DIFFUSION TO CONFUSION: NATURALISTIC ADVERSARIAL PATCH GENERATION
BASED ON DIFFUSION MODEL FOR OBJECT DETECTOR
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Fig. 1. The computational graph to compute the loss of an
ODE.

1. ADJOINT METHOD FOR BACKPROPAGATION

We can implement the DM in ODE form. That is, the tar-
get Ordinary Differential Equation (ODE) is given by dx =
fo(x¢,t)dt, where fy is the ODE driven by the DDIM for-
mulation. Consider the computational graph of the DDIM
diffusion-generating process without randomness. Then, the
next step is uniquely determined by the current state. If we
produce some final loss L using the last state xg, for clar-
ity, we explicitly draw the dependency in Figure 1. Chen et
al. [1] demonstrate how to backpropagate through the gen-
erating process through the Neural ODE by solving another
adjoint ODE, with only O(1) space memory and linear time
complexity. In this case, the adjoint state is defined as a; =
;’—)ﬁ. It satisfied the adjoint ODE,
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Thus far, DM has exhibited superior properties compared
to various generative models, without imposing excessive
computation burdens. This makes it a perfect candidate as an
adversarial patch generator.

To adopt the adjoint method to optimize per iteration of
the latent, we use the Euler method to backpropagate the ad-
joint method.

In addition, our approach involves updating the latent rep-
resentation of a patch at time ¢ through a forward operation
from latent /; to the patch and then to the loss as follows:
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loss = loss_fn(patch, batch) 3)

The computational load of backpropagating Equation 2 is
considerably higher than that of Equation 3. We employ a
partial backpropagation strategy for Equation 3 with each
batch, followed by a complete backpropagation of Equation
2 after processing a large dataset. This approach significantly
improves the efficiency of updating Al;, namely gradient

Listing 1. Classic Method
epoch in range (EPOCH) :
for batch in inria_dataloader:
diffusion(x_half)
loss = adv_patch(x_0, batch)
loss.backward ()
optimizer.step ()

for

x 0 =

Listing 2. Revised Method
for epoch in range (EPOCH) :
x_0 = diffusion(x_half) # time bottleneck
derivative =
torch.autograd.grad(
adv_patch (x_0, batch), x_0,
retain_graph=False
) [0]
for batch in inria_dataloader
) # This does not take much time
x_0.backward (derivative)
optimizer.step ()

sum (

Fig. 2. The PyTorch code to accelerate adjoint-method-based
backpropagation for the diffusion model. We wrap the detail
of diffusion steps in Figure 1 as x_0 = diffusion(x_half
). We abstract the scene rendering and other operations to
generate a loss function as loss = batch).
Our revision is to speed up the data processing time instead
of updating the patch per sample in the batch.

adv_patch (x_0,

accumulation (AMB-GA) for the AMB.

Therefore, despite the O(1) memory in need, we found
backpropagating through the generating process is time-
consuming. Although the adjoint method cannot speed up
the backpropagation, we can still increase the data processed
per backpropagation. In our implementation, we use the full
dataset to implement an iteration on the starting latent as
shown in Figure 2. The result is 30 times more instances
processed per second as shown in Table 1.

2. MORE EXPERIMENTS

2.1. Cross-model Generalizability

We further show the results using the proposed approach with
AMB in Table 3 show that our generated patches still have
a higher attack performance than the previous state-of-the-art
GAN-based naturalistic adversarial patch generation method
by Hu er al. [5] where the diagonal entries of the tables cor-



Table 1. Time Comparisons of the classic and the revised
methods for adjoint method-based backpropagation for the
diffusion model (Figure 2).

Method Batch size Throughput (sample/second)
Classic 12 1.01
Revised 614 30.94

Table 2. Samples images of the INRIA [2] and MPII
datasets [3].

INRIA [2]

respond to the performances in the white-box attack setting,
and the off-diagonal ones refer to the black-box attack setting
in which an adversarial patch generated upon attacking one
detector transfers well to another.

These results suggest that our patches are naturalistic and
stealthy enough to fail SAC. This is possibly due to the fact
that their model was trained on adversarial noise patches
which have very different distributions from ours, which may
limit its ability to generalize on other types of adversarial
patches.

2.2. Cross-dataset Evaluation

To enable cross-dataset evaluation, we use the same testing
split from Hu et al. [5] for the MPII dataset [3], in which we
use the object detectors’ predictions on clean test data (i.e.,
without applying any patch) as the reference labels. Table 2
shows examples of the test images in both datasets and their
corresponding reference labels.

The results in Table 4 indicate that the performance of
the generated patches on MPII may not necessarily generalize
well to other datasets, possibly because there are differences
in attributes such as the position, number, viewing angle of
people, etc.

2.3. More Robustness Results against Existing Defenses

Besides using the off-the-shelf pretrained SAC model, we
further finetune the SAC model with our diffusion-based ad-
versarial patches for more challenging evaluation upon the
proposed method. The patches are optimized with 20 epochs
using 5-step AMB. We randomly pasted one of the 1,000
generated patches onto each image from a COCO sub-dataset
of 10,000 samples, obtaining the results in Table 5. Although
the attack performances slightly drop, the proposed methods
are still robust against the finetuned SAC.

Besides the quantitative results, we also present the qual-
itative results of the robustness against the state-of-the-art
adversarial patch removal algorithm, segment-and-complete
(SAC) [7], for the proposed approach and other adversarial
patch generation methods. As illustrated in Table 6 and 7,
all the approaches can easily evade the detection of vanilla
YOLOVvV2. However, when SAC is applied, the patches gen-
erated by [4] and NPAP [5] (i.e., NPAP is a GAN-based
naturalistic adversarial patch generation method.) are de-
tected and removed so that the pedestrians are still detected
by YOLOvV2. In contrast, the proposed approach can effec-
tively defend against the attack of SAC.

2.4. Classifier-free Guidance Scale

Ho and Salimans [8] proposed classifier-free guidance (CFG)
to control the output content of the diffusion model. They
randomly mask out the conditional input during training the
denoising U-Net, making the U-Net capable of both uncon-
ditional and conditional denoising. During sampling, a CFG
weight w controls the amount of extrapolation from the un-
conditional noise prediction towards the conditional one. We
sweep over a range of w (i.e., from the values of {1, 2, ..., 20})
to see if higher text condition guidance helps boost the natu-
ralness of the generated patches, as shown in Figure 3.

2.5. Memory Reduction Analysis

Our memory analysis on the GPU demonstrates the efficiency
of the proposed AMB algorithm on FP16 Stable Diffusion
(SD). For the forward process of AMB Equation 2, the mem-
ory requirement is 2.9 GB, and for Equation 3, it is 5.0 GB for
batch size 16. These numbers are significantly lower than the
memory demands of traditional techniques. Without AMB,
the memory usage is estimated (4.1 x N + C') GB, where N
is the number of denoising steps and C' depends on the imple-
mentation of Equation 3 and VAE. In our setting, C' = 6.2. As
backpropagation releases the computational graph, the mem-
ory usage will decrease to approximately the model size. As
the denoising steps grows, it quickly becomes infeasible for a
consumer-grade 24GB NVidia RTX 3090 GPU.






