The Thirty-Eighth AAAI Conference on Artificial Intelligence (AAAI-24)

Revisiting the Information Capacity of Neural Network Watermarks:
Upper Bound Estimation and Beyond

Fangqi Li, Haodong Zhao, Wei Du, Shilin Wang*

School of Electronic Information and Electrical Engineering, Shanghai Jiao Tong University
{solour_lfq, zhaohaodong, dddddw, wsl} @sjtu.edu.cn

Abstract

To trace the copyright of deep neural networks, an owner can
embed its identity information into its model as a watermark.
The capacity of the watermark quantify the maximal volume of
information that can be verified from the watermarked model.
Current studies on capacity focus on the ownership verifi-
cation accuracy under ordinary removal attacks and fail to
capture the relationship between robustness and fidelity. This
paper studies the capacity of deep neural network watermarks
from an information theoretical perspective. We propose a new
definition of deep neural network watermark capacity analo-
gous to channel capacity, analyze its properties, and design
an algorithm that yields a tight estimation of its upper bound
under adversarial overwriting. We also propose a universal
non-invasive method to secure the transmission of the identity
message beyond capacity by multiple rounds of ownership
verification. Our observations provide evidence for neural net-
work owners and defenders that are curious about the tradeoff
between the integrity of their ownership and the performance
degradation of their products.

Introduction

The intellectual property protection of artificial intelligence
models, especially deep neural networks (DNN), is drawing
increasing attention since the expense of building large mod-
els has become prohibitively high. For example, the training
of GPT-4 involves over 24,000 graphic processing units and
more than 45TB manually proofread data (Liu et al. 2023). If
internal enemies steal and distribute the model, watermarking
schemes continue to safeguard the intellectual property.

As demonstrated in Fig. 1, a DNN watermarking scheme
adds the owner’s identity message into the model to be pro-
tected. Once the model is stolen, the owner can claim its
copyright publicly by requesting a third-party judge to verify
the identity message hidden in the victim model (Adi et al.
2018). Watermarking schemes have been designed for vari-
ous kinds of DNN models including image classifier (Zhang
et al. 2018), image generator (Quan et al. 2021), pretrained
natural language encoder (Li et al. 2023), graph neural net-
works (Zhao, Wu, and Zhang 2021), etc.

Most discussions on the applicability of DNN watermark-
ing schemes focus on unambiguity (Fan, Ng, and Chan 2019)
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Figure 1: The workflow of a DNN watermarking scheme.

and robustness (Lukas et al. 2022). It has been proven that
incorporating pseudorandomness and connecting the triggers
into a chain (Zhu et al. 2020) result in security against ambi-
guity attacks, i.e., an unauthorized party cannot pretend itself
as the owner of an arbitrary DNN model. A robust ownership
proof remains valid even if the watermarked DNN model
undertakes adversarial modifications. There have been many
methods to foster robustness including adding regularizer (Jia
et al. 2021), training with surrogate models (Cong, He, and
Zhang 2022), using error correction code for the identity
message (Feng and Zhang 2020), etc.

Nonetheless, the information capacity of DNN watermark,
i.e., the maximal number of bits that can be accurately trans-
mitted, has not undergone sufficient studies. So far, there is
no uniform definition of capacity, especially for schemes that
rely on backdoors. As a result, a fair comparison between
different schemes regarding capacity is intractable. Moreover,
the overlook of information theory-based capacity makes it
hard to determine the configurations of DNN watermark-
ing schemes with regard to the identity information and the
expense of copyright protection.

To tangle with these deficiencies, we revisit the capacity
of the DNN watermark. The contributions of this paper are:

* We give the first information theory-based definition of
DNN watermark capacity and demonstrate how the ex-
pense of copyright protection is measured in the degrada-
tion of the watermarked model’s performance.

* We design a capacity estimation algorithm that yields a
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tight upper bound of the capacity of DNN watermarks
under adversarial overwriting.

