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In this appendix, we provide technical details as well as
additional visualizations for the discussions in the main pa-
per.

A. Technical and implementation details

We start with a short overview of all models used in our
experiments. In Tab. 1, we list the specification of models
and the datasets they were trained on.

Grounding DINO [6] is formed on a Transformer-based
detector DINO [12] enabling easy processing of both text
and image data. Combining this architecture with grounded
pre-training makes Grounding Dino an innovative open-
vocabulary model, allowing the detection of various objects
based on human prompts. The model consists of three main
components: feature enhancer, language-guide query selec-
tion, and cross-modality decoder. First, multiscale features
are extracted using Swin Transformer [8] as a backbone
for image features and BERT [3] for text features. Vanilla
features are then fed into the feature enhancer where self-
attention along with image-to-text and text-to-image cross-
attention are applied. For effectively using the prompt to
steer object detection, the language-guided query selection
module chooses out of the processed features the ones that
are more relevant to the input text as decoder queries. In
the cross-modality decoder, both image and text modalities
are merged by employing self-attention, cross-attention us-
ing the text and image features and a feed-forward neural
network.

YOLO-World [2] is an open-set model that extends
the well-known YOLO object detection framework [10]
by incorporating open-vocabulary detection through vision-
language modeling. The open-set capabilities are based on a
new re-parameterizable Vision-Language Path Aggregation

Network (RepVL-PAN) and region-text contrastive loss to
learn interaction between region-text pairs and thus visual
and linguistic information. Other parts of the architecture
are a YOLOVS [4] backbone for image feature extraction
and CLIP [9] as a model to convert the nouns of a given
prompt into embeddings. Then both feature representations
are fed to the RepVL-PAN and fused at multiple levels. Ul-
timately a text-contrastive head regresses bounding boxes
and object embeddings.

MDETR [5] is an end-to-end text-modulated detection
method derived from DETR [1]. It utilizes a convolu-
tional backbone for visual feature extraction and a language
model, RoBERTa [7], for text feature extraction.

OmDet-Turbo [13] introduces an Efficient Fusion Head
(EFH) module, aiming for real-time performance. The
overall OmDet-Turbo model features a text backbone, an
image backbone and an EFH module. EFH includes an Ef-
ficient Language-Aware Encoder (ELA-Encoder) and De-
coder (ELA-Decoder). ELA-Encoder selects top-K initial
queries, fused with prompt embedding for language-guided
multi-modality queries in ELA-Decoder.

We use the above-mentioned open-vocabulary models by
providing them with different text prompts and explore to
what extent they could be utilized for object detection on
synthetic data. We also use a classical closed-vocabulary
object detection model, FasterRCNN [11], as reference to
compare against the open-vocabulary models.

B. Model performance across image locations

As described in the main paper, to investigate our hypothe-
sis that the location of an object has a significant influence
on the detection, we generate 2000 copies of selected scene
with different inpaintings at different locations.



Table 1. Information about the models belonging grouped according to different categories i.e., open-vocabulary and classical (object)
detection. It also specifies the backbone and pre-trained data used for the models in our experiments.

Category Model Backbone Pre-trained Data

open-vocabulary ~ YOLO-World-L YOLOVS-L 0365, GoldG
Grounding DINO-T Swin-T 0365, GoldG, Cap4M
MDETR EfficientnetB5 VG, COCO, Flickr30k
OmbDet-Turbo Swin-T 0365, GoldG

class. detection FasterRCNN ResNet50 COCO
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Figure 1. Pixel-wise recall heatmaps for the same scene with varying models used for detection. The open vocabulary models Grounding
DINO and YOLO-World were tested based on the prompt “object on the street”.

When analyzing the prediction capability on random im-
age locations across models, depicted exemplary in Figs. 1
and 2, we again observe FN clusters. However, those differ
across the models. While YOLO-World can be challenged
in most of the image regions, Grounding DINO has dedi-
cated blind spots and performs more reliable on the remain-
ing area. We fixed the prompt to test the models to “object
in the street” in this experiment.

C. Additional experiments

Before and in between conducting the experiments in the
main paper, we did some tests on a small image subset on
similar detection tasks. This way, we wanted to rule out
misleading errors or correlations. However, these experi-
ments have not been realized on big sets of data. Therefore,
we just explain them briefly in the following part. After
our first detection tests on generated hybrids, we realized

that synthetic content seemed to be relatively easy to detect
for Grounding DINO. Therefore, we wanted to ensure that
not the sake of synthetic content, rather than the actual ap-
pearance of objects or the underlying semantics results in
TP detections. Considering that, we altered street scenes in
different ways to see how this affects the detection perfor-
mance.

Noise. First, we wanted to see how object detectors re-
act to noise in the form of white and gray ovals. For that
we placed ovals with the according color based on the loca-
tion of the ground truth bbox into the street scene images as
shown in a) of Figure 4. This leads to sharp edges between
the noise oval and the original content. Since object de-
tectors are trained on common objects, these noise patterns
should be hard to detect. However, if correctly predicted
anyway, that would indicate a high relevance of the sharp
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Figure 2. Pixel-wise recall heatmaps for the same scene with varying models used for detection. The open vocabulary models Grounding
DINO and YOLO-World were tested based on the prompt “object on the street”.
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Figure 3. Prediction quality of Grounding DINO with varying prompt. Heatmaps show pixel-wise recall as well as the number of FN for
identical scenes from LostAndFound with different detection prompts.

edge for the detection performance of open-vocabulary ob- Pattern. Focused on the sharp edges, we manually placed
ject detectors, as the noise object shows only one color. snippets of the same road pattern onto the ground truth bbox
as can be seen in b) of Fig. 4. Similar to the noise of the



previous experiment, again we expect the detector to only
detect the ‘object’ in the form of the pattern frame, by rec-
ognizing the sharp edges, as the frame itself provides no
content.

