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Abstract
The hardness vs. randomness paradigm aims to construct pseudorandom generators (PRGs) based

on complexity theoretic hardness assumptions. A seminal result in this area is a PRG construction by
[NW94, IW97]. A sequence of works [KvM02, SU05, Uma03, SU06] generalized the result of [NW94,
IW97] to nondeterministic circuits. More specifically, they showed that if E = DTIME(2O(n)) requires
nondeterministic circuits of size 2Ω(n), then for every sufficiently large s, and every ϵ ≥ 1

s , there is an
ϵ-PRG G : {0, 1}r=O(log s+log 1

ϵ ) → {0, 1}s that runs in time poly(s), and fools size s nondeterministic
circuits. In particular, for every size s nondeterministic circuit C,

Pr[C(G(Ur)) = 1] ≤ Pr[C(Us) = 1] + ϵ.

Applebaum et al. [AASY15] showed that “black-box techniques” cannot achieve such results for
ϵ = s−ω(1). In order to circumvent this problem, Artemenko et al. [AIKS16] suggested a “multiplicative”
version of PRGs, which requires that:

Pr[C(G(Ur)) = 1] ≤ 2 · Pr[C(Us) = 1] + ϵ.

This still gives that Pr[C(G(Ur)) = 1] is very small, if Pr[C(Us) = 1] is very small, and is therefore
suitable for applications that only require this consequence. [AIKS16] constructed such multiplicative
PRGs for ϵ = s−ω(1) (based on very strong hardness assumptions).

In this paper, we give an optimal construction of multiplicative PRGs for nondeterministic circuits.
More specifically, under the same hardness assumption used for (standard) PRGs for nondeterministic
circuits, we show that for every ϵ ≥ 1

2s , there is a multiplicative PRG G : {0, 1}r=O(log s+log 1
ϵ ) → {0, 1}s

that runs in time poly(s) and fools size s nondeterministic circuits.
This gives the optimal seed length under a hardness assumption that is necessary, and provides im-

provements in several applications of multiplicative PRGs. Our result improves upon the previous multi-
plicative PRG construction of [AIKS16], which uses a stronger hardness assumption against Σ3-circuits,
and where the seed length is the suboptimal r = O(log s) +O(log 1

ϵ )
2. Our result also improves upon the

recent multiplicative PRG of Shaltiel [Sha25] that only achieves very small stretch (the output length in
[Sha25] is less than twice the seed length).

We also show that black-box techniques cannot give a version of our result where “nondeterministic”
is replaced by “deterministic”. This justifies the current situation where hardness for nondeterministic
circuits is used even if one only wants low error multiplicative PRGs that fool deterministic circuits.

Our PRG construction borrows ideas from the recent “low stretch” PRG of Shaltiel [Sha25], and
the (standard) PRG construction of Shaltiel and Umans [SU05]. Loosely speaking, we aim to get the
“multiplicativity” of the former, and the “large stretch” of the latter. While both approaches generalize
the list-decoding results of Sudan, Trevisan and Vadhan [STV01], the two results are tailored to two very
different parameter regimes, and we introduce several new ideas to make the two approaches co-exist.
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1 Introduction

1.1 Pseudorandom Generators With Respect To a Relation

Pseudorandomness is a viewpoint that says that a distribution Z over {0, 1}m is “similar” to the uniform
distribution Um, from the point of view of some function C : {0, 1}m → {0, 1}, if the quantities p1 =
Pr[C(Um) = 1] and p2 = Pr[C(Z) = 1] are “similar”. Typically, this similarity is measured by choosing a

parameter 0 < ϵ ≤ 1 and using the standard (additive, double-sided) relation ad∼ϵ on [0, 1] defined as follows:

p1
ad∼ϵ p2 ⇐⇒ |p2 − p1| ≤ ϵ,

or in other words, Z is pseudorandom for C if:

|Pr[C(Z) = 1]− Pr[C(Um) = 1]| ≤ ϵ.

In this paper, following [AIKS16, Sha25] we will also consider other relations (as we explain below in Section
1.3). In the definition below, we define pseudorandomness, and pseudorandom generators (PRGs) with respect
to an arbitrary relation, and obtain the standard notion as a special case.

Definition 1.1 (Pseudorandomness with respect to a relation). Let ∼ be a relation on [0, 1]. Given a function
C : {0, 1}m → {0, 1}, a distribution Z over {0, 1}m is pseudorandom for C with respect to ∼, if

Pr[C(Um) = 1] ∼ Pr[C(Z) = 1].

We will abbreviate “with respect to” as “w.r.t.” for brevity. Given a class C of functions C : {0, 1}m → {0, 1},
we say that Z is pseudorandom for C w.r.t. ∼, if it is pseudorandom for every C in the class C w.r.t. ∼.
We say that Z is ϵ-pseudorandom for C, if it is pseudorandom for C w.r.t. ad∼ϵ.1

Definition 1.2 (Pseudorandom generators w.r.t. a relation). Let ∼ be a relation on [0, 1]. A function G :
{0, 1}r → {0, 1}m is a PRG for a class C w.r.t. ∼, if G(Ur) is pseudorandom for C w.r.t. ∼. G is an ϵ-PRG
for C if it is a PRG for C w.r.t. ad∼ϵ.

1.2 PRGs for Nondeterministic Circuits from Hardness Assumptions

In this paper we will consider PRGs for the class of functions computable by either deterministic or nondeter-
ministic circuits of a specified size s. We will consider PRGs in the “Nisan-Wigderson setting” in which the
PRG will be allowed to run in time p(s) > s for some polynomial p(s). It is well known that such PRGs im-
ply circuit lower bounds, and therefore, explicit constructions of such PRGs (e.g. [IW97]) require complexity
theoretic hardness assumptions. We now discuss a well known (family of) hardness assumptions.

We say that “E is hard for exponential size circuits of some type”, if there exists a problem L ∈ E =
DTIME(2O(n)) and a constant β > 0, such that for every sufficiently large n, circuits of size 2β·n (of the
specified type) fail to compute the characteristic function of L on inputs of length n. (See Section 3.3 for a
more formal definition).

The assumption that E is hard for exponential size (deterministic) circuits was used by the celebrated
paper of Impagliazzo and Wigderson [IW97] to imply PRGs for (deterministic) circuits. Subsequent work

1We remark that if the class C is closed under complement then the standard notion is also obtained when using the (one sided)
relation

p1
a∼ϵ p2 ⇐⇒ p2 ≤ p1 + ϵ,

in which the absolute value is removed.

1



[KvM02, SU05, Uma03, SU06] shows how to obtain PRGs for nondeterministic circuits, assuming that E is
hard for exponential size nondeterministic circuits.2 These two results are stated below.

Theorem 1.3 ([IW97]). If E is hard for exponential size (deterministic) circuits, then for every sufficiently
large s, there is an ϵ-PRG, G : {0, 1}r=O(log s) → {0, 1}s for size s (deterministic) circuits, with ϵ = 1

s .
Furthermore, G is computable in time poly(s).3

Theorem 1.4 ([SU05]). If E is hard for exponential size nondeterministic circuits, then for every sufficiently
large s, there is an ϵ-PRG, G : {0, 1}r=O(log s) → {0, 1}s for size s nondeterministic circuits, with ϵ = 1

s .
Furthermore, G is computable in time poly(s).

We remark that in both theorems, it is known that the assumption is necessary for the conclusion. Note
that both theorems obtain error ϵ = 1

s . It is natural to ask whether it is possible to obtain smaller error of
ϵ = s−ω(1) (at the cost of increasing the seed length). Unfortunately, we have evidence that “black-box
techniques” cannot produce such results, even when starting from significantly stronger assumptions.

Informal Theorem 1.5 ([AASY15, GSV18]). “Black box techniques” cannot give a version of Theorem 1.3
or Theorem 1.4 in which ϵ = s−ω(1) even if:

• The seed length r is increased from r = O(log s) to r = s− 1.

• The hardness assumption is strengthened to “E is hard for exponential size Σi-circuits”, for an arbitrary
constant i. Here a Σi-circuit is a circuit with special gates that compute a complete language in the
complexity class ΣP

i . See precise definition in Definition 3.1.

• The PRG is only w.r.t. a∼ϵ rather than w.r.t. ad∼ϵ.

The reader is referred to [AASY15, GSV18] for a precise formulation of these results. We stress that all
proofs in the PRG literature use “black-box techniques”.

We remark that “cryptographic PRGs” can do better, and achieve error that is “negligible” in s. However,
cryptographic PRGs (even w.r.t. a∼ϵ) do not exist against nondeterministic circuits, because in the crypto-
graphic setting, the adversary has the computational resources to run the PRG, and can easily use nondeter-
minism to break the PRG.

1.3 Multiplicative PRGs

A useful property of a δ-PRG, G : {0, 1}r → {0, 1}m with very low error δ = s−Ω(1) against size s
nondeterministic circuits, is that for every nondeterministic circuit C of size s,

p1 = Pr[C(Um) = 1] ≤ δ ⇒ p2 = Pr[C(G(Ur)) = 1] ≤ 2δ = O(δ).

That is, if p1 is guaranteed to be very small, then p2 is also guaranteed to be very small. We will loosely refer
to this property as “preserving small probabilities”. Some applications of PRGs for nondeterministic circuits
(that we will survey later on) require δ = s−ω(1), but only rely on “preserving small probabilities”.

Motivated by such applications (and the negative results of Theorem 1.5) Artemenko et al. [AIKS16]
and Shaltiel [Sha25] defined a notion of “multiplicative PRGs” that implies “preserving small probabilities”
(and can be constructed under hardness assumptions). More specifically, inspired by differential privacy, they
consider PRGs w.r.t. the following “one-sided” relation (which combines multiplicative and additive terms).

p1
m∼(ϵ,δ) p2 ⇐⇒ p2 ≤ eϵ · p1 + δ.

2The assumption that E is hard for exponential size nondeterministic circuits is standard, and was used in many results [AK02,
KvM02, MV05, SU05, BOV07, GW02, GST03, SU06, SU09, Dru13, AASY15, BV17, AIKS16, HNY17, DMOZ22, BDL22, CT22,
BGDM23, BSS24, SS24, Sha25]. It can be viewed as a scaled, nonuniform version of the widely believed assumption that EXP ̸=
NP.

3Here, and in the remainder of the paper, we often set m = s, as a size s circuit can receive at most s input bits, and can choose
to ignore some of them.
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Definition 1.6 (Multiplicative PRGs [Sha25]4). A function G : {0, 1}r → {0, 1}m is an (ϵ, δ)-multiplicative
PRG for a class C if it is a PRG for C w.r.t. m∼(ϵ,δ).

Note that even if we take ϵ = 1, then for every δ > 0, we have that a (1, δ)-multiplicative PRG G :
{0, 1}r → {0, 1}m “preserves small probabilities”, because

Pr[C(Um) = 1] ≤ δ ⇒ Pr[C(G(Ur)) = 1] ≤ e1 · Pr[C(Um) = 1] + δ = O(δ).

Recent work [Sha25, BSS25] shows that multiplicative PRGs (with this definition) are useful when construct-
ing extractors for samplable distributions. For the applications considered in this paper, it will always suffice
to take ϵ = 1, and very small δ, and so, we advise the reader to focus on the parameter δ.

1.4 An Optimal Multiplicative PRG for Nondeterministic Circuits

The main result of this paper is a new construction of multiplicative PRGs for nondeterministic circuits.

Theorem 1.7 (Optimal multiplicative PRGs for nondeterministic circuits). If E is hard for exponential size
nondeterministic circuits, then for every sufficiently large s, and every 1

2s ≤ δ ≤ 1
s , there is an (1s , δ)-

multiplicative PRG,
G : {0, 1}r=O(log 1

δ
) → {0, 1}s

for size s nondeterministic circuits. Furthermore, G is computable in time poly(s).

Optimality of the multiplicative PRG. Our multiplicative PRG is optimal in the following features:

• The hardness assumption is necessary: The assumption that E is hard for exponential size nondetermin-
istic circuits, easily follows from the conclusion of Theorem 1.7. In fact, it follows for much weaker
parameters, see Remark 4.4. Another way to view this is that we are able to get a multiplicative PRG
using the same hardness assumption that is necessary and sufficient for standard PRGs in Theorem 1.4.5

• The seed-length is optimal up to a constant: For every 1
2s ≤ δ ≤ 1

s , we obtain seed length r = O(log 1
δ ).

This is obviously best possible (except for the constant hidden in the O(·) notation) as a probability
space defined using r random bits cannot have nonzero probabilities that are smaller than 2−r.

• We achieve ϵ = 1
s which by Theorem 1.5 is best possible for black-box techniques. While we do

achieve this, we remark again that for many applications ϵ = 1 suffices.

Comparison to previous multiplicative PRG constructions. Artemenko et al. [AIKS16] constructed a
multiplicative PRG which is suboptimal precisely in the two features mentioned above. They rely on the
stronger assumption that E is hard for exponential size Σ3-circuits (rather than the necessary assumption that
we rely on). Furthermore, the seed length that they use is quadratically larger. More specifically, they obtain
r = O(log 1

δ )
2 rather than the optimal r = O(log 1

δ ).
6

Shaltiel [Sha25] constructed a multiplicative PRG that has similar parameters to our Theorem 1.7, with
the difference that the output length m is much smaller. More specifically, there exists a constant α > 0, such

4We remark that [AIKS16] use a different relation, more specifically the “double sided” relation:

p1
md∼ (ϵ,δ) p2 ⇐⇒ p1

m∼(ϵ,δ) p2 and p2
m∼(ϵ,δ) p1.

However, as we will see, in applications we typically only need the one sided version of m∼(ϵ,δ).
5It is easy to see that an (ϵ, δ)-multiplicative PRG for a class C that is closed under complement, is also an O(ϵ + δ)-PRG for

C. The class of nondeterministic circuits of size s is not known (and not expected) to be closed under complement. Therefore, the
aforementioned implication does not apply. Nevertheless our PRG has the property that for every relevant δ in Theorem 1.7, the
multiplicative PRG that we construct is a 1

s
-PRG for nondeterministic circuits. Note that by Theorem 1.5 this is the best we can hope

for.
6The PRG of [AIKS16] is only stated for δ = 2−sΩ(1)

, however, it seems to us that it can be extended to any 1
2s

≤ δ ≤ 1
s

.
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that the output length is m = (1 + α) · r. Note that this means that this PRG has small stretch (it cannot
even double its seed length) whereas the PRG of Theorem 1.7 achieves the optimal output length m = s
(and a circuit of size s cannot receive more than s bits as input). In particular, the PRG of Theorem 1.7
achieves superlinear stretch for δ = 2−o(s), polynomial stretch if δ ≤ 2−s

0.9
, and almost exponential stretch

if δ = 2− logO(1) s.
The proof of Theorem 1.7 builds on ideas from the two previous constructions [AIKS16, Sha25] (as well

as other ideas) as we explain in detail in Section 2.

Black-box impossibility for a version of Theorem 1.7 for deterministic circuits. Given the similarity
between Theorem 1.3 and Theorem 1.4 (which are identical except for replacing “deterministic circuits” with
“nondeterministic circuits”) it is natural to ask whether we can prove a version of Theorem 1.7 in which
nondeterministic circuits are replaced by deterministic circuits. The next theorem shows that (in a similar
sense to Theorem 1.5) “black-box techniques” cannot prove such a result.

Informal Theorem 1.8 (Black-box impossibility for a deterministic version of Theorem 1.7). “Black box
techniques” cannot give a version of Theorem 1.7 in which ϵ = 1, δ = s−ω(1), and all occurrences of
“nondeterministic circuits” are replaced by “deterministic circuits”. Furthermore, this holds even if the seed
length r is increased to r = Ω(s).

This shows that if one wants a multiplicative PRG for deterministic circuits of size s, with δ = s−ω(1),
at the moment, we only know how to give such a result as a consequence of Theorem 1.7, and require the
assumption that E is hard for exponential size nondeterministic circuits.

The proof of Theorem 1.8 follows by carefully adapting the black-box impossibility result of Grinberg,
Shaltiel and Viola [GSV18], and is deferred to the full version.

1.5 Randomness Reduction in Explicit Constructions for coNP/poly Properties

Explicit construction problems have the following form: We are given a property (namely a language P ∈
{0, 1}∗) and a number m, and want to efficiently produce a string z ∈ P of length m. For many famous
properties P it is known that Pr[Um ∈ P] ≥ 1− µ(m), for an exponentially small µ(m). In many cases (like
producing a rigid matrix, or a generator matrix for a linear code that meets the Gilbert-Varshamov bound) it
is also known that P ∈ coNP.

This holds whenever the probabilistic argument showing that Pr[Um ∈ P] ≥ 1−µ(m) works as follows:
It uses a union bound over exponentially many “bad events” Bi, where for each individual “bad event” Bi,
there is a deterministic (or even nondeterministic) circuit Ci(z) of size s = poly(m), that checks whether
z is in the “bad event” Bi. Note that in this case, the union of bad events is in NP, as checking whether a
given z is in the union of “bad events”, amounts to checking whether there exists an i such that Ci(z) accepts.
Consequently, P (which is the complement of the union of bad events) is in coNP.7

We are interested in designing a randomized polynomial time algorithm Construct that on input 1m, pro-
duces a string of length m that has the required property w.h.p. Our focus is the tradeoff between randomness
complexity (the number of random bits used) and the error (the probability that the obtained string is not in
P). Multiplicative PRGs G : {0, 1}r → {0, 1}m for nondeterministic circuits of size poly(m) immediately
apply for this problem. More specifically, by defining Construct(1m) = G(Ur) and using Theorem 1.7 we
obtain the following result.

Theorem 1.9 (Randomized explicit construction with error δ, using r = O(log 1
δ ) random bits). Let P be a

language in coNP/poly such that for every sufficiently large m,

Pr[Um ∈ P] ≥ 1− δ(m),

7To demonstrate this point, consider the problem of explicitly producing an m bit string z that encodes a generator matrix Az for
a binary code that meets the Gilbert-Varshamov bound. Here, for every “message” i, the “bad event” Bi checks whether the string
Az · i has low Hamming weight.
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for 0 < δ(m) ≤ 1
m . If E is hard for exponential size nondeterministic circuits, then there exists a randomized

polynomial time algorithm Construct such that for every sufficiently large m, Construct(1m) produces a
string of length m, using r = O(log 1

δ(m)) random bits, and we have that:

Pr[Construct(1m) ∈ P] ≥ 1− 3 · δ(m).

Theorem 1.9 gives the “correct” tradeoff between the amount of random bits r, and the error δ. This
improves upon the previous work of Artemenko et al. [AIKS16] (that relied on the multiplicative PRG of
that paper) and used a stronger hardness assumption (against Σ4-circuits) and larger randomness of r =
O(log 1

δ(m))
2 rather than r = O(log 1

δ(m)).

Reducing communication when agreeing on a string with a certain coNP/poly property. Let P be a
language as in Theorem 1.9. Imagine a “cryptographic scenario” where two parties Alice and Bob want to
agree on some string z ∈ P of a specified length m (for some later use). The obvious approach is for Alice to
choose a random z ← Um and send it to Bob. In this approach, the communication used is m.

