Proceedings of the Thirty-First International Joint Conference on Artificial Intelligence (IJCAI-22)

Model Stealing Defense against Exploiting Information Leak through the
Interpretation of Deep Neural Nets

Jeonghyun Lee, Sungmin Han, Sangkyun Lee*
School of Cybersecurity, Korea University
{nomar0107, sungmin_15, sangkyun} @korea.ac.kr

Abstract

Model stealing techniques allow adversaries to cre-
ate attack models that mimic the functionality of
black-box machine learning models, querying only
class membership or probability outcomes. Re-
cently, interpretable Al is getting increasing atten-
tion, to enhance our understanding of Al models,
provide additional information for diagnoses, or
satisfy legal requirements. However, it has been re-
cently reported that providing such additional in-
formation can make Al models more vulnerable to
model stealing attacks. In this paper, we propose
DeepDefense, the first defense mechanism that pro-
tects an Al model against model stealing attackers
exploiting both class probabilities and interpreta-
tions. DeepDefense uses a misdirection model to
hide the critical information of the original model
against model stealing attacks, with minimal degra-
dation on both the class probability and the in-
terpretability of prediction output. DeepDefense
is highly applicable for any model stealing sce-
nario since it makes minimal assumptions about
the model stealing adversary. In our experiments,
DeepDefense shows significantly higher defense
performance than the existing state-of-the-art de-
fenses on various datasets and interpreters.

1

The uprising use of artificial intelligence technology has
brought up many technical challenges [Stoica et al., 2017].
Among them, the interpretability of Al has been getting fo-
cused recently. For instance, DARPA announced their XAI
(eXplainable AI) program to promote interpretable Al re-
search so that one can build more effective intelligent au-
tonomous systems [Gunning, 2016]. Furthermore, the EU
GDPR (General Data Protection Regulation) assures the right
to get explanations on AI’s decisions when requested by a
person legally affected by the decision [GDPR, 2016]. Inter-
pretable Al can be a valuable tool for inspecting fairness is-
sues in automated decisions [Chouldechova and Roth, 2020].
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A common way to interpret why a machine learning model
has made a particular decision is to create an attribution map
representing the importance of input features of a given data
point for the decision. There have been a plethora of re-
cent studies in this direction. For example, input saliency
methods [Lundberg and Lee, 2017; Petsiuk et al., 2018;
Kapishnikov e al., 2019] try to estimate the saliency of
input features by perturbing a subset of the features and
inspecting the change in the model’s outcome. Attention-
based methods use the output of an intermediate layer of
a DNN, with gradients or other importance assessment of
activation maps [Zhou et al., 2016; Selvaraju et al., 2017;
Sattarzadeh er al., 2021]. The relevance-propagation meth-
ods [Bach et al., 2015; Montavon et al., 2018; Nam et al.,
2020] use back-propagation of the relevance scores from the
outcome throughout the layers of a neural net. Some hy-
brids of the above-mentioned approaches [Lee et al., 2021,
Gur et al., 2021; Zhang et al., 2021] have been applied for
improved attribution quality.

One of the main issues is that the interpretation of the
model, provided together with the model’s class prediction
scores, can reveal excessive information about a prediction
model, making it vulnerable to model stealing attacks. Model
stealing is a type of attack on Al models (especially ML-as-
a-service models) creating an attack model using responses
from a victim model with regard to queries made by an ad-
versary, whose purpose is to avoid query charges, to violate
training data privacy, or to prepare another type of attack
such as evasion [Tramer ef al., 2016; Papernot et al., 2017,
Orekondy er al., 2019; Pal et al., 2020]. Recently, [Milli et
al., 2019] has reported that the interpretation as additional in-
formation can be exploited by an adversary to enhance the
performance of the clone model, showing that interpretations
can be as informative as gradients in model stealing.

In this paper, we propose a novel defense mechanism
against model stealing attacks for deep learning models that
provide both class probability scores and interpretations
in the form of attribution maps. Our contribution can be
summarized as follows:

* We propose DeepDefense, the first defense mechanism
to protect Al models against model stealing attackers ex-
ploiting both class probability scores and interpretations.
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¢ In particular, we do not require assumptions about at-
tackers’ models or data, unlike the existing defense
against model stealing.

* We formulate our DeepDefense as an optimization prob-
lem and provide an efficient strategy to solve it.

* Our DeepDefense outperforms the existing state-of-the-
arts model stealing defense methods in experiments.

