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Abstract
Cache side-channel attacks extract secrets by examining

how victim software accesses cache. To date, practical attacks
on cryptosystems and media libraries are demonstrated under
different scenarios, inferring secret keys and reconstructing
private media data such as images.

This work first presents eight criteria for designing a full-
fledged detector for cache side-channel vulnerabilities. Then,
we propose CACHEQL, a novel detector that meets all of
these criteria. CACHEQL precisely quantifies information
leaks of binary code, by characterizing the distinguishability
of logged side channel traces. Moreover, CACHEQL models
leakage as a cooperative game, allowing information leakage
to be precisely distributed to program points vulnerable to
cache side channels. CACHEQL is meticulously optimized
to analyze whole side channel traces logged from production
software (where each trace can have millions of records), and
it alleviates randomness introduced by cryptographic blinding,
ORAM, or real-world noises.

Our evaluation quantifies side-channel leaks of production
cryptographic and media software. We further localize vul-
nerabilities reported by previous detectors and also identify a
few hundred new leakage sites in recent OpenSSL (ver. 3.0.0),
MbedTLS (ver. 3.0.0), Libgcrypt (ver. 1.9.4). Many of our lo-
calized program points are within the pre-processing modules
of cryptosystems, which are not analyzed by existing works
due to scalability. We also localize vulnerabilities in Libjpeg
(ver. 2.1.2) that leak privacy about input images.

1 Introduction

Cache side channels enable confidential data leakage through
shared data and instruction caches. Attackers can recover pro-
gram secrets like secret keys and user inputs by monitoring
how victim software accesses cache units. Exploiting cache
side channels has been shown particularly effective for cryp-
tographic systems such as AES, RSA, and ElGamal [25, 53].
Recent attacks show that private user data including images
and text can be reconstructed [26, 62, 66].
∗The extended version of the USENIX Security 2023 paper [65].
†Corresponding author.

Both attackers and software developers are in demand to
quantify and localize software information leakage. It is also
vital to precisely distribute information leaks toward each vul-
nerable program point, given that exploiting program points
that leak more information can enhance an attacker’s suc-
cess rate. Developers should also prioritize fixing the most
vulnerable program points. Additionally, cyber defenders are
interested in assessing subtle information leaks over cryp-
tosystems already hardened by mitigation techniques (e.g.,
blinding). Nevertheless, most existing cache side channel de-
tectors focus exclusively on qualitative analysis, determining
whether programs are vulnerable without quantifying infor-
mation that these flaws may leak [12,56,57,59,66]. Given the
complexity of real-world cryptosystems and media libraries,
scalable, automated, and precise vulnerability localization is
lacking. As a result, developers may be likely reluctant (or
unaware) to remedy vulnerabilities discovered by existing
detectors. As shown in our evaluation (Sec. 8), attack vectors
in production software are underestimated.

This work initializes a comprehensive view on detecting
cache side-channel vulnerabilities. We propose eight criteria
to design a full-fledged detector. These criteria are carefully
chosen by considering various important aspects like scalabil-
ity. Then, we propose CACHEQL, an automated detector for
production software that meets all eight criteria. CACHEQL
quantifies information leakage via mutual information (MI)
between secrets and side channels. CACHEQL recasts MI
computation as evaluating conditional probability (CP), char-
acterizing distinguishability of side channel traces induced
by different secrets. This re-formulation largely enhances
computing efficiency and ensures that CACHEQL’s quantifi-
cation is more precise than existing works. It also principally
alleviates coverage issue of conventional dynamic methods.

We also present a novel vulnerability localization method,
by formulating information leak via a side channel trace as
a cooperative game among all records on the trace. Then,
Shapley value [49], a well-established solution in coopera-
tive game theory, helps to localize program points leaking
secrets. We rely on domain observations (e.g., side channel
traces are often sparse) to reduce the computing cost of Shap-
ley value from O(2N) to roughly constant with nearly no
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loss in precision.1 CACHEQL directly analyzes binary code,
and captures both explicit and implicit information flows.
CACHEQL analyzes entire execution traces (existing works
require traces to be cut to reduce complexity) and overcomes
“non-determinism” introduced by noises or hardening tech-
niques (e.g., cryptographic blinding, ORAM [25]).

We evaluate CACHEQL using production cryptosystems
including the latest versions (by the time of writing) of
OpenSSL, Libgcrypt and MbedTLS. We also evaluate Libjpeg
by treating user inputs (images) as privacy. To mimic debug-
ging [57], we collect memory access traces of target software
using Intel Pin as inputs of CACHEQL.2 We also mimic auto-
mated real attacks in userspace-only scenarios, where highly
noisy side channel logs are obtained via Prime+Probe [53]
and fed to CACHEQL. CACHEQL analyzed 10,000 traces in
6 minutes and found hundreds of bits of secret leaks per soft-
ware. These results confirm CACHEQL’s ability to pinpoint
all known vulnerabilities reported by existing works [56, 59]
and quantify those leakages. CACHEQL also discovers hun-
dreds of unknown vulnerable program points in these cryp-
tosystems, spread across hundreds of functions never reported
by prior works. Developers promptly confirmed representa-
tive findings of CACHEQL. Particularly, despite the adoption
of constant-time paradigms to harden sensitive components,
cryptographic software is not fully constant-time, whose non-
trivial secret leaks are found and quantified by CACHEQL.
CACHEQL reveals the pre-process modules, such as key en-
coding/decoding and BIGNUM initialization, can leak many
secrets and affect all modern cryptosystems evaluated. In
summary, we have the following contributions:

• We propose eight criteria for systematic cache side-
channel detectors, considering various objectives and re-
strictions. We design CACHEQL, satisfying all of them;

• CACHEQL reformulates mutual information (MI) with
conditional probability (CP), which reduces the com-
puting error and cost efficiently. It then estimates CP
using neural network (NN). Our NN can properly handle
lengthy side channel traces and analyze secrets of various
types. Moreover, it does not require manual annotations
of leakage in training data;

• CACHEQL further uses Shapley value to localize pro-
gram points leaking secrets by simulating leakage as a
cooperative game. With domain-specific optimizations,
Shapley value, which is computational infeasible, is cal-
culated with a nearly constant cost;

• CACHEQL identifies subtle leaks (even with RSA blind-
ing enabled), and its correctness has theoretical guaran-
tee and empirical supports. CACHEQL also localizes all
vulnerable program points reported by prior works and
hundreds of unknown flaws in the latest cryptosystems.
Our representative findings are confirmed by develop-
ers. It illustrates the general concern that BIGNUM and

1N, the length of a side channel trace, reaches 5M in OpenSSL 3.0 RSA.
2Using Intel Pin to log memory access traces is a common setup in this

line of works. CACHEQL, however, is not specific to Intel Pin [41].

pre-processing modules are largely leaking secrets and
undermining recent cryptographic libraries.

Research Artifact. To support follow-up research, we release
the code, data, and all our findings at https://github.com/
Yuanyuan-Yuan/CacheQL [4].

2 Background & Motivating Example
Application Scope. CACHEQL is designed as a bug de-
tector. It shares the same design goal with previous detec-
tors [21, 56, 57, 59, 60], whose main audiences are developers
who aim to test and “debug” software. CACHEQL is inca-
pable of synthesizing proof-of-concept (PoC) exploits and is
hence incapable of launching real attacks. In general, exploit-
ing cache side channels in the real world is often a multi-step
procedure [37] that involves pre-knowledge of the target sys-
tems and manual efforts. It is challenging, if not impossible,
to fully automate the process. For instance, exploitability may
depend on the specific hardware details [37, 39, 64], and in
cloud computing, the success of co-residency attacks denotes
a key pre-condition of launching exploitations [69]. These
aspects are not considered by CACHEQL which performs
software analysis. Given that said, we evaluate CACHEQL by
quantifying information leaks over side channel traces logged
by standard Prime+Probe attack, and as a proof of concept,
we extend CACHEQL to reconstruct secrets/images with rea-
sonable quality over logged traces (see details in Appx. C).
We believe these demonstrations show the potential and ex-
tensibility of CACHEQL in practice.
Threat Model. Aligned with prior works in this field [6, 12,
21, 56, 57], we assume attackers share the same hardware
platforms with victim software. Attackers can observe cache
being accessed when victim software is running. Attackers
can log all cache lines (or other units) visited by the victim
software as a side channel trace [37, 64].

Given a program g, we define the attacker’s observation,
a side channel trace, as o ∈ O when g is executing k ∈ K. O
and K are sets of all observations and secrets. K can be cryp-
tographic keys or user private inputs like photos. We consider
a “debug” scenario where developers measure leakage when
g executes k. Aligned with prior works [59, 60], we assume
that developers can obtain noise-free o, e.g., o is execution
trace logged by Pin. We also assume developers are interested
in assessing leaks under real attacks. Indeed, OpenSSL by
default only accepts side channel reports exploitable in real
scenarios [3]. We thus also launch standard Prime+Probe at-
tack to log cache set accesses. We aim to quantify information
in k leaked via o. We also analyze leakage distribution across
program points to localize flaws. Developers can prioritize
patching vulnerabilities leaking more information.
Two Vulnerablities: Secret-Dependent Control Branch
and Data Access. Our threat model focuses on two popular
vulnerability patterns that are analyzed and exploited previ-
ously, namely, secret-dependent control branch (SCB) and
secret-dependent data access (SDA) [6, 12, 21, 22, 38, 56, 57].
SDA implies that memory access is influenced by secrets, and
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therefore, monitoring which data cache unit is visited may
likely reveal secrets [64]. SCB implies that program branches
are decided by secrets, and monitoring which branch is taken
via cache may likely reveal secrets [38]. CACHEQL captures
both SCB and SDA, and it models secret information flow.
That is, if a variable v is influenced (“tainted”) by secrets
via either explicit or implicit information flow, then control
flow or data access that depends on v are also treated as SCB
and SDA. The definition of SDA/SCB is standard and shared
among previous detectors [21, 56, 57, 59, 60].

(a) SDA via implicit info. flow (L11).

// s is a 1024-bit key
BIGNUM s;

for(i=0; i<512; i+=4) {
// secret dependent
x[s[i:i+4] % 4] = 0;

}
for(; i<1024; i++) {
// secret dependent
if(s[i])
y[1] = 0;

}

// s is a 1024-bit key
BIGNUM s;

for(i=0;i<1024;i++) {
// random integer
x[urand() % 2048]=0;

} 

// secret dependent
y[s[0:256] / 2] = 0;
// secret dependent
z[s[256:512] / 2] = 0;

(b) Prog. with random data access (L6).
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Figure 1: Two pseudocode code of secret leakage. The secrets
are 1024-bit keys. s[i:j] are bits between the i-th (included)
and j-th bit (excluded).

Detecting SDA Using CACHEQL.3 Consider two vulnera-
ble programs depicted in Fig. 1. In short, two program points
in Fig. 1(a) have 128 (L6) and 512 (L11) memory accesses
that are secret-dependent (i.e., SDA). Developer can use Pin
to log one memory access trace o when executing Fig. 1(a),
and by analyzing o, CACHEQL reports a total leakage of 768
bits. CACHEQL further apportions the SDA leaked bits as: 1)
2 bits for each of 128 memory accesses at L6, and 2) 1 bit
for each of 512 memory accesses at L11. For Fig. 1(b), two
array lookups at L10 and L12 depend on the secret. Given a
memory access trace o, CACHEQL quantifies the leakage as
510 bits and apportions 255 bits for each SDA. We discuss
technical details of CACHEQL in Sec. 4, Sec. 5, and Sec. 6.
Comparison with Existing Quantitative Analysis.4 Mi-
croWalk [60] measures information leakage via mutual infor-
mation (MI). However, we find that its output is indeed mun-
dane Shannon entropy rather than MI over different program
execution traces, since both key and randomness like blinding
can differ traces. MicroWalk has two computing strategies:
whole-trace and per-instruction. For Fig. 1(b), MicroWalk re-
ports 1024 leaked bits using the whole-trace strategy. The per-
instruction strategy localizes three leakage program points,
where each point leaks 1024 (L6), 255 (L10), and 255 (L12)
bits, respectively. However, it is clear that those 1024 memory
accesses at L6 are decided by non-secret randomness. Thus,
both quantification and localization are inaccurate. Abacus [6]
uses trace-based symbolic execution to measure leakage at
each SDA, by estimating number of different secrets (s) that
induces the access of different cache units. No implicit in-

3SCB can be detected in the same way, and is thus omitted here.
4We discuss their analysis about SDA; SCB is conceptually the same.

formation flow is modelled, thereby omitting to “taint” the
memory access at L11 of Fig. 1(a). Abacus quantifies leakage
of Fig. 1(a) over o as 256 bits, since it only finds SDA at L6.

Program points may have dependencies. For instance, one
branch may have its information leaked in its parent branch,
and therefore, separately adding them together largely over-
estimates the leakage: Abacus outputs a total leakage of 413.6
bits in AES-128, despite its 128-bit key length. CACHEQL
precisely calculates the leakage as 128.0 bits (Sec. 8.2.1).
Also, some static analyses [15,21,22] have limited scalability
due to heavyweight abstract interpretation or symbolic ex-
ecution. Real-world cryptosystems and media software are
complex, with millions of records per side channel trace. In
addition, they are often unable to localize vulnerable points.

