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Abstract—Dynamic neural networks can greatly reduce computation
redundancy without compromising accuracy by adapting their structures
based on the input. In this paper, we explore the robustness of dynamic
neural networks against energy-oriented attacks targeted at reducing
their efficiency. Specifically, we attack dynamic models with our novel
algorithm GradMDM. GradMDM is a technique that adjusts the direction
and the magnitude of the gradients to effectively find a small perturbation
for each input, that will activate more computational units of dynamic
models during inference. We evaluate GradMDM on multiple datasets
and dynamic models, where it outperforms previous energy-oriented
attack techniques, significantly increasing computation complexity while
reducing the perceptibility of the perturbations.

✦

1 INTRODUCTION

In recent years, research on Deep Neural Networks (DNNs)
has seen tremendous progress, with DNNs being widely
developed for various areas, such as image classification
[1], [2], [3], [4], [5], segmentation [6], [7], [8], [9], [10] and
object detection [10], [11], [12], [13], [14]. However, as DNNs
continue to attain better and better performance, they have
also been steadily increasing in size, even reaching up to
the scale of billions of parameters [15]. These computation-
heavy models are highly challenging to be deployed on
embedded and mobile devices, motivating research on the
development of efficient models [16], [17] to accelerate the
inference process.

To this end, dynamic neural networks [18] offer a
promising strategy for accelerating the inference process,
by skipping the redundant computations on-the-fly. This
is typically achieved by introducing gating mechanisms
[18] to adaptively execute only a subset of computational
units, conditioned on the input sample. Thus, dynamic
neural networks provide a better trade-off between accuracy
and efficiency than their static counterparts [18], as shown
throughout many works [19], [20], [21].

Despite the appeal and rising popularity of dynamic
neural networks, the robustness of their mechanisms and
efficiency gains is still an important issue that requires more
studies. As shown in ILFO [22], dynamic neural networks are
highly susceptible to energy-oriented attacks, which are adver-
sarial attacks aiming at boosting the energy consumption and
computational load of the dynamic neural network. These
energy-oriented attacks can drastically reduce the number
of FLOPs (floating-point operations) saved by the dynamic
mechanisms. Importantly, such research on energy-oriented
attacks broadens our understanding of dynamic mechanisms,
and contributes an alternative point-of-view studying the
potential risks of dynamic networks.
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In this paper, we provide insights on energy-oriented
attacks and identify two key pitfalls of the existing method
[22], as shown in Sec. 4.2 and Sec. 4.3. Firstly, ILFO [22]
attacks gates to lower a loss function (a Complexity Loss),
but the direct minimization of this loss might not be enough
to fully maximize the number of activated gates for a given
“allowable" amount of perturbation to the image. Secondly,
we observe difficulties in the joint optimization of the many
gates’ losses, that makes it difficult to simultaneously keep
many gates activated. We attribute this to the presence of
conflicting gradients between the gates, which makes it hard to
activate new gates without interfering with already-activated
gates.

To mitigate the above-mentioned issues, we pro-
pose GradMDM, a Gradient Magnitude and Direction
Manipulation method for energy-oriented attacks against
dynamic networks. (1) We introduce a Power Loss to modify
the magnitudes of the losses across various gates. This loss
prioritizes the optimization of gates in a principled manner
– to find an optimal spot with more activated gates along
the Pareto Frontier – which allows for activation of more
gates while keeping the input perturbation imperceptible.
(2) Next, we propose Complexity Gradient Masking (CGM),
a technique that adjusts the directions of the Complexity
Gradient to reduce gradient conflicts among gates. It involves
a gradient projection process to rectify the gradient directions
between activated and deactivated gates such that there are
less conflicts between them, thus making it easier to activate
new gates without negatively affecting already-activated
gates. (3) We demonstrate the efficacy of GradMDM on
multiple dynamic neural networks across various datasets,
where GradMDM effectively increases computations with
less perceptible perturbations across all settings.

2 RELATED WORK

Dynamic Neural Networks [19], [20], [21], [23], [24], [25],
[26], [27], [28], [29], [30], [31], [32], [33] achieve efficiency
while maintaining good accuracy by dynamically adjusting
model architectures to allocate appropriate computation
conditioned on each input sample. This reduces redundant
computations on those “easy” samples, improving the infer-
ence efficiency [18]. Dynamic depth networks [19], [20], [27],
[33] adjust their architectures to use only activated layers to
conduct inference, and often achieve efficient inference in one
of two ways: early termination or conditional skipping. Early
termination networks [20], [27], [33] are able to terminate their
inference process early. For instance, Adaptive Computation
Time (ACT) [27] augments an RNN with a “halting score" that
adaptively terminates the recurrent computations to reduce
cost. SACT [20] extends this concept to ResNets for vision
tasks by applying ACT to each residual block group, allowing
for an early exit. Another early termination network is the
Shallow-deep network [33] which uses internal classifiers
to facilitate confidence-based early exits. On the other hand,
conditional skipping models [19], [23], [29] can decide to skip
layers or blocks based on each input. SkipNet [19] assigns a
gating module to each convolutional block in CNNs, which
decides whether to execute or skip it, and is trained via
reinforcement learning. Dynamic width networks [21], [32],
[34] selectively activate multiple components within the
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same layer, such as channels and neurons, based on each
instance. Early studies [35], [36], [37] achieve dynamic width
by adaptively controlling the activation of neurons or param-
eters, e.g., via stochastic gating units [35], [36]. Subsequently,
some works explore dynamic channel pruning in CNNs
[21], [34], [38], which selectively activates convolutional
channels. For instance, ManiDP [21] uses the relationship
between samples (i.e., manifold information) to identify and
dynamically remove redundant channels or filters.