* We propose a variational approximation-based method
to increase the accuracy of identity message transmis-
sion beyond the capacity by multiple rounds of ownership
verification. It can be generalized to arbitrary DNN water-
marking schemes in a non-invasive manner.

Preliminaries
DNN Watermark

A DNN watermarking scheme adds the owner’s identity in-
formation, encoded as a binary string m with length L, to a
clean DNN model M_jean to produce a watermarked model
Mwwm. The owner first generates an ownership key K as the
intermedium.

K+ KeyGen(L). €))
The owner then tunes M_jean into My with the original train-
ing loss L and an additional regularizer Ly as watermark
embedding. This step minimizes:

Lo(Mwwm)+A-Lwm(Mwwm, K, m). 2

Upon piracy, the owner submits K and requests a judge to
retrieve the ownership information from a suspicious victim
model M with a verifier that usually takes the form:

Verify(M, K) = argmin {Lwm(M, K,m')}.  (3)

It is expected that if M is a copy or a slightly modified
version of My then Verify(M, K) = m. A complete
DNN watermarking scheme is featured by Eq. (1)(2)(3).

In scenarios where the judge has access to parameters in
the victim model, the ownership key is usually defined as
a pseudorandomly generated matrix and a bias term K =
(X, b). The watermark embedding regularizer for white-box
DNN watermarking schemes subject to this assumption is

ﬁWM(MWMvKa m):f(J(XWer),m), 4

where W denotes certain parameters in Mwy (Nagai et al.
2018) or the outputs of Mwy,’s intermediate neurons (Li
et al. 2022b). Considering m as a list of binary labels, f can
be cross-entropy loss (Nagai et al. 2018), hingle loss (Fan,
Ng, and Chan 2019), or a neural network classification back-
end (Wang et al. 2022).

If the judge has only black-box access to the victim model,
the ownership key is a set of triggers K = {t,, }. The embed-
ding loss takes the form:

in which g interprets the outputs of the triggers into a list of
bits. For example, for an eight-class classification model, a
vanilla interpreter maps the prediction of each trigger into
three bits. So m is compactly represented by the labels of
L/3 triggers and watermark embedding is equivalent to fine-
tuning to fit the triggers. In cases of image generators, the
interpreters are complex decoders as in steganography (Zhang
et al. 2021).

In both white-box and black-box cases, it is necessary that
the gradient of the model’s parameters w.r.t. Eq. (4)(5) is
computable so the watermark embedding process becomes
an optimization task.
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Information Capacity of Watermark

Capacity is a fundamental property of watermark along with
fidelity and robustness (Lei et al. 2019). It regulates the up-
stream identity information encoder since a message carrying
more information than the capacity cannot be transmitted
losslessly. As an example, in the scope of digital image water-
marking, the capacity of a pixel is subject to both the pixel’s
contribution to the overall visual quality and its stability un-
der standard image processing schemes such as compression
or obfuscation (Moulin 2001). Embedding too many bits into
one pixel results in visible distortion but embedding too few
bits might fail to deliver the message.

Related Works

Li et al. derived an upper bound of DNN watermark capac-
ity by examining if parameters where the watermarks are
embedded have collusions or not (Li et al. 2022a). Many
established works treat the length of the secret message as an
upper bound of the capacity (Li, Tondi, and Barni 2021). In
black-box schemes, the capacity is straightforward measured
by the number of triggers (Zhang et al. 2020). Unlike in tra-
ditional watermark, these definitions overlook the correlation
between the damage of watermarking to the performance of
the model and the influence of adversarial modifications.

Information Capacity of DNN Watermark
Definition

We consider DNN watermark as a channel from the identity
message m to the judge’s observation m, both with length L.
The adversarial modication My — Mwy+8 is featured by
the parameter deviation 6. Fixing the upper bound of the vic-
tim model’s performance degradation by § > 0, the capacity
of the watermark is the maximal volume of information that
can be correctly transmitted through the channel when the
model’s performance declines by no more than § after under-
taking arbitrary attacks. This property can be characterized
through the channel capacity:

@, L) = mein {max I(m; rh)} , (6)

p(m)
subject to:

m=vVerify(Mwm+0, K),
E(Mwm+0) > E(Mwwm)—0,

in which E/(-) is the performance evaluation metric of the
DNN model, p(m) is the distribution over m, and I(-;-)
denotes mutual information. The capacity of the DNN water-
mark satisfies the following properties.