3 Related Works & Criteria

We propose eight criteria for a full-fledged detector. Ac-
cordingly, we review related works in this field and assess
their suitability. Sec. 8.3 empirically compares them with
CACHEQL. Also, many studies launch cache analysis on
real-time systems and estimate worst-case execution time
(WCET) [16, 35, 36, 43]; we omit those studies as they are
mainly for measurement, not for vulnerability detection.
Execution Trace vs. Cache Attack Logs. Most existing de-
tectors [12, 56, 57] assume access to execution traces. In ad-
dition to recording noise-free execution traces (e.g., via Intel
Pin), considering real cache attack logs is equally important.
Cryptosystem developers often require evidence under real-
world scenarios to issue patches. For instance, OpenSSL by
default only accepts side channel reports if they can be suc-
cessfully exploited in real-world scenarios [3]. In sum, we
advocate that a side channel detector should xh1 analyze both
execution traces and real-world cache attack logs.
Deterministic vs. Non-deterministic Observations. Deter-
ministic observations imply that, for a given secret, the
observed side channel is fixed. Decryption, however, may
be non-deterministic due to various masking and blinding
schemes used in cryptosystems. Furthermore, techniques like
ORAM [25] can generate non-deterministic memory accesses
and prevent information leakage. Thus, memory accesses or
executed branches may differ between executions using one
secret. Nearly all previous works [6, 12, 56, 57] only consider
deterministic side channels, failing to analyze the protection
offered by blinding/ORAM and may overestimate leaks (not
just keys, blinding/ORAM also change side channel observa-
tions). We suggest that a detector should xh2 analyze both deter-
ministic and non-deterministic observations. CACHEQL uses
statistics to quantify information leaks from non-deterministic
observations, as explained in Sec. 4.4.
Analyze Source Code vs. Binary. A detector should typ-
ically analyze software in executable format. This allows
the analysis of legacy code and third-party libraries. More
importantly, by analyzing assembly code, low-level details
like memory allocation can be precisely considered. Stud-
ies [22,51] reveal that compiler optimizations could introduce

3

https://t.me/learningnets



Table 1: Benchmarking criteria for side channel detectors.!, 3,% denote support, partially support, and not support.
CacheAudit [21, 22] CacheD [57] CaSym [12] CacheS [56] Abacus [6] CHALICE [15] DATA [58, 59] MicroWalk [60] CANAL [52] Manifold [66] CACHEQLxh1 % % % % % % % % % ! !xh2 % % % % % % 3 % % % !xh3 % ! % ! ! % ! ! % ! !xh4 3 % % % 3 3 % 3 % % !xh5 % ! ! ! ! % ! 3 ! ! !xh6 % % % % % % % % % 3 !xh7 % % % % % % ! ! % ! !xh8 ! % % % % ! 3 3 ! ! !

side channels not visible in high-level code representations.
Thus, we argue that detectors should xh3 be able to analyze
program executables.
Quantitative vs. Qualitative. Qualitative detectors decide
whether software leaks information and pinpoint leakage pro-
gram points [12, 56, 57]. Quantitative detectors further quan-
tify leakage from each software execution [15, 21, 22], or
at each vulnerable program point [6, 60]. We argue that a
detector should xh4 deliver both qualitative and quantitative
analysis. Developers are reluctant to fix certain vulnerabilities,
as they may believe those defects leak negligible secrets [6].
However, identifying program points that leak large amounts
of data can push developers to prioritize fixing them. To
clarify, though quantitative analysis was previously deemed
costly [31], CACHEQL features efficient quantification.
Localization. Along with determining information leaks, lo-
calizing vulnerable program points is critical. Precise local-
ization helps developers debug and patch. Therefore, a de-
tector should xh5 localize vulnerable program points leaking
secrets. Most static detectors struggle to pinpoint leakage
points [21,22], as they measure the number of different cache
statuses to quantify leakage. Trace-based analysis, including
CACHEQL, can identify leakage instructions on the trace that
can be mapped back to vulnerable program points [6, 57].
Key vs. Private Media Data. Most detectors analyze cryp-
tosystems to detect key leakage [6, 21, 57]. Recent side chan-
nel attacks have targeted media data [26, 62]. Media data like
images used in medical diagnosis may jeopardize user privacy
once leaked. We thus advocate detectors to xh6 analyze leakage
of secret keys and media data. Modeling information leak-
age of high-dimensional media data is often harder, because
defining “information” contained in media data like images
may be ambiguous. CACHEQL models image holistic content
(rather than pixel values) leakage using neural networks.
Scalability: Whole Program/Trace vs. Program/Trace
Cuts. Some prior trace-based analyses rely on expensive tech-
niques (e.g., symbolic execution) that are not scalable. Given
that one execution trace logged from cryptosystems can con-
tain millions of instructions, existing works [6, 57] require to
first cut a trace and analyze only a few functions on the cut-
ted trace. Prior static analysis-based works may use abstract
interpretation [21, 56], a costly technique with limited scala-
bility. Only toy programs [21] or a few sensitive functions are
analyzed [12, 22, 56]. This explains why most existing works
overlook “non-deterministic” factors like blinding (criterionxh2 ), as blinding is applied prior to executing their analyzed
program/trace cuts. Lacking whole-program/trace analysis

limits the study scope of prior works. CACHEQL can analyze
a whole trace logged by executing production software, and
as shown in Sec. 8, CACHEQL identifies unknown vulnera-
bilities in pre-processing modules of cryptographic libraries
that are not even covered by existing works due to scalability.
In sum, we advocate that a detector should be xh7 scalable for
whole-program/whole-trace analysis.
Implicit and Explicit Information Flow. Explicit informa-
tion flow primarily denotes secret data flow propagation,
whereas implicit information flow models subtle propagation
by using secrets as code pointers or branch conditions [48].
Considering implicit information flow is challenging for exist-
ing works based on static analysis due to scalability. They thus
do not fully analyze implicit information flow [6, 12, 56, 57].
We argue a detector should xh8 consider both implicit and ex-
plicit information flow to comprehensively model potential
information leaks. CACHEQL delivers an “end-to-end” anal-
ysis and identifies changes in the trace due to either implicit
or explicit information flow propagation of secrets.
Comparing with Existing Detectors. Table 1 compares ex-
isting detectors and CACHEQL to the criteria. Abacus and Mi-
croWalk cannot precisely quantify information leaks in many
cases, due to either lacking implicit information flow mod-
eling or neglecting dependency among leakage sites (hence
repetitively counting leakage). CacheAudit only infers the
upper bound of leakage. Thus, they partially satisfy xh4 . Mi-
croWalk quantifies per-instruction MI to localize vulnerable
instructions, whose quantified leakage per instruction, when
added up, should not equal quantification over the whole-trace
MI (its another strategy) due to program dependencies. Also,
MicroWalk cannot differ randomness (e.g., blinding) with
secrets. It thus partially satisfies xh5 .

DATA [58, 59] launches trace differentiation and statistical
hypothesis testing to decide secret-dependency of an execu-
tion trace. Similar as CACHEQL, DATA can also analyze
non-deterministic traces. Nevertheless, we find that DATA, by
differentiating traces to detect leakage, may manifest low pre-
cision, given it would neglect secret leakage if a cryptographic
module also uses blinding. It thus partially satisfies xh2 . More
importantly, DATA does not deliver quantitative analysis.

Recent research attempts to reconstruct media data like
private user photos from side channels [34,61,66]. In Table 1,
we compare CACHEQL with Manifold [66], the latest work
in this field. Manifold leverages manifold learning to infer
media data. Manifold learning is not applicable to infer secret
keys (as admitted in [66]): unlike media data which contain
perception constraints retained in manifold [28], each key
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bit is sampled independently and uniformly from 0 or 1. It
thus partially fulfills xh6 . CACHEQL is the first to quantify
information leaks over cryptographic keys and media data.

Implicit information flow ( xh8 ) is not tracked by most ex-
isting static analyzers. Analyzing implicit information flow
requires considering more program statements and data/con-
trol flow propagations, which often largely increases the code
chunk to be analyzed. This introduces extra hurdles for static
analysis-based approaches. DATA and MicroWalk also do not
systematically capture implicit information flow. DATA/Mi-
croWalk first align traces and then compare aligned segments,
meaning that they can overlook holistic differences (unalign-
ment) on traces. CACHEQL satisfies xh8 as it directly observes
and analyzes changes in the side channel traces. Given any
information flow, either explicit or implicit, can differ traces,
CACHEQL captures them in a unified manner. Nevertheless,
it is evident that the implicit information flow cannot be cap-
tured by CACHEQL unless it is covered in the dynamic traces.
Clarification. These criteria’s importance may vary depend-
ing on the situations. Having only some of these criteria
implemented is not necessarily “bad,” which may suggest
that the tool is targeted for specific use cases. Analyzing pri-
vate image leakage ( xh6 ) may not be as important as others,
especially for cryptosystem developers. We consider image
leakage because recent works [26, 62, 66] consider recover-
ing private media data. We present eight criteria for building
full-fledged side-channel detectors. The future development
of detectors can refer to this paper and prioritize/select certain
criteria, according to their domain-specific need. Also, we
clarify that in parallel to research works that detect side chan-
nel leaks, another line of approaches (i.e., static verification)
aims at deriving precise, certified guarantees [20, 21].

As clarified above, CACHEQL can analyze real attack logs
( xh1 ) and media data ( xh6 ). However, for the sake of presentation
coherence, we discuss them in Sec. 9. In the rest of the main
paper, we explain the design and findings of CACHEQL using
Pin-logged traces from cryptosystems.

4 Quantifying Information Leakage

MI PD CP

MP

assume k[i] is
 independent, 

which may be incorrect

no assumption on k

low cost
low error

high coverage 2. handle lengthy side channel trace
1. analyze secret key + media data

|K| is a constant

Figure 2: Overview. |K| is the total number of possible keys.
|K| is assumed as known to detectors by all existing quantifi-
cation tools including CACHEQL.

Overview. This section discusses quantitative measurement
of information leaks over side channel observations. We
start with preliminaries in Sec. 4.1. The overview of our ap-
proach is illustrated in Fig. 2. Sec. 4.2 introduces MI com-
putation via Point-wise Dependence (PD). Then, Sec. 4.3
recasts calculating PD into computing conditional probability
(CP). CACHEQL employs parameterized neural networks Fθ

(see Sec. 5) to estimate CP, which is carefully designed to
quantify leakage of keys and private images from extremely
lengthy side channel traces. The error of estimating CP with
Fθ is bounded by a negligible ε. In contrast, prior works use
marginal probability (MP) to estimate MI. CP outperforms
MP in terms of lower cost, fewer errors, and better coverage,
as compared in Sec. 4.3. In Sec. 4.4, we extend the pipeline
in Fig. 2 to handle non-deterministic side channel traces.

4.1 Problem Setting
In general, side channel analysis aims to infer k from o. The
information leak of K in O can be defined as their MI:

I(K;O) = H(K)−H(K|O), (1)

where H(·) denotes the entropy of an event. According to
Shannon’s information theory, I(K;O) describes how much in-
formation about K can be obtained by observing O. Consider
the program in Fig. 3(a), where the probability of correctly
guessing each k ∈ K (i.e., s ∈ {0,1,2,3}), without any obser-
vation, is 1

4 . Thus, H(K) =− log 1
4 = 2 bits.5 Nevertheless, the

observation o = a[0] (L6) indicates that k must be “0” (i.e., the
probability is 1), thus, H(K|o=a[0]) = − log1 = 0. Therefore,
a[0] leaks 2 bits of information. Similarly, the memory access
b[0] (L9) leaks log 4

3 bits of information since H(K|o=b[0]) =
− log 1

3 = log3. Ideally, a secure program should have H(K)
= H(K|O), indicating no information in K can be obtained
from O. We continue discussing Fig. 3(b) in Sec. 4.3.

Each green block (i.e., two joint cubes in green) denotes a k and its induced o
(<k, o>) and each yellow block is produced by randomly combining k and o.
Each block (both green and yellow) has equal probability.

3 b

2 b

1 b

0 a

3 b
3 b

3 a 3 b

2 b
2 b

2 a 2 b

1 b
1 b

1 a 1 b

0 b
0 b

0 a 0 b

(b) An illustration of and .

//s: evenly {0,1,2,3}
int s;
array a[1], b[1];
// leak log4 = 2 bits
if(s == 0)
a[0] = 1;

// leak log(4/3) bits
else
b[0] = 1;

(a) A vulnerable program.
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3
4
5
6
7
8
9 T

<latexit sha1_base64="8XS6UHJEbLLSFhMyb32VLud8Ha8=">AAACE3icZVDLSsNAFJ3UV62vqks3wbbgqiRF0WXRjcuKfUFbymRykw6dmYSZiVBKP8Gl+jHuxK0f4Le4cdIGse2FC4dz7uWee7yYUaUd59vKbWxube/kdwt7+weHR8Xjk7aKEkmgRSIWya6HFTAqoKWpZtCNJWDuMeh447tU7zyBVDQSTT2JYcBxKGhACdaGeiw3y8Niyak687LXgZuBEsqqMSz+9P2IJByEJgwr1XOdWA+mWGpKGMwK/URBjMkYh9AzUGAOajCdW53ZFcP4dhBJ00Lbc/b/xhRzpSbcM5Mc65Fa1VLyT6ssndLBzWBKRZxoEGRxKUiYrSM7fdz2qQSi2cQATCQ1Zm0ywhITbeJZMp1mqUTCPZDgm8dYGJn5Ea+Z50xa7mo266Bdq7qX1auHWql+m+WWR2foHF0gF12jOrpHDdRCBIXoGb2iN+vFerc+rM/FaM7Kdk7RUllfv9Tink8=</latexit>

Figure 3: Quantification of side channel leaks.

4.2 Computing MI via PD
Following Eq. 1, let k and o be random variables whose prob-
ability density functions (PDF) are p(k) and p(o). The MI
I(K;O) can be represented in the following way,

I(K;O) =
∫ ∫

K×O
p(k,o) log

p(k,o)
p(k)p(o)

dkdo

= EPK×O

[
log

p(k,o)
p(k)p(o)

]
= EPK×O [logc(k,o)],

(2)

where p(k,o) is the joint PDF of K and O, and PK×O is the
joint distribution. c(k,o) = p(k,o)

p(k)p(o) denotes point-wise depen-
dency (PD), measuring discrepancy between the probability of

5Given log base 2 is used by default, the unit of information is bit.
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k and o’s co-occurrence and the product of their independent
occurrences. Accordingly, logc(k,o) denotes the point-wise
mutual information (PMI).

The MI of K and O, by definition, is the expectation of PMI.
That is, Eq. 2 measures the dependence retained in the joint
distribution (i.e., 〈k,o〉 ∼ PK×O) relative to the marginal distri-
bution of K and O under the assumption of independence (i.e.,
〈k,o〉 ∼ PKPO, where PK and PO are marginal distributions of
K and O). When K and O are independent, we have p(k,o)
= p(k)·p(o) and p(k,o)

p(k)p(o) is 1, thus, the leakage is log1=0.
Nevertheless, whenever o leaks k, k and o should co-occur
more often than their independent occurrences, and therefore,
c(k,o)> 1 and logc(k,o)> 0.

