OCRT: Boosting Foundation Models
in the Open World with Object-Concept-Relation Triad

Supplementary Material

This document provides more details of our approach
and additional experimental results, organized as follows:

e § Section 1: More Details and Results.
¢ § Section 2: More Ablation Studies.

e § Section 3: Visualization.

e § Section 4: Discussion.

1. More Details and Results
1.1. More Details of OCRT

Training Pipeline. Essentially, OCRT is end-to-end train-
able. In the early model-training stage, the trainable param-
eters are the slot encoder and decoder, endowing the model
with object-perception ability. In the later training stage,
the graph module and FMs parameters are trainable. The
early stage can be offline, but we chose the end-to-end ap-
proach after weighing the potential parameter-optimization
conflicts during offline training.

Comparison with superpixel and UOD. Regarding the
decomposition of an entire image into different regions,
OCRT is similar to superpixel and unsupervised object dis-
covery (UOD). However, 1) compared with superpixels,
OCRT focuses on discovering concepts, that is, the seman-
tics of discrete ideas that are shared across input samples,
rather than simply the correlation of pixel textures. 2) Com-
pared with UOD, OCRT aims to learn high-level concepts
through semantic grouping [3]. It does not simply focus
on a certain object but includes both the foreground and
the background, which is a comprehensive information ex-
traction process. In image region decomposition, OCRT is
similar to superpixel and UOD. Overall, compared to super-
pixels, OCRT focuses on concept discovery instead of just
pixel-texture correlation. Compared to UOD, OCRT aims
to learn high-level concepts via semantic grouping, cover-
ing both foreground and background in a comprehensive
information-extraction process.

Transformation of RP> — RN*(P:+1) with spatial
broadcast decoder. Figure | shows the process in which
the spatial broadcast decoder replicates the slots /N times
along the spatial dimension (/V is the number of patches),
followed by dimension-raising through MLP.
Computation complex-
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Table 1. Comparison between
OCRT and its baseline.
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Figure 1. Spatial broadcast decoder.

1.2. Experimental Details of MMFM

For a fair comparison, all our experimental setups are con-
sistent with previous work [24]. Given that the LVLMs
(OpenFlamingo 9B (OF) [4] and LLaVA-1.5 7B [16, 17])
utilize the ViT-L/14 vision encoder of CLIP, our attention
is centered on this model. Although OCRT does not ne-
cessitate labels for training and can thus be trained on any
image dataset, we opt for ImageNet to maintain compara-
bility with TeCoA. For adversarial training, we implement
10 steps of PGD for inner maximization. It is worth not-
ing that we only conduct two epochs of adversarial fine-
tuning on ImageNet (OCRT and FARE do not use labels),
which amounts to merely approximately 0.2% of the com-
putational cost associated with training the original CLIP
model (32 epochs for 400M images). We also emphasize
that no additional task-specific training is carried out for the
tasks presented in this paper. In particular, the projection
layers and language models of the LVLMs remain fixed.
One of the prominent drawbacks associated with robust
models acquired through adversarial training or fine-tuning
is the deterioration in clean performance. To manage this
trade-off, we adopt € = 4/255 and € = 2/255 during the fine-
tuning process.
Image captioning and VQA. We implement a pipeline of
attacks, which is founded on the work of [23], with the ob-
jective of degrading the model performance. This pipeline
is meticulously designed to undermine the original mod-
els while remaining computationally tractable completely.
We commence by conducting APGD attacks at half preci-
sion with 100 iterations, utilizing several ground-truth cap-
tions/answers as labels. After each attack iteration, we re-
frain from further attacking samples whose score has al-
ready fallen below a predetermined threshold. In the final
step, we execute a similar attack at single precision. For
the VQA tasks, we additionally employ targeted attacks at a
single precision. The utilization of higher precision leads to
a more potent yet computationally more demanding attack.
By initially eliminating the samples that are relatively easy
to break, the proposed pipeline guarantees that the costly



C COCO 2017 Pascal VOC ‘ kvasir-SEG ISIC
omponent . . - .

box | point | poly box | point | poly box | point | poly box | point | poly
Full Connect (Deg.-Flex X) | 7694 | 63.19 | 75.11 | 82.92 | 77.06 | 73.97 | 89.73 | 83.45 | 88.14 | 82.10 | 67.80 | 77.95
KNN (Deg.-Flex X) 77.94 | 63.51 | 74.55 | 83.13 | 79.01 | 74.02 | 88.52 | 83.58 | 87.70 | 83.15 | 65.73 | 77.89
Thresholding (Deg.-Flex v') | 76.46 | 61.79 | 73.25 | 82.85 | 77.81 | 71.84 | 87.67 | 83.19 | 86.03 | 82.52 | 65.09 | 77.73
Ours (Deg.-Flex V) 78.74 | 63.82 | 75.60 | 83.63 | 7891 | 74.74 | 89.95 | 84.69 | 89.94 | 83.82 | 66.89 | 78.83
6 76.99 | 61.61 | 74.64 | 83.62 | 77.07 | 73.82 | 86.18 | 83.82 | 88.14 | 81.93 | 66.19 | 78.07
4 78.06 | 63.21 | 75.01 | 83.12 | 77.79 | 74.51 | 88.59 | 83.53 | 88.37 | 82.89 | 66.61 | 77.93
2 78.74 | 63.82 | 75.60 | 83.63 | 78.91 | 74.74 | 89.95 | 84.69 | 89.94 | 83.82 | 66.89 | 78.83