Theorem 1. (Monotonicity) 0 < C(§, L) < L. C(4, L) de-
creases in 8. C (0, L) increases in L if each bit of the identity
message is independently embedded and retrieved.

Proof. Denote ©(0) = {0:E(Mwm+6)>E(Mwwm)—0}
and u(f, L) = max,(m) I(m;m).

As the mutual information between L binary random vari-
ables, 0<I(m;m) <L, sodoes C(J,L).
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For the second statement, we prove that if 0 <§; <4, then
C(61,L) > C(d2, L). Since §; < o implies O(;) C O(d2),
it is evident that:

L e 1 L > i 0L == L .
C(61, L) 961{191(1511){“(9, )}_9391(512)@(, )}=C(2, L)

Finally, we prove C(d, L+1) > C(d, L). By definition,
there is 6’ such that the capacity is C(d, L+ 1) when the
length of the identity message is L+1 and E(Mwy+6') >
E(Mwwm)—6. The DNN model watermarked with a message
of length (L+1) can be viewed as a model watermarked with
a message of length L by considering only the first L bits
during ownership verification, i.e.,

C(3L) = min {u(6.0)} Su(6'L) <u(0'L+1) =C(6.L+1),
€

where the second inequality holds since the (L4 1)-th inde-

pendent bit brings additional mutual information. O

Theorem 2. (BER upper bound) Denote the bit error rate
corresponding to adversarial modification 0 as:

1 Verify(M, 0,K
€(f) = min { |m ® verify(Mu+6.K)lo } G
2 L
Denote ¢; = maxgee(s) {€(0)} as the maximal BER when
the model’s performance drops for no more than 6. The ca-

pacity of the DNN watermark is upper bounded by:

with H(z) = —z-logyx — (1—2)-logy (1 —x). If each bit of
the identity message is independently embedded and verified
then Eq. (8) is an equality.

Proof. DNN watermark can be viewed as the combination of
L binary symmetric channels, where each channel’s average
capacity is (1—H (eg)) since the adversary that minimizes the
mutual information exerts the maximal BER. The capacity of
L paralleling channels is no larger than the summation of their
capacities, this yields Eq. (8). If each bit of m is independent
of each other then the capacity equals the summation of all
independent channels. O

Assume the owner’s identity information contains J bits,
whose source might be a digital copyright administrator au-
thority as shown in Fig. 1. To resist adversarial removals,
the owner encodes its identity into m with length L > J
by injecting redundancy. The cost in fidelity is measured by
the performance degradation due to watermark embedding
F(L)=E(Mgean)—E(Mwwm). Intuitively, F'(L) increases in
L. On the other hand, the scheme’s robustness is reflected by
the performance degradation that the adversary has to under-
take to sabotage the ownership, i.e., ming {6:C'(d, L) < J},
which increases in L due to Theorem 1.

The owner’s objective is to protect the intellectual property
of any DNN model whose performance is comparable to its
state-of-the-art model Me.n. Models whose functionality has
been severely damaged are not worth protecting. Formally,
the tradeoff between fidelity and robustness in the context of
capacity is described in the following theorem.
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Figure 2: The performance degradation v.s. the length of the
identity message. The blue area and the red area represent
the cost in fidelity and robustness respectively.

Theorem 3. (The minimal length of the identity message)
Assume the owner’s identity information contains J bits and
the owner wants to protect the copyright of all variants of
My with performance degradation no more than A com-
pared to M joan. The necessarily minimal length of the iden-
tity message is:

i:mLin {L: (F(L)—&—méin{d:C(é, L) §J}> zA} O

and the necessarily minimal expense of copyright protection
measured in the model’s performance degradation is F(L).