Eq. 2 illustrates two aspects for quantitatively computing
information leakage: 1) PMI logc(k=k∗,o=o∗), denoting per
trace leakage for a specific k∗ and its corresponding o∗, and 2)
MI I(K;O), denoting program-level leakage over all possible
secrets k ∈ K. To compute I(K;O), we average PMI over a
collection of 〈k,o〉, where sample-mean offers an unbiased
estimation for the expectation E(·) of a distribution [14].
Comparison with Prior Works. Abacus [6] launches sym-
bolic execution on Pin-logged execution traces. It makes a
strong assumption that k is uniformly distributed, i.e., p(k=k∗)
= 1
|K| .

6 It also assumes that each trace must be determinis-
tic, such that p(k=k∗,o=o∗) = p(k=k∗) for a given o∗ and its
corresponding k∗. This way, approximating MI in Eq. 2 is
recasted to estimating the marginal probability (MP) p(o=o∗).
At a secret-dependent control transfer or data access point l,
Abacus finds all k ∈ K′ that cover l. The leakage at l is com-
puted as − log p(o=o∗) = − log( |K

′|
|K| ). Deciding |K′| via con-

straint solving is costly, and therefore, Abacus uses sampling
to approximate |K′|. Nevertheless, estimating MP with sam-
pling is unstable and error-prone (see Sec. 4.3). MicroWalk
also samples k to estimate MP; it thereby has similar issues.
CacheAudit quantifies program-wide leakage. Using abstrac-
tion interpretation, it only analyzes small programs or code
fragments, and it infers only leak upper bound. CACHEQL
precisely computes PMI/MI via PD and localizes flaws. We
now introduce estimating PD.

4.3 Estimating PD c(k,o) via CP

Because PD makes no assumption on the secret’s distribution,
our approach can infer different types of secrets (e.g., key
or images). We denote k as a general representation of one
secret, and for simplicity, we write p(k=k∗) as p(k∗) in fol-
lowings. The same applies for o and o∗. o∗ is one side channel
observation produced by k∗. However, o∗ may not be the only
one, given randomness like blinding can also induce different
observations even with a fixed k∗. We now recast computing
PD over deterministic side channels as estimating conditional
probability (CP) via binary classification [54].

6“Uniform distribution” does not hold for image pixel values [66].

4.3.1 Transforming PD to CP

Let T depict that a pair 〈k,o〉 co-occurs (i.e., positive pair
〈k,o〉 ∼ PK×O). Let F denote that k and o in 〈k,o〉 occur
independently (i.e., negative pair 〈k,o〉 ∼ PKPO). Therefore,
p(k∗,o∗) and p(k∗)p(o∗) can be represented as the posterior
PDF p(k∗,o∗|T ) and p(k∗,o∗|F), respectively. According to
Bayes’ Theorem, PD c(k∗,o∗) is re-expressed as

PD =
p(k∗,o∗)

p(k∗)p(o∗)
=

p(k∗,o∗|T )
p(k∗,o∗|F)

=
p(F)

p(T )
p(T |k∗,o∗)
p(F |k∗,o∗)

, (3)

where p(T ) and p(F) are constants (decided by the analyzed
software). Given PKPO is produced by separating each pair in
PK×O and collecting random combinations of k and o, p(F)

p(T )
equals to |K|. In practice, PK×O is prepared by running the
analyzed software with each k∗ and collecting the correspond-
ing o∗. For the program in Fig. 3(a), Fig. 3(b) colors PK×O

and PKPO in green and yellow . Since p(F)
p(T ) is unrelated to

k∗ or o∗, c(k∗,o∗) — representing leaked k∗ from o∗ — is
only decided by CP p(T |k∗,o∗). A larger CP indicates that
more information is leaked.
• Example: We demonstrate this transformation using Fig. 3:
for k=“0” and o=a[0], fetching a block of 〈0,a〉 from Fig. 3(b)
has a 50% chance of selecting the green one (in the upper-
left corner). That is, CP=p(T |“0”,a[0])=0.5, and therefore,
p(T |“0”,a[0])= p(F |“0”,a[0]). Since p(F)

p(T )=4, Eq. 3 yields

4× 0.5
0.5 = 4, and therefore, logc(k,o) in Eq. 2 yields log4 = 2

bits, equaling the leakage result computed in Sec. 4.1.

4.3.2 Advantages of CP vs. Marginal Probability (MP)

CP captures what factors make o∗, which corresponds to k∗,
distinguishable from other o. By observing both dependent
and independent 〈k,o〉 pairs, CACHEQL measures the leakage
via describing how the distinguishability between different o
is introduced by the corresponding k. It is principally distinct
with existing quantitative analysis [6, 21, 60]. Abacus and
MicroWalk approximate MP p(o∗) via sampling, which has
the following three limitations compared with CP.
Computing Cost. Estimating CP is an one-time effort over
a collection of 〈k,o〉 pairs. Estimating MP, however, has to
re-perform sampling for each 〈k,o〉. Note that the cost for CP
to estimate over the collection of 〈k,o〉 and each re-sampling
of MP is comparable. Thus, MP is much more costly.
Estimation Error. Recall that for a leakage program point l,
Abacus finds all k ∈ K′ that cover l via constraint solving and
denotes the leakage as − log( |K

′|
|K| ). Suppose it observes the

first for loop in Fig. 1(a) has 128 consecutive accesses to x[0].
To quantify the leakage, Abacus constructs the symbolic con-
straint (s[0:4]%4 == 0)∧ . . .∧ (s[508:512]%4 == 0). Never-
theless, sampling one key that satisfies this constraint has
only an extremely low probability of ( 1

4 )
128. That is, the

MP can be presumably underestimated when |K′| is small.
Thus, the leaked information can be largely overestimated
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via − log( |K
′|
|K| ). MicroWalk observes o∗’s frequency by sam-

pling different k; it thus has similar issues. Worse, once o∗

is influenced by randomness like blinding, no o∗ would be
identical (non-replicability). Thus, it will incorrectly regard
p(o∗) as 1

|K| and report log |K| leaked bits (i.e., equals to the
key length). In contrast, Eq. 3 is free from this issue: even o∗

is only produced by processing one or a few k, CACHEQL
directly characterizes PD via CP p(·|k∗,o∗).

Overall, CP reflects: 1) the portion of records in o∗ affected
by its k∗ [54], and 2) to what extent k∗ affects each record
in o∗ (see Example below). Further, since any difference on
o∗, whether due to explicit or implicit information flows, con-
tributes to distinguishing o∗ from the rest o ∈ O, CACHEQL
takes both explicit and implicit flows into consideration.
• Example: Consider the memory accesses at L10 and L12
of the program in Fig. 1(b) and suppose o∗ is “y[0], z[0]”. To
estimate the leakage over o∗ via MP, it requires sampling keys
where s[0:256] constitutes either 1 or 0, so do the second 256
bits, which results in a total of 4 cases for s[0:512]. s[0:512]
has 2512 cases, denoting a large search space. Nevertheless,
CP can infer the leakage by only observing that, the first
record in o increases “1” (i.e., distinguishable from other o)
whenever s[0:256] increases 2 (with no need to simultaneously
consider s[256:512]). The same applies to the second 256 bits.

switch(s[0:3]) {
// s is secret
case 0: a[0]=0; break;
case 1: a[1]=0; break;
…
case 6: a[6]=0; break;
case 7: a[7]=0; break;

}

1
2
3
4
5
6
7
8

(c) vulnerable program.
0 2 4 6

a[0]

a[2]

a[4]

a[6]

0 2 4 6

k=1, o=a[1]
k=2, o=a[2]

k=5, o=a[5]

(a) program behaviors. (b) inferred behaviors by CP.

Figure 4: A schematic view of how the coverage issue of
dynamic methods is alleviated via CP when quantifying leaks.

Coverage Issue. CACHEQL, by using CP, principally alle-
viates the coverage issue of conventional dynamic methods.
Consider the program in Fig. 4(c), CACHEQL can quantify
the 8 SDA without covering all paths, since CP captures how
o changes with k. As shown in Fig. 4(b), covering a few cases
is sufficient to know that o increases “one” (e.g., a[0]→ a[1])
when k increases one (e.g., 0→ 1), thus inferring program
behavior in Fig. 4(a). Prior dynamic methods need to fully
cover all paths to infer the program behavior and quantify the
leaks, which is hardly achievable in practice.

4.3.3 Obtaining CP p(T |k,o) via Binary Classification

We show that performing probabilistic classification can yield
CP. In particular, we employ neural networks Fθ (parame-
terized by θ) to classify a pair of 〈k,o〉, whose associated
confidence score is p(T |k,o). Details of Fθ are in Sec. 5.

Using neural networks (NN) to estimate MI is not our nov-
elty [8, 54]. However, we deem NN as particularly suitable
for our research context for three reasons: 1) non-parametric
approaches, as in [24], suffer from “curse of dimensional-
ity” [10, 11]. They are thus infeasible, as even the AES-128

key is 128-dimensional. NN shows encouraging capability of
handling high-dimension data (e.g., images with thousands of
dimensions). 2) Recent works show that NN can effectively
process lengthy but sparse data, including side channel traces
where only a few records out of millions are informative and
leaking program secrets [34, 61, 66]. 3) It’s generally vague
to define “information” in media data. For instance, a 64×64
image may retain the same information as a 32×32 version
from human perspective since the content is unchanged. Re-
cent research [66] shows that high-dimensional media data
have perceptual constraints which implicitly encode image
“information.” NNs are currently widely used to process media
data and extract critical information for comprehension.

4.4 Handling Non-determinism

In practice, due to hardening schemes like RSA blinding and
ORAM, side channel observations can be non-deterministic,
where memory access traces may vary during different runs
despite the same key is used. As discussed in Table 1 (i.e., xh2 ),
however, non-determinism is not properly handled in previous
(quantitative) analysis.
Generalizability. For deterministic side channels, only k in-
duces changes of o. Fitting Fθ on enough 〈k,o〉 pairs from
PK×O and PKPO can capture distinguishability for quantifi-
cation. In contrast, for non-deterministic side channels, the
differences between o may be due to random factors, not only
k. Therefore, in addition to distinguishability between 〈k,o〉
pairs, we also need to consider generalizability to alleviate
over-estimation caused by random differences.

In statistics, cross-validation is used to test generalizability.
Here, we propose a simple yet effective method by using a
de-bias term with cross-validation to prune non-determinism
in the estimated PD. We first mix 〈k,o〉 from PK×O and PKPO
and split them into non-overlapping groups. Then, we assess
if the distinguishability over one group applies to the others.
PD Estimation via De-biasing. We first extend the PD com-
putation in Eq. 3 to handle non-determinism. In Eq. 3, F and
T are finite sets, and p(F)/p(T ) equals to |K|. Here, we con-
servatively assume that there exist infinite non-deterministic
side channels. That is, F is a set with infinite elements. We
first require m positive pairs 〈k,o〉 ∼ PK×O, dubbed as T (m).
We also construct m′ ≤m2 negative pairs (i.e., 〈k,o〉 ∼ PKPO),
denoted as F(m′), by replacing o (or k) of a pair from PK×O
with that of other random pairs. This way, PD defined in Eq. 3
is extended in the following form:

PD =
log |K|

log(m′/m)
log

p(F(m′))

p(T (m))

p(T |k∗,o∗)
p(F |k∗,o∗)

, (4)

where the p(F(m′))/p(T (m)) works as a de-bias term to assess
the generalizability for non-deterministic side channels. We
denote p(T |k∗,o∗)/p(F |k∗,o∗) as the leakage ratio: a 100%
ratio implies that all bits of the key are leaked whereas 0%
ratio implies no leakage. Consider the following two cases:
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• Case1: In case the differences between samples from T (m)

and F(m′) are all introduced by random noise (i.e., each o∗

is independent of its k∗), the distinguishable factors should
not be generalizable, and the above formula yields a zero
leakage. To understand this, let our neural networks Fθ iden-
tify each pair based on random differences, which is indeed
equivalent to memorizing all pairs. This way, when it predicts
the label of 〈k,o〉, the output simply follows the frequency
of T (m) and F(m′). Therefore, given an unseen pair 〈k∗,o∗〉,
Fθ has p(T |k∗,o∗)/p(F |k∗,o∗) = p(T (m))/p(F(m′)), and the

estimated leakage is thus log p(F(m′))
p(T (m))

p(T (m))

p(F(m′))
= log1 = 0.

• Case2: If o∗ depends on k∗, p(T |k∗,o∗) would not
merely follow the distribution of T (m) and F(m′), indicat-
ing a non-zero leakage. More importantly, de-biased by
p(F(m))/p(T (m′)), quantifying leakage using Eq. 4 only re-
tains differences related to k. This way, we precisely quantify
leakage for non-deterministic side channels.
Implementation Consideration. To alleviate randomness in
each o∗, we collect four observations o∗i by running software
using k∗ for four times. By classifying all 〈k∗,o∗i 〉 as positive
pairs, Fθ is guided to extract common characters shared by
o∗i while neglecting randomness in each o∗i . Also, considering
un-optimized neural networks generally make prediction by
chance (i.e., p(T |k,o) = p(F |k,o)), we let m = m′.

5 Framework Design

Fig. 5 shows the pipeline of CACHEQL, including three com-
ponents: 1) a sparse encoder S for converting side channel
traces o∗ into latent vectors, 2) a compressorR to shrink in-
formation in o∗, and 3) a classifier C that fits the CP in Eq. 3
via binary classification. We compute CP p(T |k∗,o∗) using
the following pipeline:

p(T |k∗,o∗) = Fθ(k
∗,o∗) = C(k∗,R(S(o∗))), (5)

where parameters of these three components are jointly opti-
mized, i.e., θ = θS ∪θR∪θC .

Bernoullisigmoid
o⇤
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Figure 5: The framework of CACHEQL. 〈k∗,o∗〉∈PK×O; it is
labeled as T . In contrast, 〈k′,o∗〉∈PKPO and is labeled as F .

