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Figure 1. Subject-driven generation model’s architecture.

A. Implementation details
Training. As detailed in Sec. 5, we train two separate
models: one for object insertion and another for subject-
driven generation. Fig. 7 in the main manuscript illustrates
the architecture of our object insertion model. Additionally,
App. Fig. 1 provides a diagram for the subject-driven gen-
eration model.

The primary difference between these architectures lies
in how the input is integrated into the UNet. For object in-
sertion, the scene description, background image and mask
are concatenated along the channel axis with the noise in-
put. In contrast, for subject-driven generation, the scene
description is provided as a text prompt and incorporated
into the UNet via standard cross-attention layers.

During object insertion training, we use an empty text
prompt. The mask indicating the target object’s location is
the bounding box of the object rather than a precise mask.

k-Nearest Neighbors (kNN) search. For each detected
object in our dataset, we compute retrieval-specific features
designed for instance retrieval without local feature match-
ing. This design makes them well-suited for large-scale
kNN searches. Using the Python library ScaNN [5], we
calculate the cosine similarity of features between all object
pairs in the dataset. In the final dataset, we retain the top 5
nearest neighbors with similarity scores ranging from 0.93
to 0.975, as detailed in Section 4.

A.1. Classifier-Free Guidance
Following Brooks et al. [2], we apply classifier-free guid-
ance (CFG) [6] to both text and image conditions. CFG is
a widely used method to enhance the model’s adherence to
its conditioning inputs. This involves jointly training the
model for both conditional and unconditional generation
and leveraging both modes during inference.

Object insertion. In object insertion, we modify the
training process by zeroing out the reference condition O
in 10% of the training examples, while keeping the scene
condition S (background images and masks) unchanged.
During inference, the model’s output is adjusted using the
following formula:

D̃θ(xt, O, S) =Dθ(xt,∅, S)
+ γI · (Dθ(xt, O, S)−Dθ(xt,∅, S))

Here, γI controls the influence of the reference condi-
tion, we empirically set γI = 2.

Subject-driven generation. For subject-driven genera-
tion, in 10% of the training examples, we zero out the ref-
erence condition O, and in another 10%, we use an empty
prompt for the scene description S. During inference, the
model’s output is adjusted as follows:

D̃θ(xt, O, S) =Dθ(xt,∅,∅)

+ γtxt · (Dθ(xt, O, S)−Dθ(xt, O,∅))

+ γI · (Dθ(xt, O,∅)−Dθ(xt,∅,∅))

Here, γtxt, γI controls the strength of the text condition
(scene description) and references condition respectively.
We use constant values of γI = 1.5 and γtxt = 7.5.

A.2. Dataset statistics
In Sec. 4 we use the train split of the datasets COCO [10],
Open Images [8], and a web-based dataset with 48M im-
ages. We provide dataset statistics in App. Tab. 1.

B. Additional comparisons

Retrieval augmented models. As discussed in Sec. 2, sev-
eral studies [1, 3, 4, 7, 9, 14] have used nearest neighbor
(NN) retrieval to enhance generation fidelity. Specifically,
[1, 3, 9, 14] retrieve the NNs based on the text prompt pro-
vided during inference to improve the generation of rare
concepts. SuTI [4] and Instruct-Imagen [7] cluster images
from the same URL and refine them using CLIP image sim-
ilarity calculated at the whole-image level. Our approach
differs in two key ways: (1) we employ an instance retrieval
(IR) model that better distinguishes between identities with
similar semantics compared to CLIP, and (2) we calculate
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# Examples with at least

Dataset # Images # Objects Detection type 1 NN 3 NNs

COCO 108,151 362,684 Human annotations 31,445 (8.7%) 17,119 (4.7%)
Open Images 1,743,042 8,067,907 Human annotations 471,091 (5.8%) 64,991 (2.4%)
Web-based 47,992,480 55,232,441 Object detection model 9,947,017 (18%) 4,550,770 (8.2%)

Table 1. Datasets statistics.

Test-time Text-Align. Identity
Method tuning-free (CLIP-T) (IR)

Dreambooth (SD-XL) 7 0.306 0.674
DisenBooth 7 0.301 0.728
BLIP-Diffusion 3 0.288 0.664
Ours 3 0.322 0.750
Ours, SD-XL 3 0.304 0.757
Ours, SD-XL + Public data 3 0.304 0.739

Table 2. Subject driven: comparison on public reproducible setup.

similarity at the object level rather than for the entire im-
age. These differences result in object clusters with a higher
likelihood of representing the same identity.

Since SuTI and Instruct-Imagen have not released their
models, we compare our results with those reported in their
manuscripts. App. Fig. 10 compares results where SuTI
uses 5 references and our model uses 3. Our approach con-
sistently achieves better identity preservation. Additionally,
App. Fig. 11 compares our results with SuTI where both
models use either 1 or 3 references. App. Fig. 12 quali-
tatively compares our model with Instruct-Imagen, demon-
strating superior preservation of fine object details.