Assuming the hardness assumption, and using Theorem 1.9, Alice can choose a random x ∈ Ur for
r = O(log 1

δ(m)), send it to Bob, and both players can apply Construct on their own. This reduces the
communication from m to r. Typically in cryptographic scenarios one expects error that is negligible in
m, and we can take any function δ = m−ω(1) and reduce the communication complexity from m to say
r = log( 1

δ(m)) which is only slightly larger than logm. Furthermore, note that δ = m−ω(1) is precisely where
standard PRGs are inapplicable, whereas multiplicative PRGs obtain the “correct” tradeoff.8

1.6 Multiplicative PRGs For Nonboolean Circuits

Dubrov and Ishai [DI06] suggested a natural generalization of PRGs, which extends the standard definition
(in which the circuit C outputs one bit) to a setting where C outputs ℓ bits. Thinking ahead, in the definition
below, we consider PRGs w.r.t. a relation, and the notion of [DI06] is obtained for the relation ad∼ϵ.

Definition 1.10 (nb-PRGs w.r.t. a relation). A function G : {0, 1}r → {0, 1}m is a ℓ-nb-PRG for a class
C w.r.t. a relation ∼ on [0, 1], if for every function C : {0, 1}m → {0, 1}ℓ in the class C, and for every
(arbitrary) function D : {0, 1}ℓ → {0, 1},

Pr[D(C(Um)) = 1] ∼ Pr[D(C(G(Ur))) = 1].

Motivation for nb-PRGs. It is easy to see that for the relation ad∼ϵ and ℓ = 1, this definition coincides with
the standard definition. For sufficiently large ℓ, and m > ℓ (a good choice to keep in mind is m = ℓO(1)) we
may view a function C : {0, 1}m → {0, 1}ℓ as a “sampling procedure” which uses m random bits to produce
a sample from the distribution P = C(Um). It is natural to ask whether it is possible to produce a sample
from a distribution P ′ that is ϵ-close to P in statistical distance, using fewer random bits.9

nb-PRGs (w.r.t. ad∼ϵ) were introduced by Dubrov and Ishai [DI06] specifically for this application. More
specifically, the distribution P ′ = G(Ur) is generated using only r random bits, and Definition 1.10 imme-
diately implies that P and P ′ are ϵ-close in statistical distance. Consequently, an ℓ-nb-PRG G : {0, 1}r →
{0, 1}s for (deterministic circuits) of size s (w.r.t ad∼ϵ) can be used to reduce the randomness complexity of
every sampling procedure C that runs in time s, and produces a distribution P = C(Us) on ℓ-bit strings.

8We remark that recent work of [CLO+23] gives a pseudo-deterministic randomized algorithm for constructing strings with
properties P ∈ P, and this allows two parties to agree on such a string (w.h.p) with no communication.

9Note that here, we want P and P ′ to be statistically indistinguishable and not just computationally indistinguishable. The latter
goal is easier to obtain, but in some settings it is crucial for the two distributions to be statistically indistinguishable, so that even
computationally unbounded adversaries D cannot distinguish between them.

5



More specifically, the randomness complexity is reduced from s to r, while producing a distribution P ′ that
is ϵ-close to P in statistical distance.

Note that we cannot hope for r < ℓ, because a possible procedure C(z) is one that outputs the first ℓ
bits of z, and samples the distribution P = Uℓ. It is impossible to sample a distribution P ′ that is close in
statistical distance to Uℓ using fewer than ℓ random bits.

Constructions of nb-PRGs for polynomial size circuits. Applebaum et al. [AASY15] (improving upon
[DI06, AS14]) showed that for every sufficiently large s, and every ℓ ≥ log s there is an ℓ-nb-PRG G :

{0, 1}r=O(ℓ) → {0, 1}s for circuits of size s (w.r.t. ad∼ 1
s
). This was obtained assuming E is hard for exponential

size nondeterministic circuits. It is not known whether this hardness assumption is necessary, and as far as we
know it may be possible to replace “nondeterministic circuits” with “deterministic circuits” in the hardness
assumption. This result does achieve optimal seed length of r = O(ℓ), and error ϵ = 1

s , which is best possible
in light of Theorem 1.5, using the observation that every ℓ-nb-PRG is also a 1-nb-PRG which is a PRG.

Multiplicative nb-PRGs for polynomial size circuits. In some cryptographic applications of nb-PRGs
presented in [DI06, AIKS16] (that we survey in Section 6.2) the desired statistical distance ϵ should be “neg-
ligible”. Motivated by these applications Artemenko et al. [AIKS16] observed that these applications only
require “preserving small probabilities”, and it is sufficient to use “multiplicative nb-PRGs” (that is nb-PRGs
w.r.t m∼(1,δ) for δ = s−ω(1)) for these applications. We will refer to such ℓ-nb-PRGs as “(ℓ, ϵ, δ)-multiplicative
nb-PRGs”, and define these explicitly below.

Definition 1.11 (Multiplicative nb-PRGs). A function G : {0, 1}r → {0, 1}m is an (ℓ, ϵ, δ)-multiplicative
nb-PRG for a class C, if for every function C : {0, 1}m → {0, 1}ℓ in the class C, and for every (arbitrary)
function D : {0, 1}ℓ → {0, 1},

Pr[D(C(G(Ur))) = 1] ≤ eϵ · Pr[D(C(Um)) = 1] + δ.

In this paper we give an improved construction of multiplicative nb-PRGs.

Theorem 1.12 (Improved multiplicative nb-PRGs). If E is hard for exponential size nondeterministic circuits,
then for every sufficiently large s, every ℓ ≥ log s, and every 1

2s ≤ δ ≤ 1
s there is an (ℓ, 1s , δ)-multiplicative

nb-PRG,
G : {0, 1}r=O(ℓ+log 1

δ
) → {0, 1}s

for size s deterministic circuits. Furthermore, G is computable in time poly(s).

We remark that Theorem 1.12 also holds if one replaces “deterministic circuits” by “single valued nonde-
terministic circuits”. See Remark 6.2.

Theorem 1.12 achieves the optimal seed length of r = O(ℓ+log 1
δ ), and in particular, the right dependence

on both ℓ and δ (up to constants). The previous construction of Artemenko et al. [AIKS16] achieved seed
length r = ℓ+O(log(1/δ))2 which has incorrect dependence on δ.

While we do not know whether the hardness assumption in Theorem 1.12 is necessary, the hardness
assumption used is the same hardness assumption that is used for (standard) nb-PRGs. In contrast, the pre-
vious construction of Artemenko et al. [AIKS16] assumes the much stronger assumption that E is hard for
exponential size Σ6-circuits.

The proof of Theorem 1.12 appears in Section 6 and shows that a multiplicative PRG with correct depen-
dence on δ (as we obtain in Theorem 1.7) immediately implies a multiplicative nb-PRG.
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2 Technique

In this section, we give a detailed informal overview of the main ideas that we use. This informal overview is
intended to help the reader to understand the later technical sections (which contain full definitions, statements
and proofs and do not build on the informal explanation of this section).

The readers can skip to the technical section if they wish.

2.1 An Overview of the Structure of (Standard) PRG Constructions

Let us start by revisiting the high level structure of (standard) PRGs for deterministic circuits, and specifically,
the one by [IW97, STV01] that give the PRG that is stated in Theorem 1.3. In this setting, we are given a
parameter s, and aim to construct a δ-PRG G : {0, 1}O(log s) → {0, 1}s for (deterministic) circuits of size s,

w.r.t. ad∼δ, for δ = 1
s , under a hardness assumption. Thinking ahead, we think of δ as a parameter, and will

later consider the case where δ = s−ω(1).

Low degree extension. When we aim to construct a δ-PRG for size s circuits and δ = 1
s we first choose

a large constant c0 and set d = c0
β where β is the constant from the harnmess assumption. We choose the

input length ℓ for the hardness assumption to be ℓ = d log s = O(log s). Invoking the hardness assumption,
we obtain a function f : {0, 1}ℓ → {0, 1} that cannot be computed by circuits of size 2β·ℓ = sc0 , but can
be computed in time 2O(ℓ) = poly(sc0). We then “extend” the function f into its “low degree extension” f̂ .
This is a degree poly(s) multivariate polynomial f̂ : Fd

q → Fq, where q = poly( sδ ), and is an extension of f ,
in the following sense: For some fixed (and pre-determined) subset H ⊆ Fq of size s, there is an efficiently
computable bijective map ϕ : {0, 1}ℓ → Hd such that for every x ∈ {0, 1}ℓ, we have that f̂(ϕ(x)) = f(x).
In the terminology of error-correcting codes, this amounts to encoding (the truth table of) f using the Reed-
Muller code to obtain the codeword that is (the truth table of) f̂ .

This step can be viewed as (nonboolean) hardness amplification: More specifically, Sudan, Trevisan
and Vadhan [STV01] gave a local list-decoding algorithm showing that a circuit Ĉ of size s such that
Prx̂←Fd

q
[Ĉ(x̂) = f̂(x̂)] ≥ δ, can be used to obtain a circuit B of size poly(s, q) that computes f correctly.

For δ = 1
s (which is the setting in Theorem 1.3) we have that q = poly(s) and can choose c0 to be sufficiently

large so that poly(s, q) ≤ sc0 , contradicting the hardness of f . Consequently, we can conclude that for every
circuit Ĉ of size s, Pr[Ĉ(X) = f̂(X)] ≤ δ. This argument fails if δ = s−ω(1), as then q = sω(1) and the size
of the obtained circuit B is poly(s, q) = sω(1) and does not contradict the hardness assumption.10

Concatenating with a boolean code (or Goldreich-Levin). The next step is to transform the nonboolean
function f̂ : Fd

q → Fq to a boolean function g : Fd
q × Fq → {0, 1}. For this purpose it is helpful to assume

w.l.o.g. that q is a power of 2 (so that v ∈ Fq can be thought of as a log q bits string). One then defines:

g(w, v) = ⟨f̂(w), v⟩,

where the inner product is taken over F2. In coding theoretic terms, this can be viewed as code-concatenation,
namely, encoding each symbol of the “codeword” f̂ by the Hadamard code, so that (the truth table of) g is the
encoding of f by the code which is the concatenation of Reed-Muller and Hadamard.

The overall process of obtaining g from f is often referred to as “boolean hardness amplification” as one
can show that the function g has the property that for δ = 1

s , it follows that every circuit P of size s,

Pr
w←Fd

q ,v←Fq

[P (w, v) = g(w, v)] ≤ δ,

10We remark that Trevisan and Vadhan [TV00] showed how to “speed up the local decoding using nondeterminism” and obtain
a nondeterministic C of size poly(s, log q). This allows taking δ = s−ω(1) (in fact even exponentially small in s) and still obtain
nonboolean hardness amplification, under a hardness assumption against nondeterministic circuits. While this result will not be useful
for us directly as stated, we will later use a similar approach to “speed up” a size poly(s, q) deterministic circuit, and replace it by a
size poly(s, log q) nondeterministic circuit.
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by showing that otherwise, there exists a small circuit Ĉ which breaks the (nonboolean hardness) of f̂ .
We stress that unlike the case of nonboolean hardness amplification, there are black-box limitations by

Applebaum et al. [AASY15] showing that assuming hardness against nondeterministic circuit (or even Σi-
circuits for large i) does not help to obtain boolean hardness amplification for δ = s−ω(1). This is closely
related to the limitations mentioned in Theorem 1.5, and is the essence of why we cannot expect (standard)
PRGs with error δ = s−ω(1).

PRGs with one bit-stretch. At this point (at least for δ = 1
s ) one can construct a (standard) PRG with one

bit stretch by:
G(x) = x, g(x)

Note that the seed length of G is the input length of g which is n = (d+ 1) · log q = O(log q) = O(log s+
log 1

δ ), which is indeed O(log s) for δ = 1
s . The correctness of this PRG G follows by first showing that

for a uniform x ← Un, if a circuit D of size s distinguishes (x, g(x)) from (x, U1) (w.r.t. ad∼δ) then by
a “distinguisher to predictor” argument, there exists a circuit P of roughly the same size of D, such that
Pr[P (x) = g(x)] ≥ 1

2 + δ, which is a contradiction to the boolean hardness amplification.

PRGs with large stretch. At this point, the original proof of Theorem 1.3 uses the Nisan-Wigderson gen-
erator [NW94] and “combinatorial designs” to take a seed x of length r = O( n2

log s) and stretch it to s strings
x1, . . . , xs ∈ {0, 1}n such that the construction G(x) = g(x1), . . . , g(xs) is a PRG. Note that for δ = 1

s this
PRG indeed has seed length r = O(log s)

2.2 Multiplicative PRG: The Construction

We now aim to prove Theorem 1.7 and construct a (1s , δ)-multiplicative PRG G : {0, 1}O(log 1
δ
) → {0, 1}s

for size s nondeterministic circuits, under the assumption that E is hard for exponential size nondeterministic
circuits. The main thing to remember is that now δ can be much smaller than 1

s , and a good choice to keep in
mind is δ = 2−

√
s. Our plan is to follow the steps in Section 2.1. More specifically, given s and 1

2s ≤ δ ≤ 1
s ,

we set q = poly(s/δ) = poly(1/δ), exactly as done earlier. However, in contrast to the standard setting in
which δ = 1

s and q = poly(s), we will be dealing with q = sω(1) which may be exponential in s.
We proceed with the first two steps described in the previous section (low-degree extension and Goldreich-

Levin) for this modified choice of δ and q and obtain the function g : Fd
q ×Fq → {0, 1}, defined by g(w, v) =

⟨f̂(w), v⟩ over F2. Recall that the input length of g (in bits) is n = O(log s+ log 1
δ ) = O(log 1

δ ).

“Standard approach” fails even for one bit stretch. Note that unlike the previous section, we do not
expect to show that G(x) = (x, g(x)) is a PRG w.r.t. a∼δ, as by Theorem 1.5, black-box techniques (like we
use here) cannot give such a result. Nevertheless, it was recently shown by Shaltiel [Sha25] that G is a PRG
w.r.t. m∼( 1

s
,δ). Our goal is to construct a multiplicative PRG with much larger stretch, that outputs s bits.

Using the Shaltiel-Umans PRG construction. Extending the number of random bits using the Nisan-
Wigderson generator [NW94] (as done in the previous section) gives a seed length that does not have the
correct dependence on δ. This is because, as explained in the previous section, using the Nisan-Wigderson

generator (and combinatorial designs) one can at best get a seed length of r = O( n2

log s) =
O(log 1

δ
)2

log s ≈
(log 1

δ )
2, for δ that is exponentially small in s. This limitation in the seed length of the Nisan-Wigderson

generator is a focus of some earlier work (see [ISW06, SU05] for a discussion) and Shaltiel and Umans
[SU05] gave a different PRG construction (in the standard setting) that avoids this type of loss.

Our plan is to use the approach of [SU05] and adjust it to the multiplicative setting. The Shaltiel-Umans
PRG [SU05] relies on a d× d matrix A over Fq with some specific properties that we will soon explain. For
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every 0 ≤ j ≤ d− 1, they define Gj : Fd
q × Fq → {0, 1}s as follows:

Gj(w, v) = g

((
Asj
)0
· w, v

)
, . . . , g

((
Asj
)s−1

· w, v
)
.

Note that the seed length of each Gj is (d + 1) log q = O(log 1
δ ). The final PRG G :

(
{0, 1}(d+1) log q

)d →
{0, 1}s is given by:

G(x0, . . . , xd−1) =
d−1⊕
j=0

Gj(xj)

and note that its seed length is O(d · log 1
δ ) = O(log 1

δ ) as required.

Adjusting for an exponentially large field size. We will use this construction. A difficulty is that the
construction and analysis of [SU05] are tailored to a parameter regime in which q = poly(s). This is because
several components in the construction and analysis run in time poly(q). While, this is acceptable in the
original construction where q = poly(s), it is a deal breaker in our case in which q may be exponential in s.11

Jumping ahead, we mention that a lot of the modifications that we make in the construction and analysis
of [SU05] are required to reduce the running time of certain procedures from poly(q) to poly(s). The first
such example is in the choice of the matrix A.

A modified property for the matrix A. As the matrix A is used by the PRG construction, that is required
to run in time poly(s), we need to use a matrix A that can be found in time poly(s). The PRG construction of
[SU05] relies on a matrix that we only know to find in time poly(q). As we cannot afford this, we will use a
matrix A with a modified property, that can be found in time poly(s). We now elaborate on this issue.

The property of the d× d matrix A over Fq that is used in the analysis of [SU05] is that it is regular, and
for every w ∈ Fd

q such that w ̸= 0,{
Ai · w : 1 ≤ i ≤ qd − 1

}
= Fd

q \ {0} .

In addition, the PRG construction of [SU05] also relies on the fact that (by appropriately choosing the re-

lationship between s and q) the matrix B = A
qd−1

sd−1 satisfies that for every w ∈ Hd such that w ̸= 0,{
Bi · w : 1 ≤ i ≤ sd − 1

}
= Hd \ {0}. We will refer to this property as the “additional property”.

In [SU05] it was shown that a matrix A with the original property can be found in time poly(qd) = poly(q),
but we do not know how to find it in time poly(s). Because of this reason (as well as additional reasons that
we will explain later on) we will use a matrix A that only has the “additional property”. Namely, in our
construction we will use a matrix A that satisfies that A is regular, and for every w ∈ Hd such that w ̸= 0,{

Ai · w : 1 ≤ i ≤ sd − 1
}
= Hd \ {0} .

Recall that H is of size s, and using similar arguments to the ones used in [SU05], it follows that a matrix
A that satisfies only the modified property can be produced in time poly(sd, log q) = poly(s). The precise
statement appears in Lemma 4.1 (see also Remark 4.2). With this choice, computing G indeed takes time
poly(s) as required. Jumping ahead, we will need to modify the proof of [SU05] to work with this modified
property of A.

11We remark that Umans [Uma03] gave a modified PRG construction which uses a more complicated low degree extension, but
avoids the need to xor the outputs of d “candidate PRGs”. This yields reduced seed length, as one avoids the need to choose d
independent seeds. Note however that in our setting, d = c0/β is a constant, and so this saving is insignificant. In any case, it seems
to us that extending the approach of [Uma03] to the multiplicative setting, is more difficult than extending the approach of [SU05].
Loosely speaking, this is because there are more technical issues to handle when adjusting the modified low degree extension of
Umans [Uma03] to exponentially large field size. It seems to us that some of the ideas used in this paper to adjust for exponentially
large can be extended to the framework of Umans [Uma03], but we did not pursue this direction, as at the moment, there is no clear
motivation to do so.
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How to find a matrix A with the modified property in time poly(s). For completeness we briefly sur-
vey the algorithm of [SU05] for producing a matrix A. In [SU05], the matrix A with the “original prop-
erty” is obtained by identifying the vector space Fd

q with the extension field Fqd (in the natural way). The
multiplicative group of this field is cyclic, and a generator α for this group can be found by exhaustive
search in time poly(qd). The function x → α · x over Fd

q is an invertible Fq-linear map, and therefore,
can be represented by an invertible d × d matrix A over Fq. This indeed gives that A is regular, and{
Ai · v : 1 ≤ i ≤ qd − 1

}
= Fd

q \ {0}.

Shaltiel and Umans [SU05] were able to argue that B = A
qd−1

sd−1 satisfies the “additional property” by care-
fully selecting the parameters s and q, to guarantee that there is a subfield of size sd in Fqd that coincides with
(the set) Hd. By the same argument, one can use brute force search to find a generator of the multiplicative
group of the subfield, rather than the big field. As this subfield is only of size sd (rather than qd), the time of
the brute force search for the generator can be reduced from poly(qd) to poly(sd, log q) = poly(s).

