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Embodied agents in vision navigation coupled with deep neural networks have attracted
increasing attention. However, deep neural networks have been shown vulnerable to ma-
licious adversarial noises, which may potentially cause catastrophic failures in Embodied
Vision Navigation. Among different adversarial noises, universal adversarial perturba-
tions (UAP), i.e., a constant image-agnostic perturbation applied on every input frame of
the agent, play a critical role in Embodied Vision Navigation since they are computation—
efficient and application-practical during the attack. However, existing UAP methods ig-
nore the system dynamics of Embodied Vision Navigation and might be sub-optimal. In
order to extend UAP to the sequential decision setting, we formulate the disturbed envi-
ronment under the universal noise §, as a J-disturbed Markov Decision Process (6-MDP).
Based on the formulation, we analyze the properties of §-MDP and propose two novel
Consistent Attack methods, named Reward UAP and Trajectory UAP, for attacking Em-
bodied agents, which consider the dynamic of the MDP and calculate universal noises
by estimating the disturbed distribution and the disturbed Q function. For various vic-
tim models, our Consistent Attack can cause a significant drop in their performance in
the PointGoal task in Habitat with different datasets and different scenes. Extensive ex-
perimental results indicate that there exist serious potential risks for applying Embodied
Vision Navigation methods to the real world.

© 2023 Elsevier Ltd. All rights reserved.

1. Introduction

quential decision have made sustained progress [2, 3, 4]. Re-
cently, the vulnerability of deep neural networks has been well

Embodied Vision Navigation, aiming at reaching a given
point or object with sequential vision inputs, is a core compo-
nent of Embodied Artificial Intelligence (Embodied AI) and has
gradually attracted the attention of researchers [1, 2]. Coupled
with deep neural networks, Embodied Vision Navigation agents
combined with techniques of vision signal processing and se-
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2Equal Contribution

studied [5, 6, 7], while there is little attention focusing on the
robustness of Embodied Vision Navigation agents. Therefore,
it is important to address this problem before we can deploy
Embodied Vision Navigation agents to the real world.

In the setting of Embodied Vision Navigation, it is imprac-
tical to hack the system and generate specific attacks at ev-
ery timestep, and thus adding a universal adversarial perturba-
tion (UAP) [8] to every observation is a more reasonable set-
ting than calculating observation-wise noises. Moreover, UAP
is more feasible to be deployed, e.g. sticking a patch on the
sensor can generate universal perturbation. Also, current ad-
versarial attack methods usually require complex computation
to generate noises and are thus slow and expensive to be de-
ployed [9, 10]. Therefore, as illustrated in Fig. 1, our goal is to
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Fig. 1. An illustration of universal adversarial perturbation on observa-
tions of an agent in Embodied Vision Navigation. In this task, the agent
needs to navigate from the red triangle to the red star. The green curve is
the navigable path. At each timestep, the adversary adds a consistent noise
to the input frame. Finally, the adversary misleads the agent to take the
blue curve.

study UAP, which is one of the most cost-effective adversarial
attacks, against Embodied agents. We aim to find the optimal
universal noise 6* to add to every observation, which can mis-
lead the victim and prevent it from reaching the goal.

Although there is an array of UAP methods [8, 11, 12] that
have achieved promising results in image classification, the po-
tential risk of UAP in Embodied Vision Navigation has been
rarely investigated. Moreover, existing UAP methods consider
the setting that all samples are i.i.d sampled from the same dis-
tribution and are independent of each other, which no longer
holds since Embodied Vision Navigation is a Markov Decision
Process (MDP) and the sequential frames are related to each
other. Consequently, directly applying previous UAP methods
to Embodied Vision Navigation is not the optimal choice.