Proof. The monotonicity of fidelity and robustness are vi-
sualized in Fig. 2, where Ly = J, Ly = L, and L3 =
ming{L: F(L)>A}.

If L0, Ly) then the identity information cannot be loss-
lessly encoded as m. If L € [L;, Lo) then the adversary can
find a model whose performance degradation is no more than
A yet escapes the ownership verification. Such cases consti-
tute the gray area in Fig. 2. If L € [Ly, L3) then the adversary
cannot reduce the capacity below J to escape the ownership
verification unless sacrificing the model’s performance for
more than A. Finally, L € [L3, c0) is unacceptable since the
damage caused by watermarking is too much.

Therefore, L is minimal length of the identity message that
satisfies the owner’s purposes with the smallest performance
degradation and sufficient robustness. [

Capacity Estimation

The capacity defined by Eq. (6) can hardly be analytically
computed. Instead, we resort to Theorem 2 by measuring
the correlation of the BER of the identity message with the
performance degradation and conducting interpolation after-
wards. An adversarial modification strategy A is evoked to
drive the variations. This estimation is formulated in Algo. 1.

Theorem 4. The estimated capacity C (6,L) by Algo. 1 is an
upper bound of C(0, L).

Proof. The adversarial modification strategy .4 exerts one
certain family of parameter perturbation ©(6) C ©(d). The
BER exclusively depends on # according to Eq. (7), so:

€5 = max {e(0)} > max {e(0)} = és,
b= ma {e0)) 2 max {e9)} = i
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Algorithm 1: Capacity estimation.

Input MWM,K m, L A
Output: Capacity estimation C(J, L)

1: Initialize a memory D = {}.
2: Initialize M = My, 6 = 0.
3 €= min{%, Hm@verifLY(M’K)Ho }
4: Save (0,C(0,L)=L-(1—H(&))) in D.
5: while é; <= 0.5 do . .
6:  Conduct adversarial modification M + A(M).
7: (5:E<MWM)—E(M)
8:  Compute és as line 3.
9:  Save (6,C(6,L)=L-(1—H(és))) in D.
10: end while
11: Return D.
Attack method \ Loss function to be optimized
Fine-tune Lo(Mwwm)
Overwrite Lo(Mwwm)+ - Lwm (Mwwm, Kaav, Magy)
Adversarial
overwrite ‘ Lo(Mwm)+A- Lwm (Mww, K, maqy)

Table 1: Comparison between adversarial modifications. Lg
is the model’s original training loss function. magqy and Kagy
are the adversary’s identity message and ownership key.

since the r.h.s. of Eq. (8) is a monotonically decreasing func-
tion in € (when ¢ <= 0.5), we have:

C(6,L)<L-(1-H(es))<L-(1-H(&))=C(6,L).
O

If the adversarial modification strategy A is not destructive
enough, i.e., €5 < €5, then the capacity would be overes-
timated. Consequently, the minimal length of the identity
message recommended by Theorem 3 after replacing C'(d, L)

by C(9, L) is smaller and unsafe. To tighten the bound, we
conduct an adversarial overwriting attack that directly em-
beds another randomly generated message into the pirated
model with the same ownership key as shown in Table 1.

In contrast to other advanced attacks such as reverse engi-
neering (Wang and Kerschbaum 2021), or functionality equiv-
alence attack (Li, Wang, and Alan 2023), adversarial overwrit-
ing can be directly generalized to any gradient-based DNN
watermarking scheme by manipulating the watermark embed-
ding process. Adversarial overwriting adopts the strongest
threat model where the adversary has full knowledge of the
ownership key and covers the worst cases, e.g., the ownership
verification has been exposed to malicious parties or there
are internal enemies. Therefore, the bound is expected to be
the tightest and provides a reliable reference for owners.