2.3 Multiplicative PRG: The Analysis

We will now outline the proof of Theorem 1.7. We assume for the purpose of contradiction that G is not a
multiplicative PRG with the required parameters, and therefore, there exists a size s nondeterministic circuit
D : {0, 1}s → {0, 1}, that “distinguishes” a pseudorandom output from a uniform output, meaning that

Pr[D(Us) = 1]
m
̸∼( 1

s
,δ) Pr[D(G(Ur)) = 1].

Our goal is to contradict the hardness assumption by constructing a nondeterministic circuit B of size sc0

for f . On a high level, we will try to imitate the analysis of Shaltiel and Umans [SU05] (that applies in the
standard case) by also using ideas from the approach of Shaltiel [Sha25] (that shows that G(x) = x, g(x) is a
multiplicative PRG). We will have to deal with the fact that q is no longer polynomial in s, and that we use a
matrix A with the modified property.

The first step in the [SU05] analysis is to argue that as G is the xor of d “candidates” G0, . . . , Gd−1, a non-
deterministic “distinguisher” D for G, yields d nondeterministic distinguishers D0, . . . , Dd−1 for G0, . . . , Gd−1.
This step can easily be adjusted to our multiplicative setting (see Lemma 3.5).

The second step in [SU05] (as in many PRG constructions) is to use a hybrid argument [GM84] to argue
that for every 0 ≤ j ≤ d − 1, the circuit Dj distinguishes between two distributions which only differ in the
last bit. This hybrid argument can be easily adapted to the multiplicative setting (see Lemma 3.4). To make
the notations simpler, we concentrate only on j = 0, and then the first s− 1 bits of G0(w, v) are given by:

Prv(w, v) = ⟨f̂(A0 · w), v⟩, . . . , ⟨f̂(As−2 · w), v⟩,

whereas the last output bit of G0(w, v) is Nxt(w, v) = ⟨f̂(As−1 · w), v⟩.
For a uniformly chosen seed (w, v) for G0, this “multiplicative hybrid argument” gives that D0 distin-

guishes (Prv(w, v), U1) from (Prv(w, v),Nxt(w, v)) w.r.t. m∼( 1
s
,δ). More formally, we have that:

Pr[D0 (Prv(w, v), U1) = 1]
m
̸∼( 1

s
,δ) Pr[D0 (Prv(w, v),Nxt(w, v)) = 1].12

The multiplicative setting does not have a “distinguisher to predictor” argument. So far, the analysis
we sketched closely follows the proof of [SU05] by finding “multiplicative analogs” for the steps in the
original proof. Now, however, we arrive at a step for which there does not seem to be a multiplicative analog.
In the standard setting, one can use a “distinguisher to predictor” argument to transform the distinguisher D0

into a predictor P0(Prv(w, v)) which predicts Nxt(w, v) correctly with probability roughly 1
2 + δ.

12Here, we are slightly cheating as (just like in the case of the standard hybrid argument) there are small quantitative losses
the multiplicative hybrid argument incurs, and both 1

s
and δ should be divided by s (See Lemma 3.4 for details). However, this

quantitative loss is insignificant for our purposes, and we ignore it in this high level overview.
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In our setting, δ = s−ω(1) and such a predictor is not useful. Loosely speaking, had we been able to use
such a predictor to contradict the hardness of f , we would have broken the limitations of Theorem 1.5. Instead,
we will need to proceed without using a “distinguisher to predictor” step, and instead we will try to imitate
the next steps of the analysis of [SU05] using a distinguisher D0 rather than a predictor. Loosely speaking,
following [Sha25], we will try to circumvent this difficulty using nondeterminism. Before we explain how to
do this, let us briefly survey how the original proof of [SU05] proceeds after obtaining a predictor P0.

How [SU05] use the predictor. Note that for every w, (⟨f̂(w), v⟩)v∈Fq is the Hadamard encoding of f̂(w).
Loosely speaking, by using list decoding techniques, [SU05] obtain a (nonboolean) predictor P ′0 such that:

P ′0

(
f̂(A0 · w), . . . , f̂(As−2 · w)

)
= f̂(As−1 · w)

with probability roughly δ. Loosely speaking, Shaltiel and Umans [SU05] show how to “error-correct” P ′0 to
an errorless predictor P ∗0 that succeeds with probability one. We will explain some of this argument later.

Once the nonboolean predictor is errorless, one can obtain a circuit B that computes f as follows: The
circuit B will be hardwired with some w0 ∈ Fd

q , and the evaluations f̂(A0 · w0), . . . , f̂(A
s−2 · w0). When

given x ∈ {0, 1}ℓ, the circuit B will compute a number i∗ such that Ai∗ · w0 = ϕ(x) (where ϕ is the map
ϕ : {0, 1}ℓ → Hd of the low degree extension) and then we know that f(x) = f̂(ϕ(x)) = f̂(Ai∗ · w0).

Note that B can use P ∗0 to predict the “next element” f̂(As−1 · w0) from “previous elements” f̂(A0 ·
w0), . . . , f̂(A

s−2 · w0), and then continue to predict f̂(As · w0) from f̂(A1 · w0), . . . , f̂(A
s−1 · w0) that are

now available to it. By using this process iteratively, one can reach i∗ and compute f̂(Ai∗ · w0) = f(x).
It should be noted that as described above, this iterative process takes too much time. This is because i∗

could be very large. Using a matrix A with the original property, it could be that i∗ = qd − 1 and this could
take qd steps. With the modified property the number of steps can be reduced to sd (assuming we can arrange
that w0 ∈ Hd so that the starting point is in Hd). We will later explain how to modify the approach of [SU05]
so that we can arrange that w0 ∈ Hd. The reduced number of steps follows because by the modified property
of A we have that i∗ ≤ sd.

However, even with this reduction in the number of steps, this takes too much time, as sd = 2ℓ, and it is
trivial to obtain a size 2ℓ circuit B for a function f on ℓ bits. This issue is the reason that [SU05] use many
“generators” G0, . . . , Gd−1 in their construction. Loosely speaking, when using t generators, [SU05] shows
(by a complicated argument that we will not explain in this high level overview) how to reduce the number of
steps from i∗ to (i∗)1/t. This gives that in our setup, using a matrix with modified property, so that i∗ ≤ sd,
by using t = d candidates, we can reduce the number of steps from sd to s, and the obtained circuit B will
end up being of size sc0 that indeed contradicts the hardness of f .

Learning the next curve. As we explained above, the proof of [SU05] uses error-correcting techniques to
error-correct a “noisy predictor” into an “errorless predictor”. We now give an overview of this argument
(and later explain how to imitate it using a distinguisher instead of a predictor). The main technical step in
this process considers the following probabilistic setting: Let r be a large constant, and consider a uniformly
chosen degree r polynomial C : Fq → Fd

q (which we will refer to as a curve). Loosely speaking, the approach
of [SU05] is to design an errorless predictor P ∗0 which predicts all the evaluations of the “next curve”(

f̂(As−1 · C(t))
)
t∈Fq

from evaluations on previous curves, namely from:(
f̂(A0 · C(t)), . . . , f̂(As−2 · C(t))

)
t∈Fq

.

Note that the evaluations on the next curve, are evaluations of the univariate polynomial

p̂(t) = f̂(As−1 · C(t)).
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This polynomial is a nonzero polynomial with low degree (as f̂ , C are low degree, and A is a regular matrix).
For every t ∈ Fq, one can use the “noisy predictor” P ′0 for w = C(t), using the previous evaluations, and
obtain a prediction for p̂(t). For every t ∈ Fq, C(t) is uniform over Fd

q , and this means that we expect a
δ-fraction of the q predictions to be correct. At this point, [SU05] use Sudan’s list-decoding algorithm for
the Reed-Solomon code [Sud97] to obtain a list of L = poly(1/δ) polynomials such that one of them is the
correct polynomial p̂. For the sake of explaining the argument, let us cheat and assume that L = 1, and one
can “uniquely decode” to the correct polynomial.13

Arranging that a random curve intersects Hd. Recall that earlier, we promised to show that “errorless
prediction” can start from a point w0 that is in Hd rather than Fd

q . This does not follow from the argument of
[SU05]. Loosely speaking, this is because the random curve C is unlikely to intersect the set Hd, and so it
may be the case that no “starting point” is in Hd.

One of the modifications that we introduce in this paper (which already applies in the original setting of
[SU05]) is a modified probability space for the analysis of [SU05]. In this modified probability space (referred
to as the “basic probability space” in Section 4.2) we insist that the random curve C intersects the set Hd.
More specifically, rather than choosing the curve C uniformly at random, we choose it conditioned on the
event that {C(0) = w0} for some w0 ∈ Hd. Fortunately, it is possible to carry out the analysis of [SU05]
with this modification. Loosely speaking, this is because even in the modified probability space, the random
variables (C(t))t←Fq\{0} are distributed like q − 1 elements that are (r − 1)-wise independent.

Using a distinguisher instead of a predictor. We now return to the multiplicative case. Recall that we
stopped after obtaining a distinguisher D0 such that

Pr[D0 (Prv(w, v), U1) = 1]
m
̸∼( 1

s
,δ) Pr[D0 (Prv(w, v),Nxt(w, v)) = 1].

As we explained earlier, in our setting when δ is very small, and we cannot use a “distinguisher to predictor”
argument. Instead, we will have to imitate the proof of [SU05] using the distinguisher D0.

A key idea is that while we don’t have a predictor, we are in a setting where we are allowed to use
nondeterminism. Inspired by [BGDM23, Sha25], our high level idea is to “learn the next curve” in two steps:
We first use nondeterminism to guess the coefficients of the “correct polynomial” p̂(t) = f̂(As−1 · C(t)).
We then design an efficient test such that the correct polynomial p̂ passes the test, but no other low-degree
polynomial does. This means that using nondeterminism, we can reduce the task of “learning the next curve”
to the task of “testing the next curve”.

Note that in the framework, the verification step of “testing the next curve” can itself be nondeterministic,
as even then, the entire “guess and test” computation can be implemented by a small nondeterministic circuit.
This additional freedom of using nondeterminism twice will be crucial in the argument.

More specifically, we will be able to show that there exists a number γ > 0 (which can be exponentially
small in s) such that for a random t, v ← Fq, the correct polynomial p̂ satisfies:

Pr[D0(Prv(C(t), v), ⟨p̂(t), v⟩) = 1] ≥ γ.

On the other hand, for every low degree polynomial p ̸= p̂,

Pr[D0(Prv(C(t), v), ⟨p(t), v⟩) = 1] ≤ e−
1
s · γ.

Loosely speaking, this “multiplicative distance” between γ and e−
1
s · γ is inherited from the fact that the

distinguisher D0 distinguishes w.r.t. a multiplicative relation. We will not go into precise details of this proof
13Shaltiel and Umans are able to achieve L = 1, by considering a significantly more complicated random experiment in which

two curves C1 and C2 are chosen at random, so that each one is uniform, but the two curves are “interleaved” (meaning that they are
correlated in a specially designed way that allows list-decoding to imply unique decoding). We will not explain this argument in this
high level overview. Our full proof repeats this argument (see Section 4.2 for details) with some changes that we explain below.
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that builds on ideas from [BGDM23, Sha25] that are adapted to the setting considered in [SU05]. In fact, in
the actual proof, we can only show that the second inequality holds for p which agrees with p̂ on r choices of
t ∈ Fq. In this high level overview, we will cheat and ignore this technicality (which introduces significant
complications).

In order to test whether a given low degree polynomial p is the correct polynomial p̂, we will prepare the
size poly(s) nondeterministic circuit:

B(t, v) = D0(Prv(C(t), v), ⟨p(t), v⟩).

All that is left is to design a test that given a size poly(s) circuit B, distinguishes the case that B accepts at
least a γ-fraction of its inputs, from the case that B accepts at most e−

1
s · γ-fraction of its inputs.

Using the Goldwasser-Sipser “set lower bound” protocol. We now explain how to distinguish the two
cases. To gain some intuition, note that we do not have time to go over all inputs to B as their number is
larger than q, and is not polynomial in s. It is also not feasible to distinguish the two cases by taking a sample
of poly(s) random inputs to B, because the “additive distance” γ − e−

1
s · γ may be exponentially small in s,

and a poly(s) size sample cannot be used to distinguish.
Fortunately, distinguishing between these two cases is precisely what nondeterministic circuits are good

at. Following [Sha25], we use the “set lower bound” of Goldwasser and Sipser [GS86] for this purpose.
The Goldwasser-Sipser “set lower bound” is typically stated as an AM protocol, where the input is a size s
deterministic circuit B, and Merlin claims that B accepts a γ-fraction of the inputs (for some given γ > 0).
We can adapt this protocol to our setting by observing that:

• The Goldwasser-Sipser AM protocol works not just for deterministic circuits, but also for nondeter-
ministic circuits. (This essentially follows because AM with a constant number of messages can be
collapsed to two messages).

• AM ⊆ NP/poly, and so, the Goldwasser-Sipser AM protocol can be implemented by a nondeterministic
circuit of size poly(s).

• The error of the Goldwasser-Sipser protocol is multiplicative. More specifically, even when γ is expo-
nentially small, when given a size poly(s) circuit B, the Goldwasser-Sipser protocol can distinguish the
case that B accepts at least a γ-fraction of the inputs, from the case that B accepts at most a e−

1
s · γ-

fraction of its inputs.14

Note that in the argument above we use nondeterminism three times: We use nondeterminism as D0 is a
nondeterministic circuit. Nevertheless, even if we were constructing a multiplicative PRG for deterministic
circuits and D0 is deterministic, we need nondeterminism to guess the correct polynomial p̂, and then we need
additional nondeterminism to run the Goldwasser-Sipser protocol.

Organization of this paper

In Section 3 we give some preliminaries. In Section 4 we present our main construction and prove Theorem
1.7. In Section 5 we prove Theorem 1.9. In Section 6 we present our results on nonboolean PRGs, and their
applications. Finally in Section 7 we conclude and present some open problems.

14Loosely speaking, it is this property of nondeterministic circuits that avoids black-box limitations and enables us to obtain
multiplicative PRGs with δ = s−ω(1) under a hardness assumption against nondeterministic circuits. Loosely speaking, the black-
box impossibility results of [AASY15] follow by showing that size poly(s) nondeterministic circuits (or even Σi-circuits for any
large i) cannot distinguish the case where a circuit B of size s accepts 1

2
+ s−ω(1) of its inputs from the case that it accepts 1

2
of its

inputs. This is essentially why we are not able to use predictors in our proof. However, we can use “multiplicative” distinguishers,
as this leads to the need to distinguish between a circuit that accepts at least γ-fraction of inputs, from a circuit that accepts at most
e−

1
s · γ fraction of inputs, and we’ve just seen that nondeterministic circuits can perform this task.
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3 Preliminaries

3.1 Probabilistic notation

For a distribution D, we use the notation X ← D to denote the experiment in which X is chosen according
to D. For a set A, we use X ← A to denote the experiment in which X is chosen uniformly from the set A.

The notation X1, . . . , Xt ← A denotes the experiment in which t variables are chosen from A indepen-
dently and with replacement. The notation X1, . . . , Xt ← A denotes the experiment in which t variables are
chosen from A independently and with replacement.

We use the notation X1, . . . , Xt ←
distinct

A to denote the experiment in which t distinct elements are chosen

from A independently, but without replacement.
We often also identify a distribution X , with the random variable X chosen from this distributions. For

a random variable X and an event A we use (X|A) to denote the distribution which chooses an element
according to X , conditioned on A. We use Un to be the uniform distribution on n bit strings.

3.2 Definition of Circuits of Various Types

We formally define the circuit types that will be used in this paper.

Definition 3.1 (randomized circuits, nondeterministic circuits, oracle circuits and Σi-circuits). A randomized
circuit C has additional wires that are instantiated with uniform and independent bits.

A nondeterministic circuit C has additional “nondeterministic input wires”. We say that the circuit C
evaluates to 1 on x iff there exists an assignment to the nondeterministic input wires that makes C output 1
on x.

An oracle circuit C(·) is a circuit which in addition to the standard gates uses an additional gate (which
may have large fan in). When instantiated with a specific boolean function A, CA is the circuit in which the
additional gate is A. Given a boolean function A(x), an A-circuit is a circuit that is allowed to use A gates
(in addition to the standard gates). An A||-circuit is a circuit that makes nonadaptive queries to its oracle A.
(Namely, on every path from input to output, there is at most a single A gate).

An NP-circuit is a SAT-circuit (where SAT is the satisfiability function) a Σi-circuit is an A-circuit where
A is the canonical ΣP

i -complete language. The size of all circuits is the total number of wires and gates.15

3.3 Hardness Assumptions

We will rely on assumptions of the following form, introduced by Impagliazzo and Wigderson [IW97]

Definition 3.2 (E is hard for exponential size circuits). We say that “E is hard for exponential size circuits
of type X” if there exist constants 0 < β < B, and a language L in E = DTIME(2B·n), such that for every
sufficiently large n, the characteristic function of L on inputs of length n is hard for circuits of size 2βn of
type X.

3.4 Properties of Pseudorandomness w.r.t. Multiplicative Relations

Recall that in Section 1 we defined pseudorandomness w.r.t. an arbitrary relation, as well as several specific
relations. For completeness, we repeat the definition of the various relations defined in the Section 1. In the
relations below “a” stands for additive, “m” stands for multiplicative, and “d” stands for double-sided.

15An alternative approach to define these circuit classes is using the Karp-Lipton notation for Turing machines with advice. For
s ≥ n, a size sΘ(1) deterministic circuit is equivalent to DTIME(sΘ(1))/sΘ(1), a size sΘ(1) nondeterministic circuit is equivalent to
NTIME(sΘ(1))/sΘ(1), a size sΘ(1) NP-circuit is equivalent to DTIMENP(sΘ(1))/sΘ(1), and a size sΘ(1) Σi-circuit is equivalent to
DTIMEΣP

i (sΘ(1))/sΘ(1).
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Definition 3.3 (Definitions of relations from Section 1). Given numbers p1, p2, ϵ, δ ∈ [0, 1], we define the
following relations:

p1
ad∼ϵ p2 ⇐⇒ |p2 − p1| ≤ ϵ.

p1
a∼ϵ p2 ⇐⇒ p2 ≤ p1 + ϵ.

p1
m∼(ϵ,δ) p2 ⇐⇒ p2 ≤ eϵ · p1 + δ.

p1
md∼ (ϵ,δ) p2 ⇐⇒ p1

m∼(ϵ,δ) p2 and p2
m∼(ϵ,δ) p1.

Note that while some of these relations (e.g. m∼(ϵ,δ)) are interesting for ϵ > 1, in this paper we will always
have that 0 ≤ ϵ ≤ 1 so that 1 + ϵ ≤ eϵ ≤ 1 + 3ϵ, and 1 − ϵ ≤ e−ϵ ≤ 1 − ϵ

3 . We will use these inequalities
throughout this paper.

Below, we list several properties of pseudorandomness w.r.t. m∼(ϵ,δ) that can be viewed as generalizations
of analogous properties for “standard pseudorandomness” w.r.t. a∼ϵ.

3.4.1 A Multiplicative Hybrid Argument

A useful property of standard pseudorandomness is that it allows using the “hybrid argument” of Goldwasser
and Micali [GM84]. Below, we state and prove a generalized version for multiplicative pseudorandomness.