The framework takes a tuple 〈k,o〉 as input. As introduced
in Sec. 4.3, we label a tuple 〈k,o〉 as positive if o is produced
when the software is processing k. A tuple is otherwise nega-
tive. In Fig. 5, 〈k∗,o∗〉 is positive and 〈k′,o∗〉 is negative.
S: Encoding Lengthy and Sparse Side Channel
Traces. According to our tentative experiments, naive

neural networks perform poorly when analyzing real-world
software due to the highly lengthy side channel traces. An
o, obtained via Pin or cache attacks, typically contains
millions of records, exceeding the capability of typical neural
networks. ORAM can add dummy memory accesses, often
resulting in a tenfold increase of trace length. Yuan et. al [66]
found that side channel traces are generally sparse, with few
secret-dependent records. It also has spatial locality: adjacent
records on a trace often come from the same or related
functions. Encoder S is inspired by [66]: to approximate the
locality, we fold the trace into a matrix (see configurations
in Sec. 8). We employ the design in [66] to construct S as a
stack of convolutional NN layers. We find that our pipeline
effectively extracts informative features from o.
R: Shrinking Maximal Information. A side channel trace
o∗ frequently contains information unrelated to secret k∗. Our
preliminary study shows that directly bridging the latent vec-
tors (outputs of S) to C is difficult to train. This stage thereby
compresses S’s output in an information-dense manner. We
propose that information7 in o∗, namely H(o∗), should never
exceed H(k∗). Accordingly, we apply mathematical transfor-
mationsR to confine the value range of S’s outputs. We pro-
pose various transformations for media data and secret keys;
details are in Appx. B. In short, R aids in retrieving secret-
related information from side channels. As demonstrated in
Appx. B, CACHEQL effectively extracts facial attributes when
estimating leakage of human photos.
C: Optimizing Parameters via Classification. Let the pa-
rameter space be Θ and θ ∈ Θ. To train a neural network,
we search for parameter θ† ∈ Θ to maximize a pre-defined
objective. As shown in Eq. 3, we recast leakage estimation
as approximating CP p(T |k,o), which is further formed as a
classification task using Fθ. θ is updated by gradient-guided
search in Θ to maximize the following objective:

EPK×O [logFθ(k,o)]+EPK PO [log(1−Fθ(k,o))], (6)

which is a standard binary cross-entropy loss over PK×O and
PKPO. Overall, this loss function compares the output of Fθ

to the ground truth, and it calculates the score that penalizes
Fθ based on its output distance from the expected value.
• Example: Consider the program in Fig. 3, in which we have

〈0,a〉 labeled as T . To prepare PKPO, there is one 〈0,a〉
marked as F when randomly combining k and o separated
from pairs in PK×O. Thus, Fθ(“0”,a[0]) is simultaneously
guided to output 1 and 0 with equal penalty. As expected, it
eventually yields 0.5 to minimize the global penalty, which
outputs a leakage of 4 bits (since |K|= 4) following Eq. 7.
Computing PD. Let the optimized parameter be θ†, our defi-
nition of PD in Eq. 3 is re-expressed in the following way to
compute point-wise information leak of k∗ in its derived o∗:

c
θ†(k∗;o∗) = |K| Fθ†(k∗,o∗)

1−F
θ†(k∗,o∗)

(7)

7Only secret-related information. Non-secret variables (e.g., public inputs)
that affect o are regarded as randomness and handled as in Sec. 4.4.
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Furthermore, we have the following program-level informa-
tion leak assessment over K and O.

I(K;O) = EPK×O [logc
θ†(k,o)] (8)

Approximation and Correctness. Having access to all sam-
ples from a distribution P is difficult, if not impossible. As
a common approximation, the objective in Eq. 6 is instead
optimized over the empirical distribution P(n) produced by n
samples drawn from P. Thus, the estimated leakage becomes:

Î(n)
θ† (K;O) = E

P(n)
K×O

[log ĉ
θ†(k,o)]. (9)

Despite we estimate MI for side channels, the skeleton for
analyzing correctness can be adopted from prior works [8,54],
since all approaches involve optimizing parameterized neural
networks. In particular, we prove that ∃θ† ∈Θ,

|Î(n)
θ† (K;O)− I(K;O)| ≤ O(

√
log(1/δ)/n), (10)

with probability at least 1−δ where 0 < δ < 1. We present
detailed proofs in Appx. D.

6 Apportioning Information Leakage

We analyze how leakage over 〈o∗,k∗〉 is apportioned among
program points. This section models information leakage
as a cooperative game among players (i.e., program points).
Accordingly, we use Shapley value [49], a well-developed
game theory approach, to apportion player contributions.
Overview. We use Shapley value (described below) to au-
tomatically flag certain records on a trace that contribute to
leakage. Those flagged records are automatically mapped
to assembly instructions using Intel Pin, since Pin records
the memory address of each executed instruction. We then
manually identify corresponding vulnerable source code. We
report identified vulnerable source code to developers and
have received timely confirmation (see Appx. F for the dis-
closure details and their responses). To clarify, this step is
not specifically designed for Pin; users may replace Pin with
other dynamic instrumentors like Qemu [9] or Valgrind [45].

Shapley value decides the contribution (i.e., leaked bits) of
each program point covered on one trace o. To compute the
average leakage (as reported in Sec. 8.3), users can analyze
multiple traces and average the leaked bits at each program
point. We now formulate information leakage as a cooperative
game and define leakage apportionment as follows.

Definition 1 (Leakage Apportionment). Given total n bits
of leaked information and m program points covered on the
Pin-logged trace, an apportionment scheme allocates each
program point ai bits such that ∑

m
i=1 ai = n.

Shapley Value. We address the leakage apportionment via
Shapley value. Recall that each observation o denotes a trace
of logged side channel records when target software is pro-
cessing a secret k. Let φ(o) be the leaked bits over one obser-
vation o, and let Ro be the set of indexes of records in o, i.e.,
Ro = {1,2, · · · , |o|}. For all S ⊆ Ro \ {i}, the Shapley value
for the i-th side channel record is formally defined as

πi(φ) = ∑
S

|S|!(|Ro|− |S|−1)!
|Ro|!

[φ(oS∪{i})−φ(oS)], (11)

where πi(φ) represents the information leakage contributed
by the i-th record in o. oS denotes that only records whose
indexes in S serve as players in this cooperative game, and
accordingly oRo = o. Eq. 11 is based on the intuition that
contribution of a player (i.e., its Shapley value) should be
decided by its marginal contribution to all 2|o|−1 coalitions
over the remaining players. All players cooperatively form
the overall leakage φ(o).

6.1 Computation and Optimization
The conventional procedure of deciding each player’s con-
tribution πi(φ) for φ requires to generate a collection of
variants V over o, where in each variant ov ∈ V , some play-
ers involved and others removed [49]. In our scenario, it
is infeasible to however remove a player when estimating
leakage—removing a side channel record requires a new φ.
Similar to [42], we propose to involve or remove a side chan-
nel record from o as follows:
Definition 2 (Involved). The i-th record of o gets involved
in φ(o) if o[i] is retained.

Definition 3 (Removed). The i-th record of o is removed from
φ(o) if o[i] is reset to a constant, namely “base”.

The intuition is that, given k, if all records in its derived side
channel observation o, are set to the same constant, i.e., o /0 =
[base, . . . ,base], it’s obvious that o /0 leaks no information of
k, namely φ(o /0) = 0. Conversely, by gradually setting o /0[i] =
o[i], which turns into o{i}, we finally have φ(oRo) = φ(o). The
base is 0 in our setting for simplicity.

As stated in Sec. 6, computing Shapley value is costly,
with complexity O(2|o|). This is particularly challenging,
since a side channel trace o frequently contains millions of
records. We now propose several simple yet highly effective
optimizations which successfully reduce the time complexity
to (nearly) constant. These optimizations are based on domain
knowledge and observations about side channel traces.
Approximating All and Tuning Later. Shapley value given
in Eq. 11 can be equivalently expressed as [14]:

πi(φ) = ∑
u∈Perm(Ro)

1
|Ro|!

[φ(oui∪{i})−φ(oui)]

= EPerm(Ro)[φ(oui∪{i})−φ(oui)],

(12)

where u is a permutation8 that assigns each position t a player
indexed with u(t) and Perm(Ro) is the set of all permutations
over side channel records with indexes in Ro. ui is the set of
all predecessors of the i-th participant in permutation u, e.g.,
if i = u(t), then ui = {u(1), · · · ,u(t−1)}.

8A set of permuted indexes. Note that the permutation does not exchange
side channel records; it provides an order for records to get involved.
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This equation transforms the computation of Shapley val-
ues into calculating the expectation over the distribution of
u. Each time for a randomly selected u, we can calculate
φ(o{u(1),··· ,u( j)}) and πu( j)(φ) for all j by incrementally set-
ting o[u( j)] as involved. Each πu( j)(φ) is further updated as
more permutations u are sampled. From the implementation
side, Eq. 11 iteratively calculates accurate Shapley values for
each record (but too slow), whereas Eq. 12 approximates Shap-
ley values for all side channel records and tunes the values in
later iterations of updates. We point out that Eq. 12 is more de-
sirable for side channels, because not all side channel records
are correlated. That is, updating Shapley value for one record
may not affect the results of other records (i.e., “Dummy Play-
ers”; see Theorem 3 in Appx. E). Given that sample mean
converges to the true expectation when #samples increases,
πu( j)(φ) reaches its true value when it gets convergent. As a
result, the calculation can be terminated early to reduce over-
head, once the Shapley values stay unchanged. Our empirical
results show that the Shapley values have negligible changes
(i.e., the maximal difference of adjacent updates is less than
0.5) after only tens of updates.
Pruning Non-Leaking Records Using Gradients. As dis-
cussed in Sec. 5, real-world software often generates lengthy
and sparse side channel records [6, 12, 66]. That is, usually
only a few records in a trace o really contribute to inferring
secrets, and most records are “Null Players” (has no leak; see
Theorem 3.1 in Appx. E) in this cooperative game. Recall
that the φ is formed by neural networks, whose gradients are
typically informative. Here, we use gradients to prune Null
Players before computing the standard Shapley values. In gen-
eral, neural networks characterize the influence of one input
element (i.e., one record on o) via gradients, and the volumes
of gradients over inputs reflect how sensitive the output is to
local perturbations on these input elements: higher volumes
suggest more important elements.

We first rank all records by gradient volumes. Then, starting
with the top one, we gradually set each record as removed.
This way, we expose Null Players, as they are the remaining
ones left when the leakage is zero. We find that, by setting
at most a few hundred records as removed (which is far less
than |o|), the leakage can be reduced to zero.
Batch Computations. The above optimizations reduce cost
from O(2|o|) to hundreds of calls to φ. Further, modern hard-
ware offers powerful parallel computing, allowing neural net-
works to accept a batch of data as inputs. Therefore, we batch
the computations formed in previous steps; eventually, with
one or two batched calls to φ, whose cost is (nearly) constant
and negligible, we obtain accurate Shapley values.
Error Analysis. Our above approximation of Shapley value
is 1) unbiased: it arrives the ground truth value with enough
iterations. It is also 2) convergent: such that we can finish
iterating whenever the approximated value unchanged.

Let the estimated and ground truth Shapley value be π̂ and
π. Previous studies have pointed out that π̂∼N (π, σ2

m ) where
N is the normal distribution and m is #iterations. It is also

proved that σ2 < (πmax−πmin)
2

4 where πmax and πmin are the
maximum and minimal π̂ during all iterations [13, 14].
Accuracy. Shapley value is based on several important prop-
erties that ensure the accuracy of localization [49]. In short,

enabled by Shapley value, leakage localization, as a coop-
erative game, is precise with nearly no false negatives.

The standard Shapley value ensures no false negatives (see
Theorem 3.1 in Appx. E). Nevertheless, since we trade accu-
racy for scalability to handle lengthy o, our optimized Shapley
value may have a few false negatives. Empirically, we find
that it is rare to miss a vulnerable program point, when cross-
comparing with findings of previous works [56].

7 Implementation

We implement CACHEQL in PyTorch (ver. 1.4.0) with about
2,000 LOC. The C of CACHEQL uses convolutional neural
networks for images and fully-connected layers for keys; see
details in [4]. We use Adam optimizer with learning rate
0.0002 for all models. We find that the learning rate does not
largely affect the training process (unless it is unreasonably
large or small). Batch size is 256. We ran experiments on Intel
Xeon CPU E5-2683 with 256GB RAM and a Nvidia GeForce
RTX 2080 GPU. For experiments based on Pin-logged traces,
Appx. 8.4.1 presents the training time: CACHEQL is gener-
ally comparable or faster than prior tools. Experiments for
Prime+Probe-logged traces take 1–2 hours.

8 Evaluation

We evaluate CACHEQL by answering the following re-
search questions. RQ1: What are the quantification results
of CACHEQL on production cryptosystems and are they cor-
rect? RQ2: How does CACHEQL perform on localizing side
channel vulnerabilities? What are the characteristics of these
localized sites? RQ3: What are the impact of CACHEQL’s
optimizations, and how does CACHEQL outperform existing
tools? We first introduce evaluation setups below.