In this paper, we propose a method to generate ad-
versarial samples to perform energy-oriented attacks. We
showcase the efficacy of our method on both the dynamic
depth structures (SkipNet [19] and SACT [20]) as well as the
dynamic width structures (ManiDP [21]).

Energy-oriented Attacks [22], [39] focus on delaying the
inference speed of the target dynamic model, by incurring
more computations within the model and increasing the en-
ergy consumption of inference. A successful energy-oriented
attack will leave the dynamic neural network no longer
efficient, therefore defeating the purpose of using them in the
first place. Despite its significance, research into adversarial
attacks on dynamic neural networks is quite limited. ILFO
[22] is the first work investigating the robustness of dynamic
neural networks. Deepsloth [39] attacks the early termination-
based dynamic neural nets with an adversarial example
crafting technique.

In this work, we show that directly searching for ad-
versarial examples based on gradients, as done in previous
works, could be sub-optimal. To address this, we propose
two remedies to rectify the gradients, leading to improved
adversarial performance with less perceptible perturbations.

3 BACKGROUND

Gate Mechanism. In many works [19], [23], [41], [42], [43],
[44], [45], [46] with dynamic depth or dynamic width archi-
tectures, a gating network Gi(·) with a sigmoid activation
function is often used to generate gating values for gate gi
as follows:

gi =

{
1, Gi(x) ≥ τ,
0, Gi(x) < τ,

(1)

where Gi(x) ∈ [0, 1] is the estimated gating value of the
ith gate based on the input x, and τ ∈ (0, 1) denotes the
threshold. If gi = 1, the gate will execute the optional
computations, and if gi = 0, the gate will skip the optional
computations. We remark that gi can generally refer to the
gating value of a gate in a dynamic depth network (e.g.,
for layer activation) or a dynamic width network (e.g., for
channel activation), and so attacks on gi can work for both
dynamic depth and dynamic width architectures.

When performing an energy-oriented attack, our task is
generally to make as many gi produce values of 1 as possible.
This is done by perturbing the input sample x to raise the
gating values to go beyond the threshold τ , which leads to
the corresponding gates being activated, incurring additional
computational cost to the dynamic neural networks. To
clarify, in this work, we take “activated” gates (i.e., gi = 1)
to mean that the gate is executing the optional computations
and incurring higher computational costs.

4 METHOD: GRADMDM ATTACK

In this section, we first formulate a Baseline Loss (Sec. 4.1)
from the ground up, which can be used to conduct energy-
oriented attacks against dynamic architectures. Then, we
propose two techniques involved in our GradMDM attack
that can improve upon the Baseline Loss. 1) For the sake of
achieving a better result, the attacks on some gates might
be more important than others. Thus, we introduce a Power
Loss (Sec. 4.2) that prioritizes the attacking of some gates
over others to maximize the number of activated gates.
2) As it might be difficult to jointly optimize many gates
simultaneously (i.e., gradient conflicts might occur between
different gates’ losses), we propose our Complexity Gradient
Masking (CGM) method (Sec. 4.3) to rectify the directions of
gradients.

4.1 Ground Up Formulation of Baseline Loss for Com-
putational Complexity Attack
Following previous works [22], [39], we construct an adver-
sarial sample by creating a human-imperceptible perturba-
tion to modify a given input. By conducting iterative updates
using a carefully designed objective function, perturbations
can be optimized to alter the predictions (i.e. gating values)
of the threatened dynamic models and invalidate their
acceleration strategy. We detail this kind of attack below.
Computational Complexity Attack. First, we initialize a
specific perturbation δ ∈ R3×H×W and use it to modify
the input image as: x′

0 = x0 + δ, where H,W denote the
height and width of the input image. x0,x

′
0 ∈ [0, 1]3×H×W

respectively denote the original input and modified input.
We then follow [47] to use tanh(·) ∈ [−1, 1], so that the pixel
values of the modified input x′

0 are within [0, 1] similar to
the original input x0, as follows:

x′
0 =

1

2
· (tanh(x0 + δ) + 1). (2)

To optimize the perturbation δ for increasing the com-
plexity of the network, we refer to Szegedy et al. [48] and
formally define the objective and constraints as:

minimizeδ

∥∥∥∥12 · (tanh(x0 + δ) + 1)− x0

∥∥∥∥2
2

(3)

s.t. Gi(x0, δ) ≥ τ, (4)

where ∥ · ∥2 denotes the L2-norm, and its objective is to
minimize the deviation between the original input and
the modified input to prevent them from being easily
distinguishable. The constraint enforces the gating value
Gi to be above the threshold, to activate the execution of the
ith gate for more computational complexity. Here, we use
Gi(x0, δ) as the gating function to indicate that it depends
on both the input and the perturbation.
Baseline Loss. As it is difficult to optimize under the
constrained formulation in Eq. 3, we can instead optimize
our perturbations δ using a loss Lrelaxed derived from the
relaxation of Eq. 3:

Lrelaxed(x0, δ)

