.

Empirically, these top 10% scores take up ~ 90% of the
influence and the approximation of the lower scores has
a small effect. By Jensen’s inequality, we can also show
that minimizing this approximation serves as minimizing an
upper bound to the objective in Equation 1.

j=R+1

top-R stored Remaining averaged

3)
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Figure 6: Additional metrics. We show the same visualization as in Figure 4 in the main text with additional metrics (top: mAP, middle:
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Recall @5, bottom: Recall@100). We find that all metrics give similar trends and rankings across different methods and test cases.
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