Breaking the Capacity Bottleneck

Let the number of all legal owners or models be 27 so the
identity information of each owner contains J bits. In one-
time DNN ownership verification, the code rate, i.e., the
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Figure 3: The contours denote levels of performance degra-
dation. (a) An adversarial modification. (b) Increasing robust-
ness as a defense. (c) Averaging multiple rounds of ownership
verification as a defense. My + 61 denotes a failed attack.
Mwwm 02 denotes a successful attack.

volume of information transmitted in each round of commu-

nication, is lo g’f =J bits. According to basic information
theory, the code rate cannot exceed the capacity for accurate
communication, therefore J <C(d, L) < L.

When L is fixed (so the price of watermarking is no more
than F'(L)), there are two approaches to increasing the num-
ber of entities that can use the copyright protection service.
The first is to increase the capacity, whose necessary prereq-
uisite is reducing the BER by Theorem 2. Yet this additional
robustness might increase the performance degradation due
to watermark embedding as shown in Fig. 3(b).

The other approach is to retrieve the identity message for
R times and average the results. The motivation is that the ad-
versary erases the watermark with the smallest performance
degradation, so the victim model falls at the decision bound-
ary close to the watermarked model. So it is expected that
the correct identity message can still be retrieved from neigh-
bours of the victim model as shown in Fig. 3(c). Under this
setting, the code rate becomes /R bits and at most 2~ owners
or models are verifiable with R > TeD) 5 Ak

However, the adversary is not obligated to use random
modification during multiple rounds of ownership verifica-
tion. So the error pattern m & m could be fixed and cannot be
eliminated by averaging. Instead, it is the judge’s responsibil-
ity to incorporate randomness into the channel by perturbing
the victim model and alleviating adversarial influences.

To randomize the noises in the channel, the judge incor-
porates parameter deviations g following a distribution 7. In
ownership verification, the identity message is retrieved by
averaging the results as decoding the error correction code.
Concretely, the i-th bit is determined by the majority voting:

R
mfi| = arg bggx} {Z I[[Verify(M+pur,K)[i] = b]
(10)
The owner can further reduce the sensitivity of the identity
message against potential adversarial modifications with the
following regularizer during watermark embedding:

P

ZEWM Mww+p1p, K;m). (11)
p 1

EWM(MWMa K m

It has be proven that if 7 is a normal distribution A/ (0, o2I)
and the scale of adversarial modification is restricted by
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Scheme Verifier Embed(_llng Applicability
regularizer | to black-box
Baseline Eq. (3) LwMm Yes
MROV Eq. (10) Lwm No
Certified
robustness Eq. (10) Eq. (11) No
MROV-V-1 | Egq. (14) Lwm Yes
MROV-V-2 | Eq. (14) Eq. (15) Yes

Table 2: Comparison between configurations of the water-
mark embedding regularizer and the verification formula.
MROV and MROV-V denote Multiple Rounds of Ownership
Verification and its Variational version respectively.

[[0]]2 < p then the BER of the estimation Eq. (10) is up-
per bounded by inf {y : Pr{e(0) > y} < & (—r/s)}, where
®(-) is the culmulative distribution function of a normal dis-
tribution (Bansal et al. 2022).

Such a paradigm cannot be applied to black-box DNN wa-
termarking schemes since the parameters within the victim
model are hidden so p is nowhere to be added. In general
cases, the judge resorts to the ownership key K, which is
always available. Concretely, a distribution " over the own-
ership key is explored as a substitution of 7 such that the
distribution over the embedding loss remains invariable, i.e.,
for any real number ¢:

E’ ([,WM(MWNH-/L, K, m) St): Pr I(L‘,WM(MWM, K—H«,m) St),
=T KT
(12)

The distribution 7’ could be very complicated, especially
for black-box schemes where the ownership key is a set of
images or texts. Therefore, we implement the distribution
transfer by fitting 7’ with a parameterized generator G.