Lemma 3.4 (Multiplicative hybrid argument). Let ϵ < 1
4 . Let Z = (Z1, . . . , Zn) be some distribution over

({0, 1}k)n, and let R = (R1, . . . , Rn) be the uniform distribution over ({0, 1}k)n. If Z is not pseudorandom
for D : ({0, 1}k)n → {0, 1}, with respect to m∼(ϵ,δ), then there exists i ∈ [n] such that

Pr[D(Z1, . . . , Zi−1, Ri, Ri+1, . . . , Rn) = 1]
m
̸∼(ϵ′,δ′) Pr[D(Z1, . . . , Zi−1, Zi, Ri+1, . . . , Rn) = 1],

where ϵ′ = ϵ
n and δ′ = δ

3n .

Proof. For every 0 ≤ i ≤ n we consider the hybrid distribution

Hi = (Z1, . . . , Zi−1, Zi, Ri+1, . . . , Rn),

and define pi = Pr[D(Hi) = 1]. We have that p0
m
̸∼(ϵ,δ) pn, which says that pn > eϵ · p0 + δ. We will show

that there exists i ∈ [n] such that pi > eϵ
′ · pi−1 + δ′. If there does not exist such an i, then for every i ∈ [n],

pi ≤ eϵ
′ · pi−1 + δ′, which gives that:

pn ≤ eϵ
′ · pn−1 + δ′ ≤ eϵ

′ · (eϵ′ · pn−2 + δ′) + δ′ ≤ . . . ≤ en·ϵ
′ · p0 + δ′ ·

∑
0≤j≤n−1

ej·ϵ
′
.

By the formula for geometric sums

∑
0≤j≤n−1

ej·ϵ
′
=

eϵ
′·n − 1

eϵ′ − 1
≤ 1 + 3 · ϵ′ · n− 1

1 + ϵ′ − 1
= 3n.

Overall, we get that
pn ≤ en·ϵ

′ · p0 + 3 · δ′n = eϵ · p0 + δ,

which is a contradiction.
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3.4.2 A Multiplicative XOR-Generator Lemma

A property of standard pseudorandomness that was used in [SU05] is that a distinguisher for the xor of several
candidate generators, yields distinguishers of similar complexity for every one of the candidate generators.
Below, we state a generalization of this observation for the case of multiplicative pseudorandomness.

Lemma 3.5. Let G0, . . . , Gd−1 be functions from ℓ bits to n bits, and let G : {0, 1}dℓ → {0, 1}n be defined
by G(x0, . . . , xd−1) = G0(x0)⊕ . . .⊕Gd−1(xd−1). If G is not a PRG for nondeterministic circuits of size s
with respect to m∼(ϵ,δ), then there exist nondeterministic circuits D0, . . . , Dd−1 of size s′ = s+n such that for
every 0 ≤ i ≤ d− 1, Gi is not a PRG for Di with respect to m∼(ϵ,δ).

Proof. By assumption, there exists a nondeterministic circuit D of size s, such that for p1 = Pr[D(Un) = 1],

and p2 = Pr[D(G(Udℓ)) = 1], we have that p1
m
̸∼(ϵ,δ) p2, meaning that p2 > eϵp1 + δ. By definition:

p2 = Pr
X0←{0,1}ℓ,...,Xd−1←{0,1}ℓ

[D(G0(X0)⊕ . . .⊕Gd−1(Xd−1)) = 1].

Fix some 0 ≤ i ≤ d−1. By an averaging argument, there exist values x0, . . . , xi−1, xi+1, . . . , xd−1 ∈ {0, 1}ℓ
such that

p2 ≤ Pr
Xi←{0,1}ℓ

[D(G0(x0)⊕ . . . Gi−1(xi−1)⊕Gi(Xi)⊕Gi+1(xi+1)⊕ . . .⊕Gd−1(xd−1)) = 1].

Let z = G0(x0) ⊕ . . . Gi−1(xi−1) ⊕ Gi+1(xi+1) ⊕ . . . ⊕ Gd−1(xd−1), and define Di(x) = D(x ⊕ z).
Note that D is a nondeterministic circuit of size s + n. We have that Pr[Di(Gi(Uℓ)) = 1] ≥ p2 and
Pr[Di(Un) = 1] = Pr[D(Un) = 1] = p1, and therefore Gi is not a PRG for Di with respect to m∼(ϵ,δ).

3.4.3 Averaging Arguments for the Multiplicative Relation

In the standard setup of pseudorandomness (that is w.r.t. a∼ϵ) we have that if a randomized circuit D distin-
guishes a distribution W1 for W2, in the sense that Pr[D(W1) = 1] ̸ a∼ϵ Pr[D(W2) = 1], then there exists a
fixing to the random coins of D, such that the non-randomized circuit obtained by employing this fixing also
distinguishes the two distributions.

The next simple lemma from [Sha25] states that this property also holds for pseudorandomness w.r.t.
m∼(ϵ,δ).

Lemma 3.6 ([Sha25]). Let W1,W2 be two distributions. Let D be a randomized nondeterministic circuit. If

Pr[D(W1) = 1] ̸m∼(ϵ,δ) Pr[D(W2) = 1],

then there exists a fixing to the random coins of D such that the obtained (non-randomized) nondeterministic
circuit D′ satisfies

Pr[D′(W1) = 1] ̸m∼(ϵ,δ) Pr[D
′(W2) = 1].

3.5 Seeded Extractors and the Leftover Hash Lemma

We use the following standard definition of seeded extractors.

Definition 3.7 (Seeded extractors). A function SExt : {0, 1}n×{0, 1}d → {0, 1}m is a (k, ϵ)-seeded extractor
if for every distribution X over {0, 1}n, with H∞(X) ≥ k, SExt(X,Ud) is ϵ-close to Um.

SExt is a strong (k, ϵ)-seeded extractor if the function SExt′ : {0, 1}n × {0, 1}d → {0, 1}d+m defined by
SExt′(x, y) = (y,SExt(x, y)) is a (k, ϵ)-seeded extractor.

We use the following result known as the “leftover hash lemma” by Impagliazzo, Levin and Luby [ILL89]
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Theorem 3.8 (Leftover hash lemma [ILL89]). For every integers m ≤ n, and ϵ > 0, there is a (m +
2 log(1/ϵ), ϵ)-strong extractor SExt : {0, 1}n × {0, 1}n → {0, 1}m. Furthermore, SExt can be computed in
time poly(n).

We remark that in some sources this lemma is stated with d = 2n rather than d = n, but the statement
also holds for d = n (as stated above).

3.6 The Low Degree Extension

Many results in complexity theory and derandomization rely on the low-degree extension. Loosely speaking,
this is a technique to extend a given function f : {0, 1}ℓ → {0, 1} to a low-degree d-variate polynomial
f̂ : Fd

q → Fq. The standard precise statement is given below.

Lemma 3.9. Let f : {0, 1}ℓ → {0, 1} be a function and d ≤ h ≤ q be integers such that hd ≥ 2ℓ and q is
a power of 2. Given H ⊆ Fq of size h, and a one-to-one map ϕ : {0, 1}ℓ → Hd, there is a degree ĥ = h · d
polynomial f̂ : Fd

q → Fq such that for every x ∈ {0, 1}ℓ, f(x) = f̂(ϕ(x)). Furthermore, f̂ can be computed
in time poly(2ℓ, log q) given oracle access to f and ϕ.

Proof. For all j ∈ H define the function gj : Fq → Fq, such that for all x ∈ Fq:

gj(x) =

∏
i∈H
i̸=j

(x− i)

∏
i∈H
i̸=j

(j − i)

Note that gj is a polynomial of degree h − 1, gj(j) = 1 and for all i ∈ H, such that i ̸= j: gj(i) = 0. Now,
define the function f̂ : Fd

q → Fq, such that for all x = (x1, . . . , xd) ∈ Fd
q :

f̂(x1, . . . , xd) =
∑

y∈{0,1}ℓ
f(y) · gϕ(y)1(x1) · · · gϕ(y)d(xd)

This is a polynomial of degree at most h · d which satisfies f(x) = f̂(ϕ(x)) for all x ∈ {0, 1}ℓ. By definition,
f̂ can be computed in time poly(2ℓ, log q) given oracle access to f and ϕ.

3.7 Sudan’s List-Decoding Algorithm

We will rely on Sudan’s celebrated list-decoding algorithm for the Reed-Solomon code [Sud97].

Theorem 3.10 (Sudan’s list-decoding algorithm [Sud97]). Let prs, agr, deg be integers. Given prs distinct
pairs (xi, yi) in field F with agr >

√
2 · deg · prs, there are at most 2prs/agr polynomials g of degree deg

such that g(xi) = yi for at least agr pairs. Furthermore, a list of all such polynomials can be computed in
time poly(prs, log |F |).

We remark that in this paper (as in the previous work [TV00, BGDM23]) we will rely only existence of
small lists, and do not use the efficiency of list-decoding algorithm.

3.8 The Goldwasser-Sipser AM Protocol and Consequences

A classical result by Goldwasser and Sipser [GS86] shows that there is an AM protocol for showing that
the fraction of accepting inputs of a given circuit is above some threshold. The same approach translates
immediately to the case where the given circuit is nondeterministic (rather than deterministic). Below is a
formal definition.
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Definition 3.11 (The nondeterministic large set promise problem). Given λ > 0, we define a promise problem
NondetLargeλ over pairs (C, γ) where C is a nondeterministic circuit, and 0 ≤ γ ≤ 1.

• The Yes instances are pairs (C, γ) such that C accepts at least a γ-fraction of its inputs.

• The No instances are pairs (C, γ) such that C accepts less than a γ · e−λ-fraction of its inputs.

Note that a circuit C of size s can have at most s input bits. Throughout the paper we will always assume
w.l.o.g. that C has s input bits (and may ignore some of them). We also note that because the number of
possible inputs to C is at most 2s, we can always assume that the number of bits needed to represent γ is at
most s (which implies that the input to the promise problem is of length that is dominated by the length of the
description of C, which is O(s log s)).

Theorem 3.12 (Goldwasser and Sipser [GS86]). For every integer s and λ > 0, there is a nondeterministic
circuit A of size poly(s, 1

λ) which solves the promise problem NondetLargeλ.

Theorem 3.12 is stated in a somewhat nonstandard way. The more standard formulation discusses deter-
ministic circuits C, and gives an AM protocol that solves the promise problem. However, the same result
immediately applies to nondeterministic circuits. This is because in the Goldwasser-Sipser AM protocol,
Merlin sends inputs x to C on which C(x) = 1, and if C is nondeterministic, whenever Merlin sends an
x, he can also supply a witness showing that C(x) = 1. This gives an AM-protocol with time poly(s, 1

λ)
for NondetLargeλ, and the result in the theorem follows because one can transform an AM-protocol into a
nondeterministic circuit, as in the proof that AM ⊆ NP/poly.

3.9 An r-wise Independent Tail Inequality

We need the following tail inequality by Bellare and Rompel [BR94].

Theorem 3.13 (r-wise independent tail inequality [BR94]). Let r > 4 be an even integer. Suppose X1, X2, . . . , Xn

are r-wise independent random variables taking values in [0, 1]. Let X =
∑

Xi, µ = E[X] and A > 0. Then:

Pr[|X − µ| ≥ A] ≤ 8 ·
(
rµ+ r2

A2

)r/2

.

In particular, if r ≤ n, setting A = ϵn, for some ϵ > 0, it follows that:

Pr[|X − µ| ≥ ϵn] ≤ 8 ·
(

2r

ϵ2n

)r/2

.

4 A Multiplicative PRG for Nondeterministic Circuits

In this section we prove Theorem 1.7 that yields a multiplicative PRG for nondeterministic circuits. In Section
4.1 we present the construction of the multiplicative PRG. The proof of correctness is presented In Section 4.2.

4.1 The Construction

An important ingredient in the construction is the following lemma, that is a special case of a more general
lemma that is proven in [SU05, Lemma 4.18].

Lemma 4.1 (Traversing matrix [SU05]). Let h,q and d be such that: h is a power of 2, q is a power of h,
and d and logh q are relatively prime, and let Fq be the field with q elements. There exists an invertible d× d
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matrix A with entries in Fq, and a set H ⊆ F with |H| = h, such that Ahd−1 is the identity matrix, and for
every v ∈ Hd, such that v ̸= 0, {

Ai · v : 1 ≤ i < hd
}
= Hd \ {0} .

Moreover, A can be found in time poly(hd, log q).

Remark 4.2 (On traversing matrices in [SU05]). The paper of Shaltiel and Umans [SU05] contains sev-
eral constructions, and in particular they construct both extractors and pseudorandom generators. The two
different constructions use the same rationale, but rely on traversing matrices with different properties.

Interestingly, the “traversing matrix” of Lemma 4.1 is not the one used in the PRG construction of [SU05].
The PRG construction uses a “traversing matrix” with additional properties, and this comes with the cost that
we only know how to find such a matrix in time poly(qd). As explained in Section 2.2, in our setting where q
can be exponential in s, we cannot afford this time, and therefore cannot use the traversing matrix that was
used in the PRG construction of [SU05].

Instead, we will use the matrix from Lemma 4.1, which has a modified property and is a (special case) of
a traversing matrix that was used in an extractor construction in [SU05]. The advantage of this matrix is that
(as stated in Lemma 4.1) it can be found in time poly(hd, log q) and this time will be polynomial in s, even in
our setting where q may be exponential in s.

On the one hand, as explained in Section 2.3, we will need to modify the technical approach of [SU05]
to accommodate for using a matrix with weaker properties. On the other hand, in our setup (where q is
exponential in s) the use of the modified property, will also turn out to be an advantage in some of the steps in
the approach of [SU05] (where the fact that the index i in Lemma 4.1 ranges over [hd], rather than [qd] will
be crucial for the proof).

Summing up, the argument that we use in this paper gives a different proof even in the original setting
of [SU05] (that is, when ignoring the additional complications needed to accommodate for “multiplica-
tiveness”). This different approach and can potentially help in recent applications of the Shaltiel-Umans
approach such as [CLO+23].

Our PRG construction is presented in Figure 1 and relies on several components from Section 3. It closely
follows the high level overview given in Section 2.

Theorem 1.7 follows from the next theorem (that states the correctness of the construction) by choosing
mext = 1 and m = s.

Theorem 4.3. [Multiplicative PRG for nondeterministic circuit] If E is hard for exponential size nondeter-
ministic circuits, then there exists a constant a ≥ 1 such that for every sufficiently large s, and for every mext,
m such that mext · m ≤ s, and 1

2s ≤ δ ≤ 1
s , the function G : {0, 1}a·(mext+log 1

δ
) → {0, 1}m·mext defined

in Figure 1 is a multiplicative m∼( 1
s
,δ)-PRG for nondeterministic circuits of size s. Furthermore, G can be

computed in time poly(s).

Remark 4.4 (Regarding the optimality of the multiplicative PRG). As mentioned in Section 1, Theorem 1.7
is optimal in the following sense:

• The hardness assumption used is minimal. More specifically, the hardness assumption that E is hard
for exponential size nondeterministic circuits follows from the conclusion of Theorem 1.7. This follows
easily by adapting an argument of Impagliazzo, Shaltiel and Wigderson [ISW99] that shows that hard
functions follow from (standard) PRG. We will now outline this argument and observe that it applies in
our multiplicative setting.

Let δ = 1
s , and assume that for sufficiently large s, we have a (1s , δ) multiplicative PRG

G : {0, 1}O(log s) → {0, 1}s
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Figure 1: Construction of multiplicative PRG for nondeterministic circuits

Hardness assumption: We are assuming that E is hard for exponential size nondeterministic circuits. Namely, that
there exist constants 0 < β < 1 < B and a function f : {0, 1}∗ → {0, 1} such that:

Easiness: f is computable in time 2Bℓ on inputs of length ℓ.
Hardness: For every sufficiently large ℓ, nondeterministic circuits of size 2βℓ fail to compute f on inputs of

length ℓ.

Input parameters: We are given a sufficiently large integer s, and additional integer parameters mext, m and δ > 0,
such that mext ·m ≤ s and 1

2s ≤ δ ≤ 1
s .

Goal: Construct a m∼( 1
s ,δ)

-PRG for size s nondeterministic circuits, with output length mout = mext ·m and seed length
mext +O(log(1/δ)).

Construction:

Setting parameters for Traversing Matrix: Let c0, cq be sufficiently large universal constants that will be cho-
sen in the proof. We set h = s, d = c0

β , ℓ = d log h and q = 2mext

δcq . Let Fq be the field with q elements
(we will be assuming that q is a power of 2). Let H ⊆ Fq be a set of size h from lemma 4.1 and let A
be the invertible d × d matrix over Fq as constructed in lemma 4.1, and note that A can be found in time
poly(hd, log q) = poly(2ℓ) (here we should also verify that we can meet the conditions of Lemma 4.1, see
Remark 4.5). We identify {0, 1}ℓ with Hd using the bijective function ϕ : {0, 1}ℓ → Hd, such that for
every x ∈ {0, 1}ℓ, ϕ(x) = Ax · w0 where w0 is some nonzero vector in Hd, and we identify x ∈ {0, 1}ℓ
with a number 0 ≤ x < 2ℓ = hd). Note that ϕ can be computed in time poly(hd, 2ℓ, log q) = poly(2ℓ).

Low degree extension: We define f̂ : Fd
q → Fq to be the “low degree extension” of f (a precise statement is

given in Lemma 3.9). This is a polynomial of degree ĥ = hd such that for every x ∈ {0, 1}ℓ, f̂(ϕ(x)) =
f(x). We have that f̂ is computable in time poly(2ℓ, 2Bℓ, log q) = poly(s).

Leftover hash lemma seeded extractor: Let cϵ be a sufficiently large universal constant that will be chosen in
the proof, set ϵ = δ

cϵ·s·3m2 , and SExt : {0, 1}log q × {0, 1}log q → {0, 1}mext be the (mext + 2 log(1/ϵ), ϵ)-
strong seeded extractor of the “Leftover hash lemma” (formally specified in Theorem 3.8). Note that by
choosing cq to be sufficiently large, we have that log q > mext + 2 log(1/ϵ).

PRG Construction: Let g : Fd
q × Fq → {0, 1}mext be defined by g(w, v) = SExt(f̂(w), v).

For every 0 ≤ j ≤ d − 1 we define Gj : {0, 1}(d+1)·log q → {0, 1}mext·m as follows: Given a seed
x ∈ {0, 1}(d+1) log q we interpret it as a pair (w, v) ∈ Fd

q × {0, 1}log q and define:

Gj(x) = g

((
Ahj

)0
· w, v

)
, . . . , g

((
Ahj

)m−1

· w, v
)
.

The final PRG G : {0, 1}(d+1)·d·log q → {0, 1}mext·m is defined as follows: Given a seed x =
(x0, . . . , xd−1) ∈ (Fd+1

q )d define:

G(x0, . . . , xd−1) =

d−1⊕
j=0

Gj(xj)

Note that by our choices, the seed length is (d+1) ·d · log q = a ·(mext+log(1/δ)), for some constant a that
depends only on β. Furthermore, G is computable in time poly(s) (where the exponent of the polynomial
in s is a universal constant times B

β ).

for nondeterministic circuits of size s, where G can be computed in time poly(s).

We define the function f : {0, 1}r+1 → {0, 1} by f(z) = 1 if and only if there exists x ∈ {0, 1}r
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such that z is a prefix of G(x). By construction f : {0, 1}O(log s) → {0, 1} can be computed in time
2r · poly(s) = poly(s). We claim that it cannot be computed by a size s nondeterministic circuit, as if
there were such a circuit D, it would follow that: Pr[D(G(Ur)) = 1] = 1 and Pr[D(Us) = 1] ≤ 1

2 ,
contradicting the correctness of the multiplicative PRG.

