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Abstract—A Physically Unclonable Function (PUF) is a hard-
ware security primitive used for authentication and key gen-
eration. It takes an input bit-vector challenge and produces a
single-bit response, resulting in a challenge-response pair (CRP).
The truth table of all challenge-response pairs of each manufac-
tured PUF should look different due to inherent manufacturing
randomness, forming a digital fingerprint. A PUF’s entropy (the
entropy of all the responses, taken over the manufacturing
randomness and uniformly selected challenges) has been studied
before and is a challenging problem. Here we explore a related
notion — the response entropy, which is the entropy of an arbitrary
response given knowledge of one (and later two) other responses.
This allows us to explore how knowledge of some CRP(s) impacts
the ability to guess another response.

The Arbiter PUF (APUF) is a well-known PUF architecture
based on accumulated delay differences between two paths. In
this paper, we obtain in closed form the probability mass function
of any arbitrary response given knowledge of one or two other
arbitrary CRPs for the APUF architecture. This allows us to
obtain the conditional response entropy and then to define and
obtain the size of the entropy bins (challenge sets with the same
conditional response entropy) given knowledge of one or two
CRPs. All of these results depend on the probability that two
different challenge vectors yield the same response, termed the
response similarity of those challenges. We obtain an explicit
closed form expression for this. This probability depends on the
statistical correlations induced by the PUF architecture together
with the specific known and to-be-guessed challenges. As a by-
product, we also obtain the optimal (minimizing probability of
error) predictor of an unknown challenge given access to one (or
two) challenges and the associated predictability.

Index Terms—Arbiter PUF, CRP correlation, entropy bins,
expected entropy, response entropy.

I. INTRODUCTION

HYSICALLY Unclonable Functions (PUFs) are circuits
Pthat can be integrated into chip designs to provide a low-
cost digital “fingerprint”. They show promise as hardware
security primitives for Internet of Things (IoT) devices that
need low-power cryptographic frameworks for authenticated
communication. PUF designs rely on randomness derived from
many types of process variations, such as gate/wiring delays,
designed to be the same across all chips, but inevitably differ-
ing due to random defects that occur during manufacturing
[1], [2]. This results in an uncontrollable, unique function
for each device, which is physically unclonable. With PUFs,
the “fingerprint” of a device is not some stored bit-stream,
but rather extracted from its unique input / output function,
that may be “challenged” with an input vector ¢ € {0,1}",
which interacts with the random elements of a PUF instance
to produce a “response”, R. € {%x1}. The pair (c, R.) is

called a challenge-response pair (CRP). A subset of CRPs,
usually randomly selected, can be used to uniquely identify or
authenticate a device. There are two classes of PUFs. In weak
PUFs the size of the truth table with respect to the number of
random elements is small and hence must be kept secret as it
is easily obtained via exhaustive evaluation; they are mostly
used for key-generation in cryptography. Strong PUFs offer a
huge number of CRPs, usually exponential in the number of
physical random elements, and are primarily used in device
authentication [1]. How good a PUF is is often measured by
their response bias, the uniqueness, and the entropy of the
PUFs, among other statistical metrics [3]-[5]. The arbiter PUF
(APUF), a well known strong PUF architecture, is the focus
of this paper, which is formally introduced in Section II.

A basic authentication framework for the APUF is as
follows. During an enrollment phase, which takes place in
a secure environment, a large set of random challenges are
passed to the APUFs input and the outputs are recorded to
create CRPs. This large set of CRPs (or a model of the PUF
obtained via Machine Learning from this set) is then stored on
the authentication server. During the authentication phase the
APUF is no longer guaranteed to be in a secure environment.
In order to authenticate a particular APUF according to various
protocols [6]-[9], a small set of challenges are used to query
the APUF by the server, so as to verify the APUF’s identity.

CRP correlation: The PUF community has nearly always
assumed the use of random CRP sets either in protocols or
analysis of PUF metrics, or to build multi-bit responses. It
has not deeply studied how challenges may be correlated, how
exposing one challenge (e.g. to an attacker) may impact how
predictable another challenge becomes.

We focus on presenting rigorous mathematical tools to
understand how much knowledge of one or two challenges
reveals about the remaining challenges in an arbiter PUF. We
propose to measure this using the response entropy, and the
conditional response entropy, or entropy of a response to a
challenge given (in the conditional setting) knowledge of one
or two other CRPs. This turns out to be a function of how
statistically correlated the CRPs of an APUF are. We explicitly
derive the response similarity P[R.s = R.], which allows
us to characterize the conditional response entropy and the
associated "entropy bins" which contain all the challenges who
have the same conditional entropy given knowledge of one (or
two) CRPs.

Prior observations about the PUF CRP correlations:
Our method is based on the analytical derivation of the
probability that the responses to different challenges are the



same. This probability has been observed experimentally and
numerically in previous work. In particular, for APUFs, figures
such as [10, Figure 6, simulated], [11, Figure 12], comments
such as those in [12], and partial analytical derivations (non-
closed form integrals) as in [13] focus on the how likely the
responses to two challenges differing in one bit are to be
the same, and plot the probability that the response changes
as a function of the bit flip position (or two consecutive
bit positions [13]). However, to the best of our knowledge,
this bit flip probability as an explicit closed-form function of
the challenges and responses has never been derived and is
one of the contributions here. We furthermore provide closed-
form expressions for any two arbitrarily correlated challenges
c and ¢’ and not only ones that change in one or two bit
positions. We also propose explicit algorithms enumerating all
challenges with a desired response similarity to a given one
or two challenges.

Prior observations about the PUF entropy: In order for
PUFs to be able to uniquely identify many devices, one hopes
that the entropy of the PUFs manufactured in a particular
architecture is large. This PUF entropy, or the entropy of all
the responses (to all challenges) or a particular architecture has
been studied before and is usually experimentally obtained, as
it is difficult to analytically characterize.

In [14] they asked the question of how to select challenges
to maximize the entropy (of the corresponding responses) of
loop PUF outputs. They used an analytical model for the loop
PUF that assumes Gaussian delay elements as justified in
[15], and showed that n bits of entropy (equated with the
randomness or hardness of predicting a response given no
other responses) may be obtained from n challenges if and
only if the challenges constitute a Hadamard code. They do
not touch on the probability that two challenges result in the
same response as a function of the challenges. Later work
such as [16] focuses on estimating the probability distribution
of certain kinds of PUFs composed of delay elements and
finds the resulting Shannon entropy of the PUF is close to the
max-entropy, which is asymptotically quadratic in the number
of stages n. [17] presents a new approach for determining
the min-entropy of a PUF based on convolving histograms.
[18] analyzes the entropy of FPGA Lookup Table-based PUFs.
None of these works focus on conditional response entropy
estimation given knowledge of some challenges, but rather on
estimating the overall PUF entropy. There is also work on the
statistical analysis of PUFs [19], and characterizing the entropy
of “strong” PUFs [19], [20] but these have been experimental
and focus on the inherent qualities (bias, uniqueness and
reliability) of PUFs, and do not focus on how challenges
correlate the PUF responses.