Removed. When visually inspecting the inpaintings of
some TP results manually, we could not rarely observe any
obvious edges between the original image and the inpainted.
However, we wanted to ensure that it is not the inpainted
transition between the original image and the inpainted ob-
ject that leads to a TP detection. In order to prove this,
we studied failed inpaintings, i.e. those images we filtered
out in the main paper which show no actual object, only
artificial pixels that are adapted to the surroundings of the
masked area.

Brightness smoothing. After examining some inpaint-
ings, we observed that the inpainted content often seemed
noticeably brighter than the rest of the image. Therefore,
we suspected the different brightness to cause a TP detec-
tion independent of the actual object content. To cope with
that, we started by calculating the brightness of each pixel in
the masked area by following Brightness = w with
R,G, B € [0,255] denoting the three color channels of an
RGB image. Afterward, each pixel exceeding the thresh-
old of Brightness > 200 has been replaced by the mean
color mC' € [0,255]'*3 of the surrounding masked area
S € [0,255]"%m*3, Herby, S was defined as S = 2M — M
with M € [0, 255]"*™*3 being the originally masked area.
Accordingly, mC = mean(S) can be calculated easily.
Thus, we retrieved objects integrating more smoothly into
the street scene as seen in d) of Fig. 4.

D. Findings of additional experiments

All additional experiments have been performed with
Grounding DINO using the prompt “object on the street”.
As it was possible to automatically insert the noise ovals
into the street scenes, we did so for the whole LostAnd-
Found Dataset, obtaining 179 images for both white and
gray ovals. On the white oval set, the detection led to 175
TP and 4 FN results. For the set with gray ovals, the detec-
tor provided 162 TP and 17 FN results. Next, the pattern
dataset was tested. As these images were created manually,
there are only 16 images. Running a detection on them de-
livered 1 TP and 15 FN results. We continued with the set
showing a synthetic background in the mask area, as the
original objects were removed during inpainting. As dur-
ing the early stage of this work we just had some of these
examples, this set contains 21. All of these were detected
as FN from Grounding DINO. For the smoothed images
we have not conducted quantitative results. However, we
saw for particular examples that the confidential score of

the prediction was mostly close or even higher compared to
the non-smoothed image. One example for this, along with
TP and FN results for the other experiments are shown in
Fig. 4. Considering the high percentage of TP results on the
noise sets brings the assumption that only the edges occur
by adding or inpainting synthetic content matters for detec-
tion. However, object detectors being sensitive to this kind
of edge in images is not surprising. Reflecting on the obvi-
ous noise ovals added in this case, we think retrieving some
FN indicates that the actual inpainted content itself matters
instead of the detector always detecting artificial content as
TP. This is supported by the other experiments. Testing on
the pattern and removed objects, which denotes synthetic
empty content shows as expected and desired almost only
FN results across our small experiments. These experiments
indicate that inpainting objects is a reasonable way of sys-
tematically challenging open vocabulary object detectors.

E. Additional visualizations

We present random examples of inpainted objects from
the generated Hybrid-Concept-Inpainting LostAndFound
dataset which were detected correctly by Grounding DINO
provided the prompt “object on the street” in Fig. 5. Fig-
ure 6 depicts objects from the same dataset overlooked by
Grounding DINO. Both figures give an idea of the variety
and abnormality of the generated data.

F. Prompt list for Single-Concept-Inpainting

prompt_list = [ ’robot’, ’helicopter’, ’monster’, ’skate-
board’, ’dog’, ’cat’, 'monkey’, ’horse’, ’elephant’, ’lion’,
‘tiger’, ’bear’, ’deer’, ’‘rabbit’, ’squirrel’, ’wolf’, ’fox’,
’sheep’, ’goat’, ’chicken’, ’crocodile’, ’alligator’, ’ham-
ster’, “gerbil’, "'mouse’, 'rat’, ’guinea pig’, 'ferret’, ‘rabbit’,
‘cavy’, ’tapir’, "hedgehog’, ’kangaroo’, ’koala’, ’panda’,
’zebra’, ’giraffe’, “hippopotamus’, ’rhinoceros’, ’sloth’,
“antelope’, ’bison’, ’buffalo’, ’ostrich’, ’emu’, penguin’,
’seal’, *walrus’, 'manatee’, "platypus’, *okapi’, ’armadillo’,
’badger’, ’mole’, ’opossum’, ’raccoon’, ’porcupine’,
weasel’, ’lemur’, ’gorilla’, ’chimpanzee’, ’orangutan’,
“tamarin’, ’sloth bear’, ’sea lion’, ’tortoise’, ’flamingo’,
‘robot’, "helicopter’, "'monster’, ’skateboard’, ”Sofa”, ”Cof-
fee table”, "Bookshelf”, "Lamps”, ”Cutting board”, “’Pots
pans”’, “Dishes”, ”Desk”, ”Chair”, “Printer”, “Vacuum
cleaner”, ”Fan”, ”Clock”, ”Shoes” |
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(b) Copied street pattern from another part of the scene.

(c) Removed original object using inpainting.

(d) Smoothed by applying a filter.

Figure 4. Examples of different types of synthetic content added to street scenes. Showing ground truth bboxes in red and predictions in
yellow annotated with the confidence score.
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Figure 5. Examples for TP predictions using Grounding DINO with prompt “object on the street” and a confidence score of 0.1. Red
bboxes annotated with gt denoting the ground truth of the original object used for inpainting. Yellow bboxes show model predictions with
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