To handle this gap, in this paper, we first introduce §-Markov
Decision Process (§-MDP) to formulate the persistent effect of
the Universal Adversarial Perturbation, based on which we pro-
pose Disturbed Policy Gradient Theorem (Theorem 4.2) to cal-
culate the gradient of the disturbance § via the disturbed Q func-
tion. According to the result, we need to sample state-action
pairs from the disturbed distribution and estimate the disturbed
Q function for calculating the gradient. Furthermore, we pro-
pose two novel Consistent Attack methods named Reward UAP
and Trajectory UAP for calculating the optimal universal adver-
sarial perturbation of Embodied Vision Navigation agents. In
Reward UAP, we first propose a multi-step optimization frame-
work to ensure trajectories in every step are sampled from the
disturbed policy, and then we use two different ways to estimate
the disturbed Q function. In Trajectory UAP, we consider Em-
bodied Vision Navigation as a goal-condition problem and just
use the goal signal to optimize our universal adversarial pertur-
bation, which is a more practical assumption since the adver-
sary can easily know whether the agent reaches the goal rather
than the actual reward signal of the agent.

Extensive experimental results suggest that our Consistent
Attack can significantly reduce the performance of existing Em-
bodied Vision Navigation methods in Habitat [13], which shows
the effectiveness of our method and the serious vulnerability of
existing Embodied Vision Navigation methods.

2. Related Work

2.1. Embodied Vision Navigation

Since the agent in Embodied Vision Navigation needs to
actively interact with the environment [14, 15, 13], its safety
requirement is more important compared with traditional Al
tasks, e.g., image classification, sentence generation, and audio
recognition. For example, in the PointGoal navigation task [2]
in Habitat, the agent tries to find a path to reach the destination,
while it might suffer from catastrophic failure when collides
along the way [13]. In this paper, we mainly focus on the secu-
rity of the agent [13] in the PointGoal task, which is a common
and popular baseline in Embodied Al

There are many works considering the robustness of models
in different computer vision tasks [16, 17, 18], like face recog-
nition [19, 20] and face forgery detection [21, 22, 23]. However,
a major difference between these tasks and Embodied Vision
Navigation is whether the inputs are independent and identi-
cally distributed.

2.2. Adversarial Attacks

As a special adversarial attack method in image classifica-
tion, universal adversarial perturbation (UAP) aims to fool the
classifier for most images via a constant noise [24, 8, 11, 12].
However, existing UAP methods are limited to datasets where
images are mutually independent and are thus sub-optimal for
Embodied Vision Navigation since it fails to explore the depen-
dency between different images in the same trajectory.

After [9] first proposed to use FGSM-based adversarial noises
to attack policies with deep neural networks, there are an ar-
ray of works focusing on the vulnerability of deep reinforce-
ment learning (DRL) agents. [10] proposed a framework named
state-adversarial Markov decision process (SA-MDP) for ana-
lyzing the adversarial disturbance on state observation in re-
inforcement learning (RL). Recently, [25] summarized exist-
ing adversarial attack methods on observations in RL and pro-
posed a novel two-stage adversarial attack method. However,
these adversarial attack methods generate different disturbances
at each timestep, which are impracticable in Embodied Vision
Navigation. In general, it is nontrivial to calculate the adversar-
ial noise and hack the system at each timestep when the agent
is interacting with the environment.

3. Preliminaries

In this section, we start with the notations and then intro-
duce the direct application of Universal Adversarial perturba-
tion (UAP) [8] on Embodied Vision Navigation.

3.1. Notations

Markov Decision Process. Following previous works on Em-
bodied Vision Navigation [3, 4, 26], we formulate it as an agent
with the policy 7 interacting with the environment, which is a
MDP M = {S, A, P,R,v}. Here S and A represent the state
space and the action space, respectively. At each timestep ¢, the
Embodied Vision Navigation agent is at the state s; and will
choose an action a; from the action space A via its policy .



Then the agent will receive an immediate reward R (s, a;) and
move to the next state s;11 ~ P(+|s¢, a;). The goal of Embod-
ied Vision Navigation is to find the optimal policy to maximize
the expected cumulative reward as

J(r) £ E [Z V'R (st, aﬁ] : 1)
t=0

where + is the discount factor.

Universal Adversarial perturbation. As widely studied in im-
age classification tasks, UAP [8] aims to utilize the same noise
0 to mislead the classifier, which is more computationally effi-
cient and easier to be deployed. In other words, given images
obeying the distribution x4 and the victim classifier f, the goal
is to find the optimal disturbance §* € B, (0, €) satisfying

0" = argmin Py, {f(s+0) = f(s)}, 2
6€B,(0,¢€)

where B,,(0, €) is the ball centered on 0 with radius € in /,,-norm
corresponding to the feasible region of UAP.