Contributions: for APUF, we define and obtain:

e The response similarity between any pair of challenges ¢ and
¢/, P[Ro = R.], often denoted by p. This response similarity
is expressed as a function of the similarity factor, a function
of the two challenges, and denoted as s. To the best of our
knowledge, this is the first time that a closed form, analytical
characterization of the probability that two or three challenges
will produce the same response for an APUF. This underpins

the Strict Avalanche Criterion (SAC) property for APUFs and
yields an alternative to the Monte Carlo simulations often used
in papers, e.g. [21] to simulate the probability that the response
flips if for example one challenge input bit flips. In fact, our
work provides a complete generalization of this single bit flip
probability (where only one bit is flipped with respect to a
base or anchor challenge) to the probability of flipping any
number of bits with respect to an anchor challenge.

e The similarity bins of any anchor challenge ¢, B;(p, c): for
any given challenge (anchor) and a given response similarity
p, we develop an efficient algorithm to find the set of all
challenges that have the same given response similarity with
respect to the anchor.

e The response entropy and the conditional response entropy
of a challenge, conditioned on knowing one or two CRP(s).
From this we are able to compute the conditional minimum
response entropy and the conditional Shannon response en-
tropy using the closed form expression for the probability that
two or three challenges will produce the same response.

e The entropy bins of any anchor challenge or pair of
challenges ¢, By (h,c): these are sets of challenges which
all have the same response conditional entropy given c. We
are able to calculate the size of each entropy bin exactly. Such
sets (entropy bins) can then be used to compute the expected
conditional entropy of a response.

e The expected conditional entropy: knowing the size of each
entropy bin allows us to calculate the expected conditional
response entropy (not the conditional PUF entropy, which is
more challenging [16]) when knowing one or two challenges.

e Our results yield an immediate application: finding the
optimal predictor (minimizing the probability of error) of the
response to one unknown challenge ¢’ given the response to
one (and later, extended to two) known challenge(s).

II. APUF ARCHITECTURE AND NOTATION

The APUF may be viewed as a Boolean function taking as
input a challenge vector ¢ := (c1,¢2,---¢,) € {0,1}" and
outputting a response R, € {£1}. This response corresponds
to the output of a race resolution element, latch, or arbiter,
which detects which of two racing signals arrives first. The
two signals traverse n multiplexers in series, and in the i-th
stage, traverse the “parallel” paths (¢;,u;) if the challenge bit
c; = 0, else traverse the “crossed” paths (r;, s;) if the challenge
bit ¢; = 1. The response then is —1 if the upper entrance to the
arbiter arrives earlier than the lower, and is +1 otherwise - this
is modeled by whether the final accumulated delay difference
A, is positive or negative at the entrances of the arbiter.

In the interest of modeling this behavior analytically, in
stage ¢ € [1,n] of the APUF the delays of the four possible
paths taken (parallel or crossed) are modeled as four random
delay elements, ¢;,u;,r; and s;, which are all i.i.d. normal
random variables with mean p and variance o2, denoted as
~ N (11, 0?). they are always selected in fixed pairs, and since
the response depends only on which signal arrives first, so
on the relative delay difference between the two racing paths.
The assumption that all have the same mean corresponds to the



fact that the manufacturing process aims to produce identical
MUXes, but due to process variation, they end up similar but
not identical, with a small spread around the mean. Gaussians
are good models for the inevitable manufacturing randomness,
as justified in [15], [22]. Truncated Gaussians may be more
suitable, but are less analytically tractable and not much better
for the small variance of the manufacturing delay.

The challenge bit ¢; € {0,1} determines two factors: 1)
which path pair (¢;, u; in parallel, or r;, s; crossing) at stage @
is chosen, and 2) the sign of the accumulated delay difference
from all the previous stages before reaching :. The response
R is expressed as the sign of the accumulated delay difference
at the final stage A,,. In general, the accumulated delay A;
is recursively defined involving the challenge c, the delay
elements 7;, s;, t;, u; of the current stage, and the accumulated
delay difference at stage ¢ — 1, A;_1:

R. =sign(A,,) € {£1},

where A,, is computed recursively for 7 € [1,n], as

|

The recursive formula is not easy for modeling and analysis,
thus APUFs are frequently modeled by transforming the n-bit
input vector c into another n + 1 bit vector ®, the 4n random
variables into a vector w of size n 4 1. The response is then
expressed as a linear threshold function of ®,w, in a non-
recursive fashion as shown in [23]:

+A,‘_1 + fi — Uyg,
—Aj_1+ s — 1,

when ¢; =0

whenc¢; =1 ° Ao = 0.

n+1
Rg = sign(® - w) = sign (Z qs,-wj,) e {£1}, (@
i=1
where ® = (¢1,¢2, - Ppy1) € {1} is a vector
depending solely on the challenge vector ¢, and w :=
(wi,wa, -~ wyy1) € R* ! is a vector depending only on the
delay random variables, and - denotes the inner product:

(DX 1<i<n,
@_{4—1 i=n+1 @
(t1 —wr) — (51 —11), i=1
o (tic1 — wi—1) + (8i—1 — 1iz1)
W= +(ti — Uz‘) — (Si — ’I"i>, 2 <1< n, 3)
(th — un) + (80 — Tn), 1=n+1

This representation eases the analysis as it separates the ®
(dependent only on the challenge) from w (dependent only on
the random delay elements), and the output is now expressed
as a linear threshold function. ML attacks against APUFs often
exploit this representation.

This transformation renders the w;’s Gaussian i.i.d., all with
the same variance except w; and w,,; (Which have half the
variance as the others), as outlined in the following Lemma.

Lemma IL.1. For the arbiter PUF whose output is described
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Fig. 1: Illustration of the delay elements

by Eq. (1), and using the transformation in Eq. (3), then

wy ~ N(0,40%), w; ~ N(0,802)
for 2 <i<mn, wpi1 ~N(0,40?),

and w;, w; are independent for i # j.

The transformation between the vectors ¢ and ¥ is bijective.
For the rest of the paper we transform challenges ¢, ¢’ into
®, &', which turns the APUF response into a linear threshold
function, which is easier to deal with.

III. RESPONSE SIMILARITY AND ENTROPY

Our technical contribution comes from the succinct deriva-
tion of the following two notions, which are then (in the fol-
lowing subsection) used to calculate the conditional response
entropy given knowledge of another CRP.

The “response similarity” between ® and ®’, P[Rg =
Rg], is the probability that they produce the same response.
The probability is taken over the random generation of the
delay elements, and NOT over the fixed challenges. The “‘sim-
ilarity bins” of an “anchor” challenge ® are sets of challenges
with equal response similarity to an anchor challenge.

The main theoretical results solve these two problems for
an n-stage arbiter PUF (with minor modifications to any other
PUF that may be modeled as an n-stage linear threshold func-
tion as long as the randomness in the stages are independent
and Gaussian distributed):

e Problem 1: given challenge pair (®,®’), derive their
response similarity p = P[Re = Ra/].

o Problem 2: given a CRP (®, Rg), optimally predict the
target response Rg  of another challenge ®’, and derive the
prediction accuracy (i.e. find P[Rg/|Rs))

o Problem 3: given a challenge ® (an “anchor”), derive all
the challenges with the same response similarity p to @,
Bs(p, ®), or the same accuracy B,(p, ®) (and later, the
same entropy By (p, ®)).

Remark : The predictor works for a particular PUF instance

that is not “abnormal” [24] i.e. there are no dominant or

unusually large delay stages.

A. Response similarity and accuracy

1) Motivational example:  Recall that Rg =
sign (Z?:Jrll iwi) and Re =  sign (Z?jll Phw; ),
where ¢; = (—1)Zi() and ¢, = (—1)Z7(%), with



¢nt1 = ¢, = 1 for all c,c’ from equations (1) — (2). We
now consider the following 3 challenges, among them the
likelihood of some pair resulting in the same response (over
an “average” PUF):

c=(00000) <« b =(+1,+1,+1,+1,+1,+1)
¢ =(10000) < @ =(-1,+1,+1,+1,+1,+1)
¢’ =(00001) <« &"=(-1,-1,-1,-1,-1,+1)

These challenges will lead to responses of the form (recalling
that ¢, 11 = 1 always):

Rg =sign(+w; + wy + w3 + wy + w5 + wg)
Rg/ =sign(—wq + we + w3 + wy + ws + we)

R zsign(—w1 — Wy — W3 — W4 — W5 + wg)

We can note the following: 1) @ and ®’ are most likely
to yield the same response because their corresponding Rg
and Rg differ only in wq; 2) ® and ®” are very likely to
yield the opposite responses, because they have all the w;’s in
opposite signs, except for wg. All of these observations can
be confirmed by the following Theorem, where for the pair
(®, ®’) the similarity factor s = S(®, ®') is defined, and is
a measure of how similar ® and P’ are.