Counterfactual object insertison. Similarly to Object-
Drop [15], we trained an object removal model using 2,000
counterfactual examples. We then used this model to syn-
thesize the backgrounds for object insertion training. Ob-
jectDrop’s approach involves training an object insertion
model by first removing objects from images and then rein-
serting them into their original positions. For comparison,
we implemented this approach in our experiments.

When inserting objects into a scene, the ObjectDrop
model pastes them and generates only their effects on the
surroundings. While this ensures identity preservation, it
does not allow for adjustments to the pose or lighting of the
inserted objects. In contrast, our model incorporates these
capabilities, enabling more realistic harmonization of the
object with the scene. App. Fig. 8 highlights our model’s
superior performance in harmonizing lighting and pose.

Retrieval and DINO features. We conducted an ablation
study to assess the importance of instance retrieval (IR) fea-

tures in our model’s performance. Specifically, we used
DINO features to perform kNN search on the same image
dataset used in our primary experiments. Subsequently, we
trained a subject generation model using the retrieval re-
sults based on these features. Notably, DINO features tend
to identify objects with only semantic similarities (as illus-
trated in Fig. 2), which substantially influences the down-
stream performance of the model. To complement the find-
ings of the user study presented in the main manuscript,
App. Fig. 6 provides qualitative evidence showing that our
model achieves superior identity preservation compared to
a model trained using DINO-based retrievals.

More results. We extend the qualitative comparisons pre-
sented in the main manuscript with the following figures:
• Fig. 5 complements the quantitative comparison between

different retrieval features made in Fig. 9 of the main
manuscript.

• Fig. 7 shows that using publicly available dataset and IR
features outperforms current SOTA insertion method.

• Fig. 13 shows a creative application.
• Fig. 14 presents failure cases.
• Fig. 9, 15, and 16 show additional examples of object

insertion.
• Fig. 17 and 18 present additional examples of subject-

driven generation.

C. User study

To evaluate the performance of our models, we conducted
a detailed user study on the CloudResearch platform. For
the object insertion task, we had 50 participants, randomly
selected, primarily from the United States. Each participant
reviewed 25 examples drawn from our benchmark dataset
comprising 136 examples. For each example, participants
were presented with two images in random order: one gen-
erated by our model and another by a baseline model. Par-
ticipants were asked to answer the following questions:

1. Which image looks more realistic and natural?
2. In which image the subject is more similar to the refer-

ence?

The responses to the first question were used to compute
the Composition score, while the responses to the second
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Result A Result B

Instructions: Carefully review the reference images and prompt, then answer the questions below.

References

Prompt:
a stuffed animal on a cobblestone street

Questions:
1. In which image the subject is more similar to the references?

 Result A
 Result B

2. Which image matches the text prompt more?

 Result A
 Result B

11/19/24, 6:45 PM index_v3.html

file:///Users/danielwinter/Desktop/objectdrop-2/user study/SubGen/index_v3.html 1/2

Figure 2. A screenshot of the user study questionnaire.

question contributed to the Identity score. The results of
this study are presented in Tab. 4 of the main manuscript.

For the subject-driven generation task, 45 participants
completed a similar questionnaire with the following ques-
tions:
1. Which image matches the text prompt more?
2. In which image the subject is more similar to the refer-

ences?
In this evaluation we used the public benchmark Dream-
Bench, which includes 30 unique objects and 25 textual
prompts, resulting in a total of 750 examples. The results
are summarized in Tab. 5 of the main manuscript. Fig. 2
shows a screenshot of the questionnaire.

D. Quantitative evaluation protocol
As outlined in Sec. 6, existing quantitative metrics, such
as CLIP and DINO, primarily evaluate semantic similarity
rather than the preservation of identity. To address this, we
propose using the instance retrieval (IR) features from [12],
which we demonstrate to be more closely aligned with user

preferences for identity preservation (see Tab. 3 in the main
manuscript). Below, we detail the evaluation protocol used
in our approach.

Given a generated image Ig and a reference image of
the subject Iref , we begin by detecting the bounding box
of the subject in Ig using [11] with the object’s class name
as input. The generated image Ig is then cropped to this
bounding box, resulting in Ĩg . Next, we compute the IR
features, denoted as E , for both Ĩg and Iref . Specifically,
these features are represented as E(Ĩg) and E(Iref ), respec-
tively. Finally, the IR identity preservation score is deter-
mined by calculating the cosine similarity between E(Ĩg)
and E(Iref ). The weights of the encoder E are publicly
available to download from [13].