A collection of parameters pertubations { uq}Q_l are ran-
a=
domly sampled from 7. Then it is transformed into perturba-
tions on the ownership key {Kq}qul subject to:

Vg, Lwm(Mwntig, Km) = Lwm(Mwwm, K+rq,m). (13)
A variational autoencoder (Pu et al. 2016) is trained to recon-
struct {mq}qul, whose decoder is returned as G. The accuracy
of this setting is established by the following theorem.
Theorem 5. 7' ={G(z):z+ N (0,1)} satisfies Eq. (12).
Proof. Statistically, the L.h.s. of Eq. (12) equals the portion
of samples p satisfying Lwm(M +p, K, m) <t. With 7/ =
{G(z):2+N(0,1)}, the r.h.s. of Eq. (12) is reduced to:

/PI‘(Z) -T [(EWM(MWM, K+G(Z), m) S t} dz

_ Ha: Lom(Mwm+piq, K,m) <t}
= 3 ’

the second equation holds since GG assumes its inputs as a
normal distribution, the last equation holds by Eq. (13). O

Having obtained the ownership key perturbation generator
G, the message is retrieved by:

R
m(i] = arg max {ZH [Verify(M,K +r,)[i] = b]} .
’ r=1
(14)
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i g ﬁ

Victim model Generator Victim model

(a) MROV. (b) MROV-V.

Figure 4: Multiple rounds of ownership verification, con-
ducted by the judge. (a) can only be applied to white-box
schemes. (b) can be applied to any scheme.

Theoretically, Eq. (14) is the variational approximation ver-
sion of Eq. (10) so the results are expected to be similar if G
accurately captures the influence of 7. Since G depends on a
watermarked model, the owner can watermark its model, run
the variational distribution transfer program, and further fine-
tune the watermarked model with the following regularizer
to enhance the robustness:

1L
LE(Mwy, K;m) = 5 > Lwm(Mwwm,K +5p,m). (15)
p=1
Different configurations of the watermarking scheme re-
garding the accurate transmission of the identity message are
summarized in Table 2 and Fig. 4.

Experiments and Discussions
Settings

We studied the capacity properties of several representative
DNN watermarking schemes. Uchida et al.’s scheme (Nagai
et al. 2018) is a prototypical static parameter-based white-
box watermarking scheme. The identity message is explic-
itly defined as Eq. (4). Spread-Transform Dither Modula-
tion watermarking (STDM) (Li, Tondi, and Barni 2021) is
a variant of Uchida et al.’s scheme with STDM activation
function. MTLSign (Li et al. 2022b) is a dynamic white-box
scheme. Each bit of the identity message is retrieved from
the prediction for a trigger returned from a binary classifier
based on hidden neurons’ responses. Content is a represen-
tative pattern of triggers defined in Zhang et al.’s black-box
scheme (Zhang et al. 2018). Exponential-weighting (Namba
and Sakuma 2019) uses normal training sample as triggers
with exponential regularizer during watermark embedding.
Front-stitching (Merrer, Pérez, and Trédan 2020) uses sam-
ples close to the decision boundary with adversarial perturba-
tions as triggers.

The task is classification on CIFAR-10 (Krizhevsky, Hin-
ton et al. 2009). The architecture of DNN model to be pro-
tected is ResNet-50 (He et al. 2016). To compile the iden-
tity message into classification predictions, we adopted the
vanilla interpreter and mapped the prediction of each trigger
into |log, 10| = 3 bits. All experiments were implemented
in PyTorch framework !.

!Source codes are available upon request.
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A (a) Minimal length of the identity message L (100 bit).

(b) Minimal performance degradation due to watermarking F'(L) (%).