3.2. UAP in MDP

Based on the definition of UAP mentioned in Sec. 3.1, we
can naively extend UAP to tasks with MDP settings, like Em-
bodied Vision Navigation. Since the policy in MDP might be
deterministic or stochastic, we discuss how to apply UAP in
these two cases separately.

When the policy is deterministic, the adversary will collect
observations by the victim policy 7 and generate the perturba-
tion § with the objective as

0" = argmin Py g~ (s) {7(s + ) = 7(s)}, 3)
0€BL(0,¢)

where d7 (s) is the distribution of the state.

When the victim policy is stochastic (e.g., in Proximal Pol-
icy Optimization [27]), similar to adversarial attack methods in
DRL [9], we aim at minimizing the probability to take the opti-
mal action, i.e.,

0" = argmin E, g~ (s)[(als + )],
5eB(0,€)
/ )
where a = arg max 7w(a’|s).
a’€A
In the rest of this paper, we will mainly focus on the stochastic
agent [13] since the deterministic policy is a degenerate case
of the stochastic policy, i.e, when the variance of the stochastic
agent goes to zero, problem (4) is equivalent to problem (3).
However, as mentioned in Sec. 1, current UAP does not
consider the transition dynamics of the MDP and the sequen-
tial dependence of states within a trajectory. We will address
those problems in the discussion of our method in Sec. 4.

4. Methodology

To analyze UAP in MDP, we first introduce 6-MDP to for-
mulate the universal noise’s effects. Based on our further anal-
ysis of properties of -MDP, we propose two novel Consistent
Attack methods named Reward UAP and Trajectory UAP.

4.1. 6-Markov Decision Process

To extend UAP to the sequential decision problem, we first
formulate it as d-disturbed Markov Decision Process (6-MDP),
in which the observation in every timestep is disturbed by the
same adversarial noise 9.

Definition 4.1 (§-MDP). §-MDP consists of a six-tuple Ms =
(S, A, R, P,v,0). Here S, A, R, P, is the same as MDP and
0 satisfies that s+ 9 € S holds forV's € S. For any fixed policy
w, when its true state s € S is disturbed as s+ 0, the agent takes
action a ~ w(-|s + 0), arrives at the next state s' ~ P(-|s,a),
and receives the current reward R(s, a).

For simplicity, we define that 7w5(-|s) = m(-|s+4). Itis easy
to check that the policy 7 interacting with M is equivalent to
the disturbed policy s interacting with M. For any victim pol-
icy m in -MDP, we can define its disturbed cumulative return
Js(m) as

Js(m) = Espagmms, P Y 7' R (50 a0)]. (5)
t=0

The purpose of Consistent Attack for Embodied Vision Nav-
igation is different from that of UAP in image classification,
while the latter misleads the neural network to classify most
images incorrectly, the former aims to minimize the disturbed
cumulative return. To find the best disturbance 6* within the
disturbance region, our optimization objective is

0" = argmin Js(7). (6)
6€B,(0,€)

For solving the objective 6, we first analyze some prop-
erties of our §-MDP. Similar to the standard MDP [28], we
can define the discount future state distribution as df(s) =
(1—7) Y207 Ps(sy = s) and equivalently deform Js(r) as

1
J5(7T) = ﬁEs~dg(-),a~7r(-\s)R(saa)- (7)

Also, we can define the d-disturbed Q function and the §-

disturbed value function as below

Definition 4.2 (-disturbed Q-function and value function).
d-disturbed Q function is defined as

Qg(&a) = Estyat"’ﬂ'é,P [Z /th(Shat)

SOZS,GOZG]7

t=0
®)
and the §-disturbed value function is defined as
V;Sﬂ—(s) = Est,atwﬂ'g,’)’ [Z fYtR(Sh at) S0 = S] . (9)
t=0

Similar to the Bellman equation in MDP, the §-disturbed Q
function and the §-disturbed value function of our -MDP also
satisfy the disturbed Bellman equation as below

Theorem 4.1 (Disturbed Bellman equation for ¢ and ). Vj"
and QF satisfy the disturbed Bellman equation as below

Vit (s) = Eq, s/ nms, P [R(s,a) + '7‘/?(5/)]
Q5 (s,a) = R(s,a) + VEg arnp Q5 (s',0).