2) Main Theorem: This section’s main result is Theorem
III.1, which shows the formal solution to Problem 1.

All proofs of Lemmas may be found in the Appendix; the
main Theorem proof is shown in the text.

Theorem III.1 (Response similarity of APUFs.). For an
APUF with a pair of challenges ®,®' € {£1}"*! their
response similarity (i.e., the probability of R = Rg/) is

1 1 25(@, @
PRy = Re/| = 3 + p {arcsin <(n7) — 1)]

where

1 = 1

S(®, @) = Jly=g; + > Lot 3
i=2

is the “similarity factor” between ® and ®'. This takes on
values € [0, n] by steps of 0.5 depending on if ¢p1 = ¢}. Some-
times we drop the arguments and call it s (when evaluated,
as a number) for brevity. It indicates how many bits are the
“same” in ® and ®': with ¢1 and ¢ 1 handled separately
as they have half the weight as the other w;’s according to
the APUF-specific transformation in (2).

Interpretation: you can see the response similarity (i.e.,
the probability of Rg = Re/) as the expected number of
times (in %) that the response to challenge ®’ will be the
same as the response to the anchor ® where the expectation
is taken across multiple PUF instances. This is equivalent to
the probability (over the PUF generation process) that for a
given PUF, the two challenges will have the same response.

As an example of how to use this Theorem, consider
the previous example challenges ®,®’, ®” from Section
II-Al. For these, S(®,®') = 4.5,P[R. = Rc] = % +
L Jarcsin (2 —1)] ~ 0.8, and S(®,®") = 1/2, P[R. =

Rew] = % + L aresin (£ — 1)] ~ 0.2, aligning with the
intuitive arguments before.

3) Proof of Theorem III1I:
(P1,1,01,2, P10, 1) and P2 1= (P21, P22, -
Recall that Rg, = sign (Z:jll ¢1,iwi>

sign Z;jll gbz,iwi). Then, this proof follows using basics of
probability and Lemma III.2 below. We see that

P[Rq:.l = Rq>2] = QP[An(q)l) >0, A71(‘I>2) > 0}
(@) 1

1 .
= 5 + ; [arcsm pA,,L(<I>1)A"(<I>2)]

We can write ®; =
7¢2,n71)-
and Rg, =

where (a) follows by the multivariate Gaussian distribution
orthant probabilities (Lemma III.2 below), and where p4p is
the correlation coefficient between random variables A and B:

E[AB
PAB = AD] . 4)
\/Var(A)+/Var(B)
Let define the set S;; indicates the set of indices for which
®; and P; are equal (excluding index n + 1):
Slg = {Z S {1,2, .. n} R ¢17i = ¢2,i}-

In the same way, it is possible to define the set D;; of
indices for which ®; and ®; are not equal/different:

Dlg = {’L S {1,2, .. n} : Cbl,i 7é ¢2,i}
S0 p12 := pA,(®1)A, (@) My be calculated as

E[An(‘I’l)An((I)Z)}
V/VarA,, (®1)+/VarA,, (®5)

2 2
_ E[(ZiGSmU(nJrl) ¢lwl) ] - E[(ZiGDIZ (bzwl) ]
Vino?v4no?
Eieslgu(nJrl) EH“’ZW - ZiGDm E[|w2|2]
Vino?v4dno?
as Var(A,,(®1)) = Var(A,(®2)) = 4no?. To further evaluate
the expression in Eq. (5) due to the (®,w) transforma-
tion/notation, we note that E[|w;|?] = 402 for i € {2,---n}
but that E[|w;|?] = 202 for i = 1,n+1, by Lemma IL1. Since
index n + 1 is always in S5, we need to determine whether
index 1 should be in Si5 or D1s.

P12 =

If ¢1,1 = ¢2,1 and hence index 1 also lies in S;2, we have

- 0% +40°(|(S12| = 1) — [D12]) _ |Siz| — [Dio

4no? n
@)
If ¢1,1 = —¢2,1 and hence index 1 is in D15, we have
_ 40® +40%(|S12| = (|D12| = 1)) _ 1+4[Si2| = [Dio
p12 = Ano? o . "

Combining this with the “similarity factor” notation, we obtain
a succinct expression for pio:

25(®1,®2) | _ { Al
n

- if 11 =¢2,1
2|S12|+1 1
n

P12 = .
if 11 # P21



Lemma IIL2. Let X ~ N(0,0%), Y ~ N(0,0%) with
correlation coefficient E[XY] = py,,. Then,

PIX >0,Y > 0] = ~ + 2 Pay
4 2m
_4) Application of Theorem IIl.1: : An “optimal predictor”
Rs,(Rs,) to predict Rg, based on the known (®1, Rs,)

One immediate application of Theorem III.1 is to find the
optimal predictor of the response Rs, to challenge ®2 once
we know the response Rg, to challenge €. To find this, note
that the conditional probability mass function

P[R‘i’zvR‘I)J o P[R‘I’2’R(I’1}
PRe,] 1/2

| 2P[Rs, =1,Rs, = 1] = P[R%, = Rs,] if R, = Ra
{ 2P[R<I>2 = 17R<I>1 = 71} =1- P[an = R<I>2] o/w

P[R‘i’z |R‘1>1] =

may be derived immediately from Theorem III.1 and used to
obtain the following optimal predictor for R, based on Rg,,
written as Re,(Re,):

Corollary I11.2.1. The optimal predictor for the response Re.,
to an arbiter PUF challenged with ®5 given knowledge of the
CRP (®1,Rs,) is,

R‘I)z (R‘IH) = argR meai}:(t P[R‘I’z‘R‘IH]

o n

where ties (when the two are exactly equal) may be broken
arbitrarily. The prediction accuracy given by

Re,
7Rq)1

ifP[R‘IH:R‘iz}>1_
lfP[R@l :R<1>2]<17

P[R‘i’l = R‘i’z]

P[Rs, = Ra,] ©

max{P[Rq>1 = R‘I)z}v]- P[R‘i’1 = Rq’z]}
with
1 1 2
P[Rs, = Re,] = - + — [arcsin (S — 1)]
2 7 n
1 1 2
— P[Rg, = R, = - — — [arcsin (S - 1)]
2 7 n

where s = S(®q, P2).

As an example application of Corollary III.2.1, consider ¢ =
00000 (as this is what is physically input to the PUF we present
it in this notation, but all calculations are done by transforming
c to P first), with R, = +1 and say we wish to predict R/, the
response to ¢’ = 00110. Since P[R, = R¢/] ~ 0.7 > (1-0.7),
we should guess that R is also equal to +1 and this has a
probability of 0.7 of being correct.

This predictor maximizes the probability of correctly guess-
ing (in one guess) the value of Ry’ based on knowledge of
Rgs, hence we term the predictor in (6) the optimal predictor
in this sense. Here, if we have one guess for Re/ based on
knowledge of R this corresponds to guessing the qu (Re)
that maximizes P[Rg’|Rs] as in (6).

