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Abstract

Social media and other platforms rely on automated de-
tection of abusive content to help combat disinformation, ha-
rassment, and abuse. One common approach is to check user
content for similarity against a server-side database of prob-
lematic items. However, this method fundamentally endangers
user privacy. Instead, we target client-side detection, notifying
only the users when such matches occur to warn them against
abusive content.

Our solution is based on privacy-preserving similarity test-
ing. Existing approaches rely on expensive cryptographic
protocols that do not scale well to large databases and may
sacrifice the correctness of the matching. To contend with this
challenge, we propose and formalize the concept of similarity-
based bucketization (SBB). With SBB, a client reveals a small
amount of information to a database-holding server so that it
can generate a bucket of potentially similar items. The bucket
is small enough for efficient application of privacy-preserving
protocols for similarity. To analyze the privacy risk of the re-
vealed information, we introduce a framework for measuring
an adversary’s confidence in inferring a predicate about the
client input correctly. We develop a practical SBB protocol for
image content, and evaluate its client privacy guarantee with
real-world social media data. We then combine SBB with
various similarity protocols, showing that the combination
with SBB provides a speedup of at least 29 x on large-scale
databases compared to that without, while retaining correct-
ness of over 95%.

1 Introduction

Faced with various policy-violating activities ranging from
disinformation [64] to harassment [21,35,51] and abuse [10,
78], social media companies increasingly rely on automated
algorithms to detect deleterious content. One widely used
approach is to check that user content is not too similar to
known-bad content. For example, to detect child sexual abuse
imagery [10], some platforms utilize similarity hashing ap-
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proaches like PhotoDNA [54] or PDQHash [1]. These ap-
proaches map user-shared images into unique representations
that encode perceptual structure, enabling quick comparisons
against a database of hash values. Such approaches could be
helpful for combating other forms of bad content, such as the
viral spread of visual misinformation on end-to-end encrypted
messaging services [64]. For example, they could augment
other efforts to provide users with important context about
shared content [5, 16].

Currently deployed approaches rely on sending user con-
tent or a similarity hash of the content to a moderation ser-
vice. This risks user privacy. As we detail in the body, the
service can easily match a submitted similarity hash against
known images to learn the content of a user’s image with
overwhelming confidence. Privacy can be improved utilizing
cryptographic two-party computation (2PC) [44, 82] tech-
niques to only reveal matching content to the moderation
service and nothing more. The recent CSAM image detec-
tion system proposed by Apple [3] goes one step further and
notifies the platform only when the number of matching im-
ages surpasses a certain threshold. Automated notification
of platforms necessarily raises concerns about privacy and
accountability (e.g., how to ensure the system is not used for
privacy-invasive search for benign images).

An alternative approach is to have only the client learn the
output of similarity checks, to enable client-side notifications,
warning or otherwise informing users. This may not be suit-
able for all classes of abusive content, such as CSAM, where
the recipient may be adversarial, but could be useful for other
abuse categories (misinformation, harassment, etc.). However,
the scale of databases makes it prohibitive both to send the
known-bad hashes to the client or, should hashes be sensitive,
apply 2PC techniques to ensure as little as possible about
the database leaks to clients. For an example of the latter,
Kulshrestha and Mayer’s [44] private approximate member-
ship computation (PAMC) protocol achieves state-of-the-art
performance, but nevertheless requires about 27 seconds to
perform a similarity check against a database with one million
images. The protocol also has an average false negative rate of



almost 17% for slightly transformed images, meaning many
similar images may be erroneously marked as dissimilar.

In this work, we target client-side detection, in order to
warn users against abusive content. To this end, we explore
the question of how to scale privacy-preserving image simi-
larity protocols, while preserving correctness of the similarity
testing. We introduce and formalize the concept of similarity-
based bucketization (SBB). The idea is to reveal a small
amount of structured information in a message to a database-
holding server, so that it can determine a bucket of possibly
relevant database entries. Ideally the bucket consists of only
a small fraction of the full database, enabling use of a sub-
sequent similarity testing protocol on the bucket to perform
the final similarity check. We explore instantiating the testing
protocol in a variety of ways.

The key technical challenge facing SBB is balancing the
competing goals of minimizing bucket size (efficiency) with
leaking as little information as possible (privacy). For ex-
ample, one could modify a standard similarity hash, say
PDQHash, to provide only very coarse comparisons. But as
we will show, this still leaks a lot of information to the server,
allowing high-confidence attacks that can associate the coarse
hash to the specific content of a client request. More broadly
we need a framework for navigating this tension.