We can directly prove it by the existing results in MDP since
the policy 75(+|s) is equivalent to 7 (-|s + 0).

(10)



4.2. Reward UAP and Trajectory UAP

In this part, we will propose two novel Consistent Attack
methods named Reward UAP and Trajectory UAP to optimize
the objective 6.

It’s difficult to directly minimize Js() since it is always
non-convex. Consequently, we consider calculating the gradi-
ent V.Js(m) and use gradient descent to optimize it. However,
we can directly calculate V57 (als + ¢) via backpropagation
rather than VsJs5(m). To overcome this gap, by extending the
Policy Gradient Theorem [29], we propose the Disturbed Policy
Gradient Theorem as below

Theorem 4.2 (Disturbed Policy Gradient). For any policy 7
and §-MDP M, we can calculate the gradient of Js() to §
only by calculating the gradient V ;1 sm(als + 0), ie.,

V()
1 us
j ZS: ds (s)

:ﬁEmdg]anusM) [Q5 (s,a)Vsis [log m(als + 6)]].
(11)

Z Q5 (s,a)Vsrm(als + )

Proof. Based on Theorem 4.1, we can first build the connection
of VsV{(s) and Vsm(als + &) as below

VsVi(s) =Vs | D mlals + 6)Q3 (5,0)
=ZQ§<s,a>vaw<a|s )
+iw<als +6)VsQ5 (s, a) (12)
= za: Q5 (s,a)Vsm(als +0)

+ 3 wlals + 8y 37 P15, 0) Vo VE(S).

Similar to the property of d™ [30], we can prove that d} (s) —
(1—7)P(s0 = 8) = 7 Xy d5(s) 3, wlals’ + 6)P(s]s', ).
This property extends the discount future state distribution dJ ()
in one step and builds the connection between it and other dis-
count future state distribution df (s’). Based on this property,
we can further prove that

Zdé
:Zdﬂ ZQg s,a)Vsm(als 4 )
+Zd” Z
=Zd§ s ZQ(; s,a)Vsm(als + )

+ 5 (s) —

s)VsV5 (s)

\34‘57213 "Is,a)VsV5 (s') (13)

—7)P(so = 8")] VsVi (s').

Thus we have
> (L=)P(so = s )VsVi(s)
=2_d5(s
Consequently, we can get

Vsds(m)
= P(so = 8 )VsV§(s)

1

1
:jESng]Ea’\/ﬂ'(-‘SJré) [Qg(& a)vs+5 [10g7r(a|s + 5)]] )

1
5)

(14)
)Y Q5 (s,a)Vsm(als + 9).

) Z Q3 (s,a)Vsm(als + 9)

here it is well known that Vs[log w(a|s+0)] = Vsis[log m(a|s+
9)] by the chain rule. Therefore, we have proven this result. [

As shown in Theorem 4.2, the gradient Vs.J5(m) is based
on V; [log w(a|s + )] for each state-action pair (s, a) sampled
from the distribution. However, the weight varies among differ-
ent (s, a) and depends on the disturbed Q function Q7 (s, a;).
This result also theoretically shows that directly applying UAP
to MDP, i.e., calculating the gradient of different (s,a) and
averaging them, ignores the dynamic connection of different
(s,a) and thus is not optimal.

Based on Theorem 4.2, we can naturally calculate the op-
timal universal perturbation §* to minimize J5(7) via gradient
descent. However, there are still two critical problems for cal-
culating VsJ5() in practice. i.e., how to sample state-action
pair (s, a) from the distribution dJ (s)7(a|s + ¢) and how to es-
timate the disturbed Q function. To address those problems, we
propose two novel Consistent Attack methods: Reward UAP
and Trajectory UAP.

Reward UAP. First, we propose Reward UAP to handle
those two critical problems in UAP mentioned above.