B. Entropy

Recall the definitions of entropy of random variable (or
vector) X with probability mass function Py (z) taking on

values * € X and conditional entropy of random variable X
given random variable Y (with joint distribution Px y (x,y)
taking on values z,y € X x Y [25]:

H(X) == px(x)log(px (z))
reX
H(X|Y =y):=— Z PX|Y($|3/) log(PX|Y($|y))
reX
H(X|Y) == py(y)HX[Y =y)
yey
v ) loe [ PXY(2:9)
Ie%@px,y( ) log (py(y) >

We define the PUF entropy H(|J4 Ra) as the entropy of
the vector of responses Uq> Rg, recalling that each response
is a binary random value. Note that the joint distribution
1P(U<I> Rg) is hard to capture analytically as orthant proba-
bilities of Gaussian random vectors are generally unsolved for
vectors of dimensions greater than 3, necessitating estimates
or bounds on this. The conditional PUF entropy is the PUF
entropy knowing one CRP: H(|J4 R |R®, ), which is equally
hard to obtain given our inability to characterize the Gaussian
orthant probabilities beyond dimension 3.

We thus study what we call response entropy, i.e. the
entropy of one response H (R ) and the conditional response
entropy H(Rs,|Rs,) given knowledge of one CRP (®, Rg).
Both the response entropy and the conditional response en-
tropy pertain to the entropy of one binary response and
hence take on values between 0 and 1. For the conditional
response entropy H(Rg,|Rg,), this value will depend on
how correlated ®; and P, are, something we characterized
precisely before using the response similarity. We can use the
chain rule to link all those different entropies:

H (U R@> = i: H(Ra,

= H(RqH) + H(R‘I’2|R‘I’1) + H(R‘I’3|Rq’za Rq)l) +

3R<I>1_1)

This work calculates the first three terms (response entropies)
exactly for any choice of ®;,®5, ®3. The left term is the
overall PUF entropy which is challenging to calculate.

All of the above definitions we presented the Shannon-
entropy definition, but these definitions can be equivalently
modified for the min-entropy. The Min-entropy of a probability
mass function (or conditional probability mass function) is
defined as the log of the most likely outcome. When the
response Ry, = 7, is known, the most likely conditional
entropy will be given by the probability that you guess R,
(for a new, never before seen challenge ®5) correctly in one
go. The min entropy is simply defined as

Hyin(Re,|Re, = r8,) = —logmax{ps, 1 — ps}.

Min-entropy is often used when considering worst-case sce-
narios, ensuring that even if the distribution is not uniform, the
system remains secure. Shannon entropy is more commonly
used when analyzing average-case scenarios. In the context of
hardware security primitives, min-entropy may be preferred
because it helps assess the worst-case security of the PUF



when one or two CRPs have been revealed.

Without any CRP exposure, the response entropy P[Re =
1] = P[Rg = —1] = 1 so Min-response-entropy and Shannon
response entropy both equal 1 bit. For arbitrary challenge bit
vectors @1, P, the a conditional response entropy becomes:

H(R§2|R<I>1 - Tq)l) Z P[Rq)2 =T®, |R‘1’1 = T<I>1]
re, {1}

-10g2(P[Rq>2 = 7‘<I>2|R<I>1 = 7“<1>1])

—

(@)

—pslogps — (1 — ps) log(1 — ps),

where (a) follows when we define p; = P[Rg, = 1|Re, =
1] or ps = P[Rs, = —1|Rs, = —1] (depending on what
value rg, € {£1} takes on) and hence 1 — p; = P[Rg, =
71|R<I>1 = 1] or 1 —Ps = P[R‘1>2 = 1|]:i<1>1 = 71}

Figure 2 illustrates the similarity factors and their corre-
sponding response similarity ps 3 4+ Larcesin (2 -1)
as a function of s for a 32-bit APUF. The x-axis shows
the similarity factor s = S(®1,®2) between the known
(say ®1) and the unknown (say ®3) challenges. The green
points p, shows the response similarity ranging from 0 to 1,
corresponding to the y-axis on the left. We plot also both the
Shannon and min entropies of a challenge’s response when we
know 1 challenge as a function of s. As we can see, this will
depend on the correlation pi2 between the challenge whose
response we know, ®1, and the one whose response we wish to
guess, ®5. If they are uncorrelated, i.e. p1o = 0 (or s roughly
equal to n/2), then the response entropy remains optimal at
1 bit; the more correlated or anti-correlated they become, the
more this drops, and more dramatically so for the min entropy.

1.00 =
> 0.75
=z Semimetrics
§ 050 L fooireey
S + H-Shannon
= Ps
QO

0.25

0.00 |+ a

0 10 20 30
S(@4, y)

Fig. 2: Accuracy, probability of same, Min-entropy and Shan-
non entropy of a second challenge response ®2 when we know
1 challenge ®1’s response, as a function of the S(®1, P2).
Non-integer values of S(®1, ®2) occur when ¢11 # ¢21.

IV. SIMILARITY, ACCURACY AND ENTROPY BINS

Construction of Bins: Given an n-bit challenge ®; (the
“anchor”), we now show how to construct various sets con-
taining all the challenges respecting a “semimetric” to the
anchor. We can intuitively view a bin B of challenges as
a sphere of challenges of radius r that all have the same

probability, a prediction accuracy or conditional entropy given
the anchor challenge. This radius can be

o the response similarity: “similarity bins” written
B(s,®1) := {®2|S(®1,P2) = s} or equivalently
B(p, ®1) := {®2|P[Rs, = Ra,] = p} are the bins
containing all the challenges that have the same response
similarity to the anchor. For sake of the convenience, we
will use the first definition B(s, ®1).

o the prediction accuracy: “accuracy bins” written
B,(a,®1) := {®2| max{P[Rs, = Rs,],1 — P|Ras,
Rs,]} = a} have all the challenges which can be pre-
dicted with the same accuracy given the anchor challenge.

« the entropy (Shannon or min): “entropy bins” written
By (h,®1) := {®2|H(Rs,|Rs, = r®,) = h} all have
the same conditional response entropy given the anchor
challenge.

These bins B can be derived using the probability P[Re, =
Ra,] which relies on the similarity factor. From a specific
value of your “semimetric” you can derive the similarity
factor(s) and then use algorithm 1 (Appendix A).

According to Theorem III.1, there are only 2n distinct
response similarities thus for a given anchor challenge, all
the challenges (including the anchor itself) will be partitioned
into a total of 2n disjoint similarity bins. Intuitively, most of
the challenges are in the “uncorrelated” bin of an anchor, i.e.,
B(p = 0.5,®).

First, consider the trivial case B(p = 1, ®) = B(s = n, ®):
among all the 2" challenges, the one with highest response
similarity (100%) is the anchor itself and itself only, thus
B(n,®) = {®}, and its size is 1.

Next, consider the similarity bin with the highest p < 1:
this would be B(p, ®) = B(s =n—1/2,®), where p = 1 +
L arcsin (22 — 1). For a challenge ®' to be in this set, it needs
to satisfy S(®’, ®) = n—1/2 according to Theorem III.1. This
can only be achieved by making ¢} = —¢;, while keeping all
other ¢) = ¢;,1 € [2,n+1] — as wy contributes half the weight
as the other w;,i € [2,n], while w,, 11 always is positive (as
®n+1 = +1). Thus, this will constitute B(s =n — 1/2,®), a
set with only one element.

Following the same argument, a challenge ®' € B(s =
n — 1, ®) must satisfy ¢} = ¢, with a single ¢, = —¢;
among i € [2,n]. Thus the size of this bin |[B(n — 1, ®)| =
n — 1. Similarly, a challenge ®’ € B(s =n —3/2,®) can be
derived by making ¢] = —¢1, and making sure only a single
¢, = —¢; among i € [2,n]. The size of the bin is again n — 1.

Essentially, to obtain a challenge ®’ € B(s, ®), one needs
to select |s] among the anchor’s ¢;,i € [2,n] to flip their
signs to form the ¢}’s. Whether ¢} = ¢1 or —¢; depends on
whether s is an integer or not.