We propose such a framework. It formalizes information
leakage using a game-based definition. To be specific, an
adversarial server attempts to learn, from an SBB message
generated for some image drawn from an adversary-known
distribution, a predicate about the underlying image. As an
important running example, we use a “matching predicate”
that checks if the underlying image has the same perceptual
hash value as that of a known target image. Unlike in more
traditional cryptographic definitions (e.g., [31]), we do not re-
quire the adversarial server to have negligible success (which
would preclude efficiency) and instead offer a range of mea-
sures including accuracy improvement over baseline guessing,
adversarial precision, and adversarial area under the receiver
operating characteristic curve (AUC). Indeed, there is no one-
size-fits-all approach to measuring privacy damage, and our
framework allows one to more broadly assess risks.

We offer a concrete SBB mechanism that increases adver-
sarial uncertainty compared to naive approaches. It converts
any similarity hash that uses Hamming distance to a privacy-
preserving coarse embedding; we focus on PDQHash because
it is widely supported. We combine techniques from locality-
sensitive hashing [30] with lightweight noise mechanisms.
The ultimate algorithm is conveniently simple: apply a stan-
dard PDQHash to an image, choose a designated number d
of bit indices randomly, flip each selected bit with probabil-
ity v, and then send the resulting d bits and their indices to
the server. An image in the server’s database is included in a
bucket should k or fewer of the relevant d bits of its PDQHash
mismatch with those that are sent from the client.

Using real-world social media data, we empirically assess

correctness, efficiency and privacy under various definitions.
We explore various settings of d, vy, and k, and show that it
is possible to ensure average bucket sizes of 9.3% of the
database, while: (1) ensuring that the similar images are in-
cluded in the bucket at least 95% of the time, and (2) an
optimal adversary for the matching predicate achieves less
than 50% precision, signifying low confidence in matching
attacks. We caution that these empirical results are dataset-
dependent, and may not generalize to every potential use case.
Instead they can be interpreted as a proof-of-concept that SBB
works in a realistic scenario.

We then combine our SBB mechanism with various sim-
ilarity protocols, with different privacy guarantees for the
server’s content. For the expedient approach of downloading
the bucket of server PDQHash values and performing compar-
isons on the client side, SBB provides a speedup of 29x or
more. A full similarity check requires less than 0.5 seconds
for a database of 22 images. We also explore using SBB
to speed up an ad hoc similarity protocol based on secure
sketches [20], as well as 2PC protocols implemented in the
EMP [77] and CrypTen [43] frameworks. Our experiments
indicate that SBB can provide speed-ups of 601 %, 97x, and
67x, respectively, and often enables use of 2PC that would
fail otherwise due to the size of the database.

We conclude by discussing various limitations of our re-
sults, and open questions that future work should answer be-
fore deployment in practice. Nevertheless, we expect that our
SBB approach will be useful in a variety of contexts. En-
crypted messaging apps could use it to help warn users about
malicious content, with significantly better privacy than ap-
proaches that send plaintext data to third-party servers [5, 16].
In another setting, social media platforms that currently query
their users’ plaintext data to third-party services to help iden-
tify abuse (e.g., [26, 74]) could use our techniques to improve
privacy for their users. To facilitate future research, our proto-
type implementation is publicly available.'

2 Background and Existing Approaches

In this section, we provide some background about a key mo-
tivating setting: providing client-side detection of bad content
in end-to-end (E2E) encrypted messaging. That said, our ap-
proaches are more general and we discuss other deployment
scenarios in Appendix D.

Content detection and end-to-end encryption. Content
moderation aims to mitigate abuse on social media platforms,
and can include content removal, content warnings, block-
ing users, and more. Most moderation approaches rely on
detecting objectionable content, particularly at scale where
automated techniques seem to be requisite. Social media com-
panies often maintain large databases of known adversarial
content [10,54] and compare a client message with items in
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the databases to see if the message is sufficiently similar to
some piece of adversarial content. However, this approach
requires the client to reveal plaintext message content, which
stands in tension with privacy-preserving technologies like
E2E encryption. On the other hand, leaving contents unmoder-
ated on the platform is unsatisfactory given the harms caused
by abusive content such as misinformation, child sexual abuse
material (CSAM), harassment, and more.

Governments” and non-governmental organizations’ have
for many years emphasized the need for technical innovations
that could enable law enforcement access to encrypted data,
while minimizing risks of privacy violation [2,23, 68]. How-
ever, security experts have repeatedly expressed concern that
such ‘backdoor’ access would fundamentally break the pri-
vacy of E2E encryption [18,42,55,61] or, if it provided content
blocking functionality, enable problematic censorship [61].