For sampling state-action pairs from the disturbed distribu-
tion, we propose a multi-step optimization strategy. Specifi-
cally, at each optimization step k, we have current adversarial
noise 0y, and sample a set of trajectories via 75, . Moreover, we
use state-action pairs from these trajectories to optimize J; by
using Theorem 4.2.

For estimating the disturbed Q function which is difficult to
directly calculate, we propose two kinds of surrogates. First, we
can use the return of the trajectory collected by 75 to estimate

QF (s¢,a4), e,

o0
£ 7" R(swan)

t'=t

~ Q5 (S, a). (16)

Also, we can directly use the victim’s Q function to ap-
proximate the disturbed Q function, i.e., Ry £ Q7 (ss,a;) =
Q5 (s¢,ar). Consequently, in our Reward UAP, at each epoch
k, we can estimate Vs, Js, (7) via
> D RiVisllogn(ailsi + 1), (17)

i=1 t

1

m

v5k J5k (W) ~



Algorithm 1 Consistent Attack

Given the victim policy 7, the disturbance range €, the upper
bound on the number of samples m = nl, and the learning rate
Q.

1: Initialize universal perturbation 6(()0) =0 (51-(3 ) indicates &;
in Reward Attack and 6? in Trajectory Attack)

2: fork=0,1,2,...,.n—1do

3:  Random collect a set of [ trajectories D = {7;}}_,
by the disturbed policy s, , here trajectory 7; =
{si at rt, sb, ...} with g; indicates whether the agent
reaches the goal.

4:  Option 1: Gradient Update on Reward UAP{

5 Compute the reward-to-go as ki = 3", _, 4% =%, or
use the Q function.

6: Update the disturbance:

T
6k+1 =0 — Z Z Révék [lOg 5y, (aﬂsi)] .

i t=0

}

Option 2: Gradient Update on Trajectory UAP{
Update the disturbance:

® 3

T
Op4+1 = O — azgi ZVT_tvék [log 75, (afs})] -

% t=0

}

9: end for
10: Project the universal perturbation to the boundary of the
disturbance region:

On

Op = € .
[0z

and use this approximator to update d;. The pseudo-code of
Reward UAP is in Algorithm 1.

Trajectory UAP. Although Reward UAP can find the opti-
mal gradient direction, which is the best direction for reducing
the disturbed cumulative return, there are still some practical
problems in Reward UAP. First, by Theorem 4.2, we need to
estimate Q) (s, a) to calculate the gradient V5Js(). There are
two common ways for estimating Q7 (s, a), i.e., use the return
of trajectories to directly estimate it or train a neural network
to estimate it. However, the former one may suffer from high
variance and the latter one needs to re-train the neural network
whenever the noise ¢ is changed. Second, in some practical set-
tings like the PointGoal task in Embodied Vision Navigation,
the adversary can only determine whether the agent has reached
the goal rather than having access to the actual reward signals,
which are related to the distance between the agent and the goal
in Habitat [13].

To handle those challenges, we regard Embodied Vision
Navigation as a goal-condition MDP, of which the return solely

depends on whether the agent has reached the goal sg, i.e.,

1
Rg(sta at) = {

0 otherwise.

the agent reaches the goal, i.e. 5, = s,

(18)
This situation is more practical since we can easily tell whether
the agent has reached the goal, and the estimation of the dis-
turbed Q function is more stable. In this case, we can directly
calculate the disturbed Q function of state-action pair (s, a;) in
a trajectory (So, Gg, $1,a1, ..., ST) as
T—t
v if sp = Sg (19)
0 otherwise.

Qg(st, at) = {
Moreover, we introduce g to indicate whether the agent reaches
the goal at this trajectory, i.e., g = 1 if s = s4 and g = 0 oth-
erwise. We have Q(s¢, at) = v7 ~'g. Based on the above anal-
yses, we propose Trajectory UAP, of which the pseudo-code is
in algorithm 1. In summary, we use Trajectory UAP when we
can only know whether the agent successfully reaches the goal
and Trajectory UAP is much more stable.

5. Experimental Results

In this section, we conduct extensive experiments to show
the effectiveness of our Consistent Attack methods, including
Reward UAP and Trajectory UAP, for Embodied Vision Navi-
gation agents with different sensors in Habitat scenes [13].