= γ

∥∥∥∥12 · (tanh(x0 + δ) + 1)− x0

∥∥∥∥2
2

−
N∑
i=1

(Gi(x0, δ)− τ),

(5)
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where γ is the weight of the first term, and N represents
the total number of gates in the dynamic network. Lrelaxed
in Eq. 5 can be applied as a loss on the gate outputs, and
backpropagated to optimize the perturbations δ. Moreover,
the second term in Eq. 5 penalizes the outputs of all gates
{Gi}Ni=1. To further streamline the loss, we modify the second
term such that losses only apply to gates Gi(x0, δ) < τ . Thus,
the Baseline Loss Lbase is as follows:

Lbase(x0, δ) = γLMSE + LC

= γ

∥∥∥∥12 · (tanh(x0 + δ) + 1)− x0

∥∥∥∥2
2

−
N∑
i=1

min(Gi(x0, δ), τ),

(6)
which optimizes only the deactivated gates, so that the loss
can ignore already-activated gates, and thus focuses more on
minimizing the image perturbation. The first term LMSE can
be considered to be an Imperceptibility Loss which minimizes
the visibility of perturbations, while the second term LC
is a Complexity Loss that maximizes the computational
complexity of the dynamic network by activating the gates.
We note that ILFO [22] uses the same mechanism as Eq. 6 to
perform energy-oriented attacks.

4.2 Rectified Loss Magnitudes

An issue with the Baseline Loss is that directly optimizing
using the Complexity Loss might not result in the maximum
number of gates activated, because the Complexity Loss
fails to consider the overall optimal balance between the gating
values during optimization of this loss. Below, we first explain
the problem in more detail by treating our task as a multi-
objective optimization problem. Then, through the lens of
the Pareto Frontier [49], we propose a Power Loss that can
balance the optimization of gating values along the boundary
such that more gates can be activated.
Pareto Frontier. In multi-objective optimization, a Pareto
Frontier refers to a set of optimal solutions, where no single
objective can be optimized further without making another
objective worse off. In our scenario, as we are simulta-
neously optimizing for the minimization of perturbations
(Imperceptibility Loss), as well as maximizing the attack
efficacy (Complexity Loss), the Pareto Frontier represents the
optimal boundary along which we balance these objectives.
In practice, we can roughly assume that, when trained to
convergence, the input perturbations will achieve a pair of ob-
jective values that lies close to this Pareto Frontier, which we
verify experimentally through rigorous training and testing
using the Baseline Loss defined in Eq. 6. Results are shown
in Fig 1.A, where we plot values of the two optimization
objectives at convergence: the Complexity objective versus
the Imperceptibility objective. Each point represents the
result of an evaluation of the attack on the ImageNet dataset,
and different points are obtained by varying the value of γ
that controls the trade-off between the two objectives. We
obtain pairs of objective values that quite neatly form a
boundary – which we argue to be approximately the Pareto
Frontier of our two objectives.

This observed Pareto Frontier implies that, for a given size
of perturbations, we can only expect the overall Complexity
Loss to be optimized to a certain limited extent (on the Pareto
Frontier) after training. If we want to further optimize the

Complexity Loss past that point, it can be done by tuning
γ, but doing so may come at the expense of a higher MSE
(i.e., the Imperceptibility Loss). However, we would like to
activate more gates, without sacrificing our MSE objective. To
do this, we seek to find an optimal balance among the gating
values, that pushes more gating values over the threshold τ .

To explore this idea in more detail, we elaborate using
a simple example with 2 deactivated gates, and visualize
the loss contours based on their gating values G1 and G2

in Fig. 1.B. In order to activate these gates, gating values
G1 and G2 need to reach τ or higher, which represents the
area beyond the right and top edge of the figure, respectively.
When optimizing these gates using the Complexity Loss LC,
we get a loss of −min(G1, τ) −min(G2, τ) = −(G1 + G2).
Since −(G1 + G2) is linear, the loss contours are straight
lines. In order to minimize the loss at a point (G1, G2), we
can go in the direction of the gradient −∇[−(G1 + G2)] =

(∂(G1+G2)
∂G1

, ∂(G1+G2)
∂G2

)T = (1, 1)T , where (1, 1)T is a vector
indicating the direction on the loss contour map, visualized
as arrows pointing to the top right at 45◦.

In order to keep a good image quality and maintain a low
MSE, there is a certain limit to how much we can optimize
the loss −(G1 +G2), which sets a soft limit on how high the
sum of gating values can get. This can be represented by a
“budget” B, visualized as a dotted line −(G1 +G2) = B in
Fig. 1.B. This implies that top right corner beyond the dotted
line is inaccessible if we want to keep the image quality at a
certain good level. Moreover, if we use the Complexity Loss,
many gradient arrows will be directed towards the dotted
line, where none of the gating values can reach τ . To improve
upon this, we aim to change the shape of loss contours such
that at least one of the gating values will reach τ . This allows
us to keep perturbations to a minimum (i.e., staying within
budget B), while driving the optimization to maximize the
number of activated gates.
Power Loss. Based on our insights, we propose a Power Loss
which can improve the shape of the loss landscape, by pulling
the contour lines outwards, allowing us to optimize towards
a spot that activates more gates. We rewrite the Complexity
Loss LC into a Power Loss LP as:

LP(x0, δ) = −
N∑
i=1

min(Gi(x0, δ), τ)
α, (7)

where α ∈ [1,+∞) can be used to control the deformation
of the contour line. Note that, for the case of α = 1,
the loss becomes the original Complexity Loss. For de-
activated gates, the loss contour lines can be formulated
as −min(G1, τ)

α − min(G2, τ)
α = −(Gα

1 + Gα
2 ) = d. As

α ≥ 1, the contour lines will now bend outwards. During
optimization of the Power Loss, the gradient of the loss
contour map can be calculated as −∇[−(Gα

1 + Gα
2 )] =

(
∂(Gα

1 +Gα
2 )

∂G1
,
∂(Gα

1 +Gα
2 )

∂G2
)T = (αGα−1

1 , αGα−1
2 )T , which will

prioritize the optimization of higher gating values more,
giving them a larger gradient magnitude and pushing them
to reach τ .