We stress that while this argument shows that the conclusion of Theorem 1.7 implies the hardness
assumption (when setting δ = 1

s ), if one were to state Theorem 1.7 only for δ = s−ω(1), then the
argument still works, but only shows that the function f can be computed in time poly(1δ ).

• The seed length is minimal up to a constant factor. This is because for every 1
2s ≤ δ ≤ 1

s , given a (1, δ)-
PRG G : {0, 1}r → {0, 1}s for size s nondeterministic circuits, we can consider the (deterministic)
circuit Dz0(z) that checks whether z = z0, for z0 = G(0r). By using nonuniformity to hardwire G(0r)
to Dz0 , D is a size s circuit. However, it is easy to see that if r = o(log 1

δ ), then D is not fooled by the
PRG. This is because Pr[D(Us) = 1] = 1

2s , and Pr[D(G(Ur)) = 1] = 1
2r , and we get that:

1

2r
= Pr[D(G(Ur)) = 1] ≤ e · Pr[D(Us) = 1] + δ =

1

2s
+ δ = O(δ),

which does not hold for r = o(log 1
δ ).

Remark 4.5 (Regarding the parameter choices in Figure 1). In Figure 1 we allow ourselves to write expres-
sions like ℓ = d log h, and assume that ℓ is an integer, ignoring ceilings or floors. We use this convention
throughout the paper. One place where more care should be made is when choosing q, h and d, and applying
Lemma 4.1. This is because Lemma 4.1 has “divisibility requirements” and requires that h is a power of 2,
q is a power of h, and d and logh q are relatively prime. We need to justify that we can meet these conditions
with the choices made in Figure 1.

Having pointed this out, we observe that this can be achieved with no difficulty, by insisting that h is a
power of 2, q = hc for c that is a power of 2, and choosing the constant d to be a power of 3. These choices
can increase d and h by at most a factor of 3, and may cause q to be squared. These changes are insignificant,
and using them, we meet the more intricate divisibility requirements of Lemma 4.1.

Another technicality that we ignore in Figure 1 is that the map ϕ cannot output the zero vector (and so
formally it is not a bijection from {0, 1}ℓ to Hd). It is however a bijection from

{
0, . . . , 2ℓ − 2

}
to Hd \ 0,

and so one element is “missing”. This can be solved by mapping 2ℓ − 1 to the zero vector, and treating it
separately. We ignore this technicality (which is immaterial in the argument).

The remainder of this section is devoted to the proof of Theorem 4.3.

4.2 Proof of Theorem 4.3

We now prove Theorem 4.3. The reader is referred to Section 2 for a high level overview of the proof.
Assume that G is not a PRG for nondeterministic circuits of size s with respect to m∼( 1

s
,δ). Our goal is to

contradict the hardness assumption, and construct a nondeterministic circuit B of size 2β·ℓ that computes f .
Throughout this proof we will consider a probability space with the following independently chosen

random variables
W ← Fd

q , V ← Fq, R← Umext .

Recall that G was defined by G(x0, . . . , xd−1) = G0(x0) ⊕ · · · ⊕ Gd−1(xd−1). We have that G is not a
PRG for nondeterministic circuits of size s with respect to m∼( 1

s
,δ). By Lemma 3.5 we conclude that for every

0 ≤ j ≤ d− 1, there exists a nondeterministic circuit D′j of size s+m ·mext = O(s), such that Gj is not a
PRG for D′j with respect to m∼( 1

s
,δ).
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4.2.1 Using a Multiplicative Hybrid Argument

We now use the multiplicative hybrid argument of Lemma 3.4 to get the following:

Claim 4.6. For every 0 ≤ j ≤ d − 1 there exists an index i∗j ∈ {0, . . . ,m− 1}, and a non-deterministic
circuit Dj : ({0, 1}mext)i

∗
j+1 → {0, 1} of size s+mext ·m = O(s) such that if we denote:

• Zj,i = (Gj(W,V ))i = g

((
Ahj

)i
·W,V

)
, (namely the i’th block of Gj(W,V )).

• p1,j = Pr[Dj(Zj,0, . . . , Zj,i∗j−1, R) = 1]

• p2,j = Pr[Dj(Zj,0, . . . , Zj,i∗j−1, Zj,i∗j
) = 1]

then for every 0 ≤ j ≤ d− 1, we have that p1,j
m
̸∼( 1

s·m , δ
3m

) p2,j .

Proof of claim 4.6. We have that for every 0 ≤ j < d, the distribution Gj(W,V ) = (Zj,0, . . . , Zj,m−1) is not
pseudorandom for D′j w.r.t. m∼( 1

s
,δ). This is precisely the setup considered in Lemma 3.4. More precisely, if

we consider additional independent variables

R0, . . . , Rm−1 ← {0, 1}mext ,

then, by Lemma 3.4 we conclude that for every 0 ≤ j ≤ d− 1, there exists an 0 ≤ i∗j ≤ m− 1 such that

Pr[D′j(Zj,0, . . . , Zj,i∗j−1, Ri∗j
, . . . , Rm−1) = 1]

m
̸∼(ϵ′,δ′) Pr[D

′
j(Zj,0, . . . , Zj,i∗j−1, Zj,i∗j

, Ri∗j+1, . . . , Rm−1) = 1],

where ϵ′ = 1
sm and δ′ = δ

3m .
For every 0 ≤ j ≤ d−1, we can think about D′j(x0, . . . , xd−1) as accepting two inputs a = (x0, . . . , xi∗j )

and b = (xi∗j+1, . . . , xm−1). We now plan to use Lemma 3.6. For this purpose, we define:

• W j
1 = (Zj,0, . . . , Zj,i∗j−1, R).

• W j
2 = (Zj,0, . . . , Zj,i∗j−1, Zj,i∗j

).

For every 0 ≤ j ≤ d− 1, we have that:

Pr[D′j(Zj,0, . . . , Zj,i∗j−1, Ri∗j
, . . . , Rm−1) = 1] = Pr[D′j(W

j
1 , (Ri∗j+1, . . . , Rm−1)) = 1].

Pr[D′j(Zj,0, . . . , Zj,i∗j−1, Zj,i∗j
, Ri∗j+1, . . . , Rm−1) = 1] = Pr[D′j(W

j
2 , (Ri∗j+1, . . . , Rm−1)) = 1]

and we can think of the second input (Ri∗j+1, . . . , Rm−1) as independent random coins tossed by D′j . By
Lemma 3.6 we conclude that for every j, there exists a fixing to Ri∗j+1, . . . , Rm−1 that preserves the distin-
guishing advantage, and setting Dj to be the circuit obtained from D′j by hardwiring this fixing, we get that
for every 0 ≤ j ≤ d− 1 there exists a nondeterministic circuit Dj of size O(s) such that:

Pr[Dj(Zj,0, . . . , Zj,i∗j−1, R) = 1]
m
̸∼(ϵ′,δ′) Pr[Dj(Zj,0, . . . , Zj,i∗j−1, Zj,i∗j

) = 1].
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4.2.2 Distinguishers That Rely On Previous Elements

Loosely speaking, Claim 4.6 says that for every 0 ≤ j ≤ d− 1, if we set W ′ =
(
Ahj

)i∗j ·W , then the circuit
Dj from Claim 4.6 distinguishes Zj,i∗j

= g(W ′, V ) from R, if it can be provided with the “previous elements”
Zj,0, . . . , Zj,i∗j−1. In the next definition we set up notation to refer to these previous elements as a function of
the “interesting element” W ′.

Definition 4.7 (Previous elements). Throughout the proof we will use the following notation:

• Given 0 ≤ i ≤ m− 1, 0 ≤ j < d, and w ∈ Fd
q we define:

Prvi,j(w) =
(
Ahj

)−i
· w.

• Given 0 ≤ j < d and w ∈ Fd
q , we define:

Prvj(w) = Prvm−1,j(w),Prvm−2,j(w), . . . ,Prv1,j(w).

• Given 0 ≤ j < d, w ∈ Fd
q , and v ∈ Fq we define:

Prvj(w, v) = g(Prvm−1,j(w), v), g(Prvm−2,j(w), v), . . . , g(Prv1,j(w), v).

This notation is set up so that we can restate Claim 4.6 in the following form:

Claim 4.8. For every 0 ≤ j ≤ d− 1 there exists a non-deterministic circuit Dj of size O(s) such that:

• p1,j = Pr[Dj(Prvj(W,V ), R) = 1].

• p2,j = Pr[Dj(Prvj(W,V ), g(W,V )) = 1].

• p1,j
m
̸∼( 1

s·m , δ
3m

) p2,j .

We remark that in Claim 4.8, for every j, the circuit Dj receives m− 1 inputs in Prvj(W,V ), and not just
i∗j − 1 as in Claim 4.6. This is because the circuit Dj can ignore the m− i∗j inputs that it doesn’t use.

4.2.3 The “Basic Probability Space” and Interleaved Curves

We need the following definition of a degree r curve.

Definition 4.9 (Degree r curve passing through given r+1 points). For distinct r+1 elements t0, . . . , tr ∈ Fq

and (not necessarily distinct) y0, . . . , yr ∈ Fd
q we define C t0,...,tr

y0,...,yr

: Fq → Fd
q to be the unique degree r

polynomial such that for every 0 ≤ i ≤ r, C t0,...,tr
y0,...,yr

(ti) = yi.

We now introduce a probability space which we will refer to as “the basic probability space”. The purpose
of this probability space is to select two random low degree curves C1, C2, so that later, we will be able to
use the probabilistic method to argue that there exist two low degree curves C1, C2 with some very specific
properties.

This argument imitates a similar argument from [SU05]. However, as mentioned in Section 2.3 the prob-
ability space that we consider here is slightly different than that used in [SU05]. See Remark 4.12 for details.
The random experiment of the basic probability space is defined below.
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Definition 4.10 (The basic probability space). Let r = cr ·d = cr·c0
β for a sufficiently large universal constant

cr that will be chosen later in the proof and note that q − 1 ≥ (d + 1) · r. We define the basic probability
space as follows. Let:

t
(0)
1 , . . . , t(0)r , t

(1)
1 , . . . , t(1)r , . . . , t

(d)
1 , . . . , t(d)r ←

distinct
Fq \ {0}

be distinct elements chosen randomly, and let

y
(0)
1 , . . . , y(0)r , y

(1)
1 , . . . , y(1)r , . . . , y

(d)
1 , . . . , y(d)r ← Fd

q

be chosen uniformly and independently at random.

We give some intuition for the choice of the basic probabiluty space. The selection of the random variables

t
(0)
1 , . . . , t(0)r , t

(1)
1 , . . . , t(1)r , . . . , t

(d)
1 , . . . , t(d)r

and
y
(0)
1 , . . . , y(0)r , y

(1)
1 , . . . , y(1)r , . . . , y

(d)
1 , . . . , y(d)r

above will be used to define two curves C1, C2 of degree r′ = (d+ 1) · r. As in [SU05] these curves will be
“interleaved”. This formally means that the two curves C1, C2 will intersect in a very specific way.

Definition 4.11 (Interleaved curves).

• For every j ∈ {0, . . . , d},

Aj =

{
I if j = 0

Ahj−1
if 1 ≤ j ≤ d

• For all k ∈ [r], j ∈ {0, . . . , d}, and u ∈ {1, 2}, define

y
(j,u)
k =

{
y
(j)
k if u = 1

Ajy
(j)
k if u = 2

For every u ∈ {1, 2}, define the degree r′ := (d+ 1) · r curve:

Cu = C
0, t

(0)
1 , . . . , t

(0)
r , . . . , t

(d)
1 . . . , t

(d)
r

w0, y
(0,u)
1 , . . . , y

(0,u)
r , . . . , y

(d,u)
1 . . . , y

(d,u)
r

Remark 4.12. In [SU05] each of the individual curves C1, C2 is distributed like a uniform low degree curve
(with careful correlations between them). In definition 4.11 each individual curves C1, C2 is not uniform.
More specifically, we insist that each individual curve passes through w0 for t = 0. This will be crucial in our
application. Loosely speaking, this enables us to reduce the size of the circuit that computes f from depending
on q to depending on h. This is crucial in our application where q is much larger than h.

The two curves C1, C2 are arranged so that they have the following properties:

Claim 4.13 (Curves are interleaved). For every 0 ≤ j < d, and every k ∈ [r]:

• C1(t
(0)
k ) = C2(t

(0)
k ).

• C1(t
(j+1)
k ) = A−h

j · C2(t
(j+1)
k ).
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At a high level, Claim 4.13 says that C1 and C2 agree on r points. Similarly for every 0 < j < d, if we
shift the curve C2 (by multiplying it with the regular matrix A−h

j
, then the two curves agree on r points.

We will be interested not only in the “original curves” Ci, C2 but also by curves obtained by “shifting”
each individual curve by an “offset” i. More specifically, note that as A is a regular matrix, for every i, Ai ·C
is also a degree r′ curve.

Definition 4.14 (Shifting the curves). For every 0 ≤ i ≤ hd − 1, 1 ≤ j ≤ d, k ∈ [r], and u ∈ {1, 2} denote:

• y
(i,j,u)
k = Ai · y(j,u)k .

• Cu
i = Ai · Cu.

Using the fact that A is a regular matrix, we immediately conclude that for every 0 ≤ i ≤ hd − 1,
C1
i , C

2
i : Fq → Fd

q are degree r′ polynomials. Furthermore, the curves C1
i , C

2
i are “interleaved” in the same

sense, as the original curves.

Claim 4.15 (Shifted curves are interleaved). For every 0 ≤ i ≤ hd − 1, every 0 ≤ j < d, and every k ∈ [r]:

• C1
i (t

(0)
k ) = C2

i (t
(0)
k ).

• C1
i (t

(j+1)
k ) = A−h

j · C2
i (t

(j+1)
k ).

We will also rely on the following properties of the selection of the curve in the basic probability space.

Lemma 4.16 (Sampling). For every i ∈ {0, . . . , hd − 1}, and u ∈ {1, 2}, the degree r′ random curve Cu
i is

uniformly distributed over the family of all degree r′ curves passing through (0, w0). Consequently, the q − 1
random variables

(
Cu
i (t)

)
t∈Fq\{0} are r′-wise independent.

Lemma 4.17 (Independence from interpolation locations). For every i ∈ {0, . . . , hd−1}, and u ∈ {1, 2}, the
random curve Cu

i is independent of the interpolation points
(
t
(j)
k

)
0≤j≤d, 1≤k≤r. In particular, conditioning on

any value of the polynomial Cu
i , the “interpolation locations”

(
t
(j)
k

)
0≤j≤d, 1≤k≤r are distributed like (d+1)·r

random distinct elements in Fq \ {0}.

Proof of Lemma 4.16 and Lemma 4.17. We prove both lemmas simultaneously. We start by proving Lemma
4.17. It is sufficient to show that for every i ∈

{
0, . . . , hd − 1

}
and u ∈ {1, 2}, we have that for every fixing

of
(
t
(j)
k

)
0≤j≤d, 1≤k≤r, the curve Cu

i is uniformly distributed over degree r′ curves that pass through the point
(0, w0).

We begin by noting that for a random variable y ← Fd
q , an invertible matrix A ∈ Fd×d

q and an integer i,
Aiy is uniformly distributed as Ai is invertible. This means that for every i ∈

{
0, . . . , hd − 1

}
and u ∈ {1, 2},

we can imagine that for fixed choice of distinct interpolation points t1, . . . , tr′ , the curve Cu
i was chosen by

Cu
i = C 0,t1,...,tr′

w0,y1,...,yr′

where y1, . . . , yr′ ← Fd
q .

Fix some i ∈
{
0, . . . , hd − 1

}
and u ∈ {1, 2}, the curve Cu

i : Fq → Fd
q can be thought of as d polynomials

C0, . . . , Cj−1 : Fq → Fq, so that for every t ∈ Fq, Cu
i (t) = (C0(t), . . . , Cd−1(t)).

We have that Cu
i (0) = w0 which gives that for every 0 ≤ j ≤ d− 1, Cj(0) is fixed. Hence, it suffices to

prove that for every j, the remaining r′ coefficients are i.i.d. over Fq.
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For every 0 ≤ j ≤ d−1, we denote Cj(t) =
∑

0≤k≤r′ a
(j)
k tk, where ∀k : a

(j)
k ∈ Fq and yk = (y

(j)
k )k∈[r′].

Note that we have already seen that for every j, a(j)0 = Cj(0) = w
(j)
0 . It follows that:

0 0 · · · 1

tr
′

1 tr
′−1

1 · · · 1
...

...
. . .

...
tr

′
r′ tr

′−1
r′ · · · 1




a
(j)
r′

a
(j)
r′−1
...

a
(j)
0

 =


w

(j)
0

y
(j)
1
...

y
(j)
r′


Where the first row corresponds to t0 = 0. The matrix on the left-hand side is a Vandermonde matrix
V0,t1,...,tr′ , and therefore invertible, thus:

a
(j)
r′

a
(j)
r′−1
...

w
(j)
0

 = (V0,t1,...,tr′ )
−1 ·


w

(j)
0

y
(j)
1
...

y
(j)
r′


As w0 is fixed, there is a bijective map between the values (a(j)k )k∈[r′] and (y

(j)
k )k∈[r′] for all j ∈ [d], and over-

all a bijective map between (yk)k∈[r′] and (a
(j)
k )k∈[r′],j∈[d] which means Cu

i is uniformly distributed among
all degree r′ curves passing through (0, w0).

We now prove Lemma 4.16. To prove that (Cu
i (t))t∈Fq\{0} is r′-wise independent, we will show that

for any t′1, . . . , t
′
r′ ∈ Fq, the random variable (Cu

i (t
′
k))k∈[r′] is uniformly distributed. In fact, we show the

stronger statement that this random variable is uniformly distributed even for fixed t1, . . . , tr′ .
Note that if we add t′0 = 0, for every 0 ≤ j ≤ d− 1, we have that:

V0,t′1,...,t′r′ · (a
(j)
k )0≤k≤r′ = (Cj(t

′
k))0≤k≤n′

We have seen that even for fixed t1, . . . , tr′ , we have that (a(j)k )k∈[r′] are random and independent elements,

V0,t′1,...,t′r′ is a bijection between (a
(j)
k )0≤k≤r′ and (Cu

i (t
′
k))0≤k≤r′ , and a

(j)
0 , Cu

i (0) are fixed, hence there is

a bijection between (a
(j)
k )k∈[r′] and (Cj(t

′
k))k∈[r′], and overall we have a bijection between (a

(j)
k )k∈[r′],j∈[d]

and
(
Cj(t

′
k)j∈[d]

)
k∈[r′] = (Cu

i (t
′
k))k∈[r′]. It follows that (Cu

i (t
′
k))k∈[r′] is uniformly distributed.

4.2.4 A Property That Identifies The Correct Polynomial

We start with the following definition.

Definition 4.18.

• For every 0 ≤ j ≤ d− 1, we define γ1,j = p1,j + 4ϵ and γ2,j = p2,j − ϵ

• For every 0 ≤ j ≤ d− 1, and every u ∈ {1, 2}, we define j′ = j′(j, u), defined by

j′ =

{
0 if u = 2

j + 1 if u = 1

Claim 4.19. For every 0 ≤ j ≤ d− 1, γ2,j > e
1
4s · γ1,j .
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Proof. Let η = 1
s·m and δ′ = δ

3m . Recall that

pj,2 > eη · pj,1 + δ′ > max(δ′, eη · pj,1).

Recall that in Figure 1 we defined ϵ = δ
cϵ·s·3m2 , for a sufficiently large constant cϵ that we are allowed to

choose. We have that

ϵ =
δ

cϵ · s · 3m2
=

δ′η

cϵ
≤ pj,2 · η

cϵ
.