In this work, we target mitigations that allow privacy-
preserving client-side detection of content similar to known
bad content. We focus on images, as discussed below. Our
protocol is agnostic to how client software uses this detection
capability, but we believe that client software should be de-
signed to empower users with information and the ability to
make their own decisions about content.

Our techniques may be useful, for example, to mitigate
the increasing use of E2E encrypted messaging for harmful
disinformation campaigns [33,64]. A widely discussed ap-
proach is to warn users against known disinformation. Recent
research [41] has shown that when carefully designed, such
warnings are effective in guiding user behaviors to avoid dis-
information. Our work provides a technical solution for the
client-side warning mechanism. To be specific, the proposed
system queries whether a client’s received content is similar
to known disinformation and returns the answer only to the
client. Such a design avoids both outright censorship and no-
tifying platform operators that a particular client received a
particular piece of content. This solution would enable the
kinds of user-initiated known content detection approaches
that have been suggested recently [11,52], and could help
complement existing anti-abuse techniques that do not con-
sider content, such as those used in WhatsApp [79].

But warning-style approaches that inform and empower
users may not be suitable for threats like CSAM, where the
recipients of messages can themselves be bad actors. Here
client software would seemingly have to limit user choice, au-
tomatically blocking detected content and/or notifying some
authority about it. Recent designs for CSAM mitigations in-
clude the Kulshrestha-Mayer protocol [44] (when used to
notify the platform) and the CSAM detection proposal by
Apple [3]. Cryptographers have, in turn, raised the alarm that,
while efforts to combat CSAM are laudable, these platform-
notifying systems represent a potential E2E encryption back-
door that is subject to misuse by platform operators or govern-
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ments [32,53] and that future work is needed to make such
systems transparent and accountable. Our work is different, as
we target client-side notification and not platform notification.

Another concern is that even client-side notification ends
up a stepping stone towards riskier backdoor/censorship mech-
anisms, because once the former is deployed it will be easier
to deploy, or justify deploying, the latter. Client-side function-
ality at least provides the opportunity for activists and others
to detect changes to client-side software and understand their
effects, adding some transparency and accountability. At the
same time, arguments for, or against, various anti-abuse mech-
anisms would do well to delineate between approaches that
empower users to understand and control their online expe-
rience (warnings, the ability to select users/content to block)
and that disempower users (client-side or platform-side auto-
matic censorship). We believe our techniques will be useful
for the former, without intrinsically promoting the latter.

Client-side similarity testing and privacy. As mentioned
above, we focus on private image similarity testing services.
These allow a client, who receives some value w on an E2E
encrypted platform, to submit a request to a service provider
holding a database B; the response indicates to the client
whether w is similar to any item in . As the database B
may be quite large, we need scalable solutions. The service
provider could be the messaging platform, or a third party
service. In the case when the provider is a third party service,
the protocol runs between the client and the testing service,
without involvement of platform servers.

A key concern will be the privacy risk imposed on clients
by a testing service. Our threat model consists of an adversary
in control of the service’s servers, who wants to learn infor-
mation about a client’s image w by inspecting messages sent
to the service in the course of similarity testing. This is often
referred to as a semi-honest adversary, though our approaches
will meaningfully resist some types of malicious adversaries
that deviate from the prescribed protocol. In terms of privacy
threat, we primarily focus on what we call a matching attack,
in which the adversary wishes to accurately check whether
w matches some adversarially chosen image (see Section 4
for a formalization). A matching attack enables, for exam-
ple, adversarial service operators to monitor whether clients
received any image on an adversarially chosen watchlist.

In this initial work we primarily focus on the risks against
a single query from the client, and explicitly do not consider
adversaries that just want to recover partial plaintext infor-
mation, such as if the adversary wants to infer if an image
contains a person or not. While we believe our results also
improve privacy for such attacks, we do not offer evidence
either way and future work will be needed to explore such
threats. We also do not consider misbehaving servers that
seek to undermine correctness, e.g., by modifying 5 to force
clients to erroneously flag innocuous images. How to build
accountability mechanisms for this setting is an interesting



open question. We simulate the scenarios of adversaries that
somehow can take advantage of known correlations between
queried images in Appendix E and propose potential mitiga-
tion solutions in Section 7.