Uchida | STDM | MTLS | Content| Expo | Front

Uchida STDM MTLS

Content | Expo Front

1% 16+0.5| 39+3 | 13£1 | 154+0.5] 18£2| 14.5£0.5
2% 21£2 | >81.92| 16£2 | 194+0.5| 28+8| 18.5£0.5
3% 366 | >81.92] 19+3 | 414+6 | 50+1| 28+3

0.3040.00] 0.38+£0.03| 0.16+0.01| 0.13+0.00| 0.16+0.02| 0.121-0.00
0.33£0.01| >0.79
0.42+0.03) >0.79

0.2040.03| 0.17£0.00| 0.2440.07| 0.16=0.00
0.241-0.04| 0.36=£0.05| 0.434+0.01| 0.25+0.03

Table 3: Expense of copyright protection measured by the necessarily minimal length of the identity message (a) and performance
degradation due to watermarking (b) computed by Theorem 3 when the ownership can be accurately retrieved from variants of
the watermarked model with performance degradation no more than A. Bold entries are optimal configurations. J =1024.
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Figure 5: Estimated capacity C'(6, L) as a function of the
performance degradation § under fine-tuning (-----), neuron-
pruning (- - -), and adversarial overwriting (—). The length
of the identity message L is set as 256, 512, 1024, and 2048.

Capacity Estimation

The dataset with which the adversary conducts the attacks
was 10% of the entire training dataset. A in adversarial over-
writing formulated in Table 1 was set as 0.1. Fine-tuning and
neuron-pruning were implemented as in (Lukas et al. 2022).
Each configuration was repeated for five times, the mean
capacity estimation of all watermarking schemes by Algo. 1
is illustrated in Fig. 5. We made the following observations.

(i) In general, C'(d, L) declines in § and increases in L
as predicted by Theorem 1. (ii) Compared with universal
watermark removal attacks with weaker assumptions on the
adversary such as fine-tuning and neuron-pruning, adversar-
ial overwriting yielded the lowest and tightest estimation of
the capacity since it directly tampers with the watermark
while preserves the model’s performance simultaneously. (iii)
Capacity varies with the watermarking scheme. As a covert
version of Uchida, the capacity of STDM is extremely small
since the embedded information be removed with slight mod-
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Figure 6: Estimated minimal length of the identity message,
J =1024. The dashed lines mark the cost in fidelity F'(L).

The solid lines mark F/(L)+ming{d:C(, L) <.J}, shadow
areas denote fluctuations during experiments.

ification and hence negligible performance degradation. This
fact reflects the tradeoff between capacity and stealthiness.
The capacity of black-box schemes depends on the pattern of
triggers and has to be measured a posteriori.

As a conclusive evaluation of studied DNN watermark-
ing schemes, we applied Theorem 3 and computed the min-
imal length of the identity message and the minimal per-
formance degradation due to watermark embedding. We
set J = 1024 as a standard digital signature scheme DSA-
1024 with A = {1%, 2%, 3%}. As demonstrated in Fig. 6,
the monotonicity is identical to predictions in Fig. 2, the
fidelity F'(L) was computed and interpolated for L =
{256, 512,1024, 2048, 4096, 8192}. L was estimated using
Eq. (9) with a granularity of 50 bit, numerical results are
given in Table 3. We noted that the scheme with the largest
capacity (MTLS) had the smallest minimal identity message
length, but the corresponding performance degradation is not
always the lowest. Therefore, a good watermarking scheme
should have both a large capacity and a high fidelity.

Efficacy of MROV-V

We verified the efficacy of the proposed variational multiple
rounds of ownership verification (we focused on MROV-V-1
and MROV-V-2 that are applicable in the black-box settings)
for six watermarking schemes.

The distribution of perturbations on the parameters = was
set as a normal distribution as in (Bansal et al. 2022). The
variational approximation distribution 7’ for trigger-based
schemes including MTLS, Content, Expo, and Front was
generated by a decoder with four deconvolutional layers. For
Uchida and STDM, the decoder was a four-layer MLP. Each
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A | Setting (b) Minimal performance degradation due to watermarking F'(L )(%)
Uchida STDM MTLS Content | Expo Front

1% MROV-V-1 | 0.17+£0.01| 0.24£0.02| 0.16+0.01| 0.12£0.00] 0.1440.01| 0.12=£0.00
MROV-V-2 | 0.23+0.01| 0.42+0.01| 0.23+0.01| 0.24£0.01| 0.254+0.02| 0.24+0.01