8.1 Evaluation Setup
Software. We evaluate T-table-AES and RSA in OpenSSL
3.0.0, MbedTLS 3.0.0, and Libgcrypt 1.9.4. We consider an
end-to-end pipeline where cryptographic libraries load the
private key from files and decrypt ciphertext encrypted from
“hello world.” We quantify input image leaks for Libjpeg-turbo
2.1.2. We use the latest versions (by the time of writing) of all
these software. We also assess old versions, OpenSSL 0.9.7,
MbedTLS 2.15.0 and Libgcrypt 1.6.1, for a cross-version
comparison. Some of them were also analyzed by existing
works [6, 56, 57]. We compile software into 64-bit x86 ex-
ecutable using their default compilation settings. Support-
ing executables on other architectures is feasible, because
CACHEQL’s core technique is platform-independent.
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Libjpeg & Prime+Probe. For the sake of presentation co-
herence, we focus on cryptosystems under the in-house setting
(i.e., collecting execution traces via Pin) in the evaluation. Ex-
periments of Libjpeg (including quantified leaks and localized
vulnerabilities) and Prime+Probe are in Appx. A.
Data Preparing & Training. When collecting the data for
training/analyzing, we fix the public input and randomly sam-
ple keys to generate side-channel traces. For AES, we use the
Linux urandom utility to generate 40K 128-bit keys for esti-
mating CP using their corresponding side channel traces (col-
lected via Pin or Prime+Probe). We also generate 10K extra
keys and their side channel traces to de-bias non-determinism
induced by ORAM (Sec. 8.2.2). The same keys are used
for benchmarking AES of all cryptosystems. For RSA, we
follow the same setting but generate 1024-bit private keys
using OpenSSL. We have no particular requirements for train-
ing data (e.g. achieving certain coverage) — we observe that
execution flows of cryptosystems are not largely altered by dif-
ferent keys, except that key values may influence certain loop
iterations (e.g., due to zero bits). We find that the execution
flows of cryptosystems are relatively more “regulated” than
general-purpose software, which is also noted previously [57].
If secrets could notably alter the execution flow, it may indi-
cate obvious issues like timing side channels, which should
have been primarily eliminated in modern cryptosystems.
Trace Logging. Pin is configured to log program memory ac-
cess traces to detect cache side channels due to SDA. We pri-
marily consider cache side channels via cache lines and cache
banks: for an accessed memory address addr, we compute
its cache line and bank index as addr>> 6 and addr>> 2,
respectively. We also consider SCB, where Pin logs all control
transfer destinations. Cache line/bank indexes are computed
in the same way. We clarify that cache bank conflicts are
inapplicable in recent Intel CPUs; we use this model for eas-
ier empirical comparison with prior works [6, 56, 57, 66, 67].
Trace statistics are presented in Table 4.
Ground Truth. To clarify, CACHEQL does not require the
ground truth of leaked bits. Rather, as discussed in Sec. 4.3.1,
CACHEQL is trained to distinguish traces produced when the
software is processing different secrets. The ground truth is a
one-bit variable denoting whether trace o is generated when
the software processing secret k.
Non-Determinism. We quantify the leaks when enabling
RSA blinding (Sec. 8.2.3). We also evaluate PathOHeap [50],
a popular ORAM protocol, and consider real attack logs.

8.2 RQ1: Quantifying Side Channel Leakage

We report quantitative results over Pin-logged traces. Table 2
and Fig. 6 summarize the quantitative leakage results com-
puted by CACHEQL regarding different software, where a
large amount of secrets are leaked across all settings. We dis-
cuss each case in the rest of this section. Quantitative analyses
of Libjpeg and Prime+Probe are presented in Appx. A.

Table 2: Leaked bits of AES/AES-NI in OpenSSL/MbedTLS.
OpenSSL 3.0.0 OpenSSL 0.9.7 MbedTLS 3.0.0 MbedTLS 2.15.0

SCB 0 0 0 0
SDA 128.0 128.0 0 0

8.2.1 AES

The side channels of AES collected from the in-house set-
tings are deterministic. The SDA of AES standard T-table
version can leak all key bits, but this implementation has no
SCB [6, 57]. These facts serve as the ground truth for verify-
ing CACHEQL’s quantification and localization. MbedTLS
by default uses AES-NI, which has no SDA/SCB. As shown
in Table 2, CACHEQL reports no leak in it.

CACHEQL reports 128 bits SDA leakage in AES-128 of
OpenSSL whereas the SCB leakage in this implementation
is zero. This shows that the quantification of CACHEQL is
precise. We distribute the leaked bits to program points via
Shapley value. All 128 bits are apportioned evenly toward
16 memory accesses in function _x86_64_AES_encrypt_-
compact. Manually, we find that these 16 memory accesses
are all key-dependent table lookups.

8.2.2 Test Secure Implementations

CACHEQL also examines secure cryptographic implementa-
tions with no leakage. For these cases, the quantification de-
rived from CACHEQL can also be seen as their correctness as-
sessments. Given that said, as a dynamic method, CACHEQL
is for bug detection, not for verification.
ORAM. PathOHeap yields non-deterministic side channels,
by randomly inserting dummy memory accesses to produce
highly lengthy traces. Since it takes several hours to pro-
cess one logged trace of RSA, we apply PathOHeap on AES
from OpenSSL 3.0.0. Overall, PathOHeap delivers provable
mitigation: memory access traces, after being processed by
PathOHeap, should not depend on secrets. CACHEQL reports
consistent and accurate findings to empirically verify PathO-
Heap, as the leaked bit is quantified as zero.
Constant-Time Implementations. 13 constant-time utili-
ties [5] from Binsec/Rel [20] are evaluated using CACHEQL.
Side channel traces from these utilities are deterministic,
whose quantified leaks are also zero. These results empir-
ically show the correctness of CACHEQL’s quantification.

8.2.3 RSA

RSA blinding is enabled by default in production cryptosys-
tems. We quantify the information leakage of RSA with/with-
out blinding, such that the logged traces are non-deterministic
when blinding is on. As noted in Sec. 3 ( xh7 ), prior works
mainly focus on the decryption fragment of RSA due to
limited scalability [6, 12, 22, 56, 57]. As will be shown, this
tradeoff neglects many vulnerabilities, primarily in the pre-
processing modules of cryptographic libraries, e.g., key pars-
ing and BIGNUM initialization.9 CACHEQL efficiently ana-
lyzes the whole trace, covering Pre-processing and Decryption

9For simplicity, we refer to the pre-processing functions of cryptographic
libraries as Pre-processing, whereas the following decryption functions as
Decryption.
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(a) Leak bits via SDA vulnerabilities. B/L denote cache bank/line index.
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Figure 6: Leaked bits of RSA in different settings. Blinding for Libgcrypt 1.6.1 refers to RSA optimized with CRT (see Sec. 8.2.3).
For cache line side channels (L in the last row of legend), we present detailed breakdown: enabling (3 in the 4th row of legend) vs.
disabling (7 in the 4th row of legend) blinding, and with (3 in the 2nd row) vs. w/o (7 in the 2nd row) considering Pre-processing.

(see Fig. 6). As an ablation, CACHEQL also analyzes only
Decryption, e.g., the green bar in Fig. 6.
Setup. Libgcrypt 1.9.4 uses blinding on both ciphertext and
private keys. We enable/disable them together. Libgcrypt 1.6.1
lacks blinding but implements the standard RSA and another
version using Chinese Remainder Theorem (CRT). Libgcrypt
1.9.4 uses blinding in the CRT version and disables blinding
in the standard one. We evaluate these two RSA versions in
Libgcrypt 1.6.1. MbedTLS does not allow disabling blinding.
Results Overview. Fig. 6 shows the quantitative results.
Since cache bank only discards two least significant bits of
the memory addresses, it leaks more information than using
cache line which discards six bits. Blinding in modern cryp-
tosystems notably reduces leakage: blinding influences secret-
dependent memory accesses, introducing non-determinism
to prevent attackers from inferring secrets. Leakage varies
across different software and variants of the same software.
Secrets are leaked via SCB and SDA to varying degrees. If
blinding is disabled, the total leak bits when considering only
Decryption are close to the whole pipeline’s leakage. This
is reasonable as they leak information from the same source.
With blinding enabled, leakage in Decryption is inhibited, and
Pre-processing contributes the most leakage. Though blind-
ing minimizes leakage in Decryption, Pre-processing remains
highly vulnerable, and it is generally overlooked previously.
OpenSSL. OpenSSL 3.0.0 has higher SCB leakage in Pre-
processing with blinding enabled. As will be discussed in
Sec. 8.3, this leakage is primarily introduced by BN_bin2bn
and bn_expand2 functions, which convert key from string
into BIGNUM. The issue persists with OpenSSL 0.9.7. More-
over, compared with ver. 3.0.0, OpenSSL 0.9.7 has more SDA
(but less SCB) leakage with blinding enabled. These gaps
are also primarily caused by the BN_bin2bn function in Pre-
processing. We find that OpenSSL 3.0.0 skips leading zeros
when converting key from string into BIGNUM, which in-
troduces extra SCB leakage. In contrast, OpenSSL 0.9.7 first
converts the key with leading zeros into BIGNUM and then
uses bn_fix_top to remove those leading zeros, causing ex-
tra SDA leakage. Also, if blinding is disabled, OpenSSL 0.9.7
leaks approximately twice as many bits as OpenSSL 3.0.0.
According to the localization results of CACHEQL, OpenSSL
0.9.7 has memory accesses and branch conditions that directly

depend on keys, which are vulnerable and lead to over 800 bits
of leakage. We manually check OpenSSL 3.0.0 and find that
most of those vulnerable functions have been re-implemented
in a constant-time way.

MbedTLS. CACHEQL finds many SDA in MbedTLS 3.0.0,
which primarily occurs in the mbedtls_mpi_read_binary
and mbedtls_mpi_copy functions during Pre-processing.
The problem is not severe in ver. 2.15.0. We manually com-
pare the two versions’ Pre-processing and find that the CRT
initialization routines differ. In short, MbedTLS 3.0.0 avoids
computing DP, DQ and QP (parts of the RSA private key
in CRT) and instead reads them from the PKCS1 structure,
and therefore, mbedtls_mpi_copy function is called for sev-
eral times. The 2.15.0 version calculates DP, DQ and QP
from the private key via BIGNUM involved functions (e.g.,
mbedtls_mpi_mul_mpi). The mbedtls_mpi_copy function
leaks information via SDA and SCB, whereas the BIGNUM
computation in the 2.15.0 version mainly leaks via SCB. This
difference also explains why both versions have many SCB,
which are dominated by their Pre-processing.

Libgcrypt. Libcrypt 1.9.4 has most SCB leakage in Pre-
processing with blinding enabled. Nearly all leaked bits
are from the do_vsexp_sscan function, which parses the
key from s-expression. Decryption only leaks negligible
bits. Manual studies show that in Libgcrypt 1.9.4, most
BIGNUM-involved functions in Decryption are constant time
and safe. Nevertheless, CACHEQL identifies leaks in do_-
vsexp_sscan. This illustrates that CACHEQL comprehen-
sively analyzes production cryptosystems, whereas develop-
ers neglect patching all sensitive functions in a constant-time
manner, enabling subtle leakages. Also, both versions have
SDA leakage primarily in the _gcry_mpi_powm function; this
is also noted in prior works [12, 56, 57]. As aforementioned,
Libgcrypt 1.9.4 uses the standard RSA without CRT when
blinding is disabled. The 1.6.1 version does not offer blinding
for both the standard RSA and the CRT version. It’s obvious
that the standard version leaks more than the CRT version.

Correctness. It is challenging to obtain ground truth in our
evaluation. Aside from the AES cases and secure implementa-
tions in Sec. 8.2.2 who have the “ground truth” (either leaking
128 bits or zero bits) to compare with, there are several cases
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Table 3: Representative vulnerable func. and their categories.
OpenSSL 3.0.0 Type MbedTLS 3.0.0 Type Libgcrypt 1.9.4 Type

bn_expand2
xhA , xhB , mbedtls_mpi

_copy
xhA , xhB ,

mul_n_basecase
xhB , xhC ,xhC xhC xhD

BN_bin2bn xhA , xhC mbedtls_mpi
_read_binary

xhA , xhC do_vsexp_sscan xhA , xhD
BN_mod_exp

_mont
xhB , xhC

mpi_montmul
xhB , xhC ,

_gcry_mpih_mul
xhB , xhC ,xhD , xhE xhD xhD , xhE

in RSA whose leaked bits can be calculated manually, facili-
tating to assess the correctness of CACHEQL’s quantification.
Case1: BN_num_bits_word function in OpenSSL 0.9.7,
which is first identified by CacheD [57] and currently fixed
in OpenSSL 3.0.0, has 256 different entries depending on se-
crets. It leaks − log 1

256 = 8.0 bits, in case entries are accessed
evenly (which should be true since key bits are generated
independently and uniformly). CACHEQL reports the leakage
as 7.4 bits, denoting a close quantification.
Case2: do_vsexp_sscan function (see Fig. 7) in both ver-
sions of Libgcrypt has control branches depending on whether
a secret is greater than 10. The SCB at L2 of Fig. 7, in the-
ory, leaks − log 1

16 + log 1
10 = 0.68 bits of information, as the

possible key values are reduced from 16 to 10 when L2 is
executed. Similarly, the SCB at L4 leaks − log 1

16 + log 1
6 =

1.42 bits. When CACHEQL analyzes one trace, it apportions
around 1 bit to each of the two records corresponding to the
SCB at L2 and L4. We interpret that CACHEQL provides
accurate quantification and apportionment for this case.

Answer to RQ1: By quantifying leakage with CACHEQL,
we find that information leaks are prevalent in cryptosys-
tems, even when hardening methods (e.g., blinding) are
enabled. Most leaks reside in the pre-processing stage
neglected by existing research. For some cases, the de-
velopment of cryptosystems may increase the amount of
leakage. The correctness of CACHEQL is empirically vali-
dated using a total of 24 instances of known bit leakages.

8.3 RQ2: Localizing Leakage Sites
This section reports the leakage program points localized in
RSA by CACHEQL using Shapley value. We report represen-
tative functions in Table 3. See [4] for detailed reports.

When blinding is enabled, CACHEQL localizes all
previously-found leak sites and hundreds of new ones.
Clarification. Some leak sites localized by CACHEQL are
dependent, e.g., several memory accesses within a loop where
only the loop condition depends on secrets. To clarify,
CACHEQL does not distinguish dependent/independent leak
sites, because from the game theory perspective, those de-
pendent leak sites (i.e., players) collaboratively contribute
to the leakage (i.e., the game). Also, reporting all dependen-
t/independent leak sites may be likely more desirable, as it
paints the complete picture of the software attack surface.
Overall, identifying independent leak sites is challenging, and
to our best knowledge, prior works also do not consider this.
This would be an interesting future work to explore. On the
other hand, vulnerabilities identified by CACHEQL are from
hundreds of functions that are not reported by prior works,

showing that the localized vulnerabilities spread across the
entire codebase, whose fixing may take considerable effort.