2 Related Work

Model stealing attacks [Tramer et al., 2016] suggested a
model stealing attack method against confidential machine
learning models such as in ML-as-a-service. [Orekondy et al.,
2019] suggested the knockoff attack framework where an ad-
versary chooses his/her data distribution, sampling strategy,
and the architecture of the attack model that can be different
from the victim’s choices. The authors showed that the pre-
diction performance of the attack model improved when the
adversary used data similar to the training data and models
with larger learning capacity than the victim’s model.
Recently, [Milli et al., 2019] showed that a new type of
model stealing attack where an adversary can use not only
the victim’s prediction output but also its interpretation could
improve the prediction performance of the attack model.

Model stealing defenses Prediction Poisoning [Orekondy
et al., 2020] provides a perturbed softmax outcome instead
of the model’s original prediction output, so that it will dis-
tort the gradient of the attacker’s training loss. To achieve the
goal, the defender must have information about the attacker’s
model and loss function, which is hardly available.

Existing model stealing attacks [Papernot et al., 2017;
Orekondy ef al., 2019] rely on queries of which the dis-
tribution is quite different to that of victim (so called
out-of-distribution with respect to the victim’s data distri-
bution). Based on the observation, Adaptive Misinforma-
tion [Kariyappa and Qureshi, 2020] suggests producing an
incorrect outcome as a defense if a query is detected as out-of-
distribution (OOD). Ensemble of Diverse Models [Kariyappa
et al.,2021] uses an ensemble of several classifiers to increase
the diversity of prediction results on OOD queries.

To our best knowledge, the current defenses against model
stealing consider attackers using only the prediction outcome
from a victim. In this paper, we propose a novel defense
against model stealing that uses both attribution map and pre-
diction outcome of a victim.

Deep neural network interpreters Among many inter-
preters available for deep neural networks, we focus on Gra-
dient ® Input, Grad-CAM, and Relevance-CAM as the rep-
resentatives of gradient-based, activation-based, and hybrid
methods, respectively.

Gradient ©® Input makes use of input gradients multiplied
with the input, which is known to be more robust to gradient
saturation and thereby provides better visual quality than gra-
dients only [Shrikumar et al., 2017]. Grad-CAM [Selvaraju
et al., 2017] is one of the most popular methods for inter-
preting a deep neural network based on its activation maps.
It generalizes the idea of CAM [Zhou et al., 2016], making it
unnecessary to modify the underlying neural network to have
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the global average pooling (GAP) structure at the last layer.
Relevance-CAM [Lee et al., 2021] is a combination of the
Grad-CAM and a relevance-propagation method, Contrastive
LRP [Gu et al., 2018], replacing the channel weights of Grad-
CAM with the relevance scores from Contrastive LRP.

3 Threat Model

Adversary We consider a black-box scenario where an ad-
versary can send query inputs z € X to a victim and re-
ceives the victim’s outputs in the forms of class probabilities
f(z;w) € AK and attribution maps I(z;w) € RE*W_ The
goal of the adversary is to train a surrogate model (we call an
attack model) f4(-;w4) maximizing its prediction accuracy
on unseen test data to be sampled from the victim’s data dis-
tribution P. To achieve the goal, the adversary uses a transfer-
set {(xi, f(zi;w), I(x;;w))}E | using the victim’s outputs
f(z;;w) and I(x;;w) of attacker’s queries x; to train the at-
tack model f4 with the following loss [Milli et al., 2019]:

L(falw;wa), f(2)) + A L(2) = La(z;wa)[F. (D)

Here, £ is the cross entropy and || - || is the Frobe-
nius norm. In line with the literature [Tramer et al., 2016;
Orekondy er al., 2019], we assume that the victim’s data dis-
tribution P is unknown to the adversary, and the queries x;
of the transfer-set are sampled from the attacker’s data dis-
tribution P4, which is likely to be quite different to P: in
this sense, we often refer the attacker’s queries as out-of-
distribution (OOD) with respect to P.

Defender The goal of a defender to model stealing is to re-
duce the test accuracy of the attack model while preserving
the functionality and interpretability of the victim model in
service for benign users. To preserve functionality, we like to
keep the order of the top-k softmax probabilities. In terms of
interpretability, we try to preserve the order of values in an
attribution map since the values represent the relative impor-
tance of input features.