To validate this protocol, we analyzed user study re-
sponses regarding identity preservation (see Sec. C). Each
response comprises a triplet (Iref , Ig1 , Ig2), where Ig1 is
the output of our model, Ig2 is the output or one of the
baselines, and y ∈ {1, 2} indicates the user’s choice for
better identity preservation. For evaluating the validity of
the metrics, the user responses serve as ground truth and
we measure the accuracy of each metric in predicting user
preferences. As presented in Tab. 3 of the main manuscript,
IR demonstrates significantly improved performance over
existing metrics, confirming the strong alignment between
our automated evaluation method and human judgment.

E. Object insertion benchmark
We introduce a new benchmark for object insertion. The
benchmark comprises a test set of 34 distinct objects, each
captured in 4 different poses and scenes, representing varia-
tions such as indoor/outdoor settings and different times of
day (e.g., daytime vs. nighttime). For each scene, we use
a tripod-mounted camera to capture images both with and
without the object. From each quadruplet of images, we ex-
tract 4 samples: a ground truth image (y), the background of
the scene as a scene description (S), and 3 reference images
(O). This results in a total of 136 samples. To the best of
our knowledge, this is the first object insertion dataset that
includes ground truth images and 3 reference views of the
object. Fig. 3 shows an example of such quadruplet.
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Figure 3. Example of a quadruplet from out test set. From each
quadruplet we extract 4 samples, where one object is used as the
ground truth and the remaining 3 serve as the reference condition.
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Figure 4. Inserting the same object into different scenes.
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Background CLIP DINO IRReferences IR Internal

Figure 5. Ablation study on the importance of IR features for object insertion. Using CLIP or DINO features for instance retrieval
during object insertion training is insufficient to achieve identity preservation. Using specialized instance-retrieval (IR) features achieve
much stronger results. In addition, the publicly available IR model from [12] is comparable to our internal model.
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Figure 6. Ablation study on the importance of IR features for subject generation. Our subject generation model, denoted as IR,
demonstrates superior identity preservation compared to a model trained using DINO-based retrievals.
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BackgroundReferences Ours
Web-scraped

AnyDoor Ours
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Ours
Web-scraped

Ours
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1 Ref. 3 Refs.

Figure 7. Ablation study on data sources. We compare the effectiveness of different data sources for training. Training on Open Images
with publicly available IR features and on a web-scraped dataset using our internal IR model both outperform the current state-of-the-art
insertion model, AnyDoor.

1 Ref. 3 Refs.

OursObjectDrop OursBackgroundReference

Figure 8. Comparison with counterfactual object insertion. We compare to a model similar ObjectDrop. Our model is able to realisti-
cally harmonize the object’s pose and lighting, while the counterfactual model pastes the object without adjustments.
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Figure 9. Additional in-the-wild object insertion results.
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OursSuTI OursSuTI OursSuTI

Figure 10. Comparison with SuTI. Our method better preserves the fine details of the subjects. SuTI uses semantic features (CLIP) for
retrieval, while we use specialized instance-retrieval features. This makes our paired data more suitable for identity preservation. Results
of SuTI are taken from their manuscript. Here, SuTI uses 5 references, while we use 3.

1 Ref. 3 Refs.

OursSuTI OursSuTI

a * in 
Grand 

Canyon

a * in the 
water

a * 
sitting on 
a Mirror

a * 
decorated 

with flowers

Figure 11. Comparison with SuTI. Our model demonstrates superior capability in preserving fine details of the object, regardless of
whether 1 or 3 reference images are provided by the user. Results of SuTI are taken from their manuscript.
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a dog 
sniffing

a bowl

References OursPrompt Instuct-Imagen

Figure 12. Comparison with Instruct-Imagen. Our method better preserves the fine details of the bowl (e.g., text decoration). Instruct-
Imagen uses similar data to SuTI, which is based on semantic clustering. Results of Instruct-Imagen are taken from their manuscript.

a * 

and a * 

and a *

a * * *

Result

Merged object

Refs.Prompt ResultRefs.Prompt

Multiple objects

Figure 13. Creative application. We test the model’s generalization by providing it with three references of different objects. This setup
represents a significant deviation from the training distribution, where the model received three references of the same object. Remarkably,
the model demonstrates an ability to generalize beyond its training data by either synthesizing the references into a single unified object or
generating the three objects separately.

Ref.

Succsessful color change Failed color change Failed identity change

a red *a purple * a red *a purple * a cube shaped *Ref.Ref.

(a)

a * in the style of Claude Monet, 
impressionist paintingRefs.

(b)

Figure 14. Limitations. (a) This study primarily focuses on preserving subject identity, which may result in quality variability in scenarios
that require changing some of the subject’s properties, such as changes in color or shape. (b) Given that the training data is predominantly
composed of real photographs, the model occasionally generates photos of paintings when the prompt specifies an artistic style.
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Figure 15. Additional object insertion comparisons on our benchmark with the provided ground truth.
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Figure 16. Additional object insertion comparisons on our benchmark with the provided ground truth.
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Figure 17. Additional subject-driven generation comparisons.
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Figure 18. Additional subject-driven generation comparisons.
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