5.1. Environment setups

Environments and Tasks. For evaluating the robustness
of agents in Embodied Vision Navigation tasks, we choose the
popular platform Habitat [13] with the PointGoal task [2]. Fol-
lowing previous work [13], our experiments are based on the
Habitat-test dataset [13], the Gibson dataset [31], and the Mat-
terportP3D (MP3D) dataset [32].

Victim Policies. To investigate the vulnerability of Embod-
ied Vision Navigation, we choose the stochastic—as mentioned
in Sec. 3.2—victim policies [13] based on Proximal Policy Op-
timization (PPO) [27], which is a classic reinforcement learning
algorithm, and different vision sensors like RGB input (RGB)
and depth input (Depth). The details of the victim policy can
be found in habitat-baseline [13]. All these agents are officially
released pre-trained models [13] with competitive performance
in the PointGoal task.

Baselines. We compare our Consistent Attack, including
Trajectory UAP and Reward UAP, with standard UAP method [8]
mentioned at Sec. 3.2, which is a direct extension of UAP to
Embodied Vision Navigation by treating all input images mu-
tually independent. As shown in Eq. 4, standard UAP for image
classification aims to find a universal disturbance to mislead the
classifier on most input images. For the implementation of stan-
dard UAP, we sample trajectories with the victim policy and use
all observations as the dataset for calculating the disturbance.

Evaluation. To show the effectiveness of the Consistent
Attack methods, we compare our methods with UAP. For a fair
comparison, we choose a similar setup in classical UAP [8].



Environments Habitat-test Gibson MP3D
Baseline Sensors  Adversary | 7 | Rew Succ SPL | Rew Succ SPL | Rew Succ SPL
None - 1-023 052 041|496 083 0.68| 442 0.51 0.38
RGB UAP 0.5 [-2.13 0.13 0.04 |-498 0.05 0.02| 0.24 0.00 0.00
Reward UAP 0.5 |-1.20 0.16 0.07 | -5.24 0.02 0.02 |-2.54 0.01 0.01
RL(PPO) Trajectory UAP | 0.5 | -6.64 0.05 0.01 |-1.63 0.01 0.00|-0.54 0.02 0.02
None - 6.73 093 0.81] 6.63 092 0.84| 9.53 0.80 0.67
Depth UAP 0.03 |-034 048 0.39| 0.09 044 0.30|-3.74 0.04 0.03
Reward UAP | 0.03 | -0.75 0.49 0.38 | -3.78 0.09 0.05|-4.43 0.02 0.02
Trajectory UAP | 0.03 | -0.63 0.49 0.39 | -423 0.05 0.02|-4.57 0.01 0.01

Table 1. Performance per trajectory of the attacked policy on the PointGoal task tested in the Habitat-test, Gibson, and MP3D datasets under RGB and
Depth sensor. We report the average reward, episode success rate, and SPL, where the lower reward, episode success rate, and SPL indicate a stronger

adversary.

A

(b) Attacked Policy: Succ = 0.0,
SPL = 0.0, Reward = -4.78

(a) Victim Policy: Succ = 1.0,
SPL =0.71, Reward = 4.28

(c) Victim Policy: Succ = 1.0,
SPL = 0.31, Reward = 3.35

(d) Attacked Policy: Succ = 0.0,
SPL = 0.0, Reward = -14.38

Fig. 2. Visualization of trajectories sampled by the victim policy and the attacked policy via Reward UAP on the PointGoal task in the Habitat-test dataset.
The blue line is the trajectory of the Embodied agent and we also report the trajectory’s Succ, SPL, and Reward.

Adversary m n Rew  Succ SPL
None - - 6.73 093 0.81
UAP 5 003 -034 048 0.39

Reward UAP 5 003 -075 049 0.38
Trajectory UAP 5 0.03 -0.63 049 0.39
UAP 10 0.03 -0.50 0.51 0.38
Reward UAP 10 0.03 -1.57 043 0.28
Trajectory UAP 10 0.03 -1.22 045 0.32
UAP 15 0.03 -0.60 049 0.36
Reward UAP 15 0.03 -415 0.16 0.12
Trajectory UAP 15 0.03 -1.11 047 0.32

Table 2. Performance of the adversary with different numbers of training
trajectories m tested on the Habitat-test dataset with depth model. We
report the average of reward, episode success rate, and SPL. For each m,
numbers within 5 percent of the maximum in every individual environment
are bold.