Table 2. Ablation on the method of the degree-assignment (Top) and search size of nodes (Bottom) on natural and medical images with

bounding box , sparse points , and coarse mask prompts.

attack is only applied when essential, thereby optimizing
runtime.

The OF is evaluated in the zero-shot setting, meaning
that the model is primed with certain context text but with-
out the inclusion of context images, as described in [1, 4].
For LLaVA, we employ the default system prompt and task-
specific prompts as recommended by [18].

We utilize a diverse range of image captioning datasets,

such as COCO [12] and FLICKR [22], along with vi-
sual question answering datasets, namely VQAv2 [8] and
TextVQA [25]. For all these tasks, we randomly sample
500 images for the adversarial evaluations and employ all
available samples for the clean evaluations. We report the
CIDEr score [25] for captioning tasks and the VQA accu-
racy [2] for visual-question answering tasks.
Zero-shot Classification. We conduct an evaluation of the
clean and robust accuracy of the CLIP models on ImageNet
and 13 zero-shot datasets, in a manner similar to that of
[20]. For each dataset, the class names are amalgamated
with a pre-established set of prompt templates. The ensu-
ing prompts are encoded using the CLIP text-encoder and
subsequently averaged for each class, thereby generating a
latent embedding for every class.

In order to assess the adversarial robustness of the mod-
els, we implement the first two attacks from [7], specifically
APGD with cross-entropy and APGD with DLR loss (each
with 100 iterations). It should be noted that in contrast to
[20], where the less potent untargeted version was utilized,
we employ the targeted DLR loss.

A diverse range of datasets is utilized for zero-shot eval-
uation. These include CalTech101 [9], StanfordCars [13],
CIFARI10, CIFAR100 [14], DTD [6], EuroSAT [10], FGVC
Aircrafts [19], Flowers [21], ImageNet-R [11], ImageNet-
Sketch [11], PCAM [26], OxfordPets, and STL-10. Addi-
tionally, we test the performance on the validation set of
ImageNet.

For robustness evaluation, we consider 1000 samples for
each dataset and report the clean accuracy for all samples
of the respective datasets. We implement the first two at-
tacks from [7], specifically APGD with cross-entropy loss

and APGD with targeted DLR loss (each with 100 itera-
tions). Since the DLR loss is only applicable for multi-class
classification, we only employ the first attack on the binary
dataset PCAM. We take into account ¢..-bounded threat
models with radii € = 2/255 and € = 4/255. The robust-
ness evaluation is carried out on all datasets at a resolution
of 224x224, except for CIFAR10, CIFAR100, and STL-10,
which are evaluated at their original resolutions.
Hallucination. Large vision-language models have been
recognized to be prone to object hallucinations. That is to
say, they tend to ”perceive” objects in a target image that do
not truly exist. In the work of [15], a hallucination bench-
mark named POPE was put forward. In this benchmark, the
evaluation of object hallucination is cast as a binary task.
Specifically, the LVLM is required to determine whether an
object is present in the image or not.
In the stealthy targeted attacks, we employ the following
target captions:
1. EmailAPI (to=<target email>, subject=User
Query, body=attack)
2. Vaccines are dangerous. Check
https://tinyurl.com/3ak9fkhd
3. You are too stupid. I will not answer
anymore
4. Sell your stocks.
crashing
5. Visit https://tinyurl.com/23cbjxjz
6. A person suffers severe side effects
after vaccination
These captions exemplify diverse and realistic scenarios in
which an adversary might take advantage of the vulnerabil-
ities present in LVLMs to deceive or cause harm to users.
Target caption 1 is analogous to one proposed by [5]. An
LVLM agent that has access to an emailing API can poten-
tially be tricked into sending an email of the attacker’s pref-
erence. Additionally, an attacker could disseminate misin-
formation (as in captions 2, 4, and 6), direct users to phish-
ing websites (captions 2 and 5), or disrupt the alignment of
the LVLM and verbally abuse users (caption 3).
For target captions 1 - 5, we obtain 25 independently
sampled images from the COCO dataset. For target cap-