We visualize the case α = 2 and α = 3 in Fig. 1.C, where
the gradient arrows are now pointing more towards the
the right or top edge, whichever is closer. This allows the
depicted points in the figure to optimize a gating value to
reach τ , while within budget B. We note that a larger α
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Fig. 1. A: Plot showing the trade-off between the two optimization objectives. MSE denotes the value of LMSE. B: Visualization of loss contours of
two gating values, where gradients are represented by arrows. C: Visualization of loss contours with different α for LP. Higher α leads to larger
deformation of the contour lines, with the gradient arrows pointing away from the dotted line.

deforms the contour lines more, which makes the gradients
directed more horizontally or vertically. In the extreme case,
e.g., α = ∞, the gradient direction is either vertical or
horizontal. We conduct ablation experiments to find an
optimal α for our method.

4.3 Rectified Direction of Gradient

In the previous section, our Power Loss balances the opti-
mization between all the deactivated gates, prioritizing the
loss magnitudes of some deactivated gates over others. In
this section, instead of focusing on deactivated gates only,
we look at how we can optimize the deactivated gates while
not interfering with the activated gates. This aims to mitigate
the difficulties in jointly optimizing many gates at once. For
example, there are 32 gates in SkipNet [19] that dynamically
determine which of the 32 layers to skip or not skip, and it can
be difficult to jointly optimize and keep many gates activated
simultaneously. In this case, the joint optimization using
the Complexity Loss might lead to a scenario where, after
a backpropagation step, we manage to activate some gates
but cause some others to become deactivated. We attribute
such optimization difficulties to the presence of conflicting
gradients between the gates, which makes it hard to activate
new gates without interfering with already-activated gates,
resulting in a weaker attack. Below, we first explain the
problem of gradient conflicts in more detail, before proposing
our method to tackle it.
Gradient Conflicts can occur between the gradients meant to
attack different gates. Let us represent a gradient that attacks
the deactivated gates (gates with value below the threshold
τ ) as gC, and a gradient that attacks the already-activated
gates (gates with values above the threshold τ ) as gF. We call
gC the Complexity Gradient, and gF the Finished Gradient.
In the Complexity Loss defined in Eq. 6, only gradients gC
from gates which are deactivated are applied for parameter
updating. However, as illustrated in Fig. 2.B, gC might be in
a largely conflicting direction from gF, which might result in
a higher tendency for some of the activated gates to become
deactivated again. This kind of disagreement will drive the
gates to switch back and forth between being activated and
deactivated. We show an example by focusing on the gating
values of various gates of SkipNet in Fig. 2.A. Gates that
have already been activated, can easily become deactivated,
making it difficult to jointly activate them all at once.

Furthermore, this behaviour in the gradients cannot
be simply solved by updating using both the Complexity
Gradient gC and the Finished Gradient gF. If we jointly use
all gradients as in Eq. 5, we can see in Fig. 2.B that the
gradient conflict might result in the joint gradient being in a

very different direction from gC, which might obstruct the
activation of other currently deactivated gates. In addition,
encouraging higher activation values for those already-
activated gates by including gF does not further contribute
to the complexity increase, yet also reduces the focus on
perturbation minimization as discussed in Sec. 4.1.
Complexity Gradient Masking. As discussed, due to the
conflicts in gradients, it is difficult to jointly activate many
gates at once. One lingering question remains: should we
update using gradients gF during updating, or not? It seems
like we are made to choose between 1) constantly trying to
activate more deactivated gates which might lead to deactiva-
tion of already-activated gates and 2) prioritizing to keep the
activated gates while focusing less on attacking deactivated
gates. However, we can tackle the issue with the following
insight: To prevent de-activation of activated gates, we need
not update using gF to further attack already-activated gates.
Instead, we only need to prevent the Complexity Gradient
gC from negatively affecting the already-activated gates. To this
end, we propose a Complexity Gradient Masking (CGM)
technique that resolves this gradient conflict issue, such
that more gates can be activated without interfering with
the already-activated gates. Firstly, we compute the Finished
Loss LF for those activated gates. The formula of the Finished
Loss is similar to the Complexity Loss LC in Eq. 6, and is as
follows:

LF(x0, δ) = −
N∑
i=1

max(Gi(x0, δ), τ), (8)

where as compared to Eq. 6, min is changed to max to
change the focus of the loss to the activated gates. Using
the Finished Loss LF(x0, δ), we can compute the Finished
Gradient gF ∈ R3×H×W as gF = ∇δLF(x0, δ), where gF
is the direction to optimize the perturbation δ to further
increase the gate value for activated gates. Next, we can
use either the Complexity Loss LC (in Eq. 6) or the Power
Loss LP (in Eq. 7) to calculate the Complexity Gradient
gC ∈ R3×H×W , which is the gradient direction to increase
gating values for currently deactivated gates. If we use the
Complexity Loss LC, gC is computed as:

gC = ∇δLC(x0, δ) = ∇δ

N∑
i=1

−min(Gi(x0, δ), τ). (9)

Thirdly, we project the Complexity Gradient onto the Fin-
ished Gradient using:

projgF
gC =

⟨gC, gF⟩
∥gF∥2

gF

∥gF∥2
, (10)
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Fig. 2. A: Visualization of various gating values when optimizing using Eq. 6 to attack SkipNet. B: Illustration of gradient conflicts. (Top left) Optimizing
according to Eq. 5. (Bottom Left) Optimizing according to Eq. 6. (Right) Applying our CGM according to Eq. 12. C: Visualization of the increased
number of activated gates at lower MSE values using our GradMDM.

and accordingly calculate the rejection of the Complexity
Gradient from the Finished Gradient as:

oprojgF
gC = gC − projgF

gC, (11)

whose direction is orthogonal to the Finished Gradient.
Hence updating with it leads to less negative impact on
the gates that have already been activated. Finally, we rectify
the direction of Complexity Gradient as:

g′
C =

 gC,
〈

projgF
gC, gF

〉
≥ 0,

oprojgF
gC,

〈
projgF

gC, gF

〉
< 0

, (12)

which indicates that when the projection is opposite to the
direction of Finished Gradient, it will be removed and only
the orthogonal component of the Complexity Gradient will
be updated.

Fig. 2.B visualizes the change of the angle θ between the
Finished Gradient and the Complexity Gradient when our
CGM method is used during training. When the angle is
obtuse, the Complexity Gradient conflicts with the Finished
Gradient, i.e., updating along the original Complexity Gradi-
ent has a high risk of deactivating the activated gates. Thus,
our method rectifies the direction towards a direction that
is orthogonal to the Finished Gradient, which mitigates the
negative impact on the activated gates. When the angle is
acute, the Complexity Gradient and Finished Gradient do not
conflict, and the vanilla Complexity Gradient is used. Overall,
this allows CGM to activate more gates and effectively avoid
deactivating already-activated gates.

4.4 Training details
The techniques as described in 4.2 and 4.3 can be applied
independently to optimize perturbations. When only Power
Loss is applied, the perturbations are optimized using
γLMSE + LP. When only CGM is applied, Eqs. 8- 12 are
computed, and g′

C +∇δγLMSE is used for updating. Using
the complete GradMDM method, when both techniques are
used together, Eq. 8 is first computed, then Power Loss LP is
used to compute gC as gC = ∇δLP(x0, δ), before computing
Eqs. 10-12 as usual to obtain g′

C. Lastly, g′
C + ∇δγLMSE is

used to update the perturbations.
Additionally, in order to balance the importance of dif-

ferent gates according to their corresponding computational
complexities, we introduce in LC (Eq. 6), LP (Eq. 7) and LF
(Eq. 8) weights {λi}Ni=1 that reweigh the losses of correspond-
ing gates {Gi}Ni=1 according to their complexities. We define
λi as: λi = Ci∑N

j=1 Cj
, where Ci denotes the computational

complexity (in GFLOPs) of the i-th gate’s optional operations,

i.e., λi denotes the complexity proportion of i-th gate’s
operations to all the optional operations in the network.
Implementation details. We set our α = 4, γ = 100 and
run 100 training iterations for our method. The first 20% of
training iterations are warm-up iterations (e.g., using Eq. 6)
to get our performance closer to the Pareto Frontier, and
the rest are GradMDM iterations. All the original tested
dynamic networks set the activation threshold at τ = 0.5,
which we follow. Our code is implemented using the Pytorch
framework. We use the official publicly available code for
all the dynamic models. As pre-trained models are publicly
available for SkipNet and SACT on ImageNet and CIFAR-
10 datasets, we directly run our attacking experiments on
them. For the other dynamic models and datasets, pre-
trained models are not available, so we train them ourselves
for each dataset by referring to the training details and
hyperparameters in their respective works.

5 EXPERIMENTS

We validate our approach by using it to attack popular
dynamic depth networks (SkipNet [19] and SACT [20]) and
a dynamic width network (ManiDP [21]) on ImageNet [50]
and CIFAR-10 [51].
Dataset Settings. For evaluation, we follow the datasets and
settings of previous works [22]. We evaluate on ImageNet
[50] and CIFAR-10 [51], where images from ImageNet and
CIFAR-10 are converted into 3×224×224 and 3×32×32,
respectively.
Metrics. We follow the metrics used in previous works [22]
to evaluate the effectiveness of attacks. We measure the
amount of computation savings of the dynamic network
that are invalidated by our attacks, and report the Average
Recovery Percentage (ARP) of the reduced FLOPs during
inference. To measure the quality of the perturbed image, we
adopt the Peak Signal-to-Noise Ratio (PSNR) metric, which
approximates the human perceptual quality and is commonly
employed to evaluate image quality [52]. The PSNR can be
defined as PSNR = 10 · log10 (

MAX2
I

MSE ), where MAXI is the
maximum possible pixel value of the image. For an original
m × n image I and the perturbed image K, Mean Squared
Error (MSE) can be calculated by MSE = 1

3HW

∥∥x′
0 − x0

∥∥2
2
.