Size of Similarity Bins: Algorithm 1 summarizes the
general method for deriving the similarity bin B(s, ®). The
complexity is linear in the size of the similarity bin to be
derived. From Algorithm 1, we can derive the size of a
similarity bin as follows:

Corollary IV.0.1. The size of the similarity bin B(s, ®), for



s € [1: n], for an APUF of length n is

s = (")
:<£:L>

if o1 = ¢}

if o1 # ¢}

Number of challenges

0 10 20 30
S(@4, d;)

Fig. 3: Similarity bin sizes (number of challenges) in function
of S(®1, P2). Not integer values of S means that ¢1 1 7 ¢2 1.

Figure 3 shows the size of each similarity bin, |B(s, ®)|,
obtained from Corollary IV.0.1 on the right y-axis.

Expected conditional entropy: From Figures 2 and 3 we
have all the information needed to compute the expected
conditional response entropy or accuracy of a response given
one CRP. We know the specific value of the response entropy
for each possible known challenge as well as the exact
number of challenges in an entropy bin, i.e the exact number
of challenges such that H(Re/|Re = re) = h since
B(h, ®) is the union of two disjoints B(s, ®). Defining h, &
as hse = H(Re/|Re = 1) with & € B(s,®), the
expected response entropy becomes the weighted average of
the response entropies, weighted by the number of challenges
in each bin as below:

1
on 1 Z

s€{0,3,1,-,n—%}

E’(ch/lR@ = 'f‘q:.) =

hs.e-|B(s, ®)|

The expected accuracy (of estimating a next challenge given
knowledge of one CRP) can be similarly calculated as a
weighted sum. The expected conditional min and Shannon
entropies and the expected conditional accuracy are calculated
in Table I for different PUF lengths. Note that this does not
depend on the variance o2 of the delay element generation
process.

V. SCALABILITY TO MORE KNOWN CRPS

All conditional response entropy and optimal predictor results
so far have assumed a single anchor: i.e., one CRP (®, Rg ) to
be known. The natural next question is how to obtain optimal
predictors and conditional response entropies with multiple

n=32 n=64 n=128

H-min 0.8747 | 09112 | 0.9369
H-Shannon | 0.9900 | 0.9952 | 0.9977
Accuracy | 0.5465 | 0.5323 | 0.5226

TABLE I: Expected conditional entropy and expected accuracy
of a challenge’s response knowing one CRP for APUFs of
different length (number of stages n).

anchors. This is based on finding the conditional probability
mass function, which, at its core, depends on the availability
of closed form expressions for the orthant probabilities of
jointly Gaussian random variables. While this is known for
Gaussian vectors of dimensions 2 (useful for one known, one
target challenge) and 3 (useful for two known, and one target
challenge), it remains unknown for larger dimensions [26],
and hence there is little hope for closed form solutions for
higher dimensions, i.e. optimally predicting the response to a
target challenge given knowledge of 3 or more known CRPs.
Numerical approximations are left for future work.

A. Optimal predictor

When (®1, Rs,) and (P2, Re,) are known and we wish
to predict the response Rg, to a third challenge ®3, one
naive approach may be to use our previous know-one-predict-
one predictor to predict Rg, based on the response of the
“most correlated” challenge to ®3, i.e. based on the response
predicted by either &4 or @, We will show that this is in
fact provably optimal. This naive strategy can be extended
to knowing more than 2 CRPs to predict another, but we
are unable to prove optimality, which essentially stems from
Gaussian orthant probabilities being unknown for more than
3 dimensions.

For knowing two CRPs and predicting a third, the optimal
predictor takes on the following form [27]:

E?;a = argmaXP(Rq>3‘R<I>1aR<I>z)'

Hence, to obtain this optimal predictor, we need to obtain
the conditional probability mass functions P(Rg,|Rs,, Re,)-
This involves finding the eight values

P(Re, = r3|Re, =11, Re, =72), 1 € {£1}.

We only need the four values P(Rg, = —1|Rs,

r1, Re, = r3) from which we can find the others as P(Rg, =
1‘Rq,1 = 7’1,R<1>2 = Tz) = 1- P(Rq,3 = —1‘R<1>1 ==
r1, Re, = r2). By definition, we have that

P(Re, = r3|Re, =11, Ra, =12)
_ P(Rg, =13, R, =11, Rp, = 12)
P(R@l :Tl,Rq)z :7“2) '
Recall that Rg = sign(A,(®)), and that A, is a Gaussian
random variable, as it is the sum of Gaussian random variables.
To obtain (7) we thus need only calculate P(Rg,, R, , Re.)
and P(Rs,,Re,). These may both be obtained by noting
that since Re = sign(A,(®)) are signs of zero mean,
equal variance Gaussian random variables, these probabilities

)




amount to the orthant probabilities of jointly Gaussian random
variables, i.e.

P(Rg, = 1|Rs, = 1, Ra, = 1)

. P(Rq>3 = 1,R<1>2 = 1,R<I>1 = 1)

B P(Rg, =1,Rg, = 1)

_ P(Ap(P3) > 0,A,(P2) > 0,A,(P1) > 0)
B P(Ap(@1) > 0,A,(P2) > 0))

If X,Y,Z are zero mean Gaussian random variables, then

P(X>0,Y>0,7Z>0)

1 1
=3 + o [arcsin pxy + arcsin px z + arcsin px 7]
™

1 1
P(X >0,Y >0) = 1 + by [arcsin pxvy]
P(X>0Y >0,Z>0)
1 arcsin pxy + arcsin pxz

=— |1+ -
2 g—i-arcsmpyz

Letting p;; be the correlation coefficient between A,,(®;)
and A,,(®;) (which we recall are Gaussian random variables)
we obtain the following:

Theorem V.1. For ri,r9 € {£1},

P(Rq)s = 1|Rq>1 = 7”1,R<I>2 = 7‘2) (8)
1 14 r1arcsin p13 + ro arcsin pos
o 2 g “+ rire arcsin P12

and we can obtain P(Re, = —1|Re, = 11, Re, = 1m23) =
1 — P(Re, = 1|Rs, =11, Rap, = 12).

For clarity, we detail the quantities needed:
|Si;| := # indices [ € {1,2,---n} for which ¢;; = ¢,

pij = Bl 1 i gia =
VA 2]S;;]+1 .
% —1 lf ¢i,1 7é ¢j,1

From the above equation (8) we notice a few things: 1) first,
the prediction accuracy depends on the actual response values
r1,72 and how they interact with the correlation coefficients.
For example, for good prediction accuracy, you want the
second term inside the brackets to be close to 1 or —1 (and
hence the overall prediction being close to either 1 or 0).
Poor accuracy corresponds to the second term being close to 0
(and hence the overall prediction being around 0.5). For good
accuracy you want rp arcsin p13 and ro arcsin pas to align or
point in the same direction, both adding to a positive +1 or
a negative —1, then it will be easy to predict the third 73
as it will likely be in the same direction as the others. If the
two challenge responses and correlation coefficients contradict
each other, i.e. if r; arcsinpjs = —r9oarcsin pes then the
accuracy will be poor. The denominator also matters: if it
becomes close to 0, or if rirs arcsin pio is close to —m/2
(could happen if r; = ro = +1 but arcsin p;2 = —7/2 which
means that pjo = —1 and the challenges are statistically anti-
correlated yet produced the same sign — virtually impossible),
then the prediction accuracy is close to %

The optimal predictor of R, given knowledge of Rg, and
Rg, first calculates p12, p13 and pog. From this, and R, and

Rs, we select Rg, as:

Re, = arg max
N Rege{+1}

P(R‘Ps |R‘I>1 ’ Rq’z)'