Knowledge of adversary’s data, model, and loss function
The state-of-the-art model stealing defense methods rely on
specific assumptions about the adversary. For example, Pre-
diction Poisoning (PP) [Orekondy et al., 2020] requires the
knowledge of the adversary’s model and loss function to com-
pute the loss gradients of the attack model. In addition, Adap-
tive Misinformation (AM) [Kariyappa and Qureshi, 2020]
and Ensemble of Diverse Models (EDM) [Kariyappa et al.,
2021] rely on an effective OOD query detector, assuming
that the defender has enough information about the statisti-
cal characteristic of the adversary’s queries to build an effec-
tive detector. However, these assumptions can break easily in
the real world, where attackers can try multiple models, loss
functions, and queries to break the defense. With this in mind,
we design our defense method not to require such assump-
tions about the adversary.

4 Proposed Method: DeepDefense

In this paper, we try to disturb the adversary’s training by pro-
viding misdirected information of the victim model in both of
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Figure 1: An illustration describing the top part g(-;wr) and the
bottom part h(-;wg) of the vicim model f(:;w), w = (wr,wn),
on Grad-CAM (left) and Grad ® Input (right).

the prediction output, the softmax probabilities and an attribu-
tion map, without asking for the knowledge of the adversary’s
model, loss, and transfer-set.

4.1 Misdirection Model

To deal with model stealing adversaries who can exploit both
softmax outputs and attribution maps of the victim model
f(-;w), we propose a novel defense method called Deep-

Defense (DD). DD uses of the misdirection model f(-;w) to
make prediction outcomes for the queries from all users, pre-
venting users from directly accessing the victim model. The
purpose of the misdirection model is to disturb adversary’s
training of the attack model by misdirecting the key informa-
tion of the victim model, while revealing only the information
about the order of the top-k softmax output and the attribution
values by accessing the gradient, the softmax output, and the
attribution map of the victim model for a given query input.

This section describes the detailed requirements that our
misdirection model f(-;w) has to satisfy.

Gradient misdirection As in Prediction Poisoning
(PP) [Orekondy er al., 2020], we define the gradient w.r.t the
weight parameters as the critical information to misdirect,
which is an essential element for training models with
gradient-based optimization algorithms. Before describing
how to misdirect the gradient information, we first explain
why we consider the weight gradient in two parts.

For a given input x, most interpreters generate their attri-
bution maps by combining the information of two parts of
given model f: the output of the bottom part h(-;wpg) and
the gradient of the top part Vg(-; wr), for the predicted class
y. Figure 1 shows an illustration, where wp and wr are the
weight sub-vectors corresponding to the bottom and the top
parts, respectively. For instance, Grad-CAM generates an at-
tribution map of the form:

I(x; W) Grad.caM = max (Z azAk(x), 0).
k
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Here, o is the average of gradients of the output f(z;w),
of the class y w.r.t the activations in the k-th channel, o] =

Z 2 aaf}(l"f 1(“ £, where Z =37, . 1 and Ak () is the (i, j)-

th value of the activation map A" (x) In this case, the bottom
part and the top part are defined as h(z;wp) = A(x) and
g(A(z); wr) = f(x;w) respectively as shown in the figure.
This can be generalized to the other types of interpreter. In the
case of Gradient ® Input, however, the back-propagation of
the top part of the model reaches to the input layer, which
indicates g(x;wr) f(z;w) and h(z;wp) x. For
Relevance-CAM, ¢(-;wr) and h(-;wpg) are defined in same
way with Grad-CAM since the only difference is how o is
computed.

To misdirect the gradient information, we orthogonal-
ize the direction of the gradient between the victim model

V. f(+;w) and the misdirection model V5 f (-; w). Here, our
conjecture is that the degree of freedom to misdirect the gra-
dient of each part will be different considering the quality of
the output, from our experience that attribution maps tend to
be more sensitive to the activation than the top-part gradient.
Therefore, we consider the orthogonalization of the gradient
of each part seperately so that the defender can control the
amount of misdirection. Formally, for a given query input z,

DD generates the misdirection model f, where the gradients
w.r.t the weight parameters of each part wp and wy are or-
thogonalized with those of the original victim model as fol-

lows: _
zBBf(xtﬁ ~) i Vwa(fq;w) )

va f(zq7 ) J‘ VU)T f(xq7 )
Functionality preservation To guarantee the functionality
of the misdirection model for each query input x,, DD tries
to match the order of top-k softmax probabilities of the mis-
direction model to those of the victim model: this can be de-
scribed as the constraints:

flag@)s, > > fzg @), 3)

Here, 5" := {1,..., K} \ {s1...sk} and s; is the index of
i-th largest softmax probability of the victim model and K is
the number of entire classes.