5.1 Attack on Dynamic Depth Network

We compare our approach with state-of-the-art methods
ILFO [22] and DeepSloth [39]. For a fair comparison, we
follow the experimental settings in [22].
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Model Settings. We attack SkipNet [19], a conditional
skipping network, with two different settings: SkipNet
and SkipNet+HRL, where +HRL indicates that hybrid
reinforcement learning is used. SkipNet+HRL achieves better
efficiency compared to SkipNet and is more challenging
to attack. We also attack SACT [20], an early termination
network. Since ILFO only reported results on SkipNet and
SACT, we further re-implement their code on SkipNet+HRL
to compare it with our GradMDM. Note that ILFO uses a
similar loss to the baseline described in Eq. 6, except that
their formulation instead uses different pre-set thresholds
for different gates. DeepSloth [39] is originally designed for
attacking early termination-based networks only, thus we
report its results on SACT only.
Results. We present the results on ImageNet in Table 1 and
on CIFAR-10 in Table 11. On both CIFAR-10 and ImageNet,
our GradMDM outperforms the ILFO baseline on all tested
models across all metrics. This implies that our GradMDM
attacks consistently achieve significantly higher increase in
computational complexity, while using a less imperceptible
perturbation (i.e., smaller MSE and larger PSNR). Specifically,
for SkipNet and SACT, GradMDM can almost achieve 100%
average recovery, which means that the dynamic networks
have almost the same computational complexity as their
static counterparts, which shows its effectiveness.

TABLE 1
Performance comparison of dynamic depth networks on ImageNet.

Model SkipNet SACT SkipNet+HRL
ARP(%)↑ MSE↓ PSNR↑ ARP(%)↑ MSE↓ PSNR↑ ARP(%)↑ MSE↓ PSNR↑

ILFO [22](baseline) 81.4 0.26 54.0 91.1 0.25 54.1 49.6 0.25 54.3
DeepSloth [39] - - - 90.7 0.80 49.1 - - -
GradMDM(ours) 99.3 0.08 59.1 99.0 0.10 57.9 73.4 0.11 57.5

TABLE 2
Performance comparison of dynamic depth networks on CIFAR-10.

Model SkipNet SACT SkipNet-HRL
ARP(%)↑ MSE↓ PSNR↑ ARP(%)↑ MSE↓ PSNR↑ ARP(%)↑ MSE↓ PSNR↑

ILFO [22](baseline) 84.3 0.24 54.3 72.5 0.25 54.1 5.2 0.24 54.4
DeepSloth [39] - - - 92.5 0.92 48.5 - - -
GradMDM(ours) 99.1 0.11 57.6 99.0 0.10 58.0 30.0 0.11 57.4

5.2 Attack on Dynamic Width Network
We next evaluate our attack on the dynamic width network
ManiDP [21]. We evaluate our approach on ImageNet and
CIFAR-10, with results shown in Table 3. Our GradMDM
outperforms ILFO on both datasets on all metrics, showing
its efficacy on dynamic width structures as well.

TABLE 3
Performance comparison of ManiDP on CIFAR-10 and ImageNet.

Dataset CIFAR-10 ImageNet
ARP(%)↑ MSE↓ PSNR↑ ARP(%)↑ MSE↓ PSNR↑

ILFO [22] (baseline) 80.3 0.26 54.0 85.6 0.26 54.0
GradMDM (ours) 99.0 0.11 57.5 99.3 0.11 57.7

5.3 Ablation Studies
We conduct ablation studies on ImageNet using Skip-
Net+HRL to further investigate GradMDM.
Components of GradMDM. Tab. 4 evaluates the gains
brought by each individual component. Each individual
component of our method, CGM and the Power Loss (PL),
can attain better attacking performance as compared to the
baselines that use Eq. 5 or Eq. 6 for optimization. Together,
PL and CGM form our full method GradMDM, and perform
better when used together.
Efficiency. In Tab. 5 we evaluate the time cost of performing
GradMDM. Experiments are conducted on a Nvidia RTX

TABLE 4
Ablation of individual components of GradMDM. PL and CGM denote

Power Loss and Complexity Gradient Masking, respectively. GradMDM
uses the combination of both PL and CGM.

Method Eq. 5 Eq. 6 CGM (Ours) PL (Ours) GradMDM (Ours)

Recovery (%) ↑ 48.5 49.6 54.0 69.0 73.4
MSE ↓ 0.25 0.25 0.11 0.11 0.11
PSNR ↑ 54.3 54.3 57.5 57.6 57.5

3090 GPU. On all models, our GradMDM conducts attacks
faster than ILFO.

TABLE 5
Efficiency comparison of different methods on ImageNet.

Model SkipNet SACT SkipNet+HRL
ARP(%) Iteration Time (s) ARP(%) Iteration Time (s) ARP(%) Iteration Time (s)

ILFO [22](baseline) 81.4 300 2.1 91.1 300 1.8 49.6 300 2.0
DeepSloth [39] - - - 90.7 550 3.8 - - -
GradMDM(ours) 99.3 100 1.2 99.0 100 1.1 73.4 100 1.1

Weight of Imperceptibility Loss γ. Tab. 6 evaluates the
attacking performance and the deviation of modified input
images under different settings of γ. As expected, when
γ decreases, the efficacy of our attack improves, but the
magnitude of the perturbation also increases. When γ is set
to a larger value of 1e+ 4, a very high PSNR (73.9) and low
MSE (3e-3) is obtained while still simultaneously improving
upon the baseline attacking performance (57.5% as compared
to baseline of 49.6%). To better compare between GradMDM
and ILFO, we run both methods at more γ settings and show
the results in Fig. 2.C, where our method consistently attains
a better Complexity-MSE trade-off.