The optimal prediction accuracy is then given by

Prediction accuracy = max{P[Rg, = 1|Re, = r1, Re, = 12,
P[chs = —1|Rq>1 =T, R<1>2 = 7‘2]}

which may be re-written as a value A as:

A= max{% [14—

1
1--11
[t

This shows that the optimal predictor may be obtained in
closed form for the arbiter PUF when two CRPs are known.
In fact the optimal predictor has a simple form: if you know 2
challenges and want to predict a third, simply select the closest
challenge to the anchor (the most correlated) and use the
know-one-predict-one predictor. In other words, the response
of the third challenge is the response of closest of the two
challenges times the sign of its correlation:

P(Rq)3 = 1|Rq>1 = 7“1,R<p2 = 7’2) 2 0.5

r1arcsin p13 + ro arcsin po3
/2 + 179 arcsin pio }
71 arcsin p13 4 rg arcsin pa3
/2 + r1re arcsin pio ] }

71 arcsin pi3 + 72 arcsin pag

1
S =1 = 0.5
2 + 5 +rirearcsin p1a <

71 arcsin p13 + g arcsin pos <

0
c <
& 1 arcsin p13 + 1 arcsin pag 2 0
& rip13 +rop23 2 0
& Ra, =1, - sign(p;3) with i = arg max{|p13/, [p23}

B. Entropy

The conditional response entropy given two CRPs also de-
pends only on the conditional probability mass functions, this
is easily obtained once we have the conditional distributions,
as:

H(R‘I’a ‘R(I’l = T<I>17R<I>2 = T‘I’z)

== Z P(R‘I’3 =Tag |R‘I>1 =T®,, R‘I’z = 7"4)2)-
reg€{0,1}

logQ(P(Rq’s = T®s ‘Rqﬁ = Tq>1qu’2 = T‘i’z))'

Figure 4 shows the Min and Shannon entropy for different
pi; values for an arbiter PUF with n = 32. Again, we see
that the remaining APUF entropies depend on the correlations
between the two known challenges and the other challenges.
Once again, the min entropy is more dramatically reduced
than the Shannon entropy, as expected. This means that
there is an increase in the probability of guessing a third
challenge correctly when two challenges are known. On the
diagonal (yellow) the two known challenges do not reveal any
information about the remaining challenges. While one CRP
might give us some information about the unknown challenge,
the other CRP leads us on the opposite direction, so we do



not learn anything and the probability to guess the unknown
challenge response is still 0.5, i.e. has entropy 1 bit.

C. Neighborhoods

We now ask how we may generalize the notion of similarity
bins introduced earlier, to predictability and entropy neigh-
borhoods. The question is which challenges ®3 lie within a
certain "distance" / “semi-metric” d to two anchor challenges
rather than one. We would like an algorithm to enumerate
the challenges that lie within this predictability or entropy
neighborhood, denoted by B(d, ®1, ®2,71,72), and as a by-
product, its size. To this end, define

B(A, &1, ®2,71,12) = {®3:

max(P(Rg, = 1|Re, =71, Re, = 12),

1 - P(Rg, = 1|Re, =r1,Ra, =12)) = A}
B(H,®1,®2,7m1,72) = {‘I>3 :

H(Rg,|Re, = e, Re, =r2,) = H}

In this “know 2, predict a third” case, we will see that not
all prediction accuracies/entropies are possible. It depends on
the relationship between the challenges you know. If you know
two challenges, they are fixed, and hence so is their correlation
p12. We are thus interested in seeing how many challenges lie
at different correlations pi3, p23 to these challenges.

In order to define the similarity neighborhoods and count
them, we will need to quantify which correlation triples

(p12, p13, p23) are possible.
This is illustrated in Figure 5. To approach this, define

K := number of indices in Sy that we “keep” in ®3
(@) |S13| 4 |S23] 4 [S12| — 1
N 2
where (a) follows by setting = := |S13] — K (the number
of bits from D5 that belongs to |Si3|), and y := |Sa3| — K
(the number of bits from Do that belongs to |Sa3|), from
which, since x and y must cover the whole D15 set we see

that 2 +y = | D3| = n — |S12| and by replacing = and y, we
obtain K = Isl3‘+‘s23‘+\312|7n_

9

1) Neighborhood c20nstructi0n: How can we find one chal-
lenge in B(d, ®1, ®2,71,72)? We enumerate the steps below
which takes known challenges ®,, ®, with correlation coef-
ficient p12 and produces a single output challenge ®g3 at the
desired distance d in a chosen “semi-metric” space (accuracy,
Shannon or min entropies).
This distance d depends on the challenge response values
r1 and ro, and how to pick pis, p2s to satisfy this equation:
1) Find pi3, p23 based on desired distance d and the set
of all possible (p12, p13, p23) tuples, given by Figure for
the given p12. How this Figure is obtained is presented
in the Question below “Which correlations pi3 and pas3
are possible given p12”. This essentially boils down to
picking pi3, p2s of the desired accuracy (represented by
color) in our numerical evaluations.

2) The pi2, p13, p23 determine the sizes |S12], |S13], |S23] of
the sets S12,.S13, S23. From here we can use Algorithm
3 in Appendix A which gives the following steps :

3) From |Sia|, |S13],]S23| we find K as in (9). Select any
K indices in Si5 to keep fixed in ®3. The remaining
indices in S15 in @3 must be flipped.

4) For the remaining indices in D15, pick |S13| — K of them
the same as ®; and flip the remaining ones with respect
to ®4, yielding the desired p;3 and pas.

2) Example: constructing a ®35 € B(d, @1, ®a,r1,72):
Given challenges ®; and ®s, to create a third vector with de-
sired correlations (note that not all will be possible), the main
idea is to know how many bits we have to keep/fix from the
first two challenges and how many we have to flip. Consider
n = 8 and ®; := (+1,+1,+1,4+1,+1,+1,+1,+1,+1),
®, = (+1,+1,+1,+1,—-1,—1,—1,—1,+1), then p;5 = 0.
Say we wish to predict a third challenge ®3 with probability
of accuracy A ~ 0.6. We follow the steps of the algorithm:

1) By generating the Figures from (12) — (13), we can see
that pas =0, po3 = 1/3 and @11 = Po 1 = P31 =1 is
one of the multiple possible choices.

2) This is equivalent to selecting |Sa3| = 4 and |Si3| = 6.

3) To create a challenge with these desired correlations to
the two known challenges, we need to decide how many
indices in ®3 to keep from Sis, let us call this set of
indices K, and then how many to keep and flip from
the set Dq5. Since @1,1 = @271 = (I)371 =1 the first bit
belongs to the sets S12, S13, S23 so we have to select it in
the ones we fix and K —1 = (|.S12|+|S13|4+|S23|—n)/2—
1 = (4+4+6—8)/2—1 = 2 other bits to fix from the S;5.
Take for example ®3 := (+1,%,+1, +1, %, %, %%, +1)
where the * positions still need to be filled in.

4) Finally, we can flip the other bits in S;» to obtain
®3 = (+1,—1,+1,+1, %, %,%,%,+1). Then we select
|S13] — K = 3 bits from Do to fix and flip the left
ones as ®3 := (+1,—1,4+1,4+1,+1,+1,+1,—1,+1).
Equivalently, we could have fixed |Sa3] — K = 1 bits
from D15 and flipped the left ones. Then, this @3 can be
predicted with accuracy P(Rs, = 1|Rs, = 1,Rs, =
1) _ % 1 + arcsin §+arcsm0:| ~ 0.61.

% +arcsin 0

The algorithm is given in Algorithm 3 in Appendix A.