Using that ∀x ∈ [0, 1], 1 + x ≤ ex ≤ 1 + 3x and 1− x ≤ e−x ≤ 1− x/3, we get:

γ2,j
γ1,j

=
pj,2 − ϵ

pj,1 + 4ϵ
>

pj,2 − pj,2η
cϵ

pj,2 · e−η + 4pj,2η
cϵ

=
pj,2 · (1− η

cϵ
)

pj,2 · (e−η + 4η
cϵ
)
≥ e−

3η
cϵ

1− η
3 + 4η

cϵ

≥ e−
3η
cϵ

e−(
η
3
− 4η

cϵ
)
= e

η
3
− 4η

cϵ
− 3η

cϵ > e
η
4 .

for cϵ ≥ 100.

Recall that throughout the proof we consider a probability space with the following independently chosen
random variables

W ← Fd
q , V ← Fq, R← Umext .

We will now add an additional independent random variable T ← Fq \ {0}.
The next claim shows that there exists a fixing of the randomness in the basic probability space, such that

for every 0 ≤ j ≤ d− 1, every u ∈ {1, 2}, and every i ∈ {0, . . . , hd− 1} the distinguishing circuit Dj can be
used to specify a property that distinguishes the “correct polynomial” p̂ui = f̂ ◦Cu

i from any other degree ĥ ·r′

polynomial p such that for every k ∈ [r], p(t(j
′)

k ) = f̂(y
(i,j′,u)
k ). Here j′ = j′(j, u) is the function defined in

Definition 4.18. Loosely speaking, as is the case in [SU05], the “reference points” in which we require p and
p̂ui to agree on, are exactly the points in which the two curves are interleaved. The precise statement appears
below.

Claim 4.20 (Existence of good curves). There exist distinct

t
(0)
1 , . . . , t(0)r , t

(1)
1 , . . . , t(1)r , . . . , t

(d)
1 , . . . , t(d)r ∈ Fq \ {0}

and
y
(0)
1 , . . . , y(0)r , y

(1)
1 , . . . , y(1)r , . . . , y

(d)
1 , . . . , y(d)r ∈ Fd

q

such that for every 0 ≤ j ≤ d− 1, every u ∈ {1, 2}, and every i ∈ {0, . . . , hd − 1}, the following holds.

The correct polynomial passes: For the degree ĥ · r′ polynomial p̂ui : Fq → Fq defined by p̂ui = f̂ ◦ Cu
i , we

have that for every k ∈ [r], p̂ui (t
(j′)
k ) = f̂(y

(i,j′,u)
k ), p̂ui (0) = f̂(Ai · w0), and

Pr[Dj(Prvj(C
u
i (T ), V ),SExt(p̂ui (T ), V )) = 1] ≥ γ2,j .

No incorrect polynomial passes: For every degree ĥ · r′ polynomial p : Fq → Fq such that p ̸= p̂ui , that
satisfies that for every k ∈ [r], p(t(j

′)
k ) = f̂(y

(i,j′,u)
k ), we have that

Pr[Dj(Prvj(C
u
i (T ), V ),SExt(p(T ), V )) = 1] ≤ γ1,j .

We show that good curves exist, by using the probabilistic method over the basic probability space. More
specifically, Claim 4.21 that appears below, states that for every 0 ≤ j ≤ d − 1, every u ∈ {1, 2}, and every
i ∈ {0, . . . , hd−1}, the two properties stated in Claim 4.20 hold over the choice of random interleaved curves
in the basic probability space, with probability 1− 1

5qd
. This means that Claim 4.20 follows from Claim 4.21
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below, using a union bound over all choices of 0 ≤ j ≤ d − 1, u ∈ {1, 2}, and i ∈ {0, . . . , hd − 1}. This
indeed follows as

(d+ 1) · 2 · hd · 1

5qd
< 1,

which follows because d is constant,

q =
2mext

δcq
≥ 1

δcq
≥ scq = hcq ,

using the requirement that δ ≤ 1
s , and we can choose the constant cq to be sufficiently large.

4.2.5 Analyzing The Property in the Basic Probability Space

As explained above, Claim 4.20 will follow from the next claim (that analyzes the same property over a
random choice in the basic probability space).

Claim 4.21. For every 0 ≤ j ≤ d− 1, every u ∈ {1, 2}, and every i ∈ {0, . . . , hd − 1}, we have that except
with probability at most 1

5qd
over the basic probability space, the following holds.

The correct polynomial passes: For the degree ĥ · r′ polynomial p̂ui : Fq → Fq defined by p̂ui = f̂ ◦ Cu
i , we

have that for every k ∈ [r], p̂ui (t
(j′)
k ) = f̂(y

(i,j′,u)
k ), p̂ui (0) = f̂(Ai · w0), and

Pr[Dj(Prvj(C
u
i (T ), V ),SExt(p̂ui (T ), V )) = 1] ≥ γ2,j .

No incorrect polynomial passes: For every degree ĥ · r′ polynomial p : Fq → Fq such that p ̸= p̂ui , that
satisfies that for every k ∈ [r], p(t(j

′)
k ) = f̂(y

(i,j′,u)
k ), we have that

Pr[Dj(Prvj(C
u
i (T ), V ),SExt(p(T ), V )) = 1] ≤ γ1,j .

Proof of Claim 4.21. By Claim 4.8, for every 0 ≤ j ≤ d − 1 there exists a non-deterministic circuit Dj of
size O(s) such that:

• p1,j = Pr[Dj(Prvj(W,V ), R) = 1].

• p2,j = Pr[Dj(Prvj(W,V ), SExt(f̂(W ), V )) = 1].

By a standard application of an r-wise independent tail inequality [BR94] we get that for every i ∈{
0, . . . , hd − 1

}
and j ∈ {0, . . . , d− 1}, the values p1,j and p2,j (which are probabilities over the choice

W ← Fd
q) are approximated by values pui,1,j , p

u
i,2,j (which are defined below by replacing W with Cu

i (T ) for
T ← Fq \ {0}). This is stated formally in the next claim.

Claim 4.22 (Sampling preserves p1,j and p2,j). For every i ∈
{
0, . . . , hd − 1

}
, j ∈ {0, . . . , d− 1} and

u ∈ {1, 2}, except for probability 1
10qd

over the basic probability space we have that:

• pui,1,j = Pr[Dj(Prvj(C
u
i (T ), V ), R) = 1] ≤ p1,j + ϵ, and

• pui,2,j = Pr[Dj(Prvj(C
u
i (T ), V ),SExt(f̂(Cu

i (T )), V )) = 1] ≥ p2,j − ϵ = γ2,j > γ1,j .

The proof of Claim 4.22 follows by a straightforward application of the r-wise independent tail inequality
of [BR94] (stated in Theorem 3.13).

Proof of Claim 4.22. For every j ∈ {0, . . . , d− 1}, we have that:

• p1,j = Pr[Dj(Prvj(W,V ), R) = 1]
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• p2,j = Pr[Dj(Prvj(W,V ), SExt(f̂(W ), V )) = 1]

Define v1(w) = Pr[Dj(Prvj(w, V )), R) = 1] and v2(w) = Pr[Dj(Prvj(w, V )),SExt(f̂(w), V )) = 1], so
that p1,j = Ew←Fd

q
[v1(w)] and p2,j = Ew←Fd

q
[v2(w)]. Recall that we are considering the basic probability

space under which the conditions of Lemmas 4.16 and 4.17 are satisfied for the random curve Cv
i .

For every t ∈ Fq \ {0}, every i ∈
{
0, . . . , hd − 1

}
and every u ∈ {1, 2} we define the random variable

Ru
t,i = Cu

i (t). By Lemma 4.16, we have that for every i ∈
{
0, . . . , hd − 1

}
and every v ∈ {1, 2}, the

random variables (Rv
t,i)t∈Fq\{0} are r′-wise independent according to and in particular r-wise independent.

This means that we can apply the r-wise tail inequality from Theorem 3.13 to argue that for every i ∈{
0, . . . , hd − 1

}
and every v ∈ {1, 2}, p1,j and p2,j are with high probability approximated by pui,1,j and

pui,2,j . More specifically, for every i ∈
{
0, . . . , hd − 1

}
and every v ∈ {1, 2}, Theorem 3.13 implies the

probability that |p1,j − pui,1,j | > ϵ is at most

8 ·
(

2r

ϵ2(q − 1)

)r/2

≤ 1

20qd

where the last inequality follows because we can choose the constants cr, cq in the definition of r = cr · d
and q = 2mext

δcq to be sufficiently large so that 2r
ϵ2·(q−1) ≤

1√
q and r ≥ 10d. The same reasoning gives that

the probability that |p2 − px,2| > ϵ is at most 1
20qd

, and the claim follows by a union bound over these two
events.

We continue with the proof of Claim 4.21. Fix some i ∈ {0, . . . , hd − 1}, j ∈ {0, . . . , d− 1} and u ∈
{1, 2}. By Claim 4.22 with probability 1− 1

10qd
over the basic probability space, we have that pui,1,j ≤ p1,j+ϵ

and pui,2,j ≥ p2,j − ϵ. Fix some specific choice of fixing (t
(e)
k )k∈[r],e∈{0,...,d} and (y

(e)
k )k∈[r],e∈{0,...,d} for the

basic probability space which satisfies this condition. This fixing is done so that Cu
i (which is determined by

(t
(e)
k )k∈[r],e∈{0,...,d} and (y

(e)
k )k∈[r],e∈{0,...,d}) is fixed to a specific polynomial. We define:

Listuj,i =
{
p : Fq → Fq

∣∣∣ p is a degree ĥ · r′ polynomial, and Pr[Dj(Prvj(C
u
i (T ), V ),SExt(p(T ), V )) = 1] > γ1,j

}
We have seen that p̂ui = f̂ ◦ Cu

i ∈ Listuj,i. For every polynomial p ∈ Listuj,i we have that:

Pr[Dj(Prvj(C
u
i (T ), V ),SExt(p(T ), V )) = 1]− Pr[Dj(Prvj(C

u
i (T ), V ), R) = 1]

> γ1,j − pui,1,j > (p1,j + 4ϵ)− (p1,j + ϵ) = 3ϵ.

As T is uniform over Fq \ {0} and independent of (V,R), by an averaging argument, it follows that there
exist a subset V u

j,i,p ⊆ Fq \ {0} of size ϵ(q − 1) such that for every t ∈ V u
j,i,p, if we denote wt = Cu

i (t) we
have that:

Pr[Dj(Prvj(wt, V ), SExt(p(t), V )) = 1]− Pr[Dj(Prvj(wt, V ), R) = 1] > 2ϵ.

For every t ∈ Fq \ {0} we define:

Listuj,i,t = {a ∈ Fq : Pr[Dj(Prvj(wt, V ), SExt(a, V )) = 1]− Pr[Dj(Prvj(wt, V ), R) = 1] > ϵ} ,

so that for t ∈ V u
j,i,p, we have that p(t) ∈ Listuj,i,t.

As SExt is a (k, ϵ)-strong extractor for k = mext + 2 log(1/ϵ), we have that for every t ∈ Fq \ {0},
|Listuj,i,t| ≤ 2k (as otherwise the uniform distribution on Listuj,i,t violates the guarantee of strong extractors
(see Definition 3.7) with respect to the distinguisher Dj,t(y, z) = Dj(Prvj(wt, y), z)).

We now have the setup of the celebrated Reed-Solomon list-decoding algorithm of Sudan [Sud97] (stated
formally in Theorem 3.10). More precisely, there are prs = (q − 1) · 2k points (namely, all pairs (t, y) for
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t ∈ Fq \ {0} and y ∈ Listuj,i,t) such that every degree deg = ĥ · r′ polynomial p ∈ Listuj,i, passes through

agr = ϵ · (q − 1) of the points. By Sudan’s theorem, if agr >
√
2 · prs · deg then |Listuj,i| ≤

2prs
agr = 2·2k

ϵ =
2mext+1

ϵ3
.16 The requirement that agr >

√
2 · prs · deg translates to

q − 1 >
2 · 2k · ĥ · r′

ϵ2
=

2 · 2mext · ĥ · (d+ 1) · r
ϵ4

.

Recall that ĥ = h · d ≤ s2, r ≤ s, ϵ = δ
cϵ·s·m2 , and we have that m, s ≤ 1

δ . We can choose the constant cq to
be sufficiently large so that q = 2mext

δcq satisfies the requirement.

Using that the “interpolation points” and Cu
i are independent to trim the list. For every i ∈

{
0, . . . , hd − 1

}
,

j ∈ {0, . . . , d− 1} and u ∈ {1, 2}, in the basic probability space (namely, when choosing (t
(e)
k )k∈[r],e∈{0,...,d}

and (y
(e)
k )k∈[r],e∈{0,...,d}), the quantities pui,1,j , p

u
i,2,j , and the set Listuj,i are random variables that depend on

the choice of (t(e)k )k∈[r],e∈{0,...,d} and (y
(e)
k )k∈[r],e∈{0,...,d} in the basic probability space.

A crucial observation is that the random variables pui,1,j , p
u
i,2,j and Listuj,i, depend only on the “shape” of

the curve Cu
i . More formally, pui,1,j , p

u
i,2,j and Listuj,i are determined by the set {(t, Cu

i (t)) : t ∈ Fq} which is
determined by the polynomial Cu

i . However, by lemma 4.17, for every specific fixing of the polynomial Cu
i ,

every choice of distinct values for (t(e)k )k∈[r],e∈{0,...,d} ∈ Fq \ {0} is still possible, and equally likely. This

gives that the random variable Cu
i is independent of the random variable (t

(e)
k )k∈[r],e∈{0,...,d}.

Consider conditioning the probability space of choosing (t
(e)
k )k∈[r],e∈{0,...,d} and (y

(e)
k )k∈[r],e∈{0,...,d}, on

a specific fixing of Cu
i , such that pui,1,j ≤ pj,1 + ϵ and pui,2,j ≥ pj,2 − ϵ, so that by the previous discussion,

|Listuj,i| ≤ 2mext+1

ϵ3
.

By Claim 4.22 such a fixing occurs with probability 1 − 1
10qd

. We’ve seen that having conditioned on

a specific choice of Cu
i , the set Listuj,x,i is fixed, and yet (t(k)i′ )i′∈[r],k∈{0,...,d} are distributed like r′ random

distinct values in Fq \ {0}. Recall that j′ = j′(j, u) defined in Definition 4.18 is defined by

j′ =

{
0 if u = 2.

j + 1 if u = 1.

Therefore, t(j
′)

1 , . . . , t
(j′)
r are distributed like r random distinct values in Fq \ {0}. We also have that p̂ui ∈

Listuj,i, and that for every k ∈ [r], p̂ui (t
(j′)
k ) = f̂(Cu

i (t
(j′)
k )) = f̂(y

(j′)
k ). We also have that:

p̂ui (0) = f̂(Cu
i (0)) = f̂(Ai · Cu(0)) = f̂(Ai · w0).

Every p ∈ Listuj,i that is different from p̂ui agrees with p̂ui in at most ĥ · r′ elements. Therefore, the

probability (in this conditioned probability space) that p and p̂ui agree on the (still random) t(j
′)

1 , . . . , t
(j′)
r is

at most
(

ĥ·r′
q−1

)r
. We will do a union bound against all p ∈ Listuj,i such that p ̸= p̂ui , and there are at most

|Listuj,i| ≤ 2mext+1

ϵ3
such polynomials. We obtain that the probability that there exists p ∈ Listuj,i such that

p ̸= p̂ui , and yet for every k ∈ [r], p(t(j
′)

k ) = p̂ui (t
(j′)
k ), is at most

2mext+1

ϵ3
·

(
ĥ · r′

q − 1

)r

≤ 2mext+1 · c3ϵ
δ8

·
(

2

δ3 · q

)cr·d
≤ 2mext+1 · c3ϵ

δ6
·
(

δ

2mext

)cr·d
≤ 1

10qd
,

16Note that here (similar to [TV00, BGDM23, Sha25] and in contrast to [STV01]) we only use combinatorial list-decoding, and do
not rely on the efficiency of Sudan’s algorithm, and we could have used a combinatorial list-decoding result like the Johnson bound.
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where the inequalities above follow because ϵ = δ
cϵ·s·m2 , δ ≤ 1

s , ĥ · r′ = hdr′ = (d+1) ·s · cr ·d2 ≤ s3 ≤ 1
δ3

,
m ≤ s, and then we can take cq ≥ 5, so that for q = 2mext

δcq , we have that 2
δ3·q ≤

δ
2mext . The final inequality

follows for a sufficiently large constant cr.
Overall, we have that except for probability 1

10qd
+ 1

10qd
= 1

5qd
over the choice from the basic probability

space, we have that:
Pr[Dj(Prvj(C

u
i (T ), V ),SExt(p̂ui (T ), V )) = 1] ≥ γ2,j .

and for every degree ĥ ·r′ polynomial p ̸= p̂ui such that Pr[Dj(Prvj(C
u
i (T ), V ),SExt(p(T ), V )) = 1] > γ1,j ,

there exist k ∈ [r] such that p(t(j
′)

k ) ̸= p̂ui (t
(j′)
k ) = f̂(y

(j′)
k ), and this completes the proof of Claim 4.21.

4.2.6 The Procedure “Test Next Curve”

We now introduce a nondeterministic procedure that will serve as a subroutine in the final non-deterministic
circuit B of size poly(s), which will be designed to break the function f . The goal of this procedure is to
test whether a given polynomial p : Fq → Fq is equal to p̂ui = f̂ ◦ Cu

i . The procedure will be based on the
properties guaranteed in Claim 4.20.

We will use the fixed choices of the basic probability space that are guaranteed in Claim 4.20. More
specifically, We fix distinct elements

t
(0)
1 , . . . , t(0)r , t

(1)
1 , . . . , t(1)r , . . . , t

(d)
1 , . . . , t(d)r ∈ Fq \ {0}

and elements
y
(0)
1 , . . . , y(0)r , y

(1)
1 , . . . , y(1)r , . . . , y

(d)
1 , . . . , y(d)r ∈ Fd

q

that are guaranteed in Claim 4.20. Loosely speaking, by Claim 4.20 we are guaranteed that for every
i ∈

{
0, . . . , hd − 1

}
, every j ∈ {0, . . . , d− 1} and every u ∈ {1, 2}, Cu

i is a ”good curve” on which
the conclusion of Claim 4.20 applies. The precise description of the procedure TEST NEXT CURVE appears
in Figure 2.

4.2.7 Analyzing the Procedure ”Test Next Curve”

We want to show that the procedure TEST NEXT CURVE indeed performs the intended action, as explained
in Figure 2. We start with the following claim, which explains the role of the circuit Du

i,j in relation to
Claim 4.20.

Claim 4.23. For every i ∈ {0, . . . , hd − 1}, every j ∈ {0, . . . , d − 1}, every u ∈ {1, 2}, every polynomial
p : Fq → Fq of degree at most ĥ · r′, and every collection of polynomials o1, . . . , om−1 : Fq → Fq of degree
at most ĥ · r′:

• The circuit Du
i,j is a nondeterministic circuit of size poly(s, d).