Nevertheless there are already several challenges facing
developing a service that prevents accurate matching attacks
in our setting. While prior work has established practical pro-
tocols for private set membership [45,75], these only provide
exact equality checks. Even small manipulations such as im-
age re-sampling, minor cropping, or format conversion make
exact matching schemes fail. Second, the database B can be
arbitrarily large and may require frequent update. For instance,
the published dataset from Twitter with activities of accounts
associated to the Russian Internet Research Agency consist
of 2 million images in total [29].

Existing approaches. We review deployed systems and
suggested designs for image similarity testing.

Plaintext services. Most current deployments have the
client upload their image to a third party service. A prominent
example is the PhotoDNA service. After a client submits an
image to the service, it immediately hashes the image using
a proprietary algorithm [54]. Importantly, the hash can be
compared to other hashes of images in a way that measures
similarity of the original images. Such hashes are often called
similarity hashes [15,58] or perceptual hashes [83]. (We show
examples later.) The original image that was sent to the ser-
vice is deleted after hashing. This plaintext design has various
benefits, including simplicity for clients and the ability to
hide the details of the hashing used. The latter is important in
contexts where malicious users attempt to modify an image
w € B in the service’s bad list to create an image w’ that will
not be found as similar to any image in 5 (including w) [81].

Another example of a plaintext service is WhatsApp’s in-
app reverse search function to combat visual misinforma-
tion [5], rolled out in June 2020. This feature allows users to
submit their images to Google reverse image search for the
source or context of a specific image. In this case, the user
needs to reveal their image to both Google and WhatsApp,
sacrificing user privacy.

Hashing-based services. For privacy-aware clients, reveal-
ing plaintext images represents a significant privacy risk. An
alternative approach is to use a public hashing algorithm, have
the client first hash their image, and submit only the resulting
representation to the similarity checking service. While this
requires making the hashing algorithm available to clients
(and, potentially, adversarial users), it improves privacy be-
cause the original images are not revealed to the service. It
also improves performance: hashes can be compact (e.g., 256
bits) and compared against a large database B in sublinear
time [57]. This approach is used by Facebook’s ThreatEx-
change [26] service that allows organizations to share hashes
of images across trust boundaries. They use a custom similar-
ity hash called PDQHash [1].

Sharing hashes, however, still has privacy risk. For example,
although the lossy process of PDQHash generation makes
recovering the exact input impossible in general, revealing
the hash allows inferring whether a queried value is similar
to another image. An adversary at the service provider’s side
may brute-force search a database of images to find ones close
to the queried value.

Cryptography-based services. An alternative approach that
preserves privacy is to employ a secure 2PC protocol [82]
between the client and service. Existing 2PC protocols for
similarity matching (e.g., [7, 13,39]) can, in the best case,
ensure that no information about the client’s image is leaked
to the server and that nothing about B (beyond whether it
contains a similar image) leaks to the client. However, existing
2PC protocols do not efficiently scale to large databases 5.

Recent work by Kulshrestha and Mayer [44] proposed pri-
vate approximate membership computation (PAMC) to allow
similarity testing of images encoded as PDQHashes. The
protocol begins by splitting the database B into buckets. Us-
ing private information retrieval, a client retrieves a bucket
from the server with the bucket identifier generated from the
PDQHash of their image. The chosen bucket is not disclosed
to the server. The two parties then perform a private similarity
test to determine whether the client PDQHash has sufficiently
small Hamming distance to any image in the bucket. The
protocol is still rather expensive, with their initial experiments
requiring 37.2 seconds for a one-time set up and 27.5 seconds
for a query for a block list with the size of 22°. These times
exclude network delays (measurements were performed with
client and server on the same workstation). While a step closer
to practicality, this remains prohibitive particularly since we
expect that performance in deployment would be worse for
lightweight client hardware such as mobile phones.

Concurrent work by Apple [3] proposed a protocol that
encodes images from a user’s cloud storage into perceptual
hashes. The perceptual hashing algorithm maps similar im-
ages into identical hashes with high probability. The protocol
then performs private set intersection between the encoded
hashes and a database of known CSAM images. The private
contents are revealed to the platform only when the number of
matches exceeds a certain threshold. Whether such a protocol,
designed for CSAM detection, is fit for client-side detection
remains a question for future work to explore.

In summary, all three existing design approaches for image
similarity testing — revealing images as client requests, using
similarity representations like PDQHash as client requests,
and employing secure 2PC protocols — do not provide satis-
fying solutions. The first two designs do not provide sufficient
privacy, while 2PC designs are currently not sufficiently effi-
cient. Thus we need a new approach to similarity testing.
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