2

> max f(a:q,w)J
je

Interpretability preservation For a given input 2, the val-
ues in the attribution map I(x,; w) represent the relative im-
portance of input features. Therefore, we try to preserve the
information by matching the the entire order of attribution
values of the misdirection model to that of the victim model:

IHzg;W)a, > I(Xq; W)ay, > -+ > I(xg;w 4
Here a; indicates the index of i-th largest value in the attribu-
tion map I(-; w) from the victim model.

)aHxW’

4.2 Optimization Problem

To generate the misdirection model f(, w) that satisfies (2),
we define the orthogonalization loss Lo, for a query z, as
follows:

Lo (g, B) = 005 (Vo f (243 0y Vi[5 0),)

(1= ) |c0s AV @450}y, Vi [l @),)|
®)
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Here, cos Z(a, b) is the cosine angle of two vectors a and b,
and @ € [0,1] is a hyperparameter to balance the degree of
orthogonalization of gradients in the top and the bottom parts.
However, optimizing L, subject to the constraints in (3) and
(4) can be difficult due the non-linearity in the constraints.

Reformulation to an unconstrained optimization problem
We reformulate the optimization into an unconstrained opti-
mization using penalty functions to facilitate optimization.
For the functionality preservation constraints (3), we define
a penalty function Lpreq such that Lyeq(zq;w) = 0 if the

top k order of f(xq7 w) is preserved and Lyred(zq;w) > 0
otherwise:
k—1

> (flag®)s,.,

i=1

- f($q§&7)s1:)+

,Cpred(xq, ’w) :

) ©)
Flag; @)s,) "

Here, ()" := max(0, z). For the interpretation preservation
constraints (4), we define L;, as follows:

HxW-—1

+ (g,rgg,c flzg;w); —

L"lm ‘r(p Z ‘65( $Q7 )ai+l _I(xQ7{D)CLZ)+)
@)
Here, Ls is the Huber loss [Huber, 1964] defined as follows:
1,2 :
_ 30 if|a] < 4§
Lsla): {5(|a| — 16) otherwise.

The Huber loss here is to prevent relatively large attribution
values from being excessively dominant (we use § = 0.3 in
our experiments).

Using the reformations (6) and (7) of the constraints, we
define the loss function of DeepDefense as follows:

Lpp (x(p {D) = Lo (xqa {D)
+ Alﬁpred(xqa @) + )\21:im(73q7 ’lﬂ)
Here A\; > 0and Ay > 0 are hyperparameters. For each query
input x4, we initialize f(-; w) with the original victim model
f(+;w) then minimize £pp(z4; W) by iteratively updating w
with a gradient-descent algorithm.

®

Selection of sensitive layers Involving entire layers of vic-
tim model in (5) can be costly since the optimization of (8)
will include a large number of variables for deep neural nets.
In the spirit that each layer may have different sensitivity to
the prediction outcome, we define the sensitivity score Sy of
the layer ¢:

1 N
=N Z [V, f(@is w)y, |1
i=1

Here, wy is a sub-vector of weight parameters corresponding
to the ¢-th layer and y; is the predicted class of the input x;.
N is the total number of data points involved in measuring
S¢. To choose a reasonable number of layers ¢ to include in
optimization, we use the cumulative sensitivity ratio which is
defined as

l
Zz IS
L
>im156)

i=1

CS(0) = x 100 (%), ©9)
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Dataset Model | f Test Acc (%)
MNIST LeNet 99.49
KMNIST LeNet 99.49
CIFAR-10 WRN16-4 95.21
Flowers-17 | ResNet-18 95.96
CUBS-200 ResNet-34 73.94

Table 1: Datasets, model architecture and the baseline test accuracy
of the victim models.

where 5(1) > S(g) > e > S(L) are the layer sensitivity
scores ranked in decreasing order and L is the number of the
candidate layers. In our experiments, we use the smallest ¢
for which the CS(?) is at least 90%.

S Experiments

Datasets, models and interpreters To train the victim
models, we used five image classification datasets: MNIST ,
KMNIST , CIFAR-10, Flowers-17 , and CUBS-200. The
victim model’s architecture and the test accuracy for each
dataset are described in Table 1. We used three popular in-
terpreters: Grad-CAM [Selvaraju et al., 2017], Relevance-
CAM (denoted by Rel-CAM) [Lee et al., 2021] and Gradient
® Input. For Grad-CAM and Rel-CAM , we obtained the ac-
tivation maps from the penultimate layer of each model.