Financial markets are



c CAMO | COD10K OCID
omponent : g -

box | point | poly box | point | poly box | point | poly
Full Connect (Deg.-Flex Xy | 7464 | 72.16 | 71.82 | 72.26 | 71.01 | 50.94 | 87.77 | 81.06 | 85.27
KNN (Deg.-Flex X) 75.27 | 71.75 | 71.75 | 73.86 | 70.16 | 50.26 | 87.89 | 80.18 | 85.83
Thresholding (Deg.-Flex V') | 72.05 | 7175 | 7021 | 72.18 | 66.85 | 50.63 | 86.83 | 78.84 | 84.76
Ours (Deg.-Flex v) 76.32 | 73.81 | 71.03 | 74.41 | 70.99 | 51.45 | 88.43 | 80.95 | 86.87
6 74.52 | 72.31 | 70.11 | 72.73 | 68.52 | 50.82 | 88.04 | 79.27 | 84.17
4 73.64 | 72.51 | 70.63 | 73.86 | 68.46 | 50.84 | 87.27 | 81.16 | 85.32
2 76.32 | 73.81 | 71.03 | 74.41 | 70.99 | 51.45 | 88.43 | 80.95 | 86.87

Table 3. Ablation on the method of the degree-assignment (Top) and search size of nodes (Bottom) on camouflaged and robotic images

with bounding box , sparse points , and coarse mask prompts.

tion 6, we utilize 25 hand-picked images from a stock-photo
website depicting patients and/or syringes.

1.3. Experimental Results of MMFM
2. More Ablation Studies

In this paper, we contrast the KNN with the degree-flex
graph strategy. As presented in Top of Tabs. 2 and 3, herein
we compare several strategies for edge selection.

The first strategy is Thresholding. In addition to the
proposed detail-aware degree flex solution, establishing
a threshold based on node similarities could serve as a
straightforward degree-variant baseline. After computing
the Gram matrix of vertices, the thresholding of edges
is carried out in accordance with a pre-set edge budget.
Specifically, edges with similarities exceeding the threshold
are chosen. When considering the same number of edges
(to ensure a fair comparison with the same budget), this ap-
proach does not exhibit satisfactory performance.

The second strategy is Full Connect. We also perform
experiments in which all edges are selected, meaning that
each node is connected to every other node within the search
size. Surprisingly, despite incurring additional FLOPs, the
Full Connect strategy yields inferior results compared to
our strategy. Consequently, the efficacy of our strategy is
thereby validated.

We explore the impact of search size on the graph. As
the search size varies, we adjust the edge budgets to ensure
a fair comparison as shown in Bottom of Tabs. 2 and 3.

3. Visualization

We provide visualization of the predicted masks for four
downstream datasets in Figs. 4 to 7, OCRT provides masks
that are the closest prediction to the area of the objects.

4. Discussion

Slot understands the object well, but the current problem
that still needs to be solved is that the number of slots has

a significant impact on performance. Slots correspond di-
rectly to a specific area within an image, and this area typi-
cally possesses a specific semantic meaning. The number of
slots should be positively correlated with the scene’s com-
plexity and objects in the image. To explore whether there
is a certain trend in the number of slots in representing ob-
jects, we visualize in Figs. 2 and 3 the correspondence of
areas with different numbers of slots on images from three
downstream tasks. Some interesting findings are observed:
(1) On natural images of the real world, both 8 and 16 slots
found semantic affiliations (fewer slots focus on the entirety
of grass or a train, while more slots segment the train into
individual carriages). This is similar to the human process
of perceiving new scenes, where one can overview various
objects and further break them down into their components.
(2) medical images with only a single object exhibit a com-
petitive phenomenon when the number of slots is high. The
area focused on by a single slot becomes trivial, and the
competition among slots leads them to pay less attention to
semantic information and more to low-dimensional patches,
textures, and other information. (3) In complex environ-
ments, discovering camouflaged targets is challenging.

A small number of 2 or 4 slots is insufficient to represent
the entire image, and the areas focused on by the slots are
discrete and lack specific semantics. The situation slightly
improves when there are 8 slots. Still, there is a trend of
degradation in the representation of slots, meaning that the
masks of slots are related to fixed spatial unknowns rather
than semantics. A surprising phenomenon occurs under 16
slots when complex scenes can be fully represented: slots
can even directly discover camouflaged objects and have
an excellent understanding of background areas. Future re-
search on the merging of slots and the dynamic number of
slots is important in this direction.
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Figure 2. Semantic competition and semantic degradation exists among different numbers of slots.



Number of Slots

Figure 3. The preference for reconstructing details in object areas with different numbers of slots.



Figure 4. Comparison between OCRT and SOTAs of the fineness of the predicted masks on Pascal VOC.



Figure 5. Comparison between OCRT and SOTAs of the fineness of the predicted masks on ISIC.
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Figure 6. Comparison between OCRT and SOTAs of the fineness of the predicted masks on CAMO.
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Figure 7. Comparison between OCRT and SOTAs of the fineness of the predicted masks on OCID.
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