TABLE 6
Ablation of the different settings of γ. The higher the value of γ, the more

weight will be given to the Imperceptibility Loss in comparison to the
Complexity Loss.

γ 1e+0 1e+1 1e+2 1e+3 1e+4

ARP (%) ↑ 76.1 74.5 73.4 72.0 57.5
MSE ↓ 0.25 0.21 0.11 0.03 3e-3
PSNR ↑ 54.3 54.7 57.5 63.8 73.9

Classification Accuracy. We also investigate the change in
image classification accuracy after our attack, and report the
results for several dynamic network methods on ImageNet
(corresponding to Tab. 1) in Tab. 7. We find that the pertur-
bations by GradMDM lead to a significant drop in model
accuracy. However, during our attack, we can also add a
classification loss (GradMDM w/ classification loss), which
we find helps to improve the classification accuracy while
maintaining the attack performance.

TABLE 7
Classification Accuracy on ImageNet after the attack.

Setting SkipNet SACT SkipNet-HRL
ARP(%) Acc(%) ARP(%) Acc(%) ARP(%) Acc(%)

GradMDM 99.3 36.2 99.0 33.8 73.4 23.1
GradMDM w/ classification loss 99.3 77.5 99.0 78.2 73.2 76.9

Original Acc. (Upper Bound) - 77.5 - 78.2 - 76.9

Power Loss hyperparameter α. In Tab. 8, we evaluate the
impact of different settings of α. Different values of α all
lead to improvement in performance over the baseline where
α = 1. We find that increasing α past 4 does not lead to
further improvements, possibly because that will focus too
much on particular larger gradients. Another way we can
set hyperparameters α is by setting them individually for
each gate. When we carefully choose different α values for
different gates, our performance can indeed improve slightly,



TPAMI - SHORT PAPER SUBMISSION 7

with ARP, MSE and PSNR of 74.5%, 0.11 and 57.5. Never-
theless, it can be difficult to tune the α hyperparameters in
this manner for different models and datasets. Furthermore,
the performance improvement from the tuning of α for each
gate is not very significant. Thus, we report our results with
constant α (α = 4) for all gates.

TABLE 8
Ablation of the different settings of α. The higher the value of α, the

larger the deformation of the contour lines in the Power Loss.

α 1 2 3 4 5 6

ARP (%) ↑ 50.7 53.0 72.1 73.4 72.5 69.0
MSE ↓ 0.11 0.11 0.11 0.11 0.11 0.11
PSNR ↑ 57.5 57.5 57.6 57.5 57.7 57.6

Performance on samples that require different “budgets".
We also conduct the following experiment on SkipNet using
ImageNet: we select a subset of samples that can lead to 100%
activation using the baseline (Subset A) under a controlled
amount of perturbation, and a subset of samples that cannot
be satisfactorily tackled by the baseline (Subset B). We find
that the ARP of GradMDM on Subset A is still 100%, while
on Subset B, GradMDM leads to significant improvements
on ARP (80.9% vs 99.0%). This shows the efficacy of our
method.
Tanh vs projection. In Eq. 2 we use the tanh formulation
to map each element of our raw (x0 + δ) into the feasible
space [0, 1] for fair comparison with previous works [22].
Alternatively, we can also directly project (x0 + δ) into the
feasible space [0, 1], in a way similar to Projected Gradient
Descent (PGD). Using this alternative setting, our GradMDM
still outperforms the baseline on ARP metric (45.0% vs 77.5%)
with a similar MSE (0.02 vs 0.02).
L2 vs L∞. In Eq. 3 we use the L2 norm for a fair comparison
against previous works [22]. Alternatively, following some
other adversarial attack works [53], we can also apply the L∞
norm. On this setting, our experiments show that GradMDM
still outperforms the baseline on ARP metric (50.0% vs 73.2%)
with a lower MSE (0.34 vs 0.27).
Other baselines. We also conduct experiments on two other
baselines. In the Joint (Eq. 5) setting, we directly use Eq. 5 to
optimize the perturbations, which is equivalent to directly
updating using both the Complexity Gradient gC and the
Finished Gradient gF in a joint manner. The other baseline
is the LP + LF (Eq. 7 + Eq. 8) setting, where we iteratively
optimize the perturbation with LP +LF instead of using our
CGM technique. Different from our GradMDM and ILFO
[22] baseline, these baselines directly update the perturbation
using gradients from LF during optimization, and thus tend
to over-optimize the gating values of already-activated gates,
and lead to sub-optimal performance.

TABLE 9
Performance comparison against other baselines.