Attack strategy As mentioned in Section 3, we assume
a model stealing adversary who can use both the softmax
outputs and the attribution maps, training an attack model
minimizing the loss in (1). Since we assume that the adver-
sary cannot access to the victim’s data distribution P, the
adversary chooses the transfer-set from P4 which is likely
to be different from P in the real-world. This is a similar
setup to [Orekondy er al., 2019]. We used Fashion-MNIST,
MNIST, CIFAR100 as the transfer-sets for MNIST, KMNIST,
and CIFAR10, and ImageNet as the transfer-set for Flowers-
17 and CUBS-200. We set the adversary’s query budget to
B = 10000 unless stated otherwise. For each attack scenario,
we set the adversary to have the same neural net architecture
and the interpreter to those of the victim which is one of the
worst-case setups for the defender.

Defense performance To demonstrate the effectiveness of
DeepDefense (DD), we evaluate the defense performance on
four values of query budget B, 2500, 5000, 7500, and 10000.
There is no other model stealing defense method considering
the adversary that exploits both the victim’s softmax proba-
bilities and attribution maps to our best knowledge. There-
fore, we compare the defense performance of DD with state-
of-the-art defense methods which consider the adversary that
exploits the softmax output only, Prediction Poisoning (PP),
Adaptive Misinformation (AM), and Ensemble of Diverse
Models (EDM). For a fair comparison, we carefully adjusted
the hyperparameters of the methods so that the defense will
be done without losing the test accuracy of the victim mod-
els. For DD, we set k£ = 1 to preserve the index of maximum
softmax probability.

As shown in Figure 2, DD outperformed the other defense
methods on the entire datasets and interpreters. Noticeably,
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Figure 2: Defense performance comparison of undefended models, PP, AM, EDM and our DeepDefense (DD) in test accuracy of attack

models fa (lower test accuracy of f4 implies better defense).

DD showed consistent defense performance regardless of the
query budget. In contrast, AM or EDM allowed the test accu-
racy of the attack model to be close to that of the undefended
cases, especially on the large query budgets. We think that
such consistency of DD is due to its property that it tries to
leak minimal information at every query point without im-
posing any specific assumption about the transfer-set.

Interpretability preservation To demonstrate how well
DD preserves the interpretability of attribution maps, we used
a popular attribution quality measure Average Drop [Chat-
topadhay er al., 2018] which is defined as + SN | (y¢
9$) T /ys. Here y¢ is the prediction score for class ¢ on the
input x; and g is the prediction score on the masked input
where the pixel values are set to 0 except for the top p% at-
tribution region of I(xz,). Following the quality evaluation in
Grad-CAM [Selvaraju er al., 2017], we set p = 15. We use
this measure to check quality drops in attribution maps pro-
duced by DD.

As shown in Table 2, DD allowed only a small degrada-
tion in attribution quality in terms of Average Drop. In par-
ticular, there was no statistically significant difference in the
measurements between the attribution maps from the victim
and the misdirection models (p-value from t-test : 0.7581).
We also provide the qualitative comparison of the attribution
maps from the victim and the misdirection models in Fig-
ure 3. The highlighted regions in the attribution maps of the
misdirection model are almost identical to those of the victim
model.

CUBS-200
Undefended DeepDefense

Flowers-17

Image Undefended DeepDefense Image

10

Figure 3: Visual quality comparison of attribution maps from the vic-
tim model (the second and the fourth columns) and the misdirection
model (the third and the last columns).

Impact of layer selection on computation cost We eval-
uated the effectiveness of our layer selection strategy in
terms of the defense performance and the run-time with the
Flowers-17 dataset. Here, we used Rel-CAM as the inter-
preter and obtained the activation maps from the three differ-
ent locations of ResNet-18: the 9-th, the 13-th, and the 17-th
(penultimate) layers. The measurements are conducted on a
Linux machine with an NVIDIA RTX 2080 Ti GPU. Table 3
shows the defense performance and the run-time for process-
ing single query output with various cumulative sensitivity