3) Neighborhood size: So far we have produced one chal-
lenge of a given desired distance to the anchors. We now
answer how many challenges exist with that ditance, and how
can they be efficiently enumerated? The answer to this is
derived directly from the way we created the single challenge
— i.e. by looking at how many arbitrary choices we had. For
example, in the case ¢11 = @21 = ¢3,1: how many ways are
there to choose K — 1 bits from S5 — 1 (since the first bit
is fixed in this example) and |S;3| — K bits from D15, with
|D12| = n — |Si2|. Now, there are two possibilities, when
$11 = ¢2,1 and when @11 # ¢2; which must be treated
differently as the 1st position is special in the ® notation.

o If ¢171 = ¢2,1 and |513| + |523| + |512| —n =0 mod 2,
then do not flip first bit:

‘Slgl—l n—|512|
f chall = 1
#of challenges <K1 S1s] — K (10)

_ ‘Slgl—l n—|512|
K—1 )\|Sos] - K
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Fig. 4: Min-entropy and Shannon entropy when knowing 2 challenges
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Fig. 5: Illustration of the sizes of the difference index sets
S12, 513, D12, S23 and integer K representing the number of
indices in S5 that we keep the same in ®3. In this example
we assume the first bit is the same in all three @4 3 3.

o If ¢11 = @21 and |Sy3| + [S23| + [S12] —n =1 mod 2,
then flip the first bit:

|512|—1><TL—|512|>
of challenges =
7 : < K \isul- &

("% ) (s 7%)
K |S23] — K
o If ¢11 # P21 we need |S13]|+[S23|+[S12| —n =0 mod 2
since we necessarily have ¢31 7# ¢21 Or @31 # ¢11

#of challenges (11
- (|~5;1{2|> <|SZ|——|§§2|— 1) if S(®1,®3)=0 mod 1

_ (1512] n — |Si2] . .
_( K Sns| — K — 1 if S(®2,P3) =0 mod 1

Notice that, contrary to the accuracy, the number of chal-
lenges does not depend on the challenge responses. To create
similarity bins of size m with two anchors we can use
Algorithm 2, which in turn calls Algorithms 4 and 5.

4) Neighborhood landscape discussion: Now we provide
some in-depth analysis on the details of a neighborhood’s
landscape with the following questions.

a) Which correlations p13 and ps3 are possible given
p127: The answer depends on whether ¢1 1, ¢2 1, ¢3,1 are the
same or different. This is because this first bit has a different
variance than the others, as per Lemma II.1. We present one
case as an example; the others follow similarly.

Assume ¢} = ¢} = ®1. Then equation (9) and (10) imply

two sufficient and necessary conditions on the correlation be-

tween the three challenges to be able to create the third one. In

particular, by requlrlng K € Nin (9), a‘nd #of challenges =
Sia]—1 151 Sia]—1 1S

( 11<2—‘1. ) (s i) = e 1) ([82) > 0 we obtain the

following conditions:

KeN— |513|+|SQ3|+|512| —n=0 mod 2

|512| -1 n — |512‘
> K
<K—1 Sug| — ) ~ 0 ISl 2

—n —|Si2| > |Si3| —

|512| -1 n — |512‘
_ > _
(K—l (Sag| — &) 7 07 192l = 15l

Re-writing these using correlation coefficients (recall |S| =
(p+1)%) yields the inequalities relating the possible correla-
tions p12, P13, P23 (Which also must all lie in [—1, 1]):

P13 < —pasz + 1 —pi2 (12)
p13 = p23 — 1+ p12
p13 < paz +1—pio
P13 = —p23 — 1+ p12 (13)

One can visualize these equations easily, yielding rotated
rectangles in the pis3,po3 plane for each given pio (fixed
by the two known challenges ®; and ®,. The shapes in
Figures 6 indicate which triples are possible, as shown by
the linear equations above. The largest range of possible
correlations occurs when pi2 = 0, i.e. the first two challenges
are uncorrelated. There are many such challenges, exactly how
many is given by for example Figure 6.

b) How many challenges lie at different possible
(p13, p23) from given challenges with correlation p12?: To
obtain this, we simply evaluate Equations (10) — (11) depend-
ing on what case we are in for each possible (pi2, p13, p23)
triple. These yield the different colors in the yellow/blue plots
of Figures 6. Notice that the densities do not depend on the
actual values 71,79 that the challenges take on.

c) What prediction accuracies and entropies are possible
with different (p12, p13, p2s) triples?: Finally, given that we
now know how many challenges there are at different corre-
lations to one another, the question is how many challenges
there are at different prediction accuracies or entropies. This
is given by Theorem V.1 and shown in the purplish plots of
Figures 4 and 6.



d) Numerical evaluations and interpretations of plots:
Algorithms 2-5 in Appendix A allow us to create the bins
B(d, ®1,®2,71,72) for all possible distance d in the “semi-
metric” space defined by the accuracy or the entropies, and
then the Figures 4 and 6. We now present some numerical
evaluations to provide an understanding of the similarity bins
when we know 2 challenges and wish to understand how many
challenges lie at different distances to these two. To do so, we
illustrate the following three questions:

1) Which correlations p;3 and p23 are possible given pio?
This is given by the shape in Figures 6-?? which depict
equations (12) — (13).

2) What prediction distances are possible with different
(p12, p13, p23) triples? This is given by Theorem V.1 and
is given by the purplish plots of Figures 4,6 and ??.. The
accuracy and entropies do depend on the actual values
of the responses as well as the correlations. This may be
intuitively thought of as follows: if the two challenges we
know are well “aligned”, i.e. when r1-75-sign(p12) = +1
this means the challenges have the same response and are
highly correlated then they act more like one challenge
with respect to the third one. Otherwise the informa-
tion provided by the two challenges when pi2 negative,
r1 = 7o 1S somewhat contradictory, then information is
neutralized for p13 = ps23. The “blue line” on the accuracy
graphs shows where the information is neutralised: line
y=—xifry =ry, y=xif r| # ro.

3) How many challenges lie at different possible (p13, p23)
from given challenges with correlation p;2? This is given
by equations (10) — (11) and is given by the blue/yellow
plots of Figures 6.

e) Expected conditional entropy and accuracy of a chal-
lenge’s response: Knowing the values of the entropies and
accuracy in each neighborhood as well as the number of
challenges in all of them. we can compute the expected
conditional entropy and accuracy of a challenge’s response.
Calling d; the distance in B(d;, ®1, ®2,71,72) in the entropy
or accuracy space and n? the maximum number of differ-
ent neighborhoods knowing that if one is not possible then
|B(d;, @1, ®2,71,72)| = 0. The expected semi-metric d is
then given as follows:

n2

1
> di|B(di, ®1,®3,71,72)].
=1

g =
#possible challenges

Table II shows the different expected conditional entropy
and accuracy of a challenge’s response in function of the
correlation pio between the two anchors and the number of
stages of the PUF, n.

There is quite a bit of information packed into these Figures.
Some things to note include: highly predictable challenges
have the yellow color in the left (a) plots: they tend to be
around the edges and there are relatively few of them. Less
predictable challenges are found along the dark blue/purplish
lines in the left (a) plots and there tend to be many of them.
However, sometimes we can see large clumps (density plots
are greenish) that are also reasonably well predicted (pinkish).
Overall, the hope is that such plots will be useful to PUF

protocol design engineers to give them an idea of the landscape
of challenges: how many there are at different prediction
accuracies or conditional response entropies once one or two
challenges are exposed.