• If o1, . . . , om−1 are the intended polynomials, namely if o1 = f̂ ◦Cu
i−(m−1)hj , . . . , om−1 = f̂ ◦Cu

i−hj ,
then,

Du
i,j(t, v) = Dj(Prvj(C

u
i (t), v),SExt(p(t), v))

Proof of Claim 4.23. The circuit Du
i,j operates as follows. On input (t, v), it first computes the values

SExt(o1(t), v), . . . , SExt(om−1(t), v),SExt(p(t), v). Since SExt takes inputs of length log q = poly(s), it fol-
lows from Theorem 3.8 that SExt can be computed by a circuit of size poly(s). The polynomials o1, . . . , om−1
are of degree ĥ · r′ = poly(s, d), and so, evaluating them at a given point takes time poly(s, d). The circuit
Du

i,j then feeds these values as input to the circuit Dj(SExt(o1(t), v), . . . , SExt(om−1(t), v),SExt(p(t), v)),
which itself has size poly(s). Therefore, the overall circuit Du

i,j has size poly(s, d).
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Figure 2: Procedure TEST NEXT CURVEu
i,j

The procedure TEST NEXT CURVE is defined as follows:

Non-uniformity: TEST NEXT CURVE will be hardwired with the following “non-uniform” advice.

• Distinct elements t(0)1 , . . . , t
(0)
r , t

(1)
1 , . . . , t

(1)
r , . . . , t

(d)
1 , . . . , t

(d)
r ∈ Fq \{0}whose existence is guaranteed

by Claim 4.20.
• Probabilities (γ1,j)j∈{0,...,d−1}, (γ2,j)j∈{0,...,d−1} from Definition 4.18.
• Circuits (Dj)j∈{0,...,d−1}.

Parameters: TEST NEXT CURVE will receive the following parameters.

• Offset i: an integer in [0, . . . , hd − 1]

• Stride j: an integer in [0, . . . , d− 1]

• curve type u ∈ {1, 2}

Input: TEST NEXT CURVE will receive the following inputs.

• m− 1 degree ĥ · r′ polynomials o1, . . . , om−1 : Fq → Fq represented by their coefficients. Note that by our
choice of parameters ĥr′ = poly(s) for some fixed polynomial that does not depend on d.
We will refer to o1, . . . , om−1 as ”previous polynomials”, and their intended values are the polynomials:
f̂ ◦ Cu

i−(m−1)·hj , . . . , f̂ ◦ Cu
i−1·hj .

• α1, . . . , αr ∈ Fq which we will refer to as “reference points” and are intended to be the values
f̂(y

(i,j′,u)
1 ), . . . , f̂(y

(i,j′,u)
r ). Here j′ = j′(j, u) is the function from Definition 4.18.

• A polynomial p : Fq → Fq of degree ĥr′ which we will refer to as the “tested polynomial”.
Loosely speaking, when provided with the intended previous polynomials, and intended reference points,
the goal of the procedure is to test whether the tested polynomial is the intended value f̂ ◦ Cu

i .

Action: Given parameters i, j, u and inputs (o1, . . . , om−1), (α1, . . . , αr) and p, the procedure
TEST NEXT CURVEu

i,j(o1, . . . , om−1;α1, . . . , αr; p) is defined as follows:

• Verify that for every k ∈ [r], p(t(j
′)

k ) = αk.
• Construct the nondeterministic circuit:

Du
i,j(t, v) = Dj (SExt(o1(t), v), . . . , SExt(om−1(t), v),SExt(p(t), v))

We will argue below that this circuit is of size poly(s, d).
• We will now use Theorem 3.12, taking λ = 1

s on input (Du
i,j , γ2,j). For these choices, Theorem 3.12 gives

a nondeterministic circuit A of size poly(s, d) that solves the promise problem NondetLargeλ on these
inputs, and distinguishes the case where Pr[Du

i,j(T, V ) = 1] ≥ γ2,j from the case Pr[Du
i,j(T, V ) = 1] ≤

γ2,j · e−
1
s . By Claim 4.19 we have that γ1,j < γ2,j · e−

1
s , implying that A distinguishes the case where

Pr[Du
i,j(T, V ) = 1] ≥ γ2,j from the case Pr[Du

i,j(T, V ) = 1] ≤ γ1,j . The procedure TEST NEXT CURVE
which is allowed to be nonuniform and nondeterministic will use A to distinguish between these two cases
and check if A(Du

i,j , γ2,j) = 1.
• If all verification steps pass, then the procedure outputs 1.

Complexity: We will argue below that for every i, j, u, the procedure TEST NEXT CURVEu
i,j can be implemented by a

nondeterministic circuit of size poly(s, d).

For the second item, recall that

Prvj(C
u
i (t), v) = SExt(f̂ ◦

(
Ahj

)−(m−1)
· Cu

i (t), v), . . . , SExt(f̂ ◦
(
Ahj

)−1
Cu
i (t), v)
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and for every i′ ∈ [m− 1],
(
Ahj

)i′
· Cu

i = Cu
i−i′·hj , hence

Prvj(C
u
i (t), v) = SExt(f̂ ◦ Cu

i−(m−1)hj , v), . . . , SExt(f̂ ◦ Cu
i−hj , v)

and if o1 = f̂ ◦ Cu
i−(m−1)hj , . . . , om−1 = f̂ ◦ Cu

i−hj then

Du
i,j(t, v) = Dj(Prvj(C

u
i (t), v), SExt(p(t), v))

In the next claim, we show that the procedure TEST NEXT CURVEu
i,j acts as intended. More specifically

that it is a size poly(s, d) nondeterministic circuit such that when supplied with the intended previous polyno-
mials and reference points, it accepts a given tested polynomial p if and only if it is the intended polynomial
p̂ui = f̂ ◦ Cu

i . Loosely speaking, Claim 4.20 was specifically set up to guarantee the correctness of the
procedure.

Claim 4.24 (Correctness of TEST NEXT CURVE). For every i ∈
{
0, . . . , hd − 1

}
, every j ∈ {0, . . . , d− 1}

and every u ∈ {1, 2}:

• TEST NEXT CURVEu
i,j can be simulated by a nondeterministic circuit of size poly(s, d).

• Let
o1 = f̂ ◦ Cu

i−(m−1)hj , . . . , om−1 = f̂ ◦ Cu
i−hj

and let
α1 = f̂(y

(i,j′,u)
1 ), . . . , αr = f̂(y(i,j

′,u)
r )

be the intended values for the previous polynomials and reference points, then for every polynomial
p : Fq → Fq of degree at most ĥ · r′:

TEST NEXT CURVEu
i,j(o1, . . . , om−1, α1, . . . , αr, p) =

{
1 if p = f̂ ◦ Cu

i

0 if p ̸= f̂ ◦ Cu
i

Proof of Claim 4.24. The procedure TEST NEXT CURVEu
i,j constructs a nondeterministic circuit Du

i,j(t, v)
of size poly(s, d). It then invokes the nondeterministic circuit A from Theorem 3.12, which solves the promise
problem NondetLarges, on the input (Du

i,j , γ2,j). Since A itself has size poly(s, d), the overall complexity of
TEST NEXT CURVEu

i,j is poly(s, d).
We now prove correctness. We show that

TEST NEXT CURVEu
i,j(o1, . . . , om, α1, . . . , αr, p) =

{
1 if p = f̂ ◦ Cu

i ,

0 otherwise.

First, if there exists k ∈ [r] such that

p(t
(j′)
k ) ̸= f̂ ◦ Cu

i (t
(j′)
k ) = f̂(y

(i,j′,u)
k ) = αk,

then necessarily p ̸= f̂ ◦ Cu
i , and the initial verification step fails.

Assume therefore that for all k ∈ [r],

p(t
(j′)
k ) = f̂(y

(i,j′,u)
k ) = αk.
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By Claim 4.20, it follows that if p ̸= f̂ ◦ Cu
i , then

Pr[Du
i,j(T, V ) = 1] = Pr[Dj(Prvj(C

u
i (T ), V ),SExt(p(T ), V )) = 1] ≤ γ1,j < e−1/sγ2,j .

On the other hand, if p = f̂ ◦ Cu
i , then

Pr[Du
i,j(T, V ) = 1] ≥ γ2,j .

Thus, the pair (Du
i,j , γ2,j) satisfies the promise of Theorem 3.12. Consequently, the circuit A accepts if

and only if p = f̂ ◦Cu
i . Therefore, all verification steps succeed exactly in this case, completing the proof.

4.2.8 Learning the Successive Interleaved Curves

Recall that our goal is to construct a nondeterministic circuit B that computes f and contradicts the hardness
assumption. In order to abstract the process of B, we introduce another procedure that will be used as a
subroutine in circuit B. This procedure called “INTERLEAVE” will be analogous to a similar procedure with
the same name from [SU05]. This procedure uses the same logic as in [SU05] but relies on the procedure
TEST NEXT CURVE from the previous section, rather than on the “predictor” based approach of [SU05]. (See
Section 2.3 for an explanation of the difference between the two approaches. The precise description of the
procedure INTERLEAVE appears in Figure 3.

Claim 4.25. Let
o11 = f̂ ◦ C1

i−(m−1)hj , . . . , o
1
m−1 = f̂ ◦ C1

i−hj

and let
o21 = f̂ ◦ C2

i−(m−1)hj , . . . , o
2
m−1 = f̂ ◦ C2

i−hj

then,

INTERLEAVEi,j(o
1
1, . . . , o

1
m, o21, . . . , o

2
m, p1, p2) =

{
1 if p1 = f̂ ◦ C1

i and p2 = f̂ ◦ C2
i

0 otherwise

Proof of Claim 4.25. We first make the observation that for every k ∈ [r],

o2m−1(t
(j+1)
k ) = f̂ ◦ C2

i−hj (t
(j+1)
k ) = f̂(A−h

j · C2
i (t

(j+1)
k ))

= f̂(C1
i (t

(j+1)
k ) = f̂(Ai · C1(t

(j+1)
k )) = f̂(Ai · y(j+1,1)) = f̂(y(i,j+1,1)) = f̂(y(i,j

′(j,2),1))

The first inequality follows because by our assumption o2m−1 = f̂ ◦ C2
i−hj . The second inequality follows

because C2
i−hj = A−h

j ◦ C2
i . The third inequality follows from Claim 4.15 we have that C1

i (t
(j+1)
k ) =

A−h
j ·C2

i (t
(j+1)
k ). The fourth inequality follows because C1

i = Ai·C1. The fifth inequality follows because by
the definition of C1, we have that C1(t

(j+1)
k ) = y(j+1,1). The sixth inequality follows because Ai · y(j+1,1) =

y(i,j+1,1). The final inequality follows because by Definition 4.18, the function j′ = j′(j, u), is defined by

j′ =

{
0 if u = 2

j + 1 if u = 1

This gives that the evaluations
o2m−1(t

(j+1)
1 ), . . . , o2m−1(t

(j+1)
r )

that are used as reference points in the first invocation of the procedure TEST NEXT CURVE1
i,j are the intended

values
f̂(y

(i,j′(j,1),1)
1 ), . . . , f̂(y(i,j

′(j,1),1)
r )
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Figure 3: Procedure INTERLEAVEi,j

The procedure INTERLEAVE is defined as follows:

Non-uniformity: INTERLEAVE will be hardwired with the following “non-uniform” advice.

• The non-uniformity required for the procedure TEST NEXT CURVE.

• Distinct elements t(0)1 , . . . , t
(0)
r , t

(1)
1 , . . . , t

(1)
r , . . . , t

(d)
1 , . . . , t

(d)
r ∈ Fq \ {0} whose existence is guaranteed

by Claim 4.20.

Parameters: INTERLEAVE will receive the following parameters.

• Stride j: an integer in [0, . . . , d− 1]

• Offset i: an integer in [0, . . . , hd − 1]

Input: INTERLEAVE will receive the following inputs.

• m− 1 degree ĥ · r′ polynomials o11, . . . , o
1
m−1 : Fq → Fq: ”previous polynomials” which are intended to be

the polynomials: f̂ ◦ C1
i−(m−1)·hj , . . . , f̂ ◦ C1

i−1·hj .

• m− 1 degree ĥ · r′ polynomials o21, . . . , o
2
m−1 : Fq → Fq: ”previous polynomials” which are intended to be

the polynomials: f̂ ◦ C2
i−(m−1)·hj , . . . , f̂ ◦ C2

i−1·hj .

• degree ĥr′ ”tested” polynomial p1 : Fq → Fq which is intended to be f̂ ◦ C1
i .

• degree ĥr′ ”tested” polynomial p2 : Fq → Fq which is intended to be f̂ ◦ C2
i .

Loosely speaking, when provided with the intended previous polynomials, the goal of the procedure is to
test whether the tested polynomials p1, p2 are the intended f̂ ◦ C1

i , f̂ ◦ C2
i .

Action: Given parameters i, j and inputs o11, . . . , o
1
m−1, o21, . . . , o

2
m−1, p1, p2, the procedure

INTERLEAVEi,j(o
1
1, . . . , o

1
m−1; o

2
1, . . . , o

2
m−1; p

1; p2) is defined as follows:

• Invoke procedure TEST NEXT CURVE1
i,j(o

1
1, . . . , o

1
m−1, o

2
m−1(t

j+1
1 ), . . . , o2m−1(t

j+1
r ), p1) and check

whether its output equals 1.
• Invoke procedure TEST NEXT CURVE2

i,j(o
2
1, . . . , o

2
m−1, p

1(t01), . . . , p
1(t0r), p

2) and check whether its out-
put equals 1.

• If all verification steps pass, then the procedure will output 1.

Complexity: Note that for every i, j, the procedure INTERLEAVEi,j can be implemented by a nondeterministic circuit
of size poly(s, d).

for the reference points. By claim 4.24, it follows that

TEST NEXT CURVE1
i,j(o

1
1, . . . , o

1
m−1, o

2
m−1(t

(j+1)
1 ), . . . , o2m−1(t

(j+1)
r ), p1) = 1

if and only if p1 = f̂ ◦C1
i . Furthermore, if the first verification step succeeds, then p1 = f̂ ◦C1

i and for every
k ∈ [r],

p1(t
(0)
k ) = f̂(C1

i (t
(0)
k )) = f̂(C1

2 (t
(0)
k )) = f̂(Ai · C2(t

(0)
k )) = f̂(Ai · y(0,2)k ) = f̂(y

(i,0,2)
k ) = f̂(y

(i,j′(0,2),2)
k )

The first inequality follows because p1 = f̂ ◦ C1
i . The second inequality follows because by Claim 4.15, we

have that C1
i (t

(0)
k ) = C2

i (t
(0)
k ). The third inequality follows because C2

i = Ai · C2. The fourth inequality
follows because C2(t

(0)
k ) = y

(0,2)
k . The fifth inequality follows because Ai · y(0,2)k = y

(i,0,2)
k . The final

inequality follows because j′(0, 2) = 0.
This gives that the evaluations

p1(t
(0)
1 ), . . . , p1(t(0)r )
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that are used as reference points in the first invocation of the procedure TEST NEXT CURVE2
i,j are the intended

values
f̂(y

(i,j′(j,2),2)
1 ), . . . , f̂(y(i,j

′(j,2),2)
r )

for the reference points. By claim 4.24, it follows that

TEST NEXT CURVE2
i,j(o

2
1, . . . , o

2
m−1, p

1(t
(0)
1 ), . . . , p1(t(0)r ), p2) = 1

if and only if p2 = f̂ ◦ C2
i . Summing up, we conclude that both verification steps succeed if and only if

p1 = f̂ ◦ C1
i and p2 = f̂ ◦ C2

i .

4.2.9 Obtaining a Nondeterministic Circuit that Contradicts the Hardness Assumption

We are finally ready to finish the proof and obtain a contradiction by showing that there exists a nondeter-
ministic circuit B of size 2β·ℓ that computes f , and contradicts the hardness assumption. We construct such
a circuit B using the procedure INTERLEAVE from the previous section. This proof follows along the same
lines of the original argument of Shaltiel and Umans [SU05] when adjusted to account to the modifications
that we have made because we have to work with a distinguisher, rather than a predictor (as explained in
Section 2.3).
The circuit B will be hardwired with:

• The nonuniformity required to run the procedure INTERLEAVE.

• The polynomials (f̂ ◦ Cu
i )u∈{1,2},i∈{−1,...,−(m−1)}. Note that these are degree ĥ · r′ polynomials, and

can be represented by their coefficients. (Here, we allow ourselves to use negative indices, but note that
as Ahd−1 = I , we have that Cu

−i = Cu
hd−1−i. and the use of negative indices is just for convenience).

We now describe how the nondeterministic B operates when given an input x ∈ {0, 1}ℓ. It will be more
convenient to think of x as an integer 0 ≤ x ≤ 2ℓ = hd. Recall that in the PRG construction that is presented
in Figure 1, we set things up so that:

f(x) = f̂(ϕ(x)) = f̂(Ax · w0).

The procedure INTERLEAVE allows us to achieve the following: Given an offset i and stride j, if we
already correctly computed the previous polynomials

f̂ ◦ C1
i−(m−1)·hj , . . . , f̂ ◦ C1

i−1·hj and f̂ ◦ C2
i−(m−1)·hj , . . . , f̂ ◦ C2

i−1·hj ,

then we can obtain the current polynomials

f̂ ◦ C1
i and f̂ ◦ C2

i

by the following process: We guess coefficients to two degree ĥ·r′ polynomials p1, p2 (that are supposed to be
the current polynomials) and then call the procedure INTERLEAVEi,j on the previous polynomials and guessed
polynomials. By Claim 4.25 we are guaranteed that INTERLEAVEi,j accepts if and only if the polynomials
p1, p2 are the current polynomials. We will refer to such a step, as “learning the polynomials at offset i with
stride j”

To make this less abstract, note that B is set up so that we can learn the polynomials at offset 0 with stride
0. Furthermore, note that once we have done that, we can learn the polynomials at offset 1 with stride 0 (as
we now have access to the correctly computed previous polynomials at offset 1 and stride 0 (m − 2 of them
are given as nonuniformity, and the last one was obtained in the previous learning step).
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We now describe the operation of B as a sequence of d phases, where each one is composed of h2 learning
steps. More specifically: We write x in base h, that is we express x as

x =
∑

0≤j≤d−1
aj · hj ,

where for every 0 ≤ j ≤ d− 1, aj ∈ {0, . . . , h− 1}. We will construct B as follows, using d phases.

Phase 0: We perform h2 steps of learning as follows. For every

i ∈
{
k : 0 ≤ k ≤ h2 − 1

}
we learn the polynomials at offset i using stride 0. Note that initially, we have already correctly com-
puted the previous polynomial at offset i = 0 and stride 0 (by the given nonuniformity). Furthermore,
that for every 1 ≤ k ≤ h2 − 1 the previous polynomials that we require at offset i = k and stride 0 are
available to us at the end of the previous step.

Phase 1: We perform h2 steps of learning as follows. For every

i ∈
{
a0 + k · h1 : 0 ≤ k ≤ h2 − 1

}
we learn the polynomials at offset i using stride 1. Note that initially, we have already correctly com-
puted the previous polynomial at offset i = a0 and stride 1 (these polynomials were obtained in the
previous phase). Furthermore, that for every 1 ≤ k ≤ h2 − 1 the previous polynomials that we require
at offset i = a0 + k · h1 and stride 1 are available to us at the end of the previous step.

Phase 2: We perform h2 steps of learning as follows. For every

i ∈
{
a0 + a1 · h+ k · h2 : 0 ≤ k ≤ h2 − 1

}
we learn the polynomials at offset i using stride 2. Note that initially, we have already correctly com-
puted the previous polynomial at offset i = a0 + a1 · h and stride 2 (these polynomials were obtained
in the previous phase). Furthermore, that for every 1 ≤ k ≤ h2 − 1 the previous polynomials that we
require at offset i = a0 + a1 · h+ k · h2 and stride 2 are available to us at the end of the previous step.