8.3.1 Categorization of Vulnerabilities

We list all identified vulnerabilities in [4]. Nevertheless, given
the large number of (newly) identified vulnerabilities, it is
obviously infeasible to analyze each case in this paper. To
ease the comparison with existing tools that feature localiza-
tion, we categorize leak sites from different aspects. We first
categorize the leak sites according to their locations in the
codebase ( xhA and xhB ). We then use xhD and xhE to describe how
secrets are propagated. Moreover, since leaking-leading-zeros
is less considered by previous work, we specifically present
such cases in xhC .xhA Leaking secrets in Pre-processing: Leak sites belonging toxhA occur when program parses the key and initializes relevant
data structures like BIGNUM. Note that this stage is rarely
assessed by previous static (trace-based) tools due to limited
scalability; empirical results are given in Table 5.xhB Leaking secrets in Decryption: While xhB is primarily an-
alyzed by prior static tools, in practice, they have to trade
precision for speed, omitting analysis of full implicit infor-
mation flow ( xh8 in Table 1). Therefore, their findings related
to xhB compose only a small subset of CACHEQL’s findings.
Also, prior dynamic tools, including DATA and MicroWalk,
are less capable of detecting xhB . This is because blinding is ap-
plied at Decryption ( xh2 in Table 1). DATA likely neglects leak
sites when blinding is enabled since it merely differentiates
logged side channel traces with key fixed/varied. MicroWalk
incorrectly regards data accesses/control branches influenced
by blinding as vulnerable. Blinding can introduce a great
number of records (see Table 4 for increased trace length),
and MicroWalk fails to correctly analyze all these cases.xhC Leaking leading zeros: Besides CACHEQL, findings be-
longing to xhC were only partially reported by DATA. Partic-
ularly, given DATA is less applicable when facing blinding
(noted in Sec. 3), it finds xhC only in Pre-processing, where
blinding is not enabled yet. Since CACHEQL can precisely
quantify ( xh4 in Table 1) and apportion ( xh5 ) leaked bits, it is
capable of identifying xhC in Decryption; the same reason also
holds for xhB . At this step, we manually inspected prior static
tools and found they only “taint” the content of a BIGNUM,
which is an array, if BIGNUM stores secrets. The number of
leading zeros, which has enabled exploitations (CVE-2018-
0734 and CVE-2018-0735 [58]) and is typically stored in a
separate variable (e.g., top in OpenSSL), is neglected.xhD Leaking secrets via explicit information flow: Most find-
ings belonging to xhD have been reported by existing static
tools. CACHEQL re-discovers all of them despite it’s dy-
namic. We attribute the success to CACHEQL’s precise quan-
tification, which recasts MI as CP (Sec. 4.3), and localization,
where leaks are re-formulated as a cooperative game (Sec. 6).xhE Leaking secrets via implicit information flow: As discussed
above, prior static tools are incapable of fully detecting xhE .
Also, many findings of CACHEQL in xhE overlap with that

13

https://t.me/learningnets



in xhB . Since DATA cannot handle blinding well (blinding is
extensively used in Decryption), only a small portion of xhE
were correctly identified by DATA. DATA also has the same
issue to neglect CACHEQL’s findings in xhD .

In sum, static-/trace-based tools (CacheD, CacheS, Abacus)
can detect xhB ∩ xhD but cannot identify xhA ∪ xhC ∪ xhE . As
noted in Sec. 3, MicroWalk cannot properly differ randomness
induced by blinding vs. keys, and is inaccurate for the RSA
case with blinding enabled. DATA pinpoints xhA (accordingly
include xhA ∩ xhC ) and is less applicable for xhB . CACHEQL, due
to its precise quantification, localization, and scalability, can
identify xhA ∪ xhB ∪ xhC ∪ xhD ∪ xhE .

8.3.2 Characteristics of Leakage Sites

Case Studies. The leakage sites exist in all stages of cryp-
tosystems. Below, we use case studies and the distribution
of leaked bits to illustrate their characteristics. In short, the
leaks start when parsing keys from files and initializing secret-
related BIGNUM, and persist during the whole life cycle of
RSA execution.

int hextonibble(char s) {
if(s >= '0' && s <= '9’)
return s - '0’;

if(s >= 'A' && s <= 'F’)
return 10 + s - 'A’;

if(s >= 'a' && s <= 'f’)
return 10 + s - 'a’;

}

1
2
3
4
5
6
7
8

static gpg_err_code_t
do_vsexp_sscan(gcry_sexp_t *ret,

char *buf, size_t len) {
struct make_space_ctx c;
for(char *s=buf; len; len--) {
*c.p++ = hextonibble(*(s++));

} 
}

9
10
11
12
13
14
15
16

Figure 7: Simplified vulnerable program points localized in
Libgcrypt 1.9.4. This function has SCB directly depending
on bits of the key.

Case Study1: Fig. 7 presents a case newly disclosed
by CACHEQL, which is the key parsing implemented in
Libgcrypt 1.6.1 and 1.9.4. As discussed in Sec. 8.2.3 (see
Case2), this function has SCB explicitly depending on the
key read from files. It therefore contains xhA and xhD . Similar
leaks exist in other software. For instance, as localized by
CACHEQL and DATA, the EVP_DecodeUpdate function in
two versions of OpenSSL have SDA via the lookup table
data_ascii2bin when decoding keys read from files.
Case Study2: Fig. 8 depicts the life-cycle of BIGNUM in
OpenSSL 3.0.0, including initialization and computations. We
show how secrets are leaked along the usage of BIGNUM.
1 BN_bin2bn@L39: A BIGNUM is initialized using s at

L40, which is parsed from the key file in the .pem format.
A for loop at L42 skips leading zeros, propagating s to len
via implicit information flow. Then, len is propagated to top
(L49 or L53). Thus, future usage of top clearly leaks secret.
2 BN_mod_exp_mont@L1: BN_num_bits is called to calcu-

late #bits (after excluding leading zeros) of BIGNUM p. BN_-
num_bits further calls BN_num_bits_word which we have
discussed in Sec. 8.2.3. #bits is stored in bits at L5. Later,
bits is propagated to wstart at L7.
3 BN_window_bits_for_exponent_size@L20: w is prop-

agated from bits at L6, given control branches from L21 to
L24 directly depend on b.

4 BN_is_bit_set@L33: top of BIGNUM p directly de-
cides the return value at L36. Its content, namely array d,
also sets the return value at L37. Given wvalue and wend at
L13 and L15 are updated according to the return value of
BN_is_bit_set, they are thus implicitly propagated.
5 bn_mul_mont_fixed_top@L26: The access to array val

at L17 is indexed with wvalue, and therefore, it induces SDA.
Variable b at L27 is also propagated via wvalue, and the if
branch at L28 thus introduces SCB.

Overall, 1 executes at Pre-processing and is only detected
by DATA and CACHEQL. It has both explicit (L47) and im-
plicit (L42) information flow. Thus, it has xhA xhC xhD xhE . Simi-
larly, 2 contains xhB xhC xhD xhE . Both 3 and 4 have xhB xhC xhD .
5 only has xhB xhD . Among the leak sites discussed above, only

five SCB at L21-L24 and L36 are detected by previous static
tools; remaining ones are newly reported by CACHEQL.
Case Study3: Fig. 9 shows leaking sites disclosed by
CACHEQL in MbedTLS 3.0.0. In short, MbedTLS has simi-
lar implementation of BIGNUM with OpenSSL, where the
variable n in BIGNUM stores the number of leading zeros.
Later computations rely on n for optimization, for instance,
the SDA at L8 in mbedtls_mpi_div_mpi@L1. It’s worth
noting that mbedtls_mpi_copy@L12 is extensively called
within the life cycles of all involved BIGNUM, contributing
to notable leaks in the whole pipeline. Similar leaks also exist
in MbedTLS 2.15.0. See our website [4] for more details.
Distribution. Fig. 10 reports the distribution of leaked bits
among top-10 vulnerable functions localized in MbedTLS.
The two versions of MbedTLS primarily leak bits in Pre-
processing and have different strategies when initializing
BIGNUMs for CRT optimization. Thus, the distributions of
most vulnerable functions vary. For instance, the most vul-
nerable functions in ver. 2.15.0 are for multiplication and
division; they are involved in calculating BIGNUMs for CRT.
Notably, mbedtls_mpi_copy is among the top-5 vulnerable
functions on all four charts in Fig. 10. This function leaks the
leading zeros of the input BIGNUMs via both SDA and SCB.
The mbedtls_mpi_copy function, as a memory copy routine
function, is frequently called (e.g., more than 1,000 times in
ver. 2.15.0). Though this function only leaks the leading zeros,
given that its input can be the private key or key-dependent
intermediate value, the accumulated leakage is substantial.

Answer to RQ2: CACHEQL confirms all known flaws
and identifies many new leakage sites, which span over the
life cycle of cryptographic algorithms and exhibit diverse
patterns. Distributions of leaked bits among vulnerable
functions varies notably between software versions.

8.4 RQ3: Performance Comparison
To assess CACHEQL’s optimizations and re-formulations,
we compare CACHEQL with previous tools on the speed,
scalability, and capability of quantification and localization.
Trace Statistics. We report the lengths (after padding) of
traces collected using Pin in Table 4. In short, all traces col-

14

https://t.me/learningnets



#define BN_window_bits_for_exponent_size(b)\
((b) > 671 ? 6 : \
(b) > 239 ? 5 : \
(b) >  79 ? 4 : \
(b) >  23 ? 3 : 1)

int bn_mul_mont_fixed_top(BIGNUM *r,
BIGNUM *a, BIGNUM *b) {   

if(a == b) 
bn_sqr_fixed_top(tmp, a)

else
bn_mul_fixed_top(tmp, a, b)

}
int BN_is_bit_set(BIGNUM *a, int n) {
int i = n / BN_BITS2;
int j = n % BN_BITS2;
if(a->top <= i) return 0;
return (int)(((a->d[i]) >> j) & 1;

}

20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38

BIGNUM *BN_bin2bn(int len, 
char *s, BIGNUM *ret) {
// s is secret
for ( ; len && *s == 0; s++) {
// skip leading zeros
len --;

}

n = len; 
if (n == 0) { 
ret->top = 0; 
return ret; 

} 
i = ((n - 1) / BN_BYTES) + 1;
ret->top = i; 
/* top is the “size” of a
BIGNUM in later computing */
return ret;

}

39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57

int BN_mod_exp_mont(BIGNUM *rr, BIGNUM *a,
BIGNUM *p, BIGNUM *m, ) {

// table of variables obtained from 'ctx’
BIGNUM *val[TABLE_SIZE];
int bits = BN_num_bits(p);
int w = BN_window_bits_for_exponent_size(bits);
int wstart = bits – 1;
for(;;) {
int wvalue = 1;
int wend = 0;
for(int i = 1; i < w; i++)
if(BN_is_bit_set(p, wstart - i)) {
wvalue <<= (i - wend);
wvalue |= 1;
wend = i;

}
bn_mul_mont_fixed_top(r, r, val[wvalue >> 1]);

}
}

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19

implicit information flow
“taints” wvalue and wend

len is tainted via implicit
information flow here.

Figure 8: Vulnerable program points localized in OpenSSL 3.0.0. We mark the line numbers of SDA vulnerabilities and SCB
vulnerabilities found by CACHEQL. Secrets are propagated from p to other variables via explicit or implicit information flow,
which confirm each SDA/SCB vulnerability found by CACHEQL.

int mbedtls_mpi_div_mpi(Q, R, A, B) {
// Q, R, A, B are mbedtls_mpi*
mbedtls_mpi_copy(&X, A)；
mbedtls_mpi_copy(&Y, B)；
int n = X.n - 1;
int t = Y.n - 1;
while(mbedtls_mpi_cmp_mpi(&X, &Y)) {
Z.p[n - t]++; // local variable Z
mbedtls_mpi_sub_mpi(&X, &X, &Y);

}
}
int mbedtls_mpi_copy(mbedtls_mpi *X,

mbedtls_mpi *Y) {
for(size_t i = Y->n-1; i > 0; i--)
if(Y->p[i] != 0) break;

}

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16

int mbedtls_mpi_cmp_mpi(X, Y) {
// X and Y are mbedtls_mpi*
for(i = X->n; i > 0; i--)
if(X->p[i - 1] != 0)
break;

for(j = Y->n; j > 0; j--)
if(Y->p[j - 1] != 0)
break;

for( ; i > 0; i-- ) {
if(X->p[i-1] > Y->p[i-1])
return(X->s);

if(X->p[i-1] < Y->p[i-1])
return(-X->s);

}
}

17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32

both SDA and SCB here.

Figure 9: Vulnerable program points localized in MbedTLS 3.0.0. We mark the line numbers of SDA and SCB.
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Figure 10: Distribution of top-10 functions in MbedTLS leak-
ing most bits via either SDA or SCB vulnerabilities. Legend
are in descending order.

lected from real-world cryptosystems are lengthy, imposing
high challenge for analysis. Nevertheless, CACHEQL em-
ploys encoding module S and compressing moduleR to ef-
fectively process lengthy and sparse traces, as noted in Sec. 5.
Impact of Re-Formulations/Optimizations. CACHEQL
casts MI as CP when quantifying the leaks. This re-
formulation is faster (see comparison below) and more pre-
cise, because calculating MI via MP (as done in MicroWalk)
cannot distinguish blinding in traces. As reported in Table 4,

Table 4: Padded length of side channel traces collected using
Intel Pin. The above/below five rows are for SDA/SCB.

Pre-processing Pre-processing
Decryption Decryption Decryption Decryption
Blinding Blinding

OpenSSL 3.0.0 256×256×64 256×256×15 256×256×40 256×256×9
OpenSSL 0.9.7 256×256×20 256×256×14 256×256×14 256×256×13
MbedTLS 3.0.0 256×256×16 256×256×2 N/A N/A

MbedTLS 2.15.0 256×256×14 256×256×2 N/A N/A
Libgcrypt 1.9.4 256×256×36 256×256×22 256×256×26 256×256×25
Libgcrypt 1.6.1 256×256×5 128×128×19 256×256×11 256×256×10
OpenSSL 3.0.0 256×256×40 256×256×10 256×256×24 256×256×4
OpenSSL 0.9.7 256×256×8 256×256×5 256×256×5 256×256×4
MbedTLS 3.0.0 256×256×6 256×256×1 N/A N/A

MbedTLS 2.15.0 256×256×6 256×256×1 N//A N/A
Libgcrypt 1.9.4 256×256×12 256×256×8 256×256×10 256×256×9
Libgcrypt 1.6.1 256×256×3 128×128×8 256×256×6 256×256×5

a great number of records are related to blinding, and they
lead to false positives of MicroWalk. For localization, the
unoptimized Shapley value hasO(2N) computing cost. Given
the trace length N is often extremely large (Table 4), com-
puting Shapley value is infeasible. With our domain-specific
optimizations, the cost is reduced as nearly constant.