VI. CONCLUSION

We have presented two new tools for understanding and
exploiting the CRP correlations of APUF (and by almost
immediate extension, compute then entropy). The first is the
response similarity, or the probability that two challenges yield
the same response, which is a function of the challenges
themselves. This may be used to optimally predict the response
to one challenge given the response to another challenge, and
to obtain the conditional response entropy, The second is the
derivation of a simple algorithm for enumerating the similarity
bins, or entropy bins to a given challenge, i.e. all challenges
that have the same response similarity or conditional response
entropy to a given anchor challenge. In combination, these
form a powerful tool for understanding the CRP landscape:
how CRPs are correlated and may be used to obtain statistical
properties of linear-threshold-based PUFs.
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APPENDIX
ALGORITHMS FOR BIN CREATION

Algorithm 1 builds a similarity bin. For a different “semi-
metric”, use the theoretical results or the graph in Figure 2 to
get the two s = (s, o) factors that will give you the desired
value/ create a similarity bin for each s; (two similarity factors
for entropy and accuracy). Form the union of the two disjoint
bins.

Algorithm 1: Bin construction for one anchor:

Input: anchor ®,n, similarity factor(s) s = (s1, $2)
derived from a wanted “semimetric” (entropy,
accuracy,probability).

Output: Bin B(s, ®).

// initialize

B+« 0

// use s and ¢1 to determine ¢.

if s mod 1! = 0 then

‘ ¢/1:_¢1; // s even

else

L¢&=¢)1; // s odd

/+ use s to decide how many of ¢2, -+ ,¢n, to
flip to construct ¢h,- -, . */

F«+ {f|f € {Ovl}nilvzfi = LSJ}
/* F contains all the strings of size n—1

with Hamming weight |s|, and f encodes where

to flip ¢2, - ,¢n for ¢)’'s */
for f € F do
for i = 2 to n do
if fi,1 == ( then
| ¢ =¢;
else
L ¢ =—¢!
i)/ — (¢/17 ,27 7¢/na+1)
| B+ BU{@)

return B // This is B(s,®)

Algorithm 2: Bin construction with two anchors

Input: Anchors ®1, ®5 and responses 1 7o
Output: Similarity bins of size m for all possible
distance d : B(d, ®1, ®2,7r1,72)
// initialize: look for the bits to select
for |S12] =1to n do
for |S13] =1to n do
for |Sa3] =1to n do
K« (|S13| + [Sa3] + [S12] — 1)/2;
if '1)171 = @271 then
‘ CBSS(‘I’l,Q’z, r1, T2, |S12|, |S13|, |S23|)
if (I)l,l # @2’1 then
| CBDS(®1, ®2, 11, 72, |S12], [S13], [Sas3])
else Ignore // challenge does not exist

| return B(d, ®1, ®2,r1,19) for all distances d

Algorithm 3 builds a third challenge at a distance d in a
the chosen “semimetric” space (accuracy or entropy space).
Algorithms 2-5 create the bins using the previous algorithm.

Algorithm 3: CC: Create a 3rd Challenge ®3

Input: Anchors ®, ®o, responses ry 7o,
|S12], [Sis], [S2s|, P31

Output: a challenge ®3 with a desired distance d
// construct ®3 from pi2, p13, p23 we know

D1 L da 1 Z P31
K (|S13| + [Sas] + [S12] — n)/2;
if <I>1’1 = (132,1 = (]:)3}1 then
if K € N then
Fix: the first bit and K — 1 other bits in Sis;
Flip: all other bits in Sis;
Fix: any |S13| — K bits in Dqo;
Flip: all other bits in Dy ;
// equivalently fix [S23| — K bits in Dsio,

and flip the rest
else
return False;
| // # of bits to fix is not an integer
else if (1)171 = @2’1 7& (1)371 then
if K = 2.5 then
Fix: any |K| bits except the Ist bit in Sio;
Flip: all other in S1o (including the 1st bit);
Fix: any |S13| — K bits in D1o;
Flip: all other bits in Djs;
// equivalently fix [S23| — K bits in Dia,

and flip the rest
else
L return False;

else if (1)171 7£ @2’1 = (1)371 then

if K € N then

Use: the first bit of @5 ;

Fix: any K bits in Si9;

Flip: all other bits in Sis;

Fix: any |Sa3| — K — 1 bits in D1a;
Flip: all other bits in Dj2;

else

return False;

| // Number of bits to fix is not integer
else if (1)171 = @3’1 7& (1)271 then

if K € N then

Use: the first bit of ®3 7 ;

Fix: any K bits in Si3 ;

Flip: all other bits in S35 ;

Fix: any |S13] — K — 1 bits in Dy ;
Flip: all other bits in Djs ;

else

return False;

| // Number of bits to fix is not integer

return ‘133 // Challenge ®3 has desired distance




Algorithm 4: CBSS: Create Bin first bit Same Sign:
D1 =Dy,

Algorithm 5: CBDS: Create Bin first bit Different
Sign: ®11 # Po 1

Input: Anchors @4, ®,, responses 1 g,
|Si2], [Si3], |S23| under @11 = Py

Output: B(d, @1, P2, 71,72) of size m

p12 = (2|S12])/n — 1;

begin

‘1)3,1 = @1,1;

pi3 = (2|S13])/n — 1,

p23 = (2[Sa23])/n — 1,

#of challenges = (19:2/71) (l’;if_l;l)’

if KeN & #of challenges > 0 then

1 arcsin p13+rg arcsin pas | .
7 /247112 arcsin p12 ’

D % [1 +
d1; = Accuracy(p) or entropy(p);

for . =1 to m do
3 +—

B(dy, ®1,®2,71,72)
B(dy, ®1, ®2,71,72) U{P3}
Ise Ignore // challenge does not exist

[«

begin

@3,1 = *(1)1,1;

p13 = (2|S13|+1)/n—1;

p23 = (22| +1)/n - 1;

#of challenges = (1912I71) (lg;‘f_lil),

if KeN & #of challenges > 0 then

1 1 arcsin p13+rg arcsin pas | .
b3 {1 + /2471172 arcsin p1o >

ds = Accuracy(p) or entropy(p);

for . =1 to m do
@3(‘

B(d27¢17¢’27rlaT2) —
B(dz, @1, ®2,71,72) U{P3}
else Ignore // Challenge does not exist

return B(dy, ®1, ®2,r1,72), B(de, ®1, P2,71,72)

CC(®1, B2, r1, 72, |S12], [S13], [S23], P3.1);

CC(®1, B2, r1, 2, |S12], [S13], [S23], P3.1);

Input: Anchors ®1, ®o, responses ry 7o,

|S12], [Si3], |S23| under @11 # Py

Output: B(d, ®1, Po,71,72) of size m
p12 = (2[S12] +1)/n — 1;
begin

@3,1 = @1,1;

p13 = (2[S13])/n — 1;

p23 = (2[S23| +1)/n — 1;

fhof chalenges — (1521 ( 1715 ):

if KeN & #of challenges > 0 then

r1 arcsin p13+rp arcsin pa3 | .
7 /247172 arcsin p12 ’

D % [1 +
d1; = Accuracy(p) or entropy(p);
for i =1to m do
'1)3 —
CC(®1, P2, 11, 72, [S12], [S13[; [S23], P3.1);

B(dy, 1, ®2,71,72)
B(dy, @1, ®2,71,72) U{P3}
else Ignore // challenge does not exist

begin

‘1)3,1 = ‘1’2,1;

p13 = (2|S1s] +1)/n —1;

p23 = (2|S23)/n — 1;

#of challenges = (1922]) (‘SZJE?‘_J,

if KeN & #of challenges > 0 then

r1 arcsin p13+rg arcsin paz | .
7 /247172 arcsin p12 >

p 3 [1 +
ds = Accuracy(p) or entropy(p);
for i =1to m do
'1)3 —
CC(®1, P2, 71, 72, [S12], [S13]; [S23], P3.1);

B(d27¢’1)¢27’r17r2) —
B(dz, @1, ®2,71,72) U{P3}
else Ignore // Challenge does not exist

return B(dy, ®1, ®2,r1,72), B(de, @1, P2,71,72)