29 MROV-V-1 | 0.20+£0.01| 0.41£0.04| 0.19£0.01| 0.16+0.01| 0.23+0.07| 0.14+0.00
MROV-V-2 | 0.28+0.01| 0.7440.03| 0.27£0.01| 0.29+0.02| 0.3640.05| 0.28+£0.01

3% MROV-V-1 | 0.25+£0.01| 0.71£0.04] 0.23+0.01| 0.28+0.03| 0.38+0.05| 0.25+0.00
MROV-V-2 | 0.34+£0.01| 1.04£0.07| 0.32+0.01| 0.38£0.06| 0.47+0.09| 0.34£0.01

Table 4: Expense of copyright protection using DNN watermarking schemes computed by Theorem 3 when the ownership can be
accurately retrieved from variants of the watermarked model with performance degradation no more than A. J = 1024. Entries
marked in shadow are configurations outperformed by the baseline in Table 3.

2000 5Tz

0 0.01 0.02 0.03
(a) Uchida.

0 0.01 0.02 0.03
(d) Content.

0 0.01 0.02 0.03
(c) MTLSign.

% 001 002 003

(f) Front.

o 0.0 002 003
(e) Exponential.

Figure 7: Estimated capacity under adversarial overwrit-
ing under the baseline setting (—), MROV-V-1(- - -), and
MROV-V-2 (---.+). L is set as 256, 512, 1024, and 2048.

autoencoder was trained on a collection of ) = 10000 in-
stances of parameters perturbations. The number of rounds
was fixed as R = 100. During watermark embedding of
MROV-V-2 defined by Eq. (15), P=10.

Empirically, both MROV-V-1 and MROV-V-2 reduced the
BER during ownership verification under adversarial modifi-
cations. To provide a fair and uniform comparison between
MROV-V-1/2 and the basic one-time ownership verification,
we transformed the BER statistics into capacity upper bounds
using Theorem 2 and visualized them in Fig. 7. It is observed
that MROV-V-1/2 increases the bound so more information
can be safely transmitted through DNN watermark. This is
because that the adversary has to modify the victim model
until all neighbours of the ownership key fail to expose the
correct identiy message (instead of only the ownership key
as in one-time verification). MROV-V-2 has the largest ca-
pacity since the adversary has to exert larger modifications to
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Figure 8: Estimated minimal length of the identity message
under MROV-V-2, J=1024.

suppress the effect of regularizer in Eq. (15).
However, MROV-V-2 also introduces a worse fidelity, i.e.,
although mins {0 : (6, L) < J} decreases, F'(L) also in-

creases so L computed by Eq. (9) and F'(L ) are not guaran-
teed to decline. This fact is demonstrated by Fig. 8. Numeri-
cally, we computed the corresponding performance degrada-
tion to the minimal length of the identity message in Table 4.
We remark that both types of MROV-V reduce the minimal
length of the identity message, but only MROV-V-1 can al-
ways reduce the minimal performance degradation due to
watermarking since F'(L) is left invariable. In all settings
of MTLS, Content, Expo, and Front, MROV-V-2 yields a
higher cost because of the corrupted fidelity.

As aresult, we recommend the configuration of MROV-V-1
which is universally applicable, non-invasive, and is promised
to increase the capacity’s upper bound and hence reduce the
expense of DNN copyright protection.

Conclusions

This paper studies the information capacity of DNN water-
marks. We propose a unified definition and show how it is
related to the accuracy, robustness, and the expense of owner-
ship verification. An estimation method is designed to find
an upper bound of the capacity by adversarial overwriting.
Finally, we demonstrate that the capacity bottleneck can be
broken by reducing the code rate with multiple rounds of own-
ership verification and incorporate variational approximation
on the ownership keys to expand the applicability. Experi-
ments show that our scheme efficiently secure the ownership
verification with no marginal performance degradation.
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