8.4.1 Time Cost and Scalability

Scalability Issue of Static-/Trace-Based Tools. As noted inxh7 in Sec. 3, prior static- or trace-based analyses rely on expen-
sive and less scalable techniques. They, by default, primarily
analyze a program/trace cut and neglect those pre-processing
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Table 5: Scalability comparison of static- or trace-based tools.
CacheD Abacus CacheS CacheAudit

Technique symbolic execution abstract interpretation
Libgcrypt fail (> 48h) fail (> 48h) fail fail
Libjpeg fail fail fail fail

Table 6: Training time of 50 epochs for the RSA cases.
SDA SCB

Configuration
Pre. Pre. Pre. Pre.
Dec. Dec. Dec. Dec. Dec. Dec. Dec. Dec.

Blind. Blind. Blind. Blind.
OpenSSL 3.0.0 22h 5h 3h 50min 13h 3h 2.5h 20min
OpenSSL 0.9.7 6.5h 5h 1h 1h 2.5h 1.5h 25min 20min
MbedTLS 3.0.0 5h 40min N/A N/A 2.5h 20min N/A N/A

MbedTLS 2.15.0 5h 40min N/A N/A 2.5h 20min N/A N/A
Libgcrypt 1.9.4 12.5h 7.5h 1.5h 1.5h 4h 2.5h 50min 45min
Libgcrypt 1.6.1 1.5h 1.5h 55min 50min 1h 40min 30min 25min

1. Due to the limited space, we use Pre., Dec., and Blind. to denote
Pre-processing, Decryption, and Blinding, respectively.
2. Blind. has ×4 training samples.

functions in cryptographic libraries. To faithfully assess their
capabilities, we configure them to analyze the entire trace/-
software (which needs some tweaks on their codebase). We
benchmark them on Libjpeg and RSA of Libgcrypt 1.9.4.
Abacus/CacheD/CacheS/CacheAudit can only analyze 32-bit
x86 executable. We thus compile 32-bit Libgcrypt and Lib-
jpeg. Results are in Table 5. CacheS and CacheAudit throw
exceptions of unhandled x86 instruction. Both tools, using
rigorous albeit expensive abstraction interpretation, appear
to handle a subset of x86 instructions. Fixing each unhan-
dled instruction would presumably require defining a new
abstract operator [19], which is challenging on our end. Aba-
cus and CacheD can be configured to analyze the full trace
of Libgcrypt. Nevertheless, both of them fail (in front of un-
handled x86 instructions) after about 48h of processing. In
contrast, CACHEQL takes less than 17h to finish the training
and analysis of the Libcrypt case; see Table 6.
Training/Analyzing Time of CACHEQL. Table 6 presents
the RSA case training time, which is calculated over 50 epochs
(the maximal epochs required) on one Nvidia GeForce RTX
2080 GPU. In practice, most cases can finish in less than 50
epochs. For AES-128, training 50 epochs takes about 2 mins.
Training 50 epochs for Libjpeg/PathOHeap takes 2-3 hours.
As discussed in Sec. 4.3, since we transform computing MI
as estimating CP, CACHEQL only needs to be trained (for
estimating CP) once. Once trained, it can analyze 256 traces
in 1-2 seconds on one Nvidia GeForce RTX 2080 GPU, and
less than 20 seconds on Intel Xeon CPU E5-2683 of 4 cores.

In sum, CACHEQL is much faster than existing trace-
based/static tools. By using CP, it principally reduces com-
puting cost comparing with conventional dynamic tools (see
Sec. 4). We also note that it is hard to make a fully fair com-
parison: training CACHEQL can use GPU while existing tools
only support to use CPUs. Though CACHEQL has smaller
time cost on the GPU (Nvidia 2080 is not very powerful), we
do not claim CACHEQL is faster than prior dynamic tools.
In contrast, we only aim to justify that CACHEQL is not as
heavyweight as audiences may expect. Enabled by our the-

oretical and implementation-wise optimizations, CACHEQL
efficiently analyzes complex production software.

8.4.2 Capability of Quantification and Localization

Small Programs and Trace cuts. As evaluated in Sec. 8.4.1,
previous static-/trace-based tools are incapable of analyzing
the full side channel traces. Therefore, we compare them with
CACHEQL using small program (e.g., AES) and trace cuts.

Overall, the speed of CACHEQL (i.e., training + analyz-
ing) still largely outperforms static/trace-based methods. For
instance, CacheD [57], a qualitative tool using symbolic exe-
cution, takes about 3.2 hours to analyze only the decryption
routine of RSA in Libgcrypt 1.6.1 without considering blind-
ing. CACHEQL takes under one hour for this setting. In addi-
tion, Abacus [6], which performs quantitative analysis with
symbolic execution, requires 109 hours to process one trace of
Libgcrypt 1.8. Note that it only analyzes the decryption mod-
ule (several caller/callee functions) without considering the
blinding, pre-rocessing functions, etc. In contrast, CACHEQL
can finish the training within 2 hours (the trace length of
Libgcrypt 1.9 is about the same as ver. 1.8) in this setting.
It’s worth noting that, CACHEQL only needs to be trained for
once, and it takes only several seconds to analyze one trace.
That is, when analyzing multiple traces, previous tools has
fold increase on the time cost whereas CACHEQL only adds
several seconds.

The quantification/localization precision of CACHEQL is
also much higher. Abacus reports 413.6 bits of leakage for
AES-128 (it neglects dependency among leakage sites, such
that the same secret bits can be repetitively counted at differ-
ent leakage sites), which is an overestimation since the key has
only 128 bits. For RSA trace cuts, Abacus under-quantifies
the leaked bits because it misses many vulnerabilities due to
implicit information-flow. When localizing vulnerabilities in
AES-128, we note that all static/trace-based have correct re-
sults. For localization results of RSA trace cuts, see Sec. 8.3.1.
In short, none of the previous tools can identify all the cate-
gories of vulnerabilities.
Dynamic Tools. Previous dynamic tools do not suffer
from the scalability issue and have comparable speed with
CACHEQL. Nevertheless, they require re-launching their
whole pipeline (e.g., sampling + analyzing) for each trace.

For quantification, MicroWalk over-quantifies the leaked
bits of RSA as 1024 when blinding is enabled, since it re-
gards random records as vulnerable. Similarly, it reports that
ORAM cases have all bits leaked despite they are indeed se-
cure. MicroWalk can correctly quantify the leaks of whole
traces for AES cases and constant-time implementations, be-
cause no randomness exists. Nevertheless, since the same
key bits are repeatedly reused on the trace, its quantification
results for single record, when summed up, are incorrectly
inconsistent with the result of whole trace. For localization,
as summarized in Sec. 8.3.1, previous dynamic tools are also
either incapable of identifying all categories of vulnerabilities
or yields many false positive. For instance, MicroWalk can
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regards all records related to blinding (over 1M in OpenSSL
3.0.0; see trace statistics in Table 4) as “vulnerable”.

Answer to RQ3: With domain-specific transformations
and optimizations applied, CACHEQL addresses inherent
challenges like non-determinism, and features fast, scal-
able, and precise quantification/localization. Evaluations
show its advantage over previous tools.

9 Discussion
Handling Real-World Attack Logs. Side channel observa-
tions (e.g., obtained in cross-virtual machine attacks [70]),
are typically noisy. CACHEQL handles real attack logs by
considering noise as non-determinism (see Sec. 4.4), thus
quantifying leaked bits in those logs. Nevertheless, we do not
recommend localizing vulnerabilities using real attack logs,
since mapping these records back to program statements are
challenging. Pin is sufficient for developers to “debug”.
Analyzing Media Data. CACHEQL can smoothly quantify
and localize information leaks for media software. Unlike pre-
vious static-/trace-based tools, which require re-implementing
the pipeline to model floating-point instructions for symbolic
execution or abstract interpretation, CACHEQL only needs
the compressorR to be changed. In addition, CACHEQL is
based on NN, which facilitates extracting “contents” of media
data to quantify leaks, rather than simply comparing data byte
differences. See evaluation results in Appx. B.
Program Taking Public Inputs. We deem that different pub-
lic inputs should not largely influence our analysis over cryp-
tographic and media libraries, whose reasons are two-fold.
First, for cryptosystems like OpenSSL, the public inputs (i.e.,
plaintext or ciphertext) has a relatively minor impact on the
program execution flow. To our observation, public input val-
ues only influence a few loop iterations and if conditions.
Media libraries mainly process private user inputs, which has
no “public inputs”. In practice, the influences of public in-
puts (including other non-secret local variables) are treated
as non-determinism by CACHEQL. That is, they are handled
consistently as how CACHEQL handles cryptographic blind-
ing (Sec. 4.4), because neither is related to secret.

Given that said, configurations (e.g., cryptographic algo-
rithm or image compression mode) may notably change the
execution and the logged execution traces. We view that as
an orthogonal factor. Moreover, modes of cryptographic algo-
rithms and media processing procedures are limited. Users of
CACHEQL are suggested to fix the mode before launching an
analysis with CACHEQL, then use another mode, and so on.
Keystroke Templating Attacks. Quantifying and localizing
the information leaks that enable keystroke templating attacks
should be feasible to explore. With side channel traces logged
by Intel Pin, machine learning is used to predict the user’s
key press [55]. Given sufficient data logged in this scenario,
CACHEQL can be directly applied to quantify the leaked
information and localize leakage sites.
Large Software Monoliths. For analyzing complex software
like browsers and office products, our experience is that using

Intel Pin to perform dynamic instrumentation for production
browsers is difficult. With this regard, we anticipate adopting
other dynamic instrumentors, if possible, to enable localizing
leaks in these software. With correctly logged execution trace,
CACHEQL can quantify the leaked bits and attribute the bits
to side channel records.
Training Dataset Generalization. One may question to
what degree traces obtained from one program can be used as
training set for detecting leaks in another. In our current setup,
we do not advocate such a “transfer” setting. Holistically,
CACHEQL learns to compute PD by accurately distinguish-
ing traces produced when the software is processing different
secret inputs. By learning such distinguishability, CACHEQL
eliminates the need for users to label the leakage bits of each
training data sample. Nevertheless, knowledge learned for dis-
tinguishability may differ between programs. It is intriguing
to explore training a “general” model that can quantify differ-
ent side channel logs, particularly when collecting traces for
the target program is costly. To do so, we expect to incorporate
advanced training techniques (such as transfer learning [46])
into our pipeline.
Key Generation. In RSA evaluations, we feed cryptographic
libraries with the key in a file. That is, the cryptographic
library execution does not involve “key generation”, which
is not due to “limited coverage” of CACHEQL. Previous
works [44] have exploited RSA key generation. With manual
effort, we find that the key generation functions heavily use
BIGNUM, involving vulnerable BIGNUM initialization and
computation functions already localized by CACHEQL in
Sec. 8.3, e.g., BN_bin2bn in Fig. 8 and BN_sub (see our full
report [4]).
BIGNUM Implementation. We also investigate other cryp-
tosystems. LibreSSL and BoringSSL are built on OpenSSL.
Their BIGNUM implementations and OpenSSL share similar
vulnerable coding patterns (i.e., the leading zero leak patterns;
see xhC of Sec. 8.3). We also find similar BIGNUM vulnera-
ble patterns in Botan (see [1]). In contrast, we find Intel IPP
does not use an individual variable to record #leading zeros
in BIGNUM (see [2]), hence it is likely free of xhC .

10 Conclusion
We present CACHEQL to quantify cache side channel leak-
ages via MI. We also formulate secret leak as a cooperative
game and enable localization via Shapley value. Our evalua-
tion shows that CACHEQL overcomes typical hurdles (e.g.,
scalability, accuracy) of prior works, and computes informa-
tion leaks in real-world cryptographic and media software.
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A Libjpeg and Prime+Probe Evaluation

Data Preparing. We choose the CelebA dataset [40] as the
image inputs of Libjpeg. The CelebA consists of 160,000
training and 10,000 validation images. We use the training
images and their corresponding side channel traces to estimate
CP via Fθ. The validation images and their induced side
channels are adopted for de-biasing (in case there exists non-
determinism).
Trace Logging. Following the same configuration of Sec. 8,
we use Pin to log execution traces of Libjpeg.
Logging via Prime+Probe. Besides using Pin, we collect
cache set access traces (for both cryptosystems and Libjpeg)
via Prime+Probe [53], in userspace-only scenarios. Follow-
ing [66], we use Mastik [63], a micro-architectural side chan-
nel toolkit, to perform Prime+Probe and log victim’s access
toward L1D and L1I cache. We use Linux taskset to pin
victim software and the spy process on the same CPU core.
Scripts of Prime+Probe experiments are at [4].

A.1 Libjpeg
Quantification. Libjpeg does not contain mitigations like
blinding. Thus, side channels collected by Pin are determin-
istic. Nevertheless, we argue that merely considering the dif-
ference among SDA/SCB, which is a conventional setup for
cryptosystems, will over-estimate the leakage. The reasons
are two-fold: 1) Traces can be largely divergent by tweaking
trivial pixels in the input images, e.g., background color pixels.
2) Even if all pixels are equally sensitive, the leakage may be
insufficient to recover input images. For instance, attackers
only infer whether each pixel value is larger than a threshold
(as how keys are usually recovered) and obtain a binary image
— it’s still infeasible to recognize humans in such images.

To handle these, we extend the generalizability considera-
tion, which is proposed to handle non-deterministic side chan-
nels derived from cryptosystems, to quantify deterministic
side channels made by Libjpeg. Therefore, our quantification
is the same as for processing non-deterministic side chan-
nels of cryptosystems. Due to the aforementioned issue, we
deem trivial pixels contain little information. As introduced in
Sec. 4.4, CACHEQL should accordingly report a zero leakage
since these non-sensitive factors are not generalizable.