...

Phase j: We perform h2 steps of learning as follows. For every

i ∈
{
a0 + a1 · h+ . . .+ aj−1 · hj−1 + k · hj : 0 ≤ k ≤ h2 − 1

}
we learn the polynomials at offset i using stride j. Note that initially, we have already correctly com-
puted the previous polynomial at offset i = a0+a1 ·h+aj−1 ·hj−1 and stride j (these polynomials were
obtained in the previous phase). Furthermore, that for every 1 ≤ k ≤ h2 − 1 the previous polynomials
that we require at offset i = a0 + a1 · h+ . . .+ aj−1 · hj−1 + k · hj and stride j are available to us at
the end of the previous step.

...

Phase d− 1: We perform h2 steps of learning as follows. For every

i ∈
{
a0 + a1 · h+ . . .+ ad−2 · hd−1 + k · hd−1 : 0 ≤ k ≤ h2 − 1

}
we learn the polynomials at offset i using stride d − 1. Note that initially, we have already correctly
computed the previous polynomial at offset i = a0 + a1 · h + ad−2 · hd−2 and stride d − 1 (these
polynomials were obtained in the previous phase). Furthermore, that for every 1 ≤ k ≤ h2 − 1 the
previous polynomials that we require at offset i = a0 + a1 · h+ . . .+ ad−2 · hd−2 + k · hd−1 and stride
j are available to us at the end of the previous step.

37



Note that at this point, we have correctly learned that polynomials at offset x =
∑

0≤j≤d−1 aj · hj which is
one of the offsets that we learned in the final stage.

Let us be more precise. The procedure that we described is a nondeterministic procedure that made d
phases, where each one consists of h2 steps. In each one of these steps we guessed two polynomials, and
tested them using the procedure INTERLEAVE. This means that if on input x, all “verification steps” made by
the d · h2 invocations of INTERLEAVE accepted, then we are guaranteed that the polynomial p1 : Fq → Fq

that we guessed and verified for offset x is the correct polynomial, meaning that p1 = f̂ ◦C1
x. In that case we

have that:
p1(0) = f̂ ◦ C1

x(0) = f̂(C1
x(0)) = f̂(Ax · C1(0)) = f̂(Ax · w0) = f(x).

This means that if all invocations of INTERLEAVE accepted, we can now output p1(0), and this is indeed f(x).
If any invocation of INTERLEAVE rejected, then we output zero.
Overall, we have that we constructed a nondterministic circuit B such that for every input x:

• If f(x) = 1, then there exist a nondeterministic guess that leads B to output one.

• If f(x) = 0, there does not exist a nondeterministic guess that leads B to output one. This is because
in the case that all guesses are correct, B outputs p1(0) = f(x) = 0.17

We are left with bounding the size of the nondeterministic circuit B. The computation of B is composed
of d phases, where in each one there are h2 steps, and each one invokes the procedure INTERLEAVE that
is a size poly(s, d) nondeterministic circuit. Recall that h = s. It follows that the overall size of B is
poly(s, d) = (s · d)c for some universal constant c. It remains to show that as a function of its input length ℓ,
the circuit B has size that is upper-bounded by 2β·ℓ.

Recall, that we have not yet chosen the constant c0 that was specified in Figure 1 and governs the choice
of the constant d. We are allowed to choose c0 to be any sufficiently large universal constant. We choose
c0 = c + 1. With this choice, for sufficiently large s, as c0 and β are constants and d = c0

β , we have that the
size of B is at most

(s · d)c = sc · dc = sc ·
(
c0
β

)c

≤ sc+1 = sc0 .

Using the choices in Figure 1 we have that:

sc0 = hc0 = 2β·ℓ,

where the last inequality follows because ℓ = d log h, and d = c0
β , and together, this gives that 2β·ℓ = sc0 .

Overall, this gives that B is a nondeterministic circuit of size 2β·ℓ that computes f correctly. This is a
contradiction to the hardness assumption that is stated in Figure 1. This completes the proof of Theorem 4.2.

5 Randomness Reduction in Explicit Constructions for coNP/poly Properties

In this section we prove Theorem 1.9 by observing that it directly follows from Theorem 1.7.

Proof of Theorem 1.9. Let P be a language in coNP/poly such that for every sufficiently large m,

Pr[Um ∈ P] ≥ 1− δ(m),

for 0 < δ(m) ≤ 1
m . As P ∈ NP/poly, we have that there exists a constant c ≥ 1 such that for every

sufficiently large m, there is a nondeterministic circuit D of size s = mc, such that for every z ∈ {0, 1}m,
D(z) = 1 if and only if z ̸∈ P . Note that 1

2s ≤ δ(m) ≤ 1
s1/c

.

17Another way to think about this is that the circuit B that we construct is a single valued nondeterministic circuit that computes
f . See e.g., [MV05] for a definition of single valued nondeterministic circuits.
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By Theorem 1.7, the assumption that E is hard for exponential size circuits yields a (1s , δ(m))-multiplicative

PRG G : {0, 1}r=O(log 1
δ(m)

) → {0, 1}s for size s nondeterministic circuits. We define Construct to be the
randomized algorithm that on input 1m outputs the first m bits of G(Ur). By the guarantee on G, this ran-
domized algorithm runs in time poly(s) = poly(m), and uses r = O(log 1

δ(m)) random coins. It follows that
for every sufficiently large m:

Pr[Construct(1m) ̸∈ P] = Pr[G(Ur) ̸∈ P]
= Pr[D(G(Ur)) = 1]

≤ e
1
s · Pr[D(Um) = 1] + δ(m)

≤ 2 · Pr[D(Um) = 1] + δ(m)

≤ 2 · δ(m) + δ(m)

= 3 · δ(m).

6 Multiplicative PRGs for Nonboolean Circuits

In this section we discuss our results on multiplicative nb-PRGs. In Section 6.1 we prove Theorem 1.12. In
Section 6.2 we discuss applications of multiplicative nb-PRGs.

6.1 Proof of Theorem 1.12

Theorem 1.12 is a direct consequence of Theorem 1.7 and the observation that an optimal multiplicative PRG
(in the boolean case) is also an optimal multiplicative nb-PRG. This observation is stated precisely below.

Theorem 6.1 (Multiplicative nb-PRG from multiplicative-PRG). If G : {0, 1}r → {0, 1}m is an (ϵ, δ)-
multiplicative PRG for circuits of size s, then for every ℓ ≥ 1, G is also an (ℓ, 4 · ϵ, 4·δ·2ℓϵ )-multiplicative
nb-PRG for circuits of size s′ = s−O(ℓ).

We now note that Theorem 1.12 follows from Theorem 1.7 using Theorem 6.1. Indeed, assuming that E
is hard for exponential size nondeterministic circuits, for every sufficiently large s, every ℓ ≥ log s, and every
1
2s ≤ δ ≤ 1

s , we can set δ′ = δ
4·s·2ℓ , and s′ = s2 and apply Theorem 1.7 to obtain a multiplicative ( 1

s′ , δ
′)

PRG G : {0, 1}r → {0, 1}s for

r = O(log
1

δ′
) = O(ℓ+ log

1

δ
).

We stress that in order to get the correct dependence on ℓ (namely, r = O(ℓ)) in the multiplicative nb-PRG, it
is imperative to have the correct dependence of r = O(log 1

δ ) in the multiplicative PRG.
Indeed, previous work by Artemenko et al. [AIKS16] constructed (boolean) multiplicative PRGs. How-

ever, that paper relies on a significantly stronger hardness assumption, and in addition only achieved r =
O(log 1

δ )
2 for the boolean multiplicative PRG. As a consequence, Artemenko et al. [AIKS16] could not use

the argument of Theorem 6.1 directly, as this would yield an nb-PRG with seed length r ≥ ℓ2.
Instead, they used a significantly more complicated construction of multiplicative nb-PRGs from multi-

plicative nb-PRGs. One of the costs of this more complicated construction is that they end up needing to
assume the assumption that E is hard for exponential size Σ6-circuits.

Remark 6.2 (Multiplicative nb-PRG for nondeterministic circuits). When deriving Theorem 1.12 from Theo-
rem 1.7 above, we did not use the fact that the PRG constructed in Theorem 1.7 fools nondeterministic circuits.
The argument only requires that the (boolean) multiplicative PRG to fool deterministic circuits.
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It is natural to ask whether Theorem 6.1 can be extended to give a multiplicative nb-PRG that fools non-
deterministic circuits when starting from a (boolean) multiplicative PRG that fools nondeterministic circuits.

Here, there is a definitional issue, as it is not clear what a nondetreministic nonboolean circuit is. (The
concept of nondeterministic computation is defined only for procedures that have boolean output). Nev-
ertheless, if one takes “single valued nondeterministic circuits” (see e.g. [MV05] for a definition) as the
nonboolean generalization of nondeterministic circuit, then the proof of Theorem 6.1 gives a version where in
the assumption one assumes a (boolean) PRG that fools nondeterministic circuits, and in the conclusion one
obtains an nb-PRG that fools single valued nondeterministic circuits.

The proof of Theorem 6.1 is given below, and is very similar to an analogous argument that was given in
[AIKS16].

Proof of Theorem 6.1. Let C : {0, 1}m → {0, 1}ℓ be a size s′ circuit. For every v ∈ {0, 1}ℓ, we define the
circuit Cv : {0, 1}m → {0, 1} that given z ∈ {0, 1}m answers one if and only if C(z) = v. By definition, for
every v ∈ {0, 1}ℓ, Cv is a size s = s′ +O(ℓ) circuit. We define:

H =

{
v ∈ {0, 1}ℓ : Pr[C(Um) = v] ≥ δ

ϵ

}
.

This gives that for every v ∈ H ,

Pr[C(G(Ur)) = v] = Pr[Cv(G(Ur)) = 1]

≤ eϵ · Pr[Cv(Um) = 1] + δ

≤ (1 + 3ϵ) · Pr[Cv(Um) = 1] + δ

≤ (1 + 3ϵ) · Pr[C(Um) = v] + ϵ · Pr[C(Um) = v]

= (1 + 4ϵ) · Pr[C(Um) = v]

≤ e4ϵ · Pr[C(Um) = v].

Similarly, for every v ∈ {0, 1}ℓ \H ,

Pr[C(G(Ur)) = v] = Pr[Cv(G(Ur)) = 1]

≤ eϵ · Pr[Cv(Um) = 1] + δ

≤ 3 · δ
ϵ
+ δ

≤ 4 · δ
ϵ
.

For every function D : {0, 1}ℓ → {0, 1}, we define

HD =
{
v ∈ {0, 1}ℓ : v ∈ H and D(v) = 1

}
.

LD =
{
v ∈ {0, 1}ℓ : v ̸∈ H and D(v) = 1

}
.
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Finally, we compute:

Pr[D(C(G(Ur))) = 1] =
∑
v∈HD

Pr[C(G(Ur)) = v] +
∑
v∈LD

Pr[C(G(Ur)) = v]

≤
∑
v∈HD

e4ϵ · Pr[C(Um) = v] +
∑
v∈LD

4 · δ
ϵ

≤
∑

v:D(v)=1

e4ϵ · Pr[C(Um) = v] +
∑

v∈{0,1}ℓ
4 · δ

ϵ

≤ e4ϵ · Pr[D(C(Um)) = 1] + 4 · 2ℓ · δ
ϵ
.

This gives that D is a (ℓ, 4ϵ, 4·2
ℓ·δ
ϵ )-multiplicative nb-PRG.

6.2 Applications of Multiplicative nb-PRGs

Multiplicative nb-PRGs are defined so that whenever one has a polynomial time algorithm Sample such that
for every sufficiently large m, P = Sample(Um) is a distribution on ℓ ≪ m bits (a good choice to keep in
mind is ℓ = mα for some constant 0 < α < 1) then the distribution P ′ = Sample(G(Ur)) (obtained using
the multiplicative nb-PRG that is the consequence of Theorem 1.12) can be sampled in time poly(m) using
only r = O(ℓ+log(1/δ)) random bits, and is similar to P , in the sense that it “preserves small probabilities”.
More specifically, that for any event A ⊆ {0, 1}ℓ,

Pr[P ′ ∈ A] ≤ e
1
m · Pr[P ∈ A] + δ ≤ 2 · Pr[P ∈ A] + δ.

The property that small probabilities are preserved is attractive in cryptographic applications, where one often
wants that the probability that the adversary breaks the security is negligible.

nb-PRGs in cryptographic applications. An obvious difficulty when trying to apply PRGs from the Nisan-
Wigderson setting in a cryptographic application is that such PRGs are not cryptographic, meaning that the
time allowed to the adversary of the PRG is smaller than the time it takes to run the PRG. This is in contrast
to cryptographic PRGs, in which the time allowed to the adversary of the PRG is larger than the time it takes
to run the PRG. (Typically, the PRG runs in fixed polynomial time and is required to fool adversaries that run
in arbitrary polynomial time).

It is this property that allows cryptographic PRGs to be used in cryptographic applications where honest
parties can run cryptographic PRG, and expect to fool adversaries that run in larger time.

The notion of nb-PRG that we are considering is set up against an adversary that runs in two steps:

• At the first step, a computationally bounded C : {0, 1}m → {0, 1}ℓ (which does not have sufficient
time to run the PRG) receives a string z ∈ {0, 1}m.

• At the second step, an unbounded adversary D : {0, 1}ℓ → {0, 1} receives the string C(z).

It is required that this “combination of procedures” does not distinguish a pseudorandom distribution from the
uniform distribution (and in the multiplicative case, this is with respect to a multiplicative relation).

Past work on nb-PRGs [DI06, AS14, AIKS16] identified several settings in which this two step guarantee
can be used in cryptographic applications. We will now briefly survey two such applications.

Reducing the input length of OWFs with large input length [AIKS16]. Consider a OWF (one way func-
tion) that has input length that is much larger than the output length. For concreteness, assume that the only
OWF that we have is a function f : {0, 1}m → {0, 1}ℓ where m = ℓ10. We would like to reduce the input
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length of f (as this often reduces communication in cryptographic protocols) while “preserving the hardness”.
This can be done using a suitable multiplicative nb-PRG, G : {0, 1}r=O(ℓ) → {0, 1}m by defining:

f ′(s) = f(G(s)).

This gives a construction of a function f ′ : {0, 1}O(ℓ → {0, 1}ℓ. At first glance, this seems problematic as the
nb-PRGs that we consider are in the Nisan-Wigderson setting, and do not fool the adversaries that are trying
to break the OWF. The key observation is that for f ′ to be a OWF, we do not need G to fool an adversary C
(that is trying to break f ) but rather an honest party C (that is trying to compute f ).

More specifically, it is sufficient to set G to fool the circuit C = f of fixed polynomial size (namely,
the “easy direction” of f ). This is because, then we have that the distribution P ′ = f ′(Ur) = f(G(Ur)) is
similar to P = f(Um), in the sense that it preserves small probabilities. In particular, if we started from the
assumption that an adversary D can produce an input in f−1(P ) with at most negligible probability, then we
can conclude that the same holds when D receives P ′ = f ′(Ur) on input.

Note that this argument is very general and applies to any class of adversaries D (as long as the initial
function f was secure against this class). Furthermore, note that for this application, it is crucial to “preserve
small probabilities” and one requires a multiplicative nb-PRG, rather than a (standard) nb-PRG to obtain the
negligible probability of inversion that is expected for OWFs.

Finally, note that the multiplicative nb-PRG of Theorem 1.12 is precisely what is required in such an
application (meaning that this can be done under the hardness assumption in Theorem 1.12).

Saving randomness in information theoretic secure MPC for semi-honest parties [DI06]. In the appli-
cation discussed above, the nb-PRG was set up to fool honest parties C, rather than adversaries. In protocols
for secure multiparty computation (MPC) it is often the case that one designs a protocol against adversaries
that are “semi-honest”. Namely, they follow the computation prescribed in the protocol, but later on, may
perform additional (possibly unbounded) computation trying to learn the secrets of the honest parties.

Loosely speaking, such an adversary corresponds with the two step process of C and D described above in
the following sense: During the protocol, the adversary runs a fixed polynomial time computation (determined
by the protocol) as a function of its secret, randomness, and communication. This means that the entire system
(of honest parties and semi-honest adversaries) can be viewed as a circuit C of fixed polynomial size (that
is hardwired with the secrets) takes as input the random strings of each party, and produces the prescribed
communication and output to each party. Later on, some coalition of bad parties may choose to examine their
communications and outputs (possibly using some unbounded computation D in order to steal the secrets of
the honest parties).

Dubrov and Ishai [DI06] formally specify such a scenario, and (using the intuition described above) show
that (standard) nb-PRGs can be used to reduce the randomness required by all parties to the total length of
communication (which we will denote by ℓ). Loosely speaking, this is achieved by making parties use an
nb-PRG to stretch an r = O(ℓ) long random string, into an m bit string, which each party uses as its random
coin tosses. The correctness and security of this modified protocol follows by using the intuition described
above. We refer the reader to [DI06] for precise details.

As this is a cryptographic protocol, it is natural to try and achieve “negligible” probability of adversaries
to cheat. This is where multiplicative nb-PRGs come in. Indeed, using multiplicative nb-PRGs one can
show that if some event (say that the bad parties steal the credit card number of some honest party) occurs
with “negligible” probability in the original protocol, then it also holds with “negligible” probability in the
modified protocol.

We remark however, that for this application, nb-PRGs w.r.t. m∼(ϵ,δ) do not seem to suffice, and one

requires nb-PRGs w.r.t. (the double sided multiplicative relation) md∼ (ϵ,δ), defined by:

p1
md∼ (ϵ,δ) p2 ⇐⇒ p1

m∼(ϵ,δ) p2 and p2
m∼(ϵ,δ) p1.
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Fortunately, it is easy to see that both Theorem 1.7 and Theorem 1.12 can give PRGs w.r.t. this relation, under
the assumption that E is hard for exponential size Σ2-circuits.18 We defer the details to a later version.

7 Conclusion and Open Problems

In this paper we give an optimal construction of multiplicative PRGs for nondeterministic circuits, as well as
multiplicative nb-PRGs. Both are constructed under the hardness assumption that E is hard for exponential
size nondeterministic circuits.

A natural open problem is to find more applications of multiplicative PRGs. In addition to the applica-
tions mentioned in this paper, recent work [Sha25, BSS25] utilizes multiplicative PRGs as building blocks
in explicit constructions of extractors for samplable distributions, as well as other types of “hard to sample
functions”. It is natural to ask whether the multiplicative PRGs of this paper can provide improvement in
these applications.

Theorem 1.5 shows that we cannot expect to obtain (standard) ϵ-PRGs with error ϵ = s−ω(1) under
assumptions of the form: there exists an i, such that E is hard for exponential size Σi-circuits. Is there a way
to bypass these limitation by introducing another type of plausible assumption? We remark that it is possible
to bypass this limitations if one is willing to assume the very strong assumption that E is hard for exponential
size PSPACE-circuits (as also mentioned in [AIKS16]). However, maybe there’s a completely different line
of plausible assumptions that can bypass such limitations.

A related open problem is that we don’t know whether (standard) nb-PRGs for deterministic circuits
require a hardness assumption against nondeterministic circuits. This assumption is used by current con-
structions [AASY15], but unlike other cases mentioned in this paper, there are no black-box impossibility
results that prevent such an nb-PRG from being based on the assumption that E is hard for exponential size
deterministic circuits.
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