In particular, we evaluate the perturbation in l5-norm and set
n = ﬁ = 0.5 and 0.03 for RGB sensor and depth sensor
respectively, following the traditional setting in classical UAP
works [8]. Besides, we evaluate the attacked agent at every task
separately, e.g., 100 episodes in the Habitat-test dataset, 994
episodes in the Gibson dataset, and 495 episodes in the Mat-
terport3D dataset. At each episode, the agent takes up to 500
actions to find the navigable path following the setting in habi-
tat [13]. For each adversarial attack method, we first evaluate
the average reward of the attacked policy, and we also measure
the attacked policy’s performance via the Episode Success Rate
(Succ) as well as the Success weighted by Path Length (SPL).

5.2. Results

Evaluation of Consistent Attack. For all three tasks (Habitat-

test, Gibson, MP3D) and the victim PPO model with different
sensors (RGB, Depth), We report the victim policy’s perfor-
mance and its performance under different adversaries (UAP,
Reward UAP, Trajectory UAP). Here all attack methods only
sample 5 trajectories to calculate noises. For each experiment,
we report it under three different metrics (reward, episode suc-
cess rate, SPL). As shown in Table. 4.2, all these adversarial
attack methods can reduce the performance in all tasks, espe-
cially in more complicated tasks like Gibson. This observation
indicates that current Embodied Vision Navigation models are
vulnerable to adversarial noises. Moreover, compared to UAP,
our consistent attack methods, including Reward UAP and Tra-
jectory UAP, can significantly reduce the victim’s performance
under all three metrics because we consider the system dynam-
ics and thus optimize a better objective of the noises.

In almost all tasks tested on the Gibson and MP3D datasets
under RGB and Depth sensors, Trajectory UAP outperforms
UAP and Reward UAP in reward, Succ, and SPL. It matches
our analyses that using goal signal to estimate the disturbed Q
function is more stable when the trajectory number for calcu-
lating the noise is limited in Embodied Vision Navigation task.
Besides, Trajectory UAP almost decreases the Episode Success
Rate to zero in MP3D-Depth, which shows that there exist se-
rious potential risks for applying Embodied Vision Navigation
methods to the real world. In Fig. 2, we plot some trajectories,
with their Succ, SPL, and Reward, of the victim policy and the
attacked policy. As shown here, our Consistent Attack can sig-
nificantly reduce the reward of the victim policy and mislead



the Embodied agent to a place far away from the goal.

Ablation Study of the Sampling Number m. In this part,
we analyze how the number of trajectories m used for calculat-
ing noises affects different algorithms, including UAP, Reward
UAP, and Trajectory UAP. Due to the limit of computational
costs, we evaluate our methods in the Habitat-test [13] dataset
with the depth sensor. As shown in Table. 2, when the num-
ber of training trajectories m increases, Reward UAP’s attack
capacity significantly improves and is the strongest adversarial
attack under all metrics. It indicates that with the increment of
sample size, reward UAP can get a more accurate estimation of
the gradient Vs.J; and thus become a stronger adversary.

6. Conclusion

In this work, for evaluating the robustness of existing Em-
bodied Vision Navigation methods, we consider a reasonable
setting where the adversary adds a constant perturbation to ev-
ery observation. We first extend UAP framework under MDP
setting and propose §-MDP to formalize this problem. Based on
analyzing properties of §-MDP, we propose two novel Consis-
tent Attack methods, named Reward UAP and Trajectory UAP,
by considering the disturbed state-action distribution and the
disturbed Q function. In experiments, we effectively and effi-
ciently mislead the agents in Habitat, which indicates the poten-
tial risk to apply these embodied agents to the real world. We
hope our study can encourage more future work for designing
more robust and reliable Embodied Vision Navigation agents.
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