Given that the #images is infinite, it’s infeasible to decide
the value of p(F)/p(T ) in Eq. 3 which should be a constant.
We thus report the leakage ratio for Libjpeg. As shown in
Table 7, leakage ratios reach 100% for SDA and SCB if we
only consider the distinguishability, which indicates side chan-
nels can differ images. Nevertheless, the leakage ratios are
reduced to 93% for SDA and 49% for SCB when we faith-
fully take generalizability into account. To further prove that
CACHEQL indeed captures the critical information in face
photos, we present the output of R in Fig. 11. The output
manifests common human face features like eyes and noses.
Localization. Representative vulnerable functions of Libjpeg
are given in Table 8. The leaked bits are spread across hun-

Table 7: Leakage ratios (see Eq. 4) of Libjpeg without→ with
considering generalizability.

SDA SCB
cache line 100%→ 93% 100%→ 49%

Table 8: Representative vulnerable functions localized in Lib-
jpeg and their types.

Function Type
decode_mcu SDA, SCB

jsimd_ycc_extbgrx_convert_avx2 SDA
jsimd_idct_islow_avx2 SDA, SCB

dreds of program points, mostly from the IDCT, YCC en-
coding, and MCU modules. Libjpeg converts JPEG images
into bitmaps, whose procedure has many SDA and SCB. We
manually checked our findings, which are aligned with [66].
Nevertheless, the YCC encoding-related functions are newly
found by us. CACHEQL also shows that SDA in IDCT leaks
the most bits, whereas the MCU modules leak more bits via
SCB. [66] flags those issues without quantification.

A.2 Prime+Probe

Following previous setups [66], a common Prime+Probe
is launched on the same core with the victim software and
periodically probes L1 cache when the victim software is
executed. This mimics a practical and powerful attacker and
is also the default setup of the Prime+Probe toolkit [63]
leveraged in our evaluation and relevant research in this
field. To prepare traces about Pre-processing, we halt the
victim program after the pre-processing stage. Generally,
launching Prime+Probe is costly. Without loss of general-
ity, we use Prime+Probe to collect RSA side channels from
OpenSSL 0.9.7 and Libjpeg. Attackers often repeat launching
Prime+Probe [70]. As in Table 9, repeating an attack to col-
lect more logs does improve information, but only marginal.
Compared to merely doing Prime+Probe once, repeating ×4
yields more information. However, repeating more times does
not necessarily improve, since the information source is al-
ways the same. We also note that Pre-processing has more
leaks: for two (RSA, #Repeating=8) cases of L1 D and I cache
(i.e., the 2nd and 3rd columns in the last row), Pre-processing
has 22.5 (total 35.5) and 14.1 (total 21.6) leaked bits.

Libjpeg leaks more information than RSA. Not like recover-
ing keys where each key bit needs to be analyzed, recovering
every pixel is not necessary for inferring images. As previ-
ously stated [66], pixels conform to specific constraints to
form meaningful contents (e.g., a human face), which typi-
cally have lower dimensions than pixel values. As a result,
extracting these constraints can give rich information already.

B Transformations inR

As stated in Sec. 5, we adopt different mathematical transfor-
mations inR for media data and cryptographic keys. In what
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Table 9: Leaks of side channels collected via Prime+Probe.
RSA D RSA D RSA D RSA D

#Repeating 1 2 4 8
Leakage 19.3 (1.8%) 29.4 (2.8%) 34.9 (3.4%) 35.5 (3.4%)

RSA D RSA I Libjpeg D Libjpeg I
#Repeating 16 8 8 8

Leakage 35.6 (3.4%) 21.6 (2.1%) 20.8% 12.9%

1. “D” denotes L1 D cache whereas “I” denotes L1 I cache.
2. We also report leakage ratios for RSA cases to ease comparison.

follows, we elaborate on compressing latent vectors of media
data and secret keys with different transformations inR.
Media Data. We use image to demonstrate the cases for
media data; the conclusion can be extended to other media
data straightforward [66]. It is generally obscure to measure
the amount of information encoded in high-dimensional me-
dia data like images [68]. To extract information, an image,
before being fed into modern neural networks (e.g., classi-
fier C in CACHEQL), is generally normalized into [−1,1]
and represented as a channel×width× height matrix [33].
Let a private image be km and the associated side chan-
nel log be om, we set the output of S(om) as a matrix of
the same size. Accordingly, our compressor Rm is imple-
mented using the tanh : [−∞,∞]→ [−1,1] function, facili-
tating H(om)≤ H(km). tanh is parameter free (i.e., θR = /0),
eliminating extra training cost. Also, if certain properties in
an image are particularly desirable by attackers, e.g., the gen-
der of portrait images, km and the matrix from S(om) can be
replaced with a vectorized representation for image properties.
We refer readers to [47] for vectorizing image attributes.
Cryptographic Keys. For a cryptographic key kc of length
L, there are total 2L uniformly distributed key instances. The
information in one key instance is thus H(k) = log2L = L
bits. Since a key only contains binary values and neural
networks are hard to be deployed with binary parameters,
for the associated side channel log oc, we need to trans-
form the floating-point encoding output S(oc), which is ac-
cordingly a vector of length L, into binary bits. Existing
profiling-based side channel attacks map side channels to
keys via L bit-wise classification tasks [27, 30, 32]. In each
task, a floating point is transformed to 1 if it is greater than
a threshold. Nevertheless, this transformation is not appli-
cable in R, given that it is not differentiable, which im-
pedes the optimization of θ. Inspired by the optimization
for binary variables [17, 18], we design Rc by joining two
components: 1) a non-parametric sigmoid : [−∞,∞]→ [0,1]
function which generates L independent (as bits in kc are
independent) probabilities, and 2) a parametric Bernoulli
distribution Bern : Pr(Bern(·) = 1) + Pr(Bern(·) = 0) = 1
which takes its inputs, i.e., sigmoid(S(oc)), as parameters
for optimization. Thus, we have Rc = Bern ◦ sigmoid and
θRc = sigmoid(S(oc)). See our codebase [4] for details.

Recall as we discussed in Sec. 5,R is designed for shrink-
ing maximal information in a side channel trace o, enabled
by this principle, CACHEQL is “forced” to focus on secret-
related information. Outputs of R are shown in Fig. 11: it
captures common facial features, such as eyes and mouth,
when quantifying information leaks for human photos.

Figure 11: Outputs ofR when quantifying leakage of images.

Table 10: Quantitative evaluation of the reconstruction.
∗Libjpeg (Pin) †OpenSSL 0.9.7 (Pin) ∗Libjpeg (Prime+Probe)

DA/D cache 41.5% 58.2% 36.8%
CB/I cache 40.4% 57.7% 36.0%

* We report percentage of reconstructed photos that are recognized as
the same faces with the reference photos. We use the criterion of [66].
† Pre-processing + Decryption with blinding enabled. We report per-
centage of correct bits. Random guess (baseline) should be 50%.

C Reconstruct Secrets From Side Channels

Appx. B demonstrates thatR captures facial attributes when
quantifying leakage of portrait photos. Readers may question
whether CACHEQL can directly reconstruct secrets from side
channels. To this end, we extend CACHEQL by tweaking
the optimization objectives (only adds one line of code; see
our manuals [4]), and present results in Table 10. We show
reconstructed images on our website [4]. Overall, keys/im-
ages with reasonable quality are reconstructed using traces
logged by Intel Pin or Prime+Probe. In particular, recon-
structed images have more vivid appearance than Fig. 11; it’s
reasonable since quantifying leaks emphasizes on the distin-
guishability. These promising results illustrate the superiority
of CACHEQL’s design and extendability, and the exploitabil-
ity of localized program points. Having stated that, we clarify
that aligned with prior works in this field, CACHEQL is a bug
detector, not for reconstructing secret in real attacks. Also,
as a proof of concept, the extended CACHEQL shows the
feasibility of key/image reconstruction; the quality of recon-
structed keys/images may be further improved [66], which
we leave as one future work.

D Extended Proof of Eq. 10

This Appendix section proves Eq. 10 in a two-step approach;
we refer the following proof skeleton to [8, 54]. Since c(k,o)
is only decided by Fθ, for simplicity, we also denote it as a
parameterized function. In particular, Lemma 1 first shows
that the empirically measured Î(n)

θ† (K;O) is consistent with
Î
θ†(K;O). Lemma 2 then proves that Î

θ†(K;O) stays close
to I(K;O). In all, Tsai et al. [54] has pointed out that the
following two prepositions hold for neural networks:

Proposition 1 (Boundness). ∀ĉθ and ∀k,o, there exist two
constant bounds Bl and Bu such that Bl ≤ log ĉθ(k,o)≤ Bu.

Proposition 2 (log-smoothness). ∀k,o and ∀θ1,θ2 ∈ Θ,
∃α > 0 such that | log ĉθ1(k,o)− log ĉθ2(k,o)| ≤ α‖θ1−θ2‖.

Proposition 1 states that outputs of a neural network are
bounded and Proposition 2 clarifies that the output of a neural
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network will not change too much if the parameter θ change
slightly [54]. By incorporating the bounded rate of uniform
convergence on parameterized functions [7], we have:

Lemma 1 (Estimation). ∀ε > 0,

Pr
{〈k,o〉}(n)

(
sup

ĉ
θ†∈C

∣∣∣Î(n)
θ† (K;O)−EPK×O [log ĉ

θ†(k,o)]
∣∣∣≥ ε

)

≤ 2|Θ|exp
(

−nε2

2(Bu−Bl)2

)
.

Lemma 1 applies the classical consistency theorem [23]
for extremum estimators. Here, extremum estimators denote
parametric functions optimized via maximizing or minimiz-
ing certain objectives; note that ĉθ is optimized to maximize
the binary cross-entropy in Eq. 6. It illustrates that Î(n)

θ† (K;O)

convergent to Î
θ†(K;O) as n grows. Future, based the univer-

sal approximation theory of neural networks [29], we have:

Lemma 2 (Approximation). ∀ε > 0, there exists a family of
neural networks N = {ĉθ : θ ∈Θ} such that

inf
ĉθ∈N
|EPK×O [log ĉθ(k,o)]− I(K,O)| ≤ ε.

Lemma 2 states that Î
θ†(K;O) can approximate I(K;O)

with arbitrary accuracy. Therefore, Eq. 10 can be derived from
Lemma 1 and Lemma 2 based on the triangular inequality.

E Key Properties of Shapley Values

Following Sec. 6, this Appendix shows several key proper-
ties of Shapley value. We discuss why it is suitable for side
channel analysis and how the properties help our localization.
To clarify, the following theorems are not proposed by this
paper; they are for reader’s reference only.
Theorem 1 (Efficiency [49]). The sum of Shapley value of
all participants (i.e., side channel records) equals to the value
of the grand coalition:

∑
i∈Ro

πi(φ) = φ(o)−φ(o /0). (13)

Theorem 1 states that the assigned Shapley value for each
side channel record satisfies the apportionment defined in
Definition 1. φ(o /0) = 0 since an empty o leaks no secret.
Theorem 2 (Symmetry [49]). If ∀S ⊆ Ro \ {i, j}, i- and j-
th players are equivalent, i.e., φ(oS∪{i}) = φ(oS∪{ j}), then
πi(φ) = π j(φ).

Theorem 2 states records in o contributing equally to leak-
age have the same Shapley value. Divergent Shapley values
suggest divergent leakage on the relevant program points. It
ensures that all contributions are awarded Shapley values.

Theorem 3 (Dummy Player [49]). If the i-th participant
is a dummy player, i.e., ∀S ⊆ Ro \ {i},φ(oS∪{i})− φ(oS) =
φ(o{i})−φ(o /0), then πi(φ) = φ(o{i})−φ(o /0).

Table 11: Statistics of reported vulnerabilities.
Reported flaws Answered Acknowledged flaws

OpenSSL 10 (functions) 10 10
MbedTLS 62 (leakage sites) 62 62
Libgcrypt 5 (functions) 0 0
Libjpeg 2 (functions) 2 2

Theorem 3, dubbed as “Dummy Player,” states that the
information leakage in one program point is not distributed
to non-correlated points. In sum, Theorem 2 and Theorem 3
guarantee that the Shapley value apportionment is accurate.
Further, if φ(o{i}) = φ(o /0), we have the following theorem.

Theorem 3.1 (Null player [49]). If the i-th participant has
no contribution to any grand coalition game φ, i.e., ∀S ⊆
Ro \{i},φ(oS∪{i}) = φ(oS), then πi(φ) = 0.

Theorem 3.1 is one special case of Theorem 3, and it guar-
antees that the Shapley value has no false negative. That is,
program points assigned with a zero Shapley value is guaran-
teed to not contribute to information leakage.

Theorem 4 (Linearity [49]). If two coalition games, namely
φ and ψ, are combined, then πi(φ+ψ) = πi(φ)+πi(ψ) for
∀i ∈ Ro.

Theorem 4 implies that if a secret has several independent
components, then the assigned Shapley value for each side
channel record equals to the linear sum of secrets leaked on
this record from all components. For instance, let π(φg) and
π(φa) be the leaked information by recovering two privacy-
related properties, “gender” and “age,” over portrait photos.
Since these two properties are independent, when considering
both, the newly-computed leakage π(φ) must equal the sum of
π(φg) and π(φa) according to Theorem 4. While this property
allows for fine-grained leakage analysis, we currently do not
separate a secret into independent components. We view this
exploration as one future work.

Theorem 5 (Uniqueness [49]). The apportionment derived
from Shapley value is the only one that simultaneously satis-
fies Theorem 1, Theorem 2, Theorem 3 & 3.1, and Theorem 4.

F Confirmation with the Developers

We have reported our findings to developers. Since we find
many vulnerabilities in each cryptosystems and media soft-
ware (see a complete list at [4]), we summarize representative
cases and also clarify the leakage to developers to seek prompt
confirmation. Sometimes, as required, we further annotate
the vulnerable statements (e.g., for MbedTLS developers).
Table 11 lists the exact numbers of vulnerable functions/pro-
gram points we reported.

By the time of writing, OpenSSL developers have con-
firmed BIGNUM related findings. MbedTLS developers also
positively responded to our reports. We are discussing with
them the disclosure procedure. Libjpeg developers agreed
with our reported SDA/SCB cases but required PoC exploita-
tions and patches to assess cost vs. benefit. We did not receive
response from Libgcrypt developers.
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