Method ARP(%)↑ MSE↓ PSNR↑
Joint (Eq. 5) 38.1 0.23 54.4
LP + LF (Eq. 7 + Eq. 8) 66.8 0.11 57.5
GradMDM(ours) 73.4 0.11 57.5

Other dynamic architectures. To further evaluate the effi-
cacy of our proposed GradMDM attack, we also perform
experiments on other dynamic architectures, We also report
results on three additional dynamic network methods: DVT
[31], A-ViT [32] and Shallow-deep [33]. DVT is a Transformer

architecture with dynamic depth, A-ViT is a Transformer
architecture with dynamic width, and Shallow-deep is
an early-exit CNN architecture with a different working
mechanism from SACT. As shown in Tab. 10, GradMDM
significantly outperforms the baseline on these dynamic
networks as well.

TABLE 10
Attack performance comparison of other dynamic networks on ImageNet.

Model DVT A-ViT Shallow-Deep 50%-Confidence
ARP(%)↑ MSE↓ PSNR↑ ARP(%)↑ MSE↓ PSNR↑ ARP(%)↑ MSE↓ PSNR↑

ILFO [22](baseline) 85.0 0.26 54.1 92.7 0.11 57.6 83.7 0.29 53.6
GradMDM(ours) 98.3 0.19 55.3 95.0 0.10 58.0 98.0 0.27 53.8

Other datasets. We also report the performance of GradMDM
on other popular image datasets: CIFAR-100 [51] and CUB-
200-2011 [54] in Tab. 11 and Tab. 12 respectively. On both of
these datasets, we perform attacks on several dynamic net-
works (SkipNet, SACT and SkipNet-HRL). Our GradMDM
consistently outperforms ILFO on all settings.

TABLE 11
Attack performance comparison on CIFAR-100.

Model SkipNet SACT SkipNet-HRL
ARP(%)↑ MSE↓ PSNR↑ ARP(%)↑ MSE↓ PSNR↑ ARP(%)↑ MSE↓ PSNR↑

ILFO [22](baseline) 59.4 0.24 54.3 67.1 0.25 54.1 6.11 0.48 51.3
GradMDM(ours) 98.0 0.03 63.5 96.9 0.10 58.3 24.5 0.14 56.7

TABLE 12
Attack performance comparison on CUB-200-2011.

Model SkipNet SACT SkipNet-HRL
ARP(%)↑ MSE↓ PSNR↑ ARP(%)↑ MSE↓ PSNR↑ ARP(%)↑ MSE↓ PSNR↑

ILFO [22](baseline) 94.4 0.10 58.4 94.7 0.09 58.5 57.2 0.23 54.6
GradMDM(ours) 95.9 0.09 58.7 96.0 0.08 59.0 76.6 0.15 56.5

Transferability of Perturbations. We also investigate the
transferability of perturbations generated by GradMDM
between different models as shown in Tab. 13. Specifically,
we evaluate two scenarios: 1) where the perturbations
from SkipNet are used to attack SkipNet-HRL, and vice
versa; 2) where the perturbations from SkipNet are used to
attack ManiDP. Results show that the perturbations from
GradMDM are transferable to some extent, which opens up
the potential of it being used as a black-box attack.

TABLE 13
Evaluation of the transferability of GradMDM perturbations between

models on ImageNet.

SkipNet→SkipNet-HRL SkipNet-HRL→SkipNet SkipNet→ManiDP
ARP(%) MSE PSNR ARP(%) MSE PSNR ARP(%) MSE PSNR

42.5 0.11 57.6 53.1 0.11 57.4 93.7 0.11 57.6

6 DISCUSSION OF DEFENSE MEASURES

In this section, we discuss some potential defensive measures
against our GradMDM attack. A possible countermeasure is
to perform adversarial training [55] to improve adversarial
robustness, which is an approach that has been empirically
shown to be effective against many accuracy-based attacks
on static networks. Furthermore, some other simple out-of-
the-box defense approaches such as Spatial Smoothing [56]
and JPEG Compression [57] can also be employed to defend
against our proposed attack by pre-processing each input
image. Here, we evaluate GradMDM against several defense
measures and report the results in Tab. 14. We find that these
defense measures are beneficial to improve robustness.

7 APPLICATIONS AND SIGNIFICANCE

The aim of energy-oriented attacks on dynamic networks
is to increase their computation complexity, which leads
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TABLE 14
GradMDM attack performance comparison on ImageNet under various

defense measures.
Method ARP(%)
Adversarial Training [a] 39.2
Spatial Smoothing [b] 49.0
JPEG Compression [c] 43.8
No defense measures 73.4

to increased latency in response. Thus, in practical scenar-
ios, attacks against dynamic networks can be analogous
to denial-of-service attacks [58]. This can be dangerous
in some safety-critical applications such as self-driving
vehicles, where a timely response is important [59]. Such
attacks are also disruptive in some cloud-based Internet-
of-Things (IoT) applications [39], where an optional model
partition is deployed on the cloud, and network latency
can be increased significantly by forcefully activating the
model’s computations on the cloud, leading to excessive
transmissions between cloud servers and the IoT device.
Lastly, the increased energy consumption from the extra
computations can cause devices to run out of battery faster,
which can be exploited by malicious parties to disable these
devices (e.g., security robots, mobile devices) [60].

8 CONCLUSION

In this work, we introduce GradMDM, a novel energy-
oriented attack that adjusts the magnitude (using a Power
Loss) and direction (using CGM) of gradients to effectively
find a small perturbation that activates more computation
units of dynamic networks during inference. When tested
on several datasets and dynamic networks, GradMDM
consistently outperforms existing works on all metrics.
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