714
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Dataset Grad-CAM B Rel-CAM B Grad © Input B
Avg Drop 1 Avg Drop 1 Avg Drop 1 Avg Drop 1 Avg Drop 1 Avg Drop I
MNIST 0.7888+0.3691  0.75874+0.4091  0.5621+0.4980  0.5425+0.5019  0.5670+£0.4020 0.5613+0.4024
KMNIST 0.7135+0.2834  0.6889£0.3169  0.7516+0.2909  0.7260+£0.3962  0.5815+0.3591  0.6067+0.3499
CIFAR-10  0.762240.3558  0.7753£0.3779  0.7365+0.3882  0.7042+0.3761  0.86474+0.2859  0.8588+0.2869
Flowers-17  0.5130£0.3018  0.5152+0.3078  0.5033£0.3140  0.5046+0.3140  0.8287+0.2249  0.8256+0.2304
CUBS-200  0.55934+0.4002 0.5747£0.4181 0.5649+0.4027  0.5934+0.4260 0.958140.1493  0.9647+0.1307

Table 2: Interpretability comparison of attribution maps from original victim model (/) and DD (f ) in Average Drop (&£ std, lower is better).

fa Test Acc (%) Run time (sec)

fa Test Acc (%)

6 S0 #layers “pp DD PP DD Dataset ~ Undef PP~ DD DD-S DD-
90 8 8.82 1.53 MNIST 93.37 64.03 17.56 26.07 82.16

9 70 4 60.66 11.76  0.23 1.04 CIFAR-10 81.57 68.68 47.21 5552 75.50
50 2 10.29 0.65 Flowers-17 9191 7941 2390 4191 9044
90 7 8.09 1.41

13 70 4 61.76 882 021 0.97 Table 5: Ablation study. Undef: undefended case, DD-S: applied DD
50 2 10.29 0.60 on softmax only, DD-I: applied DD on interpretation only.
90 8 9.19 1.47

17 70 6 62.13 898 0.21 1.38 k resulted in more considerable degradation of defense per-
50 3 11.40 0.73

Table 3: Defense performance and run time of DeepDefense on the
different values of cumulative sensitivity ratio (CS) described in (9).
£ in the first column indicates the index of the layer where activation
maps for the interpretation are obtained.

Dataset method top-k  fa Test Acc (%)
PP 1 62.13

Flowers-17 1 9.19
DD 3 4191

5 51.84

PP 1 18.61

CUBS-200 1 0.64
DD 3 1.10

5 2.54

Table 4: Defenese performance of DeepDefense on the difference
values of k.

ratios (CS) defined as (9).

DD showed consistent defense performance on the change
of CS. For instance, the average test accuracy of the attack
model on DD with CS of 50% is only 1.96% higher than that
on DD with CS of 90%. DD with CS of 50% showed a run-
time competent to PP in terms of time cost. Those results im-
ply that our layer selection strategy effectively reduces com-
putation cost without hurting the defense performance of DD
too much.

Effect of top-k in functionality preservation We investi-
gate the effect of & in (6) on the defense performance of DD.
We evaluate the defense performance of DD on the Flowers-
17 and CUBS-200 datasets with Grad-CAM . As shown in
Table 4, DD showed better defense performance than PP for
all of the three values of £ on both datasets. However, larger

715

formance for DD, where the degree of degradation may vary.
The result indicates that a proper amount of preservation on
functionality should be gauged to guarantee the high defense
performance of DD.

Ablation study To study the contribution of the probabil-
ity and the interpretation output of the misdirection model to
the defense by DD, we conducted an ablation study with two
variants of DD: (i) DD-S that perturbed the softmax outputs
only; (ii) DD-I that perturbed the attribution maps only.

As shown in Table 5, DD-S showed better defense perfor-
mance than PP. This implies that our approach is competi-
tive to PP even for the threat model that does not consider
the attribution maps of the victim model. On the other hand,
DD-I allowed the adversary to achieve relatively high test ac-
curacy, even though they were lower than the performance
of the undefended models. The results indicate that consider-
ing the attribution map alone may not be sufficient to achieve
a high defense performance for the adversary who exploits
both softmax outputs and attribution maps.

6 Conclusion

We proposed DeepDefense (DD), a novel defense method
that protects Al models against model stealing adversaries
who can use both prediction probabilities and attribution
maps. In DD, only the outputs of the misdirection model
are revealed to the users, in which misdirected gradient in-
formation is encoded to prevent adversaries from training at-
tack models efficiently. Also, DD preserves probability and
attribution outcomes at a similar quality to the original vic-
tim model. To find the misdirection model, we formulate an
unconstrained optimization problem that can be solved effi-
ciently with simple gradient-descent algorithms. Our experi-
ments showed that DD outperforms the existing model steal-
ing defenses in multiple scenarios with a reasonable cost.
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